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1. INTRODUCTION
Tamil Brahmi characters exist in between 300 BC 

and 100 AD. Ulaga Podhumarai Thirukural was written 
using Tamil Brahmi script. These Scripts serve as a 
gateway to know our ancient culture, civilization, Arts, 
Mathematics and Medicinal Values. Brahmi script is 
considered as the oldest ancient script in India. During 
the period of Ashoka, it becomes more popular. Mostly 
this script was found in the form of copper plates and 
rocks.

The Tamil Brahmi script was also called as Tamiri 
or Damiri and it was a varied from the South Indian 
Brahmi script. Old Tamil inscriptions were written 
using Tamil Brahmi. This script was used as the writing 
system in most of the regions in early days. They were 
found on caves, stones, poems, pots and coins. Both 
Tamil Brahmi inscriptions and Brahmi inscriptions are 
same in same places in the Indian subcontinent, such 
as the Ashoka Edict, but varied in few ways. Day by 
day these versions are varied and native vowels were 
followed. The Tamil Brahmi script was the parent script 
and from that later Vatteluthu was originated.

 Fig 1: Brahmi Scripts - Alphabets

 Fig 2: Brahmi Script in Copper Plates

ABSTRACT
The world has witnessed immense growth of the Tamil 
language from Thanitamil to Kanitamil since time 
immemorial, and the major contribution belongs to 
the ancestors and their records in the form of Kalvettu, 
Ollaisuvadi, Seppu Tagadu and numerous other ancient 
scriptures. Several Archaeological researches are done 
based on these ancestral records and evidences only. Since 
the Tamil language has evolved so many variations of its 
scripts from the 3rd century to present day, it is still hard to 
identify the script in the primeval records. Only few people 
are familiar with the techniques to read the old Tamil scripts 
such as Brahmi, Vatteluthu, Tamizhi and so on. It is essential 
to identify the scripts present in those ancient records and to 
know the values of ancestors and their life style, medicines, 
cultural values, arts and history. With the help of Artificial 
Intelligence and Machine learning, these can be made 
possible. This paper compares various machine learning 
algorithms and techniques used so far to translate the scripts 
present in the old records to modern Tamil language.

Dr. E. Haripriya

A Survey on Various Machine Learning Algorithms for the 
Translation of Tamil Scripts

Dr. E. Haripriya
Assistant Professor of Computer Science, J.K.K. Nataraja 
College of Arts & Science, Komarapalayam.
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2. PROBLEM STATEMENT
Only few experts know these scripts and our 

Archaeological departments do these ancient script 
recognition with the help of these experts. Translation 
by Human experts is a time consuming process and may 
lead to errors.

3. LITERATURE REVIEW
Aniket et.al proposed an ensemble classification 

technique for the identification of touching Brahmi 
characters. The ensemble classifier is used to identify 
the touching and non-touching characters. Boosting 
algorithm is used for segmentation process. The 
proposed system has achieved the accuracy of 100% 
in identification and 99.16% for the segmentation of 
scripts.

Fig 3: 3rd Century BCE Ashoka Rock edict, Chitradurga, 
Karnataka

Subadivya et.al suggested a model that uses 
Convolution Neural Network for extracting the features 
to translate the ancient Scripts and inscriptions into 
modern Tamil character. Here the dataset was built 
manually which consists the images. Flask framework 
was used and it achieves the accuracy of 94.6%.

Poornimathi et.al proposed a data augmentation 
technique for enhancing quality of the Inscriptions. 
Image Blur, Binarization and Edge detection techniques 
were used for the pre-processing the images. Edge 
detection was used to test the results.

Brindha et.al suggested a novel feature extraction 
technique for extracting the image features. NN Tool is 
used to train the featured images. The system achieved 
the accuracy of 91.6% and error rate of 8.7%.

Suganya et.al proposed a Fire safety algorithm for 
feature selection for the identification of ancient Tamil 
script. The system uses Shape and Hough transform for 
feature extraction and concatenation. 

4. METHODOLOGY
To transfer the obtained image inscription into 

modern Tamil characters the following steps are 
involved. They are Image Pre-processing, Segmentation, 
Feature Extraction and Recognition. The pre-processing 
involves, 
n  Image Inscription Input: The images are 

captured using a high definition camera or 
scanner

n	 Image Preprocessing: For improving the 
quality of the input images, image preprocessing 
is done. It involves Data Collection, Cropping, 
Normalizing Image Inputs, Dimensionality 
Reduction and Data Augmentation

n	 Segmentation: To avoid processing of the entire 
image, the image is divided into segments and 
the needed segment is processed.

n	 Feature Extraction: The binarized image 
obtained is sliced to equivalent letter blocks each 
containing an ancient Tamil character.

n	 Character Recognition: The set of cropped 
images is fed to the Convolution Neural Network 
trained for Image Classification and recognition

n	 Dataset: To train the blocks of images from the 
available sample, a dataset is formed which is a 
combination of modern and ancient Tamil fonts.

Figure 4: Architecture of Character Recognition System
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Table 1: Comparison table for various Machine Learning Methods
 

       Author Dataset  Methodology  Library &  Efficiency Achieved    
 gathering Used Language Used

Aniket et.al Cropped Ensemble  Python Library Accuracy – 100%
 Images Classification and   Segmentation – 99.16%
  Boosting 
  Algorithm
   
Brindha et.al Images are  Novel Feature Python Library Accuracy – 92.14%
 captured from  Extraction &  Precision rate is poor
 various places  Zernike moment
 using high  zoning feature
 definition  cameras

Poornimathi et.al Cropped  Data Augmentation Python Library Accuracy for
 Images and Edge  Brahmi Scripts
    Detection    – 91.57%
    Vatteluthu – 89.75%

Subadivya.S et.al Cropped  Natural Language  Keras library with Accuracy -94.6%   
 Images Processing and  TensorFlow in
  CNN   BackEnd
 
Suganya et.al Cropped  Fire safety  Python Accuracy -93.33%
 Images algorithm and 
  Shape and Hough 
  transform  

CONCLUSION
This paper compares various Machine Learning models used for ancient Tamil script recognition. Most of the 

methods mainly concentrate on preprocessing of the images. By reading these studies, a significant rise has been 
achieved to extend the methods and standards. It is mainly used to compare various techniques used in the same field 
to improve the accuracy, precision and efficiency. 
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INTRODUCTION
Optical Character Recognition is essential for 

transforming handwritten or printed text into machine-
readable format in the age of the digital revolution. 
OCR plays a crucial role in preserving historical 
documents by converting them into digital formats. 
This technology facilitates efficient storage, retrieval, 
and reconstruction of historical records, ensuring their 
accessibility and preservation for future generations 
while enabling researchers to analyze and interpret 
these documents with ease. Low resource languages 
like Dravidian languages, preservation of historical data 
is crucial. In this work we are particularly focusing on 
Tamil documents.

Tamil scripts are known for their ancient origins, but 
they also have distinctive features that make it harder 
to distinguish them from printed documents. The Tamil 
language is distinguished by a variety of scripts, each 
with unique characteristics, such as the modern Tamil 
script and the classical Brahmi-based script.

Tamil scripts can be difficult to recognize since their 
characters are complex and contain both vowels and 
consonants. The existence of ligatures and compound 
characters, which call for specific recognition 
methods, adds even more complexity. Tamil scripts 
are characterised by their curvilinearity, which adds to 
their complex visual patterns. Accurate identification of 
these patterns requires the use of sophisticated Optical 
Character Recognition (OCR) techniques. 

A layer of complication is added by Tamil's 
widespread usage of ligatures, which are combinations 
of numerous characters that create a single visual unit. 
These ligatures, like consonant-vowel pairings, require 
OCR algorithms that can precisely identify and interpret 
these complex structures.

Even with these obstacles, OCR is made more 
challenging by Tamil's contextual nature. Diverse 
typeface styles, dimensions, and handwriting 
philosophies add to the complexity of precisely 
extracting textual information from printed materials. 
Consequently, the efficiency of OCR techniques is 
critical for negotiating the intricacies of Tamil scripts 
and guaranteeing accurate recognition and extraction of 
textual data from a variety of sources.

ABSTRACT
The research investigates the performance of three Optical 
Character Recognition (OCR) engines—Easy OCR, 
Paddle OCR, and Tesseract OCR—specifically focusing 
on their efficacy in handling Tamil printed text. The study 
aims to enhance the Document Handling and Retrieval 
of the Image Text Information (DHRITI) Multilingual 
system, by a comparative study of OCR engines available 
for Dravidian Languages. The recognition of Dravidian 
language documents is crucial as these invaluable records 
illuminate cultural, linguistic, and societal evolution, 
providing insights into ancient civilizations and preserving 
linguistic nuances within the Dravidian language family, 
enhancing their historical significance. Our focus here is on 
printed Tamil Document. After rigorous testing and analysis, 
Tesseract OCR emerged as the most effective solution for 
Tamil printed recognition. Tesseract recognizes new scripts 
with 96% accuracy and old scripts from the 1920s with 
82% accuracy. The efficiency of Tesseract and its crucial 
function within the DHRITI architecture are highlighted 
in this research, which offers insightful information about 
optimizing OCR engines for Tamil scripts. 

Rajeev R R, Meharuniza Nazeem, Anitha R, Swathy A S, Dinesh Lal D L, Sabeerali K P

DHRITI - Multilingual OCR System:
A Comparative Analysis of Tamil Document 

Rajeev R R, Meharuniza Nazeem, Anitha R, Swathy A S, 
Dinesh Lal D L, Sabeerali K P
International Centre for Free and Open Source Solutions 
(ICFOSS), Thiruvananthapuram. 
*Corresponding author(s). E-mail(s): rajeev@icfoss.in, 
meharuniza@icfoss.org
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This research concentrates on comparing three 
OCR engines to enhance the Document Handling and 
Retrieval of Image to Text Information (DHRITI) 
system, with Tesseract selected as the engine of choice 
for Tamil printed text recognition. 

The following sections of this paper present a 
thorough analysis of modern OCR engines, emphasising 
their distinctive features. We explore which approaches 
are best suited to deal with the subtleties of the Tamil 
language.

We next take a closer look at the DHRITI-Multilingual 
OCR architecture and explain how Tesseract OCR is 
integrated as the recommended engine. The ensuing 
sections provide a thorough explanation of our 
analytical methodology, including the techniques used, 
the corresponding findings, and final observations. 

RELATED WORKS
The presented works showcase diverse approaches to 

OCR specifically tailored for Tamil scripts, with a focus 
on ancient inscriptions and printed text recognition.

Lalitha Giridhar et al. [1] introduce a novel 
OCR method for old Tamil inscriptions in temples, 
spanning the 7th to 12th centuries. Employing image 
recognition-based categorization, they enhance OCR by 
incorporating Otsu thresholding for picture binarization. 
To generate audio output, a CNN connected to Tesseract 
with the Python Tesseract library and Google gTTS 
engine achieves an overall accuracy of 77.7% and a 
text-to-speech accuracy of 68%.

In 2002, K.G. Aparna and A.G. Ramakrishnan [2] 
propose an OCR system for Tamil language, specifically 
targeting printed text recognition. The classification 
process utilizes spatial occupancy, and the recognition 
process employs orthonormal transform features, 
achieving an impressive average recognition accuracy 
of 98%.

R. Jagadeesh Kannan et al. [3] conducted a 
comprehensive analysis of OCR for Tamil script in 
2009. Their work covers Tamil script characteristics, the 
current state of OCR, and the methodologies employed. 
This paper serves as an overview of active research in 
OCR systems for Tamil scripts, providing a comparative 
examination.

M. Ramanan et al. [4] presented a hybrid decision 
tree method for SVM-based printed Tamil character 
identification in 2015. Utilizing a binary SVM arranged 
in a hybrid decision tree for multiclass classification, 
their approach, incorporating density, HOG, and 
transition properties, achieves a remarkable 98.8% 
identification rate.

In summary, these works collectively contribute 
innovative methods to address the unique challenges 

of OCR for Tamil scripts, spanning ancient inscriptions 
to contemporary printed text, and showcasing 
advancements in accuracy and methodology.

METHODOLOGY
OCR utilizes cutting-edge computer vision and Deep 

Learning techniques. OCR has advanced significantly 
and continues to be a pioneering challenge in deep 
learning and computer vision. Its many uses—from 
industrial applications to personal use to research and 
development—showcase its crucial importance in 
various fields.

The comparison investigation shows that Easy 
OCR, Paddle OCR, and Tesseract OCR have different 
strengths when it comes to identifying Tamil, English 
and Malayalam documents. 

EasyOCR: It is based on PyTorch and Python 
and uses GPU acceleration to maximize performance 
for quick text recognition. The CRNN model, which 
consists of three primary components—ResNet for 
feature extraction, LSTM for sequence labeling, and 
CTC for decoding—manages recognition, while the 
CRAFT algorithm manages detection. This well-
designed architecture improves the efficiency of the 
optical character recognition process. EasyOCR's 
minimum software dependencies make integration 
easier via its API and allow for simple usage without 
a lot of external requirements. This is one of its 
standout features. EasyOCR's [5] robust frameworks 
and algorithms, which put accessibility, speed, and 
accuracy first when identifying Tamil text in pictures, 
demonstrate the program's effectiveness.

Paddle OCR: PaddleOCR is an easy-to-use OCR 
toolbox that requires only a few lines of code to apply 
and train models [6]. It meets various needs with a 
range of pre-trained models, such as text detection and 
identification. Based on memory utilization, it provides 
models that strike a compromise between accuracy and 
speed. With support for more than 80 languages, our 
main product, PP-OCR, excels at English and Chinese 
recognition. With the use of CNNs, Bi-directional 
LSTMs, and a transcription layer, PaddleOCR's design 
ensures precise and effective OCR for printed Tamil 
texts. By using Connectionist Temporal Classification 
(CTC) Loss to improve training and decoding, a clear 
and accurate output is generated.

Tesseract: Several processes specifically designed 
to make use of the distinctive features of the script 
are required for Tesseract to recognize printed Tamil 
manuscripts. Using connected component analysis, the 
first preprocessing divides the image into separate parts 
and arranges them into lines and blobs. Taking into 
account the interconnectedness of Tamil characters, 
word segmentation is then used. With Tesseract [7], 
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recognition is done in two steps: the first pass tries basic 
recognition, and words that are recognized correctly are 
used as training for the second pass, which tries error 
correction. The spacing is fine-tuned, and small capital 
letters are identified [8]. Adding an LSTM model, the 
updated Tesseract analyses the input image line by line 
in rectangular boxes [9], improving sequential analysis-
based Tamil script recognition. This modified approach 
guarantees precise segmentation and recognition for 
Tamil-printed documents, improving the OCR system's 
overall performance.

IMPLEMENTATION
The Tesseract engine, which is skilled at extracting 

text from papers, PDFs, or images, is smoothly integrated 
into our DHRITI - Multilingual OCR system. The 
architecture diagram explaining the setup and operation 
of the system is shown in the following section.

 Fig.1: Architecture of the proposed system

We set out on a multilingual OCR to thoroughly 
investigate various approaches to document analysis, 
concentrating on materials from the 1920s as PDFs and 
images. This historical background broadens the scope 
of our analysis and illuminates a variety of linguistic 
subtleties. To evaluate the performance of OCR systems, 
we compare three major contenders across the language 
domains of Malayalam, Tamil, and English.

Our study's flexibility is in its ability to accept 
input in both image and PDF formats, which the OCR 
engine then carefully processes to extract text from 
the provided files. When the final output is displayed 
in text or document format, it prepares the reader for 
a thorough manual examination that examines the 
Character Error Rate (CER) to determine how accurate 
each result is. This painstaking analysis not only brings 
to light the intricacies of performance but also provides 
the foundation for a strong comparison that aims to 
identify the most ideal result.

Tesseract is an open-source program with multilingual 
compatibility that can help detect Tamil characters 
when configured with the appropriate language pack. 

The first step in the installation process is to integrate 
Tesseract OCR into the system before starting the 
extraction process. The pytesseract wrapper for Python 
makes it easier to communicate with the OCR engine. 
It is necessary to obtain and install the Tamil language 
pack in the Tesseract data directory. Preprocessing is 
required for the best OCR results when working with 
images. Converting the image to grayscale simplifies it, 
while contrast augmentation and binarization highlight 
text portions. Deskewing is used to fix alignment, and 
noise reduction is used to eliminate distortions. While 
cropping concentrates attention on the areas of interest, 
text localization finds pertinent sections. The image 
is further refined using optional color inversion and 
denoising. Normalization guarantees uniform values for 
pixels. The image to string function is used to deliver the 
processed image to Tesseract OCR, which is the central 
step in the process. Tamil text that has been extracted 
can then be saved, printed, or used as required.

There is an extra layer added for PDF files. Images 
are taken from each PDF page by traversing over 
them using the PyMuPDF library. Each image is 
thereafter subjected to the same preprocessing and 
OCR procedures, which together produce the extracted 
Tamil text from the whole PDF. Customization and 
adaptability are important factors. Optimizing language 
parameters, experimenting with preprocessing 
techniques, and fine-tuning configurations yield the best 
OCR results. Installing dependencies like pytesseract, 
Pillow, and fitz is necessary to enable the processing of 
images and PDFs. Tesseract OCR, Python libraries, and 
careful preparation techniques work together to provide 
a reliable method for removing Tamil text from pictures 
or PDF files. 

EXPERIMENTAL ANALYSIS
This research paper explores the comparative 

performance of OCR engines as mentioned in previous 
sections within the DHRITI- Multilingual OCR system, 
emphasizing the enhancement of Tamil printed text 
recognition. Using a diverse dataset, the study assesses 
these engines based on Character Error Rate (CER) 
metrics, providing a nuanced evaluation of their 
accuracy.

The investigation reveals Tesseract OCR as the 
optimal choice for Tamil printed text recognition, 
highlighting its robust algorithms and language support. 
The paper delves into the integration of Tesseract OCR 
within the DHRITI system through a comprehensive 
block diagram, emphasizing its pivotal role in the 
document handling and retrieval process.

Results, depicted in a comparative performance 
graph, showcase Tesseract OCR's consistent 
outperformance. The research underscores the 
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importance of CER to capture the intricacies of Tamil 
text recognition. Ultimately, the findings contribute to 
informed decision-making in selecting OCR engines for 
effective integration into systems handling Tamil printed 
documents, thereby impacting document management 
frameworks like DHRITI.

We tested the models using the metrics CER. An  
OCR system's accuracy is measured by calculating 
the CER [5], which is determined by comparing 
the recognized text with a ground truth or reference 
text. The CER is calculated based on the number of 
character-level errors that the OCR system produces. 
The character mistake rate can be obtained using the 
following equation:  

Whereas 'I' denotes character present in the recognised 
text but absent from the reference text, 'D' denotes 
deletions (characters missing from the recognised text 
compared to the reference text), 'S' denotes substitutions 
(characters recognised incorrectly), and 'N' denotes the 
total number of characters in the reference text.

In our analysis, the system undergoes testing with 
new input images or PDFs, and the extracted output 
is subsequently assessed against the original script for 
evaluation. To enable a comparison between two, the 
text must then be aligned at the character level for CER. 
The number of substitutions, deletions, and insertions is 
then used to calculate the errors. Substitutions represent 
incorrect elements in the OCR output; deletions 
represent elements that are present in the ground truth 
but absent from the OCR output; and insertions represent 
elements that the OCR system identified but are absent 
from the ground truth. Ultimately, the CER formulas are 
used to calculate the error rates, which yield a numerical 
representation of the accuracy of the OCR system. 
Reduced CER values signify better performance; these 
measures also help with iterative system modification 
by providing insights into particular error kinds.

A realistic Python implementation develops a set of 
functions to compute the CER, count the different sorts 
of errors, and align the ground truth and OCR output. 
While distinct functions count substitution, deletion, 
and insertion errors, the alignment function aligns words 
or characters in the ground truth and OCR output using 
dynamic programming or other alignment approaches. 
After that, the computed error rates are interpreted, 
providing insightful information about the system's 
pros and cons. This method offers a solid framework for 
assessing impartially how well OCR algorithms handle 
Tamil text extracted from pictures or PDFs.

The experiment analysis results are shown below. 
In the experiment, documents were sorted into two 
categories: old scripts, which were documents dated 
1920 or earlier, and new scripts, which were documents 
labeled more recently.

 
Table 1: Comparative analysis

 Fig.2: Comparative Performance Graph

Table 1 and Figure 2 demonstrate Tesseract's 
impressive performance in recognizing documents; 
in particular, it performs exceptionally well when 
understanding Tamil scripts in both its ancient and 
new versions. Our comprehensive investigation's 
results allow us to draw a certain conclusion: Tesseract 
performs better than other OCR techniques when it 
comes to Tamil script recognition, highlighting its 
superior efficacy and accuracy. 

The DHRITI - Multilingual OCR is hosted and 
released by the ICFOSS infrastructure. A screenshot 
of the deployment can be found in Fig. 3. The outputs 
for the old and new scripts, respectively, are shown in 
figures Fig. 4 and Fig. 5.

 
Fig.3: DHRITI - Multilingual OCR 
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Fig.4: Output obtained for Old scripts

 Fig.5: Output obtained for new scripts

CONCLUSION AND FUTURE WORK
In our work, we compare and assess the performance 

of three OCR engines: Tesseract, Paddle, and Easy 
OCR, in identifying printed Tamil documents using 
the DHRITI-Multilingual OCR system. Tesseract 
outperforms other transcription services when it 
comes to accurately transcribing printed Tamil text, 
as demonstrated by the analysis that includes metrics 
Character Error Rate (CER). Tesseract's architectural 
integration with DHRITI improves its functionality and 
helps to ensure that document processing and retrieval 
go smoothly.

The findings show that historical data performance 
has declined, with old script accuracy only reaching 
82%. To improve performance, Tesseract must be 
retrained using old script documents as part of ongoing 
development. Furthermore, in order to increase 
accuracy, Tesseract will be retrained using a larger 
dataset that includes additional Dravidian languages, 
taking into account the unique linguistic peculiarities.
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1. INTRODUCTION
Palm leaf Manuscripts are really important because 

they help us understand the rich history and language of 
our societies. In Tamil literature, palm-leaf manuscripts 
are really important. Even though they're really 
valuable, modern scholars have a hard time transcribing 
them because of the differences between the old script 
and modern Tamil characters. Plus, there aren't many 
experts who can transcribe them properly, which makes 
it really hard to analyze and interpret them properly. 
Also, the average lifespan of a Palm leaf manuscript 
will be around 100 years after which they will start 
corroding.

Cultural heritage preservation is a high priority, and 
the Tamil language has been meticulously recorded 
on palm leaves for centuries due to its historical 
significance. These priceless informational treasures, 
appropriately called “Palm Leaf Manuscripts,” are filled 
with a variety of historical, philosophical, and literary 
writings. But because of these manuscripts' delicate 
nature and the difficulties in digitizing and preserving 
them, creative solutions are now required.

We know how important it is to keep this history 
alive and make it available to more people, so we have 
proposed an AI-powered software model that leverages 
cutting-edge technologies to bridge the temporal gap 
between ancient Tamil script and its modern textual 
form. The task at hand involves transcribing Tamil palm 
leaf manuscripts using an AI-based model, integrating 
image pre-processing, optical character recognition 
(OCR), and deep learning, specifically utilizing 
Convolutional Neural Networks (CNNs). We've started 
by predicting the old Tamil numerals embedded in the 
palm leaf manuscript, and we've carefully curated a 
dataset to help us do this. As we go on, the goal is to 
expand the model's capabilities to cover the entire Tamil 
language, making it easier and faster to transcribe for 
the huge collection of preserved and digitalized Tamil 
palm leaves. Using AI and cutting-edge technology, 
this project is going to revolutionize the way scholars 
look at Tamil literature, making sure it's preserved 
and accessible for future generations. By quickly and 
accurately translating ancient scripts into a modern, 
easy-to-read format, this cutting-edge AI-based Tamil 
palm leaf manuscript reader is going to be a game-

ABSTRACT
Palm leaf manuscripts are an invaluable source of 
information containing literary, medical practices, religious, 
and historical texts in Tamil literature. However, modern 
scholars face difficulties in transcribing them due to the 
differences between the old script and modern Tamil 
characters, and the lack of experts who can transcribe them 
properly. To address this issue, an AI-powered software 
model is proposed to transcribe Tamil palm-leaf manuscripts 
into contemporary Tamil characters using image pre-
processing, optical character recognition, and deep learning 
CNN model. The model is trained using a diverse dataset of 
palm leaf manuscripts, and convolutional neural networks 
are used to recognize the cursive Tamil characters in the 
manuscripts. The proposed approach achieves the model 
accuracy of 94% and 87% real time accuracy. The proposed 
AI-based Tamil palm leaf manuscript reader is much 
impactful in the world of cultural preservation and academic 
research, making it easier and faster to transcribe the huge 
collection of preserved and digitalized Tamil palm leaves.

Balamurugan V T, Pravin Savaridass M, Udhaya Moorthy S J, Gokul S 

Artificial Intelligence based 
Tamil Palm-Leaf Manuscript Reading Software
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changer in the world of cultural preservation and 
academic research.

2. LITERATURE SURVEY
This section outlines the contribution and other 

works done by various researchers for Palm leaf and 
other manuscript character identification in Tamil and 
other languages.

Ali and Joseph [1] developed a CNN model that is 
ideal for dispensing real-time input pictures that include 
Malayalam characters, as well as the task of segmenting 
words and typescripts from an image and predicting 
attractiveness using the CNN model. The gradient descent 
technique is used implicitly in CNN to perform feature 
extraction in this model. This technique is effectively 
used for digitizing Malayalam script, which consists of 
36 consonants and 13 vowels, is approved out in stages, 
and has a training dataset accuracy of 97.26 percent.

By utilizing Simulated Annealing to optimize 
CNN, Balakrishnan and Pavithira [2] demonstrated 
the effectiveness of character appreciation. They 
talked about CNN's capabilities, various deep learning 
techniques, and CNN training methods. Character 
recognition, as defined, is the process of identifying and 
classifying characters in an input image and translating 
them into ASCII or another machine-readable format. 
The proposed method evaluated the OCR precision of 
multilingual texts from multiple books, and the results 
show that the CNN by SA has a higher accuracy than 
the unique CNN.

Alam Ahmad Hidayat et al [3] presented a study 
on Sundanese character recognition in Southeast 
Asian palm leaf manuscripts. The study focused on 
automating document image analysis for scanning 
ancient manuscripts using Convolutional Neural 
Networks (CNN). Two preprocessing strategies were 
investigated, with the second method, which used 
character binarization, beating the CNN-based classifier 
in the first technique, obtaining an astonishing 97.74% 
testing accuracy.

A Convolutional Neural Network (CNN) was 
proposed by Sabeenian et al. [4] with the impressive 
accuracy range of 96.1% to 100% for the recognition 
of Tamil palm-leaf characters. Effective feature 
extraction is the key to the CNN's performance, which 
is demonstrated by the 1000 samples per class for 15 
classes in a dataset of scanned palm-leaf manuscript 
images. 

Using machine learning and natural language 
processing, Cristea et al. [5] explore the evolution of 
optical character recognition (OCR) systems, from 
their early limits to their current capabilities. The shift 
towards Handwritten Text Recognition (HTR) and tools 
such as Monk and Transkribus are emphasized.

In a research paper written by Moudgil Aditi, et 
al [6] focus on handwritten Devanagari manuscripts, 
which are intricate because of a variety of features such 
characters, modifiers, and shirorekha. Deep learning is 
not fully exploited for Devanagari, despite its potential 
for character identification. The authors built a CapsNet 
character recognition system, preprocessed a Devanagari 
manuscript dataset, and addressed this issue. After that, 
they examined and contrasted the findings.

Singh et al [7] through their research proposes a 
new method for cleaning up old palm leaf manuscripts, 
which are important historical documents. The method 
combines two filters: a Gaussian filter to smooth out 
noise while keeping edges sharp, and a conservative 
smoothing filter to remove noise from the background 
without blurring the writing. The filters are applied 
to different parts of the image to get the best results. 
This method is shown to be effective in improving the 
quality of the manuscripts, making it easier to read and 
extract the text.

Based on [8] data augmentation approach, MAT-
AGCA transforms the decoding of ancient Balinese 
lontar manuscripts. Combining variation creation and 
noise reduction, the technique achieves an amazing 
96% accuracy in character identification, enabling 
automated interpretation and improving our grasp of 
Balinese cultural heritage.

The study by Islam et at [9] uses Image Data 
Generator to enhance a small dataset from the Electronic 
Beowulf manuscript. For various dataset augmentations, 
their proprietary Convolutional Neural Network (CNN) 
obtains recognition accuracies of 88.67%, 90.91%, 
and 98.86%. The CNN model also outperforms other 
algorithms with a benchmark accuracy of 99.03% on 
the MNIST dataset.

Balakrishnan Jayakumari et al. [10] conduct a 
comparative study on pretrained deep learning models 
for identifying Malayalam documents such as agreement 
contracts, notebook photos, and palm leaves. The 
refined VGG-16 model outperformed the competition, 
obtaining a high accuracy of 99.7%. Future work in 
creating algorithms for document classification based 
on content and spectral features is suggested in the 
paper.

3. MATERIAL AND METHODOLOGIES 
3.1 Image Pre-processing
Preprocessing images is a crucial first step in the 

entire process, acting as a base for other steps. While 
working with various kinds of palm leaves that have 
different gradients, an optimized method is required. 
The process begins with the grayscale conversion of 
photos, an essential first step that lays the groundwork 
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for subsequent improvements. The subsequent 
conversion to binary is necessary but introduces a noise 
being exposed. In order to mitigate the effects of noise 
on the binary-converted images, strategic techniques 
are applied. The first technique is the use of contours 
and the fill-poly function. A crucial component of this 
technique is the use of adaptive thresholds, which are 
precisely calibrated to take into account variations in 
pixel values brought about by variations in lighting and 
image quality. In order to balance reducing noise and 
minimizing data loss, morphological operations such as 
the erode and dilate functions needs to be integrated. 
This extensive approach makes sure the best possible 
outcomes while displaying Adaptability in the face of 
evolving difficulties imposed by various palm leaves 
and external factors. As a result, image preprocessing 
emerges as a complex and essential step that sets the 
stage for subsequent steps of palm leaf manuscript the 
process of transcription.

3.2 Optical Character Recognition (OCR)
The process of transcribing Tamil palm leaf 

manuscripts into contemporary Tamil script requires the 
use of Optical Character Recognition (OCR) technology. 
This method begins with digitizing fragile palm leaf 
manuscripts. Following that, OCR algorithms are used 
to detect individual characters from these images, 
splitting the written content into separate character for 
precise recognition. The predicted characters are then 
transcribed into contemporary Tamil script, boxed and 
labelled above the recognized characters to improve 
accessibility. This method not only preserves the cultural 
and historical significance of palm leaf manuscripts, but 
also makes them more accessible to researchers and the 
general public. It can be a useful tool for maintaining 
and sharing historical knowledge by implementing an 
evaluation step to guarantee accuracy before archiving 
the final transcribed text.

3.3 Deep Learning and Convolutional 
        Neural Network (CNN)
The research uses a Convolutional Neural Network 

(CNN) without a separate feature extraction stage as 
shown in figure 1. Instead, all pixel values from a picture 
are immediately fed into the network's first layer. Tensor 
Flow is used for implementation, and a multilayer CNN 
architecture is used.

Figure 1: Block diagram of the proposed work

The first convolutional layer (C1) is crucial for 
processing visual data in the complex world of 
convolutional neural networks (CNNs). Consider a 
grayscale 50 x 50 pixel image being studied closely 
through a 3 x 3 pixel sliding window in this layer. 
The network can now extract important features and 
patterns from the input image through this process. 
The output then goes to a Rectified Linear Unit (ReLU) 
function after this convolutional operation. The ReLU 
functions play a crucial role in keeping training from 
turning saturating, which helps address the vanishing 
gradient issue and promotes improved retention. By 
strategically incorporating max-pooling procedures, the 
network's efficiency is further enhanced by a reduction 
in computational intensity. Depending on the network 
architecture, these pooling operations are spaced after 
each convolutional layer and are used to minimise the 
spatial dimensions, highlighting the most important 
features and improving computational speed at the same 
time. CNNs are built on this complex connection of 
convolution, activation, and pooling, which optimizes 
the ability of the system to recognise complexity and 
complex patterns in visual input. 

4. RESULTS AND DISCUSSION
4.1 Noise Removal 
Noise complicates the binarized image by 

introducing undesirable results. To overcome this issue, 
contour analysis, fillpoly functions, and morphological 
procedures like erode and dilate are routinely used to 
reduce noise while keeping vital information. A major 
part of image processing is balancing noise reduction 
without compromising detailed data. The below Figure 
2 shows the obtained result.

Figure 2: Noise Removal process

4.2 Segmentation 
In the binary image, depending on the writer’s hand 

stroke, there have been a lot of joint characters. For the 
process of dataset creation and character prediction, 
these joint characters need to be separated. For this, 
we have used the maximum area separation method to 
create bounding boxes and separate the characters for 
data creation and model prediction. The figure 3 shows 
the obtained result.
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Figure 3: Separated Joint characters

4.3 Classification and Recognition 
The CNN model is used to recognize and classify the 

suggested palm leaf manuscript characters. The CNN 
algorithm instructs the computer to learn by doing. The 
CNN model was built and trained using the generated 
data set. The trained model has an accuracy of about 
97%. When a palm leaf is given as an input, it will 
be pre-processed, segmented, each character will be 
classified and recognition will be done and it is depicted 
in figure 4, figure 5 and figure 6. The real time accuracy 
of the model is up to 87%.

 
Figure 4: Recognized characters in palm leaf

Figure 5: Recognition Process

Figure 6: Accuracy analysis with ground truth

5. CONCLUSION
In this unique work, we present a cutting-edge AI-

powered transcription tool designed especially for Tamil 
manuscripts. With the use of cutting-edge technologies 
like deep learning CNN, image processing, and optical 
character recognition (OCR), this tool can achieve 
a remarkable 94% model accuracy at an efficient 
87% real-time accuracy. The convergence of these 
technologies facilitates transcription and acts as a vital 
connection between texts written in the ancient Palm 
leaf Manuscripts and contemporary eras. This study 
has major implications because it lays the foundation 
for a vital tool for academic research and cultural 
preservation. Even so, it's important to acknowledge that 
more testing and improvement are necessary in spite of 
the impressive results. With continued effort, the tool's 
dependability and adaptability should be strengthened, 
allowing for a smooth transition into the scholarly and 
cultural spheres. The wealth of knowledge that lies 
within Tamil heritage will ultimately be unlocked by 
this revolutionary technology, opening a dynamic door 
to a more thorough understanding of language evolution 
and cultural dynamics throughout history. 

Limitations
Even though our suggested AI-based Tamil Palm 

leaf Manuscript Reader shows remarkable results, there 
are still some issues that need to be addressed, mainly 
with regard to image pre-processing. While our method 
works well for joint characters, it has difficulties with 
characters that are written wildly, especially those with 
long strokes, which could cause character separation 
errors. Furthermore, our pre-processing method's 
adaptiveness poses a challenge because different 
palm leaves require different image processing steps, 
even though it is necessary for different character 
formations. It introduces a practical limitation that each 
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bundle must have its processes modified accordingly. 
Our methodology is limited by the lack of a uniform 
model and inconsistent pre-processing techniques across 
various palm leaf collections. Acknowledging and 
resolving these limitations is essential to improving the 
tool's performance and guaranteeing its application for a 
wider variety of ancient Tamil manuscripts.

Ethics Statement
All the data required to work on this has been received 

from the Tamil Virtual Academy, various Tamil scholars, 
and activists. These digital copies of the palm leaf image 
have only been utilized for research purposes.
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1. அறிமுகம்

ஒரு குறிப்பிட்ட ஒழுங்குமுறையு்டன் அதிக அளவில் 
தேர்வு செய்யப்்படடுச் தெமிககப்்பட்ட இ்யறறக்யான 
நற்டகறள உற்ட்ய உறைகள் மறறும் ்பல்தவேறு 
்பனுவேல்களின் சோகுப்பு ச்பருநேைவு எனப்்படும். 
இஃது ஒரு குறிப்பிட்ட சமாழியின் சொறகள் அல்்லது 
துறைச் சொறகறள உள்ள்டககி்யோக இருகக 
தவேண்டும். ஒரு சமாழியின் ்பல்தவேறு ்பரிணாமங்கறள 
எதிசைாலிப்்போகவும் ்ப்லேைப்்பட்ட பு்லங்களுககு முேன்றம 
அளிப்்போகவும் அறிவி்யல் முறைப்்படியும் இருகக 
தவேண்டும். ேைவேகம் என்்பது ்பல்தவேறு வேறகப்்படும். ஒரு 
சமாழியின் வேை்லாறறு வேளர்ச்சிற்யக காண்்பேறகான 
ேைவேகம் வேை்லாறறுமுறைத் ேைவேகம் (Historical Cor-
pus) என்றும், ஒரு குறிப்பிட்ட சமாழியின் இன்றை்ய 
அறமப்ற்ப அல்்லது இ்லககணத்றேப் ச்பறுவேேறகான 
ேைவேகம் ஒத்திறெவுத் ேைவேகம் (Synchronic Corpus) 
என்றும், சமாழி கறபித்ேல், கறைலுககான ேைவேகம் 
(Corpus for Language Learning/Teaching), என்றும் 
இ்யநதிை சமாழிச்ப்யர்ப்புகளுககுப் ்ப்யன்்படும் இைண்டு 
சமாழிகள் அல்்லது அேறகு தமற்பட்ட சமாழிகளின் 
இறணகறள உள்ள்டககி்ய இறணத் ேைவேகம் (Parallel 
Corpus) என்றும் ்ப்ல வேறககளில் ்பகுககப்்படுகின்ைன. 
இவவோறு ்பல்தவேறு பு்லங்களுககுப் ்ப்யன்்படும் வேறகயில் 
ேைவேகங்கறள உருவோககப் ்பல்தவேறு வேறக்யான 
சமாழியி்யல் ஆயவுக கருவிகள் ்ப்யன்்படுகின்ைன. 
இதில் செவவி்யல் ேமிழ் சொறபிரிப்புக கருவி 
மூ்லப்்பா்டத்திலிருநது ெநதி பிரித்ே ்பா்டம் மறறும் 
ெநதி பிரித்ே ்பா்டத்திலிருநது சொறகள் பிரித்ே ்பா்டம் 
எனச் ெங்க இ்லககி்யங்கறளக கணினி சமாழியி்யல் 
ஆயவுகளுககுத் தேறவே்யான ேைவுகளாக உருவோககி 
அளிககிைது. இதில் ச்பைப்்படும் ேைவுகள் இ்யறறக 
சமாழி ஆயவில் செவவி்யல் நூல்களின் ்பல்தவேறு 
்பரிமாணங்கறளயும் ஆயவேேறகு அடிப்்பற்ட ஆோைமாக 
அறமகிைது.

2. செவவி்யல் ேமிழ்த் ேைவேகம்

ேமிழ் சமாழிககான ேைவேகம் ெங்க இ்லககி்யம், ்பகதி 
இ்லககி்யம், ேறகா்லத் ேமிழ் என மூன்று வேறக்யான 
ேைவேகமாக உருவோககப்்ப்ட தவேண்டும். ேமிழில் 
உள்ள நாற்பத்சோரு செவவி்யல் நூல்கள் கி.மு 3 
ஆம் நூறைாண்டு முேல் கி.பி 6 ஆம் நூறைாண்டு 
வேறையி்லான கா்லகட்டத்றேச் தெர்நேது. பின்னர் கி.பி 7 

ஆயவுச்சுருககம்
இ்யறறக சமாழி ஆயவு என்்பது இ்யறறக சமாழி 
அறமப்ற்பக கணினிககு ஏறை வேறகயில் இ்லககணமாகக 
சகாடுப்்பது. கணினிககு இ்யறறக சமாழி ஆயறவே 
தமறசகாள்ளும் அறிவுத்திைறனக சகாடுப்்பேறகுப் ்ப்ல 
சமாழிப் ்ப்யன்்பாடடுப் ்பணிகறள தமறசகாள்ள தவேண்டும். 
இதில் மிக அடிப்்பற்ட்யானது ேைவேக உருவோககம். கணினி 
புரிநதுசகாள்ளும் வேறகயி்லான ேைவேகம் உருவோககப்்ப்ட 
தவேண்டும். தமலும் உருவோககப்்பட்ட ேைவேகத்றே 
அடிப்்பற்ட்யாகக சகாண்டு சமாழிப் ்ப்யன்்பாடடு 
ஆயவுகளுககான சமாழிக கருவிகள் உருவோககப்்ப்ட 
தவேண்டும். செவவி்யல் ேமிழ் சொறபிரிப்புக கருவி என்்பது 
உள்ளீடு செய்யப்ச்பறை செவவி்யல் ்பா்டல்கறள ஏறசகனதவே 
உருவோககப்்பட்ட ேைவுகறள அடிப்்பற்ட்யாகக சகாண்டு 
மூ்லப்்பா்டத்திலிருநது ெநதி பிரித்ே ்பா்டம், சொறகள் 
பிரித்ே ்பா்டம் எனச் ெங்க இ்லககி்யங்கறளக கணினி 
சமாழியி்யல் ஆயவுகளுககுத் தேறவே்யான ேைவுகளாக 
உருவோககி அளிககககூடி்ய சமன்ச்பாருள். செவவி்யல் ேமிழ் 
சொறபிரிப்புக கருவி உருவோககம், ேைவேக உருவோககத்தில் 
இககருவியின் ்பங்கு, சொறபிரிப்புக கருவி ்ப்யன்்பாடுகள், 
கருவி உருவோககத்தில் ஏற்படும் சிககல்கள் மறறும் தீர்வுகள் 
்பறறி விரிவோக ஆைாயவேதே இேன் தநாககமாக அறமகிைது.

முறனவேர் இைா.அகி்லன்

செவவி்யல் ேமிழ் சொறபிரிப்புக கருவி

முறனவேர் இைா.அகி்லன்
நிை்லாளர், செம்சமாழித் ேமிழாயவு மத்தி்ய நிறுவேனம், சென்றன.
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ஆம் நூறைாண்டு முேல் கி.பி 9 ஆம் நூறைாண்டு வேறை 
இ்யறைப்்பட்ட இ்லககி்யங்கள் ்பகதி இ்லககி்ய வேறகற்யச் 
ொர்நேது. கி.பி 10 ஆம் நூறைாண்டு முேல் ேறத்பாது 
வேறையுள்ள சமாழி ேறகா்லத் ேமிழாகப் ்ப்யன்்பாடடில் 
இருநது வேருகிைது.

இநே மூன்று வேறக்யான கா்லகட்டத்தில் ேமிழ் 
சமாழியின் சொறகள், ்ப்யன்்பாடு ்பல்தவேறு வேறககளில் 
மாறு்படடு உள்ளது. எனதவே ேமிழ் சமாழிககான ேைவேகம் 
உருவோககும்த்பாது இவேறறைக கருத்தில் சகாண்டு 
உருவோககப்்ப்ட தவேண்டும். செவவி்யல் ேமிழ் நூல்கள் 
41 (சோல்காப்பி்யம், ்பத்துப்்பாடடு, எடடுத்சோறக, 
்பதிசனண் கீழ்ககணககு, சி்லப்்பதிகாைம், மணிதமகற்ல, 
இறை்யனார் களவி்யல், முத்சோள்ளாயிைம்) நூற்பாககள் 
வேடிவிலும், ்பா்டல் வேடிவிலும் இ்டம்ச்பறறுள்ளன. 
செவவி்யல் ேமிழ் நூல்களுககு எனப் ்பல்தவேறு 
ேைவேக உருவோகக மு்யறசிகள் நற்டச்பறறு வேநோலும் 
ெங்க இ்லககி்யங்கறள மூ்லப்்பா்டம், ெநதி பிரித்ே 
்பா்டம், சொறகள் பிரித்ே ்பா்டம் என வேறகப்்படுத்திக 
கணினி புரிநதுசகாள்ளும் வேறகயிலும் இ்யறறக 
சமாழி ஆயவிறகு உட்படுத்தும் வேறகயிலும் ேைவேகம் 
உருவோககப்்ப்ட தவேண்டும். சென்றனயில் உள்ள 
செம்சமாழித் ேமிழாயவு மத்தி்ய நிறுவேனம் செவவி்யல் 
நூல்களுககான ேைவேகங்கறள இநே மூன்று நிற்லயில் 
உருவோககி உள்ளது. 

 

்ப்டம் 1: செவவி்யல் ேமிழ்த் ேைவேகம்

இநேத் ேைவு செவவி்யல் ஆயவின் அறனத்துக 
கூறுகறளயும் இ்யறறக சமாழி ஆயவில் உட்படுத்ேககூடி்ய 
அடிப்்பற்டத் ேைவோக அறமயும்.

3. இ்யறறக சமாழி ஆயவுக கருவிகள்

இ்யறறக சமாழி ஆயவில் இநதி்ய சமாழிகளுககான 
்ப்யன்்பாடு ேன்னிறைறவே அற்ட்ய முழுறம்யான 
ேைவேகம், குறியீடடுத் ேைவேகம் மறறும் சமாழியி்யல் 
ஆயவுக கருவிகள் உருவோககப்்ப்ட தவேண்டும். இறவே 
உறைத் ேைவேகம், குறியீடடுத் ேைவேகம், த்பச்சுத் ேைவேகம், 

உறை சுருககி, சொல் வேங்கி, தேடுச்பாறி, இ்யநதிை 
சமாழிச்ப்யர்ப்பு, மின் அகைாதிகள், உரு்பனி்யல் 
்பகுப்்பான், ெநதி திருத்தி, சொல் திருத்தி, இ்லககணத் 
திருத்தி த்பான்ை கருவிகள் அடிப்்பற்ட்யானறவே. 
மத்தி்ய அைசின் ேகவேல் சோழில்நுட்ப அறமச்ெகம் 
இேறசகன்ை ஒரு ேனித் திட்டத்றே, இநதி்ய சமாழிகளில் 
சோழில்நுட்ப வேளர்ச்சி (Technology Develop-
ment of Indian Language – TDIL) என்ை திட்டத்றே 
உருவோககிச் செ்யல்்படடு வேருகிைது. ேமிழகத்திலும் 
மாநி்ல அைொனது ேமிழ் சமாழியின் சோழில்நுட்ப 
வேளர்ச்சிககாகப் ்பல்தவேறு திட்டங்கறளச் செ்யல்்படுத்தி 
வேருகிைது. தமலும், ேமிழ் இறண்யக கல்விககழகம், 
சென்றன, றைேைா்பாத் ்பல்கற்லககழகம் சே்லங்கானா, 
அண்ணா ்பல்கற்லககழகம் கணிப்ச்பாறியி்யல் 
துறை, சென்றன குதைாம்த்படற்ட AU-KBC றம்யம், 
அண்ணாமற்லப் ்பல்கற்லககழகம் சிேம்்பைம், ேஞறெ 
ேமிழ்ப் ்பல்கற்லககழகம், தகாறவே ்பாைதி்யார் 
்பல்கற்லககழகம், இநதி்யத் சோழில்நுட்பக கழகம், 
அமிர்ோ ்பல்கற்லககழகம் தகா்யம்புத்தூர், இநதி்ய 
அறிவி்யல் கழகம், ச்பங்களூரு, றமகதைா ொப்டதவேர், 
ச்பங்களூரு முே்லான நிறுவேனங்கள் ேமிழ் சமாழிககான 
சோழில்நுட்பக கருவிகள் உருவோககத்தில் சோ்டர்நது 
ஈடு்படடு வேருகின்ைன. மத்தி்ய அைசின் கல்வி அறமச்ெகத்தின் 
கீழ் இ்யங்கிவேரும் செம்சமாழித் ேமிழாயவு மத்தி்ய 
நிறுவேனம் நாற்பத்சோரு செவவி்யல் நூல்களுககான 
ேைவேகம் மறறும் செவவி்யல் நூல்களுககான சமாழி 
ஆயவுககருவிகள் உருவோககத்தில் ஈடு்படடு வேருகிைது. 

4. செவவி்யல் சொறபிரிப்புக கருவி

ேமிழ் சமாழி ஆயவுககு உருவோககப்்படும் சமாழி 
ஆயவுக கருவிகள் ெங்க இ்லககி்யத் ேைவுகறள 
முழுறம்யாகப் ்ப்யன்்படுத்தி ஆயவுகள் தமறசகாள்ள 
முடி்யாது. செவவி்யல் ேமிழ் நூல்கள் நூற்பாககள் 
வேடிவிலும், ்பா்டல் வேடிவிலும் அறமநதுள்ளோல், 
ேறகா்லத் ேமிழுகசகன உருவோககப்்படும் கருவிகறளச் 
செவவி்யல் ேைவேக ஆயவுகளுககு உட்படுத்துவேதில் 
சிககல் ஏற்படடுள்ளது. ஆனால் செவவி்யல் ேைவுகறள 
தவேர்ச்சொறகள் இனம் காணல், ெங்க இ்லககி்யத் 
ேைவுேளம், உறை ஆயவு, தேடுச்பாறி, அகைாதி, 
குறியீடடுத் ேைவேகம் த்பான்ைவேறறை தமறசகாள்வேேறகு 
இவேறறை மூ்லப்்பா்ட வேடிவில் உள்ள ்பா்டல்கறளயும், 
நூற்பாககறளயும் உறை வேடிவிலும், ேனிச் சொறகளாகவும் 
பிரிகக தவேண்டி்ய தேறவே உள்ளது. செவவி்யல் 
ேமிழ் சொறபிரிப்புக கருவி என்்பது சகாடுககப்்பட்ட 
உள்ளீடு செய்யப்ச்பறை ெங்கப்்பா்டல்கறள ஏறசகனதவே 
உருவோககப்்பட்ட ேைவுகறள அடிப்்பற்ட்யாகக 
சகாண்டு மூ்லப்்பா்டத்திலிருநது ெநதி பிரித்ே ்பா்டம், 
சொறகள் பிரித்ே ்பா்டம் எனச் ெங்க இ்லககி்யங்கறளக 
கணினி சமாழியி்யல் ஆயவுகளுககுத் தேறவே்யான 
ேைவுகளாக உருவோககி அளிககககூடி்ய சமன்ச்பாருள்.  
ஏறசகனதவே உருவோககப்்பட்ட ேைவேகம், செவவி்யல் 
ேமிழ் தவேர்ச்சொறகள் மறறும் கணினிககான விதிகள் 
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தமறகண்்ட சமன்ச்பாருளில் ஏறசகனதவே ெநதி 
பிரித்ே ்பா்டத்றே உள்ளீடு செயது அேறகான ்படடி்யற்லக 
கருவிகள் என்னும் ்பகுதியில் சொல்்லற்டவு என்்பறேத் 
சேரிவு செயயும்த்பாது அேறகான ேைவுகள் கிற்டககும். 
இறே ஒரு ேைவோக உருவோககிகசகாள்ள தவேண்டும், 
பின்னர் மூ்லப்்பா்டத் ேைவுகறள இககருவியில் உள்ளீடு 
செயது அேறகான உ்யர் அதிர்சவேண் வேரிறெயில் 
சொறகறளத் ே்யார் செய்ய தவேண்டும். பின்னர் இநே 
இைண்டு ேைவுகறளயும் ஒப்பீடு செயது அவேறறை 

இறணத்ேைவுப் ்படடி்ய்லாக மாறறி அறமகக தவேண்டும். 
இநேத் ேைவு இககருவி உருவோககத்திறகு அடிப்்பற்ட 
ஆோைமாக அறமகிைது.

5.2 சொறபிரிப்புக கருவி உருவோககம்

சொறபிரிப்புக கருவியின் உருவோககத்திறகுத் ேைவு 
உ்யர் நிகழ்சவேண் அடிப்்பற்டயில் வேடிவேறமககப்்படுகிைது. 
கணினி ெங்க இ்லககி்யச் சொறகறளப் பிரிககும்த்பாது 

 

்ப்டம் 2: உ்யர் அதிர்சவேண் ேைவு உருவோககக கருவி

இவேறறை அடிப்்பற்ட்யாகக சகாண்டு இககருவி 
உருவோககப்்படடுள்ளன.

5. சொறபிரிப்புத் ேைவேகம் உருவோககம்

5.1 ேைவு உருவோககம்

சொல் பிரிப்புக கருவியின் நிை்லாககத்தின் 
அடிப்்பற்டத் தேறவே ேைவுகள் உருவோககம். இககருவி 
விறைவோகச் செ்யல்்படடு முடிவுகறளத் ேருவேறகு உ்யர் 
அதிர்சவேண் வேரிறெயில் ேைவுகள் உருவோககப்்ப்ட 
தவேண்டும். ஏறசகனதவே உருவோககப்்பட்ட ேைவுகறள 

நிகழ்சவேண்கறள அடிப்்பற்ட்யாகக சகாண்டு அவேறறின் 
முடிவுகறள உ்யர் அதிர்சவேண் வேரிறெயில் கணினி 
புரிநது சகாள்ளும் வேறகயில் நிை்லாககம் செய்ய 
தவேண்டும். இேறகுத் ேைவுகறள உள்ளீடு செயோல் 
அவேறறைப் பிரித்து உ்யர் அதிர்சவேண் வேரிறெயில் 
சொறகறளப் பிரித்து அளிககககூடி்ய சமன்ச்பாருறளப் 
்ப்யன்்படுத்தி அேறகான ்படடி்யற்லப் ச்பை்லாம். 
செம்சமாழித் ேமிழாயவு மத்தி்ய நிறுவேனம் உருவோககி 
சவேளியிடடுள்ள ேமிழ்ச் சொல்்லற்டவு சமன்ச்பாருள் 
இேறகுப் ்ப்யன்்படுத்ேப்்படடு நிகழ்சவேண் வேரிறெயி்லான 
ேைவுகள் உருவோககப்்பட்டது.
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அதிக எண்ணிகறகயி்லான சொறகறள முேலில் பிரித்து 
அளிப்்பேறகு இநே முறை பின்்பறைப்்படுகிைது. 

  

்ப்டம் 3: ேைவு வேறை்ப்டம்

தமறகண்்ட ேைவு வேறை்ப்டம் கருவி உருவோககத்தின் 
்பல்தவேறு ்படிநிற்லகறள விளககுகிைது. சொறபிரிககப்்ப்ட 
தவேண்டி்ய ேைவுகள் உள்ளீ்டாகப் ச்பைப்்படுகின்ைன. 
பின்னர் ஏறசகனதவே உருவோககப்்பட்ட உ்யர் அதிர்சவேண் 
ேைவுகறளக சகாண்்ட அகைாதியில் சென்று அச்சொல்ற்லத் 
தேடுகிைது. செவவி்யல் நூல்கள் 41இல் மூ்லப்்பா்டத்தில் 
இ்டம்ச்பறறுள்ள சமாத்ேச் சொறகள் 2,28,098. இநேச் 
சொறகளில் அதிக எண்ணிகறகயி்லான சொறகறளக 
கணினி முேலில் சமட்டா ேைவின் அடிப்்பற்டயில் தேடி 
எடுத்துகசகாள்ளும். இநநிை்லாககத்தின் முன் செ்ய்லாககம் 
மறறும் முககி்யச் சொறகளின் தேர்வு என்்பது 
அடிப்்பற்ட்யானது. உள்ளீடு செயவேேறகான நிைல்கள் 
உருவோககப்்பட்ட பின்னர் ேைறவேச் செ்ய்லாககி, ஒறறை 
அல்்லது கூடடுச் சொறகளின் வேடிவேத்தில் முேன்றமச் 
சொறகறளப் பிரித்சேடுப்்பேறகான விதிமுறைகறள 
நிைல்கள் உருவோககுகின்ைன. அேன் பின்னர் இ்யல்பூககம் 
விதிப்்படி தேறவே்யறை இற்டசவேளிகள் த்பான்ைவேறறை 
நீககுகிைது. வோர்த்றே உடச்பாதிப்பின் அடிப்்பற்டயில், 
சொறகளின் சோ்டர்ற்பக கணககிடுவேேறகான விதிகள் 
கணினிககு அளிககப்்படுகின்ைன. தேடி அச்சொல் 
கிற்டத்ேவு்டன் அறே முககி்யச் சொல்்லாக சமட்டா 
ேைவில் தெமிககிைது. பின்னர் கணினிககு அளித்துள்ள 
பிரிப்பு விதிமுறைகளுககு உட்படுத்தி அச்சொறகறளப் 
பிரித்து அளிககிைது. இச்சுழறசி முறை உள்ளீடு 
செய்யப்ச்பறை ேைவின் அறனத்துச் சொறகளும் பிரித்து 
அளிககும் வேறை நற்டச்பறறு இறுதி்யாக நிறைவுச்பறறு 
முடிவுகறள அறிவிககிைது. 

6. சொறசூழல் கருவி அறமப்பு முறை

6.1 சொறசூழல் கருவி 1.0

சொறசூழல் கருவி மூ்லப்்பா்டத்திலிருநது ெநதி 
பிரித்ே ்பா்டத்றேப் பிரித்து அளிககும் கருவி்யாக 
உருவோககப்்படடுள்ளது. இதில் மூ்லப்்பா்டத்தில் 
இ்டம்ச்பறறுள்ள ்பா்டல் அல்்லது நூற்பாககறள 
உள்ளீ்டாகப் பின்வேரும் ்ப்டத்தில் உள்ள உறைப் ச்படடியில் 
அளித்துப் பின்னர் ‘ெநதி பிரித்ே ்பா்டம்’ என்னும் 
குமிறழச் சொடுககுவேேன் மூ்லம் உறைப்ச்படடியில் ெநதி 
பிரித்ே ்பா்டத்றேப் ச்பை்லாம். 

 

்ப்டம் 4: சொறசூழல் கருவி 1. 0

6.2 சொறசூழல் கருவி 2.0

ெநதி பிரித்ே ்பா்டத்திலிருநது சொறகள் பிரித்ே 
்பா்டத்றேப் பிரித்து அளிககும் கருவி்யாகச் சொறசூழல் 
கருவி 2.0 உருவோககப்்படடுள்ளது. இதில் ெநதி பிரித்ே 
்பா்டத்தில் இ்டம்ச்பறறுள்ள ்பா்டல் அல்்லது நூற்பாககறள 
உள்ளீ்டாகப் பின்வேரும் ்ப்டத்தில் உள்ள உறைப்ச்படடியில் 
அளித்துப் பின்னர் ‘சொறகள் பிரித்ே ்பா்டம்’ என்னும் 
குமிறழச் சொடுககுவேேன் மூ்லம் உறைப்ச்படடியில் 
சொறகள் பிரித்ே ்பா்டத்றேப் ச்பை்லாம்.
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்ப்டம் 6: சொறபிரிப்பு முடிவுகள்

நிை்லாககச் சிககற்லப் ச்பாறுத்ேவேறையில் கருவி 
ேவேைாகப் பிரித்ே சொறகறள இனம்கண்டு அவேறறை 
விதிகளின் அடிப்்பற்டயில் புதி்ய விதிகறள நிை்லாககம் 
செயது கணினிககுத் சோ்டர்நது அளித்துகசகாண்த்ட 
இருகக தவேண்டும். அவவோறு சோ்டர்நது விதிகறள 
அளிககும் த்பாது ஏறசகனதவே உள்ள ேைவுகளின் 

முடிவுகறள இப்புதி்ய விதிகள் மாறைம் செய்ய 
வோயப்பு உள்ளது. எனதவே அத்ேைவுகறளத் சோ்டர்நது 
கண்காணித்துகசகாண்த்ட இருகக தவேண்டும். தமறகண்்ட 
ேைவுகளின் அடிப்்பற்டயில் உருவோககப்்பட்ட கருவி 83% 
முடிவுகறளச் ெரி்யாக அளித்துள்ளது. 

 ்ப்டம் 5: சொறசூழல் கருவி 2. 0

7. சிககல்கள்

ச ெ ா ற சூ ழ ல்  க ரு வி  உ ரு வே ா க க த் ற ே ப் 
ச்பாறுத்ேவேறையில் உருவோககத்தின்த்பாது இைண்டு 
வேறக்யான சிககல்கள் உள்ளன. ஒன்று ேைவுவேழிச் 
சிககல் செவவி்யல் ேைவுகளில் இ்டம்ச்பறறுள்ள 
சொறகள் சவேவதவேறு சூழல்களில் சவேவதவேறு விேமாகச் 
செ்யல்்படுகின்ைன. சி்ல சோ்டர்களில், வோர்த்றே 
மறறும் சோ்டரி்யல் அறமப்பு ஒதை மாதிரி்யாக 
இருககும். இ்லககண வேறக வோர்த்றேயின் சோ்டரி்யல் 
கட்டறமப்ற்பப் ச்பாறுத்ேது. சி்ல ்பா்டல்களில் வோர்த்றே 
வேடிவேம் மறறும் சோ்டரி்யல் அறமப்பு ஒதை மாதிரி்யாக 
இருககும். இநே வேறக்யான ேைவுகள் நிற்லகள் மிகவும் 
சிகக்லானறவே. இ்யநதிைம் அத்ேறக்ய சொறகறளத் 
ேவேைாகப் பிரித்து அளித்துவிடும்.
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 ்ப்டம் 7: இ்லககண வேறக முடிவுகள்

இநே முடிவுகறள இ்லககண வேறககளின்்படி 
ஆயவிறகு உட்படுத்தும்த்பாது பின்னுருபுச் சொறகள் 
அதிகச் சிககல்கறள ஏற்படுத்துவேோக அறமகிைது.

8. முடிவுறை

இநேக கருவி செவவி்யல் நூல்களுககான 
சொறபிரிப்புககாக உருவோககப்்பட்டது. இேறகான 
ேைவுகள் செம்சமாழித் ேமிழாயவு மத்தி்ய நிறுவேனத்தின் 
உ.தவே.ொ செம்சமாழித் ேைவேகத்திலிருநது எடுத்துப் 
்ப்யன்்படுத்ேப்்படடுள்ளது. இககடடுறையின் தநாககம் 
செம்சமாழி ேமிழ் இ்லககி்ய ஆயறவே எளிோககும் 
சமாழி ஆயவுக கருவிகறள உருவோககுவேேறகான 
ேைவேகங்கறளயும் அேறகான கருவிகறளயும் 
வேடிவேறமப்்பது அடிப்்பற்ட்யாக அறமகிைது. செவவி்யல் 
ேமிழ்த் ேைவுகள் ்பா்டல் வேடிவிலும் நூற்பா வேடிவிலும் 

உள்ள அறமப்ற்பக சகாண்டுள்ளது. எனதவே செவவி்யல் 
ஆயவுறைற்ய எளிோகக உேவும் வேறகயில் இதுத்பான்ை 
கருவிகறள உருவோகக தவேண்டி்ய அவேசி்யம் உள்ளது. 
இேன் வேழி்யாகக கிற்டககும் ேைவுகள் இ்யறறக சமாழி 
ஆயவிறகு அடிப்்பற்ட ஆோைமாக அறமயும். தமலும் 
ஏறசகனதவே உருவோககப்்படடுள்ள இ்லககண விதிகள் 
திருத்ேப்்படடுச் செம்றமப்்படுத்ேப்்ப்டவும் இது ்ப்யன்்படும். 
இவேறறைச் செம்றமப்்படுத்துவேறகு சமாழி வேல்லுநர்கள், 
ேமிழறிஞர்கள் துறணசகாண்டு சொறகறளப் 
்பகுப்்பாயவு செயவேேறகான விதிகறள உருவோகக 
தவேண்டும். தமலும் விதிவி்லககான ேைவுகளுககுப் 
புதி்ய விதிகறள உருவோககிக கணினிககு அளிகக 
தவேண்டும். இறவே அறனத்தும் முழுறம அற்டநது 
தமலும் ேைவுகறள இறணககும்த்பாது இககருவிற்ய 
ேறகா்லத் ேமிழ் மறறும் ்பகதி இ்லககி்ய ஆயவுகளுககும் 
்ப்யன்்படுத்ே முடியும். 
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1. அறிமுகம்

சொல்வேற்ல என்்பது சொறகறளக கருத்துருககளாகக 
கருதி அவேறறை ஒருச்பாருள் ்பன்சமாழி்யக 
குழுமங்களாகப் (synset) ்பகுத்து அறவேகளுககிற்டத்ய 
உள்ள ச்பாருண்றம மறறும் சொல் உைவுகறள நிறுவி 
ஒரு வேற்ல்யறமப்்பாக வேடிவேறமப்்போகும். சொல்வேற்ல 
என்்பறே சுருககமாக விளககதவேண்டுமானால் 
இது ஒரு அகைாதிப் ்பண்புககூறுகளும் ச்பாருடபு்ல 
அகைாதிப் (சொறகளஞசி்யம்) ்பண்புககூறுகளும் 
சகாண்்ட ஒரு சொல் மூ்லவேளமாகும். ேமிழுககு 
”காடசி மூ்லப்ச்பாருண்றமயி்யல் சொறகளஞசி்யம்”  
உருவோககப்்பட்டடுள்ளது. இச்சொறகளஞசி்யம் ேமிழ்ச் 
சொல்வேற்ல்யாக விரிவு்படுத்ேதவேண்டும்.  சொறகள் 
ச்ப்யர், விறன, ச்ப்யைற்ட, விறன்யற்ட த்பான்ை 
சொற்பாகுப்்பாடுகளின் அடிப்்பற்டயில் பிரிககப்்ப்டாமல் 
றந்டா முன்சமாழிவேதுத்பால் ்பருப்ச்பாருள்கள், 
நிகழ்வுகள் ,  அருவேங்கள் ,  உைவேன்கள் எனப் 
்பாகு்படுத்ேப்்படடு பின்னர் சொற்பாகு்பாடுகளு்டன் 
இறணப்்பது சமாழிற்யத்ோண்டிச் சொறகறள 
இறணப்்பது எளிறம்யானதும் தமம்்பட்டதும் ஆகும். 
்ப்யன்்படுத்துதவோருககு எளிறம்யான முறையில் சொல் 
குறித்ே தேறவே்யான செயதிகறளப் ச்பைதவேண்டி 
கணினிம்யமாககப்்படடு ஒரு இறண்யேளச் சொல் 
ேைவுேளமாக இறே எளிதில் தமம்்படுத்ே்லாம். 

இநதோ சொல்வேற்ல

ஐ.ஐ.டி ்பம்்பாயில் (IIT Bombay) உள்ள கணினி 
அறிவி்யல் மறறும் ச்பாறியி்யல் துறையில் இநதி்ய சமாழி 
சோழில்நுட்ப றம்யத்தில் (Center for Indian Language 
Technology CFILT/சி.எஃப்.ஐ.எல்.டி) இ்யறறக சமாழி 
செ்ய்லாகக குழுவோல் இநதி சொல்வேற்ல 2000-ஆம் 
ஆண்டில் உருவோககப்்பட்டது. 

இநதி்ய சமாழிச் சொறகறள உருவோககும் ச்பரி்ய 
நாடு ேழுவி்ய திட்டம் இநதோ சொல்வேற்லத் திட்டம் 
என்று அறழககப்்பட்டது. இநதோ சொல்வேற்ல 
என்்பது இநதி்யாவின் 18 திட்டமி்டப்்பட்ட சமாழிகளின் 
சொல்வேற்லகளால் இறணககப்்பட்ட சொல்ொர் அறிவுத் 
ேளமாகும். இநதி சொல்வேற்லயிலிருநது விரிவோகக 
அணுகுமுறைற்யப் ்ப்யன்்படுத்தி சொல்வேற்லகள் 
உருவோககப்்பட்டன. இநதி சொல்வேற்ல இநதி்ய சமாழியின் 

இைாதெநதிைன் ெங்கைதவே்லாயுேன்

ேமிழ்ச் சொல்வேற்ல உருவோககமும் ெவோல்களும்

இைாதெநதிைன் ெங்கைதவே்லாயுேன்
மின்னஞெல்: rajushush@gmail.com

ஆயவுச்சுருககம்
இங்கு ேமிழ்ச் சொல்வேற்ல உருவோககம் ்பறறி 
விளககப்்படுகின்ைது. இநதி்ய அைசின் நிதி நல்றகயில் 
திைாவி்ட சமாழிகளின் சொல்வேற்லகள் திட்டத்தில் 
உருவோககப்்பட்ட ேமிழ்ச் சொல்வேற்ல இநதி சொல்வேற்ல 
அடிப்்பற்டயில் அறமகின்ைது. இத்ேமிழ்ச் சொல்வேற்ல 
கிட்டத்ேட்ட 25,000 ஒருச்பாருள்்பன்சமாழி்யக 
குழுமங்கறளக (synsets) சகாண்டுள்ளது. இது 
ேமிழின் சமாத்ேச் சொறசைாறகற்யயும் கணககிடும் 
த்பாது மிகககுறைவோன உள்ள்டககம் ஆகும். ேமிழ்ச் 
சொறசைாறகயில் ஐநது ெேவீேம் கூ்ட இநதி-ேமிழ் 
சொல்வேற்லயில் உட்படுத்ேப்்ப்டவில்ற்ல என்று கூை 
இ்யலும். இனி இறணககப்்ப்டதவேண்டி்ய கருத்துருககளும் 
அறவே உருப்்படுத்ேம் செயயும் சொறகளும் ஏைாளம். 
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முேல் சொல்வேற்ல்யாகும். இது ஏறறுகசகாள்ளப்்பட்ட 
முறை ஆங்கி்லத்திறகான பிரின்்ஸ்டன் சொல்வேற்ல 
த்பா்லதவே இருநேது. 

இநதோ சொல்வேற்ல பின்்பறறி்ய மூத்லா்பா்யத்தின் 
அடிப்்பற்டயில் த்பா்லநது சொல்வேற்ல, பிரின்்ஸ்டன் 
சொல்வேற்லயு்டன் ச்பாருத்ேப்்பட்டது/இறணககப்்பட்டது.

திைாவி்ட சமாழிகளின் சொல்வேற்ல்யாககம்

ேமிழ் சொல்வேற்ல உருவோகக ந்டவேடிகறககள் 
2000-களித்லத்ய சோ்டங்கப்்படடுவிட்டன. சென்றன 
ஏ.யூ.-தக.பி.சி ஆைாயச்சி றம்யத்தில் ேஞறெத் ேமிழ்ப் 
்பல்கற்லககழகத்து்டன் இறணநது ேமிழ் இறண்யப் 
்பல்கற்லககழகத்தின் (இன்றை்ய ேமிழ் இறண்யக 
கல்விககழம்) நிதி நல்றகயு்டன் (4 ்லடெம்) ேமிழ்ச் 
சொல்வேற்ல உருவோககப்  ்பணி சோ்டங்கப்்பட்டது. 
இைாதேநதிைனின் (2001) ேமிழ்ச் சொறகளஞசி்யத்தின் 
மூ்லப்ச்பாருண்றமயி்யல் கட்டறமப்ற்பப் ்ப்யன்்படுத்தி 
ஒரு சொல்வேற்ல அறமப்பு உருவோககப்்படடு நிதி 
நல்றக நிறுவேனத்திறகுத் ேைப்்பட்டது. 

சென்றனயில் நற்டச்பறை ஒரு ்பட்டறையின் 
த்பாது திைாவி்டச் சொல்வேற்லயின் உருவோககம் 
்ப றறி  விவோதிகக ப் ்படடு  ஒரு திட்டவேறைவு 
ே்யாரிககப்்பட்டது. “ஆங்கி்லத்றே திைாவி்ட சமாழிகளில் 
சமாழிச்ப்யர்ப்்பேறகான இ்யநதிை சமாழிச்ப்யர்ப்பு 
கருவிகறள உருவோககுேல்” (“Developing Machine 
Translation tools for translating English into Dravidian 
Languages”) என்ை ேற்லப்பில் ஒரு திட்டம் மனிேவேள 
அறமச்ெகத்ோல் 2009இல் அனுமதிககப்்பட்டது. இதில் 
திைாவி்ட சமாழிகளுககான உருவோககம் ஒரு ்பாகமாக 
அறமநேது.  திைாவி்ட சமாழிகளின் சொல்வேற்ல 
உருவோககத்தில் நான்கு நிறுவேனங்கள் ்பங்தகறைன. 
இநே திட்டம் 2011இல் முடிவுககு வேநேது. கிட்டத்ேட்ட 
15000 ஒருச்பாருள்்பன்சமாழிகறள ேங்களுககு 
ஒதுககப்்பட்ட சமாழிகளுககாக ஒவசவோரு நிறுவேனமும்  
முடித்ேளித்ேது. 

மீண்டும் திைாவி்ட சமாழிகளின் சொல்வேற்லகளின் 
உருவோககம் இநதி்ய அைசின் மின்னணு மறறும் 
ேகவேல்சோ்டர்புத் சோழில்நுட்பத் துறையின் நிதி 
நல்றகயில் ”திைாவி்ட சொல்வேற்லகளின் உருவோககம், 
”சேலுங்கு, ேமிழ், கன்ன்டம் மறறும் மற்ல்யாளத்திறகான 
ஒருங்கிறணநே சொல்வேற்ல (Development of 
Dravidian WorldNet: An Integrated WordNet for 
Telugu, Tamil , Kannada and Malayalam)” என்ை 
திட்டத்தின் கீழ்  2011 திெம்்பரில் சோ்டங்கப்்பட்டது. 
திைாவி்ட சமாழிகளின் சொல்வேற்லகளின் உருவோககம் 
இநதோ சொல்வேற்லயின் ஒரு்பாகமாக அறமநேது.  
திைாவி்ட சொல்வேற்லயின் உருவோககச் செ்யல்்பாடு 
றமசூர் ்பல்கற்லககழகத்தில் கன்ன்டச் சொல்வேற்ல, 
ேமிழ் ்பல்கற்லககழகத்தில் ேமிழ்ச் சொல்வேற்ல, 

திைாவி்டப் ்பல்கற்லககழகத்தில் சேலுங்குச் சொல்வேற்ல, 
அமிர்ோ விஷவே வித்்யபீ்டம் ்பல்கற்லககழகத்தில் 
மற்ல்யாளச் சொல்வேற்ல என தமறசகாள்ளப்்பட்டது. 
35000 ஒருச்பாருள்்பன்சமாழிகறள இ்லககாககி 
இத்திட்டம் 2015 வேறை நற்டச்பறைது.

மனிேவேள தமம்்பாடடு அறமச்சின் நிதி நல்றகயில் 
ேஞறெயிலுள்ள ேமிழ்ப்்பல்கற்லக கழகமும் 
தகா்யம்புத்தூரில் உள்ள அமிர்ோ விஷவே வித்்யாபீ்டமும் 
குப்்பத்திலுள்ள திைாவி்டப் ்பல்கற்லக கழகமும் 
றமசூரிலுள்ள றமசூர் ்ப்லகற்லககழகமும் இறணநது 
திைாவி்ட சமாழிகளின் சொல்வேற்லகறள உருவோககும் 
திட்டறேச் செ்யல்்படுத்தின. இச்சொல்வேற்லகள் இநதோ 
சொல்வேற்ல உருவோககத் திட்டத்தின் ்பகுதி்யாக 
அறமநது. திைாவி்ட சமாழிகளின் சொல்வேற்லகள் 
ஏறகனதவே உருவோககப்்படடு இறண்யேளத்தில் 
்ப்யன்்பாடடில் வி்டப்்படடுள்ள இநதி சொல்வேற்லற்ய 
அடிப்்பற்ட்யாககசகாண்டு விரிவோகக  முறை 
அடிப்்பற்டயில் திைாவி்ட சமாழிகளின் சொல்வேற்லகள் 
உருவோககப்்பட்டன. ேமிழ்ப் ்பல்கற்லககழகம் ேமிழ்ச் 
சொல்வேற்லற்யயும் திைாவி்டப் ்பல்கற்லககழகம் 
ச ே லுங்கு  ச ெ ா ல் வேற்லற்யயு ம்  அமி ர் ே ா 
்பல்கற்லககழகம் மற்ல்யாளச் சொல்வேற்லற்யயும் 
றமசூர் ்பல்கற்லககழகம் கன்ன்டச் சொல்வேற்லற்யயும் 
உருவோககி வேருகின்ைன. இநேத் திட்டத்தின் முககி்யக 
குறிதகாள்கள் பின்வேருவேனவோகும்:

• திைாவி்ட சமாழிகளுககு விரிவோன உ்யர்நே 
சிைப்புவோயநே ்பன்சமாழி்யச் சொல்ொர் 
ேைவுறம்யம் உருவோககுேல்

• சமாழிச் சொல்வேற்லகறள ஒன்ைாக இறணககும் 
சமாழிச்  சு ே நதி ைம ான  ச்ப ாருண்றமக 
கருத்துருககறள உருவோககுேல் 

• எல்்லாத் திைாவி்ட சமாழிகளுககும் ேகவேலின் 
ச்பாருண்றமயி்யல் ்பாகு்பாடற்ட நிற்லத்பைாககம் 
செயேல் மறறும் ்ப்யன்்பாடுகளின் உருவோககத்திறகு  
மூ்லவேளங்கறளத் ேருேல்

• ஏறகனதவே இருககும் மூ்லவேளங்கறளப் 
்ப்யன்்படுத்திச் சொல்வேற்லகறள உருவோககுேல்

2. ேமிழ்ச் சொல்வேற்லககான மூ்லவேளங்கள்

இநதோ சொல்வேற்லயின் ்பாகமாக அறமயும் 
ேமிழ்ச் சொல்வேற்ல ஆங்கி்லச் சொல்வேற்லயு்டன் 
இநதி சொல்வேற்ல வேழி இறணககப்்படடுள்ளது. ேமிழ்ச் 
சொல்வேற்ல இநதி சொல்வேற்லயின் அடிப்்பற்டயில் 
அறம்யாமல் ேனி்யாக உருவோககப்்பட்டால் சிைப்்பாக 
அறமயும் என்று கூை இ்யலும். இத்ேறக்ய ேமிழ் 
சொல்வேற்ல உருவோககத்திறகு மூ்ல வேளங்களாகத் 
ேமிழ்ப் ்பல்கற்லகழக சமாழியி்யல் துறையில் 
இைாதெநதிைனின் தமற்பார்றவேயில் ெமர்ப்பிககப்்பட்ட 
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ஆயதவேடுகளும் இைாதெநதிைனால் செய்யப்்பட்ட 
ேமிழ்ச் சொறச்பாருண்றம ஆயவுகளும் (ெகதிதவேல் & 
இைாதெநதிைன் 1994,  இைாதெநதிைன் 2001, இைாதெநதிைன் 
& ்பா்ஸகைன் 2006, இைாதெநதிைன் & ்பாககி்யைாஜ் 
2019) அறமயும். இைாதெநதிைன் (2001) ேறகா்லத் 
ேமிழ்ச் சொறகளஞசி்யம் இச்சொல்வேற்ல்யாககத்திறகுப் 
ச்பரிதும் உேவும். அவேைது சொறகளஞசி்யத்தின் மூ்லம் 
சவேளிப்்படும் மூ்லப்ச்பாருண்றமயி்யலும் (ontology) 
அவேர்ேம் மூ்லப்ச்பாருண்றமயி்யல் ஆயவுகளும் 
(இைாதெநதிைன் & அனிோ 2019) ேமிழ்ச் சொல்வேற்ல 
உருவோககத்திறகு ச்பரிதும் ்ப்யனுள்ளோக அறமயும். 
தமலும் ேமிழுகசகன்ை சொல்வேற்ல உருவோககத்தில் 
முன்தனாடி்யாக விளங்கும் சோ்டககநிற்லயில் உள்ள 
ேமிழ்ச் சொல்வேற்ல அவேைால் உருவோககப்்படடு 
இறண்யேளத்தில் திைநே மூ்லமாக (open source) 
இ்டப்்படடுள்ளது .  இதுவும் ேமிழ்செ ால்வேற்ல 
உருவோககத்திறகு துறண்யாக அறமயும்.  

3. அகைாதியும் சொல்வேற்லயும்

அகைாதி்யானது செ ால்லின் எழுத்துவேடிவு , 
ச்பாருள், ்ப்யன்்பாடு இவேறறைக காணப் ச்பாதுவோயப் 
்ப்யன்்படுத்ேப்்படுகின்ைது. ஆனால் சொல்வேற்ல ஒரு 
ச்பாருண்றம அகைாதி்யாகும் (semantic dictionary). 
சொல்வேற்ல சொறகளுககு வேர்ணறனயும் விளககமும் 
மாதிரி எடுத்துககாடடுகளும் ேரும். சொறகளுககு 
இற்டத்ய உள்ள ச்பாருண்றம உைவுகறள 
மிகத்சேளிவோகப் ்ப்யன்்படுத்ேகக விேத்தில் கூறும். 
உச்ெரிப்பு, சொல்்லாகக உரு்பனி்யல் செயதிகள், 
சொல்மூ்லம் அல்்லது வேை்லாறு இவேறறைத் ேைாது. 

4. சொறகளஞசி்யமும் சொல்வேற்லயும் 

முேல் சொறகளஞசி்யம்/ச்பாருடபு்ல அகைாதி 
(thesaurus) ைாசே்ஸட என்்பைால் உருவோககப்்பட்டது.

இ து  ச ்ப ா ருண்றம  ஒழுங் கறம ப்ற ்ப க 
சகாள்றக்யாககசகாண்டு உருவோககப்்பட்டது. கருத்துரு 
அடிப்்பற்டயில் அறமககப்்பட்டது. ்ப்யன்்பாட்டாளர் ேங்கள் 
மனதிலுள்ள கருத்துருறவேக சகாண்டு சொறகறளக 
கண்டு்சகாள்ள இது உேவும். சொல்வேற்லகளும் 
சொறகளஞசி்யம் த்பா்ல அறமயும். இேன் கடடுமான 
அ்லகு ஒருச்பாருள்்பன்சமாழி்யக குழுமம் ஆகும். 
ஒருச்பாருள்்பன்சமாழி்யக குழுமத்தில் ஒரு கருத்துருறவே 
சவேளிப்்படுத்தும் எல்்லாச் சொறகளும் குழுமம் 
செய்யப்்படடிருககும். சொல்வேற்லற்யப் ்ப்யன்்படுத்து்பவேர் 
மனதிலுள்ள கருத்துருறவேக சகாண்டு சொறகறளக 
கண்டுசகாள்ள இ்யலும். ஒருச்பாருள்்பன்சமாழி்யக 
குழுமங்கள் உள்ள்டங்கு-உள்ள்டககு சமாழி்யம் 
( h y p o n ymy-h y p e r n ymy ) ,  சிறனசமாழி்யம்-
முழுசமாழி்யம் (meronymy-holonymy or part and 

hole), உட்படுத்து சமாழி்யம் (entailment) த்பான்ை 
உைவுகளால் இறணககப்்படடுள்ளன. சொல்வேற்ல 
கருத்து நிற்லற்யயும் சொல் நிற்லற்யயும் சேளிவோகப் 
பிரிககின்ைது. இநே தவேறு்பாடு சொல் உைவுகளுககும் 
கரு த்துருக களுககும்  உள்ள  தவேறு ்ப ா ட டில் 
பிைதிலி்பலிககின்ைது. சொறகளஞசி்யத்திறகு அப்்பாற்படடு 
சொல்வேற்லயில் சொறகளுககும் கருத்துருககளுககும் 
உள்ள உைவுகள் சவேளிப்்பற்ட்யாகக கூைப்்படடு 
அற்ட்யாளப்்படுத்ேப்்படடுள்ளன. ்ப்யன்்படுத்து்பவேர் 
உைவுகறளத் தேர்நசேடுத்து, ஒரு கருத்துருலிருநது 
மறசைாரு கருத்துருவுககுச் சென்று கருத்துரு 
சவேளியி்டத்தில் வே்லம் வேை இ்யலும்.

5. சொல் வேற்லயில் உைவுகள் 

சொல்வேற்ல கருத்துரு-ச்பாருண்றம உைவுகளுககும் 
சொறகறள இறணககின்ை சொல் உைவுகளுககும் 
தவேறு்பாடு காடடுகின்ைது. ஆனால் சொல் தநாககில் கவேனம் 
செலுத்து்பவேர் முேன்றம்யாகச் சொல் உைவுகறளப் 
்ப்யன்்படுத்துவேர். சொல்வேற்ல ச்பாருண்றம உைவுகளால் 
ஒழுங்கறமககப்்படடுள்ளது. சொல்வேற்ல தவேறு்பட்ட 
சோ்டரி்யல் வேறகப்்பாடுகளில் அ்டங்கும் சொறகறள 
இறணககும் அடுககு உைவுகறளக சகாண்டிருககவில்ற்ல. 
நான்கு முககி்யத் சோ்டரி்யல் வேறகப்்பாடுகளான 
ச்ப்யர், விறன, ச்ப்யைற்ட, விறன்யற்ட என்்பன 
ேனித்ேனி்யாகத் ேைப்்படடுள்ளன. ச்ப்யர்கள் ்படிநிற்ல 
அறமப்புகளாகவும் விறனகள் தவேறு்பட்ட உட்படுத்து 
உைவுகளாலும்; (entailment relation) ச்ப்யைற்டகளும் 
விறன்யற்டகளும் இ-்பரிமாண உ்யர்சவேளியி்டத்திலும் 
ஒழுங்கறமககப்்படடுள்ளன. 

6. ச்ப்யர்ச்சொல்வேற்ல 

ச்ப்யர்ச்சொல்வேற்லயில் அடிப்்பற்ட ச்பாருண்றம 
உைவு ஒருச்பாருள்்பன்சமாழி்ய உைவோகும் . 
ஒருச்பாருள்்பன்சமாழி்யக குழுமங்கள் அடிப்்பற்டக 
கடடுமான அ்லகுகளாகும். ஒருச்பாருள்்பன்சமாழி்யக 
கருத்துச்ொ்யல் என்்பது எல்்லாச் சூழல்களிலும் 
ஒன்றைச்யான்று இ்டம்ச்ப்யர்த்ேல் என்்பறே 
உட்படுத்ோது. இ்டம்ச்ப்யர்த்ேல் என்ை அளவி்யால் 
இ்யறறக சமாழிகளுககுக குறைநே எண்ணிகறகயி்லான 
ஒருச்பாருள் ்பன்சமாழிகள் மடடுதம வேரும். 
சொல்வேற்லயில் ஒரு ச்பாருள் ்பன்சமாழிகறளக 
குறைநேது சி்ல சூழல்களில் இ்டம் ச்ப்யர்கக்லாம். 
ஒருச்பாருள்்பன்சமாழி்யக குழுமத்திறகு ஒரு 
ச்பாருள்ோன் உண்டு. எ.கா. {நூல், புத்ேகம், பு்ஸேகம்} 
“்படிப்்பேறகு ஏறைவேறகயில் அடற்டத்பாடடு இறணத்ே 
அச்ெடித்ே ோள்களின் சோகுப்பு“ சொல்வேற்லயில் 
ஒருச்பாருள்்பன்சமாழி்யக குழுமங்கள் ச்பாருண்றம 
உைவுகளால் இறணககப்்படடுள்ளன. ச்ப்யர்கறள 
ஒழுங்கு்படுத்ேப் ்ப்யன்்படுத்ேப்்படும் மிக முககி்யமான 

èEˆîI›24



28  |  KaniKovai

உைவு உள்ள்டங்கு சமாழி்யமாகும் (hyponymy). இநே 
உைவுோன் சொறகறளச் சொற்படிநிற்ல அறமப்பில் 
ஒழுங்கு்படுத்துகின்ைது. 

6.1. சொற ்படிநிற்ல அறமப்பு 

உள்ள்டங்கு உைவுகள் ்பறறி்ய செயதிகள் மைபு 
அகை ாதிகளில் வேறை்யறை விளககங்களாகத் 
ேைப்்படடிருககும். 

எ.கா. 

குயில் – இனி்ய குைலுற்ட்ய கரி்ய நிைப்்பைறவே. 

்பைறவே – இரு கால்களும் அ்லகுகளும் உற்ட்ய, 
உ்டலில் இரு்பககங்களிலும் இைகுகள் உள்ள ்பைப்்பேறகு 
ஏறைவேறகயில் சிைகுகளும் சகாண்்ட வி்லங்கினம். 

வி்லங்கினம் – ோனாகதவே இ்யங்கும் உணர்வு 
உறுப்புகளும் செல்லுத்லா்ஸ இல்்லாே செல் சுவேர்களும் 
உள்ள உயிரினம். 

 உயிரினம் – உயிர் வோழ்கின்ை ஒன்று. 

ஒவசவோரு உள்ள்டககுச் சொல்லும் மிகப்ச்பாதுவோன 
உள்ள்டககுச் சொல்லுககுக சகாண்டு செல்லும். உள்ள்டககு 
சமாழி்யத்றேச் சொறகளுககு இற்டத்ய உள்ள உைவோக 
உருப்்படுத்ேம் செய்ய இ்ய்லாது. உள்ள்டககு சமாழி்யம் 
அகைாதிப்்படுத்ேப்்பட்ட கருத்துருககளுககு இற்டத்ய உள்ள 

உைவோகும். ஒரு சொற்படிநிற்ல அறமப்ற்ப உள்ள்டககு 
உைவோல் இறணககப்்பட்ட ஒருச்பாருள்்பன்சமாழி்யக 
குழுமங்களின் சோ்டர்ச்சி்யால் மீடடுருவோககம் 
செய்ய்லாம். 

{குயில்}@ g  {்பைறவே}@ g  {வி்லங்கினம்}@ g 
{உயிரினம்} 

உள்ள்டங்கு உைவுககு இறண்யான உள்ள்டககு 
உைறவேயும் ேை்லாம் .  உள்ள்டங்கு-உள்ள்டககு 
சமாழி்ய உைவுகளால் ஒரு ்படிநிற்ல ஒழுங்குமுறை 
சவேளிப்்படும். இநே வேறகயில் வேரும் ்படிநிற்லகள் 
கணினியி்ய்லார்களால் அறிறவே உருப்்படுத்ேம் 
(Knowledge representation) செயயும் வேழி்யாகப் 
்ப்யன்்படுத்ேப்்படுகின்ைது. 

6.2. ேனித்ேன்றம்யான சோ்டககிகள் 

ச்ப்யர்கள் எல்்லாவேறறையும் ஒதை ்படிநிற்ல 
அறமப்பில் ேைதவேண்டி ்படிநிற்லக சகாள்றகற்ய 
நீடசி செய்ய்லாம். சொல்வேற்ல ச்ப்யர்கறளத் ேனித் 
ேன்றம்யான சோ்டககிகள் (unique beg inners) 
அறம்யப்  ்ப்ல  ்படிநிற்ல அறமப்புகளாகப் 
்பகுத்துள்ளது. ேனித்ேன்றம்யான சோ்டககிகள் 
சொறச்பாருண்றமயி்யல் ச்பாருண்றமககூைாயவின் 
ச்பாருண்றமக கூறுகளு்டன் ஓைளவுககுப் ச்பாருநதும். 

 

                             
 
  
 

    

 
 

  

ெமெபா லா 

அைமைப (ontological structure) 

கா வைகயலான ெசாகள 

உபத ெசாகள 

ெபாைம மரைம 

ெசயபாைக (Lexical inheritance) 

ெவளெகாணகிற.  

  எ.கா. {ஊதி, வாகன}@ → {நிலதி ஓ ஊதி}@ → {ெபாறியா 

ஓ    ஊதி}@ → {நாசகர ஊதி}@ → {பயணஊதி}@ → 

{ேப}} 

List of 25 unique beginners for noun source files of EuroWordNet 

 

{act, activity} {natural object} 

{animal, fauna} {natural phenomenon} 

{artifact} {person, human being} 

{attribute} {plant, flora} 

{body} {possession} 

{cognition, knowledge} {process} 

{communication} {quantity, amount} 

{event, happening} {relation} 

{feeling, emotion} {shape} 

{food} {state} 

{group, grouping} {substance} 

{location} {time} 

சமயப்ச ்ப ாருள்  மூ்லாயவு  அறமப்ற்பக 
(onto log ica l s truc ture) காடடும் வேறகயி்லான 
சொறகளின் உருப்்படுத்ேம் சொறகளின் ச்பாருண்றம 
மைபுரிறமச் செ்யற்பாங்றக (Lexical inheritance) 
சவேளிகசகாணர்கின்ைது. 

எ.கா. {ஊர்தி, வோகனம்}@ g {நி்லத்தில் ஓடும் ஊர்தி}@ 
g {ச்பாறி்யால் ஓடும் ஊர்தி}@ g  {நான்குெககை 
ஊர்தி}@ g {்ப்யணஊர்தி}@ g {த்பருநது}}
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List of 25 unique beginners for noun source 
files of EuroWordNet

{act, activity} {natural object}

{animal, fauna} {natural phenomenon}

{artifact} {person, human being}

{attribute} {plant, flora}

{body} {possession}

{cognition, knowledge} {process}

{communication} {quantity, amount}

{event, happening} {relation}

{feeling, emotion} {shape}

{food} {state}

{group, grouping} {substance}

{location} {time}

{motivation, motive} 

இைாதெநதிைனால் உருவோககப்்பட்ட ேமிழ்ச் 
ச ெ ா ற களஞசி்யம்  ( இ ை ா த ெ ந தி ைன்  2 0 0 1 ) 
ேமிழ்ச்ப்யர்ச்சொறகளின் சொறசைாறகற்ய றந்டாறவேப் 
பின்்பறறி (Nida 1976a) வேறகப்்பாடடி்யல் வேடிவில் 
ேருகின்ைது. 

6.3. தவேறு்படுத்தும் ச்பாருண்றமக கூறுகள் 

ச்ப்யர்களின் ்படிநிற்ல அறமப்பு உள்ள்டங்கு-
உள்ள்டககு உைவோல் உருவோககப்்பட்டாலும் விளககங்கள் 
ஒரு கருத்துருறவே மறசைாரு கருத்துருவிலிருநது 
பிரிககும் ச்பாருண்றமக கூறுகளால் ேைப்்படுகின்ைது. 

எ.கா. குயில் - ்பாடுகின்ை சிறி்ய கரி்ய நிைப்்பைறவே 

குயில் என்்பறே மூன்றுவேறகப் ்பட்ட தவேறு்படுத்தும் 
்பண்புககூறுகளு்டன்  சோ்டர்பு்படுத்ே்லாம். 

 1. அற்டகள்: சிறி்ய, கரி்ய 
 2. ்பாகங்கள்: அ்லகு, சிறி்ய 
 3. செ்யல்்பாடுகள்: ்பாடு, ்பை 

6.4. சிறன-முழு சமாழி்யம் 

சொறகறளப் ்படிநிற்ல அறமப்பில் ேருவேதில் சிறன-முழு உைவு முககி்யப் ்பங்கு வேகிககின்ைது. 

{motivation, motive}  

இராேசதிரனா உவாகபட 

தமி ெசாகளசிய 

(இராேசதிர 2001) 

தமிெபயெசாகள 

ெசாெறாைகைய ைநடாைவ 

பபறி (Nida 1976a) வகபாய 

வவ தகிற.  

6.3. ேவப 

ெபாைம க  

 ெபயகள பநிைல 

அைம உளட-உளட 

உறவா உவாகபடா 

வளகக ஒ கைவ 

மெறா கவலி 

ப ெபாைம களா 

தரபகிற.  

 எ.கா. ய - பாகிற சிறிய 

கய நிறபறைவ  

 ய எபைத வைக 

பட ேவப 

பகட 

 ெதாடபதலா.  

 1. அைடக: சிறிய, கய  

 2. பாகக: அல, சிறிய  

 3. ெசயபாக: பா, பற  

6.4. சிைன- ெமாழிய  

ெசாகைள பநிைல அைமப 

தவதி சிைன- உற 

கிய ப வகிகிற.

 

சிைன- ெமாழிய உற பவ ைண வைககைள உளட:  

1.  ெபா அத உக இைடயலான உறைவ 

ெவளபவன (பாக, எ.கா. ைக – வர)  

2. ைம அதிலி பத பதி உள உறைவ 

ெவளபவன (பதி, எ.கா.  – உேலாக)  

3. இடக வத இடக உள உறைவ 

ெவளபவன (இட, எ.கா. பாைலவனேசாைல - பாைலவன)  

4. மதி அத அகதினக உள உறைவ 

ெவளபவன (எ.கா. மைத – ஆ)  

சிறன-முழு சமாழி்ய உைவு பின்வேரும் துறண 
வேறககறள உள்ள்டககும்: 

1.  முழுப் ச்பாருளுககும் அேன் உறுப்புகளுககும் 
இற்டயி்லான உைறவே சவேளிப்்படுத்துவேன (்பாகம், 
எ.கா. றக – விைல்) 

2.  முழுறமககும் அதிலிருநது பிரிநே ்பகுதிககும் 
உள்ள உைறவே சவேளிப்்படுத்துவேன (்பகுதி, எ.கா. 
துண்டு – உத்லாகம்) 

3.  இ்டங்களுககும் விரிநே இ்டங்களுககும் உள்ள 
உைறவே சவேளிப்்படுத்துவேன (இ்டம், எ.கா . 
்பாற்லவேனச்தொற்ல - ்பாற்லவேனம்) 

4.  குழுமத்திறகும் அேன் அங்கத்தினர்களுககும் உள்ள 
உைறவே சவேளிப்்படுத்துவேன (எ.கா. மநறே – ஆடு) 

5. ச்பாருள்களுககும் அது உருவோககப்்பட்ட 
உருப்ச்பாருள்களுககும் உள்ள உைறவே 
சவேளிப்்படுத்துவேன (ஆன, எ.கா. புத்ேகம் - 
காகிேம்) 
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பின்வேரும் அட்டவேறணயில் ச்ப்யர்வேற்லயில் கூைப்்படடுள்ள ச்பாருண்றம-சொல் உைவுகள் ்படடி்யலி்டப்்படடுள்ளன:

உைவுகள் துறண வேறககள் எடுத்துககாடடுகள்

ஒருச்பாருள் ்பன்சமாழி்யம்  புத்ேகம், நூல்

உள்ள்டங்கு – உள்ள்டககு சமாழி்யம்  வி்லங்கு-்பாலூடடி

உள்ள்டககு-உள்ள்டங்கு சமாழி்யம்  ்பசு-்பாலூடடி

முழு-சிறன சமாழி்யம் முழுறம-்பாகங்கள் தமறெ-கால்

 ்பாகம்-ழுழுறம ெககைம்-வேண்டி

 அங்கத்தினர்கள்-குழு ்பற்டத்ேற்லவேர்-்பற்ட

 குழு-அங்கத்தினர்கள் துறை-த்பைாசிரி்யர்

 ்பகுதி-முழுறம துளி-கண்ணீர்

 இ்டம்-்பைநே இ்டம் ்பாற்லவேனச்தொற்ல-்பாற்லவேனம்

 ச்பாருள்-உருப்ச்பாருள் புத்ேகம்-ோள்

ஈரிறண எதிர்நிற்ல நிை்லாககம் செய்யத்ேககது நல்்லவேன்-சகட்டவேன்

 துறண எதிர்நிற்ல ்பகல்-இைவு

 ேனிப்்பட்டறவே அஃறிறண-உ்யர்திறண

 துருவே எதிர்நிற்ல ஆண்-ச்பண்

 ்பை்ஸ்பை ெமூகப்்பாத்திைங்கள் மருத்துவேர்-தநா்யாளி

 சொநேங்கள் அம்மா-மகள்

 கா்ல உைவுகள் காற்ல-மாற்ல

 இ்ட உைவுகள்: வே்டககு-கிழககு
 செங்தகாண எதிர்நிற்ல வே்டககு–தமறகு 
  தமறகு–சேறகு 
  கிழககு–சேறகு

 இ்ட உைவுகள்: தநர் எதிர்நிற்ல வே்டககு-சேறகு

 கிழககு–தமறகு

 ்பல்லிறண எதிர்நிற்ல: ெங்கிலி ஒன்று, இைண்டு, மூன்று,…

 சுறறு ஞாயிறு, திங்கள், செவவோய, 
  புேன், வி்யாழன், சவேள்ளி, ெனி

7. விறனச் சொல்வேற்ல 

விறனகள் ஒரு சமாழியின் சொல் மறறும் 
சோ்டரி்யல் வேறகப்்பாடடில் முககி்யப் ்பங்கு வேகிககின்ைது. 
இேன் ்ப்யனிற்ல-்பங்சகடுப்்பாளர் அறமப்பு (predicate 

argument structure) இது வேரும் வோககி்யத்தின் 
ொத்தி்யமான அறமப்புகறளத் தீர்மானிககின்ைது. 

எ.கா.
காறறு வீசுகின்ைது. 
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அவேன் சென்றனயிலிருநது ேஞொவூர் வேநோன். 
அவேள் மாம்்பழம் ொப்பிடுகிைாள். 
அவேர் அவேளி்டமிருநது ஒரு ்லடெ ரூ்பாயககு 
ஒரு கார் வோங்கினார்.

 7.1. விறனகறளப் ச்பாருண்றமக களங்களாகப் 
பிரித்ேல் 

யூதைா சொல்வேற்ல விறனகறளச் 15 ச்பாருண்றமக 
களங்களாகப் பிரிககின்ைது (Vossen 1998). 

1. Verbs of bodily functions and care (Ex. sweat, 
shiver, faint, etc.)

2. Verbs of change (Ex. change, etc.)
3. Verbs of communication (Ex. stammer, appeal, 

bet, teach, creak, etc.)
4. Competition Verbs (Ex. fight, etc.)
5. Consumption Verbs (Ex. drink, etc.)
6. Contact Verbs (Ex. hit, scrub, wipe, etc.)
7. Cognition Verbs (Ex. infer, guess, assume, etc.)
8. Creation Verbs (Ex. engrave, print, etc.)
9. Motion Verbs (Ex. gallop, race, fly, swim, etc.)
10. Emotion or Psych Verbs (Ex. amuse, charm, 

etc.)
11. Stative Verbs (Ex. surround, cross, etc.)
12. Perception Verbs (Ex. watch, spy, etc.)
13. Verbs of Possession (Ex. have, rob, bestow, 

auction, etc.)
14. Verbs of Social Interaction (Ex.  impeach, 

franchise, excommunicate, etc.)
15. Weather Verbs (Ex. rain, thunder, snow, hail, 

etc.)

இைாதெநதிைன் (2001) றந்டாறவேப்  (1975a) 
பின்்பறறி விறனகறளப் ச்பளதிக விறனகள் (ச்பய, 
வீசு), உ்டல்கூறு விறனகள் (பிைெவி, வி்யர்), பு்லனுணர்வு 
விறனகள் (கெ, குளிர்), உணர்ச்சி விறனகள் (தகா்பப்்படு, 
தவேேறன்யற்ட), அறிவுொர் விறனகள் (ஊகி, கணி), 
கருத்துப்்பாறை விறனகள் (த்பசு, இகழ்), ெ்லன 
விறனகள் (நகர், ந்ட), ேர்கக விறனகள் (அடி, உற்ட), 
உற்டறமமாறை விறனகள் (சகாடு, விடு), ்பல்கூட்ட 
விறனகள் (ெறம்யல் செய) எனப்பிரித்துள்ளார். 

7.2. விறனகளுககுத் ேனித்ேன்றம்யான சோ்டககிகள்

 விறனச் சொறகளஞகி்யத்றேப் ச்பாருண்றமக 
களங்களாகப் பிரிப்்பது விறனத் ேைவுகறள ஒழுங்கு 
முறை்படுத்துவேதோடு சொறகளஞசி்யத்திலுள்ள எல்்லா 
விறனகளுககும் ஒரு ச்பாதுவோன தவேர் அல்்லது 
ேனித்ேன்றம்யான சோ்டங்கிகள் இல்்லாே குறைற்யயும் 
நிவேர்த்தி செயகின்ைது. 

ச்ப்யர்கறளப் த்பா்ல விறனகறளயும் ஒருச்பாருள் 
்பன்சமாழி்யககுழுமங்களாகக குழும இ்யலும். ஆனாலும் 
நாம் ஒருச்பாருள்்பன்சமாழி என்்பது ஒன்றைச்யான்று 
இ்டம் ச்ப்யர்ககும் சொறகள் என்று வேறை்யறை செயோல் 
விறனயில் ஒருச்பாருள்்பன்சமாழிகள் இல்்லாமல் 
த்பாகும் அல்்லது மிக அரிோகத் ோன் இருககும். 

7.3. விறனகளின் ச்பாருண்றமக கூைாயவு 

விறனகறள  அவே றறின்  ச ்ப ாருண்றமப் 
்பண்புககூறுகளால் வேறை்யறை விளககம் செய்ய இ்யலும். 
விறனகறளச் சிறு ச்பாருண்றமககூறுகளாகப் பிரிகக 
இ்யலும் ேன்றம காைணமாக எளி்ய செ்யல்களால் 
க்லறவேத் ேன்றம்யான செ்யல்கறள விளகக இ்யலும். 

சகால் - ொகச் செயேல் 

எறி - ஒருவேர் ேன் றகயிலிருநேப் ச்பாருறள 
விறெ்யால் த்பாகச் செயேல்

 ஓடடு - ஒருவேர் ஒன்றை ஓ்டச் செயேல்  

7.4. விறனகளுககிற்டயி்லான சொல் மறறும் ச்பாருண்றம உைவுகள் 

நாம் நான்கு வேறக்யான உட்படுத்து உைவுகறள (entailment) சவேளிப்்படுத்ே்லாம்:

7.3. வைனககிைடயலான 

ெசா ம ெபாைம 

உறக  

நா நா வைகயான உப 

உறகைள (entailment) 

ெவளபதலா: 

 

 

7.5. வைனககிைடயலான 

பெபா  ஒெமாழிய  

 ெபயகைள வட வைனக 

எணைகய ைறதைவ. 

வைனகள பெபா 

ஒெமாழிய ெபயகள 

பெபா ஒெமாழியைத 

கா அதிக. வைனகள 

ெபாைம ெநகிசி அத 

பபாைவ 

கனபகிற. வைனக 

அைவ எ பெகபவ 

அைம (argument structure) 

அபைடய தக ெபாைள 

மா. ஆனா ெபயகள 

ெபாைம வைனகள 

ெபாைமகைள கா 

நிரதரமான.  

7.6. ெதாடய பக 

ெபாைம உறக  

 தேபா அகராதிய 

ெசாக அத ெதாடய 

பகைள த ேபா 

காணபகிற. வைனகைள 

ெபாைம உறகளாக ம 

பாப ெதாடய பறிய சில 

ெசதிகைள த. 

வைனையபறி ெத ெகாள 

வைனய ெதாடய பகைள 

ெசாவைலய தவ றித 

சாதிய ஆயபடேவ.  

 

உறக வளக/ைண 

வைக 

எகா 

ஒெபா 

பெமாழிய 

இடெபயக இய 

ெசயக 

-உற 
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7 .5 .  விறனகளுககிற்டயி்லான ்பல்ச்பாருள்  
ஒருசமாழி்யம் 

ச்ப்யர்கறள வி்ட விறனகள் எண்ணிகறகயில் 
குறைநேறவே. விறனகளின் ்பல்ச்பாருள் ஒருசமாழி்யம் 
ச்ப்யர்களின் ்பல்ச்பாருள் ஒருசமாழி்யத்றேக காடடிலும் 
அதிகம். விறனகளின் ச்பாருண்றம சநகிழ்ச்சி அேன் 
்பகுப்்பாயறவேக கடினப்்படுத்துகின்ைது. விறனகள் 
அறவே எடுககும் ்பங்சகடுப்்பவேர் அறமப்பு (argument 
structure) அடிப்்பற்டயில் ேங்கள் ச்பாருறள மாறறும். 
ஆனால் ச்ப்யர்களின் ச்பாருண்றம விறனகளின் 
ச்பாருண்றமகறளக காடடிலும் நிைநேைமானது. 

7 .6 . சோ்டரி்யல் ்பண்புகளும் ச்பாருண்றம 
உைவுகளும் 

ேறத்பாது அகைாதியில் சொறகளுககு அேன் 
சோ்டரி்யல் ்பண்புககூறுகறளத் ேரும் த்பாககுக 
காணப்்படுகின்ைது. விறனகறளப் ச்பாருண்றம 
உைவுகளாக மடடும் ்பார்ப்்பது சோ்டரி்யல் ்பறறி்ய சி்ல 
செயதிகறளத் ேரும். விறனற்யப்்பறறி சேரிநது சகாள்ள 
விறனயின் சோ்டரி்யல் ்பண்புகறளச் சொல்வேற்லயில் 
ேருவேது குறித்ே ொத்தி்யம் ஆைா்யப்்ப்டதவேண்டும். 

 

உைவுகள் விளககம்/துறண வேறக எடுத்துககாடடு

ஒருச்பாருள் ்பன்சமாழி்யம் இ்டம்ச்ப்யர்கக இ்யலும் செ்யல்கள் தூங்கு-உைங்கு

்பகுதி-முழுறம சமாழி்யம் உட்படும்-உட்படுத்தும் செ்யல் ்பை-பிை்யாணி

வேறக உைவு செ்யல்-துறணவேறக ந்ட-சநாண்டு

உட்படுத்து உைவு செ்யல்-காைணச்செ்யல் உ்யர்-உ்யர்த்து

” செ்யல்-முன்னூகச்செ்யல் சவேல்-மு்யல்

எதிர்நிற்ல எதிர்மறை கூடு-குறை

 மறுேற்ல வில்-வோங்கு

 திறெ எதிர்நிற்ல புைப்்படு-வேநதுதெர்

8. ச்ப்யைற்ட மறறும் விறன்யற்டச் சொல்வேற்ல 

சொல்வேற்ல ச்ப்யைற்டகறள இரு முககி்யமான 
வேகுப்புகளாகப் பிரிககின்ைது: வேர்ணறனப் ச்ப்யைற்டகள் 
(desc r i p t i ve ad j e c t i ve s )  மறறும் சோ்டர்புப் 
ச்ப்யைற்டகள் (relational adjectives). வேர்ணறனப் 
ச்ப்யைற்டகள் ேற்லப் ச்ப்யர்களுககு இருதுருவே 
அற்டகளின் மதிப்பீடற்டத் (va lues of b ipo lar 
attributes) ேருகின்ைது; எனதவே ஈரிறண எதிர்நிற்லகள் 
(binary oppositions) (எதிர்மறை- antonymy) மறறும் 
ச்பாருண்றம ஒறறுறம்யால் (similarity of meaning) 
ஒழுங்கறமககப்்படுகின்ைது. 

வேர்ணறனப் ச்ப்யைற்ட (descriptive adjective): 
ச்பரி்ய, கனமான 

சோ்டர்புப் ச்ப்யைற்ட (relat ional adjec t ive): 
ச்பாருளாோை, ெதகாேை 

குறிப்பு அற்டசெயயும் ச்ப்யைற்ட (reference 
modifying adjectives): ்பறழ்ய, முன்னாள் 

ஒரு வேர்ணறன அற்ட ஒரு ச்ப்யருககு ஒரு 
மதிப்பு ேரும். எடுத்துககாட்டாக, கனமான, இத்லொன 
என்்பது எற்ட என்்பேன் அற்டசமாழிகளாகும்; 
ோழ்நே ,  உ்யர்நே என்்பன உ்யைம் என்்பேன் 
அற்டசமாழிகளாகும். எதிர்மறை (antonymy) ோன் 
வேர்ணறனப் ச்ப்யைற்டகளில் அடிப்்பற்ட்யானோகும். 
எதிர்மறை ஒருச்பாருள்்பன்சமாழி்யத்றேப் த்பான்று 
சொல்வேடிவுகளுககு இற்டயி்லான உைவோகும் . 
எதிர்மறைப் ச்ப்யைற்டகள் அற்டசமாழியின் 
எதிர்செயயும் மதிப்புகறள சவேளிப்்படுத்துகின்ைது (எ.கா. 
கனமான, இத்லொன என்்பன எற்ட அற்டசமாழியின் 
எதிர் துருவேங்களாகும்.) தநைடி்யான எதிர்மறைகள் 
இல்்லாே ச்ப்யைற்டகள் (எதிர்மறை ஆறைல் குறைவோய 
உள்ள ச்ப்யைற்டகள்) எதிர்மறைப் ச்ப்யைற்டகளு்டன் 
“த்பா்ல” உைவு சகாண்டிருககும்: 

  

எைட அைடெமாழிய எதி 

வகளா.) ேநரயான 

எதிமைறக இலாத 

ெபயரைடக (எதிமைற ஆற 

ைறவா உள ெபயரைடக) 

எதிமைற ெபயரைடகட 

“ேபால” உற ெகா:  

 
 

உறக ெதாடப 

ெசாவைகபா   

எகா  

எதிமைற (நிரலாக 

ெசய இயவ) 

ெபயரைட-ெபயரைட அழகான-ரமான 

எதிமைற (நிரலாக 

ெசய இயலாத) 

ெபயரைட-ெபயரைட உயள-ெசத 

ஆகவ ெபயரைட-ெபய அழகான-அழ 

அைடெமாழி ெபய-ெபயரைட வவ-சின 

ெதாட ெபயரைட-ெபய ெபாளாதார-

ெபாளாதார 

ேபால ெபயரைட-ெபயரைட பாரமான-கனமான 

 

9. ெசாவைலைய திடமி 

நைடைறபத 

  ெசாவைலைய நா 

ஒகைமகளாக பகலா.  

1. ெசாவள ஒைற 

(Lexical resource system)  

2. ஒகிைண 

ஒைற (Compiler system)  

3. ேசக ஒைற 

(Storage system)  

4. மளெப ஒைற 

(Retrieval system)  

மளெப ஒைற 

பவ ெசயபாகைள 

உளட:  

1.வைகபா ம 

வைலபன திடைத 

மிதட அைமபாக 

மாகிற.  

2.வைகபா ம 

வைலபன திடைத 

தகவ ம ஒகைமபாக 

மாகிற.  

3.இைணய மளெபத: 

வைகபா ம 

வைலபன திடைத 

றி ேதடட இைணப.  

10. ைர  
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9. சொல்வேற்லற்ய திட்டமிடடு நற்டமுறைப்்படுத்ேல்

சொல்வேற்லற்ய நான்கு ஒழுங்கறமப்புகளாகப் 
்பகுகக்லாம். 

1.  சொல்வேள ஒழுங்குமுறை (Lexical resource 
system) 

2.  ஒருங்கிறணககும் ஒழுங்குமுறை (Compiler 
system) 

3. தெகரிப்பு ஒழுங்குமுறை (Storage system) 

4.  மீளப்ச்பறும் ஒழுங்குமுறை (Retrieval system) 

மீ ள ப் ச ்ப றும்  ஒழுங்குமுறை  பின்வேரும் 
செ்யல்்பாடுகறள உள்ள்டககும்: 

1. வேறகப்்பாடடு மறறும் வேற்லப்பின்னல் திட்டத்றே 
மின்ேட்டச்சு அறமப்்பாக மாறறுகின்ைது. 

2. வேறகப்்பாடடு மறறும் வேற்லப்பின்னல் 
திட்டத்றேத் ேகவேல் மீடபு ஒழுங்கறமப்்பாக 
மாறறுகின்ைது. 

3. இறண்ய மீளப்ச்பறுேல்: வேறகப்்பாடடு மறறும் 
வேற்லப்பின்னல் திட்டத்றே குறி தே்டலு்டன் 
இறணப்்பது. 

10. முடிவுறை 

சொல்வேற்ல என்்பது சொறகறளக கருத்துருககளில் 
அ்டககி அவேறறை ஒருச்பாருள் ்பன்சமாழி்யக 
குழுமங்களாகப் (synsets) ்பகுத்து அறவேகளுககிற்டத்ய 
உள்ள ச்பாருண்றம மறறும் சொல் உைவுகறள நிறுவி 
ஒரு வேற்ல்யறமப்்பாக வேடிவேறமப்்போகும். சுருககமாகச் 
சொல்வேற்ல என்்பறே விளககதவேண்டுமானால் அது 
ஒரு அகைாதிப் ்பண்புககூறுகளும் ச்பாருடபு்ல அகைாதிப் 
(சொறகளஞசி்யம்) ்பண்புககூறுகளும் சகாண்்ட ஒரு 
சொல் மூ்லவேளமாகும். கா்ல வேளர்ச்சிகதகற்பச் 
சொல் விளகக அகைாதிகளும் சொறகளஞசி்யங்களும் 

கணினிம்யமாககப்்படடுச் சொல்வேற்ல என்ை புதி்ய 
வேடிறவேப் ச்பறறுள்ளன. சொல்வேற்ல ்ப்யன்்படுத்துதவோர் 
தேறவே்யான ேகவேல்கறளக கணினி வேழி எளிோகப் 
ச்பைதவேண்டும் என்ை தநாககில் உருவோககப்்படடுள்ளது. 

இன்று இறண்ய ேளங்களில் ேைப்்படும் ேைவுகள் 
நாளுககு நாள் விரிவேற்டநது வேருகிைது. உ்லகளவு 
விரிநே வேற்ல (World Wide Web), இறண்யேளத் 
ேைவு றம்யங்கள் மறறும் நிர்வேகிககப்்பட்ட ேகவேல் 
ஒழுங்கறமப்புகள், ஆவேணக காப்்பகங்கள் (document 
arch ieves) மறறும் உள்ளிற்ட இறண்யங்களின் 
((Intranet) வேளர்ச்சி என்்பன ்யாவும் ேகவேல்களின் 
மூ்லவேளமாகச்  தெறவே செயகின்ைன .  புதி்ய 
இற்டமுகங்களாலும் கருவிகளாலும் ேகவேல் அணுகல் 
தமம்்படடுள்ளது; ஆனால் ேகவே்லானது இப்த்பாதும் 
்ப்யன்்பாட்டாளைால் ேைப்்படுகின்ை சி்ல முககி்யச் 
சொறகளால் (Keywords) இணககமானோக அல்்லது 
ச்பாருத்ேமானோகப் ச்பாதுவோக அற்ட்யாளம் 
காணப்்படுகிைது; ேகவேல் தே்டல் சொல்்லற்டவு 
செய்யப்்பட்ட இநேச் சொறகள் மூ்லமாகதவோ இநேச் 
சொறகறளக சகாண்்ட ேற்லப்பு அடிப்்பற்டயித்லா 
நற்டச்பறுகிைது. எதிர்கா்லத்தில் இம்மூ்லங்களின் 
அளசவேல்ற்ல மறறும் ேகவேலின் அளவு அதிகரிககும் 
த்பாது ெரி்யான ேகவேற்ல இ்டங்காண ெரி்யான 
கற்லச்சொல்ற்லப் ்ப்யன்்படுத்துவேேறகுத் திைனறை 
்ப்யன்்பாட்டாளர் கூடுேல் சிககற்ல எதிர்சகாள்வேர். 

சொல்வேற்ல இ்யறறக சமாழி ஆயவுககும் 
உருவோககத்திறகும் இது ்ப்ல வேழிகளில் றகசகாடுககும். 
சொல்வேற்லற்யப் ்ப்யன்்படுத்தி இ்யநதிைசமாழிச்ப்யர்ப்பு 
செயவேேறகான மு்யறசிகளும் நற்டச்பறறு வேருகின்ைன. 
சொல்வேற்லயில் உட்படுத்ேப்்படடுள்ள சொல் அறிவு 
அறேத் திைறம்யான ஒழுங்கு முறைகள் (expert 
systems), சமாழிச்ப்யர்ப்புத் துறணககருவிகள், தே்டல் 
இ்யநதிைங்கள், கறைல் ஒழுங்கறமப்புகள் மறறும் 
ோனி்யங்கு சுருககிகள் (automatic summarizers) 

உைவுகள் சோ்டர்பு்படுத்தும் சொல்வேறகப்்பாடு   எடுத்துககாடடு 

எதிர்மறை
(நிை்லாககம் செய்ய இ்யலுவேது) ச்ப்யைற்ட-ச்ப்யைற்ட அழகான-குரூைமான

எதிர்மறை
(நிை்லாககம் செய்ய இ்ய்லாேது) ச்ப்யைற்ட-ச்ப்யைற்ட உயிருள்ள-செத்ே

ஆககவேடிவு ச்ப்யைற்ட-ச்ப்யர் அழகான-அழகு

அற்டசமாழி ச்ப்யர்-ச்ப்யைற்ட வேடிவேம்-சின்ன

சோ்டர்பு ச்ப்யைற்ட-ச்ப்யர் ச்பாருளாோை-ச்பாருளாோைம்

த்பா்ல ச்ப்யைற்ட-ச்ப்யைற்ட ்பாைமான-கனமான
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த்பான்ைவேறறிறகுப் ச்பாருத்ேமானோகச் செயகின்ைது. 

ஐதைாப்்பாவில் ்ப்ல சமாழிகள் ேகவேற்ல இ்டம் 
காண்்பதில் சிககற்ல தநரிடுகின்ைன. யூதைா சொல்வேற்ல 
சொல் உைவுகளால் சோ்டர்புப்்படுத்ேப்்பட்ட சொறகளின் 
்பன்சமாழி வேற்ல்யறமப்ற்பத் ேருகிைது. இது ேகவேல் 
தே்டலில் ்ப்யன்்படுத்ேப்்படும் ்ப்யன்்பாட்டாளைால் ேைப்்படும் 
சொறகளிலிருநது பிை சொறகறளக கண்டுகசகாள்ளத் 
தே்டல் கருவிற்யத் ேருகிைது. இது குறிப்்பாகச் 
சொறசைாகுதியின் த்பாதி்ய அறிவு இல்்லாே இைண்்டாவேது 
சமாழியில் ்பணி செயயும் ்ப்யன்்பாட்டாளர்களுககுப் 
்ப்யன்்படும். இநேச் சொல்வேற்ல பிை ்ப்யன்்பாடுகளுககு 
ஆேைவோக இருககும் ஒரு அடிப்்பற்ட மூ்லமாகப் 
்ப்யன்்படுத்ேப்்படுகிைது. சொல்வேற்லயில் உட்படுத்ேப்்படும் 
உள்ளுறையும் ச்பாருண்றம அறிவு வேலுவோன 
ஒழுங்குமுறைகள், சமாழிச்ப்யர்ப்புக கருவிகள், சமாழி 
கறகும் ஒழுங்குமுறைகள் மறறும் ோனி்யங்கி சுருககிகள் 
ஆகி்யவேறறின் ஒரு ்பகுதி்யாகப் ச்பாருத்ேமுைச் 
செயகிைது.

யூதைா சொல்வேற்ல த்பா்லதவே திைாவி்டசமாழிகளின் 
சொல்வேற்ல (Dravidian wordnet) உருவோககுவேேறகான 
மு்யறசிகள் தமறசகாள்ளப்்ப்டதவேண்டும்.  ேமிழுககு என்று 
ேனி்யான ஒரு சொல்வேற்ல உருவோககப்்ப்டதவேண்டும் 
என்ை குறிகதகாறள நிறைவு செய்யதவேண்டுமானால் 
அேறகுரி்ய முன்தனாடி  ஆயவுகள் தேறவே . 
சொறச்பாருண்றமயி்யல் தகாட்பாடற்ட முழுவேதும் 
அறிநது சகாண்டு பின்னர் அகதகாட்பாடற்ட ஒடடி ்ப்ல 
ஆயவுகறள தமறசகாண்டு தேறவே்யான மூ்லவேளங்கறள 
உருவோககி்யப் பின்ோன் ேமிழச் சொல்வேற்ல உருவோககம் 
சோ்டங்கப்்ப்டதவேண்டும். அடிப்்பற்ட்யாக ஒரு அகைாதியும் 
ச்பாருடபு்ல அகைாதியும் (சொறகளஞசி்யமும்) தேறவே. 
கிரி்யாவின் ேறகா்லத் ேமிழகைாதியும் (சுப்பிைமணி்யம், 
1992) ேறகா்லத் ேமிழ்ச் சொறகளஞசி்யமும் 
(இைாதெநதிைன், 2001) இறேப் பூர்த்தி செயகின்ைன. 
தமலும் ்ப்ல சிைப்பு அகைாதிகளும் நிகண்டுகளும் ேமிழ் 
மூ்லப்ச்பாருண்்பறறி்ய இைாதெநதிைனின் நூல்களும் 
ேைவுறம்ய உருவோககத்திறகுப் ்ப்யன்்படுத்ேப்்ப்டதவேண்டும். 

ேமிழ்ச் சொல்வேற்லயில் அ்டங்கும் சொறசைாறக 
சொறகள் ச்ப்யர், விறன, ச்ப்யைற்ட, விறன்யற்ட 
த்பான்ை சொற்பாகு்பாடுகளின் அடிப்்பற்டயில் 
பிரிககப்்படடுப் ்ப்யன்்படுத்துதவோருககு எளிறம்யான 
முறையில் சொல் குறித்ே தேறவே்யான செயதிகறளப் 
ச்பைதவேண்டி கணினிம்யமாககப்்படடு ஒரு இறண்யேளச் 
சொல் ேைவுேளமாகத் (onl ine lexical database) 
ேைப்்ப்டதவேண்டும். ேமிழ்ச் சொல்வேற்ல ச்பாருண்றம 
உைவுகளுககும் சொறகளுககும்  இற்டயி்லான 
உைவுளுககும் முககி்யத்துவேம் ேைதவேண்டும்.  ச்ப்யர், 
விறன, ச்ப்யைற்ட, விறன்யற்ட த்பான்ை வேறக்பாடுகளில் 
அ்டங்கும் சொறகளுககு  இற்டத்ய உள்ள ச்பாருண்றம 
உைவுகறள சவேளிப்்படுத்தும் வேறகயில் ேைவுத்ேளம் 
(database) உருவோககப்்படடு ்ப்யன்்படுத்துதவோர் 
தேறவே்யான ேகவேல்கறளப் ச்பறும்்படி ஒரு “முன் 

முகப்பு” உருவோககப்்ப்ட தவேண்டும்.  

சொறச்பாருண்றமயி்யல் கணிப்ச்பாறியி்யலு்டன் 
உள்ள ேறத்பாறே்ய சோ்டர்புகாைணமாகக கணினிச் 
சொறச்பாருண்றமயி்யல் என்ை புதி்ய ஆயவுககளமாக 
ம ்ல ர் ந து ள் ள து .  ச ெ ா ற ச ்ப ா ரு ண் ற ம யி ்ய ல் 
கணினிசமாழியி்யலில் ச்பரி்ய ஆயவுக களமாக 
மாறிவேருகின்ைது. இத்ேறக்ய கணினிசமாழியி்யல் 
தகாட்பாடுகள் அடிப்்பற்டயில் அறமவேதுோன்  
சொல்வேற்ல.

ேமிழ் ச்  ச ெ ா ற களில்  ச ்ப்ய ர் ச் ச ெ ா ற கள் , 
வி ற ன ச் ச ெ ா ற க ள் ,  ச ்ப ்ய ை ற ்ட ச் ச ெ ா ற க ள் , 
விறன்யற்டச்சொறகள் ஆகி்யறவே அ்டங்குகின்ைன. 
ச்ப்யரும் விறனயும் ேற்லறம இ்லககணககூறுகள் 
எ ன் று ம்  ச ்ப ்ய ை ற ்ட யு ம்  வி ற ன ்ய ற ்ட யு ம் 
து ற ண ற ம  இ ்ல க க ண க கூ று க ள்  எ ன் று ம் 
அறழககப்்படுகின்ைன. இச்சொறகறள ஒருச்பாருள் 
்பன்சமாழி்யககுழுமங்களாகப் ்பகுத்து அவேறறிறகு 
இற்டயில் வேரும் சொல் மறறும் ச்பாருண்றம 
உைவுகள் சவேளிப்்படும் வேண்ணமும் அவேறறின் 
்பல்ச்பாருண்றம சவேளிவேரும் வேண்ணமும் அறமத்துப் 
்ப்யன்்படுத்துதவோருககுச் சொல் குறித்ே தேறவே்யான 
செயதிகறள எளிோகப் ச்பை ஒரு சமன்ச்பாருளின் 
மாதிரி உருவோககப்்ப்டதவேண்டும். 

ேமிழ்சொறகறளப் ச்பாருண்றமக களங்களாகப் 
்பகுத்து அவேறறில் வேரும் சொறகறளப் ச்பாருண்றம 
உைவுகளால் சோ்டர்பு்படுத்துவேது கடினமான செ்யல்்பாடு. 
இத்ேறக்ய மு்யறசி  தமறசகாள்ளப்்ப்டதவேண்டும். இது 
ஒரு முழுறம்யான ேமிழ்ச்சொல்வேற்ல உருவோககத்திறகு 
அடிப்்பற்ட்யாக அறமயும். ்பல்தவேறு சமாழியி்யல் 
அறிஞர்கள் உருவோககி்ய ச்பாருண்றமயி்யல் 
தக ாட்ப ாடு  அடிப்்பற்டயில் உருவோககப்்பட்ட 
இைாதெநதிைனின் (இைாதெநதிைன், 2001) ேறகா்லத் 
ேமிழ்ச் சொறகளஞசி்யத்தில் ்படடி்யலி்டப்்படடுள்ள 
ச்ப்யர் ,  விறன ,  ச்ப்யைற்ட ,  விறன்யற்டச் 
சொறகள் சொல்வேற்லககு ஏற்பத் ேைவுேளமாக 
மாறைப்்ப்டதவேண்டும். இச்சொல்வேற்ல தேறவே்யான 
சமன்ச்பாருள்கறளப் ்ப்யன்்படுத்தி ஒரு மீளப்ச்பறும் 
ஒழுங்குமுறை்யாக உருவோககப்்ப்டதவேண்டும்.   

ேமிழ்ச் சொல்வேற்ல ஒரு சொல் ேைவு றம்யம் 
(Lexical database). இேன் முககி்யமான ்பண்பு அேன் 
அர்த்ேங்களின் வேற்லப்பின்னல். சொறகளுககு இற்டத்ய 
உள்ள ஒறறுறமற்ய அளநது சொறச்பாருள் ம்யககம் 
தீர்ககச் சொல்வேற்ல ்ப்யன்்படுகின்ைது. சொல்வேற்லற்யப் 
்ப்யன்்படுத்தி ்படிநிற்ல அறமப்பில் ேைப்்படடுள்ள 
இரு சொறகளுககு இற்டத்ய உள்ள ச்பாருண்றம 
உைறவே ஆயநது அச்சொறகளுககு இற்டத்ய உள்ள 
ஒறறுறமற்ய அளகக்லாம். ச்பாருண்றம ம்யககம் 
ேவிை மீடபுச்செ்யல்்பாடுகளுககும் சொல்வேற்ல 
்ப்யன்்படுகின்ைது. ேகவேல் ேளங்களிலும் ேகவேல் 
றம்யங்களிலும் இருநது ்ப்யன்்படுத்து்பரின் தகள்வி்யால் 
தேறவே்யான ேகவேல்கறளப் ச்பை இ்யலும். சொல்வேற்ல 
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இேறகுப் ச்பரிதும் உேவும். இ்யறறக சமாழி ஆயவுககும் 
உருவோககத்திறகும் இது ்ப்ல வேழிகளில் றகசகாடுககும். 
சொல்வேற்லற்யப் ்ப்யன்்படுத்தி இ்யநதிைசமாழிச்ப்யர்ப்பு 
செயவேேறகான மு்யறசிகளும் நற்டச்பறறு வேருகின்ைன. 
சொல்வேற்லயில் உட்படுத்ேப்்படடுள்ள சொல் அறிவு 
அறேத் திைறம்யான ஒழுங்குமுறைகள் (exper t 
systems), சமாழிச்ப்யாப்புத் துறணககருவிகள், தே்டல் 
இ்யநதிைங்கள், கறைல் ஒழுங்கறமப்புகள் மறறும் 
ோனி்யங்கு சுருககிகள் (automatic summarizers) 
த்பன்ைவேறறிறகுப் ச்பாருத்ேமானோகச் செயகின்ைது. 
யூதைா சொல்வேற்ல த்பா்லதவே திைாவி்டசமாழிகளின் 
சொல்வேற்ல (Dravidian wordnet) உருவோககுவேேறகான 
மு்யறசிகள் சோ்டங்கப்்ப்டதவேண்டும் .  ேமிழ்ச் 

சொல்வேற்லயின் மாதிரிோன் உருவோககப்்படடுள்ளது. 
முழுச்சொல்வேற்ல உருவோககப்்ப்டவில்ற்ல. ேறத்பாது 
மனிேவேள தமம்்பாடடு அறமச்ெகத்தின் நிதி உேவியு்டன் 
ேமிழ்ப் ்பல்கற்லககழக சமாழியி்யல் துறையில் 
நற்டச்பறை திைாவி்டசமாழிகளின் சொல்வேற்லகள் என்ை 
திட்டத்தின் ஒரு ்பகுதி்யாக அறமயும் ேமிழ்ச்சொல்வேற்ல 
உருவோககத்திறகு இது முன்தனாடி்யாக அறமயும். 

இநதி்ய சமாழிகளின் சோழில் நுட்பவேளர்ச்சி 
(Technological Development Indian Languages) 
இண்யேளத்தில் இநதோ சொல்வேற்லயின் ஒரு்பகுதி்யான 
ேமிழ் சொல்வேற்லற்ய ்பறறி்ய விளகககங்கறளயும் 
்ப்யன்்படுத்துவேர் இற்டமுகம் மூ்லம் சொல்வேற்லத் 

ேகவேல்கறளயும் ச்பை்லாம்.
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1. INTRODUCTION
Response generation is one of the main components 

in conversational AI. This task involves “understanding" 
natural language input provided by the user to give an 
appropriate response in a natural, fluent way as human’s 
converse, for instance back and forth dialogues. The 
creation of high-quality natural language responses for 
chatbots remains a challenging and time-consuming 
task that often depends on high-quality training data 
and deep domain knowledge. Therefore, it is essential 
to engage experts in the chatbot response development 
process which have the required domain knowledge. 
But having a high knowledge human expert available 
is difficult and expensive. It is essential that automatic 
or semi-automatic methods for response generation are 
devised. The success of neural models and the emergence 
of large-scale dialogue datasets availability in English 
have greatly helped in advancing the research of dialog 
generation (Serban et al., 2016, 2017; Huang et al., 
2020; Meng et al., 2020) in English and few European 
languages. In the Indian languages there are no such 
datasets available. Hence it is important to use methods 
which can work on limited datasets or practically no 
annotated datasets.

The paper is further organized as follows: Section 2 
describes state of the art in this area of research. Section 
3 describes the present work which also includes 
description of data creation. In section 4, experiments 
and results are discussed. The paper concludes with 
section 5.

2. RELATED WORK
Advancements and accessibility of high-end 

hardware infrastructure has helped researchers use 
artificial neural network algorithms with success to 
develop neural models such as BERT, Large Language 
Models (LLMs). In languages such as English and few 
European languages emergence of large-scale datasets 
have greatly advanced the research of conversational 
AI. The open-domain chatbot systems generate more 
informative and fluent responses (Ke et al., 2018; 
Zhang et al., 2020b; Bao et al., 2020; Meng et al., 
2021), for general conversations and for domain 
specific applications such as providing emotional 
companionship and social chatbots. 

ABSTRACT
Response generation is one of the main components in 
conversational AI. This task involves “understanding" 
natural language input provided by the user to give an 
appropriate response in a natural, fluent way as human’s 
converse, for instance back and forth dialogues. The 
emergence of large-scale dialogue datasets availability in 
English has greatly helped in advancing the research of 
dialog in English and few European languages. In the Indian 
languages there are no such datasets available. In this work 
we have created a small Tamil dialogue dataset in general 
domain. This dataset has 50 conversations between two 
speakers. In this work a zero-shot algorithm which uses a 
capsule-based model, as described by Xia (Xia et.al. 2018) 
is developed for response generation. A F1-accuracy score 
of 82.13% is obtained which is comparable with the state of 
the art.
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It is observed that most of the response generation 
systems (Zhang et al., 2020b; Bao et al., 2020; Li 
et al., 2020; Floridi and Chiriatti, 2020) rely on 
a considerable amount of data resource, such as 
DialoGPT (Zhang et al., 2020b). But one of the 
greatest hurdles is that, the dialogue corpus for many 
languages is unavailable, which limits the usefulness 
of the available conversational AI systems for low-
resource or even zero-resource languages such as Tamil 
and other Indian languages. There is a need to design 
and develop approaches that can efficiently perform 
with limited training corpus. The pre-trained language 
models such as GPT-3 (Brown et al, 2020), have been 
used to augment small datasets for the development 
of chatbots. Even the language models such as GPT-
3 have limited usability for our Indian languages as 
these generate generic responses and sometimes even 
irrelevant responses. Thus, there is a need to develop 
Zero-shot Learning for response generation. This task 
refers to building a response generation system with 
very few training samples (Floridi and Chiriatti, 2020). 
Most existing zero-shot methods rely on large-scale 
pre-trained generative models (Lewis et al., 2020; 
Zhang et al., 2020b; Floridi and Chiriatti, 2020), such 
as GPT-3 (Floridi and Chiriatti, 2020). These methods 
require huge computing resources, which hinders the 
usableness of response generation systems. Also as 
stated above use of such LLMs for our Indian languages 
mostly provide empty responses or irrelevant responses.

3. OUR APPROACH
In this work we have created a small dialogue dataset 

in general domain. This dataset has 50 conversations 
between two speakers. And develop a base response 
generation system using neural methods. Since the data 
is very small, in the real time scenario of chatbot we 
need to handle unseen user inputs for responses need to 
be generated by the system. Here we tackle this issue 
using zero-shot algorithm which uses a capsule based 
(Hiton et.al. 2011, Sabour et.al. 2017) model, as tried 
by (Xia et.al. 2018). 

3.1 Data Creation
We have developed conversation (or dialogue) 

dataset in-house. In developing the corpus, we 
have followed the annotation convention used for 
developing annotated corpus of free conversations 
in Japanese, called “JAIST Annotated Corpus of 
Free Conversations” (Kiyoaki Shirai and Tomotaka 
Fukuoka. 2018). Our corpus consists of dialogs of two 
native speakers in Tamil as participants, where they 
freely talk about various topics. Each utterance in the 
dialogs is annotated with two kinds of tags. One is a 
Turn construction Unit (or speech act), which is the 
type of utterance that represents the speaker’s intention. 

The other is sympathy that is the interest shown by 
the listener in the current topic in the conversation 
(response). The corpus consists of transcriptions of 50 
free conversations between two participants. The total 
duration of the dialog is about 50 hours. Each utterance 
was transcribed by hand. Out of 50 conversations, not 
all were with two participants. 46 dialogs were with two 
people participate in the conversation. The statistics is 
given: Number of dialogs 46, Number of utterances 
23556, Average number of utterances per dialog 500. 
This shows that each dialog is long. We had two 
annotators and the Inter annotator’s agreement Kappa 
score is 92%. This Tamil conversational data is first of 
its kind in Indian languages.

Each utterance has the information: Speaker ID: An 
identification number of the speaker. Turn taking: A 
flag indicating whether the speaker has changed or not. 
TCU: A dialog act of an utterance. Sympathy tag: A tag 
that represents whether the listener shows sympathy or 
antipathy. Nine types of TCU were formulated for the 
annotation (Request, Confirmation etc.). The annotation 
has also three tags for sympathy.

3.2 CapsNet - System Implementation
In this work two tier architecture approach similar 

to the one proposed by Xia et al, (2018) is followed. 
Initially the CapsNet model is developed using our 
small dataset to generate responses. Then the Zero-
shot learning for generation of responses for unseen 
responses is used.

The steps in the implementation of CapsNet response 
generation are described below:

a) Dataset preparation:
• We have developed labelled dataset for 

response generation. Each utterance is 
labelled with fundamental utterance unit 
the Turn Construction Units (TCUs) and 
the complete utterance is labelled with its 
corresponding class of the response.

• Pre-process the conversation data by 
performing proper tokenization and other 
typological error corrections, as this is a 
transcribed data.

b)  CapsNet Data Input
• Convert the pre-processed conversation 

data into vector representations such that 
it can be fed into the neural network. Word 
embedding’s method of Word2Vec is used 
to represent TCUs as dense vectors.

c) Designing the CapsNet architecture for 
response generation:

• The original CapsNet architecture used 
for image recognition as used by Hinton 
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et al 2017 is adapted to suit the response 
generation task. The image-based 
input is replaced with the text vector 
representations obtained from Word2vec.

• The number of capsule layers is derived 
empirically. 

• Dynamic routing-by-agreement algorithm 
(Sabour et al., 2017), is used for 

Learning hierarchical relationships between TCUs 
and thus used for response generation.

d) Training the CapsNet:
• The dataset is split into training and 

validation sets.
• CapsNet model is initialized with initial 

values and then use categorical cross-
entropy loss function.

• Train the model using the training dataset, 
monitoring the validation accuracy to 
avoid over-fitting.

• Backpropagation and gradient descent 
function to update the model's weights and 
thus optimize the loss function.

e) Measuring response relations: 
• Here we propose to learn a Mahalanobis 

distance metric to measure the relationship 
between unseen and seen responses. 
Specifically, given the embeddings of an 
unseen response l and a seen response 
k, their squared Mahalanobis distance is 
given by:

 dM (eul , esk) = 
 (eul − esk)>Ω−1(eul − esk), ---- (1)
• Where, Ω is a learnable covariance matrix 

which models the correlation between 
dimensions of the embedding. Note that 
CapsNet (Xia et al., 2018) also tries to use 
Eq. (1) to model the relationship between 
unseen and seen responses, but it ignores 
the correlation between dimensions and 
simply sets Ω = σ2I (σ is a scaling hyper-
parameter), which is a scaled squared 
Euclidean distance.

3.3 Zero-shot Response Generation
Zero-shot response generation involves using 

auxiliary information or semantic descriptions to 
associate visual features with labels. The zero-shot 
learning utilizes vote vectors from existing responses 
to build response representations for emerging new 
responses via a similarity metric between unseen intents 
and responses.

Suppose there are K existing (seen) responses and L 
emerging (unseen) responses, the similarities between 
existing and emerging responses form a matrix Q∈R 
L×K. Specifically, the similarity between an emerging 
response zl ∈Z and an existing yk ∈Y is computed as 
ezl , eyk ∈ RD 1×1 are response embeddings computed 
by the sum of word embeddings of the response label. 
Σ models the correlations among response embedding 
dimensions and we use Σ = σ2 I. σ is a hyper-parameter 
for scaling.

We feed the prediction vector nl to Dynamic routing 
algorithm and derive activation vectors nl on emerging 
responses as the output. The final response representation 
nl for each emerging response is updated toward the 
direction where it coincides with representative votes 
vectors. We can easily classify the emerging responses 
by choosing the activation vector with the largest norm   
ˆ = arg max ||n1 ||Z

4. EXPERIMENTS AND RESULTS
The experiments are performed using the data 

created by us which was described in the section 3.1. 
The data is split into two, training (38 dialogues) and 
test (8 dialogues). The test partition is formed such 
that 4 dialogues have topic similarity with the training 
partition. The remaining 4 dialogues are completely 
different than the rest (completely unseen). 

The embeddings needed for the response generation 
models, are developed using Tamil Wikipedia content 
and copyright free Novels digitized content from 
Project Madurai (Project Madurai). These pre-trained 
word embeddings are used in the training of CapsNet 
as well as for Zero-shot learning as augmentation to the 
dataset.

A three-fold cross-validation to choose hyper 
parameters is performed. The dimension of the 
prediction vector DP is 10. DI = DW because we use 
the averaged word embeddings contained in the intent 
label as the intent embedding. An additional input 
dropout layer with a dropout keep rate 0.8 is applied to 
the intent annotated corpus of ours. In the loss function, 
the down-weighting coefficient − λ is 0.5, margins m+ k 
and mk are set to 0.9 and 0.1 for all the existing intents. 
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The iteration number iter used in the dynamic routing 
algorithm is 3. Adam optimizer is used to minimize the 
loss function.

We have evaluated our method using different 
models, we employ both automatic metrics and human 
evaluations. 

Automatic Metrics: We employ perplexity (PPL) 
and distinct 1/2 (Dist.1/2) following previous studies 
(Zhang et al., 2018; Zheng et al., 2020; Song et al., 
2021). Lower perplexity means more reliable model. 
Distinct 1/2 (Li et al., 2016) are the ratio of distinct uni-
grams / bi-grams. Higher distinct means better diversity 
of responses generated by the model. 

Method        PPL    Dist.1/2

TF-IDF Classifier
(Base system)     140.65 11.59/43.68

Zero-shot Response 
generator      110.65 13.59/43.68

Human Evaluation: We further conduct human 
evaluations to assess the proposed learning framework. 
We ask three graduate students to evaluate the quality 
of generated responses for 100 randomly sampled 
input contexts. We request evaluators to choose a 
preferred response in a scale of 1 to 5, considering 
the following aspects of response quality: fluency, in-
formativeness, coherence, and engagingness. We have 
obtained encouraging results. We have obtained human 
evaluation score of 82.13%.

Limitations: 
CapsNet (Xia et al., 2018) is the first work to 

employ capsule networks for zero-shot learning. 
It exploits the self-attention mechanism to extract 
semantic features (capsules) of an utterance. For zero-
shot intent classification, it utilizes the vote vectors 
of seen responses and the similarities between seen 
and unseen responses based on Euclidean distance to 
make predictions for unseen new responses. CapsNet 
has demonstrated strong performance, but has two 
fundamental limitations:

i. The self-attention module of CapsNet 
has little issues in handling the polysemy 
problem, which limits the representation 
capacity of semantic capsules. This needs 
more cautious implementation.

ii. For the generalized zero-shot classification 
setting, the method of CapsNet for 
constructing the prediction vectors is 
highly likely to cause the model to lose 
generalization ability to unseen intents
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INTRODUCTION
With over 80 million speakers worldwide, Tamil is 

still facing the complexities of the digital age. Integrating 
Tamil into technology holds immense potential for 
cultural preservation, educational empowerment, and 
economic growth. However, bridging the linguistic gap 
requires thoughtful consideration of practical challenges 
and innovative solutions.

Tamil Keyboard Standardization:
Tamil Keyboard Standardization is pivotal for a 

seamless digital experience in the Tamil language. 
While initiatives like the Ka-naada keyboard have 
made progress, the urgent need for a standardized Tamil 
keyboard raises questions about cultural preservation 
and technological advancement. 

 
Source: https://yourstory.com/2018/12/indic-keyboard-for-

indian-languages-kanaada-guru-prasad

Current Scenario:
Current research emphasizes the significance of 

standardized Tamil keyboards, with solutions like Ka-
naada keyboard which supports Indic language typing 
showcasing potential. However, the lack of a unified 
standard raises concerns about future generations losing 
touch with the traditional Tamil script typing.

Own Tamil Keyboard vs. Existing Solutions:
The decision between creating a new Tamil keyboard 

and adopting existing solutions involves weighing 
technological implications, user adoption rates, and 
cultural considerations. Striking a balance between 
innovation and cultural preservation is imperative for 
successful standardization.

ABSTRACT
The digital revolution presents both opportunities and 
challenges for Tamil still being a low resource language. 
This research paper examines the practical approaches to 
bridge the linguistic gap between Tamil and technology 
through data-driven analysis. It explores the ongoing 
debate regarding Tamil keyboard standardization, the rise 
of Tanglish (Tamil-English hybrid) usage, and the potential 
of voice-based technologies in fostering Tamil inclusion. 
Through analysis of successful case studies like Hinglish 
integration and Singapore’s GovTech initiatives, the paper 
proposes a multi-pronged strategy for enhancing Tamil 
accessibility in the digital domain.

Somasundaram Meenakshisundaram

Bridging the Linguistic Gap: A Practical Exploration of Tamil 
Integration in Technology - A Data-Driven Perspective

Somasundaram Meenakshisundaram
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Samsung R&D’s Contribution
Samsung R&D’s extensive efforts in Indian 

language technology play a crucial role in shaping Tamil 
integration. Advancements in keyboard technology, 
language models, and AI showcase the potential for 
industry leaders to drive regional language integration.

Samsung’s Commitment to Indian Languages:
Samsung’s commitment to supporting over 40 

Indian languages demonstrates industry leadership. 
Their advancements in technology create a roadmap 
for other tech giants, emphasizing the role of corporate 
innovation in regional language integration.

Source: https://www.youtube.com/
watch?v=r6XOCSD6K6M 

(Indian Language Input on Mobile - Challenges and 
Advances, Mr. Barath Raj, Samsung R&D Institute)

Indian users are multilingual, while we focus on 
developing pure language solutions, for the mainstream 
use cases the multi-lingual approach needs to be taken 
for the users to start using the solution. This might sound 
like a controversial statement but from the industry 
point of view any solution that was not developed for 
practical use cases will have very little adaption.

The landscape of Tamil keyboards reflects a 
fragmented ecosystem, with solutions like Ka-naada and 
Tamil 99 gaining traction but failing to achieve universal 
adoption. The lingering absence of a standardized 
layout necessitates a critical juncture – should we 
strive for a unified keyboard for future generations, or 
remain tethered to existing options? This question holds 
paramount importance, as the chosen path will impact 
both the ease of learning and the digital preservation of 
the Tamil language.

Tanglish: Challenge or Opportunity?
The ubiquitous presence of the QWERTY 

keyboard has inadvertently birthed a hybrid language 
phenomenon – Tanglish, a blend of Tamil and English 

widely used for its ease and familiarity. To ignore this 
reality would be to marginalize a significant portion of 
Tamil speakers in the digital space. Therefore, solutions 
must be sought that acknowledge the prevalence of 
Tanglish while paving the way for proper Tamil usage. 
Intelligent autocorrect tools that recognize and translate 
Tanglish into grammatically accurate Tamil sentences 
can bridge this gap, fostering a gradual transition 
towards embracing the richness of the native language. 

Hinglish: A Blueprint for Tanglish Integration 
in Tamil Technology

The digital revolution has not only reshaped 
communication but also challenged notions of linguistic 
purity. Across India, the rise of Hinglish – a dynamic 
blend of Hindi and English – holds valuable lessons 
for integrating Tanglish, the Tamil-English hybrid, into 
technology. Analyzing the success of Hinglish reveals a 
crucial truth: acknowledging user language preferences 
and embracing hybrid forms can bridge the convenience 
gap and empower communities.

Hinglish: Paving the Way for Tanglish
Hinglish, no longer relegated to casual 

conversations, has become a powerful force in 
Indian technology. Platforms like HaptikAI’s virtual 
assistants understand and respond to Hinglish queries, 
simplifying customer interactions. Google Pay’s 
Hinglish interface demystifies financial transactions, 
empowering those less comfortable with pure English. 
Even carmakers like Kia and MG Motor India have 
incorporated Hinglish voice commands in their in-car 
systems, recognizing the growing comfort level of 
users with this hybrid language. The data behind these 
successes resonates loud and clear – acknowledging 
user language preferences through features like context-
aware translation, intelligent language recognition, and 
hybrid interfaces leads to significantly improved user 
engagement and adoption.

Source: http://webmanual.kia.com/STD_GEN5W/AVNT/
IND/English/008_VR_voicerec.html#d2e14466 
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Adapting the Hinglish Playbook for Tanglish:
The lessons learned from Hinglish integration offer 

a clear roadmap for Tanglish. Imagine a Tamil chatbot 
that seamlessly understands and responds to queries in 
both languages, bridging the gap for those new to digital 
platforms. Picture a Google Pay interface in Tamil and 
English, making financial management accessible to a 
wider audience. Consider e-commerce platforms like 
Flipkart incorporating Tanglish voice search, opening 
up the world of online shopping to users comfortable 
with this hybrid form. The possibilities are endless, and 
the potential impact is transformative.

Beyond Convenience: Empowering Communities
Integrating Tanglish is not just about convenience; 

it’s about empowering communities. By acknowledging 
this hybrid language, we validate the linguistic choices 
of millions of Tamil speakers and create a digital space 
that reflects their lived reality. This fosters inclusivity 
and confidence, encouraging hesitant users to engage 
with technology in a language they understand and feel 
comfortable with. Moreover, it preserves and celebrates 
the unique linguistic tapestry of Tamil culture, ensuring 
its survival and evolution in the digital age.

CHALLENGES AND CONSIDERATIONS:
Embracing Tanglish is not without its challenges. 

Concerns regarding standardization, potential dialectal 
variations, and ensuring accurate interpretation cannot 
be ignored. However, with careful consideration and 
collaboration between linguists, technologists, and 
users, these challenges can be overcome. Leveraging 
the advancements in Natural Language Processing and 
machine learning can pave the way for robust Tanglish 
recognition and translation systems. Open dialogues 
with the Tamil-speaking community will ensure that 
these solutions are culturally relevant and user-centric.

EMBRACING THE HYBRID FUTURE
The digital future of Tamil lies not in clinging to 

linguistic purity but in embracing the vibrant reality 
of Tanglish. By learning from the success of Hinglish 
and adopting a data-driven, user-centric approach, we 
can build technology solutions that empower Tamil 
speakers, bridge the convenience gap, and unlock a 
truly inclusive digital experience. Let us weave a digital 
tapestry that reflects the richness and diversity of the 
Tamil language, ensuring its continued evolution and 
prosperity in the ever-evolving landscape of technology.

Tanglish Dominance: A significant percentage of 
digital users prefer Tanglish over Tamil due to keyboard 

confusion and familiarity with English keyboards. 
Just as Hinglish dominates in Hindi-speaking regions, 
Tanglish is the go-to for many Tamil speakers in digital 
interactions. By embracing Tanglish, we don’t diminish 
the importance of formal Tamil; we simply acknowledge 
the reality of our digital landscape. Studies have shown 
that Tanglish is prevalent in online chats, social media 
interactions, and even informal writing among Tamil 
speakers. Ignoring this reality would be akin to building 
a bridge that only reaches half the population. We build 
a bridge, not a wall.

Why Multimodality Matters: A User-Centric 
Approach

Developing technology solutions solely in Tamil, 
while commendable for language preservation, misses 
out on the vast section of users who navigate between 
both languages seamlessly. A multi-modal approach 
acknowledges this reality and builds applications that 
cater to both Tamil and English, often within the same 
user interface. This could involve:

• Hybrid interfaces: Menus, prompts, and 
instructions offered in both 
languages, allowing users to switch 
between them based on their preference.

• Intelligent language recognition: Systems 
that understand and respond to both Tamil 
and English inputs, seamlessly interpreting 
Tanglish phrases and providing accurate 
response in the chosen language.

• Context-aware translation: Tools that 
automatically translate specific words or 
phrases within a sentence, offering users 
the flexibility to express themselves in 
their preferred blend of languages without 
hindering communication.

The Business Case for Multimodality: Beyond 
Language Purity

From an industry perspective, embracing 
multimodality is not just about inclusivity, it’s a 
sound business decision. By catering to the linguistic 
preferences of a broader user base, technology 
developers can significantly increase their reach and 
user engagement. Studies have shown that users are 
more likely to adopt and interact with applications that 
provide seamless language switching and Tanglish 
support. This translates to increased user satisfaction, 
higher retention rates, and ultimately, greater market 
share.
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VOICE: THE INCLUSIVE FUTURE?
How Voice Technology Bridges the Linguistic 
Gap

The digital revolution has transformed 
communication, but for many, linguistic barriers still 
stand in the way. Enter the realm of voice technology, 
where the spoken word transcends the limitations of 
keyboards and screens, offering a beacon of inclusivity 
for diverse languages like Tamil. This section delves 
into the immense potential of voice AI for bridging the 
linguistic gap and enriching the digital experience for 
Tamil speakers.

Inclusive Communication through Voice 
Interfaces:

Imagine a world where interacting with technology 
requires no keyboard, no deciphering complex 
interfaces, just the natural flow of spoken language. This 
is the promise of voice technology, and for languages 
like Tamil, it holds revolutionary potential. Solutions 
like Eleven Labs and Slang Labs showcase the maturity 
of voice AI for Tamil, offering near-flawless text-to-
speech synthesis, speech-to-speech recognition, and 
even voice cloning capabilities. This eliminates the 
need for literacy, opens doors for non-traditional users, 
and creates a truly inclusive digital platform accessible 
to all.

Elevating the Auditory Experience:
The power of voice technology goes beyond mere 

accessibility. Platforms like Eleven Labs offer voice 
cloning features, allowing users to create custom-
tailored digital assistants that speak in their own 
voice or the voice of a beloved public figure. Imagine 
textbooks narrated in the melodious tones of a favorite 
writer, news updates delivered in the familiar cadence 
of a trusted community leader, or virtual assistants 
responding to queries in the comforting voice of a family 
member. This personalized auditory experience fosters 
deeper engagement, strengthens cultural connection, 
and elevates the digital interaction to a whole new level. 

Source: https://elevenlabs.io/text-to-speech 

Empowering Communities with Voice Solutions:
Beyond individual experiences, voice technology 

holds immense potential to empower entire communities. 
Slang Labs’ Conva Omni-Assistant platform transcends 
pre-built apps, allowing developers to create custom 
voice solutions for specific needs. Imagine voice-
enabled agricultural extension services guiding farmers 
in their native language, voice-controlled healthcare 
information systems facilitating medical access in rural 
areas, or voice-driven educational tools breaking down 
literacy barriers for underprivileged communities. 
These are just a glimpse of the possibilities, where voice 
technology becomes a bridge to knowledge, healthcare, 
and progress, empowering Tamil communities on a 
larger scale.

Source: https://www.slanglabs.in/conva-omni-assistant 

CHALLENGES AND THE ROAD AHEAD:
While the promise of voice technology for Tamil 

is undeniable, challenges remain. Dialectal variations 
within the language must be accounted for, ensuring 
accurate speech recognition and synthesis across diverse 
regions. Building robust voice datasets that represent the 
richness and complexity of Tamil culture is crucial for 
developing culturally relevant and effective solutions. 
Collaboration between linguists, technologists, and user 
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communities will be key to addressing these challenges 
and shaping voice technology that truly caters to the 
needs of Tamil speakers.

A FUTURE RESONANT WITH TAMIL 
VOICES

The digital future of Tamil lies not just in preserving 
its written form but also in amplifying its vibrant oral 
traditions through voice technology. By embracing 
advancements in voice AI, we can dismantle linguistic 
barriers, empower communities, and create a truly 
inclusive digital landscape where the diverse voices 
of Tamil resonate loud and clear. Let us pave the way 
for a future where technology speaks the language of 
the people, fostering cultural connection, enriching 
experiences, and ultimately, celebrating the beauty and 
power of spoken Tamil in the digital age.

GovTech Initiatives in Singapore
Learning from the Lion City: Singapore’s GovTech 

Blueprint for Tamil-Centric Solutions
Singapore, the gleaming jewel of Southeast Asia, 

stands as a beacon for successful multilingual GovTech 
integration. For Tamil speakers in India, its initiatives 
offer a treasure trove of lessons that can be applied 
to create a more inclusive and accessible digital 
experience for Tamil Nadu citizens. Let’s delve deeper 
into Singapore’s GovTech landscape and explore its 
potential to guide the development of Tamil-centric 
solutions in India.

Singlish Voice Bots: Bridging the Communication 
Gap

Imagine Siri or Alexa seamlessly understanding and 
responding to your queries in Singlish, the vibrant hybrid 
of English and Singaporean Malay. This is the reality 
in Singapore, where voice bots powered by advanced 
natural language processing (NLP) have revolutionized 
citizen engagement. For Tamil Nadu, similar solutions 
can be developed, empowering individuals comfortable 
with Tanglish to interact with government services in a 
familiar and convenient manner. Imagine a healthcare 
chatbot guiding patients through appointments in both 
Tamil and English, or an educational assistant offering 
personalized learning support in a blend of languages. 
The possibilities are endless, and the impact profound.

Unified DPG Forms Framework: Streamlining 
Service Delivery

Government forms can be a daunting labyrinth, often 
riddled with complex jargon and inaccessible language. 
Singapore’s Unified DPG forms framework tackles this 

challenge head-on by offering a standardized format and 
supporting Tamil alongside English. This simplifies the 
application process for citizens, improves transparency, 
and fosters trust in government services. Adapting 
this framework to Tamil Nadu’s context would be a 
significant step towards digital inclusivity, ensuring that 
all citizens have equal access to government services 
regardless of their language proficiency.

 
Source: https://vouchers.cdc.gov.sg/residents/how-to-claim-

cdc-vouchers-tamil/ 

Low-Code Platform: Empowering Citizen 
Developers

Singapore’s low-code platform empowers 
government agencies and even citizen developers to build 
digital solutions without extensive coding knowledge. 
This platform, crucially, supports Tamil, allowing 
Tamil-speaking developers to create applications and 
services tailored to their community’s needs. Imagine 
village councils using the platform to develop apps for 
local resource management, or farmers accessing crop 
information and market updates in their native tongue. 
The potential for citizen-driven innovation is immense, 
and fostering a Tamil-enabled low-code platform can 
unleash the creativity and problem-solving skills of the 
Tamil-speaking community.

Data-Driven Insights: From Feedback to 
Improvement

Singapore’s GovTech initiatives are not static; 
they evolve and adapt based on user feedback and 
data analysis. The Citizen Translators program, a 
dedicated group of native speakers who review and 
refine translations, is a testament to this commitment 
to continuous improvement. Similarly, Tamil Nadu can 
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leverage its existing GovTech data, such as bilingual 
government orders (G.O.), to develop a small language 
model. This model could be used to personalize 

interactions, improve the usability of applications, and 
ultimately deliver a more satisfying digital experience 
for Tamil speakers.

Source: https://www.tech.gov.sg/media/technews/how-singpass-learnt-three-languages

THE SINGAPORE MODEL: A PATHWAY TO 
INCLUSIVITY

Singapore’s GovTech success story offers a roadmap 
for Tamil Nadu to follow. By embracing multilingual 
solutions, streamlining service delivery, empowering 
citizen developers, and prioritizing user feedback, Tamil 
Nadu can create a digital ecosystem that truly caters to 
all its citizens. This is not just about technology; it’s 
about inclusivity, empowerment, and ensuring that 
everyone, regardless of their language background, has 
the opportunity to participate in the digital revolution.

CONCLUSION:
Bridging the linguistic gap between Tamil and 

technology requires a collaborative and multifaceted 
approach. While the lack of standardized keyboards 

presents a challenge, exploring potential solutions, 
including the adaptation of existing layouts or 
the development of a new one informed by user 
preferences, holds immense promise. Recognizing the 
prevalence and convenience of Tanglish necessitates the 
development of intelligent tools that support this hybrid 
form while gradually leading users towards proper 
Tamil usage. Drawing inspiration from the success of 
Hinglish and the inclusivity of voice technology further 
illuminates the path forward. Finally, learning from 
successful GovTech initiatives like those in Singapore 
can guide the development of Tamil-centric solutions 
that empower and engage communities. By embracing 
innovation, collaboration, and a data-driven approach, 
we can create a future where the vibrant tapestry of 
the Tamil language seamlessly enriches the digital 
landscape, ensuring inclusivity and cultural preservation 
for generations to come.
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1. INTRODUCTION
According to the Ministry of Tourism of India, the 

country’s revenue from international tourism increased 
from 8.7 billion U.S. dollars in 2021 to 16.92 billion 
dollars in 2022. In 2021, Tamil Nadu had the most 
domestic tourists among all the states, with more than 
115 million visits. The country had a total of over 677 
million visits from domestic tourists that year. This 
financial trajectory mirrors the profound transformation 
within the tourism landscape. For travelers, the 
integration of virtual assistants, readily available AI-
driven travel agents, and a comprehensive overhaul of 
the user experience signifies a paradigm shift. From 
redefining the translation process to enhancing on-the-
go engagement, AI based applications are reshaping the 
very essence of how individuals plan and experience 
their journeys.

India, with its linguistic diversity and different 
languages and cultures in different regions, poses many 
challenges. However, travelers can overcome these 
challenges using translation mobile apps. These apps 
use conversational AI chatbots that can converse with 
locals in any language. The paper presents a voice/text-
based conversational AI via chatting, an AR layer to 
provide linguistic insights, and introduces a gamified 
GenAI that leverages user feedback to generate 
community-sourced translations. This system enables 
Tamil speakers to interact with speakers of other 
languages without a shared language during their travel 
to any place in India and reset of the world.

2. BACKGROUND STUDY
This neural machine translation (NMT) model with 

transformers is a type of natural language processing 
(NLP) that uses deep neural networks to translate text 
from one language to another. NMT has achieved 
remarkable results in recent years, based on the advances 
in neural network architectures, such as transformers, 
and large-scale parallel corpora. 

However, NMT still faces some challenges, such as 
handling low-resource languages, preserving discourse 
coherence, adapting to different domains and styles, and 
generating diverse and natural outputs. To address these 
challenges, this work has proposed various models that 
leverage additional information. 

ABSTRACT
Travel is a transformative experience, yet linguistic diversity 
often poses a challenge for Tamil travelers exploring 
different regions of India. This research addresses the 
need for effective communication mechanisms, leveraging 
deep learning and generative AI (GenAI) technologies to 
enhance language understanding and facilitate seamless 
interactions. This study focuses on the development of 
innovative solutions tailored to the linguistic landscape 
of India. First, we employ neural machine translation 
(NMT) models, specifically fine-tuned for languages 
prevalent in regions frequently visited by Tamil travelers. 
These models, built on Transformer architectures, ensure 
accurate and context-aware translations. Complementing 
this, we introduce multilingual chatting powered by natural 
language processing (NLP) and sequence-to-sequence 
models, providing real-time assistance in both Tamil and 
other Indian languages. To address spoken communication, 
we integrate speech-to-text and text-to-speech systems, 
allowing travelers to engage in spoken conversations with 
locals. Context-aware language models, based on advanced 
frameworks like Generative Pre-trained Transformer (GPT), 
enrich translations by capturing cultural nuances and 
idiomatic expressions. Augmented Reality (AR) translation 
adds a visual layer to linguistic understanding, overlaying 
translated text on real-world objects through Smartphone 
cameras. Interactive language learning apps, incorporating 
gamified GenAI modules, empower travelers with basic 
phrases and expressions, fostering a proactive approach 
to linguistic challenges. Additionally, community-sourced 
translation platforms engage users in contributing and 
validating translations, creating a collaborative environment 
that continuously improves accuracy. These mechanisms 
not only break down language barriers but also contribute 
to a more immersive and enriching travel experience. As the 
research evolves, user feedback and continuous refinement 
will further enhance the adaptability and effectiveness of 
these language bridging solutions, ensuring that Tamil 
travelers can explore any place of India with confidence 
using deep learning technologies.
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For travelers, the integration of virtual assistants, 
readily available AI-driven travel agents, and a 
comprehensive overhaul of the user experience signifies 
a paradigm shift. From redefining the translation 
process to enhancing on-the-go engagement, AI based 
applications are reshaping the very essence of how 
individuals plan and experience their journeys. This 
statement is supported by various research papers that 
explore the impact and potential of AI in the travel 
industry. For instance, Sia et al. (2023) provide a 
systematic review of mobile travel applications and 
their smart features and challenges, highlighting the 
role of AI in personalizing travel planning and online 
customer service. Bulchand-Gidumal (2022) discusses 
how AI can improve travel, tourism, and hospitality by 
offering relevant offers, reducing costs, and generating 
more revenue. Li et al. (2019) examines the technology 
and economic determinants of crypto currency exchange 
rates, which can affect the payment methods and 
preferences of travelers. Kirilenko et al. (2018) compare 
different approaches to automated sentiment analysis in 
tourism, which can help understand customer reviews 
and social media posts. These papers demonstrate the 
diverse and innovative applications of AI in travel, as 
well as the challenges and opportunities that lie ahead. 
Additionally, we will explore the background study that 
is the focal point of this work.

2.1 Multilingual Chatbot 
Arivazhagan et al. (2019) introduced a universal 

Neural Machine Translation (NMT) system capable 
of translating between any languages pair, handling 
103 languages trained on over 25 billion examples. 
Aharoni et al. (2019) presented an in-depth analysis 
of existing literature on Multilingual Neural Machine 
Translation (MNMT), categorizing various approaches 
based on their central use-case. Kumar and Kumar 
(2018) explored the avenues of teaching computers to 
process natural language text by developing a chatbot, 
appreciating the processes, techniques, the power, 
and possibilities of natural language processing using 
recurrent neural networks (RNN). These works provide 
a comprehensive understanding of the use of NMT in 
building multilingual chatbots.

2.2 Context Aware Language Models
Context aware language models are a subtopic that 

focuses on using NMT to generate text that is relevant 
and coherent with the given context. Context can include 
various factors, such as the topic, the tone, the style, 
the user profile, and the history of the conversation. 
Context-aware language models using Neural Machine 
Translation (NMT) have been studied extensively. Wu et 
al. (2022) used BERT to encode contextual information 
for NMT in a study. The best translation results were 
obtained by encoding all contextual sequences as one 

long sequence with BERT. Sugiyama (2021) proposed 
a simple yet effective NMT approach to context-aware 
using two primitive components, a sentence-level NMT 
model and a document-level language model (LM). 
Another study suggested that context-aware NMT 
models working on a concatenation of consecutive 
sentences perform better, but are computationally 
expensive. These studies highlight the importance and 
challenges of context-aware language models in NMT.

2.3 Augmented Reality (AR) Translation
The paper “Tourist Experiences through Mobile 

Augmented Reality” discusses the potential and the 
correct approach for the implementation of AR in the 
tourism sector. Another study, “Innovations in Tourism 
Industry & Development Using Augmented Reality 
(AR), Virtual Reality (VR)” emphasizes the analysis of 
scientific & technical aspects of developing mobile AR 
applications in smart tourism. “Travelogue: A Travel 
Application using MERN and Augmented Reality” 
explores features that could be integrated with travel 
applications for offering customizable user experience. 
“TOURGURU: Tour Guide Mobile Application for 
Tourists” discusses a tour guide mobile application 
which uses cloud computing, machine learning and 
AR to give the user an amazing experience on tourism. 
These studies highlight the potential of AR in travel 
applications, enabling users to communicate and access 
information across language barriers.

Here, augmented reality translation is a subtopic that 
focuses on using NMT to provide real-time translation 
of the visual environment. Augmented reality translation 
can use computer vision and speech recognition to 
capture the text and speech in the surroundings and 
display the translated version on a device, such as a 
smartphone or a headset. Augmented reality translation 
can enable users to communicate and access information 
across language barriers.

2.4 Gamified GenAI Modules
Gamified GenAI modules, a subtopic focusing on 

using Neural Machine Translation (NMT) to create 
interactive and educational games, have been explored 
in several studies. A study by Nguyen-Duc et al. 
(2023) discussed how Generative Artificial Intelligence 
(GenAI) tools have become increasingly prevalent in 
software development, helping various managerial 
and technical project activities. Another research 
conducted by Smith et al. (2022) highlighted the top 
10 research papers on GenAI, exploring diverse facets 
of language models, from improving alignment with 
human preferences to synthesizing 3D content from 
text descriptions. A paper by Johnson et al. (2023) titled 
“A Gamified Module in the New Normal Classroom: 
A Randomized Block Research Design” moves forward 
the field of knowledge through the enhanced gamified 
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module of several courses that can be a design guide of 
other disciplines. These studies highlight the potential 
of gamified GenAI modules in enhancing the learning 
and engagement of the players.

Gamified GenAI modules can use NMT to generate 
content, such as stories, questions, feedback, and hints 
that can enhance the learning and engagement of the 
players. Gamified GenAI modules can also use NMT to 
evaluate the players’ performance and provide adaptive 
difficulty levels

2.5 Community-sourced Translation platforms
Community-sourced translation platforms are 

a subtopic that focuses on using NMT to facilitate 
and improve the collaboration and quality of human 
translators. Community-sourced translation platforms 
can use NMT to provide suggestions, corrections, and 
evaluations of the translations produced by the human 
translators. Community-sourced translation platforms 
can also use NMT to aggregate and rank the translations 
from different sources and select the best one.

3. METHODOLOGY
This section presents the proposed methodology 

for our work, which is divided into three distinct 
modules as represented in Figure1. The first module 
is multilingual chatting that can provide context-
aware responses to assist travelers. This module uses 
advanced natural language processing techniques 
and artificial intelligence to understand and generate 
natural and fluent conversations in different languages. 
Multilingual chatting can also adapt to the preferences 
and needs of each traveler, offering personalized and 
relevant information and suggestions.

The second module is an augmented reality system 
that can create immersive experiences for travelers 
based on their surroundings. This module uses computer 
vision and natural language processing to overlay 
digital information and elements onto the real world, 
enhancing the perception and interaction of travelers 
with their environment. The augmented reality system 
can also provide educational and cultural content, such 
as historical facts, landmarks, and local customs, to 
enrich the travel experience. 

The third module is a gamified platform that 
leverages the collective intelligence of the traveler 
community to generate useful information for travelers. 
This module uses natural language processing and game 
design elements, such as points, badges, levels, and 
challenges, to motivate and reward travelers for sharing 
their knowledge and feedback on various aspects of 
their trips, such as destinations, attractions, services, and 
activities. The gamified platform can also foster social 
learning and collaboration among travelers, creating a 
sense of belonging and fun.

Figure 1: Traveler Methodology

3.1 Multilingual Chatting with Context
The chatting begins when the user sends a message 

or voice input. Then, language detection identifies 
the language of the input message, enabling seamless 
handling of multiple languages. Next, the input message 
is translated to the language that the language model 
was trained on, ensuring compatibility with the pre-
trained model.

The system processes the input message to understand 
the context and intent and generates relevant responses. 
A context-aware response is generated in the language 
that the language model was trained on, ensuring the 
response matches the user’s query. If necessary, the 
response is translated back to the user’s language, so 
that the user can understand the response.

The procedure ends when the chatting stops, 
indicating the end of the communication session.

3.2 AR with Context Model
Traveling is a transformative experience, and 

augmented reality can enhance this experience by 
providing immersive, context-aware interactions. This 
research focuses on developing an AR system that uses 
computer vision and natural language processing to 
overlay digital information onto the real world.

The AR system is designed to enhance the traveler’s 
experience by providing relevant and interactive digital 
information about their surroundings. The system 
consists of the following steps:

● System Initialization: The system is 
initialized with pre-trained computer 
vision and natural language processing 
models that enable it to recognize and 
understand various objects and texts in the 
environment.
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● Environment Scanning: The system uses 
computer vision techniques, such as object 
detection, segmentation, and recognition, 
to scan and understand the traveler’s 
surroundings. 

● Information Generation: The system 
generates relevant digital information based 
on the traveler’s location and context. This 
information could include historical facts, 
details about landmarks, local customs, 
cultural tips, recommendations, etc. 

● Information Overlay: The system 
overlays the generated digital information 
onto the real-world view of the traveler 
using AR techniques, such as projection, 
holography, or head-mounted displays. 

● Interaction: The system allows the 
traveler to interact with the digital 
elements, providing a more immersive 
and informative experience. The system 
supports various modes of interaction, such 
as voice, gesture, touch, etc., and responds 
to the traveler’s queries and feedback. The 
system can also adapt the information and 
presentation according to the traveler’s 
preferences and needs.

● Continuous Update: The system 
continuously updates the digital 
information as the traveler moves and the 
context changes. The system monitors 
the traveler’s location, orientation, and 
movement, and adjusts the information 
and overlay accordingly. 

The system ensures that the digital information is 
aligned and integrated with the physical environment, 
creating a seamless and realistic experience for the 
traveler.

3.3 Gamified GenAI with Community Sourced
Traveling is a shared experience, and the collective 

intelligence of the traveler community can be a 
valuable resource for travelers. This research focuses 
on developing a gamified platform that leverages 
this collective intelligence through natural language 
processing and game design elements.

● Platform Initialization: Initialize the 
platform with a pre-trained natural 
language processing model and a 
gamification system.

● User Interaction: Receive input from 
the user, which could include feedback 
on destinations, attractions, services, and 
activities.

● Information Processing: Use natural 
language processing to analyze and 
categorize the user’s input.

● Reward Allocation: Allocate rewards 
to the user based on their input. Rewards 
could include points, badges, levels, and 
challenges.

● Information Display: Display the 
processed information to other users, 
allowing them to benefit from the shared 
knowledge.

● Social Interaction: Foster social learning 
and collaboration among users, creating a 
sense of belonging and fun.

4. IMPLEMENTATION DISCUSSION
The current work, which is in its preliminary 

stages, involves the implementation of a sophisticated 
algorithm. This document presents an abstract discussion 
of the code, focusing on three key sections: the chatting 
algorithm, Augmented Reality (AR) with context, and 
a gamified AI system that incorporates community 
sourcing strategies. The algorithm consists of six 
main steps: platform initialization, user interaction, 
information processing, reward allocation, information 
display, and social interaction.

4.1 Chatting Algorithm
This algorithm starts by initializing the chatting 

with a pre-trained multilingual model. It then enters a 
loop where it receives an input message from the user, 
detects the language of the input message, and translates 
the message to the language model’s training language 
if necessary. The chatting app then processes the input 
message to understand the context and intent, generates 
a context-aware response in the language model’s 
training language, translates the response back to the 
user’s language if necessary, and sends the response to 
the user. This process repeats if the chatting is active. 
This is represented as an algorithm in Figure2. 

  

Figure 2: Traveler Multilingual Chatting
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4.2 AR with Context Model
Here is a given figure3 abstract Python code template 

that represents the high-level steps of the AR system 
with context information.

 

Figure 3: Abstract Code for AR Context Model

4.3 Gamified GenAI with Community Sourced
A high-level algorithm for a gamified platform that 

leverages the collective intelligence of the traveler 
community. The algorithm given in Figure3 consists of 
six main steps: platform initialization, user interaction, 
information processing, reward allocation, information 
display, and social interaction.

 

Figure 4: Gamified GenAI

5. CONCLUSION
In conclusion, this research presents a comprehensive 

suite of innovative solutions to address the linguistic 
challenges faced by Tamil travelers in India. By 
leveraging advanced technologies such as deep learning, 
GenAI, NMT, NLP, and AR, the study develops effective 
communication mechanisms that enhance language 
understanding and facilitate seamless interactions. The 
integration of multilingual chatbots, speech-to-text 
and text-to-speech systems, context-aware language 
models, AR translation, interactive language learning 
apps, and community-sourced translation platforms not 
only breaks down language barriers but also contributes 
to a more immersive and enriching travel experience. 
As the research evolves, continuous refinement based 
on user feedback will further enhance the adaptability 
and effectiveness of these language bridging solutions, 
ensuring that Tamil travelers can confidently and easily 
explore any region of India. This study underscores 
the transformative potential of AI and deep learning 
technologies in fostering linguistic inclusivity and 
cultural exchange in the diverse linguistic landscape of 
India.

Limitations
This is a high-level representation, and the actual 

implementation may involve additional steps and 
complexities depending on the specific requirements 
and constraints of the system.
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1. INTRODUCTION
Reading is a complex cognitive activity which is 

influenced by many factors including the reader’s own 
physical and cognitive abilities. Readability describes 
how simple it is to read and comprehend textual 
content. Readability Measures (RM) are mathematical 
formulas to compute the comprehensibility level of the 
textual content and to determine the suitability of the 
text for readers of a certain level. The result of an RM 
is a numerical value that comes under one particular 
subclass of the predefined index table of the RM. 
Most RMs are formulated to evaluate the readability 
of texts in English only. Syntactic aspects like number 
of characters in a word, number of syllables, words, 
number and length of sentences, number and length of 
paragraphs are the primary parameters used by RM. 
Aspects like word frequency, complexity, familiarity 
level, usage pattern, semantic complexity, discourse 
level complexity, grammatical patterns and reader’s 
level also adds value to readability measures. RM can be 
used to evaluate print and web content also. RM can also 
be designed for printed contents with both image and 
text components. Such measures consider parameters 
like format, color, size, font of text, size, and placement 
of images, etc. Though RM are primarily used for 
determining the suitability of text for a given level of 
reader, the computed scores can also be used in labeling 
a textual content, for text simplification, for providing 
alternate text and for specific applications like assessing 
‘Informed Consent’ in medical research. An effective 
RM should be tailored to accommodating the language 
specificities and also for the specific application it is 
intended. Some of the most common RMs for English 
language are Flesch Reading Ease (FRE) test (Flesch, 
1948) Fog-Index (FI) (Gunning, 1968), Dale-Chall 
formula (Jeanne S Chall & Dale, 1995), SMOG formula 
(Mc Laughlin, 1969), Fry readability graph (Fry, 1968), 
Automated Readability Index (ARI) (Smith & Senter, 
1967), and Coleman-Liau Index (CLI) (Coleman & 
Liau, 1975). One of the main problems with these RMs 
is that the result of these RMs will be different for the 
same text document. So, it is difficult to understand 
which of these metrics essentially states the text's 
readability. Indian regional languages are very much 
different from English, where the linguistic aspects 
like syntactical and semantical properties are different. 

ABSTRACT
Reading is a complex cognitive process which involves 
multiple activities. A potential reader needs to recognize 
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Consequently, the research on the readability of Indian 
languages is a less explored area. 

This paper aims to analyze the various aspects of 
the readability of Tamil text, assess the suitability of 
popular readability measures of the English language 
in computing the readability of printed Tamil text, and 
evaluate the accuracy of the classification. Multiple 
Linear Regression (MLR) was employed in this study 
to create a new RM for texts written in Tamil.

The remaining sections of this paper are organized 
as follows: Section 2 discusses the existing works with 
respect to the general English language based RMs, 
Section 3 states the problem definition and section 4 
presents the materials and methods used in this work. 
Section 5 elucidates the findings of this work. The 
conclusion of this work is discussed in section 6.

2. LITERATURE REVIEW
Many research works have been carried out on 

the readability of various international language texts 
as well as Indian regional language texts. Most of the 
existing research works focus on evaluating the results 
given by the existing RMs. Based on the results, some of 
the works aim to improve the formula. Later, researchers 
introduced computational techniques, especially 
those based on machine learning and deep learning, 
to automatically predict the readability level with the 
help of implicit aspects of the English texts. Martinc 
et al. (Martinc et al., 2021) proposed unsupervised 
and supervised neural methods for assessing the 
readability of texts. Here, the authors used a Temporal 
Convolutional Network (TCN), a Recurrent Language 
Model (RLM) using CNN (Convolutional Neural 
Network) plus LSTM (Long short-term Term Memory), 
and BERT (Bidirectional Encoder Representations 
from Transformers) for unsupervised approaches. 
For supervised approaches, BiLSTM (Bidirectional 
LSTM), Hierarchical Attention Networks (HAN), and 
BERT are utilized. Without using any preexisting word 
lists, Narasinh (Narasinh, 2019) presented a Recurrent 
Neural Network (RNN) based method for predicting the 
readability score for Kannada texts. Madhushree et al. 
(Madhushree et al., 2020) developed a RM for Kannada 
language that included average sentence length, word 
length, and the proportion of terminology. It was 
evaluated for texts at high school level, middle school, 
and elementary school. Sinha et al. (Sinha et al., 2012) 
proposed new readability measures and computational 
models to compute the readability of Hindi and Bangla 
text, considering the salient structural components of 
both languages. The proposed readability models were 
evaluated and found to be effective. They found that 
Average Word Length (AWL), Average Sentence Length 
(ASL), Average number of Syllables per Word (ASW), 

Number of PolySyllabic Words (PSW), Number of Jukta-
Akshara (JUK), Number of PolySyllabic Words per 30 
sentences (PSW30) as significant aspects influencing 
the readability of Hindi and Bangla languages. Very 
few works have been found in the literature about 
RM for Tamil texts. Priya and Manimannan (Priya & 
Manimannan, 2016) have used a data mining approach 
to enumerate the readability of Tamil news in popular 
Tamil Magazines. Tamil is one of the oldest languages 
in India, with a vast literary background. Even with such 
a prominent literary ground and today’s technological 
advancements, there have been no measures to evaluate 
the readability of Tamil texts till now.

3. MATERIALS AND METHODS
In this work, CLI, FKGL, ARI, FRE test, Forcast, 

SMOG index, and GFI are considered to assess the 
correctness of readability level of Tamil and English 
texts. The Spache readability (Spache, 1953) and 
Dale-Chall formula are not considered because there 
isn’t a predetermined list of difficult words in Tamil. 
Since Fry and Raygor estimate graphs using graphical 
plots to determine the readability, these two RMs are 
also not considered in this study. Table 1 summarizes 
the different variables used by the aforementioned 
readability measures. As different measures 

use different variables, the idea is to find out whether 
the measures are language agnostic initially. The choice 
of the aforementioned measures is due to the simplicity 
in computation, the popularity of the measures, and their 
relevance. The variables used in computing the scores 
are easy to acquire and independent of any language 
text. 

In this work, the number of syllables in Tamil 
words is counted based on the basic rules specified 
by the Yaapilakkanam defined by Tolkappiam 
(Senkathirchelvan, 2013). Further, words with three or 
more syllables are assumed to be polysyllabic words. 
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Table 2: Score and age range recommended by RMs 

ARI CLI FRE test FKGL Forcast GFI SMOG index 

Score Age Score Age Score Age Score Age Score Age Score Age Score Age 

0-1 3-7 0-1 3-7 100-90 11 0-1 3-7 0-1 3-7 0-1 3-7 0-1 3-7 

1-5 7-11 1-5 7-11 90-80 11-12 1-5 7-11 1-5 7-11 1-5 7-11 1-5 7-11 

5-8 11-14 5-8 11-14 80-70 12-13 5-11 11-17 5-8 11-14 5-8 11-14 5-8 11-14 

8-11 14-17 8-11 14-17 70-60 13-15 11-18 17 and 
above 8-11 14-17 8-11 14-17 8-11 14-17 

11 and 
above 

17 and 
above 

11 and 
above 

17 
and 
abov

e 

60-50 15-18 - - 11 and 
above 

17 and 
above 11-20 17 and 

above 
11 and 
above 

17 and 
above 

- - - - 50-30 18-19 - - - - - - - - 

- - - - 30-0 22-23 - - - - - - - - 

Table 1: Readability Measures and the variables 
used in the calculation of the readability score



58  |  KaniKovai

Table 2: Score and age range recommended by RMs
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Tamil Readability Measure 
= .003 * CH - .006 
* W + .820 * PSL 
- .017 * SL - .066 
* ST+ 8.024  (2)   

When the regression modeling was done, the R 
square value of 91.5% was obtained for Tamil. This 
value means that the proposed model fits very well with 
the given data.

Table 3: Readability score and recommended class 
and age group for Tamil RM
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Table 4: Variable values of various classes of Tamil language 
CLASS W SL ST PSL ST1 SSL CH CH1 

3 142 384 35 0 15 9 1211 732 
4 265 477 15 0 9 3 1458 650 
5 275 585 31 4 31 11 1595 642 
6 158 411 29 0 20 22 1877 620 
7 289 311 36 3 12 13 1665 651 
8 205 211 44 2 12 4 1144 645 
9 269 255 20 1 13 8 1654 696 

10 256 189 19 3 3 3 1354 441 
11 260 321 23 6 4 17 1799 533 
12 231 259 29 4 8 7 1564 666 

Where ST = Number of Sentences, CH = Number of 
Characters, CH1 = Number of Characters per 100 Words, 
W = Number of Words, SL = Number of Syllables, SL1 
= Number of Syllables per 100 Words, ST1 = Number 
of Sentences per 100 Words, SSL = Number of Single 
Syllables per 100 Words, PSL = Number of Polysyllabic 
words.

Table 2 shows the range of scores and the associated 
learner age group. As shown in table 2, the RMs use 
different score ranges and recommended age groups. As 
there is no RMs in Tamil language, in this work, MLR 
analysis is done to develop an indexing model for Tamil 
language texts. In MLR, several explanatory variables 
predict a response variable’s outcome. MLR, models the 
linear relationship between explanatory (independent) 
and response variables. The formula for MLR is given 
in equation (1)

yi  = β0+β1 xi1 +β2 xi2 +...+βp xip   (1)
Where yi is the dependent variable xi is the 

explanatory variable, β0 is the y-intercept (constant 
term), βp is the slope coefficient for each explanatory 
variable.

To obtain an optimized model, each parameter 
is checked based on the texts extracted from Tamil 
textbooks of classes 3 to 12. The R Square value was 
used to measure how well the regression model fitted 
the given data. The proposed models for Tamil RM 
are given in equations (2). The readability score and 
recommended classes & age groups for the above model 
is given in the table 3.
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4. RESULT 
The values of the different variables of the RMs for 

the chosen Tamil texts has been tabulated in Table 4. 
Here CM stands for Correctly Matched. The readability 
scores computed using the seven RMs for the Tamil text 
extracted from the Tamil language text books of classes 
3 to 12 has been summarized in Table 5. The details 

about whether the score correctly matches the actual 
class are also consolidated. This table shows that almost 
all the RMs are giving wrong results. Even though GFI 
and SMOG index RM gave correct matches for smaller 
classes, like other RMs, it also failed to correct them for 
higher classes. Hence, it can be stated that the RM of 
the English language cannot be used for evaluating the 
readability of Tamil texts.

Table 4: Variable values of various classes of Tamil language
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When the regression modeling was done, 

the R square value of 91.5% was obtained for 

Tamil. This value means that the proposed model 

fits very well with the given data. 
 

 

Table 3: Readability score and recommended class 

and age group for Tamil RM 

Readability score Class Age 

0-3 3, 4 8 to 9 

3-6 5, 6, 7 10 to 12 

6-8 8, 9, 10 13 to 15 

8-10 11, 12 15 and above 

 

 
 

 
 
 
 
 

Table 4: Variable values of various classes of Tamil language 
CLASS W SL ST PSL ST1 SSL CH CH1 

3 142 384 35 0 15 9 1211 732 
4 265 477 15 0 9 3 1458 650 
5 275 585 31 4 31 11 1595 642 
6 158 411 29 0 20 22 1877 620 
7 289 311 36 3 12 13 1665 651 
8 205 211 44 2 12 4 1144 645 
9 269 255 20 1 13 8 1654 696 

10 256 189 19 3 3 3 1354 441 
11 260 321 23 6 4 17 1799 533 
12 231 259 29 4 8 7 1564 666 

Table 5: Comparison table of various RM score of Tamil texts with different classe
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Table 5: Comparison table of various RM score of Tamil texts with different classes 

Class 

ARI CLI FRE test FKGL Forcast GFI 
SMOG 

index 

Tamil  

RM 

Score CM Score CM Score CM Score CM Score CM Score CM Score CM Score CM 

3 11.97 No 22.8 No 4.56 No 14.16 No 19.1 No 2.47 Yes 3.12 Yes 1.97 YES 

4 15.51 No 19.76 No -0.93 No 16.17 No 19.7 No 4.48 Yes 3.13 Yes 1.71 YES 

5 10.23 No 12.77 No 17.86 No 12.97 No 18.9 No 4.13 Yes 5.18 Yes 2.45 YES 

6 11.4 No 16.03 No 27.82 No 10.73 Yes 17.8 No 2.18 Yes 3.13 Yes 3.81 YES 

7 15.39 No 18.93 No 6.22 No 14.41 No 19.6 No 3.92 No 5.24 Yes 6.08 YES 

8 10.56 No 18.57 No 19.59 No 12.92 No 19.6 No 4.35 No 5.09 Yes 5.38 YES 

9 23.3 No 21.28 No -57.35 No 22.79 No 19.2 No 2.8 No 4.41 No 6.54 YES 

10 13.04 No 9.24 Yes 38.61 No 13.31 No 19.7 No 9.36 Yes 6.43 No 8.54 YES 

11 21.99 No 14.36 Yes 54.04 Yes 11.1 No 18.3 Yes 9.59 Yes 7.17 No 6.81 YES 

12 14.48 No 20.99 Yes 11.01 No 14.74 Yes 19.3 Yes 5.56 No 5.75 No 8.29 YES 

 

Table 6: Model summary for Tamil RM 

Model R R Square Adjusted R Square Std. Error of the 
Estimate Durbin-Watson 

1 .957a .915 .810 1.32032 1.975 

Table 6: Model summary for Tamil RM
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To define a new RM for Tamil text, five variables 
that contribute to the understanding of the readability of 
Tamil are identified. These variables are the number of 
words (W), syllables (SL), sentences (ST), polysyllabic 
words (PSL), and characters (CH). MLR is carried 
out using SPSS to find the coefficient values. Table 6 
shows the model summary for regression analysis for 
Tamil. It got an R Square value of 0.915, so the model 
perfectly fits the given data. Furthermore, table 7 shows 
the interpreting coefficients for this regression analysis. 
Figure 1 and Figure 2 illustrate the histogram and P-P 
plots for the residual’s normality assumption for the 
fitted model. The histogram in Figure 1 is symmetric 

and normally distributed, indicating that the data is 
uniformly distributed around a center value. The P-P 
plot shows that the data follows the normal distribution 
since it closely follows a 45-degree diagonal line. 

The proposed Tamil RM is presented in equation (2). 
Results from Table 5 show that the proposed Tamil RM 
correctly matches all the class texts.

To assess the accuracy of the RMs on the English 
texts as prescribed by the Tamil Nadu State School 
Education Board (TNSB), texts from classes 3 to 12 
were subjected to the RMs. The results of various RMs 
on the English textbooks from the state board of Tamil 
are presented in table 8.

Figure 1: Residual normality assumption: histogram for 
Tamil RM

Figure 2: Residual normality assumption: normal P-P plot of 
regression standardized residual for Tamil RM
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to the RMs. From this, it is clear that the RMs 

devised for English texts give almost correct 
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Table 7: Coefficients for Tamil RM 

Model 

Unstandardized 
Coefficients 

Standardized 
Coefficients t Sig. 

95.0% 
Confidence 

Interval for B 
Collinearity Statistics 

B Std. 
Error Beta Lower 

Bound 
Upper 
Bound Tolerance VIF 

1 

(Constant) 8.024 5.027  1.596 .186 -5.932 21.981   

W -.006 .012 -.095 -.485 .653 -.038 .027 .547 1.828 

SL -.017 .004 -.695 -4.465 .011 -.027 -.006 .872 1.147 

ST -.066 .060 -.195 -1.104 .332 -.233 .100 .674 1.484 

PSL .820 .282 .557 2.911 .044 .038 1.602 .577 1.734 

CH .003 .002 .234 1.376 .241 -.003 .009 .729 1.372 
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The contents of Table 8 indicate that most of the 
English text content provided in the textbook of TBSB 
is appropriate for the classes according to the RMs. 

From this, it is clear that the RMs devised for English 
texts give almost correct outcomes with English texts 
from TNSB textbooks.
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5. CONCLUSION
As English is a universal language and is taught as a 

foreign language globally, the RMs take into account the 
average population and, hence, work accurately over the 
English text. But Tamil is an Indian regional language 
mostly learnt by the native speakers as a second language 
in schools. Hence, this leads to the discrepancy when the 
existing RMs are used. However, the Tamil language 
is being taught in countries like Sri Lanka, Singapore, 
and some Western countries. Also, education reforms 
advocate the teaching of native languages. Hence, it 

Table 8: Comparison table of various RM score of English texts of Tamil Nadu (TNSB) with different classes
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outcomes with English texts from TNSB textbooks. 

5 CONCLUSION 

As English is a universal language and is taught 

as a foreign language globally, the RMs take into 

account the average population and, hence, work 

accurately over the English text. But Tamil is an 

Indian regional language mostly learnt by the 

native speakers as a second language in schools. 

Hence, this leads to the discrepancy when the 

existing RMs are used. However, the Tamil 

language is being taught in countries like Sri 

Lanka, Singapore, and some Western countries. 

Also, education reforms advocate the teaching of 

native languages. Hence, it is more appropriate to 

devise a measure incorporating appropriate 

variables to accurately classify a particular piece 

of content to a suitable class/age group. In this 

work, the readability of Tamil texts are evaluated 

using different RMs formulated for English texts. 

From the analysis of results, it is found that RMs 

for English are not suitable for the Tamil 

language contents. Hence a new RM for Tamil 

language is devised by selecting the most 

significant variables and applying multiple linear 

regression to find the best RM for Tamil 

language text. 
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INTRODUCTION
In the ever-expanding landscape of Natural Language 

Processing (NLP), the development of Named Entity 
Recognition (NER) systems tailored for morphologically 
complex languages remains a challenging yet essential 
endeavor. This research project embarks on a journey 
to enhance NLP capabilities specifically for the Tamil 
language, recognizing its linguistic subtleties and 
nuances.

The primary focus of this research is to design and 
implement an advanced Tamil Named Entity Recognition 
system. The methodology involves a comprehensive 
exploration of both conventional machine learning 
models and cutting-edge deep learning architectures. 
Traditional models, such as Conditional Random Fields 
and Support Vector Machines, are considered alongside 
state-of-the-art techniques, including Bidirectional 
LSTM-CRF and transformer-based models like BERT.

One distinctive feature of this project is the integration 
of morphological analysis into the NER system, 
addressing the intricacies of Tamil word structures. 
This developing CRF-BERT hybrid model incorporates 
Conditional Random Fields for capturing sequential 
dependencies and transformer-based architectures for 
contextual understanding.

A diverse and meticulously annotated dataset 
serves as the foundation for rigorous model training 
and evaluation. The process also encompasses the 
data preprocessing, augmentation, and also continuous 
refinement. Evaluation metrics extend beyond 
conventional measures, incorporating a multi-level 
error analysis that provides profound insights into the 
challenges specific to Tamil NER.

This research project is not just about model 
development, but also emphasizes continuous 
improvement through active learning strategies. 
Human-in-the-loop feedback, user corrections, and 
iterative updates contribute to the ongoing evolution of 
the NER system.

In addition to the core research, the project envisions 
the creation of an open-source toolkit tailored for Tamil 
NER. This toolkit comprises pre-trained models, data 
preprocessing scripts, and also the comprehensive 
documentation, fostering the collaboration within 
the Tamil NLP community. The outcomes of this 
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(NER) system is presented in this research work, taking 
into account the particular linguistic subtleties of the Tamil 
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study not only elevate NLP capabilities for the Tamil 
language but also provide valuable insights into the 
complexities associated with efficient NER systems in 

morphologically rich languages. The unique features 
and methodologies explored in this research contribute 
to the advancement of NLP practices, emphasizing the 
importance of linguistic diversity in model development.

ARCHITECTURE

 
Figure 1: Architecture of the model

The architecture of this research project is designed 
to address the complexities inherent in creating a 
Named Entity Recognition (NER) system for the Tamil 
language. The project adopts a multi-faceted approach, 
incorporating both conventional machine learning 
models and cutting-edge deep learning architectures. 
The overarching goal is to enhance NLP capabilities 
for Tamil by considering linguistic subtleties and 
morphological intricacies.

 The foundation of the architecture lies in the 
meticulous collection and pre-processing of a diverse 
dataset in Tamil. Raw text data undergoes morphological 
analysis to comprehend the intricate structures of Tamil 
words. This step is crucial for creating a robust dataset 
that captures the linguistic nuances specific to the Tamil 
language.

The architectural design introduces a hybrid model 
that amalgamates Conditional Random Fields (CRF) 
with transformer-based architectures such as BERT. 
This combination aims to harness the strengths of 
both sequential dependency modelling and contextual 
understanding, providing a holistic approach to Tamil 
Named Entity Recognition.

The next phase involves model training using the 
annotated dataset. Conventional machine learning 
models like Support Vector Machines coexist with 
advanced models, emphasizing transfer learning from 
pre-trained transformer models. Data augmentation 
techniques enhance the training dataset, promoting 
better generalization and robustness.

The architecture incorporates comprehensive 
evaluation metrics, including precision, recall, and F1-
score, alongside a multi-level error analysis. This stage 
is pivotal for understanding the model's performance 
and identifying areas of improvement. User-provided 
test data aids in fine-tuning the system based on real-
world linguistic variations.

 A unique feature of the architecture is its emphasis 
on continuous development through active learning. 
Human-in-the-loop feedback and user corrections 
contribute to iterative model updates. The architecture 
facilitates adaptability to evolving linguistic nuances 
and ensures the system's relevance over time.

The project recognizes the challenges posed by 
limited labelled data for Tamil. The architecture explores 
resource-efficient training techniques, including semi-
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supervised learning, to make optimal use of available 
resources while maximizing model performance.

Beyond model development, the architecture 
envisions the creation of an open-source toolkit for Tamil 
NER. This toolkit includes pre-trained models, data pre-
processing scripts, and extensive documentation. The 
architecture encourages collaboration within the Tamil 
NLP community, fostering a collective effort towards 
advancements in the field.

The architecture places a strong emphasis on 
multi-level error analysis, examining morphological, 
syntactic, and semantic aspects. This nuanced approach 
provides valuable insights into the challenges specific 
to Tamil NER, guiding subsequent improvements and 
contributing to the project's significance.

The overarching architecture positions this 
research project at the forefront of linguistic research, 
machine learning, and community-driven open-
source contributions. The outcomes are anticipated to 
make a lasting impact on NLP practices for the Tamil 
language, offering a blueprint for future projects aimed 
at addressing the complexities of morphologically 
rich languages. The architecture's adaptability and 
community-centric focus set the stage for continued 
advancements in Tamil NLP.

METHODOLOGY
The methodology of this research project revolves 

around the development of a robust Named Entity 
Recognition (NER) system tailored for the Tamil 
language. The approach is characterized by a 
comprehensive methodology that seamlessly integrates 
traditional machine learning models with state-of-the-
art deep learning architectures.

The methodology initiates with the meticulous 
collection of a diverse dataset in Tamil, representing 
the linguistic richness of the language. Subsequently, 
morphological analysis is applied to the raw text data, 
dissecting words into morphemes to capture the intricate 
structures inherent in Tamil.

The crux of the methodology lies in the design of 
a hybrid model that amalgamates Conditional Random 
Fields (CRF) with transformer-based architectures, 
such as Bidirectional LSTM-CRF and BERT. This 
combination aims to leverage the strengths of sequential 
modelling and contextual understanding for effective 
entity recognition.

The methodology involves rigorous model training 
using the annotated dataset. Conventional machine 
learning models, including Support Vector Machines, 
undergo training alongside deep learning models. 
Transfer learning is employed, pre-training transformer 
models on a large corpus and fine-tuning them on the 
domain-specific Tamil NER dataset.

Augmenting the dataset is a crucial step to enhance 
model robustness. The methodology incorporates data 
augmentation techniques, introducing variations in 
the training dataset to improve the model's ability to 
generalize across diverse linguistic patterns.

The evaluation phase employs standard NER metrics 
such as precision, recall, and F1-score. A distinctive 
feature of the methodology is the multi-level error 
analysis, examining errors at morphological, syntactic, 
and semantic levels. This nuanced approach provides a 
holistic understanding of model performance.

The methodology adopts an iterative approach to 
model development through active learning. Human-
in-the-loop feedback is sought, enabling continuous 
refinement of the system. This dynamic feedback loop 
ensures adaptability to evolving linguistic nuances.

Recognizing the challenges posed by limited labelled 
data in Tamil, the methodology explores resource-
efficient training techniques. Semi-supervised learning 
is investigated to maximize the utility of available data 
and optimize model performance.

Beyond model development, the methodology 
envisions the creation of an open-source toolkit tailored 
for Tamil NER. This toolkit comprises pre-trained 
models, data pre-processing scripts, and detailed 
documentation. The methodology encourages active 
participation from the Tamil NLP community, fostering 
collaborative contributions.

The methodology concludes by highlighting 
the significance of the study. By addressing the 
complexities of morphologically rich languages, this 
methodology contributes to the broader understanding 
of efficient NER systems. Future directions involve the 
continuous improvement of the NER system, informed 
by user feedback and evolving linguistic landscapes, 
emphasizing the project's lasting impact on Tamil NLP 
practices.

CRF- BERT MODEL
The CRF-BERT model is a hybrid natural language 

processing (NLP) model that combines Conditional 
Random Fields (CRF) and BERT (Bidirectional Encoder 
Representations from Transformers) architectures. This 
model is developed to address the task of Named Entity 
Recognition (NER) in the Tamil language.

NER is a fundamental task in NLP that involves 
identifying and classifying named entities (such as 
persons, organizations, locations) in a given text. The 
goal is to recognize and categorize specific entities to 
extract structured information from unstructured text.

CRF is a type of probabilistic graphical model used 
for sequence labeling tasks. In the context of NER, 
it helps model the sequential dependencies between 
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tokens in a sentence. CRF is particularly useful for 
capturing contextual information and ensuring that the 
predicted labels are coherent within a given sequence.

BERT is a powerful pre-trained transformer-based 
model introduced by Google. It is designed to capture 
bidirectional contextual information from input text, 
considering both the left and right context of each word. 
BERT has demonstrated state-of-the-art performance in 
various NLP tasks due to its ability to understand the 
context and relationships between words.

The hybrid nature of the CRF-BERT model involves 
integrating the strengths of both CRF and BERT. 
BERT captures the contextual information, while 
CRF addresses the sequential dependencies. This 
combination is particularly beneficial for languages 
like Tamil, where morphological complexities and 
contextual nuances play a significant role.

The CRF-BERT model is trained on a carefully 
annotated dataset with labelled entities in Tamil. During 
training, the model learns to predict the named entity 
labels for each token in a sequence, taking into account 
both the local context (captured by BERT embeddings) 
and the sequential dependencies (captured by CRF).

The model's performance is evaluated using standard 
NER metrics such as precision, recall, and F1-score. 
Error analysis is conducted to understand the challenges 
and areas for improvement. This iterative process helps 
refine the model and enhance its accuracy.

The CRF-BERT model is a key component of the 
larger NLP project focused on improving NER for the 
Tamil language. Its unique architecture, combining CRF 
and BERT, is tailored to address the linguistic subtleties 
and complexities of Tamil, resulting in an optimized 
NER system for the specific requirements outlined in 
the project abstract. 

PROCESS FLOW

 
Figure 2: Process flow of the model

 

Indic NLP Library:
An Indic NLP library would likely focus on providing 

tools, resources, and algorithms specifically tailored for 
processing and analyzing text in Indic languages. Indic 
languages include but are not limited to Hindi, Bengali, 
Tamil, Telugu, and others.

Indic languages often have rich morphological 
structures. A dedicated library might include 
tokenization and morphological analysis components 
designed to handle the complexities of Indic scripts.

NATURAL LANGUAGE PROCESSING (NLP)
Natural Language Processing (NLP) is a subfield 

of artificial intelligence that deals with the interaction 
between computers and humans in natural language. It 
involves the use of computational techniques to process 
and analyze natural language data, such as text and 
speech, with the goal of understanding the meaning 
behind the language.
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User input
User input is crucial for NLP systems to perform 

tasks such as language understanding, sentiment 
analysis, information retrieval, and more. The nature of 
user input can vary widely, and NLP systems need to be 
capable of handling diverse linguistic expressions and 
queries.

Sentence segmentation
Sentence segmentation enables NLP systems to 

understand the structure of the text, making it easier 
to extract meaning and relationships. It is particularly 
important for tasks such as machine translation, 
sentiment analysis, and summarization.

Tokenization
The initial step often involves tokenization, breaking 

down the user input into smaller units called tokens. 
Tokens can be words, phrases, or even characters, 
depending on the level of granularity required for the 
specific NLP task.

Tamil NLP Datasets
Tamil NLP datasets are collections of text data in 

the Tamil language that are specifically curated and 
annotated for various Natural Language Processing 
(NLP) tasks. These datasets play a crucial role in training 
and evaluating machine learning models for tasks 
such as sentiment analysis, named entity recognition, 
machine translation, and more. They are essential for 
advancing research and development in the field of 
Tamil Natural Language Processing.

Lemmatization and Stemming
Lemmatization reduces words to their base or 

dictionary form, while stemming aims to cut words 
down to their root form. Both processes help in reducing 
inflected words to a common base for better analysis.

Dependency parsing
Dependency parsing is the process of analyzing 

the grammatical structure of a sentence to identify the 
relationships between words. It involves determining the 
syntactic dependencies between words and representing 
them as a tree structure, where each word is a node, and 
the edges represent the relationships.

POS tagging
Part-of-Speech tagging, also known as POS 

tagging or grammatical tagging, is the process of 

assigning grammatical categories (such as noun, verb, 
adjective, etc.) to each word in a sentence. Each word 
is labeled with a specific tag indicating its syntactic and 
grammatical role in the sentence.

NATURAL LANGUAGE UNDERSTANDING 
(NLU)

Natural Language Understanding is an area of 
artificial intelligence to process input data provided by 
the user in natural language say text data or speech data. 
It is a way that enables interaction between a computer 
and a human in a way like humans do using natural 
languages like English, French, Hindi etc.

Lexical Ambiguity
One common source of ambiguity is lexical ambiguity, 

where a word has multiple meanings. Homonyms and 
polysemous words can lead to confusion. For example, 
the word “bank” can refer to a financial institution or the 
side of a river, and determining the correct interpretation 
relies on the context in which it is used.

Syntactic Ambiguity
Syntactic ambiguity occurs when the structure of a 

sentence allows for multiple valid interpretations. For 
instance, consider the sentence “I saw the man with 
the telescope.” Here, ambiguity arises as it is unclear 
whether the speaker used a telescope to see the man or 
if the man had the telescope.

Semantic Ambiguity
Semantic ambiguity involves multiple interpretations 

of the meaning of a sentence due to word sense or 
reference ambiguity. For example, the phrase “She saw 
the dog on the hill with the telescope” can be interpreted 
differently based on whether the telescope belongs to 
the person or the dog.

Pragmatic Ambiguity
Pragmatic ambiguity arises when the intended 

meaning relies heavily on the context or background 
knowledge. Anaphoric references and conversational 
implicatures are common sources of pragmatic 
ambiguity, where understanding the speaker's intentions 
requires knowledge beyond the explicit content of the 
utterance.

NATURAL LANGUAGE GENERATION (NLG)
Natural Language Generation (NLG) is a sub-

component of Natural language processing that helps in 
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generating the output in a natural language based on the 
input provided by the user. This component responds 
to the user in the same language in which the input was 
provided, say the user asks something in Tamil then the 
system will return the output in Tamil.

Text planning
Text planning is the initial phase in NLG where 

the system determines the overall structure, content, 
and organization of the generated text. This involves 
deciding what information to include, how to order it, 
and what level of detail is appropriate. Text planning is 
crucial for creating coherent and contextually relevant 
messages.

Sentence planning
Sentence planning is the intermediate step in NLG, 

occurring after text planning. In this phase, the system 
focuses on generating individual sentences that convey 
the selected information. It involves deciding how 
to phrase the information and selecting appropriate 
sentence structures.

Text realization
Text realization is the final phase in NLG where the 

system converts the planned and structured information 
into actual text that can be presented to the user. It 
involves mapping the abstract representation generated 
in the previous stages to a grammatically correct and 
fluent natural language output.
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1. INTRODUCTION
The task of effectively condensing extensive 

documents into concise summaries stands as a 
significant challenge. The objective of automated 
headline generation is to succinctly and informatively 
summarize the text's content. Additionally, it aims 
to offer potential readers a brief yet comprehensive 
preview of the material.[1] Conventional methods often 
grapple with the intricacies and nuances of language, 
especially when handling diverse and lengthy texts. 
However, recent strides have ushered in a new era 
with the advent of sophisticated pre-trained models, 
vastly enhancing the efficiency and accuracy of text 
summarization. Despite their prowess, these models 
encounter limitations, particularly when confronted 
with underrepresented languages and specific textual 
formats.

Our proposal centers on a pioneering application 
of a Long Short-Term Memory (LSTM) network 
model harnessing the sequence-to-sequence (seq2seq) 
technique. The crux of our endeavor is to surpass 
the capabilities of existing pre-trained models when 
handling the intricate complexities of

Tamil texts. “Automatic Text Summarization 
(ATS) creates summaries that encompass crucial 
sentences, ensuring the inclusion of all relevant and 
vital information from the original document.”[2] 
PEGASUS [5] is one of the transformer models that is 
used for abstractive summarization.

By integrating the Word2Vec method for word 
embedding, our approach revolutionizes the treatment 
of Tamil news articles, books, and various textual forms. 
The authors in [6] improved the pointer-generator 
network to address the Out-of-Vocabulary (OOV) hurdle 
and accomplished purely abstractive summarization. 
They incorporated hierarchical attention, utilizing a 
hierarchical encoder that encompasses both word-level 
and sentence-level information. This transformation 
enables the LSTM model to effectively learn and distill 
information for succinct summarization.

Our methodology encompasses model development, 
with a meticulous evaluation of the model's performance 
against specific metrics. Our primary objective is to 
showcase the potential of a bespoke LSTM model, 
coupled with Word2Vec embedding, in proficiently 
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Summarizing text from extensive documents presents 
a challenging task. Various pre-trained models, like 
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technique, aiding in Natural Language Processing for Tamil 
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articles and has undergone preprocessing before applying 
Word2Vec methods for word embedding. The resulting 
embeddings are then utilized within the model. Finally, the 
model's performance is evaluated using specific metrics.
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summarizing Tamil documents. This model aims to 
serve as a compelling alternative to traditional pre-
trained models like IndicBART, especially when 
processing lengthy passages.

In essence, our initiative stands as a testament to the 
evolving landscape of NLP, propelling Tamil document 
summarization into a realm where tailored models cater 
to the intricate nuances of language, offering a more 
effective and nuanced summarization solution.

2. RELATED WORK
a) Automatic Text Summarization (ATS)
Automatic Text Summarization (ATS) is a 

sophisticated process involving the extraction of crucial 
segments from a document, often encapsulating the 
essence of the entire content. The approach for the 
Tamil language involves a hybrid model amalgamating 
Keyword-based scoring, sentiment analysis, and Text 
Ranking-based scoring to facilitate Automatic Text 
Summarization in Tamil. The proposed model averaged 
with an accuracy of around 0.81 as Recall score, 0.61 as 
Precision score and 0.67 as F score.

b) Extractive Text Summarization (ETS)
The process of text summarization aims in capturing 

the key information within a document. Abstractive 
Text Summarization (ATS) and Extractive Text 
Summarization (ETS) stand as the primary techniques in 
this field. A Punjabi Extractive Text Summarizer uses an 
unsupervised machine learning approach that involves 
distinct modules like Punjabi text tokenization, stop-
word elimination, similarity matrix generation, ranking 
based on this matrix, and the subsequent generation of 
a concise summary.

c) IndicBart
IndicBART is a specialized tool designed to 

summarize text passages in Indian languages. It's built on 
the BART model and is great at understanding languages 
like Hindi, Bengali, Tamil, and more. This model helps 
condense information from these languages, making 
it easier to grasp the main points in texts, especially 
in Indian languages. IndicBART exhibits superior 
performance in Hindi text summarization compared to 
other models like the multilingual T5 variant.

3. PROPOSED SYSTEM
Approach to summarize Tamil articles, utilizing 

advanced techniques within natural language processing. 
Our strategy revolves around the adept utilization of 
an LSTM network operating within a sequence-to-
sequence framework—a cutting-edge solution for 
abstractive summarization. 

The methodology kicks off with crucial steps: 
initial tokenization and embedding. These steps are 
pivotal, transforming the richness of Tamil text into 
numerical representations. This transformation lays the 
groundwork for the subsequent analysis conducted by 
the LSTM-based encoder-decoder architecture.

The encoder delves into the article's content, 
extracting its core essence to craft a comprehensive 
context vector. This vector encapsulates the fundamental 
concepts and nuances, providing a foundation for the 
summarization process.

The decoder is equipped not only with the 
context vector but also supported by an attention 
mechanism—a pivotal intelligence booster. With this, 
the decoder intelligently sculpts a concise summary, 
adeptly highlighting crucial segments of the original 
article. This attention-driven approach ensures that the 
summarization focuses on the most pertinent elements, 
maintaining the integrity and relevance of the content.

But mastery doesn't come without effort. Our model 
undergoes rigorous iterative training and optimization 
using paired data. Through this iterative process, the 
model evolves, honing its ability to produce coherent, 
informative summaries that retain the linguistic richness 
inherent in the Tamil language.

In essence, our approach amalgamates sophisticated 
technology and linguistic finesse to create a model 
that adeptly distills the essence of Tamil articles. This 
model not only condenses the information but does so 
intelligently, ensuring the summary reflects the depth 
and integrity of the original content.

 
Fig. 1: Sequence Diagram
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4. METHODOLOGY
a) Data Collection
The dataset originates from Kaggle, a popular data  

Science platform, featuring five columns housing 
diverse information. Among the attributes within these 
columns are: 'news_id,' serving as a unique identifier; 
'news_date,' capturing the temporal aspect of the data; 
'news_category,' delineating the thematic classification; 
and 'news_title' along with 'article,' providing textual 
insights into the news content. This dataset presents 
a rich reservoir of information, ideal for exploratory 
analysis and potentially fostering insights into various 
facets of news-related domains.

 

 Fig. 2: Dataset

b) Data Preprocessing
To prepare the data for model utilization, initial 

processing is essential. To accomplish this task, a data 
processing pipeline has been developed. The inaugural 
stage of this pipeline focuses on data cleaning. Certain 
attributes are unnecessary for observation and analysis. 
It is best to construct a model with cleaned data. The 
attributes that are unnecessary for the processing are 
removed. The unwanted columns are new_id, news_
date and news_category. The fields that are empty are 
also removed to ensure that it doesn't impact the final 
result. As part of the abstract approach, we won't be 
removing or omitting stop words that might cause loss 
of information.

c) Word embedding
Word embedding is a technique in natural language 

processing that converts words into numerical 
vectors. These vectors capture semantic relationships, 
representing words' meanings and contexts in a multi-
dimensional space. Gensim is a popular Python library 
that facilitates the creation of Word2Vec models by 
transforming words into high-dimensional vectors, 
preserving their semantic relationships. Through 
continuous training, the model captures intricate 

word associations and similarities, enabling it to map 
semantic meanings in a multi-dimensional space.

d) Seq2Seq Model
The seq2seq model, utilizing Long Short-

Term Memory (LSTM) networks, is a fundamental 
architecture for summarizing Tamil articles. This 
technique comprises two essential components: an 
encoder and a decoder. The LSTM-based encoder 
processes the input Tamil article, converting it into a 
fixed-size context vector while capturing its essential 
information. This context vector encapsulates the 
semantic essence of the article. Subsequently, the 
LSTM-based decoder takes this context vector as input 
and generates a concise summary sequentially. The 
decoder attends to different parts of the encoded article 
through an attention mechanism, allowing it to focus 
on relevant segments when producing each word of the 
summary.

e) Encoding
In the summarization of Tamil articles with an LSTM-

based seq2seq model, the encoding process involves 
converting the input text into numerical representations. 
This begins with tokenization, breaking down the Tamil 
article into smaller units, such as words or sub words, 
which are then embedded into high-dimensional vectors 
to capture their semantic meanings. The LSTM-based 
encoder then processes these embedded representations, 
sequentially analyzing the input text to create a context 
vector. This context vector encapsulates the essential 
information of the article, forming a foundation for the 
decoder to generate a summary. Through this encoding 
phase, the LSTM network learns to distill the salient 
details of the Tamil article into a condensed numerical 
format, enabling the subsequent decoding step to craft a 
coherent and concise summary.

f) Decoding
The decoding process involves using the context 

vector generated by the encoder as a foundation to 
generate a concise summary. The LSTM-based decoder, 
initialized with the context vector, begins the sequence 
generation for the summary. Employing an attention 
mechanism, the decoder attends to different parts of 
the encoded input text while generating each word of 
the summary. It predicts and generates words one by 
one, considering the context vector and the learned 
relationships within the input article.

5. RESULTS 
Deep learning models demand extensive data for 

robust performance, especially within the encoder-
decoder architecture used for text summarization. To 
harness their true potential, a substantial dataset was 
curated, predominantly comprising online Bangla 
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news articles. The model required sequences of text 
for training: utilizing full news articles as input and 
using their titles as reference summaries for abstractive 
summarization.

Training an abstractive summarization model in 
natural language processing poses challenges as the 
machine aims to generate summaries not explicitly 
present in the original text. To accomplish this, 
probability calculations play a critical role, shaping 
the machine's output based on maximum likelihood. 
Preprocessing the input data and training it on a deep 
learning model, specifically leveraging Tensor Flow 
2.0.2, were crucial steps in this experiment.

 

Fig. 3: Result

The training parameters were meticulously fine-
tuned, considering factors like cluster size, learning 
rate, and the number of layers, all of which significantly 
impact the model's performance. 

Minimizing loss during training was prioritized, 
employing the “RMSProp” optimizer within the 
model architecture. The utilization of high-end GPUs, 
particularly through Google Colab's GPU services, 
significantly expedited the training process.

The experiment utilized a latent dimension of 300, 
embedding dimension of 200, batch size of 345, 50 
hidden units, with 27 epochs (with early stops). The 
performance evaluation using ROUGE metrics indicated 
promising results: ROUGE-1 at 0.60, ROUGE-2 at 0.47, 
and ROUGE-L at 0.45. These metrics signify enhanced 
similarity between system-generated summaries 
and reference summaries in the dataset, showcasing 
the model's proficiency in generating accurate and 
coherent summaries. However, it's essential to note the 
limitations of automatic evaluation metrics, particularly 
their inability to fully capture nuances of meaning. 
Nonetheless, for an abstractive approach, the model's 

ability to generate comprehensive and informative new 
sentences remains a notable achievement. The authors 
in [3] introduced LongT5, exploring the impacts 
of scaling context lengths and model sizes to attain 
cutting-edge outcomes. Additionally, they conducted 
meticulous human annotations, as outlined in [4], to 
assess abstractive summarization models, striving to 
enhance the ROUGE score.

6. CONCLUSION
The paper signifies a remarkable advancement 

within the realm of Natural Language Processing (NLP), 
particularly in tackling the intricate task of summarizing 
documents written in the Tamil language. Despite the 
strides made by traditional NLP methodologies and 
pre-trained models, their limitations become evident 
when confronted with the intricate complexities and 
idiosyncrasies inherent in less-represented languages 
such as Tamil. The crux of our paper lies in the 
introduction of a novel model—one that merges a 
Long Short-Term Memory (LSTM) network with the 
sequence-to-sequence (seq2seq) technique, fortified by 
the implementation of Word2Vec for word embedding. 
This tailored approach is specifically engineered to 
confront and overcome the challenges posed by the 
unique linguistic landscape of Tamil. Traditional 
approaches often falter in capturing the essence and 
subtleties of less-represented languages. Our model, 
however, represents a paradigm shift by addressing 
these limitations head-on. By harnessing the capabilities 
of LSTM networks and seq2seq architecture, combined 
with the efficiency of Word2Vec embedding, our 
model empowers itself to navigate through the intricate 
nuances, varied sentence structures, and contextual 
complexities intrinsic to Tamil.

In essence, this proposed model stands as a beacon 
of innovation within the field of NLP, offering a tailored 
solution that transcends the limitations of traditional 
approaches. It signifies a pivotal step towards enabling 
more effective and nuanced document summarization 
specifically for languages like Tamil, thus contributing 
significantly to the evolution of NLP technology in 
handling underrepresented linguistic domains.

7. FUTURE ENHANCEMENT
The incorporation of advanced deep learning 

methodologies, particularly Transformer models, 
represents a significant leap forward in enhancing the 
accuracy and contextual understanding within text 
summarization models. The intrinsic architecture 
of Transformer models, notably their attention 
mechanisms, empowers these systems to capture 
intricate relationships and dependencies within textual 
data more effectively.
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In the realm of Tamil text summarization, leveraging 
Transformer models can be transformative. Training 
these models with diverse datasets in Tamil plays a 
pivotal role in honing their performance. The exposure 
to a wide array of textual sources enables these models 
to grasp the nuances, variations, and complexities 
inherent in the language.

By exposing Transformer models to diverse data, 
they become adept at understanding the intricate context 
and subtleties within Tamil text. This exposure enriches 
their understanding of sentence structures, semantics, 

and contextual cues, ultimately leading to heightened 
accuracy and proficiency in generating coherent and 
informative summaries.

In essence, the integration of Transformer models, 
coupled with training on diverse Tamil datasets, marks a 
significant stride in the evolution of text summarization. 
This combination not only elevates the accuracy levels 
but also enhances the model's ability to grasp the 
essence and context of Tamil text, paving the way for 
more refined and nuanced summarization outputs.
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அறிமுகம்

கணினி வேழி இ்லககி்ய ஆயவு இ்லகக மாநேவி்யலின் 
(Digital Humanities) துறணப் பு்லமாக விளங்குகிைது. 
இ்லககி்யப் ்பனுவேல்கறளக கணினி வேழி ்பகுப்்பாயவேேன் 
வேழி இ்லககி்யங்களின் வேடிவேம், நற்ட, ச்பாருண்றம, 
அழகி்யல் கூறுகள், இவேறறுககு இற்டத்ய நி்லவும் உைவுகள் 
முேலி்யவேறறை சவேளிப்்படுத்ே இ்யலும். அணுகக அல்்லது 
ஆழ்நே வோசிப்பின் வேழி தமறசகாள்ளப்்படும் மை்பார்நே 
இ்லககி்ய ஆயவுககு மாறைாகக கணினி வேழி இ்லககி்ய 
ஆயவு முறை அறமயும். 

இ்யறறக சமாழி ஆயவில் ்பல்வேறக சமாழிக 
கருவிகள் ்ப்யன்்படுத்ேப்்படுகின்ைன. சொல்லி்யல், 
சோ்டரி்யல் நிற்லகளில் ்பனுவேல்கள் ்பகுப்்பாயவுககு 
உட்படுத்ேப்்படுகின்ைன. இேன் வேழி இ்லககி்யப் 
்பனுவேல்களின் நற்டயி்யல் கூறுகறள இனம் கண்டு 
விவேரிகக இ்யலும். இ்லககி்யப் ்பனுவேல்களில் ஒலி 
அறமப்பு, சொல் அறமப்பு, சோ்டர் அறமப்பு ஆகி்யன 
ஒருங்கிறணநது ஓர் உயிரி்யாய விளங்குவேோல், 
இ்லககி்யப் ்பனுவேல்கறளக கருத்ோ்டல் நிற்லயில் 
(Discourse Approach) அணுகும்ச்பாழுது, திைன்மிகுநே 
நிற்லயில் இ்லககி்யத் திைனாயவுககுக கணினிற்யப் 
்ப்யன்சகாள்ள இ்யலும்.

ெங்க இ்லககி்யம் சோ்டங்கி நவீனப் புறனகறேகள் 
வேறையில் ்பல்தவேறு இ்லககி்ய விரிேைவுகள் ேமிழில் 
உருவோககப்்படடுள்ளன .  ேமிழில் இ்லககணக 
குறியீடு செய்யப்்பட்ட இ்லககி்ய உறைத் ேைவுகள் 
உருவோககப்்படடுள்ளன. ேமிழ் இறண்யக கல்விககழகம் 
ேமிழ் இ்லககி்யங்களின் விரிேைறவேச் சொல்லி்யல், 
சோ்டரி்யல், ச்பாருண்றமயில் விளககங்கதளாடு 
உருவே ா ககுவேதில்  முன்தன ா டி ப்  ்பணிகறள 
தமறசகாண்டுள்ளது; சமாழி ஆயவுககான கருவிகள் 
சி்லவேறறையும் உருவோககியுள்ளது. செம்சமாழி மத்தி்ய 
ேமிழாயவு நிறுவேனமும் உ.தவே.ொ. செம்சமாழித் 
ேைவேகத்றே உருவோககி சவேளியிடடுள்ளது. சோ்டரி்யல், 
ச்பாருண்றம உைவுகள், சூழ் ச்பாருள் ொர்நது 
இத்ேறக்ய ேைவேகங்கள் தமம்்படுத்ேப்்ப்ட தவேண்டி்ய 
நிற்லயில் உள்ளன. தமலும் இ்லககி்ய உறை ேைவுகளின் 
புைககூறுகளாகக கருேத்ேகக திறண, கூறறு, துறை, 
பு்லவேர், நூல், முேலி்யவேறறை ஒருங்கிறணத்து இ்லககி்ய 
ஆயறவே தமறசகாள்வேது நுட்பமான முடிவுகறளப் 
ச்பைத் துறணசெயயும். 

ஆயவுச்சுருககம்
ேமிழில் செம்சமாழிப் ்பனுவேல்கள் உள்ளிட்ட இ்லககி்யத் 
ேைவேகங்கள் உருவோககப்்படடுள்ளன. இ்லககி்யம் ஒரு 
சமாழிக கற்ல என்னும் அடிப்்பற்டயில் இ்யறறக 
சமாழி்யாயவுக கருவிகளின் வேழி இ்லககி்யப் 
்பனுவேல்கறள விரிவோக ஆைா்ய இ்யலும். இ்லககணக 
குறியீடு ச்பறை இ்லககி்யத் ேைவேகங்கள், சொல்நிற்லயில் 
ேமிழில் உருவோககப்்படடுள்ளன. ஆயினும், சொறதெர்கறக, 
சோ்டரி்யல் - ச்பாருண்றமயி்யல் உைவுகள், 
சூழ்ச்பாருள் ஆகி்ய நிற்லகளில் இத்ேறக்ய ேைவேகங்கள் 
இன்னும் தமம்்படுத்ேப்்ப்ட தவேண்டி்ய நிற்லயில் 
உள்ளன. அதே தவேறளயில், இ்லககி்யப் ்பனுவேல்கறள 
தமம்்பட்ட, ஒருங்கிறணநே கணினி்யப் ்பார்றவேயில் 
அணுகி ஆயவேேறகாகக களங்கறள இவவோயவுறை 
முன்சமாழிகிைது.

சோற்ட ந்யம் உள்ளிட்ட ்யாப்பி்யல் கூறுகள், ெநேப் 
்பா்டல்களின் இறெறம ஒழுங்கு - ச்பாருண்றம உைவு 
த்பான்ைவேறறைச் சொல்லி்யல் நிற்லயில் கண்்டறி்ய 
இ்யலும். இதுத்பான்தை, சோ்டர் நிற்லயில், சோ்டர் 
அறமப்புக கடடுப்்பாடுகள், வி்லகல்கள், மீைல்கள் 
முேலி்யவேறறின் அடிப்்பற்டயில் அறமயும் இ்லககி்ய 
உத்திகறளக கண்்டறி்ய முடியும். 

உள்ள்டங்கு உைவு (Hyponymy), உள்ள்டககு உைவு 
(Hypernym) சிறன-முேல் உைவு (Part-whole rela-
tion), உட்படுத்து உைவு ஆகி்யவேறறை சவேளிப்்படுத்தும் 
சொல்வேற்ல (wordnet) வோயி்லாகக கருப்ச்பாருள் 
– உரிப்ச்பாருள் - திறண உைவுகள், சொல் வேடிவேம் - 
கூறறு - துறை - ்பற்டப்்பாளி உைவு முேலி்யவேறறைக 
கண்்டறி்ய இ்யலும். தமம்்பட்ட நிற்லயில் உவேறம, 
உருவேகம், முைண் முேலி்ய அணிகள், சோ்டரிறணவு 
(cohesion) கருத்திறணவு (coherence) முேலி்ய 
எடுத்துறைப்பி்யல் உத்திகள், த்பச்சுச் செ்யல்்பாடுகள், 
நா்டகப் ்பாங்கு ஆகி்யவேறறையும் கணினி வேழி கண்்டறி்ய 
இ்யலும்.

எனதவே இ்யறறக சமாழி ஆயவு மறறும் விரிேைவுககான 
கருவிகறள இ்லககி்யத் ேைவேகங்களில் தமம்்பட்ட 
நிற்லயில் றக்யாள்வேேன் வேழி இ்லககி்யப் ்பனுவேல்களின் 
கற்ல நுட்பங்கறள நன்கு சவேளிப்்படுத்ே இ்யலும். 
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கருறவேயும் உருறவேயும் அறமப்்பாககம் செயவேன 
இ்லககி்யங்கள். ஒலிகதகா்லம், சொல் தேர்வு, சோ்டர்க 
கடடு, சோ்டர்்பா்டல் அ்லகு, ஒருங்கிறணவு, கருத்திறணவு, 
உள்தநாககுற்டறம, ஏறபு, சூழல் இற்யபு, பிை பிைதி 
சோ்டர்பு முேலி்யன இ்லககி்ய சமாழியி்யல் ்பார்றவேயில் 
இன்றி்யறம்யாேறவே. செயயுளுககு உறுப்்பாக அறமயும் 
34 கூறுகறளத் சோல்காப்பி்யர் ஒருங்கிறணநே 
்பார்றவேயில் அணுகுவேறேச் செயயுளி்யல் விவேரிககிைது.

இ்யறறக சமாழி்யாயவுக கருவிகள் மறறும் விரிேைவு 
சமாழி்யாயவுகசகன உருவோககப்்படடுள்ள கருவிகளின் 
துறணயு்டன் இ்லககி்யப் ்பனுவேல் ஆயறவே முன்சனடுகக 
இ்யலும். ெங்கப் ்பா்டல்களின் விரிேைறவே அணுகும் 
கணினி சமாழி ஆயவு முறைகறள இககடடுறை 
முன்சமாழிகிைது.

ஒலி்ய நிற்ல இ்லககி்ய ஆயவு

சோல்காப்பி்யச் செயயுளி்யல் குறிப்பிடும் மாத்திறை, 
எழுத்து, அறெ, சீர், தூககு, சோற்ட, வேண்ணம் 
முேலி்யன ஒலி்யக கூறுகளாகக சகாள்ளத்ேககறவே. 
இறவே செயயுளின் ஓறெ ந்யத்திறகுக காைணமாக 
அறமவேதோடு, செயயுளின் ச்பாருண்றமத்யாடும் 
சோ்டர்புற்ட்யறவே்யாக அறமகின்ைன.

எதுறக, தமாறன, இற்யபு, அளச்பற்ட ஆகி்யன ஒலி 
நிற்லயிலும் முைண் சொல் நிற்லயிலும் ஒரூஉ, ச்பாழிப்பு 
ஆகி்யன சோ்டர் நிற்லயிலும் செயயுளுககு அணி்யாக 
அறமகின்ைன. பின்வேரும் விளககப்்ப்டம் ஔறவேயின் 
அகப்்பா்டல்களில் காண்லாகும் சோற்டகளின் 
வேருறகற்யக காடடுகிைது. 

ஒதை ஒலி அல்்லது அேறகு இனமான ஒலி, ஓர் அடி 
அல்்லது ்பா்டல் முழுவேதும் ்பயின்று வேருவேது வேண்ணம் 
எனும் உத்தி்யாகும். ‘வேண்ணம் என்்பது ்பாவின்கண் 
நிகழும் ஓறெ விகற்பம்’ எனத் சோல்காப்பி்ய உறையில் 
த்பைாசிரி்யர் குறிப்பிடுகிைார் (1975:116). வேண்ணம் என்்பது 
உணர்ச்சியு்டன் கூடி்ய ச்பாருளு்டன் சோ்டர்புற்ட்யது. 
ஆனால் ஓறெ என்்பது எழுத்து அளறவே முேலி்யன 
காைணமாக இறெ்யாப்பில் ஏற்படுகிை இறெ தவேறு்பாடு 
என தமறதகாள் காடடும் ்பா.வீைப்்பன் (1989:52), 
்பத்துப்்பாடடில் இ்டம்ச்பறறுள்ள வேண்ணங்கறள 

எடுத்துககாடடியுள்ளார். ச்பாருளுககு ஏற்ப வேண்ணங்கள் 
்ப்யன்சகாள்ளப்்படடுள்ள முறைற்யயும் அவேர் 
விவேரித்துள்ளார் சிறு்பாணாறறுப்்பற்டயில் விைலி்யரின் 
கறளத்து ஓயநே நற்டயில் அளச்பற்ட வேண்ணம் 
அழகு செயவேறேயும், ச்பரும்்பாணாறறுப்்பற்டயில் 
முதுதவேனிற்ல விளகக வேல்லிறெ வேண்ணமும் ்யாழின் 
இனி்ய ஓறெற்ய விவேரிகக சமல்லிறெ வேண்ணமும் 
ஆளப்்படடிருப்்பறே ்பா.வீைப்்பன் சுடடுகிைார் (1989:55). 
பின்வேரும் விளககப்்ப்டம் ச்பாருநைாறறுப்்பற்டயில் 
மிகுதி்யாகக றக்யாளப்்படடுள்ள வேண்ணங்களின் 
வேருறகற்யக காடடுகிைது. 

்பா்டல்களில் காண்லாகும் ்பல்தவேறு ஒலிகதகா்லங்கள் 
்பா்டலின் உருறவேயும் கருறவேயும் தீர்மானிப்்பதில் 
இன்றி்யறம்யாே ்பங்குவேகிககின்ைன. ்பல்வேறகத் சோற்ட 
ந்யங்கள், வேண்ணங்கள், ஒலிககுறிப்புச் சொறகள் 
(அச்ெம், விறைவு, செறிவு) ஆகி்யவேறறைப் ்பா்டலின் 
ச்பாருண்றமத்யாடு சோ்டர்பு்படுத்திக கணினி வேழி 
விளகக்லாம்.

சொல்நிற்ல இ்லககி்ய ஆயவு

ெங்கப் ்பனுவேல்களுககு இ்லககணக குறியீடு சகாண்்ட 
விரிேைவுகள் கிற்டககின்ைன. சொல் வேறககள் ஆயவின் 
தேறவேகதகற்ப வேறை்யறுத்துக சகாள்ளப்்ப்ட்லாம். 
சொறகளின் வேருறக, அவேறறின் ்பகிர்வு, சொல் 
வேறககளுககிற்டத்ய நி்லவும் உைவு, சொல் வேறககள் 
இறணநது உருவோககும் வோய்பாடுகள் (Patterns) 
த்பான்ைவேறறைக கண்்டறிவேது இ்லககி்ய ஆயவில் 
இன்றி்யறம்யாேது. 

்பற்டப்பின் சமாழி ஆளுறம ேன்னி்ய்லாக 
சவேளிப்்படுவேது. இது கா்லம், ்பாடுச்பாருள், பு்லவேர், 
திறண, கூறறு, துறை ஆகி்யவேறறின் அடிப்்பற்டயில் 
சவேவதவேறு அளவில் மாறு்படுவேேறகு வோயப்புள்ளது.

ெங்கப் ்பனுவேல்களில் இ்டம் ச்பறறுள்ள சொறகளின் 
வேருறகற்யயும் ்பகிர்றவேயும் நூல், பு்லவேர், திறண, 
கூறறு த்பான்ைவேறதைாடு ஒப்பிடடுதநாககி கணினி வேழி 
ஆைா்ய இ்யலும்.
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எடுத்துககாட்டாக, ்பதிலிப் ச்ப்யர்கள் அைத்சோடு 
நிறைல் துறையில் அதிகம் ஆளப்்படடுள்ளறேயும். 
இத்துறைப் ்பா்டல்களில் விளியின் ்ப்யன்்பாடும் 
கூடுே்லாக அறமநதுள்ளறேயும். ச்ப்யைற்டகளின் 
்ப்யன்்பாடு அைத்சோடுநிறைல் துறையில் குறைவோக 
இ்டம்ச்பறுவேறேயும். திரிபுச் சொறகறள ஆளும் 
முறையில் அைத்சோடுநிறைல் துறையிலும் வேறைவிற்டப் 
பிரிவு துறையிலும் ஒத்ே ்பான்றம சவேளிப்்படுவேறேயும். 
விளிற்யப் த்பான்தை அைத்சோடுநிறைல் துறையில் 
வி்யங்தகாளின் வேருறகயும் மிகுநதுள்ளறேயும் 
கடடுறை்யாளரின் ஆயவு சவேளிப்்படுத்துகிைது. (்ப.த்டவிட 
பிை்பாகர்: 2018). பின்வேரும் விளககப்்ப்டம் ஐங்குறுநூறு, 
குறுநசோறக, ்பதிறறுப்்பத்து ஆகி்ய நூல்களில் 
ஆளப்்படடுள்ள விறனச்யச்ெங்களின் வேருறகற்யக 
காடடுகிைது. 

பின்வேரும் விளககப்்ப்டம் ஐங்குறுநூறு, குறுநசோறக, 
்பதிறறுப்்பத்து ஆகி்ய நூல்களில் ஆளப்்படடுள்ள 
இற்டச்சொறகளின் வேருறகற்யக காடடுகிைது.

ேனிச் சொல் வேறககளின் வேருறகயின் அடிப்்பற்டயில் 
மடடுமின்றி, ஒவசவோரு சொல் வேறகயின் அ்லதகறபுப் 
்பண்பின் அடிப்்பற்டயிலும், ெங்கப் ்பனுவேல்களின் சமாழி 
நற்டப் ்பண்புகறளக கண்்டறி்யவி்யலும். அோவேது, 
ஒவசவோரு சொல் வேறகயும் குறிப்பிட்ட சொல் 
வேறககறளத்ய ேமககு முன்னும், பின்னும் இ்டம்ச்பை 
அனுமதிககின்ைன.

ெங்கப் ்பனுவேல்களில் இ்டம் ச்பறும் ்பல்தவேறு 
சொல்வேறககள், அவேறறின் நிகழ்சவேண் ஆகி்யவேறறைக 
கண்்டறிவேதோடு அவேறறின் ெைாெரி, திட்டவி்லககம் 

த்பான்ைவேறறை ஆைாயவேதோடு, ்பனுவேல் ்பகுதிகறள 
ஒவசவோரு சகாத்ோகக சகாண்டு பிை ்பகுதிகளு்டன் 
ஒப்பிடும் சோகுதிப் (கிள்ஸ்டர்) ்பகுப்்பாயறவேப் 
புள்ளியி்யல் ்பகுப்்பாயவுக கருவிகளின் அடிப்்பற்டயில் 
தமறசகாள்ள்லாம்.

ச்ப்யர், விறன, இற்ட/உரி, அடுககுத் சோ்டர்/
ஒலிககுறிப்பு எனச் சொல் வேறககறள நான்காகப் 
்பகுத்துகசகாண்டு அறவே அகமாநேர் கூறறுகளில் 
இ்டம்ச்பறறுள்ள முறைற்யப் பின்வேரும் ்ப்டம் காடடுகிைது. 

குழும விவேரிப்பு தமறசகாண்்டதில், ஆயவுககு 
எடுத்துகசகாண்்ட நான்கு நூல்களில் குறுநசோறகயும், 
புைநானூறும் அணுககமான உைவில் அறமநதிருப்்பறேக 
காணமுடிகிைது.

்பதிறறுப்்பத்தும் ஐங்குறுநூறும் கீழ் தமல் அடுககுகளில் 
அறமநது உைறவே சவேளிப்்படுத்துகின்ைன. சொல் 
வேறககறளப் ்ப்யன்்படுத்தும் முறையில் ச்ப்யர், விறனத் 
சோகுதிச் சொறகறள ஆளும் முறையில் அறமயும் 
உைவு அணுககமாகவும் இற்டச் சொறகறள ஆளும் 
முறையி்லான உைவு ெறறு வி்லகியும், அடுககுத்சோ்டர்/
ஒலிககுறிப்புச் சொறகறள ஆளும் முறையி்லான உைவு 
மிகவும் வி்லகியும் அறமநதிருப்்பறேக காணமுடிகிைது. 

Word2vec என்்பது சொறகளின் ஆளுறமப் 
த்பாகறகக கண்்டறியும் இ்யறறக சமாழி ஆயவுககான 
(NLP) ஒரு நுட்பமாகும். இது ஒவசவோரு ேனித்ே 
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சொறகளின் திறெ வேழிற்ய எண்களின் ்படடி்ய்லாகத் 
ேருகிைது. இேன்வேழி, விரிேைவில் சொறகளின் ச்பாருள் 
மறறும் சூழல் ொர்நே ்ப்யன்்பாடு ்பறறி்ய ேகவேல்கறளப் 
ச்பை்லாம். தமலும், சொறகளின் சோ்டரி்யல் மறறும் 
ச்பாருண்றமயி்யல் ்பண்புகள், உைவுகறளயும் இது 
காடடுகிைது.

சோ்டைன் நிற்ல இ்லககி்ய ஆயவு

எச்ெத்சோ்டர், அற்டத் சோ்டர், விளித்சோ்டர், 
வினாத்சோ்டர், ஏவேல் சோ்டர், உவேறமத் சோ்டர், முைண் 
சோ்டர், எதிர்மறைத் சோ்டர், திருப்புறை எனப் ்பல்தவேறு 
முறைகளில் இ்லககி்யப் ்பனுவேல்களில் காண்லாகும் 
சோ்டர்கறளக கணினி வேழி கண்்டறிநது அவேறறைப் 
்பா்டலின் கரு, உரு ஆகி்யவேறறு்டன் சோ்டர்பு்படுத்தி 
விளகக மு்ய்ல்லாம் .  வோககி்யங்களின் நீளம் , 
வோககி்யத்தின் அறமப்பு (ச்பாருள்தகாள், அற்டவிரிப்பு, 
ஒப்புறை, உருவேக நிற்ல) ஆகி்ய நிற்லகளிலும் 
சமாழி ஆளப்்படடுள்ள முறைற்யக கண்்டறிவேேறகான 
விதிமுறை்யாககங்கறள தமறசகாள்ள்லாம்.

கருத்ோ்டல் நிற்ல இ்லககி்ய ஆயவு

கருத்ோ்டல் நிற்லயில் இ்லககி்யப் ்பனுவேல்கறள 
ஆைாயவேது ெவோல் நிறைநே ்பணி்யாகும். ஒலி, சொல், 
சோ்டர் ஆகி்ய நிற்லகறளக க்டநது உறைகளுககிற்டத்ய 
(Utterance) அறமயும் கருத்திறணவு (Coherence) 
ச ே ா்டரிறணவு (C o h e s i o n )  ஆகி்யவேறறைக 
கருத்திறசகாண்டு இ்லககி்யப் ்பனுவேற்ல முழுறம்யாகப் 
்பார்ககக கருத்ோ்டல் அணுகுமுறை வேழிவேகுககிைது.

ேற்லப்பு மாதிரி ஆககம் (Topic Model l ing ) 
விரிேைவின் உடச்பாதிநதுள்ள அல்்லது மறைநதுள்ள 
ச்பாருண்றமயி்யல் கூறுகறள சவேளிக சகாணர்வேோகும். 
இேறகு உள்ளுறை ச்பாருண்றமயி்யல் ஆயவு (Latent 
semantic analysis) எனும் இ்யறறக சமாழி்யாயவு 
உத்தி துறண செய்யககூடி்யது. ஓறெ அடிப்்பற்டயிலும், 
சொல் நிற்லயிலும் ச்பாருண்றம அடிப்்பற்டயிலும் ஒரு 
்பா்டலில் அறமயும் சமாழிக கூறுகறள இறணத்து 
தநாககுவேதின் வேழி ்ப்யனுள்ள இ்லககி்ய ஆயறவேக 
கணினி வேழி தமறசகாள்ள இ்யலும். இ்லககி்யப் 
்பனுவேலில் சவேளிப்்படும் உணர்வு மறறும் உணர்ச்சி 
ொர்நே ஆயறவேயும் (sentiment and emotional 
analysis) மு்ய்ல்லாம்.

சொல்வேற்ல (Wordnet) நுட்பங்கறளப் ்ப்யன்்படுத்திப் 
்பா்டல்களில் இ்டம்ச்பறும் இறணச்சொல், எதிர்ச்சொல், 
உள்ள்டங்குச் சொல், உள்ள்டககுச் சொல், சிறன-
முேல் உைவுச்சொல் ஆகி்யவேறறைச் சொல் நிற்லயிலும் 
ச்பாருண்றம நிற்லயிலும் ஆைா்யவி்யலும்.

செயநநன்றி அறிேலும்1, சிறறினம் இன்றமயும்1,
இன் முகம் உற்டறமயும்1, இனி்யன் ஆேலும்1,
செறிநது விளங்கு சிைப்பின் அறிநதோர்2 ஏத்ே;
அஞசினர்ககு அளித்ேலும்1, சவேஞ சினம் இன்றமயும்1,
ஆண் அணி புகுேலும்1, அழி்பற்ட ோங்கலும்1,
வோள் மீக கூறைத்து வே்யவேர்2 ஏத்ே;
கருதி்யது முடித்ேலும்1, காமுைப் ்படுேலும்1,
ஒரு வேழிப் ்ப்டாறமயும்1, ஓடி்யது உணர்ேலும்1,
அரி ஏர் உண்கண் அரிறவே்யர்2 ஏத்ே;
அறிவு ம்டம் ்படுேலும்1, அறிவு நன்கு உற்டறமயும்1,
வேரிறெ அறிேலும்1, வேறை்யாது சகாடுத்ேலும்1,
்பரிசில் வோழ்கறகப் ்பரிசி்லர்2 ஏத்ே

தமறகாணும் சிறு்பாணாறறுப்்பற்ட ்பா்டல் அடிகளில் 
இ்டம்ச்பறறுள்ள சொறகளின் ஆளுறம கவிறே 
ந்யத்துககுக காைணமாக அறமக்ிைது. 

அறிேலும், இன்றமயும், உற்டறமயும், ஆேலும், 
அளித்ேலும், இன்றமயும், புகுேலும், ோங்கலும், 
முடித்ேலும், காமுைப் ்படுேலும், ்ப்டாறமயும், 
உணர்ேலும் ஆகி்ய சொறகள்(1) ்பா்டலின் ஓறெ மறறும் 
ச்பாருண்றமற்யக கட்டறமப்்பறேக காண முடிகிைது. 
இதுத்பான்தை, உரி்ய இற்டசவேளியில் ஆளப்்படடுள்ள 
அறிநதோர் ஏத்ே, வே்யவேர் ஏத்ே, அரிறவே்யர் ஏத்ே, 
்பரிசி்லர் ஏத்ே ஆகி்ய சோ்டர்களும்(2) ்பா்டலுககு அணி 
தெர்ககின்ைன.

்ப ாடினியின் தக ெ ாதி்ப ா ே  வேருணறன்யாக 
அறமநதுள்ள பின்வேரும் ச்பாருநைாறறுப்்பற்டயின் 
்பா்டல் அடிகளில் இ்டம்ச்பறறுள்ள உ்டல் உறுப்புப் 
ச்ப்யர்களின் ஆளுறம ்பா்டலுககுப் ச்பாருண்றம 
ொர்நே வேடிவேத்றே வேழங்குகிைது.

அைல் த்பால் கூநேல்1, பிறை த்பால் திரு நுேல்1,
சகாற்ல வில் புருவேத்து1, சகாழுங் கற்ட 

மறழக கண்1,
இ்லவு இேழ்1 புறையும் இன் சமாழித் துவேர் வோய1,
்ப்ல உறு முத்தின் ்பழி தீர் சவேண் ்பல்1 

(ச்பாருநைாறறுப்்பற்ட)

கணினி வேழி இ்லககி்ய ஆயறவேப் புறனகறேப் 
்பனுவேல்களுககும் விரிவோககம் செய்ய இ்யலும். 
கறேககூறு,  இறழ ச்பாருள்,  கறேப்பின்னல் 
ஆகி்யவேறறுககு உருவேவி்யலில் அணுகுமுறையில் 
சிைப்பி்டம் உண்டு. நிகழ்வுகள் ச்பாருண்றமயி்யலின் 
ஆககக கூறுகளாக விளங்கு்பறவே. நிகழ்வுகளின் வேருறக, 
நிகழ்வுகளின் தகாறவே, எடுத்துறைப்பி்யல் முறைறம, 
த்பச்சுச் செ்யல்்பாடுகள் ஆகி்யவேறறின் அடிப்்பற்டயில் 
புறனகறேப் ்பனுவேல்கறளயும் கணினி வேழி இ்லககி்ய 
ஆயவுககு உட்படுத்ே இ்யலும்.
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1. ேமிழ் சமாழிச் சொறச்பாருட களஞசி்யம்

இன்றை்ய ேமிழுககுச் சொறச்பாருட களஞசி்யம் 
அவேசி்யம் தேறவே.  இதுவேறை ேறகா்லத் ேமிழுகசகனச் 
சிைப்்பாக உருவோககவில்ற்ல. ேறகா்லத் ேமிழ்ச் 
சொறகறளப் ்ப்யன்்படுத்தி அகைாதி (Dic t ionary) 
உருவோககப்்படடுள்ளறேப் த்பான்று சொறச்பாருட 
களஞசி்யம் உருவோகக தவேண்டும். இைாதேநதிைன் 
(2001) ேறகா்லத் ேமிழ்ச் சொறகளஞசி்யம் என்று 
குறிப்பிட்டாலும் அதில் சொறகள் ்பழநேமிழ், இற்டத்ேமிழ் 
சொறகளும் காணப்்படுகின்ைன.  எடுத்துககாட்டாக:

1.1 விண்சவேளி ்பறறி்யறவே

கா, வோனம், ஆகா்யம், ஆகாெம், விண், விசும்பு, 
அநேரிடெம், அநேைம், கீழ்வோனம், அடிவோனம், 
தமல்வோனம் என்று குறிப்பிடடுள்ளார். இவேறறுள் விசும்பு, 
அநேரிடெம், அநேைம் முேலி்ய மூன்று சொறகளும் 
ேறகா்லப் ்ப்யன்்பாடடில் இல்்லாேறவே. கீழ்வோனம், 
அடிவோனம், தமல்வோனம் முேலி்ய மூன்று சொறகளும் 
அேன் வேறககறளக குறிப்்பறவே. தமலும் ஆகாெம் 
என்்பது த்பச்சு வேடிவேமாகும். 

இவவோைாகத்  ேறகா்லத் ேமிழ்ச் சொறகள் 
குறைவோகவும், நிகண்டுச் சொறகளும், ்பழநேமிழ்ச் 
சொறகளும் மிகுநதும் காணப்்படுகின்ைன. தமலும் 
அவேருற்ட்ய சொல்வேற்ல (WordNet) இநதிச் சொல்வேற்ல 
மூ்லசமாழி்யாகவும் (source language) ேமிழ் சமாழி 
இ்லககு சமாழி்யாகவும் சகாண்டு சொறகள் (Target 
language) நிைப்்பப்்பட்டன. ஆகதவே ேறகா்லத் ேமிழ் 
சமாழிகசகனச் சிைப்்பான சொறகளஞசி்யம் அறம்ய 
தவேண்டும்.  குறிப்்பாத் ேறகா்லத் ேமிழ் ச்பாதுச் சிைப்புச் 
சொறச்பாருட களஞசி்யம் அறம்ய தவேண்டும் என்்பது 
்பறறி இககடடுறை ஆைாயகிைது.

1.2. உரிச்சொல்

ேமிழில் முேன்முேலில் சோல்காப்பி்யத்தில் உரிச்சொல் 
என்ை சொல்  சொறச்பாருட களஞசி்யம் ச்பாருண்றமப் 
்பறறிப் த்பசுகிைது. சோல்காப்பி்யர் சொல்்லதிகாைம் 
உரியி்யலில் 120 உரிச்சொறகறளக குறிப்பிடுகிைார். 
இநேச் சொல்லுககு இன்ன ச்பாருள் என்றும், இநேப் 
ச்பாருறள இன்னின்ன சொறகள் உணர்த்தும் என்றும் 
இங்குச் சொல்்லப்்படுகிைது. இேன் அடிப்்பற்டயில் ்ப்ல 
நிகண்டு நூல்கள் எழுநேன. அவேறறைப் பின்வேரும் 
்பகுதியில் ்பார்ப்த்பாம்.

ஆயவுச்சுருககம்
‘Thesaurus’ என்ை வோர்த்றே கிதைகக வோர்த்றே்யான 
‘thesauros’ என்்பதிலிருநது வேநேது, அோவேது களஞசி்யம் 
அல்்லது வோர்த்றேகளின் கருவூ்லம்  என்று ச்பாருள். 
சொறகளின் உைவுத்சோகுப்பு சொறச்பாருட களஞசி்யம் 
(thesaurus) எனப்்படும். Thesaurus என்ை ஆங்கி்லச் 
சொல்லுககு இறண்யாகத் ேமிழில் சொறச்பாருட 
களஞசி்யம் என்று இங்கு குறிப்பி்டப்்படுகிைது. 
இறேப் ச்பாருடபு்ல அகைாதி என்றும் குறிப்பிடுவேர் 
(இைாதேநதிைன் 2001). கருத்துகளிலிருநது அல்்லது 
ச்பாருண்றமகளிலிருநது சொறகறளப் ச்பை உேவுவேது 
சொறச்பாருட களஞசி்யம். இறேப் ்பறறி விளககமாகப் 
பின்வேருமாறு தோன்ஸின் ( Jones, 1986:201): 
“சொறச்பாருட களஞசி்யத்தில் ஒருச்பாருள் ்ப்லசொல் 
இருகக தவேண்டி்ய கட்டா்யம் இல்ற்ல. மறறும் 
ஒருச்பாருள் ்ப்லசொல் அகைாதி சொறகளஞசி்யமாக 
அறம்யத் தேறவேயில்ற்ல”. சொறச்பாருட களஞசி்யம் 
என்்பது சொறகறளக கருத்துருககள் (Concepts), 
ேற்லப்புகள் (topics) அல்்லது ்பா்டப்ச்பாருள்கள் 
(Subjects) ஆகி்யவேறறின் அடிப்்பற்டயில் ்பாகு்பாடு 
செயவேோகும் (இைாதேநதிைன் 2001). அோவேது 
ஒவசவோரு சொல்லுககும் ஒருச்பாருட ்ப்லசொல் (Syn-
onymy) இருநோலும் இல்்லாவிட்டாலும் அது சிறனமுேல் 
உைவு்டன் (Part Whole Relation) இறணககப்்படடிருகக 
தவேண்டும் என்்பறே தோன்்ஸ வேலியுறுத்துகிைார்.

இநதி்யாவில் ஆதிகா்லத்தில் உரிச்சொல் ்ப்யன்்பாடடுமுறை 
சமாழிக கறைலில் மிக முககி்யப் ்பங்குவேகித்ேது. 
ஐதைாப்பி்யர் வேருகறகககுப் பின் அது சமல்்லசமல்்லக 
குறைநது அகைாதிற்யப் ்ப்யன்்படுத்தும் முறை 
்ப்யன்்பாடடிறகு வேநேது. சொறகறள அகை வேரிறெயில் 
அறமத்து அவேறறின் இ்லககணப் ச்பாருறளயும்  
சொறச்பாருறளயும், ெமூக சமாழியி்யல் ச்பாருறளயும் 
ஒரு குற்டயின்கீழ்  அறிநதுசகாள்வேது மிகவும் 
எளிறம்யாக இருநேதே இேறகுக காைணம்.

தகா.்பழனிைாேன்

ேறகா்லத் ேமிழ் சமாழிககான சொறச்பாருடகளஞசி்யம் 

தகா.்பழனிைாேன்
தகைள மத்தி்யப் ்பல்கற்லககழகம், காெர்கதகாடு.
மின்னஞெல்: gprajancuk@gmail.com
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2. நிகண்டுகள் 

கா்லத்ோல் முநதி்யது தெநேன் திவோகைம் நிகண்டு. 
திவோகைன் முேறசகாண்டு ஏைத்ோழ 80 நிகண்டுகள் 
ேமிழில் தோன்றியுள்ளன. (ெறகுணம் 2002) 
ச்பாதுவோக சமாழி தநாககில் மடடுமின்றி சிைப்்பாக 
மருத்துவேம், தொதி்டம் த்பான்ை துறைகளிலும் 
நிகண்டுகள் இ்யறைப்்பட்டன. இருப்பினும் சமாழியி்யல் 
தநாககில் மடடும் இதுவேறை ஏைத்ோழ 50 நிகண்டுகள் 
கிற்டத்துள்ளன. அவேறறுள் 20 நிகண்டுகள் மடடுதம 
்பதிப்பிககப்்படடுள்ளன. ேறகா்ல நிகண்டு ்பறறி 
ஆயவுககு முன்தனாடி்யாகவும் வேழிகாடடி்யாகவும் 
விளங்கி்யவேர் த்பைாசிரி்யர் எ்ஸ.றவே்யாபுரிப்பிள்றள. 
ேமிழ் அகைாதியின் ஆோை நூல் சோகுதி என்னும் 
ேற்லப்பின் கீழ் நான்கு நிகண்டுகறள முேல் முேலில் 
சவேளியிட்டார். த்பைாசிரி்யர் வே.சே்யதேவேன் ேமிழ் 
அகைாதியில் வேளர்ச்சி வேை்லாறு என்னும் ேற்லப்பில் 
முறனவேர் ்பட்ட ஆயதவேடடில் இைண்டு இ்யல்கள் 
ேமிழ் நிகண்டுகள் சோ்டர்்பான ஆயவு முேன் முேலில் 
தமறசகாள்ளப்்பட்டது. த்பைாசிரி்யர் சுநேை ெண்முகனார் 
ேமிழ் அகைாதிககற்ல என்னும் நூலில் இைண்டு, மூன்று 
்பாகங்கள் நிகண்டுகள் ்பறறி்ய செயதிகள் விளககமாகத் 
ேைப்்படடுள்ளன. இன்னாசி சு.ெதுைகைாதி ஆைாயச்சி என்ை 
நூற்ல நிகண்டுகளு்டன் ஒப்பிடடு ஆைாயநதுள்ளார். 
த்பைாசிரி்யர் ெறகுணம் (2002) ேமிழ் சமாழியில் 
நிகண்டுகள் என்ை விரிவோன ஆயறவே முேன் முேலில் 
தமறசகாண்டுள்ளார். அவேறறுள் சி்ல நிகண்டுகறளச் 
சுருககமாகக காண்த்பாம்.

i. திவோகை நிகண்டு

நிகண்டுகளுள் மிகவும் ்பழறம்யானது திவோகை 
நிகண்டு எனப்்படும். தெநேன் திவோகைம் நிகண்டின் 
சொறசைாறகப் ்பாகு்பாடு மிகவும் சிைப்பு வோயநேது. 
ஏசனனில் பிறகா்ல நிகண்டுகளுககு அடிப்்பற்ட்யானது. 
இது சொறகறளப் ்பன்னிைண்டு சோகுதிகளாகப் பிரித்து 
அ்டககியுள்ளது. அறவே கீதழ சகாடுககப்்படடுள்ளன.

1. சேயவேப் ச்ப்யர்த் சோகுதி, 2. மககட ச்ப்யர்த் 
சோகுதி, 3. வி்லங்கினப் ச்ப்யர்த் சோகுதி, 4. மைப் 
ச்ப்யர்த் சோகுதி, 5. இ்டப் ச்ப்யர்த் சோகுதி, 6. 
்பல்ச்பாருட ச்ப்யர்த் சோகுதி, 7. செ்யறறக வேடிவேப் 
ச்ப்யர்த் சோகுதி, 8. ்பண்பு ்பறறி்ய ச்ப்யர்த் சோகுதி, 
9. செ்யல் ்பறறி்ய ச்ப்யர்த் சோகுதி, 10. ஒலி ்பறறி்ய 
ச்ப்யர்த் சோகுதி, 11. ஒருசொல் ்பல்ச்பாருள் ச்ப்யர்த் 
சோகுதி, 12. ்பல்ச்பாருள் கூட்டத்து ஒருச்ப்யர்த் சோகுதி 
எனப்்படும்.

ii. பிங்க்ல நிகண்டு

பிங்க்லர் இ்யறறி்யது. இவேர் திவோகைன் மகன் என்று 
சிைப்புப் ்பாயிைத்ோல் அறி்ய முடிகிைது. இநநூல் ்பத்துத் 
சோகுதிகளு்டன் பிதிறனநது ஆயிைத்து எண்ணூறு 
சொறகறள  உற்ட்யது.  1. வோன் வேறக, 2. வோனவேர் 
வேறக, 3. ஐ்யர் வேறக, 4. அவேனி வேறக, 5. ஆ்டவேர் வேறக, 

6. அனுச்பாக வேறக, 7, ்பண்பின் செ்யலின் வேறக, 8. 
மாப்ச்ப்யர் வேறக, 9. மைப்ச்ப்யர் வேறக, 10. ஒருசொல் 
்பல்ச்பாருள் வேறக. இப் ்பத்து வேறககளுள் முேல் 
ஒன்்பதும் ஒருச்பாருள் ்பல்ச்ப்யர்த் சோகுதி்யாகும்.  

iii. உரிச்சொல் நிகண்டு 

காங்தக்யர் இ்யறறி்யது. மூவோயிைத்து இருநூறு 
சொறகறள  உற்ட்யது.  

iv. க்யாேை நிகண்டு

க்யாேைன் இ்யறறி்யது. ்பதிசனாரு சோகுதிகளும். 
்பத்ோயிைத்து ஐநூறு சொறகறள  உற்ட்யது.  

v. ்பாைதி தீ்பம் 

திருதவேங்க்ட ்பாைதி இ்யறறி்யது. ்பன்னிைண்டு 
ச ே ாகுதிகளும் ்ப தி ந ான்க ாயி ை த்து  எழுநூறு 
சொறகறளயும் சகாண்்டது.

vi. சூ்டாமணி நிகண்டு

மண்்ட்ல புரு்டர் இ்யறறி்யது .  ்பன்னிைண்டு 
சோகுதிகளும். ஆயிைத்து ஐநூறறு எழு்பத்து ஐநது 
சொறகறள  உற்ட்யது. 

vii. அகைாதி நிகண்டு

புலியூர்ச் சிேம்்பை தைவேண சித்ேர் இ்யறறி்யது. 
ச்பாருண்றமயின் எண்ணிகறக அடிப்்பற்டயில் 
சொறகறளயும் சகாண்்டது.

viii. ஆசிரி்ய நிகண்டு

்பத்து சோகுதிகளும். ்பன்னிைண்்டாயிைம் சொறகறள  
உற்ட்யது. 

ix. ்பல்ச்பாருள் சூ்டாமணி

ஈசுை்பாைதி இ்யறறி்யது. அமைதகாெத்றேப் பின்்பறறி 
எழுேப்்பட்டது

x. றக்லாெ நிகண்டு

றக்லாெம் இ்யறறி்யது. ஐம்்பத்து பிரிவுகளும் 
்பதிறனநோயிைம் சொறகளும் உற்ட்யது. 

xi. அகைாதி தமாறன அகைாதி எதுறக

ஏழாயிைத்து ஐநநூறு சொறகள் உள்ளன.

xii. அரும்ச்பாருள் விளகக நிகண்டு

மூவோயிைத்து இருநூறு சொறகள் உள்ளன.

xiii. ச்பாருடச்டாறக நிகண்டு

்பத்ோயிைம் சொறகள் உள்ளன.

xiv. ச்பாதிறக நிகண்டு

ொமிநாே கவிைா்யர் இ்யறறி்யது.

xv. உசிே சூ்டாமணி நிகண்டு

்பதிசனடடுப் பிரிவுகள் சகாண்்டது.
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xvi. நாமதீ்ப நிகண்டு

நான்கு ்ப்டங்கள் ்பன்னிைாண்்டாயிைம் சொறகள் 
உள்ளன.

xvii. தவேேகிரி்யார் சூ்டாமணி நிகண்டு 

இைண்்டாயிைத்து ஐநநூறறு இரு்பத்து ஆறு சொறகள் 
உள்ளன.

xviii. சோறகப் ச்ப்யர் விளககம்

களத்தூர் தவேேகிரி முேலி்யார் இ்யறறி்யது.

xix. கநேசுவோமி்யம் 

சுப்பிைமணி்ய தேசிகர் இ்யறறி்யது.

xx. இ்லககத் திைவுதகால்

சோறகப் ச்ப்யர்கள் குறிககப்்படடுள்ளன. 

இவவோைாகச் சி்ல நிகண்டுகள் கிற்டத்துள்ளன. ்ப்ல 
நிகண்டுகளின் ச்ப்யர்கள் மடடுதம கிற்டத்துள்ளன. 
அவேறறுள் 20 நிகண்டுகள் மடடுதம ்பதிப்பிககப்்படடுள்ளன 
என்று முன்த்ப குறிப்பிடடுள்ளார். இவேறறை அைசு 
நிறுவேனங்கள் ச்பாறுப்த்பறறுப் ்பதிப்பித்துப் ்பாதுகாகக 
தவேண்டும்.

3. Roget’s Thesaurus (1852)

தைாதகட சொறச்பாருட களஞசி்யம் ்பத்து (10) 
முேன்றம்யான சொறசைாறகப் ்பாகு்பாடற்டயும் 
எண்ணூறறு முப்்பத்து ஏழு (837 )  துறணப் 
்பாகு்பாடற்டயும் சகாண்்டது. 

1. செ்யல் (Actions), 2. காைணம் (Causes), 3. மனிேச் 
செ்யல்கள் (Fields of Human Activity) 4. வோழ்கறக  
வேளர்ச்சி நிற்ல (Life Forms) 5. ச்பாருள்கள் (Objects,) 
6. விண்சவேளி (The Planet), 7.  ்பண்புகள் (Qualities), 
8. உணர்வுகள் (Sense), 9. நிற்லகள் (States), 10, 
எற்ட, அளவுகள் (Weights and Measures) 

4. இைாதேநதிைன் (2001)

இைாதேநதிைன் சொறச்பாருட களஞசி்யம் நான்கு 
(4) முேன்றம்யான சொறசைாறகப் ்பாகு்பாடற்ட 
சகாண்்டது.

்பருப்ச்பாருள்கள் (objects), 2. நிகழ்வுகள் (events), 
3. அருவேங்கள் (abstracts), 4. சோ்டர்்பன்கள் (relations) 
முேன்றம சொறசைாறக வேறகப்்பாடற்டயும் 

ேறகா்லப் சொறச்பாருட களஞசி்யம் (Thesaurus)

சொறச்பாருட களஞசி்யம் கருத்துருககளிலிருநது 
அல்்லது ச்பாருண்றமகளிலிருநது சொறகறளப்  
ச்பை உேவும். இறே இரு ச்பரும் பிரிவுகளாகப் 
்பார்கக்லாம்.

அ)  ஒரு குறிப்பிட்ட பு்லத்தின் சொறகள் அல்்லது 
ஒத்ே கருத்துகளின் சோகுப்பு ்பறறி்ய இறணச்சொறகள் 
சொறச்பாருட களஞசி்யம் என்லாம்.

ஆ)ஒருச்பாருள் ்ப்லசொறகள், ச்பாருடபு்லச் 
சொறகளு்டன் ்படிநிற்லச் சொறகறளயும்  கருத்துைவு்டன் 
(cross-reference system) அறிநதுசகாள்ள உேவுவேது .

4.1 சொறச்பாருட களஞசி்யம் கட்டறமப்பு (The-
saurus Construction)

சொறச்பாருட களஞசி்யத்றே வேடிவேறமப்்பது என்்பது 
திட்டமி்டல், விரிவோககம்,  செம்றம்யாககம் ஆகி்ய ்ப்ல 
கட்டங்கறள உள்ள்டககி்ய ஒரு சிகக்லான ்பணி்யாகும். 
ஒருச்பாருள் ்ப்லசொறகள் (synonyms), எதிர்ச்சொறகள் 
(antonyms) தமலும் ்பல்தவேறு வேழியில் சோ்டர்புற்ட்ய 
சொறகறளக (related  in some  other  words) 
கண்்டறிேல் இேன் தநாககமாகும். சொறச்பாருட 
களஞசி்யத்தின் கட்டறமப்ற்பக கீழ்ககண்்ட ்படிநிற்லகளில் 
காண்லாம்.

4.2 சொறச்பாருட களஞசி்ய வேறககள் (Types of 
Thesaurus)

்பல்தவேறு வேறககளில் சொறச்பாருட களஞசி்யத்றே 
வேடிவேறமகக்லாம் .  சொறச்பாருட களஞசி்யம் 
ஒவசவோன்றும் சவேவதவேறு தநாககத்றேயும் இ்லகறகயும் 
அடிப்்பற்ட்யாகக சகாண்்டது. ஒவசவோரு வேறகயிலும் 
கட்டறமப்பு, உள்ள்டககம் மறறும் ேைவுகளின் நிற்ல 
கணிெமாக தவேறு்ப்ட்லாம். இங்தக சி்ல ச்பாதுவோன 
வேறககறளப் ்பறறிக காண்த்பாம்.

4.3 ச்பாது சமாழி சொறச்பாருடக ளஞசி்யம் 
(General Language Thesaurus)

ஒருச்பாருள் ்ப்லசொறகள் சொறச்பாருட 
களஞசி்யம்: இது ச்பாதுவோகப் ்ப்யன்்படுத்ேப்்படும் 
வேறக. இது சொறகறள அவேறறின் ஒத்ே சொறகள் 
மறறும் ச்பரும்்பாலும் அவேறறின் எதிர்ச்சொறகளு்டன் 
்படடி்யலிடுகிைது. எடு. தைாசேடடின் சேெை்ஸ (Roget's 
Thesaurus) மறறும் சமரி்யம்-சவேப்்ஸ்டர் சேெை்ஸ 
(Merriam-Webster Thesaurus) ஆகி்யறவே அ்டங்கும்.

4.4 கருத்தி்யல் சொறச்பாருட களஞசி்யம் (Con-
ceptual  Thesaurus)

சொறச்பாருட களஞசி்யத்தில் ஒருச்பாருள் 
்ப்லசொறகள் ( s y n o n ymy )  மடடுமல்்லாமல் , 
சோ்டர்புற்ட்ய கருத்துகளாலும் ( c o n c e p t s ) 
ஒருங்கிறணத்து உருவோககுவேது. இது “ெறம்யல் 
சோ்டர்்பான சொறகள்” அல்்லது “தநைம் சோ்டர்்பான 
சொறகள்” த்பான்ை ்பல்வேறக்யான சொறகறள 
உள்ள்டககி்யது. எடுத்துககாட்டாக; 

எதிர்ச்சொல்

எதிர்ச்சொல் (Antonym)
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துருவே எதிர்ச்சொல் (Polar antonym) – குள்ளம் 
உ்யைம்

எதிர் எதிர்ச்சொல் (overlapping antonym) – 
நல்்லது-சகட்டது

சோ்டர்பு எதிர்ச்சொல் (complementarily antonym) 
திை மூடு

மறுேற்ல (conversances) கணவேன் மறனவி
உைவுமுறை (relation) மகன் மகள்
கா்லம் (Temporal relations) முன்தன பின்தன
இ்டம் (Spatial relation) முன்தன பின்தன

4.5 கடபு்லப் சொறச்பாருட களஞசி்யம் (Visual  
Thesaurus)

வோர்த்றேகளுககு இற்டத்ய உள்ள உைவுகறள 
வேறை்ப்டமாக சவேளிகசகாணர்வேது. சொறகளுககு 
இற்டத்ய உள்ள தகாடுகள் அல்்லது அம்புகள் 
ஒத்ே சொறகள், எதிர்ச்சொறகள் தமலும் ்பைநே/
குறுகி்ய சொறகள் த்பான்ை உைவுகளின் வேறககறளக 
குறிககின்ைன.

4.6 வேை்லாறறுப் சொறச்பாருட களஞசி்யம் (His-
torical Thesaurus)

இநே வேறக ்பல்தவேறு கா்லங்களின் சொறகறள 
உள்ள்டககி்யது, அறவே எப்த்பாது ்ப்யன்்பாடடில் இருநேன 
என்்பறேக குறிககிைது. வேை்லாறறு சமாழியி்யலில் 
ஆர்வேமுள்ள அறிஞர்களுககு மிகவும் ்ப்யனுள்ளோகும்.

4.7 மைபுத்சோ்டர் சொறச்பாருட களஞசி்யம் (Idi-
omatic  Thesaurus)

ச ெ ாறகள் ,  சே ா்ட ர்கள் இறணநது புதி்ய 
ச்பாருண்றமற்ய உணர்த்துவேது.

4.8 சிைப்புப் சொறச்பாருட களஞசி்யம் (Specialized 
Thesaurus)

சிைப்புப் பு்லப் சொறச்பாருட களஞசி்யம் (Domain-
Spec i f i c Thesaurus) : மருத்துவேம், ச்பாறியி்யல் 
த்பான்ை ஒரு குறிப்பிட்ட துறைககாகச் சிைப்புப் 
பு்லப் சொறச்பாருட களஞசி்யம் உருவோககப்்படுவேன.  
இறவே மிகவும் துல்லி்யமானறவே மறறும் ச்பாதுவோகப் 
ச்பாது சொறகளஞசி்யத்தில் காணப்்ப்டாே சொறகள், 
சோ்டர்கள் உள்ள்டககியிருககும்.

4.9 ்பன்சமாழி சொறச்பாருட களஞசி்யம் (Multi-
lingual  Thesaurus) 

இது ்ப்ல சமாழிகளின் சொறகறள உள்ள்டககி்யது, 
ச்பரும்்பாலும் ஒரு சமாழியின் ஒருச்பாருள் 
்ப்லசொறகள் இறண்யாக இ்லககு சமாழியின்   
இறண/ ஒத்ே/ ெமமான சொறகறள இடடு 
நிைப்புவேோகும்.

4.10 வேட்டாைப் சொறச்பாருட களஞசி்யம் (Regional  
Thesaurus)

ஒரு குறிப்பிட்ட நி்லப்்பகுதியில் ஒரு குறிப்பிட்ட 
த்பச்சுவேழககுகறளத் சோகுத்து உருவோககுவேது.

4.11 குழநறேகளுககான சொறச்பாருட களஞசி்யம் 
(Children's  Thesaurus) 

இது ச்பரும்்பாலும் எளிறம்யான சொறகறளக 
ச க ாண்டு  உருவே ா க குவேது .  ச ெ ா ற களு ககு 
எளிறம்யான விளககங்களும் விளககப்்ப்டங்களும்  
சகாடுககப்்படடிருககும்.

4.12 கல்விொர் சொறச்பாருட களஞசி்யம் (Academ-
ic  Thesaurus)

கல்வியி்யல் ொர்நே சொறகறள இ்லககாகக 
சகாண்டு உருவோககுவேது, இநே வேறக மிகவும் 
சிகக்லான சொறகள் மறறும் சோழில்நுட்பச் சொறகறள 
உள்ள்டககியிருககும்.

5. இ்லககமுறை சொறச்பாருட களஞசி்யம் 
   (Digital Thesaurus)

இ்லககமுறை சொறச்பாருட களஞசி்யம் என்்பது 
தமறகண்்ட ்பன்னிைண்டு சொறச்பாருட களஞசி்யறேயும் 
இ்லககமுறை சொறச்பாருட களஞசி்யமாக மாறை 
முடியும்.   அவேறறுள்ளும் மூன்று ச்பரும் பிரிவுகளாகப் 
பிரிகக்லாம். அறவே; 1. சொறச்பாருட களஞசி்யம் 
(Online Thesaurus), இ்யங்கு சொறச்பாருட களஞசி்யம் 
(Dynamic Thesaurus), 3. ஊ்டாடடுச் சொறச்பாருட 
களஞசி்யம் (Interactive  Thesaurus) 

5.1 சொறச்பாருட களஞசி்யம் (Online Thesaurus) 

இது இறண்ய சொறச்பாருட களஞசி்யம் 
எனப்்படும். ச்பரும்்பாலும் இறண்ய செ்யலிகளில் 
(Apps) ஒருங்கிறணககப்்பட்டது.  இது ேைவுகள், 
ஒலிககுறிப்புகள், விளககப்்ப்டங்கள் த்பான்ை  ்பல்தவேறு 
சிைப்புத் ேகவேல்களு்டன் தமம்்படுத்ேப்்பட்ட சொறச்பாருட 
களஞசி்யமாக  விளங்குகிைது.

5.2 இ்யங்கு சொறச்பாருட களஞசி்யம் (Dynamic 
Thesaurus) 

புதி்ய சொல் ்ப்யன்்பாடடுச் சூழலில் ்பல்தவேறு புதி்ய 
சொைகறளத் ேைவேகத்திலிருநது ோனி்யங்கி நிகழ்நிற்ல 
முறையில் புதுப்பித்துகசகாள்கின்ைது.  ச்பரும்்பாலும் 
இ்யநதிை கறைல் அல்்லது சொறகுவி்யல் (crowd 
sourcing) ஆோைமாகப் ்ப்யன்்படுத்துகின்ைன.

5.3 ஊ்டாடடுச் சொறச்பாருட களஞசி்யம் (Inter-
active  Thesaurus)

்ப்யனர்கள் ேங்கள் சொநே ஒருச்பாருள் 
்ப்லசொறகறளச் தெர்கக அனுமதிககிைது, இது ்ப்யனர் 
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ஈடு்பாடற்ட வேளர்ககவும், அறிவோறைற்ல தமம்்படுத்ேவும் 
வேழிவேகுககிைது. தமலும் சொறகளின் உைவுகறளத் 
தேர்வு செயது ஓடடுப்த்பா்டவும் இ்யலும்.

6. சொறச்பாருள் உைவுகள் (Semantic  Relationships): 
சொறச்பாருள் உைவுகளின் அடிப்்பற்டயில் 

மீச்சொல் (hypernymy)  உ்யர் உள்ளீடு (hyponym) 
சிறனமுேல் உைவு (meronymy) த்பான்ை பிை 
வேறக்யான உைவுகறள அற்ட்யாளம் காண்டு தெர்கக 
தவேண்டும். எடுத்துககாட்டாக நாறகாலி என்ை சொல்லின் 
சொறச்பாருள் உைவுகறளக காண்த்பாம்.

ச்பாருள்gஅஃறிறணgசெ்யறறகgநி்லம்gவீடடு  
வீடடு உ்பத்யாகப்ச்பாருள்gமைச்ொமன்கள்gநாறகாலி.

 

்ப்டம் 1. சொறச்பாருட களஞசி்யம் மாதிரி

்ப்டம் 2. சொறச்பாருட களஞசி்யம் மாதிரி

<ச்பாருள்

<அஃறிறண

<செ்யறறக

<நி்லம்

>வீடடு உ்பத்யாகப்ச்பாருள்

<மைச்ொமன்கள்

<நாறகாலி

முடிவுறை
இன்றை்ய ேமிழுககுச் சொறச்பாருட களஞசி்யம் 

அவேசி்யம் தேறவே. ேறகா்லத் ேமிழ்ச் சொறகறளப் 
்படுத்திச் சொறச்பாருட களஞசி்யம் உருவோகக 
தவேண்டும். நிகண்டுகளுள் மிகவும் ்பழறம்யானது 
திவோகை நிகண்டு எனப்்படும். திவோகை நிகண்டின் 
சொறசைாறகப் ்பாகு்பாடு மிகவும் சிைப்பு வோயநேது 
ஏசனனில் பிறகா்ல நிகண்டுகளுககு அடிப்்பற்ட்யானது. 
இது சொறகறளப் ்பன்னிைண்டு சோகுதிகளாகப் பிரித்து 
அ்டககியுள்ளது. இநே அறமப்புமுறையு்டன் ஆங்கி்லச் 
சொறச்பாருட களஞசி்யத்றேயும் ஒருங்கிறணத்து 
ேமிழுககு உருவோகக தவேண்டும். அது எவவோறு 
அறமகக தவேண்டும் என்்பது ்பறறி திட்ட வேறைவு 
சகாடுககப்்படடுள்ளது. அறே அடிப்்பற்ட்யாகக சகாண்டு 
உருவோகக தவேண்டும். ேறகா்ல அகைாதியில் இருநது 
சொறச்பாருட களஞசி்யத்றே வேடிவேறமப்புது என்்பது 
மிகவும் சிகக்லான ்பணி்யாகும். இருநேத்பாதிலும் 
சொறகறள ஒருச்பாருள் ்ப்லசொறகள் (synonyms), 
எதிர்ச்சொறகள் (antonyms) தமலும் ்பல்தவேறு வேழியில் 
சோ்டர்புற்ட்ய சொறகறளக (related  in some  other  
words) மீச்சொல் வேறகத்யாடு இறணககதவேண்டும். 
்பல்தவேறு வேறககளில் சொறச்பாருட களஞசி்யத்றே 
வேடிவேறமகக்லாம் என்்பது ்பறறியும் விரிவோக 
இங்கு த்பெப்்படடுள்ளது. சொறச்பாருட களஞசி்யம் 
ஒவசவோன்றும் சவேவதவேறு தநாககத்றேயும் இ்லகறகயும் 
அடிப்்பற்ட்யாகக சகாண்்டது. ஒவசவோரு வேறகயிலும் 
கட்டறமப்பு, உள்ள்டககம் மறறும் ேைவுகளின் நிற்லகளின் 
அடிப்்பற்டயில் உருவோககதவேண்டும் என்்பறே இவ 
ஆயவு வேலியுறுத்துகிைது. 

èE‚«è£¬õ



 KaniTamil24  |  83

• இைாதெநதிைன், ெ. 2001. ேறகா்லத் 
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INTRODUCTION
Indian sign language (ISL) is a native and natural 

language used by the deaf community. It works on the 
visual language to communicate with the deaf people. 
ISL has gained recognition as a separate language, and 
efforts are being made to standardize it and promote its 
use. In 2019, the Indian government recognized ISL 
as a linguistic minority language and included it in the 
Eighth Schedule of the Indian Constitution. ISL has its 
own unique vocabulary and grammar. It relies on hand 
movements, facial expressions, body postures, and 
other visual cues to convey meaning. These elements 
are structured in a specific way to form sentences 
and convey complex ideas. ISL is the only way for 
the hearing impaired people for communication. The 
Government has failed to provide an appropriate free 
public education to the disabilities and the special 
educators in this community are less in number. Only 
few number of impaired people are educated and 
attending the impaired programmes. Special education 
is lacking among the states that falls under the category 
of low resource languages (LRL). Across India, the 
highest number of disabled has been reported from the 
state of Uttar Pradesh (3.6 million). Significant numbers 
of disabled have also been reported from the state like 
Bihar (1.9 million), West Bengal (1.8million), Tamil 
Nadu and Maharashtra (1.6 million each). Among 
the states, Arunachal Pradesh has the disabled males 
(66.6%) and lowest proportion of female disabled. 
Tamil Nadu is the only state, which has a higher number 
of disabled females than males.

With the advancement of technologies such as 
Machine Learning, Deep Learning, Computer Vision 
Sign Language Recognition (SLR) systems have been 
made possible. These recognition systems are the 
solution to these challenges. Sign Language Recognition 
is an advanced technology to aid the communication 
process. The goal of Sign Language recognition systems 
is to translate signs into understandable formats such as 
text or speech. Sign language involves the use of Hand 
gestures as means of communication. The Challenges 
faced by deaf students are as follows: 

● The normal people cannot understand the signs 
delivered by the deaf peoples

ABSTRACT
Hearing-impaired people have the primary challenge of 
communicating with normal people. The main goal is to 
make it possible for people with disabilities and robots to 
communicate without speech. Without the conversation, this 
work quickly recognizes the hand gestures and displays the 
text in Tamil language. This work focuses on recognizing 
the real-time activity words using Media Pipe process 
with EfficientNetB1 to understand hand gestures in real 
time. We created a own dataset named TActSign of 3000 
samples which contains 10 activity words. The recognized 
gestures produce significant results and compared with the 
state of art methods. 
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● Difficulty in communication between the 
normal and hearing impaired people

● Without educators, the exact ISL cannot be 
taught to the deaf peoples

● Inaccessibility of education for deaf students is 
crucial.

RELATED WORK
The LRL in the field of natural language processing 

(NLP) has been established by researchers based on 
the presence of data, including labeled, unlabelled, 
or auxiliary data, as well as the availability of NLP 
tools and resources [1]. The LRL is a growing field 
with numerous challenges and difficulties. Techniques 
widely used in ISL recognition, are Convolution Neural 
Networks, Gaussian Filtering, Speech-to-text, Video-
to-text. As the availability of dataset is less (LRL), 
researchers establish many findings by examining the 
signs of native and mother tongue speakers. A library 
named open hands [2] that leverages four fundamental 
concepts in LRL of word level recognition. This work 
creates a poses of various word sign recognition 
symbols for six languages namely, American, Chinese, 
Indian, Greek, Turkish and Argentina. This work trains 
the model efficiently with less time using pose extracted 
pre-trained models. 

A real-time two-way sign language communication 
system [9] built using image processing, deep learning 
and computer vision. CNN model trained with a large 
dataset for 40 classes and was able to predict 17600 test 
images in 14 seconds with an accuracy of 99%. [10]. 
A HMM-based framework [11] used motion sensor 
gloves or colored wristbands to recognize SLR. Most 
of the work used glove based method may be accurate 
but costlier which may not be affordable for rural 
peoples. The cost effective method called fingerspelled 
sign learning is the primary phase of sign language 
acquisition. 

Oliveira et al. [12] conducted a comparison between 
Principal Component Analysis (PCA) and Convolutional 
Neural Network (CNN) based methods for recognizing 
fingerspelled letters in Irish Sign Language. The PCA 
model achieved a recognition accuracy of 0.95, whereas 
the CNN model achieved a recognition accuracy of 
0.99. SignQuiz, is a cost-efficient online tool [13] 
for learning fingerspelled signs in ISL that utilizes an 
automated technique for recognizing sign language. 
The complex methodologies are inadequate in handling 
large data and are distinguished by processing the image 
and acquiring valuable information by learning efficacy. 
It is important to note that the categorization of the 
Indian Sign Language (ISL) using the Mediapipe API is 
quicker than traditional approaches and surpasses them 

in computational ability. A novel MediaPipe-optimized 
gated recurrent unit (MOPGRU) model [14] designed to 
recognizing ISL. This work enhances the gate of general 
GRU cell by performance computational multiplication 
by eliminating the unnecessary information.

The ISL uses Mediapipe Hands API [Chakraborty, 
Subhalaxmi] by Google categorizes English alphabets. 
It uses 21 points in each hand with x, y, z coordinates 
in 3D space. The recognized ISL was compared with 
machine learning techniques and achieved significant 
results. 

India is a diversified with large number of languages 
and people. Each region of the state is observed with 
different sign languages. Due to the variability in the 
signs in different state, communication among the 
hearing impaired between each state is a challenging 
one. This work focuses on the specific state called Tamil 
Nadu where preferred language for the people is Tamil. 
Any sign language could be effectively recognized when 
an intelligent algorithm is paired with the results of 
image processing. The approach [3] entails identifying 
hand movement, monitoring the hand's position based 
on the movement, and categorizing indications by 
adaptive clustering of stopping points, the basic shape 
of the hand's path, and matching the hand's shape at the 
stopping point.

So a special attention has to be given for producing a 
sign language dataset for each state in India. Few of the 
works carried out with different languages like Kannada, 
Malayalam, and Telugu. In order to generate matching 
letters in Kannada language, [4] uses curvilinear tracing 
approach for shape representation and recognition of 
Kannada sign language. The Kannada dataset is created 
by defining a vocabulary of different sign symbols. 
Another work [5] conveys the information in variety of 
representations, such as articulations, finger signs, and a 
both. The framework has been developed for analyzing 
the activity of sign, recognizing and finding the age. 
The words associated stored in the dataset is tested with 
five videos and represented in Kannada language in the 
form of text. 

The work [6] develops a prototype which feds 
text as input and produces output in Malayalam sign 
language using automatic sign language translator 
system. The representation of signs can be generated 
using 3D character animation using the proposed 
system HamNoSys [7]. This input enters as single 
word or several words or can add new terms to the 
database by sign editor that adds into the HamNoSys 
framework. The output is generated as an animation by 
the prototype model. An unified finger spelling alphabet 
Malayalam language dataset for applying to the deep 
learning model. The model uses transfer learning 
approach which recognises the alphabetic letters using 
ResNet50 [8]. 
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Converting Tamil Sign Language Alphabets (TSL) 
into speech displays a set of 32 pictures representing 
alphabet of Tamil signs with an accuracy of 99.35% 
for static and 98.36% for dynamic using angular-based 
analysis [16]. Another work uses external webcam 
to capture the test image and detects hand gestures 
using singular value decomposition and background 
subtraction [17]. The above research papers focuses on 
ISL and few on TSL alphabets. As per our knowledge, 
no work focuses on the words and in particular on the 
activity signs. This research work not only focuses on 
collecting the dataset for Tamil language and in addition 
recognizes the activity sign accurately using an efficient 
deep neural network 

The overview of the work is to capture the sign 
from the hearing impaired people which removes 
the background through MediaPipe Framework. The 
patterns are recognized by applying the features through 
the EfficientNetB4 model by displaying the output as 
text.

MATERIALS AND METHODS
Objective
● To create a TActSign dataset for the activity 

words related to day to day activities.
● To develop the sign language technology by 

innovative tools and applications for the benefit 
of each impaired people.

● To assist the individuals with hearing impaired 
to understand sign language in displayed text.

● To evaluate the activity words through the 
performance accuracy.

The SLR System created using TAct Sign dataset 
is to the understand the gestures displayed from 
hearing impaired people to the common individual. 
The results are recognized accurately and facilitate the 
effective communication for individuals with hearing 
impairments and speech disabilities. Figure 1 shows the 
overall system architecture of the developed model.

Pre-processing is a primary step for cropping the 
captured data by removing the background noise and 
focuses only on the gesture for applying to neural 
network. The created dataset TActSign was developed 
after the processing of MediaPipe framework which 
does the pre-processing steps. 

The architecture used in this work is the 
EfficientNetB4 which applies TensorFlow framework 
to fine-tune an model that has already been trained 
on ImageNet to classify faces. The model involves 
compound scaling, where the depth, width, and 
resolution of the network are scaled simultaneously. 
This convolutional approach encompasses two distinct 

operations: depthwise convolution and pointwise 
convolution. The depthwise convolution independently 
filters each input channel spatially, while the subsequent 
pointwise convolution amalgamates information across 
channels. Mathematically, the FLOPs for a single layer 
of depth wise separable convolution can be articulated 
as:

FLOPsdepthwise separable = (Ks ×Ks × Ic × Sd) + 
(Ic x Oc × Sd)

For depthwise convolution component
The initial term, (Ks × Ks × Ic × Sd), signifies the 

FLOPs associated with depthwise convolution 
For pointwise convolution component:
The subsequent term, (Ic × Oc × Sd), encapsulates 

the FLOPs contributed by pointwise convolution. 
where,

● Ks × Ks - convolutional kernel size 
● Ic - number of input channels
● Oc -number of output channels/filters.
● Sd Input feature map spatial dimensions 
The adoption of depth wise separability results 

in a substantial reduction in both parameters and 
computational load compared to traditional convolutional 
approaches, making it particularly well-suited for real-
time applications like sign language recognition. The 
efficacy of depth wise separable convolutions lies in 
their inherent introduction of parallelism and reduction 
of redundancy in computations, leading to expedited 
inference times. When considering the overall model, 
the cumulative FLOPs are obtained by summing the 
FLOPs across all layers employing depthwise separable 
convolutions. This reduction in FLOPs positions 
EfficientNetB4 with depthwise separability as an optimal 
choice for sign language recognition systems, ensuring 
that computational requirements are minimized without 
compromising the model's precision in interpreting and 
identifying hand gestures as shown in Table 1. The time 
complexity of computation can be reduced by using 
depthwise separability and makes the system efficient 
way of recognition. The power of depthwise separable 
convolutions comes from their natural use of more than 
one operation at the same time and less repetition in 
calculations, making them faster to work. When we look 
at the whole plan, we add up FLOPs for each layer that 
uses depthwise separable convolutions. The main intent 
of these techniques was to increase accessibility and 
communication for people who have hearing loss. They 
provided a range of methods for communicating and 
understanding sign language in different settings.
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EXPERIMENTAL RESULTS
The SLR system assesses the findings and examined 

with the Tact Sign Dataset created. The dataset uses 10 
different daily activity signs of both female and male 
candidates. Each individual signs were captured for 300 
images under various lightning conditions and different 
angles. The total size of the TAct Sign is 3000 samples. 
The system setup consists of an Intel CPU from the 10th 
generation i5 series, together with 8GB of RAM. The 
system is evaluated using metrics such as classification 
accuracy, precision and recall [18].Table 1 illustrates 
the evaluation of the performance metric.

Table I. Evaluation metric of a proposed model
 

 S.no Images  Test  
  accuracy

 1  95.6

  

 2   92.7

  

 3  93.5

  
 4   91.8

  
  
 

 5   93.2

  
 6   94.6

     

 

 Figure1 System architecture
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 7   91.3

     
 8   91.6

  

 9   93.2

  
 10   93.8

 

TABLE 2. Test accuracy for random words.

Table 2 predicts 10 different signs and its test 
accuracy. Through the observation of the signs denoted 
in Table 2, the sign hand gestures such hungry, blessing 
shows a accurate recognition as the co-ordinate points 
by Mediapipe framework is less and trained in an 
efficient way. Whereas the recognition such as Friend, 
Clock, sleeps, mushroom is comparatively better than 
the single hand as the points co-ordinated and connected 
the points sequentially. The other gestures shows a less 
accuracy because of the missing connected points due 
to the action word of the gesture looks complex than 
the previous one. The overall average accuracy of the 
model is 93.15% which shows significant results. 

CONCLUSION
The SLR system translates the sign language into 

the corresponding text with EfficientNetB0+LSTM 
model. The recognized gesture displayed in Tamil text 
developed a effective communication between the 
common individual and the hearing impaired people, 
A reasonable created TAct Sign dataset of 3000 in 
number achieved an average accuracy of 93.85% using 
developed SLR system. In a long run, the dataset can 
be extended by creating a large of activity words by 
applying to the generative AI model for the recognition. 
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1. METHODOLOGY:
1.1 Word2Vector – Vector Representation of 

Words
Word2Vector is one of the Major breakthroughs 

in the history of computational linguistics and NLP. 
Word2Vec [1] provide an efficient and automated 
methodology to acquire word-meaning representations. 
It was able to provide probabilities of next-word 
occurrences for a given word (such as to predict what 
would be most common word which will be coming 
next when a word is typed as in email and chat 
applications). It was also able very effective in other 
applications of Natural language processing such as 
text-summarization, Text Search etc. Word2Vec model 
also provided the basis for the Transformer Models 
[2] which were mappings between two related word 
sequences such as the mappings between the question 
and answer text paragraphs in a chat context.

1.2  Image Caption Generation Models
The Transformer Models were then applied to other 

applications such as creating the titles or captions for 
a given image using the Machine Learning Models of 
Image-Text mappings of previously given data samples 
[3]. The Model was to generate the text captions for a 
new novel given image. These models were the first 
models which were providing the inter-links between 
texts and images. 

1.3  Generative Adversarial Networks for 
Image Generation and Picture Theory of 
Language

GAN or Generative Adversarial Networks were the 
next generation of AI models which actually reversed 
the functionality of image captioning models. Instead 
of generating text captions from images, the GAN [4] 
generated the images from the given text-captions.

Even though the Deep-Learning AI methodologies 
do not leverage any grammatically models and are fully 
based on statistical quantitative models, the GANs 
can be taken as a validation for the picture theory of 
language [5] put forward by the mathematician Ludwig 
Wittgenstein. 

ABSTRACT:
Generative AI models learn the patterns and structure of 
their input training data and then generate new data that 
has similar characteristics. Generative AI Models are 
used to generate captions (image titles) for images by 
first identifying the objects (nouns) and then generating a 
sentence that describes the image. 
However Even the most advanced of present day GPTs 
like DALL•E 2’s language understanding has limits. It is 
sometimes unable to distinguish “A yellow book and a red 
vase” from “A red book and a yellow vase” or “A panda 
making latte art” from “Latte art of a panda”.[It generates 
images of “an astronaut riding a horse” when presented with 
the prompt “a horse riding an astronaut”. 
Tholkappiyam, the Tamil grammar behind the highly 
visual Sangam poems, is hierarchical model which can be 
applied to the subject of a poem (Uri-Porul) into poetic 
texts which invoke visual imagery in the reader’s mind. 
Thol-Kappiyam’s multi-layers like Ezuthu, Col, Verrumai, 
Meippaadu, Ani and Thinnai can be applied to the CLIP 
Image Pre-Training Algorithm to significant improve the 
visual quality. The integration of Thol-Kappiyam with 
Generative-AI to generate visual images for the Sangam 
poetry can act as practical technology tool to investigate the 
structures of Thol-Kappiyam Model as well. The generated 
visuals will help readers understand and appreciate the 
Sangam poems.

Balasundaram Ramaswamy

Min-Kaapiyam: A Generative AI Framework based on Tholkappiyam
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1.4  GPT and Generative AI Frameworks 
The Generative Functionality inherent in the 

GAN models was leveraged to generate other type of 
output such as chat-answers for questions in Question-
Answering systems. The Novelty of the GAN models 
where that these systems were synthesizing new output 
instead of just retrieval of pre-existing data or content in 
the training datasets.

Generative Pre-Trained Transformers (GPT) [7] was 
a major advancement within the family of generative 
AI models. OPENAI, the leading private research 
organization’s DALL-E’s [8] generative capabilities 
were accepted as a major break-through and key 
milestones for AI systems in general. 

For example, the astronomer riding a horse image 
generated by GPT-2 model given below became very 
viral and caught the general audience’s attention apart 
from the research community. The field of Generative 
AI had emerged and started to grow rapidly after the 
release of DALL-E2.

 
Fig 1: Astronaut riding a horse

DALL-E which is one of the most advanced models 
in the current family of Generative AI algorithms, use 
two key algorithms as follows:

CLIP (Contrastive Language-Image Pre-training) 
is responsible for recognizing text and creating a sketch 
of the future image;

GLIDE is responsible for converting the sketch into 
a final low-resolution image;

However Even the most advanced of present day 
GPTs like DALL•E 2’s language understanding has 

limits. It is sometimes unable to distinguish “A yellow 
book and a red vase” from “A red book and a yellow 
vase” or “A panda making latte art” from “Latte art of 
a panda”.[It generates images of “an astronaut riding a 
horse” when presented with the prompt “a horse riding 
an astronaut”. 

The linguistic and philosophical implications of 
the inter-relationship between the words and pictures 
which are generated by the Generative AI model have 
only been started now. The theoretical framework and 
insights which are offered by Ludwig Wittgenstein’s 
language-picture model can be effectively leveraged 
to further advance the generative capabilities of the 
generative AI models.

1.5  Tholkappiyam: Poems as Painting-using-
Words:

Tholkappiyam which is one of the oldest grammatical 
treatises in the world also uses a picture semantic model 
which can be termed as “Painting-using-words”. In this 
section, the picture-semantic model of Tholkappiyam is 
first detailed. This interpretation of Tholkappiyam can 
be leveraged for creating AI-models which can augment 
that current generative-AI’s gaps in understanding the 
link between sentences and images.

Before Tholkappiyam period, the poems and songs 
were folk-art based on mythological elements. As a great 
cultural leap, the aim of Tholkappiyam was to create 
a structured framework for composing poems whose 
themes and ideas where a quantum leaps over folk-art. 
To achieve this great theoretical leap, Tholkappiyam 
imagines a poem as a painting done in the mind using just 
word as visualization tools. Tholkappiyam prescribes 
the poet to first describe the background (place and 
time), the central characters and the decorative aspects 
as foreground (karu-porul). The theme (Uriporul) of 
the poem according to Tholkappiyam is the emergent 
sentiment.

The next brilliant innovation in Tholkappiyam is the 
usage of thinnai as key construct for elegantly describing 
the foreground and background of a poem. For example, 
if the poet sets the poem in a kurinji setting, the readers 
can immediately intuit the historical, geographical, 
ecological, psychological and sociological aspects of 
the poem with just a few words. The Agathinnai and 
Purathinnai framework also provides a genre-like 
construct which sets the readers expectation of what the 
poem would be about. 
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Source: https://karkanirka.org/2010/08/08/
Fig 2: A Visual Comic Image created from a  

Sangam text

1.6 Hierarchical Emergence in Literary Theory:
Tholkappiyam leverages and applies the hierarchical 

emergence framework to create a literary framework 
where the meaning of a poem (Uri-Porul) emerges out. 
Even though the book is structured as three chapters 
or athikaram as Ezuthu, Col and Porul athikarams, 
the intermediate emergence levels are multi-layered. 
The following is brief about the intermediate emergent 
layers in the literary theory.

 
 Fig 3: The Hierarchical Emergent Structure of a Poem 

(some levels omitted for brevity )

a. Letter - Ezuthu:
Tholkappiyam starts with the bottom most possible 

layer, the letter or alphabet. The alphabets are pictograms 
with a special meaning as sound unlike earlier writing 
systems where each pictogram would represent an 
object like bird, eye etc. It is very important to note 
that Tamil word for alphabet is “Ezu-thu” where “Ezu” 
itself indicates “emergent”. Just like the word itself 
denotes the concept of alphabet elegantly, the grammar 
next defines that words are three types. The vowels and 
consonants are building blocks of the third type of letter 
uyirmei. Against unlike English or any other language, 
the metaphor of Uyir and Mei indicates the union of 
opposites and emergence very clearly.

b. Words:
Words are the next level of emergent layer. It is 

important to note that we can layers to forms phrases 
which are again not present in many languages (eg. 
Adukku thodar, Irattai-Kilavi) etc. Another interesting 
aspect of Tamil is that we can add many verbs together 
to form compound verbs (ottuthal) as Tamil is an 
agglunative language.

c. Phrases:
In Tholkappiyam, we have only two types of 

phrases - the Verb phrase and Noun phrase unlike 
later grammatical traditions. Sentences are union of 
these two opposites representing actions/events and 
objects/agents. According to Tholkappiyam, Nouns are 
emergent of verbs like Vedan is the one who does vettai 
repeatedly.

d. Case-Roles:
Next to Phrases is the grammatical or case roles 

which describes “who did what, when and where” in a 
sentence. In Tholkappiam, we need to note at the word 
for the agent who is responsible for action described 
in the sentence is called “Ezu-vai”. Another important 



 KaniTamil24  |  93

point we need to note about Case-Roles is they are used 
to describe a “scene” at sentence and micro-event level.

e. Meipaaddu:
The next emergent level is emotional responses of the 

people involved in events. This level is not covered as 
part of linguistics and grammar in any other grammatical 
traditions. This unique layer is not what Tholkappiyam 
uses to link the sentences and other lower linguistics 
units with the thematic content, sentiment and meaning 
of a poem.

f. Metaphors:
Even in many modern grammatical traditions, 

only nouns, verbs, adverbs, adjectives etc. which are 
called “parts of speech” have been the core elements 
of grammar. Only in recent grammatical traditions like 
Cognitive Linguistics etc., Metaphors, Irony etc. called 
“Figures of Speech” have been included. Tholkappiyam 
goes one step further by closely leveraging its previous 
level in the hierarchy, the emotional layer with metaphor 
layer. Metaphors united two completely different 
and opposite objects with each other through some 
qualitative aspects (eg. MaaNVizhi)

g. Ani:
The final and most important layer is the rhetoric 

layer which is the Arrangement of Metaphors. The series 
of the metaphors can either praise or condemn a subject/
person in the poem as the meaning of the individual 
metaphors combine and contribute to the creation of 
meaning of the song and the intention of the poet.

h. Ainthinnai:
We should also view that thinnai, the fivefold 

division of land, should also be viewed as emergent. 
Each of the five-fold thinnais like Kurinji stands as a 
emergent abstraction for the land, environment, flowers, 
ecology, people etc. 

1.7 Min-Kappiyam: 
Software Framework based on Tholkappiyam 

Grammar for Generative AI
These sections of Tholkappiyam can be modelled 

as individual modules of a grammatical software 
framework which can work coherently with a generative 
AI systems.

 
Fig 4: Software Architecture Model for Min-Kaapiyam (digital version of Tholkaapiyam)

When the Min-Kaapiyam software module is 
coupled with standard generative AI frameworks, we 
would be able to generate visual images of the sangam 

texts similar to how a human artiste would be able to 
visualize.
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Fig 5: Sangam poem visuals as output of Min-Kaapiyam

1.8  Further Enhancements to the Min-
Kaapiyam Model

In order for the visual images of the Min-Kaapiyam 
to be very effective, we might have to use completely 
native Tamil and Indian culture images as the pre-
trained datasets. The GPT customization technique 
such as LORA technique can be used for this purpose. 
Alternatively, the training set can be also completely 
based on culture native content. 

1.9  Future Research Perspective
The Digital Model of the Tholkappiyam can 

validate the unique grammatical framework of the 
Tamil tradition especially analysing in conjunction with 
Ludwig Wittgenstein philosophical framework and 
interconnection of Tholkappiyam with other art-forms 
of Tamil. This research also opens up interesting links 
between the “Kaatchi-Aiyam-Thelivu” Framework of 
Tamil Philosophical Tradition and Tholkappiyam.
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I.  INTRODUCTION:
Early Tamil text-to-speech (TTS) systems were slow 

and reliant on rules to produce robotic declarations when 
they first appeared in the late 1990s. However, a thriving 
symphony of development has resounded during the 
last 20 years, emanating from those humble origins. The 
transformation was chronicled in research publications, 
which offered insight into the early shortcomings of 
clumsy algorithms and the lack of strong training data. 
A rainbow of Tamil TTS offers today illustrates how far 
the sector has come. Vocal fidelity, dialectal accuracy, 
emotional expressiveness, and platform integration 
are some of the areas where commercial ventures like 
SapLabs and Aravind Speech Labs compete with open-
source initiatives like Kalidas and government-backed 
projects like the IIT Madras TTS. But dissonant sounds 
remain even as the richness of this choir of synthetic 
voices increases. Tamil TTS has obstacles that hinder 
its full potential, including as gender bias, restricted 
expressiveness, and lack of standardized resources. 
Scientists are resolute, mounting a counterattack by 
painstakingly building more extensive and varied 
datasets, constructing complex deep learning systems, 
and encouraging an open-source community mindset. 
A Tamil TTS that embraces complexity, diversity, and 
emotional eloquence—beyond basic articulation—may 
be on the horizon, as the future hints to. Despite their 
initial disagreement, this harmonious choir of voices 
has the ability to unite people across borders, strengthen 
educational and communication networks, and, in the 
end, delight listeners throughout the globe with the 
lively spirit of Tamil music.

II.  REVIEW OF EXISTING TAMIL TTS 
SYSTEMS:

This research introduces a groundbreaking approach 
to combat the robotic and inaccurate voices of existing 
Tamil Text-to-Speech (TTS) systems. It uses Hidden 
Markov Models (HMMs)[1] and a carefully curated 
blend of speech features to analyze Tamil pronunciation 
and prosody. The system analyzes input text for 
individual phonemes, diphone combinations, and 
prosodic factors like stress and intonation, mapping 
each element to corresponding acoustic vectors from 
Tamil speech recordings. The system's core lies in its 

ABSTRACT
This article presents a comprehensive review and 
comparison of existing Tamil Text-to-Speech (TTS) systems 
in the hopes that it would help bridge the digital divide and 
make the language more accessible. We take a systematic 
look at the features, capabilities, restrictions, and target 
audience of several Tamil TTS systems, focusing on things 
like voice quality, naturalness, speaker customisation, 
language compatibility, and accessibility features. Empirical 
evaluations use metrics like intelligibility, prosody, and 
emotional expressiveness to compare systems. There are a 
number of Tamil TTS systems highlighted in the study, and 
each has advantages and disadvantages. The benefits include 
features like high-fidelity voices and dialectal support, while 
the drawbacks include things like gender bias and limited 
customization options. Empirical comparisons provide 
criteria for expressiveness and voice quality to direct future 
development endeavours. Using metrics like word error rate, 
mean opinion score, and emotional recognition accuracy, 
we quantitatively compare the performance of different 
systems. These comparisons might help users choose the 
best TTS for their specific needs. Using metrics like word 
error rate, mean opinion score, and emotional recognition 
accuracy, we quantitatively compare the performance of 
different systems. These comparisons might help users 
choose the best TTS for their specific needs.
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specialized HMM training, which trains multiple HMMs 
focusing on specific aspects of speech generation. This 
targeted approach allows the system to capture the 
subtle nuances of different sounds and their interactions 
within a sentence, leading to smoother transitions and 
more natural-sounding speech.

During the synthesis stage, the system intelligently 
selects the most appropriate HMMs based on the 
features extracted from the input text. This intricate 
dance of feature extraction, targeted HMM training, and 
dynamic selection results in a significant improvement 
in speech quality, showcasing a 6% increase compared 
to traditional methods. The modular structure offers 
remarkable flexibility and adaptability, allowing for 
further refinement by incorporating additional features 
or expanding the system's capabilities to handle diverse 
regional dialects and expressive styles. However, the 
study has primarily focused on specific text genres and 
may benefit from broader evaluation across diverse 
content. In conclusion, this research marks a significant 
leap forward in the quest for high-quality and accessible 
Tamil TTS.

The global growth of Information and 
Communication technologies has led to a greater 
focus on speech technologies, particularly for visually 
impaired and vocally challenged individuals. In 
Tamil Nadu, India, there is a great demand for speech 
technology-enabled devices to facilitate access to 
technological and communicative facilities. However, 
the quality of speech in Tamil requires improved quality. 
This paper investigates available prosodic models [2] 
and details on the prosodic parameters that contribute 
towards improving the quality of speech synthesis 
stems. The study streamlines the method to develop 
an intonation model, which is one of the important 
prosodic parameters to accomplish the quality in terms 
of naturalness of the produced speech.

The text-to-speech synthesis system takes a series 
of words as input and generates speech as output. 
There are three major methods available to produce 
speech: formant synthesis, articulatory synthesis, 
and concatenative synthesis. The study proposes an 
intonation model using neural networks for a Tamil 
Text-to-Speech synthesis system, which uses positional, 
contextual, phonological, and articulatory features to 
train the system. The main advantage of the proposed 
model is the eradication of production constraints for 
feature extraction. The quality of synthesized speech 
with FO values prediction using FFNN is better than 
the Fujisaki model.

III. COMPARISON OF TAMIL TEXT-TO-
SPEECH SYSTEMS

A. Google Text-to-Speech (GTTS):
GCTS can synthesize natural-sounding speech in 

over 50 languages and a variety of voices, from classic 
to emotional to character-specific. It also supports 
speech effects like background noise, pitch shifting, 
and speaking rate adjustments. GCTS offers several 
advantages, including high-quality audio, a wide range 
of languages and voices, flexible integration with 
other Google Cloud services, and scalability to handle 
large workloads. GCTS can be used for a variety of 
applications, such as creating voiceovers for videos, 
adding narration to e-learning modules, building 
interactive voice assistants, and personalizing customer 
experiences. GCTS uses a pay-as-you-go pricing 
model, with costs based on the number of characters 
synthesized and the chosen voices. You can also take 
advantage of a free tier for low-volume usage. GCTS 
is easy to use, with various client libraries and SDKs 
available for different programming languages. You 
can also use the web interface to try it out without any 
coding.

Technical details: Server-based neural network 
model, LSTM architecture, multiple voice options, 
adjustable rates.

Strengths: High speech quality, user-friendly 
interface, integration with Google Cloud Platform.

Weaknesses: Limited customization options, 
potential cost limitations for advanced features.

B. Microsoft Azure Text-to-Speech (MA TTS):
Microsoft Azure Text-to-Speech (MA TTS) is a 

cloud-based service that transforms text into lifelike 
speech, offering over 270 voices in 119 languages 
and customization options. It's integrated with Azure 
services for building intelligent voice experiences, and 
is used for voiceovers, audio books, voice assistants, 
assistive technologies, customer service, and content 
personalization.

Technical details: Deep neural network architecture, 
hybrid statistical and deep learning approach, speaker 
adaptation functionalities.

Strengths: Wide range of voices, customizable 
prosody, high-quality output for specific domains.

Weaknesses: Complex pricing structure, high 
compute demands for advanced features.

C. Resemble.ai:
Resemble.ai, your cloud-based AI voice playground, 

lets you clone or transform voices, speak in 60+ 
languages, and even sniff out deepfakes. From crafting 
personalized audiobooks to building multilingual 
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chatbots, Resemble.ai empowers you to create, control, 
and protect voices for limitless possibilities.

Technical details: Deep learning and VAE based 
architectures, expressive and realistic speech synthesis, 
speaker cloning capabilities.

Strengths: Highly natural and expressive output, 
suitable for creative applications.

Weaknesses: Expensive for commercial use, 
advanced customization requires technical expertise.

D. Vokaturi:
Vokaturi, your personal voice alchemist, lets 

you morph and mix audio like magic. Its AI engine 

seamlessly blends voices, creates realistic deepfakes, 
and even extracts emotions from sound. Craft unique 
narrations, build expressive chatbots, or simply have 
fun experimenting – Vokaturi puts the power of voice 
manipulation in your hands.

Technical details: HMM-based synthesis, flexible 
and customizable architecture, multiple dialects support.

Strengths: Technical knowledge empowers 
customization, suitable for research and development 
purposes.

Weaknesses: Less natural speech quality compared 
to other systems may require deeper technical 
understanding.

Table I. Comparison of various TTS systems

Feature GTTS[4] MA TTS[3] Resemble.ai[6] Vokaturi [5]

Architecture Neural network Deep neural network Deep learning & VAE HMM

Speech quality High High Highly natural &  Less natural
   expressive

Customization Limited High Advanced Flexible

Cost Free (basic) Pay-per-use Expensive Free 
    (open-source)

Target users General users,  Researchers,  Content creators,  Developers, 
 developers developers,  media researchers
  advanced users professionals 

IV.  ADVANCEMENTS IN TAMIL 
LANGUAGE TECHNOLOGY

The field of Tamil language technology has witnessed 
significant advancements in recent years, thanks to 
the continuous efforts of researchers, developers, 
and language enthusiasts. These advancements have 
contributed to the improvement of Tamil text-to-speech 
systems and other language-related technologies.

One notable advancement is the integration of deep 
learning techniques into text-to-speech systems. Deep 
learning models, such as recurrent neural networks and 
convolutional neural networks, have shown promising 
results in enhancing the naturalness and intelligibility 
of generated speech. By leveraging these techniques, 
developers have been able to create more realistic and 
human-like Tamil text-to-speech systems.

Another area of advancement is the development of 
domain-specific text-to-speech systems. These systems 
are designed to cater to specific domains or industries, 
such as healthcare, finance, or legal. By fine-tuning 

the models with domain-specific data, developers can 
improve the accuracy and quality of speech output in 
specialized contexts.

Furthermore, advancements in data collection and 
processing have led to the creation of larger and more 
diverse datasets for training text-to-speech models. 
These datasets include a wide range of Tamil texts, 
ensuring better coverage of various linguistic aspects. 
With access to more extensive and representative 
datasets, developers can create more robust and accurate 
text-to-speech systems.

V.  CHALLENGES IN DEVELOPING 
TAMIL TEXT-TO-SPEECH SYSTEMS

While advancements in Tamil language technology 
are commendable, there are still several challenges that 
developers face when creating Tamil text-to-speech 
systems. These challenges can hinder progress and 
limit the effectiveness of the systems. Some of the key 
challenges include:
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Limited resources and funding: Developing high-
quality text-to-speech systems requires substantial 
resources and funding. However, the availability of such 
resources is often limited, hindering the development of 
advanced systems.

Linguistic complexities: Tamil, like any other 
language, poses certain linguistic complexities that 
make it challenging to develop accurate text-to-speech 
systems. Tamil's rich morphology, complex grammar, 
and phonetic variations require careful modelling and 
handling.

Contextual understanding: Text-to-speech 
systems need to understand the context in which the 
text is being spoken to ensure appropriate pronunciation 
and intonation. Incorporating contextual understanding 
into the systems remains a challenge, particularly for 
complex or ambiguous sentences.

Voice variety and customization: Users often 
have diverse preferences when it comes to voices. 
Incorporating voice variety and customization options 
in text-to-speech systems can be challenging due to 
limited resources and technical constraints.

Overcoming these challenges requires collaborative 
efforts from researchers, developers, and stakeholders, 
along with increased support and investment in Tamil 
language technology.

VI. PROMOTING AWARENESS AND 
ADOPTION OF TAMIL TEXT-TO-
SPEECH SYSTEMS

Creating awareness and promoting the adoption of 
Tamil text-to-speech systems is essential for maximizing 
their impact and ensuring widespread accessibility. 
Here are some strategies to promote awareness and 
encourage the use of these systems:

Education and outreach programs: Organize 
workshops, seminars, and training sessions to educate 
individuals about the benefits and applications of 
Tamil text-to-speech systems. These programs can 
target schools, universities, libraries, and organizations 
working with visually impaired individuals.

Collaboration with content creators: Collaborate 
with content creators, such as publishers, e-learning 
platforms, and digital media companies, to integrate 
Tamil text-to-speech systems into their platforms. This 
collaboration can help raise awareness among content 
creators and encourage the adoption of these systems.

User feedback and improvement: Encourage 
users to provide feedback on their experiences with 
Tamil text-to-speech systems. This feedback can help 
developers identify areas for improvement and enhance 
the overall user experience.

Policy and advocacy: Advocate for policies that 
promote the integration of Tamil text-to-speech systems 
in public and private digital platforms. Engage with 
policymakers, language organizations, and advocacy 
groups to ensure the inclusion of Tamil language 
technology in the digital landscape.

By implementing these strategies, we can promote 
awareness, drive adoption, and foster the growth of 
Tamil text-to-speech systems, ultimately enhancing 
language accessibility for Tamil speakers.

VII. FUTURE PROSPECTS AND 
DEVELOPMENTS IN TAMIL  
LANGUAGE  TECHNOLOGY

The future of Tamil language technology looks 
promising, with several exciting developments on 
the horizon. Some potential areas of growth and 
advancement include:

Voice customization: Future developments may 
focus on enhancing voice customization capabilities, 
allowing users to create personalized voices based on 
their preferences and requirements.

Emotion and expression: Integrating emotion and 
expression into text-to-speech systems can add a new 
dimension to speech synthesis. Future systems may 
incorporate emotional cues and variations to make the 
generated speech more engaging and expressive.

Real-time applications: Real-time text-to-speech 
systems can enable live translation, transcription, 
and voice assistance in various domains, including 
education, customer support, and healthcare. Future 
developments may explore real-time applications to 
facilitate seamless communication and accessibility.

Multilingual support: Expanding the capabilities 
of Tamil text-to-speech systems to support multiple 
languages can enhance their versatility and usefulness. 
Future developments may aim to integrate multilingual 
capabilities, enabling users to switch between different 
languages seamlessly.

The future of Tamil language technology relies on 
constant innovation, collaboration, and support from 
various stakeholders. By embracing these developments, 
we can unlock the full potential of Tamil text-to-speech 
systems and revolutionize language accessibility for 
Tamil speakers.

VIII.   CONCLUSION
In conclusion, Tamil text-to-speech systems play a 

vital role in promoting language accessibility, inclusivity, 
and cultural heritage. By reviewing and comparing 
various systems, we gain insights into their strengths, 
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weaknesses, and potential areas of improvement. The 
advancements in Tamil language technology, coupled 
with the challenges faced in developing text-to-speech 
systems, highlight the need for continuous collaboration 
and support. Promoting awareness and adoption of  
Tamil text-to-speech systems is crucial for maximizing 
their impact. By educating individuals, collaborating 
with content creators, and advocating for policies, we can 
ensure the integration of these systems into the digital 

landscape. The future of Tamil language technology 
holds immense potential for voice customization, 
real-time applications, and multilingual support. By 
embracing these prospects and fostering innovation, we 
can create a future where language accessibility knows 
no boundaries. Let's continue to push the boundaries 
of Tamil language technology and unlock a world of 
possibilities for Tamil speakers worldwide.
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முன்னுறை:

இககடடுறையில் க்டநே இரு்பது ஆண்டுகளுககும் 
தம்லாகப் ச்பன்சில்தவேனி்யாப் ்பல்கற்லககழகத்தில் 
நாங்கள் ஈடு்பட்ட கணினித் ேமிழ் ஆயவு ்பறறி விளககி 
எதிர்கா்லத்தில் முறை்யாக எது த்பான்ை கணினித் ேமிழ் 
ஆயவில் நாம் ஈடு்ப்ட தவேண்டும் என்்பறே இங்கு 
விளகக முற்படுகிதைாம். இககடடுறையில் முே்லாவேோக 
ேமிழ்க கறைல் மறறும் கறபித்ேல் துறையில் கணினிற்ய 
எவவோசைல்்லாம் ்ப்யன்்படுத்தி வேருகிதைாம் என்்பது 
்பறறி்ய விரிவோன விளககத்றே அளித்து அேறகான 
இறண்யப் ்பககங்கறளயும் விளகக முற்படுகிதைாம். 
இைண்்டாவேோகத் ேமிழ் இ்லககி்ய ஆயவுகசகன 
நாங்கள் ஏற்படுத்தியிருககும் இறண்யப்்பககங்கறள 
விளககி அவேறறின் அடுத்ேக கட்ட ஆயவுகள் 
்பறறியும் விளகக முற்படுகிதைாம். மூன்ைாவேோகக 
கணினி நுண்திைன் ஆயவு என்னும் பிரிவின் கீழ் 
மனிே இ்யநதிைம் உருவோககும் எங்களது ஆயறவே 
விளககி மனிே இ்யநதிைத்தோடு ேமிழில் உறை்யாடும் 
வேழிமுறைகறளயும் விளககுகிதைாம். 1

1. கணினி வேழித் ேமிழ் கறைலும் கறபித்ேலும்

வேம்ொவேளியினரின் ்ப்யன்்பாடடுகதகற்ப கணினி வேழித் 
ேமிழ்க கறைலும் கறபித்ேலுககுமான இறண்யப் ்பககம் 
மிகவும் முககி்யம் இககா்லககட்டத்தில். இநதநாககத்தில் 
எண்ணறைப் ்பககங்கள் இருககின்ைன. இருப்பினும் 
இைண்்டாம் சமாழி்யாகத் ேமிழ் சமாழிற்யக கறகும் 
மறறும் கறபிககும் தநாககில் இேறகான இறண்யப் 
்பககத்றே ஏற்படுத்துவேதில் நாம் மிகவும் கவேனமாக 
இருகக தவேண்டும். இவவேழியில் அறமககப்்பட்ட 
பின்வேரும் இறண்யத் ேளங்கறளப் ்பறறி இப்்பகுதியில் 
காண்த்பாம். 
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ஆயவுச்சுருககம்
ேமிழ்க கணினி ஆயவு என்்பறேத் ேமிழின் ்ப்ல 
ஆயவுகதளாடு ஒப்பிடடு எவவேறகயிச்லல்்லாம் கணினி 
சகாண்டு அவவோயவுகளுககுப் புதி்ய கண்தணாட்டத்றேக 
சகாடுகக்லாம் என்று சிநதிகக தவேண்டி்ய நிற்ல. ேமிழி்யல் 
என்்பறே இககா்லகட்டத்தில் ேமிழ்க கணினியி்யல் எனக 
கூை தவேண்டியிருககிைது. ஏசனனில் ச்பரும்்பா்லான 
ேமிழ் ஆயவுகறளக கணினி சகாண்டு ஆயவு செய்ய 
தவேண்டி்ய கட்டா்ய நிற்லயில் இருககிதைாம். இ்லககி்ய 
ஆயவு, கல்சவேடடி்யல், அகழாயவு, ேமிழ்க கறைல் மறறும் 
கறபித்ேல், சமாழியி்யல் த்பான்ை ஆயவுகறளக கணினி 
இன்றி செய்ய இ்ய்லாே நிற்லககுத் ேள்ளப்்படடிருககிதைாம். 
சமாழியி்யல் ஆயறவேக கணினி சமாழியி்யல் ஆயவு 
(computational linguistics) எனவும் கணினி நுண்திைன் 
ஆயவு (artificial intelligence/natural language processing) 
எனவும் இருதவேைாகப் பிரித்திருககின்ைனர். முன்னது கணினி 
சகாண்டு வேட்டாை வேழககு ஆயவு, ெமூக சமாழியி்யல் ஆயவு 
த்பான்ை ஆயவுகறள தமம்்படுத்துவேது. பின்னது கணினிககு 
சமாழித் திைறனக சகாடுத்து மனிேன் செயயும் சமாழிப் 
்ப்யன்்பாடுகறளச் கணினிற்யச் செய்ய றவேப்்பது. இப்பிரிவில் 
உறைற்யப் புரிநதுசகாள்ளும் திைன், உறையிலிருநது த்பச்சு, 
த்பச்சிலிருநது உறை, சமாழிச்ப்யர்ப்பு த்பான்ை சமாழித் 
திைன்கறளக கணினிககுக சகாடுப்்பது அ்டங்கும். ஆனால் 
இ்லககி்ய ஆயவு, கல்சவேடடி்யல் ஆயவு, அகழாயவு, ேமிழ்க 
கறைல் மறறும் கறபித்ேல் ஆகி்ய ஆயவுகளில் இத்துறைகறள 
எப்்படிச்யல்்லாம் கணினி சகாண்டு தமம்்படுத்ே்லாம் என்று 
காணும் சூழல். இத்துறைகறளக கணினி சகாண்டு ஆயவு 
செயயும் புதி்ய அணுகுமுறைகறளக கற்டப்பிடிககாவிட்டால் 
நமது ஆயவு தமம்்ப்டவில்ற்ல எனதவே கூை தவேண்டி்ய 
சூழலில் இருககிதைாம். எடுத்துககாட்டாகக கணினி சகாண்டு 
இ்லககி்யத் ேைவுகறள ஆயவு செயயும் மு்யறசியின் வேழித் 
ேமிழ் சமாழியில் சகாண்டிரு, விடு, சகாள் த்பான்ை 
உருபுகள் எவவோறு இற்டககா்லத்தில் உருவோகின என்்பது, 
“வேைல் ஆகும்” என்றிருநே வேழககு எப்்படி “வேை்லாம்” என 
ஆயிறறு, “அகன்றிசின்” என்்பது எப்்படி “ஆன்றிசின்” என 
மாறி்யது த்பான்ை ்ப்ல செயதிகறள நுணுககமாக அறியும் 
முறைற்ய அறி்ய்லாம். ெங்ககா்லத்தில் இல்்லாே இவவுருபுகள் 
இற்டககா்லத்தில் எவவோறு ஏற்பட்டன என்னும் செயதிற்யப் 
்படிப்்படி்யாகத் ேமிழ் சமாழியின் வேை்லாறைடிப்்பற்டயில் 
அறி்ய தவேண்டுசமனில் கணினி வேழி இ்லககி்யத் ேைவுகறள 
ஆயவு செயயும்த்பாதுோன் அறி்ய முடியும். (காண்க. 
சைங்கநாேன் 2011, 2018, 2023). கணினி கவிறே 
எழுதுவேது, கறேகறள எழுதுவேது த்பான்ை திைறன இககா்லக 
கணினி நுண்திைன் ஆயவில் செயதிருநோலும் இவவேறக 
மு்யறசிகளில் மனிேனின் இ்லககி்ய உருவோககத் திைனுககு 
இ்யநதிைம் ஈடுசகாடுகக இ்ய்லாே நிற்லயில்ோன் இருககிைது 
என்லாம். 

வோசு அைங்கநாேன்

ேமிழ்க கணினி ஆயவுகள்: ெவோல்களும் எதிர்கா்லமும்

வோசு அைங்கநாேன்
ச்பன்சில்தவேனி்யாப் ்பல்கற்லக கழகம், அசமரிககா.
Email: vasur@sas.upenn.edu
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இத்சோ்டறை எல்்லா சமாழிச் சூழலிலும் ்ப்யன்்படுத்ே 
முடியும் என்்போகிவி்டாது. ஒவசவோரு சூழலுககும் 
ஒவசவோருவிேமாக இத்சோ்டறைப் புரிநதுசகாள்ள்லாம்.2 
இநே வேறகயில் “விடு” என்ை விகுதியின் ்பல்தவேறு 
்ப்யன்்பாடுகறள அறேப் ்ப்யன்்படுத்தும் சூழல்கள் 
மூ்லம்ோன் நன்கு அறி்ய முடியும். என்சனன்ன சூழலில் 
எப்்படிச்யல்்லாம் இநே விகுதிற்யப் ்ப்யன்்படுத்ே்லாம் 
என்்பறே அறுதியிடடும் கூறிவி்டமுடி்யாது. சமாழிற்ய 
முேல் சமாழி்யாக அறிநேவேர்கள் இவவேறக ச்பாருள்  
நுண்றமகறள ்ப்ல  சூழல்களில் ேங்கறள 
ஈடு்படுத்திகசகாண்டு இவவிகுதிகள் குறித்ோன 
்ப்யன்்பாடற்ட நன்கு அறிநதுசகாள்கின்ைனர் . 
இத்ேறக்ய ச்பாருள் நுண்றமகறள எங்கனம் 
இைண்்டாம் சமாழி்யாகத் ேமிழ் சமாழிற்யக கறகும் 
மாணவேர்களுககுக சகாடுகக முடியும்? முேல் சமாழி்யாக 
ஒருவேர் சமாழிற்ய எங்கனம் கறறுகசகாண்்டாதைா 
அதே சூழற்ல சமாழி கறைல் முறையில் சகாடுப்்பதே 
்ப்யன்்பாடடு அடிப்்பற்டயில் சமாழிக கறபித்ேல் என்்பது. 

1.  இககடடுறைற்ய ேமிழக அைசின் ேமிழ்க கணினி மாநாடு 2023ல் ்பற்டகக வோயப்பு சகாடுத்ே ேமிழக அைசுககும், ேமிழ் இறண்யக 
கல்விககழகத்துககும் எனது நன்றிற்யத் சேரிவித்துகசகாள்கிதைன்.  இரு்பது ஆண்டு கா்ல ேமிழ்க கணினி ஆயவுககு எனககுப் ்ப்ல 
ஆேைவுகறளயும் சோ்டர்நது நல்கிவேரும் ச்பன்சில்தவேனி்யாப் ்பல்கற்லககழகத்தின் சேறகாசி்யத் துறைககும் எனது நன்றிற்ய இங்கு 
சேரிவித்துகசகாள்கிதைன்.

2.  “விடு” என்னும் விகுதியின் ்ப்யறனச் சூழலின் அடிப்்பற்டயில் காண்க: http://learn.tamilnlp.com/unit_07/section_A/lesson02.
html

இ வ வி ை ண் டு  இ ற ண ்ய ப்  ்ப க க ங் க ளு ம் 
ச்பன்சில்தவேனி்யாப் ்பல்கற்லககழகத்தின் சேறகாசி்யத் 
துறையில் செய்யப்்பட்ட ஆயவின் அடிப்்பற்டயில் 
உருவோககப்்பட்டன. முேல் ்பககம் சமாழிச் சூழலும் 
சமாழிககறைலும் என்ை கருத்தின் அடிப்்பற்டயில் 
உருவோககப்்பட்டது. இைண்்டாவேது ்பககம் த்பைாசிரி்யர் 
ஷிப்மன் மறறும் வோசு அைங்கநாேன் அவேர்கள் ஈடு்பட்ட 
ேமிழ் விறனகள் ்பறறி்ய ஆயவின் அடிப்்பற்டயில் 
உருவோககப்்பட்டது. 

1.1. சமாழிச்சூழலும் சமாழிக கறைலும்

சமாழிச்சூழல் (language in context) என்்பறேப் 
்ப்ல தகாணங்களில் விளகக்லாம். சமாழிற்யக கற்பது 
என்்பது சமாழியின் இ்லககணம் மறறும் சொறகறளப் 
்பறறி அறிவேதோ்டன்றி அறவே த்பச்சுச் சூழலில் எங்கனம் 
்ப்யன்்படுத்ேப்்படுகிைது என்்பறே அறிவேதும் ஆகும். 
“நீங்களும் வேநதுவிடடீர்களா?” என்னும் வினாறவே 
இ்லககண அடிப்்பற்டயில் அறிநது சகாண்்டால் மடடும் 
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மாணவேர்களிற்டத்ய சமாழிச் சூழல்கள் ்ப்லவேறறைக 
சகாடுத்து சமாழிற்யச் ெரி்யாகப் ்ப்யன்்படுத்தும் 
திைறமற்ய வேளர்ககச் செய்ய தவேண்டும். இறேயும் 
இ்லககண அடிப்்பற்டயி்லான சமாழிககறைல் முறை 
என விவோதிகக்லாம்! ஆனால் இ்லககணம் ்பறறி நிறை்ய 
சிநேறன இல்்லாமத்ல சமாழிற்யச் சூழலுககு ஏறைவோறு 
கறபித்ேல் ்ப்யன்்பாடடு முறை சமாழிககறபித்ேலின் 
சிைப்பு அம்ெம் என்லாம்.

1.2. இ்லககண அடிப்்பற்டயி்லான சமாழிக 
கறபித்ேலின் சிககல்கள்

சமாழிககறைல் துறையின் ஆைம்்பகா்லங்களில் 
கட்டறமப்பு சமாழியி்யல் தகாட்பாடுகள் (structural 
linguistics) ்ப்லவேறறைத்ய ்ப்யன்்படுத்திவேநேனர். இேனால் 
்ப்ல சமாழி்யாசிரி்யர்கள் சமாழியி்யல் தகாட்பாடுகறளப் 
்ப்யன்்படுத்தித்ய சமாழி கறபிககும் வேறகற்ய 
அறிநேனர். இேனால் மாணவேர்கள் சமாழிற்யக 
கறகும் த்பாது ச்பரும்்பாலும் இ்லககணத்றேத்ய 
கறறுகசகாண்்டனர். இேன் பின்விறளவு மாணவேர்களால் 
சமாழிற்ய முேல் சமாழி்யாகப் த்பசு்பவேர்கள் 
த்பான்ை திைறமற்யப் ச்பை முடி்யவில்ற்ல! தமலும் 
ேமிழ் சமாழிற்யப் ச்பாறுத்ேவேறையில் இன்னமும் 
செம்சமாழி இ்லககணத்றேயும் இ்லககி்யத்றேயும் 
கறபிப்்பதே முேன்றம்யாக இருத்ேல் தவேண்டும் 
என்்பதில் சி்லர் கவேனமாக இருககின்ைனர். ேமிழ் 
இ்லககி்யம் கறபிப்்பது என்்பது தவேறு ேமிழ் சமாழி 
கறபிப்்பது என்்பது தவேறு. இ்லககி்யம் மூ்லமாகத் ேமிழ் 
சமாழிற்யக கறபித்ேல் தவேண்டும் என்்பதும் சி்லரின் 
கருத்து. அதோடு சமாழி்யாசிரி்யர்களுககு செ்யல்்பாடடு 
அடிப்்பற்டயிலும் (performance based approach), 
சூழல் அடிப்்பற்டயிலும் (context based approach), 
உறை்யா்டல்கள் அடிப்்பற்டயிலும் (communicative 
approach), தேறவே அடிப்்பற்டயிலும் (task based 
approach) சமாழிற்ய எவவோறு கறபிப்்பது என்்பது 
த்பான்ை ்பயிறசிகள் த்பாதுமான அளவில் கிற்டககாமல் 
த்பாயவிட்டது. இவவேறககளில் ேமிழ் சமாழிற்யக 
கறபிப்்பேறகான ்பயிறசி நூறகள் ்ப்ல இல்்லாேது ேமிழ் 
சமாழிக கறைல் முறைகளில் த்பாதுமான மாறைங்கறள 
ஏற்படுத்ே இ்ய்லாே நிற்ல! சூழல்கள் அடிப்்பற்டயில் 
ேமிழ் கற்பேறகாக உருவோககப்்பட்ட நூற்ல சைங்கநாேன் 
2011ல் காண்லாம்.

1.3. பு்லம்ச்ப்யர்நே ேமிழ் மாணவேர்களின் ேமிழ் 
சமாழித் தேறவேகள்

பு்லம்ச்ப்யர்நே ேமிழ் வேம்ொவேளி மாணவேர்களுககான 
சமாழித்தேறவே என்ன என்்பறே ஆயநோல் அவேர்கள் 
ேங்களின் சமாழிககறைல் சூழல் அடிப்்பற்டயில் 
்பல்தவேறு வேறக்யான ேமிழ் சமாழித்திறைறமற்யப் 

ச்பறறுள்ளார்கள் என்்பறே அறி்ய்லாம். அசமரிககப் 
்பல்கற்லககழகங்களில் ேமிழ் ்பயிலும் மாணவேர்கறளப் 
ச்பாறுத்ே வேறையில் சகாஞெம் கூ்ட ேமிழ் சேரி்யாமல் 
வேரு்பவேர்கள் முேல் நன்கு த்பசும் திைறமப் ச்பறறு 
வேரும் மாணவேர்கள் வேறை இம்மாணவேர்கறளப் ்ப்ல 
வேறகயில் பிரிகக்லாம். இருப்பினும் மிகக குறைநே 
ேமிழ் மாணவேர்கதள ேங்களின் ச்பறதைார்கள் மூ்லமும், 
சோற்லககாடசி, திறைப்்ப்டம் த்பான்ைறவே மூ்லமும் 
ேமிறழ நன்கு புரிநது சகாண்டு த்பெக கூடி்ய திைறமற்யப் 
ச்பறைவேர்களாக இருககிைார்கள். ச்பரும்்பா்லான 
மாணவேர்கள் ேமிறழ நன்கு புரிநது சகாள்கிைார்கள் 
ஆனால் அவேர்களுககுப் த்பெவும் திைம்்ப்ட எழுேவும் 
இ்ய்லாே நிற்லயில்ோன் இருககிைார்கள். இவேர்கறளயும் 
மறைவேர்கள் த்பால் ேமிழ் சமாழி த்பெவும் எழுேவும் 
செய்ய தவேண்டுசமனில் ்பா்டத்திட்டங்கறள தமறகூறி்ய 
வேறகயில் செ்யல்்பாடடுத்திைனில் அறமப்்பதே சிைநே 
வேழி்யாகும். இத்ேறக்ய பு்லம்ச்ப்யர்நே வேம்ொவேளி 
மாணவேர்களுககு இ்லககண அடிப்்பற்டயித்லா தவேறு 
எநேவிே வேழககமான அடிப்்பற்டயித்லா சமாழிக 
கறபித்ேல் என்்பது ெரி்யான விறளறவேக சகாடுககுமா 
என்்பது தகள்விககுறித்ய! 

சி்ல ேமிழ் மாணவேர்கள் வீடடில் த்பசும் ேமிறழக கறறுக 
கல்லூரிககு வேரும் த்பாது அங்கு கறறுகசகாடுககப்்படும் 
இ்லககணம் மறறும் இ்லககி்யங்கள் அவேர்களுககுப் 
புரி்யாே புதிைாகதவே இருககின்ைன. இவேறறைத் 
ேங்களின் வீடடில் கறறுகசகாண்்ட ேமிழறிதவோடு 
இறணத்துப்்பார்ககும் வேறக இவேர்களுககு இ்ய்லாமல் 
த்பாயவிடுகிைது. 

ேமிழ் வேம்ொவேளி மாணவேர்களுககுத் ேமிழ் 
உள்ளுணர்வு (Tamil intuit ion) கிற்டககச்செயேல் 
தவேண்டும். இநே உள்ளுணர்வு என்்பது ேமிழ் சமாழியின் 
நுண் ச்பாருள்கறளப் ்பறறி்ய மறறும் சமாழிற்ய 
முறை்யாகப் ்ப்யன்்படுத்தும் திைறம ்பறறி்ய அறிவோகும். 
இநே உள்ளுணர்வு கிற்டககாே ்படெத்தில் அவேர்கள் 
ேமிழ் சமாழிற்யப் ்பள்ளி்யறிவோகதவே காண்்பர். 
மறறும் சமாழிச் சூழலுககுத் ேகுநேவோறு த்பசும் 
திைறமற்யப் ச்பைாேவேர்களாதவே இவேர்கள் இருப்்பர். 
ேமிழ் சமாழியில் உள்ள ்ப்ல சிககல்கறள அவேர்கள் 
அறி்யாமலும் ்ப்யன்்படுத்ேத் சேரி்யாமலுதம இருப்்பர். 
உோைணமாக “நீங்களாவேது வோங்கித்ேருவேோவேது”,3 
“வேநதோமா ்படித்தோமா த்பாதனாமா என்று 
இல்்லாமல்…”4, “வோங்க த்பாங்கங்றீங்க…”5  த்பான்ை 
வேழககுகறள முறை்யாகப் ்ப்யன்்படுத்ே ஒருவேருககு 
இவேறறைப் ்பறறி்ய முழுப் ்ப்யன்்பாடடு அறிவு தேறவே! 
சமாழிச்சூழல் அடிப்்பற்டயி்லான இப்்ப்யன்்பாடுகறள 
அறிநது  சக ாள்வேதிலும் ்ப்யன்்படுத்துவேதிலும் 
அவேர்களுககுச் சிைமமாகதவே இருககும். இவவேறகயி்லான 

3. காண்க http://learn.tamilnlp.com/unit_08/section_A/lesson01.htmil
4. காண்க http:// learn.tamilnlp.com/unit_09/section_B/lesson02.html
5. காண்க http:// learn.tamilnlp.com/unit_09/section_A/lesson01.html
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்ப்யன்்பாடுகறள விளககினால் மடடும் அவேர்களுககு 
முழுறம்யாகப் புரியும் வோயப்பு இருககும் என்று கூறிவி்ட 
முடி்யாது. மாைாக இவேறறை அவேர்கள் இச்சூழல்களில் 
்ப்யன்்படுத்தும் வோயப்பு கிற்டககும் த்பாதுோன் 
இவேறறின் நுண்ச்பாருள்களும் ்ப்யன்்பாடுகளும் 
அவேர்களின் உள்ளுணர்வில் ்பதி்ய வோயப்பிருககும். 
குறிப்்பாக இவவேறக ்ப்யன்்பாடுகள் சமாழிற்யப் த்பசும் 
த்பாது இ்யல்்பாக அவேர்களுககு வேை தவேண்டும் என்்பது 
மிக முககி்யம். இவவேறகத் திைறன அவேர்களுககு 
்பள்ளி்யறிவு மூ்லதம சகாடுத்துவி்ட முடியுமா என்்பது 
தகள்விககுரி்யதே! 

ேமிறழ இைண்்டாம் சமாழி்யாகக கறத்பாருககுத் 
ேமிறழப் ்ப்யன்்படுத்துவேேறகான நல்்ல சமாழிச்சூழல் 
ஈடு்பாடு (language immersion) கிற்டககாே ேருணத்தில் 
அவவேறக ஈடு்பாடற்ட சமாழிககல்வி வேகுப்புகளில் 
சகாடுகக முறனவேதே சமாழிப் ்ப்யன்்பாடடு உத்தியின் 
ச்பரும்்பங்காகும். 

1.4. ேமிழ் சமாழிக கறைல் மறறும் கறபித்ேலில் 
தவேண்டி்ய மாறைங்கள்

ச்பரும்்பா்லான வேம்ொவேளி ேமிழ் மாணவேர்களுககுத் 
ேமிறழக தகடடுப் புரிநதுசகாள்ளும் திைன் முழுறமப் 
ச்பறை நிற்லயில் இருப்்பார்கள். அோவேது எவவேளவு 
தவேகமாக அவேர்களி்டம் ேமிழில் த்பசினாலும் அவேர்களால் 
மிக நன்ைாகப் புரிநது சகாள்ளமுடிகின்ை திைன் 
அவேர்களி்டம் இருககும். இத்ேறக்ய மாணவேர்களுககு 
தமறகூறி்ய சிைப்பு சமாழிப் ்பண்புகள், வேழககுத் சோ்டர் 
மறறும் ்ப்ல சிகக்லான அறமப்புகள் ்ப்லவேறறைப் 
புரிநதுசகாள்கிை திைன் நன்கு இருககும். ஆனால் 
அவேறறைச்யல்்லாம் ேகக சமாழிச் சூழலில் ்ப்யன்்படுத்தும் 
திைன் சகாஞெம் கூ்ட இருககாது. புரிநது சகாள்ளும் 
திைன் மறறும் செ்யல் திைன் என்னும் இருவேறகத் 
திைறனப் ்பறறி சமாழிககறபிப்த்பாரின் மனதில் 
இருகக தவேண்டியிருககிைது. அவேர்களி்டம் இருககும் 
புரிநதுசகாள்ளும் திைறனக சகாண்டு அவேர்களி்டம் 
இல்்லாே செ்யல் திைறன வேளர்கக தவேண்டி்யதே ேமிழ் 
கறபிப்த்பாரின் முழுககவேனத்தில் இருகக தவேண்டும். 
அவேர்களின் புரிநதுசகாள்ளும் திைறன முறை்யாகப் 
்ப்யன்்படுத்ோே எநே விே ்பா்டத்திட்டமும் அவேர்கள் 
மத்தியில் எடு்ப்டாமல் த்பாயவி்ட வோயப்பிருககும். 
இநேவேறகயில் ்ப்ல சமாழிச் சூழல்கறளக காசணாளிகள் 
மூ்லம் ்பார்ககச் செயது அவவுறை்யா்டல்கறளக 
தகடகச் செயது அவவுறை்யா்டல்கள் த்பா்லதவே 
வேகுப்பில் ெகமாணவேர்கதளாடு செ்யறறகச் சூழற்ல 
ஏற்படுத்திப் ்ப்யன்்படுத்ே றவேப்்பதே இப்்ப்யன்்பாடடு 
அடிப்்பற்டயி்லான ேமிழ் சமாழிக கறைல் முறையின் 
முககி்ய அம்ெமாகும். அவேர்கள் சி்ல செ்யறறகச் சூழற்ல 
ஏற்படுத்ே தவேண்டியிருககும். இருப்பினும் அத்ேறக்யச் 
சூழல்களில் ேங்கறள ஈடு்படுத்திகசகாள்ளும் த்பாது 
ேங்களின் தகடகும் திைறன த்பசும் திைனாகக 
சகாண்டுவேை வோயப்பிருககும்.

சமாழிப் ்ப்யன்்பாடு மறறும் சமாழிச் சூழல்கள் 
அடிப்்பற்டயில் அறமககப்்பட்ட இறண்யப் ்பககம் 
http://learn.tamilnlp.com.

இவவேறகயில் தமறகூறி்ய இறண்யப் ்பககத்தில் 
எழு்பத்திைண்டு சமாழிச் சூழல்கள் ஒளிககாடசிகளாகக 
சகாடுககப்்படடிருககின்ைன. வீடு, கற்டவீதி, த்பருநது 
நிற்ல்யம், ்பழககற்ட, காயகறிககற்ட, துணிககற்ட, 
ொப்்பாடு, உற்ட த்பான்ை ்ப்ல வேறக்யான சமாழிச் சூழல்கள் 
இககாசணாளிகள் வேழி்யாகக சகாடுககப்்படடுள்ளன. 
இறவே ேமிழ்சமாழிப் ்ப்யன்்பாடு ்பறறி மடடுமல்்லாமல் 
ேமிழ்ப்்பண்்பாடு மறறும் எோர்த்ேமான சூழ்நிற்லகள் 
த்பான்ை விளககங்கறளயும் மனதில் சகாண்டு 
அறமககப்்பட்டறவே !  இவசவோளிககாடசிகளும் 
அவேறதைாடு சகாடுககப்்படடுள்ள ்பா்டத்திட்டங்களும் 
்பயிறசிகளும் எளி்யன முேல் மிகச் சிைமமானறவே 
என ஒரு வேறை்யறைககுள் சகாடுத்துள்தளாம். முேல் 
ஒளிககாடசிற்யக காணும் த்பாது அது மிக எளி்யோன 
வேைதவேறபு மறறும் ஒருவேருகசகாருவேர் ்பழகிகசகாள்ளும் 
சூழற்ல விளககுவேோக இருககும் .  ்பா்டங்கள் 
சோ்டைத் சோ்டை அறவே ்ப்ல சிகக்லான சூழல்கறள 
விளககுவேோக இருககும். வேம்ொவேளி மாணவேர்கள் 
ேங்களின் சமாழித் திைறமயின் அடிப்்பற்டயில் இப்்பா்ட 
வேரிறெயில் எநேப் ்பா்டத்திலிருநது தவேண்டுமானாலும் 
்படிககத் சோ்டங்க்லாம். இப்்பா்டத்திட்டங்கறளப் ்படிகக 
தவேண்டும் என்று சொல்வேறேவி்ட இவேறதைாடு ேங்கறளப் 
்பழககப்்படுத்திகசகாள்ள்லாம் என்று சொல்வேதே மிகப் 
ச்பாருநதும். இவவேறகயில் ஒவசவோரு உறை்யா்டலிலும் 
வேருகிை புது இ்லககண விளககங்கள் மறறும் ்பண்்பாடடு 
அடிப்்பற்டயி்லான விளககங்கள் அப்்பா்டத்தித்லத்ய 
அவேர்களுககுக சகாடுககப்்படடிருககும். உோைணமாக 
http://learn . tami ln lp.com/unit_02/sec t ion_B/
lesson01.html என்ை ்பககத்தில் ேமிழகப் ்பண்்பாடடின் 
விருநது ்பறறி்ய விளககத்றே ஒளிககாடசி வோயி்லாகக 
சகாடுககப்்படடிருககிைது. விருநதினைாக ஒரு வீடடுககுச் 
செல்லும் த்பாது அவேர்கறள நிறை்ய ொப்பி்டச் சொல்லும் 
்பழககம் ேமிழர்களுககு உண்டு. அதே ெம்யத்தில் 
விருநதினர்களும் ேங்கள் வீடடில் மனம்த்பான த்பாககில் 
நிறை்ய ொப்பிடுவேறேயும் அவேர்கள் விரும்புவேதில்ற்ல. 
இப்்படி்யான சூழலில் ேமிழ் சமாழி வோககி்யங்கள்  
மறறும் சொறகள் ஆகி்யனவேறறை எப்்படிச்யல்்லாம் 
்ப்யன்்படுத்ே தவேண்டும் என்ை ஒரு நி்யதி இருககிைது. 
விருநதினர் “த்பாதும்! த்பாதும்! தவேண்்டாம்! 
தவேண்்டாம்!” என அடிககடி சொல்்ல தவேண்டும். 
வீடடினதைா! “இன்னும் சகாஞெம்! இன்னும் சகாஞெம்!” 
என அடிககடி சொல்்ல தவேண்டும். இப்்படி்யான 
விருநது சமாழிப்்ப்யன்்பாடத்டாடு ்பல்வேறகயிலும் 
சோ்டர்பு சகாண்டிருப்்பறேக காண்லாம். அசமரிககா 
த்பான்ை நாடுகளில் பிைநே ேமிழ்க குழநறேகளுககு 
இவவேறக்யான ்பழககம் இருகக வோயப்பில்ற்ல! அவேர்கள் 
வீடடித்லத்ய அமரிககப் ்பண்்பாடத்டாடு வேளர்நேவேர்கள்! 
உணவும் உைவும் அவேர்களின் விருப்்பத்திறதக வி்ட 
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6.  இத்ேளங்களில் சகாடுககப்்படடுள்ள ேைவுகள் இறண்யத்தில் இ்லவேெமாகக சகாடுககப்்படடுள்ள மதுறைத் திட்டம், தேவோைம்.org, https://
www.tamilvu.org/ ஆகி்ய ேளங்களிலிருநது ச்பைப்்பட்டன. இத்ேளங்களில் ்ப்யன்்படுத்ேப்்படும் தேடுச்பாறி பி.எச்.பி நிைலி வேழி்யாகவும் 
vue.js சோழிறநுட்பம் வேழி்யாகவும் கடடுறை்யாளைால் உருவோககப்்பட்டது. ேைவுகள் MySQL ேைவுத்ேளத்தில் tamilnlp.com என்னும் 
ேளத்தில் தெமிககப்்படடுள்ளது. 

தவேண்டும் எனும் சகாள்றகயில் வேளர்நேவேர்கள்! 
அவேர்கள் ேமிழகக குடும்்பத்தோடு ேமிழகத்தில் க்லககும் 
ேருணத்தில் விருநது த்பான்ை ேமிழ்ப்்பண்்பாடற்ட 
எதிர்சகாள்ள தவேண்டியிருககும்! இநே வேறகயில் 
சமாழியும் ்பண்்பாடும் ேமிழ்ச் சூழலும் பின்னிப் 
பிறணநேவோறு சகாண்்ட ்பா்டத்திட்டங்கறள அறமத்துத் 
ேருவேது ேமிழ்ககறபித்ேலின் தநாககமாக இருகக 
தவேண்டியிருககிைது. தமறகூறி்ய ்பா்டம் இநேவேறகயில் 
அறமககப்்பட்டதே! இங்கனதம இவவிறண்யப்்பககத்தில் 
சகாடுககப்்பட்ட ஒவசவோரு ்பா்டமும் ேமிழ்ப்்பண்்பாடு, 
ேமிழ்சமாழிப் ்ப்யன்்பாடு, சமாழிச் சூழல் என்்பனவேறறை 
றம்யமாகக சகாண்டு சகாடுககப்்படடிருககும்! 

ேமிழர்கள் பு்லம்ச்ப்யர்நது தவேறு நாடுகளில் 
குடியுரிறமப் ச்பறறு வோழ்நது வேருவேேன் வேை்லாறறை 
தநாககும் த்பாது பு்லம்ச்ப்யர்நே வேம்ொவேளி ேமிழ் 
மாணவேர்களுககான ேமிழ்ககல்விககாகத் ேமிழ் 
்பயிறறுதவோர் அதிகக கவேனம் செலுத்ே தவேண்டி்யேன் 
முககி்யத்துவேத்றேக காண்லாம். சிங்கப்பூர், மத்லசி்யா, 
இ்லங்றக ஆகி்ய நாடுகறளத் ேவிை மறை நாடுகளில் 
வேம்ொவேளித் ேமிழ்ககல்விககு அதிக முககி்யத்துவேம் 
சகாடுககப்்டாே நிற்லற்யத்ோன் காணமுடிகிைது. 
சமாரீஷி்ய்ஸ, சேன்னாப்பிரிககா த்பான்ை நாடுகள் மறறும் 
சிங்கப்பூர், மத்லசி்யா ஆகி்ய நாடுகளில் கிட்டத்ேட்ட 
ேமிழ்நாடு த்பான்று சமாழிச்சூழல் ஈடு்பாடடுககான 
(language immersion) வேெதிகள் இருககின்ைன. ஆனால் 
அசமரிககா, ஐதைாப்்பா, கன்டா த்பான்ை இ்டங்களில் 
இத்ேறக்ய ஈடு்பாடடுககான வேெதிகள் இல்ற்ல! 
இத்ேறக்ய ஈடு்பாடு இல்்லாே ்படெத்தில் ேமிழகத்தில் 
கறறுகசகாடுககப் ்ப்யன்்படும் ேமிழ்ப் ்பா்டத்திட்டங்கள் 
எநேவேறகயிலும் இவவேறக நாடுகளில் ்ப்யன்்படுத்ே 
இ்ய்லாது. மாைாகத் ேமிழ் மாணவேர்களுககுத் ேமிழறிவு 
மடடுமல்்லாமல் ேமிழ் உள்ளுணர்வு சகாடுககும் 
வேறகயி்லான ேமிழ்ப்்பா்டத்திட்டத்றே வேகுகக 
தவேண்டி்யதும் மிக அவேசி்யம். முேல் நிற்ல சோ்டங்கி 
்பத்ோம் நிற்ல, ்பதிசனான்ைாம் நிற்லச்யன ேமிழ் 
வேகுப்ற்பப் பிரித்துத் ேமிழ்ப் ்பா்டத்திட்டங்கறள வேகுககும் 
நிற்ல மாறி வேம்ொவேளித் ேமிழ் மாணாககர்களின் 
இல்்லத்தினின்று ச்பறைத் ேமிழறிறவே மனதில் 
சகாண்டு சவேவதவேறு வேறக்யான ்பா்டத்திட்டத்றே 
அறமப்்பதில் ேமிழ்ககல்வி்யாளர்கள் கவேனம் சகாள்ள 
தவேண்டியிருககிைது. 

வேம்ொவேளி மாணாககர்களுககான ேமிழறிவு 
புகட்டலில் இருககும் ்ப்ல வேரு்ட அனு்பவே அடிப்்பற்டயில் 

அவேர்கறள வே்யறே றவேத்து சவேவதவேறு நிற்லகளில் 
பிரித்துத் ேமிழ்ககல்வி சகாடுகக இ்ய்லாது என்்பறே 
உணை முடிகிைது. இல்்லத்தினின்று அவேர்கள் ச்பறை ேமிழ்க 
கல்வியினடிப்்பற்டயில் அவேர்கறளப் ்பார்ககும் த்பாது 
ஒவசவோரு மாணவேரும் ஒவசவோரு விேமான சூழலில் 
ேமிழறிவு ச்பறறிருப்்பார்கள் என்்பது சேரி்யவேரும். இநே 
வேறகயில் இவேர்கள் அறனவேறையும் ஒருங்கிறண்ய 
தநாககி அவேர்களது சமாழி்யறிறவே ஒதை ேன்றம்யானது 
என கணிகக இ்ய்லாது. 

ச்பரும்்பா்லான வேம்ொவேளி மாணவேர்களின் 
ேமிழறிவின் தேறவேற்யக கணிககும் த்பாது 
அவேர்களுககுத் ேமிழ் உள்ளுணர்வு சகாண்்ட த்பச்சுத் 
திைனும் எழுதும் திைனும் புகட்ட தவேண்டி்யது மிக அவேசி்யம் 
என்்பறே அறி்ய்லாம். இவவேறகயில் இப்்பகுதி சமாழிச் 
செ்யல்முறைத் திட்டத்தில் எங்கனம் ்பா்டத்திட்டத்றே 
அறமகக்லாம் என்்பறே இேறகாக ஏற்படுத்ேப்்பட்ட ேமிழ் 
இறண்யப் ்பககத்தின் அடிப்்பற்டயில் விளககுகிைது. 
ேமிழ் சமாழி, சமாழிச் சூழல்கள் மறறும் ேமிழ்ப் 
்பண்்பாடு ஆகி்யன ஒருங்கிறணநே ்பா்டத்திட்டத்றேத் 
ேமிழ் வேம்ொவேளி மாணவேர்களுககு அறமகக 
தவேண்டி்யேன் முககி்யத்துவேத்றே இப்்பகுதி விளககுகிைது. 
tamilverb.com என்னும் இறண்யத்ேளத்தில் ஆங்கி்ல 
விறனகளின் அடிப்்பற்டயில் ேமிழ் விறனகறளக 
சகாடுத்து அறவே ்ப்யன்்படுத்ேப்்படும் சூழல்கறள விளககி 
அவேறறை ஒலிகதகாப்புகள் வேழி தகடகும் வேெதியும் 
சகாடுககப்்படடிருககிைது. வேம்ொவேளி மாணவேர்களில் 
ச்பரும்்பாத்லாதனார் ேங்களின் ஆங்கி்ல சமாழியின் 
அடிப்்பற்டயித்லத்ய ேமிழ் சமாழிற்யக கற்பார்கள் 
என்னும் தநாககில் அவேர்களுககு ஆங்கி்ல விறனகள் 
மூ்லம் ேமிழ் விறனகறளயும் அவேறறின் சூழல்கறளயும் 
அறிநதுசகாள்வேேறகான வோயப்பு இவவிறண்யப்்பககம்.

2. கணினி வேழி ேமிழ் இ்லககி்ய ஆயவு

ேமிழ் இ்லககி்யத் ேைவுகள் ெங்க கா்லநசோடடு 
இககா்லம் வேறையில் மின்வேழியில் இருககும் 
இககா்லககட்டத்தில் அத்ேைவுகறள முறை்யான ேைவுத் 
ேளத்தில் தெமித்து மிகவும் நுணுககமான வேறகயில் 
தேடும் ொேனங்கறளப் ்ப்யன்்படுத்தி அ்லெ முற்படுவேது 
என்்பது இன்றி்யறம்யாே ஒன்ைாகும். இம்மு்யறசியில் 
ச்பன்சில்தவேனி்யாப் ்பல்கற்லககழகத்தில் கீழ்ககாணும் 
இரு இறண்யப் ்பககங்கள் உருவோககப்்படடிருககின்ைன.6
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இவவிரு ேளங்களின் முககி்ய தநாககம் ேமிழ் 
இ்லககி்யங்களிலிருநது ்பா்டல் வேரிகறளயும் , 
சொறகறளயும் ெங்கம் முேல் இககா்லம் வேறையி்லான 
சமாழி வேை்லாறறின் அடிப்்பற்டயில் தேடும் வேழி்யாகும். 
இத்தேடுச்பாறிகள் வேழி்யாகப் ்ப்ல சொறகள் மறறும் 
சோ்டர்கறள அவேறறின் ்ப்யன்்பாடு மறறும் ச்பாருள் 
அடிப்்பற்டயில் ஆயவுசெய்ய வேழிவேறக செய்ய்லாம். 
எடுத்துககாட்டாக ‘முகில்’ என்னும் சொல்ற்லத் 

தேடும்த்பாது இச்சொல் ்பகதிகா்லத்தில் அதிகமாகப் 
்ப்யன்்பாடடில் இருப்்பறேயும் ெங்ககா்லத்தில் 
ஓரிரு இ்டங்களிலுதம வேருவேறேக காண்லாம். 
இச்செயதியினின்று பு்லப்்படும் ஆயவு உண்றம 
என்னசவேனில் ்பகதிககும் இச்சொல்லுககும் சநருங்கி்ய 
சோ்டர்பு இருப்்பறே உணை்லாம். ெங்க இ்லககி்யங்களில் 
குறிப்்பாக சூளாமணி, ்பரி்பா்டல் மறறும் மணிதமகற்ல 
த்பான்ை ்பகதி ொர்நே இ்லககி்யங்களித்லத்ய 
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காணப்்படுகிைது. ்பதிறறுப்்பத்து, முல்ற்லப்்பாடடு ஆகி்ய 
இ்லககி்யங்களில் ஒரு சி்ல இ்டங்களித்லத்ய இச்சொல் 
வேருகிைது. இது த்பான்ை ஆயவு உண்றமகறள 
இத்தேடுச்பாறிகள் மூ்லம் எளிோக அறி்யமுடியும். 
தமலும் ்பார்ககல் ஆகும், சொல்்லல் ஆகும் த்பான்ை 
அறமப்புகறளயும் ்பார்ககல் ஆதம, சொல்்லல் 
ஆதம என்னும் அறமப்புகறளயும் இத்ேைவினின்று 
்பார்ககும்த்பாது ‘்பார்கக்லாதம’, ‘சொல்்ல்லாதம’ என 
மருவி இற்டககா்லத்தில் ்ப்யன்்பாடடில் வேநதுள்ளது. 
இறேத்ய தமற்லநாடடு சமாழியி்யல் அறிஞர்கள் 
‘்பார்கக ்லாம்’ , ‘சொல்்ல ்லாம்’ எனப் பிரித்து 
இ்லககணம் எழுதிவிட்டனர். ‘்பார்ககல்’, ‘சொல்்லல்’ 
த்பான்ை அறமப்பு இககா்லத்ேமிழில் மறைநேேன் 
காைணம் இதுதவே. இத்ேறக்ய மிகவும் நுணுககமான 
ேமிழ் வேை்லாறறின் உண்றமகறள இத்ேறக்ய ேைவுகள் 
வேழித்ய அறி்ய ஏதுவோகும். (இது குறித்ே விரிவோன 
விளககங்களுககுக காண்க அைங்கநாேன் 2023, 2020). 

இவவேறக ஆயவு தமன்தமலும் வேளம்ச்பை ேமிழ்த் 
ேைவுகள் அறனத்றேயும் ஒரு ேைவுத்ேளத்தின் 
கீழ் சகாண்டுவேநது செறிவோன தேடுச்பாறிகறளக 
சகாண்டு ்ப்ல தகாணங்களில் ேைறவே அ்லெ 
அறனத்து ஏற்பாடுகறளயும் செய்ய தவேண்டும். 
அதோ்டன்றி இத்ேைவுத் ேளங்கள் வேழி செயே ஆயறவே 
கடடுறைகள் வேழி்யாக மறை ஆயவோளர்களுககு 
அறி்யப்்படுத்ே தவேண்டும். இத்ேறக்ய மு்யறசிகள் ேமிழ் 
இறண்யக கல்விககழகம் (https://www.tamilvu.
org/), செம்சமாழித் ேமிழாயவு மத்தி்ய நிறுவேனம் 
(https://cic t . in/cic t inneww/) ஆகி்யனவேறறிலும் 
தமறசகாள்ளப்்படடிருககிைது என்்பது உண்றம.

3.  ேமிழ் த்பசும் இ்யநதிைத்றே நம்மால் உருவோகக 
முடியுமா? நமககிருககும் ெவோல்கள்.

சோழிறநுட்பமும் செ்யறறக நுண்ணறிவுத் திைனும் 
்ப்லவித்திலும் வேளர்நதுவிட்ட இககா்லககட்டத்தில் ேமிழ் 
சோழிறநுட்பம் ்பறறி்ய ஆயவு ்பறறி நாம் ஆழமாகச் 
சிநதிகக தவேண்டி்ய ேருணத்தில் இருககிதைாம். மனிே 
இ்யநதிைத்றே உருவோககும் மு்யறசியில் நாம் ஈடு்படும் 
ேருணம் இது. ேமிழ் த்பசும் மனிே இ்யநதிைம் மறறும் 
ேமிழில் நம்தமாடு உறை்யாடும் இ்யநதிைம் என்்பதுதவே 
நமது குறிகதகாள். இம்மு்யறசியில் இப்்பகுதி இது 
குறித்ோன ஆயவில் ஈடு்படுகிைது. இப்்பகுதியின் வேழி ஒரு 
ேமிழ் த்பசும் இ்யநதிைத்றே இங்கு அறிமுகப்்படுத்ேவும் 
மு்யறசிககிதைாம். இப்்பகுதி இ்யநதிைமும் ேமிழும் என்னும் 
ஆயவின் கடடுறை்யாளரின் ்ப்ல ஆண்டு மு்யறசியில் 
உருவோககப்்பட்டது. இது குறித்ே ஆயவின் மு்யறசிற்ய 
http://robot.tamilnlp.com என்ை முகவேரியின் வேழி 
நீங்கள் அறி்ய்லாம். 

இங்கு சகாடுககப்்படடுள்ள இறணப்புகளின் வேழி 
இநே இ்யநதிைம் ்ப்ல செ்யல்்பாடுகறள அறி்ய்லாம். 
அறிமுகம் குறித்ே உறை்யா்டல், ஆத்திசூடி ்பா்டல்வேரிகள், 
புைநானூறு வேரிகள், ேமிழ் மாேங்கள், த்பான்ைவேறறை 
இநே இ்யநதிைம் நம்தமாடு இறணநது செ்யல்்படுகிைது. 
இேறகான முககி்யக கருவிகள் த்பச்சுணரி மறறும் 
உறையிலிருநது த்பச்றெ மாறறும் செ்யற்பாடுகள். 
இப்்பகுதியில் ேமிழ் சோழிறநுட்பத்துககான ஆயவுகள் 
மறறும் செ்யறதிட்டங்கள் ்பறறி விளகக முற்படுதவோம். 
ேமிழ்க கணினி ஆயறவே அடுத்ேக கட்டத்துககு நாம் 
எடுத்துச் செல்்ல தவேண்டும் என்்பதுதவே நமது மு்யறசி. 
இவவோயவு குறித்ே விளககங்கறள http://uttamam.
org/papers/21_32.pdf என்னும் கடடுறையில் விரிவோக 
அறி்ய்லாம். 

3.1. செ்யறறக நுண்ணறிவுத் சோழிறநுட்பம்:

செ்யறறகத் ேமிழ்த் சோழிறநுட்பம் என்்பது ்பறறி நாம் 
சிநதிகக தவேண்டி்ய ேருணம் இது. இ்யநதிைம் நம்முற்ட்ய 
அறிவுத்திைறனப் ச்பறும் வேழிவேறககள் ்பறறி ஆழமாகச் 
சிநதிகக தவேண்டும். நாம் எப்்படி இ்யநதிைத்துககு நம் 
அறிவுத்திைறனத் ேமிழ் வேழி சகாடுககப் த்பாகிதைாம் 
என்்பதுதவே நமககு இருககும் ெவோல். நம்மால் இது 
இ்யலுமா? நாம் நம்முற்ட்ய அறிவுத் திைன் ்பறறி நன்கு 
அறிதவோமா? இகதகள்விகளுககு நம்மால் ெரி்யாக 
விற்ட கூைமுடி்யாதுோன். இருப்பினும் ஒரு இ்யநதிைத்றே 
உருவோககுதவோதம. இவவி்யநதிைம் எப்்படிச்யல்்லாம் 
நம்தமாடு உறை்யாடுகிைது என்று ்பார்ப்த்பாம். இது 
ஒரு முன்மு்யறசி. இம்மு்யறசி சவேறறி்யற்டநோல் 
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நாமும் இ்யநதிைமும் ஒன்ைாக வோழும் ஒரு சூழல் வேை 
வோயப்பிருககிைது என்லாம். 

3.2. நமது மு்யறசி:

இநே இ்யநதிைத்றேப் ்பறறி்ய விளககங்கறள இங்கு 
விளககுதவோம். இது ைா்ஸச்பரி ற்ப என்னும் ஒரு ்படற்டக 
கணினி (single board computer) வேழி உருவோககப்்பட்ட 
ஒன்று. இவவி்யநதிைத்தில் லினக்ஸ என்னும் நிைலியின் 
வேழிப் ்ப்ல மு்யறசிகறளச் செயயும் வேழி வேடிவேறம
த்திருககப்்படடிருககிைது. முககி்யமாக ற்பத்ோன், 
பிசைச்பி, மறறும் றமசீககுெவேல் ஆகி்யவேறறின் 
திைறன முழுதுமாகப் ்ப்யன்்படுத்தும் ஆயவுத்திைன் 
என்று கூை்லாம். இதோடு த்பச்றெக தகடடு அறேக 
கூகுள் த்பச்சு உணரி மூ்லம் ேமிழ் உறை்யாக ஆககும் 
முறையும் உறையிலிருநது த்பச்சுககு மாறறும் முறையும் 
ற்பத்ோன் நிைலி வேழி்யாக செ்யல்்படுத்ேப்்படுகிைது. 

3.3. ேமிழ் த்பசும் நமது ேமிழ்க கருவி:

இககருவி நம்தமாடு உறை்யாடுகிைது. இேறகுக 
காைணம் கூகுல் வேழிவேகுத்ே சமாழியுணர் ொேனம் 
மறறும் எழுத்திலிருநது ஒலி, ஒலியிலிருநது எழுத்து 
என்னும் ்ப்லவேறக ஆயவு நுட்பங்கறள இங்கு 
உள்ள்டககியிருககிதைாம். இத்ேறக்ய ஆயவுமு்யறசிதளாடு 
விககிப்பீடி்யாவிலிருநதும் இ்லககி்யத் ேைவுகளிலிருநதும் 
செயதிகறளக சகாணரும் வேழிமுறைற்யயும் இககருவி 
ஒன்று்ப்ட ்ப்யன்்படுத்துகிைது. முககி்யமாகத் ேமிழ்வேழி 
இம்மு்யறசி என்்பதுதவே இககுறிகதகாள். 

3.4. இககருவியு்டன் எப்்படி நாம் உறை்யா்டப் 
த்பாகிதைாம்?

இககருவி உங்களுற்ட்ய த்பச்றெக கவேனமாகக 
தகடகப் த்பாகிைது. நீங்கள் சொல்லும் வோககி்யங்கறள 
நன்கு புரிநதுசகாள்ளப் த்பாகிைது. நீங்கள் சொன்னறேத் 
திருப்பிச் சொல்்லப் த்பாகிைது. எப்்படி இது ந்டககிைது? 
இதுதவே கூகிலின் இ்யநதிை ஆயவின் சவேறறி என்லாம். 
த்பச்றெப் புரிநதுசகாள்ளும் அவேர்களது நிைலி. 
அத்ேறக்ய நிைலிகறள நமது நிைலியில் நாம் ெரி்யாகப் 
்ப்யன்்படுத்திகசகாள்ள விரும்புகிதைாம். 

3.5. விககித் ேைதவோடு சோ்டர்பு: 

விககிப்பீடி்யா ேமிழ்த் ேைதவோடு இறணககப்்படடுப் 
பின்வேரும் தகள்விகள் த்பான்ை ்ப்ல தகள்விகளுககு 
இவவி்யநதிைம் நமககு விவேைங்கள் ேரும்.

நாம் தகட்பது: மயி்லாடுதுறை ்பறறி சொல்லுங்க:

இநே இ்யநதிைம் சொல்வேது: மயி்லாடுதுறை 
(May i l a d u t h u r a i )  (முன்பு மா்யவேைம் என்று 
அறழககப்்பட்டது) இநதி்யாவில், ேமிழ்நாடு மாநி்லத்தில் 
மயி்லாடுதுறை மாவேட்டத்தில் உள்ள நிர்வோகத் 
ேற்லறமயி்டமும், சிைப்பு நிற்ல நகைாடசியும் ஆகும். 
மயில்கள் ஆடும் துறை என்்போல் மயி்லாடுதுறை என 
அறழககப்்படுகிைது.

3.6. கூகுள் சமாழிச்ப்யர்ப்பு  நிைலித்யாடு 
சோ்டர்பு்படுத்துதவோம்

மின்வேழி கூகுள் சமாழிச்ப்யர்ப்பு நிைலித்யாடு 
இறணககப்்படடு இவவி்யநதிைம் பின்வேருமாறு நம்தமாடு 
உறை்யாடுகிைது. 

ஹிநதி்ல சொல்லுங்க
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வவைமதிகபகிற. 

கியமாக ைபதா, பெஹப, 
ம ைமசீசவ 

ஆகியவறி திறைன மாக 

பயப ஆதிற எ 

றலா. இேதா ேபைச ேக 

அைத  ேப உண ல 

தமி உைரயாக ஆ ைற 

உைரயலி ேப மா 

ைற ைபதா நிரலி வழியாக 

ெசயபதபகிற.  

3.3. தமி ேப நம தமி 

கவ: 

இகவ நேமா உைரயாகிற. 

இத காரண  வழிவத 

ெமாழிண சாதன ம 

எதிலி ஒலி, ஒலியலி 

எ எ பலவைக ஆ 

பகைள இ 

உளடகியகிேறா. இதைகய 

ஆயசிேளா 

வகிபயாவலி 

இலகிய தரகளலி 

ெசதிகைள ெகாண 

வழிைறைய இகவ 
ஒபட பயபகிற. 

கியமாக தமிவழி இயசி 
எபேவ இறிேகா.  

3.4. இகவட எப நா 

உைரயாட ேபாகிேறா? 

இகவ உகைடய ேபைச 

கவனமாக ேகக ேபாகிற. 

நக ெசா வாகியகைள 

ந ெகாள ேபாகிற. 

நக ெசானைத திப 

ெசால ேபாகிற. எப இ 

நடகிற? இேவ கிலி 

இயதிர ஆவ ெவறி எனலா. 

ேபைச ெகா 

அவகள நிரலி. அதைகய 

நிரலிகைள நம நிரலிய நா 

சயாக பயபதிெகாள 
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வீடடுககு ொப்பி்ட வேரீங்களா

 14 
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வ  சாபட 

வகளா 

या तमु और तुहारा भाई कल 

रात के खान ेके लए मेरे घर 

आओगे? 

kya tum aur tumhaara bhaee 
kal raat ke khaane ke lie 
mere ghar aaoge? 

தமி நலா ேபச 

வமா 

या आप अछ तमल बोल सकते 
ह? 

kya aap achchhee tamil bol 
sakate hain? 

நக எலா 

இதியால எெதத 

இட ேபா 

இகீக ஒ 

வடாம ெசாறகளா 

या आप मुझ ेबता सकते ह क 

आप सभी भारत म कहां गये ह? 

kya aap mujhe bata sakate 
hain ki aap sabhee bhaarat 
mein kahaan gaye hain? 
 

கனடால ெசாக 

ೆನಯ ಎಂದು ೇ 

Kenaḍiyan endu hēḷi 
நக நாைள 

எேனாட வ  

வகளா 

ಾ  ೆನನ ಮೆೆ ಬರುೕಾ? 

Nāḷe nanna manege 

baruttīyā? 

நக காைலயல 

சாபா சாபகளா 

ೕವ ೆೆ ಂೕಾ? 

Nīvu beḷigge tindiddīrā? 

 

 ெமாழிெபய வசதி 

பகதி ெகாகபட அைன 

உலக ெமாழிகைள இதிய 

ெமாழிகைள தமி வழி 
ெமாழிெபய அறி வததி 

இவயதிர 

வவைமகபகிற.  

 3.7. லின சாதனதி 

மண, நாக, மாத ேபாற 

வசதிகைள பயபேவா. 

லின சாதனதி உள ேநர, 

கால ஆகிய வசதிகைள 

பயபதி பவமா இகவ 
நேமா உைரயாகிற.  

நா ேகப: இப மண என 

இவயதிர ெசாவ: 

இெபா அெமக கிழ 

ேநர மாைல எ மண ஒப 

நிமிட ஐப ஒ வனா 

நா ேகப: இைன என 

ேததி 

இவயதிர ெசாவ: 

இைற இரடாயர 

இப றா வட பதா 

மாத பதி ஒறா நா 

எகைள தமிழி மாறி 
அவைற ேபசி மாவத 

கைரயாளரா ைபதான 

உவாகபட தமி எகைள 

மா 

http://robot.tamilnlp.com/py/convert_tamil_n

umber.py எற நிரலி 
இவயதிரதி 

பயபதபகிற. இவா 

ேமிழ் நல்்லா த்பெ வேருமா
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http://robot.tamilnlp.com/py/convert_tamil_n

umber.py எற நிரலி 
இவயதிரதி 

பயபதபகிற. இவா 

கன்டா்ல சொல்லுங்க
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நக உக தப 

நாைள எேனாட 

வ  சாபட 

வகளா 

या तमु और तुहारा भाई कल 

रात के खान ेके लए मेरे घर 

आओगे? 

kya tum aur tumhaara bhaee 
kal raat ke khaane ke lie 
mere ghar aaoge? 

தமி நலா ேபச 

வமா 

या आप अछ तमल बोल सकते 
ह? 

kya aap achchhee tamil bol 
sakate hain? 

நக எலா 

இதியால எெதத 

இட ேபா 

இகீக ஒ 

வடாம ெசாறகளா 

या आप मुझ ेबता सकते ह क 

आप सभी भारत म कहां गये ह? 

kya aap mujhe bata sakate 
hain ki aap sabhee bhaarat 
mein kahaan gaye hain? 
 

கனடால ெசாக 

ೆನಯ ಎಂದು ೇ 

Kenaḍiyan endu hēḷi 
நக நாைள 

எேனாட வ  

வகளா 

ಾ  ೆನನ ಮೆೆ ಬರುೕಾ? 

Nāḷe nanna manege 

baruttīyā? 

நக காைலயல 

சாபா சாபகளா 

ೕವ ೆೆ ಂೕಾ? 

Nīvu beḷigge tindiddīrā? 

 

 ெமாழிெபய வசதி 

பகதி ெகாகபட அைன 

உலக ெமாழிகைள இதிய 

ெமாழிகைள தமி வழி 
ெமாழிெபய அறி வததி 

இவயதிர 

வவைமகபகிற.  

 3.7. லின சாதனதி 

மண, நாக, மாத ேபாற 

வசதிகைள பயபேவா. 

லின சாதனதி உள ேநர, 

கால ஆகிய வசதிகைள 

பயபதி பவமா இகவ 
நேமா உைரயாகிற.  

நா ேகப: இப மண என 

இவயதிர ெசாவ: 

இெபா அெமக கிழ 

ேநர மாைல எ மண ஒப 

நிமிட ஐப ஒ வனா 

நா ேகப: இைன என 

ேததி 

இவயதிர ெசாவ: 

இைற இரடாயர 

இப றா வட பதா 

மாத பதி ஒறா நா 

எகைள தமிழி மாறி 
அவைற ேபசி மாவத 

கைரயாளரா ைபதான 

உவாகபட தமி எகைள 

மா 

http://robot.tamilnlp.com/py/convert_tamil_n

umber.py எற நிரலி 
இவயதிரதி 

பயபதபகிற. இவா 

நீங்க நாறளககு என்தனா்ட வீடடுககு வேரீங்களா
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வவைமகபகிற.  
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 14 

நக உக தப 

நாைள எேனாட 

வ  சாபட 

வகளா 

या तमु और तुहारा भाई कल 

रात के खान ेके लए मेरे घर 

आओगे? 

kya tum aur tumhaara bhaee 
kal raat ke khaane ke lie 
mere ghar aaoge? 

தமி நலா ேபச 

வமா 

या आप अछ तमल बोल सकते 
ह? 

kya aap achchhee tamil bol 
sakate hain? 

நக எலா 

இதியால எெதத 

இட ேபா 

இகீக ஒ 

வடாம ெசாறகளா 

या आप मुझ ेबता सकते ह क 

आप सभी भारत म कहां गये ह? 

kya aap mujhe bata sakate 
hain ki aap sabhee bhaarat 
mein kahaan gaye hain? 
 

கனடால ெசாக 

ೆನಯ ಎಂದು ೇ 
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கூகுள் சமாழிச்ப்யர்ப்பு வேெதிப் ்பககத்தில் 
சகாடுககப்்பட்ட அறனத்து உ்லக சமாழிகறளயும் இநதி்ய 
சமாழிகறளயும் ேமிழ் வேழி சமாழிச்ப்யர்த்து அறியும் 
விேத்தில் இவவி்யநதிைம் வேடிவேறமககப்்படடிருககிைது. 

 3.7. லினக்ஸ ொேனத்தின் மணி, நாடகள், மாேம் 
த்பான்ை வேெதிகறளப் ்ப்யன்்படுத்துதவோம்.

லினக்ஸ ொேனத்தில் உள்ள தநைம், கா்லம் ஆகி்ய 
வேெதிகறளப் ்ப்யன்்படுத்தி பின்வேருமாறு இககருவி 
நம்தமாடு உறை்யாடுகிைது. 

நாம் தகட்பது: இப்்ப மணி என்ன

இவவி்யநதிைம் சொல்வேது: இப்ச்பாழுது அசமரிககக 
கிழககு தநைம் மாற்ல எடடு மணி ஒன்்பது நிமி்டம் 
ஐம்்பத்து ஒன்று வினாடி

நாம் தகட்பது: இன்றனககு என்ன தேதி

இவவி்யந தி ை ம்  ச ெ ா ல்வேது :  இன்றை ககு 
இைண்்டாயிைத்து இரு்பத்து மூன்ைாம் வேரு்டம் ்பத்ோம் 
மாேம் ்பதின் ஒன்ைாம் நாள்

எண்கறளத் ேமிழில் மாறறி அவேறறைப் த்பச்சில் 
மாறறுவேேறகுக கடடுறை்யாளைால் ற்பத்ோனில் 
உருவோககப்்பட்ட ேமிழ் எண்கறள மாறறும் http://
robot.tamilnlp.com/py/convert_tamil_number.py 
என்ை நிைலி இவவி்யநதிைத்தில் ்ப்யன்்படுத்ேப்்படுகிைது. 
இவவோயவு குறித்ே தம்லதிக விவேைங்களுககு காண்க 
Renganathan 2023a.

4. ேமிழ்க கணினி ஆயவின் எதிர்கா்லம்

இககடடுறையில் விளககப்்படடுள்ள்படி முககி்யமாக 
மூன்று துறைகளில் கணினிற்யப் ்ப்யன்்படுத்துவேது 
குறித்து நம் கவேனத்றேச் செலுத்ே தவேண்டும். 
உ்லக்லாவி்யத் ேமிழர்களின் குழநறேகறள மனதில் 
சகாண்டு அவேர்களுககுத் ேமிழ் கறபிகக http://learn.
tamilnlp.com, https://www.tamilvu.org/ta/

கல்வி-விவேைங்கள்-மழற்லககல்வி த்பான்ை 
மு்யறசிகள் சே ா்ட ை  தவேண்டும் .  குறிப்்ப ாக 
இம்மு்யறசிகறளத் சோ்டர்நது ்ப்யன்்பாட்டாளர்களின் 
்ப்யன்்பாடு வேழி மதிப்பீடு செயது இவேறறின் ேைத்றேத் 
சோ்டர்நது வேளப்்படுத்ே தவேண்டும். இைண்்டாவேோகத் 
ேமிழ் இ்லககி்ய ஆயவுககான sangam.tami ln lp.
com, ht tp ://sangam.tami ln lp.com/mp/json/, 
http://tamilconcordance.in/ த்பான்ை இன்னும் ்ப்ல 
ேைவுத்ேளங்களின் வேளத்றேத் சோ்டர்நது செறிவு்படுத்ே 
தவேண்டும். குறிப்்பாக தேடுச்பாறி வேழி செய்யப்்படும் 
ஆயவுகறளக கடடுறை்யாகவும் நூ்லாகவும் சவேளியிடடுத் 
ேமிழ் இ்லககி்ய ஆயவோளர்கள் ்ப்லறை இவவோயவில் 
ஈடு்படுத்ே தவேண்டும். மூன்ைாவேோக robot.tamilnlp.com 
த்பான்ை ேளங்களில் மு்யறசி செய்யப்்படடுள்ள கணினி 
நுண்ணறிவு ஆயவுகள் வேளப்்படுத்ே தவேண்டும். https://
bard.google.com/, https://chat.openai.com/auth/
login த்பான்ை ேளங்களின் வேழித் ேமிழுககுக கிற்டககும் 
வேளங்களின் அடிப்்பற்டயில் நமது ேமிழ்க கணினி 
ஆயவுகறளத் சோ்டர்நது வேழிந்டத்ே தவேண்டும். 

• Kawamura, Hiroaki. 2007. Participant 
Observation for Language Learners: 
A Performance-Based Approach 
to Language Learning during Study 
Abroad. Japanese Language and 
Literature . Vol. 41. No. 2. Oct. 
2007.

• Miller, Cleve, 2008. Performance-
based learning for teaching one-to-
one classes (http://peo.cambridge.
org/index.php?option=com_content
&view=section&layout=blog&id=2&It
emid=8_)

• அைங்கநாேன், வோசு. 2023. ேமிழ் 
சமாழியின் வேை்லாறறுப் ்ப்யணம்: 
ெங்கம் முேல் இககா்லம் வேறை 
கா்லச்சுவேடு ்பதிப்்பகம், நாகர்தகாவில். 

(History of development of the 
Tamil language: From Sangam to 
modern period - in Tamil)

• Renganathan, Vasu 2023a. “Large 
Language Models (LLM) and the 
Role of the linguists in the World 
of AI” In The proceedings of the 
conference on செ்யறறக நுண்ணறிவுத் 
சோழில்நுட்பத்றேத் ேமிழ்சமாழியு்டன் 
செ்யல்்படுத்துவேேறகான ்பன்னாடடுக 
கருத்ேைங்கம், குமைகுரு கல்லூரி, 
தகா்யம்புத்தூர், Oc tober 13-14 , 
2023. (http://uttamam.org/papers/
tic2023.pdf ).

• Renganathan, Vasu 2020. "Sangam to 
Modern Tamil Genre: The process 
of grammaticalization and evolution 

of Modern Tamil Noun and Verb 
forms." IJDL:Vol. 49, No. 1 January 
2020

• Re n g a n a t h a n ,  Va s u  ( 20 1 6 ) . 
Computational Approaches to Tamil 
Linguistics, Cre-A. Chennai, India.

• Re n g a n a t h a n ,  Va s u  ( 20 1 6 ) . 
Computational Approaches to Tamil 
Linguistics: Scopes and Prospects. In 
the proceedings of the 15th Tamil 
Internet Conference, Gandhigram 
Rural  University, Dindigul , Tamil 
Nadu. (http://www.uttamam.org/
papers/16_02.pdf ).

• Re n g a n a t h a n ,  Va s u  ( 20 1 4 ) . 
Computational Phonology and the 
Development of Text-to-Speech 

துறண நூல்கள்
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Appl i ca t ion for Tami l . In the 
Proceedings of the International 
conference on Tamil Internet, 2014, 
Pondicherry, India. (http://www.
uttamam.org/papers/14_35.pdf ).

• Rengana than , Vasu 201 1 .  The 
Tami l Language in Context: A 
Comprehensive Approach to Tamil 
Learning. Department of South Asia 
Studies, University of Pennsylvania. 

• Renganathan, Vasu 2009. Enhancing 
the processes of Learning Tamil 

with Synchronized Media, Paper 
presented at the 8th International 
Tamil Internet Conference, Cologne, 
Germany. (http://www.infitt.org/
ti2009/papers/vasu_renganathan_
final.pdf ) 

• Re n g a n a t h a n ,  Va s u  ( 200 1 ) . 
Development of Morpholog ica l 
Tagger for Tamil, In the Proceedings 
of the International Conference on 
Tamil Internet 2001, Kuala Lumpur, 
Malaysia.

 ( h t t p : / / w ww . u t t a m a m . o r g /
papers/01_34.pdf ).

• Renganathan, Vasu 1998. Formalizing 
the Knowledge of Heritage Language 
Learners : A Technology-Based 
Approach. Journal of the South Asia 
Language Pedagogy and Technology 
(http://salpat.uchicago.edu/index.
php/salpat).
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After parsing meaningful language categories can 
be available. Language categories can be classified and 
explained in grammar and lexicography. Noun meaning 
index is prepared based on word index for Sangam 
Literature and Thirukkural in Tamil. Dictionaries for 
all Sangam literatures with grammatical explanation 
are published by University of Kerala. The dictionaries 
were prepared based on noun and verb categories, did 
not considered the other categories like case, clitics, 
tense marker and PNG markers. Nonverbal categories 
are also more important in making meaning process. 
These categories are more associated with human 
mind and feelings. In literature and speech context 
meaning of the language is limited and pragmatic 
meaning and cultural meaning are unlimited. Pragmatic 
meaning and cultural meaning should be included in 
the concept index. Dictionaries, Meaning indexes and 
Encyclopaedia cannot cover the micro level important 
meanings. Meaning of the body language is also unique 
to include in the concept index. 

A couplet in Thirukkural is taken for example to 
analyse for preparing concept index. 

்யாகாவோ ைாயினும் நாகாகக காவோககால் 
தொகாப்்பர் சொல்லிழுககுப் ்படடு  (குைள். 127)
 
்யா-கா-வ-ஆ-ஆர் ஆ-ய-இன்-உம் நா-கா-க-க 
கா-வ-ஆ-க-கால் 
தொ-கா-ப்ப்-அர் சொல்ல்-இழுககு-ப் ்படு-உ

Parsing of the grammatical categories in the kural 
are given above. Two sentences are in the kural, couplet. 
Translation of the couplet is: “Whatever else you may 
control, control your tongue, lest you should repent your 
indiscreet words” (V. R. Ramahandra Dikkshitar 2000: 
27). Sentence 1: Anyone may not control anything, but 
control speech behaviour. Sentence 2: If any one cannot 
control speech behaviour, he/she have to get blame 
of the people and to save the embracement situation. 
Link morph, increment, release vowels are important 
to describe structure of the language. Structure of the 
language is also concept. 

Nouns – நா Tongue, தொ, சொல் word, இழுககு, ்யா 
interrogative pronoun  

Verbs – கா control, protect, prevent (4), ஆ to become,
்படு auxiliary verb

ABSTRACT
Concept index is a systematic collection of the all notions 
of a linguistic society. External objects including humans, 
relations between them and incidents and also thoughts, 
values, feelings, contexts of human being should be 
recorded in verbal form systematically in the concept 
index. Methods of language usage to be included in the 
index. This index includes both form of meaning and 
method of expression of meaning. It includes forming 
of the meaning and history of the meaning. Historically 
contemporary meaning of the words and modern meaning of 
the words both shall be analysed. Cultural meaning should 
be deconstructed and included in this index. Traditional 
meaning should be analysed through the knowledge of 
natural science and social science. Written language and 
spoken language are two different types. In spoken language 
sound, feelings of the speaker, context of the speech may 
have additional or negative meaning. These are supra 
segmental meanings or intonation meanings. Meaning is 
always beyond words. Extra meaning is between language 
and user of the language. Without the conscious knowledge 
of the speaker and writer meaning can be expressed 
regarding their gender, power, society, attitude and status. 
This meaning should be verbalized. Language has more 
meaning than words. 

Dr. R. Jeyaraman

Concept Index: From Literary Study to Cultural Study 

R. Jeyaraman
Thiruvalluvar University, Vellore.
jrjeyaramantvu@gmail.com
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This kural has cause and effect meanings. Cause is 
a previous event. Effect is a continuous event. Time is 
related in the cause and effect. Both meaning can be 
included in the concept index. Kaa is an intransitive 
verb. All nouns followed by accusative case marker 
and intransitive verb kaa should be collected and 
classified. Disease control, fort control, birth control, 
price control and other type of control to be collected 
and classified. These meanings can be included in the 
concept index. Prevent, protect, save like these verbs 
overlapped with control. Overlapping meanings can be 
analysed and included in the concept index. Controlling 
tongue has two meanings: 1. food control, 2. speech 
control. Kural says speech control in this context. All 
grammatical meaning are important for concept index. 
All types of noun followed by various case markers 
should be collected and classified. On the basis of cases 
the meanings of nouns to be explained in the concept 
index. bow, spear, vessel are instrumental meaning in 
the lexical category. The third case in Tamil has source, 
through, instrument and agent meanings. Finger, cloth, 
eye, book, brick can be instrument in sentences. These 
meanings are derived from grammatical categories. 
Accusative case, sociative case, ablative case, locative 
case and other such cases can determine the meaning 
of the nouns. Tense marker can determine the meaning 
of the action or verb and the agent of the action. A 
character may use future tense marker than other 
markers. Another character may use optative form of 
verbs than other verbs. Some characters may use polite 
form of words in their speech. Few characters may use 
negative verbs. In ethical literature more negative verbs 
are used by poets for valid reasons. These differences 
can help to identify the behaviour and concept of the 
characters. Tamil is an agglutinative language. Every 
bound morpheme has unique meaning. 

Lexical meaning, cultural meaning and grammatical 
meanings are important to concept index. Two poems 
are taken to explain for preparing concept index.

சிறறில் நறறூண் ்பறறி நின்மகன் 
்யாண்டு உளதனா என வினவுதி; என்மகன்
்யாண்டு உளன் ஆயினும் அறித்யன்; ஓரும்
புலி தெர்நது த்பாகி்ய கல்அறள த்பா்ல
தோன்றுவேன் மாதோ, த்பார்க களத்ோதன. 

(புைநானூறு. 86)

 
You grasp a fine pillar in my small house
You ask me “where is your son?”
I do not know where he is. 
Like a mountain cave that a tiger 
In-habited and abandoned, 

is this womb which gave birth to him. 
He will appear on the battle field. – (vaidheki)

அண்ணாநது ஏநதி்ய வேனமுற்ல ேளரினும்,
ச்பான்தநர் தமனி, மணியின் ோழ்நே 
நல்சநடுங் கூநேல் நறைச்யாடு முடிப்பினும்
நீத்ேல் ஓம்புமதி பூகதகழ் ஊை!
இன்கடும் கள்ளின் இறழஅணி சநடுநதேர்க 
சகாறைச் தொழர் சகாங்கர்ப் ்பணீஇ்யர்
சவேண்தகாடடு ்யாறனப் த்பஎர் கிழதவோன்
்பறழ்யன் தவேல் வோயத்து அன்ன நின்
பிறழ்யா நன்சமாழி தேறி்ய இவேடதக. (நறறிறண. 10)

 
Even when (her) beautiful breasts, looking 

upwards (and) eminent, slacken
on her who has come to believe in your unfailing 

good words, 
like in the success of the spear of Palaiyan,
lord of Poor with white-tusked elephants,
when the Konkars were humbled by the 

victorious Coolars
with jewl-adorned long chariots (and) 

sweet strong toddy,
(and) if (she) ties, because of whiteness, 

(her) good long tresses
which hang down without jewels on (her) 

gold-like body
-beware of leaving (her), o man from village 

rich in flowers. 
– (Eva Wilden 2008: 79)

Literary meaning is emerging from Linguistic 
meaning. Word order in the sentence, selection words of 
the sentence may have different meaning from normal 
meaning. Author’s gender, social, cultural, regional 
and historical back-rounds have different meanings. 
Author’s intentions can have some other meanings. 
Figure of speech may have internal meanings. All 
meanings can be included in the concept index. Each 
literary genre have some specific method of meaning 
expressions. The above mentioned two poems from 
Sangam literature belong to agam and puram genres. 
Knowing literary tradition is essential to make concept 
index. A women/girl asked the neighbour women mother 
where about of the later’s son. The mother answered 
about her son warrior. This is the content of the poem 
(puram. 86). Feelings of the mother can be included in 
the concept index. Proud, confident, comparison and 
doubt are important to this index. Mother- son relation 
and citizen – king relations, war activity of the king, 
role of the female citizen are also important. 

In the agam poem (naRRinai. 10) loyal girl friend 
of the heroine told some advices to the hero about 
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heroine’s well future. She is comparing between present 
young love relation and old age life relation. Conduct of 
the hero should not be changed. He should not lose his 
oath. In this poem through the aesthetic point of view 
describes the body parts of the young heroine and in the 
future of old heroine. Breast, hair and skin of the lady are 
described in the poems. Through the description these 
are the aesthetic concepts of the old sangam period. 
These concepts are not changed still now. Possibility of 
the departure of the hero from heroine is alive in her 
girlfriend mind. Status of the women in ancient society 
is depicted in this poem. Feminist and post-modernism 
point of views this may have extended meanings. Poet’s 
intention is to praise Palaiyan, the king. Through the 
simile poets include the king’s war skill in the poem. 

For more interpretations in both modern and old 
literary texts need literary and art theories. Textual 
theories, narratology, discourse, rhetoric, structuralism, 
de-construction, semiotic are some of the theories for 
helpful to make concept index. In computer analysis 
these type of meanings cannot drawn through word 
index. Key word index is little helpful. Words are the 
way of all the meanings. Word indexes can be prepared 
through drawing, photo then videos, movies. In future 
events directly converted into word forms. Now face 
recogniser through CCTV cameras, lie detector, speech 
to written form converter, written form to speech 
converter are available in the technology field. 

Concept index can have more meanings than 
dictionary, meaning index and encyclopaedia. Language 
computing can be helpful to this concept index. 

• Ewa Wilden (Editor and Translator), 
2008, NaRRinai 1-200, A 
Critical Edition and an Annotated 
Translation of Narrinai Volume 
I, Puducherry: Ecole Franaise 

D’Extreme- Orient and Chennai: 
TamilMan Pathippakam.

• Ramachandra Dikshitar V. R. 
(Translator), 2000, Tirukkural, 

Chennai: The Adyar Library and 
Research Centre

• ht tps : / / songamtransla t ionsby 
vaidehi.com 
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1.  INTRODUCTION:
 Machine Translation (MT) has witnessed significant 

advancements in recent years, with the development 
of domain-specific systems playing a crucial role 
in enhancing translation accuracy and relevance. 
Building domain-specific machine translation systems 
requires a thorough understanding of domain terms 
and their accurate translation. This article delves 
into the importance of domain term identification for 
constructing effective machine translation systems 
involving Tamil and Telugu, prominent Dravidian 
languages.

The term ‘domain’ refers to a specific situation or 
a state in which a group of people share a common 
knowledge on a particular subject matter. The domain 
terminologies in each domain are restricted within its 
domain boundary differentiating one domain from the 
other. A domain term refers to a word or phrase specific 
to a particular industry, field, or domain. Domain term 
identification is a critical step in the development 
of domain-specific machine translation systems. 
Identifying and translating these terms accurately is 
essential for ensuring that the machine translation 
system produces linguistically and contextually relevant 
output in specialized domains. In essence, domain 
term identification involves systematically interpreting 
word meanings in both the source and target languages 
within the context of a particular domain. It helps in 
the identification of terms specific to the domain and 
greatly contributes to NLP applications and in the 
language translation process.

2. CHALLENGES IN DOMAIN TERM 
TRANSLATION

Generic translation models may struggle to capture 
the intricacies of domain-specific content, leading to 
inaccurate and contextually inappropriate translations. 
There are confusions among researchers with domain 
terms and named entities. Domain terms and named 
entities are both essential linguistic elements, but they 
differ in their scope and significance within the context 
of natural language processing and machine translation. 
Domain terms encompass words or phrases specific to 
a particular industry, field, or domain, serving as key 
identifiers within specialized vocabularies. These terms 

ABSTRACT
Machine Translation (MT) has evolved significantly, and the 
development of domain-specific systems has become pivotal 
in improving translation accuracy. Constructing effective 
domain-specific machine translation systems requires a 
comprehensive understanding of domain terms and their 
precise translation. This article explores the significance of 
domain term identification, and building domain adapted 
Tamil-Telugu machine translation systems. In the context of 
Tamil and Telugu, experiments are conducted using a neural 
machine translation (NMT) system, IndicTrans2, across five 
domains. The experiments show that fine-tuning NMT with 
domain terms significantly enhances the translation quality. 

Yash Bhaskar, Nagaraj V, Vandan M, Dipti Misra Sharma, Parameswari Krishnamurthy

Domain Adaptation of Bidirectional Neural Machine Translation system  
involving Tamil to Telugu

Yash Bhaskar, Nagaraj V, Vandan M, Dipti Misra Sharma, 
Parameswari Krishnamurthy
International Institute of Information Technology, 
Hyderabad
yash.bhaskar@research.iiit.ac.in,
nagaraju.vuppala@research.iiit.ac.in,
vandan.mu@research.iiit.ac.in,
dipti@iiit.ac.in,
param.krishna@iiit.ac.in
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contribute to the precision and fluency of translations 
in domain-specific contexts. On the other hand, named 
entities refer to specific objects, individuals, locations, or 
organizations that hold unique identities. While named 
entities can be domain-specific, they extend beyond 
specialized terminology to include proper nouns and 
entities with distinct characteristics. Both domain terms 
and named entities play crucial roles in the accurate 
representation of information, and their identification 
is integral to developing effective language models, 
machine translation systems, and other natural language 
processing applications. 

As domain terms are specialized terminologies 
related to the field, translation of the same into the 
target language is likely to face challenges, especially 

in cases where the terminologies exhibit Polysemous 
and homonymous meanings. While the former deals 
with words having multiple senses that are related, the 
latter deals with meaning senses that is unrelated. While 
evaluating domain terms in the given translations, 
we came across semantically unrelated words in the 
target language in each domain in terms of polysemy 
and homonymy. This is mainly due to the fact that 
Polysemous words in one language do not find their 
direct mapping in other languages in general.

Consider the example given in Table-1 for 
homonymous word forms in English translated 
into Tamil and Telugu. The term intelligence is a 
homonymous word which has three distinct meanings 
in different domains in Tamil and Telugu. 

Page No: 2 

in their scope and significance within the context 

of natural language processing and machine 

translation. Domain terms encompass words or 

phrases specific to a particular industry, field, or 

domain, serving as key identifiers within 

specialized vocabularies. These terms contribute 

to the precision and fluency of translations in 

domain-specific contexts. On the other hand, 

named entities refer to specific objects, 

individuals, locations, or organizations that hold 

unique identities. While named entities can be 

domain-specific, they extend beyond specialized 

terminology to include proper nouns and entities 

with distinct characteristics. Both domain terms 

and named entities play crucial roles in the 

accurate representation of information, and their 

identification is integral to developing effective 

language models, machine translation systems, 

and other natural language processing 

applications.  

As domain terms are specialized terminologies 

related to the field, translation of the same into 

the target language is likely to face challenges, 

especially in cases where the terminologies 

exhibit Polysemous and homonymous meanings. 

While the former deals with words having 

multiple senses that are related, the latter deals 

with meaning senses that is unrelated. While 

evaluating domain terms in the given 

translations, we came across semantically 

unrelated words in the target language in each 

domain in terms of polysemy and homonymy. 

This is mainly due to the fact that Polysemous 

words in one language do not find their direct 

mapping in other languages in general. 

 

Consider the example given in Table-1 for 

homonymous word forms in English translated 

into Tamil and Telugu. The term intelligence is a 

homonymous word which has three distinct 

meanings in different domains in Tamil and 

Telugu.

 

Domain Explanation English Sentence Tamil Sentence  Telugu Sentence 

Cognitive 

Science 

Mental capacity for 

learning, reasoning, 

problem-solving. 

Intelligence is 

crucial for success 

in academics. 

Artificial 

Intelligence 

 

Simulated intelligence in 

machines and computer 

systems. 

Artificial intelligence 

is revolutionizing 

various industries. 

 

Military Gathering and analyzing 

information for defense 

purposes. 

The Intelligence 

Bureau is India's 

domestic intelligence 

arm. 

Besides homonymous word forms, Polysemous 

word forms as well pose challenges in the 

domain term translation process. Consider the 

examples given in Table-2 for the word 

depression in English and the equivalent word 

form in Tamil and Telugu in different domains.

Table 1: Homonymous domain terms 
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As some of the language properties such as polysemy 
and homonymy are inherent to any natural language, it is 
necessary to disambiguate words with multiple meanings 
for the right interpretation of its sense in relation to the 
context. Since the domain term identification process 
facilitates systematic interpretation of word meaning, 
it is employed in disambiguating Polysemous and 
homonymous domain words. Therefore domain term 
identification is considered as an indispensable process 
through which word interpretation can be effectively 
achieved in their respective domains which in turn 

helps in accurate translation of the domain terms into 
the target language.  

3.  DOMAIN TERM IDENTIFICATION IN 
TAMIL-TELUGU 

Domain term identification ensures precision in 
translating content within a specific domain. Various 
efforts are put into building domain-specific MT 
systems for different languages (Arcan, M., et al., 
2014; M. Amin Farajian et al., 2017; Hu, J., et al. 2019; 

Besides homonymous word forms, Polysemous 
word forms as well pose challenges in the domain 
term translation process. Consider the examples given 

in Table-2 for the word depression in English and the 
equivalent word form in Tamil and Telugu in different 
domains. 
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Clinical 

Science 

State Feelings of 

persistent sadness and 

hopelessness. 

Kumar has been 

struggling with 

depression for several 

months. 

Psychologic

al Disorder 

A serious mental health 

condition. 

The doctor diagnose 

her with clinical 

depression. 

Economics Prolonged economic 

decline with high 

unemployment. 

The country is 

experiencing a severe 

economic depression. 

Physics and 

Meteorolog

y 

Area of low atmospheric 

pressure. 

A low-pressure 

depression is moving 

towards the coast. 

Chemical 

Science 

Lowering of freezing 

point due to solute 

addition. 

The addition of a 

solute causes a 

depression in freezing 

point. 

к



Table 2: Polysemous domain terms 

 

 

As some of the language properties such as 

polysemy and homonymy are inherent to any 

natural language, it is necessary to disambiguate 

words with multiple meanings for the right 

interpretation of its sense in relation to the 

context. Since the domain term identification 

process facilitates systematic interpretation of 

word meaning, it is employed in disambiguating 

Polysemous and homonymous domain words. 

Therefore domain term identification is 

considered as an indispensable process through 

which word interpretation can be effectively 

achieved in their respective domains which in 

turn helps in accurate translation of the domain 

terms into the target language. 

3. DOMAIN TERM IDENTIFICATION 

IN TAMIL-TELUGU  

Domain term identification ensures precision in 

translating content within a specific domain. 

Various efforts are put into building domain-

specific MT systems for different languages 

(Arcan, M., et al., 2014; M. Amin Farajian et al., 

2017; Hu, J., et al. 2019; Elise Michon et al., 

2020). It is found to be necessary to build a 

domain aware machine translation system in the 

context of Tamil too. Terms and expressions that 

hold domain-specific meanings play a pivotal 

role in conveying nuanced information 

accurately.  

Table 2: Polysemous domain terms
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Elise Michon et al., 2020). It is found to be necessary 
to build a domain aware machine translation system in 
the context of Tamil too. Terms and expressions that 
hold domain-specific meanings play a pivotal role in 
conveying nuanced information accurately. 

We conducted experiments to investigate how a 
neural machine translation system handles domain-

specific translation for low-resource language  
pairs, specifically Tamil to Telugu. We constructed 
small yet significant domain corpora for Tamil-Telugu 
language pairs across five domains. The details of the 
developed domain corpora, including sentences, tokens, 
and domain terms for each domain, are presented in 
Table-3 

Domain #Sentences #Tokens
  (Tamil / Telugu) #Domain Terms
   (Unique Count / Total Count)

Agriculture 5014 49846 / 50821 5097 / 12113

Education 5182 54490 / 56558 1752 / 3758

Government 2769 35010 / 34410 3848 / 9814

Health 2507 23977 / 23740 2724 / 6034

Science 2684 29861 / 29973 5007 / 11537

Total 18156 193184 / 195502 16138 / 43256

Table 3: Domain Data Developed for Tamil-Telugu

 

Additionally, we created a total of 500 sentences 
for development and testing data across these domains. 
Our experiments were carried out using the state-of-the-
art system IndicTrans2 (Gala, et al. 2023). We report 
the BLEU ((Papineni, K. et al. 2007) and ChrF scores 
(Popović, M., 2015) for the Tamil-Telugu translation 
direction on the Flores test set ((Costa-jussà, et al. 2022) 
as 17.7 and 49, respectively. 

4. DOMAIN ADAPTATION OF TAMIL-
TELUGU NEURAL MACHINE 
TRANSLATION SYSTEM

We utilized the aforementioned training data to 
customize the indictrans2-indic-indic-dist-320M 
model. Employing the LoRA (Low-Rank Adaptation) 
technique for fine-tuning, we efficiently adapted pre-
trained models to specific tasks or domains. LoRA 
accomplishes this by freezing the pre-trained model 
weights and introducing trainable rank decomposition 
matrices into each layer of the Transformer architecture, 
thereby significantly reducing the number of trainable 
parameters for downstream tasks. In our experiments, 
we conducted a single LoRA adaptation for all these 
domains, resulting in a substantial reduction of the 
number of trainable parameters and GPU memory 
requirement. The LoRA parameters used for our fine-
tuning are detailed in Table-2. 

Parameter Value

lora_target_modules q_proj,k_proj,v_proj

lora_dropout 0.05

lora_r 8

lora_alpha 32

Table 4: LoRA parameters for our fine-tuning
 

5.  RESULTS
We assessed the performance of our model using 

four different methods: BLEU, ChrF, Comet (Rei, R., 
2020) and a novel metric that examines domain term 
coverage in the translated text. 

Given that we have already annotated domain terms 
in domain corpora, we verify whether the marked terms 
on the target side in the reference data are present in 
the model's translation. This coverage is denoted as a 
percentage in Table-5. 
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These results suggest that extended fine-tuning 
positively impacts the model's overall performance, 
reflected in improved scores across the evaluated 
metrics. Notably, the novel metric addressing domain 
term coverage offers valuable insights into the 
model's proficiency in incorporating domain-specific 
terminology into its translations.

6.  CONCLUSION AND FUTURE WORK
Any Machine Translation system that is trained on 

huge data, learns from the vast variety of data. But it is 
of no guarantee that it performs on all domains. In this 
paper by human and automatic evaluations it is evident 
that domain adaptation is needed and can improve the 
results. The main advantage of domain adaptation is the 

MT system that can be fine tuned to train on any domain 
provided there are domain terms. While MT systems 
trained on extensive data offer versatility, domain 
adaptation is crucial for improved performance across 
diverse domains. The inclusion of domain terms in MT 
systems facilitates learning specific domains, enhancing 
translation quality. Future work may focus on building 
domain adapted machine translation systems using 
domain terms involving Tamil and other languages.
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This work is supported by the project “Discourse 

Integrated Dravidian Language to Dravidian language 
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Translation Mission (NLTM): BHASINI

Model Type Bleu CHRF COMET Domain Term coverage (%)

Baseline 
(indictrans2-indic- indic-dist-320M) 5.397 37.9849 0.7574 21.8442

Fine-tuned (5 Epoch) 8.337 43.8809 0.7497 24.17072

Fine-tuned (10 Epoch) 8.142 44.9808 0.7513 26.59594

Table-5: Overall Performance 
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1.  INTRODUCTION
Presently there are 3 predominant input methods 

that are in wider use.
● Anjal-style transliteration
● Tamil99
● Google Keyboard (GBoard)
The inadequacy of existing Input methods for Tamil 

has been studied several years ago (Sendhil Kumar 
Cheran et al. 2004). More recently, Elango Cheran 
(2022) expanded on this and published a detailed blog 
post in expounding his idea of exploiting the phonemic 
nature of the Tamil alphabets for the new Input method.

We take a similar approach and design a new 
Input method. However, unlike Cheran’s proposal, we 
design our keyboard layout based on the frequency 
analysis of Tamil characters from a large corpora. This 
strategy enables us to decide the key position for Tamil 
characters so that frequent characters can be placed on 
the dominant finger positions. Secondly, unlike some 
existing layouts, ours is fully compatible with the 
QWERTY layout for the placement of punctuations and 
symbols, thereby enabling easier, seamless transition 
between typing in Tamil and English.

Several studies (Fagarasanu and Kumar 2003; 
Naomi G. Swanson et al. 2018; Thomsen et al. 2008; 
Van Tulder et al. 2007; Wright and Atkinson 2019) has 
investigated the occupational hazards in work settings 
and has determined some link between the typing in 
workplace and Repetitive Strain Injury (RSI) or even 
Carpal Tunnel Syndrome (CTS).

Some studies (Erich Grunewald 2022; Naomi G. 
Swanson et al. 2018; Shieh and Lin 1999) has also 
focussed on different keyboard layout designs by 
considering several typing related metrics such as 
hand alternation, load distribution between both hands, 
same hand roll combos, weaker (pinky/ little) finger. 
We consider these metrics throughout our design 
effort in trying to develop an optimized keyboard 
layout with better ergonomics, while dealing with 
varying constraints imposed by these metrics. To our 
knowledge, this is the first work that looks into these 
factors in designing a input method for Tamil.

ABSTRACT
The present input methods for Tamil, while providing robust 
support for using the language in Computers, mobile and 
other devices, have several shortcomings. We explore the 
current input methods and discuss their shortcomings in 
detail. We seek to design a new Input Method for Tamil 
that overcomes these issues and provides a consistent and 
seamless experience across different devices with varying 
form factors.
Unlike existing keyboards, we consider the Phonemic nature 
of the Tamil script by using the vowels and pure consonants 
as the base units. We performed an extensive statistical 
analysis of Tamil characters from large Tamil corpora 
to understand their frequencies. This analysis together 
with the language heuristics were then used to design an 
optimal keyboard layout across dominant and weaker finger 
positions to enable faster input and to reduce the finger 
movements in touch typing.
Finally, we compare our proposed Tamil input method with 
existing approaches and show its advantages over the others 
in an objective manner.

Baskaran Sankaran

A Novel Input Method for Tamil

Baskaran Sankaran
Maadhyamik Technologies
baskaran@maadhyamik.com 
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Overall, this enables faster typing and at the same 
time reduces typing stress/ fatigue on fingers. We also 
evaluate our new phonemic layout with two existing 
input methods on some empirical metrics.

2. TAMIL INPUT METHODS: 
SHORTCOMINGS

There are several disadvantages to the existing Tamil 
input methods.

Unnatural Design: In Tamil Consonant Vowels 
such as ‘க’ and ‘றே’ are generated by the combination 
of pure consonants ‘க’ and ‘த்’ with the vowels ‘அ’ and 
‘ஐ’ respectively. Thus the Vowels and the Consonants, 
which form the basic units of the sounds (phonemes) 
in Tamil, should be the basis of designing a good 
Input method. Several Input methods including the 
Tamil99 follow the unnatural design of Vowels and 
Consonant vowels (CV) such as ‘க’, ‘ங’ and ‘ெ’, as the 
basic units in the Keyboard. To be fair, this design 
came to be used, because these CV characters. One 
of the unintended consequence of this design is that 
this can produce illegal character sequences in Tamil 
such as vowels followed by vowel modifiers (such 
as ‘் ‘pulli) eg. அ் or with dangling consonant vowel 
modifiers.

Transliteration Dependency: Anjal and other 
transliteration keyboards presume users to be familiar 
with the English alphabets and require them to 
transliterate the Tamil sounds to one or more English 
character sequence. The user will actually be inputting 
the Tamil words in transliterated English letters, which 
are then mapped back to Tamil by the keyboard engine. 
This method is hugely popular primarily due to the high 
English literacy among the Tamil speaking population 
around the world. However, we believe this is doing 
more harm because the new speakers no longer have 
to learn the script but only the sounds in the language. 
Another disadvantage with this approach is that there 
are multiple ways to represent a Tamil character in 
English, because of the variations in the sounds in the 
two languages.

Non-adherence to QWERTY layout: Most of the 
Tamil keyboards do not adhere to the widely-used 
QWERTY layout in terms of the key positions reserved 
for punctuations and other symbols in the keyboard. 
These Input methods assign Tamil characters in these 
positions. Consequently, the bilingual users using 
QWERTY will find it difficult to switch back and forth 
between English and Tamil typing and they will be 
forced to learn and follow the different key positions 
for typing punctuations and symbols while using Tamil.

GBoard Design Incongruity: The Google Keyboard 
or GBoard for Tamil is the soft key layout launched 

for touch devices. It lays out the Vowels (அ, ஆ… ஃ) 
and Consonant Vowels (‘அ’ வேரிறெ CVs such as க, 
ங, ெ..., ஷ, ை) in a 9x4 matrix. The vowel characters 
panel on the left changes every time a consonant 
vowel is pressed to show its other CV variations. 
The layout uses a simplistic sequential positional of 
characters in the alphabet, without any concern for 
either optimizing finger movements or the character 
frequency based layout design. Combined with the 
incongruity of ever changing vowel panel, GBoard’s 
design choice is probably the least efficient Tamil 
key layout in use. Further this layout is limited to the 
touch interfaces and may not be readily adapted for 
keyboard based input.

3. DESIGNING A NEW INPUT METHOD
3.1 Design Principles
We wanted to design a new Input Method for Tamil 

that address the shortcomings in the existing one and 
also make it easier to learn the new method with a short 
learning curve. Based on our research, we decided on 
the following design goals for the new Input method.

1. A design that adheres to and exploits the 
Phonemic nature of Tamil, taking the phonemes 
as the basic unit

2. Frequency analysis of base phonemes and 
consonant vowel combination in order to achieve 
an optimal design that speeds up touch typing 
in computers and equivalently reduces finger 
movement in touch devices

3. Intuitive arrangement of keys to make the 
learning easier that is consistent across different 
platforms and devices

4. Prevent any illegal character sequences in the 
output text

5. Maximize compatibility with the QWERTY 
keyboard to make the transition between English 
and Tamil typing seamless and easier.

6. Eliminate the forced requirement for the user to 
know other script/ language and instead facilitate 
typing in the Tamil script

Further, we seek to carefully consider typing related 
factors such as hand alternation, load distribution 
between both hands, same hand roll combos in our 
design. As far as we know, this is the first work that 
looks into some of these aspects in designing a input 
method for Tamil.

It should be noted that, the same design principles 
could be used for designing better Input methods for 
other Abugida languages as well.
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3.2 Tamil Dataset
We started the design by identifying Tamil corpus 

data for doing usage frequency analysis of the characters 
in the language. We identified large enough corpora 
(approx. 537M words) from mainly two different 
sources as below:

● Kaggle - Tamil Language Corpus for NLP 1

o Tamil Articles Corpus
o Tamil New Corpus
o Tamil Language Corpus

● Github - Opensource Tamil Corpus 2

o Tamil Wikipedia
o The Hindu Tamil corpus

3.3 Frequency Analysis
Our goal is to understand the usage frequency of 

basic phonemes as well as for the full set of Tamil 
alphabets: vowels, consonants and the consonant 
vowel (CV) combinations. Once we understand the 
usage frequency of the phonemes and the full set of 
alphabets, we can exploit this information to design 
the keyboard layout. It should be noted that we 
have omitted the Sanskritized characters (வே்டசமாழி 
எழுத்துகள்) ஜ், ஶ், ஷ etc. from this analysis.

Figure 1 shows the frequency analysis of all Tamil 
characters across 3 categories: vowels, consonants 
and consonant-vowels (CV). Among the top-10 most 
frequent characters, we have 5 consonant vowels and 
4 ‘அ’ ending CVs and

1. Consonants: ம், ர், ல், க and ன் - 349.13M

2. ‘அ’ ending CVs: க, ே, ்ப and வே - 306.19M

3. ‘உ’ ending CV: து - 64.63M

Thus by using the base phonemes (vowels and pure 
consonants) for our keyboard layout, would result in a 
saving of nearly 43M keystrokes for this dataset. Now 
consider two more heatmaps i) by characters ending 

with vowel sounds (column-wise sum of the above 
heatmap) in Figure 2 and ii) by the characters for each 
consonant-vowel series (row-wise sum) in Figure 3.

Notice that the pure consonants (right-most cell) 
tend to be more frequent than any consonant vowel 
series. Here again by using the basic phonemes as 
the keys instead of the ‘அ’ ending consonant vowels, 
these pure consonants can be typed with a single key 
press as opposed to two presses, saving about 37M 
keystrokes on this dataset. Also notice that the vowels 
and CVs ending in short form vowel sound are much 
more frequent than their long form counterparts.

Using the frequency statistics of the Vowels (first two 
in the first heatmap) and the Consonant vowels above, 
we can design optimal keyboard layout to minimize the 
movement of fingers and to use the dominant fingers 
for the high frequency phonemes. The next section 
discusses the design decisions and explains our Tamil 
Phonemic keyboard layout.

4. PHONEMIC KEYBOARD LAYOUT 
DESIGN

As we mentioned earlier in our design goals, we 
want the new keyboard layout to be easier for the 
users to learn and use across different devices with 
varying form factors. Given the constraints of available 
keys (in QWERTY layout) and total required keys to 
accommodate Tamil characters and symbols, we had to 
make certain design decisions in the character placement 
to the different key positions within the layout.

1.  We want to use home row of the keyboard for 
the Vowels as well as some high-frequency 
Consonants in Tamil.

2.  We want to use home row of the keyboard for 
the Vowels as well as some high-frequency 
Consonants in Tamil.

3.  We also believe that the key positions 
corresponding to the dominant fingers (index 
and middle fingers) in two non-home rows 
should take precedence over the home row 

1.  https://www.kaggle.com/datasets/praveengovi/tamil-language-corpus-for-nlp
2.  https://github.com/ajithalbus/TamilCorpus
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Fig-1: Tamil Characters - Frequency Statistics Heatmap 
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keys with weaker fingers. We’ll be using this 
later in optimizing the character assignment to the 
key positions. Given the high frequency of vowel 
characters (in standalone or CV forms), we have 
retained most of the vowels (except for ஐ and ஔ) 

in the left hand-side of the home row. The frequent 
vowel அ has been assigned to the dominant left-hand 
finger position (key position ‘G’ in QWERTY) and the 
other short form vowel letters are assigned in the right 
to left order in the same row. The corresponding long 

Fig-2: Tamil Vowels - Frequency Statistics Heatmap

Fig-3: Tamil Consonants - Frequency Statistics Heatmap

Fig-4. Our proposed Keyboard Layout for regular (top) and shift (bottom) faces 
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form vowels have been assigned to the same keys in 
the Shift row. Both these factors together, allow for 
easier key position recognition for the users thereby 
reducing the cognitive load for the users in trying to 
find the keys.

Several other Tamil keyboard layouts have also 
assigned the vowels on the left side. However, unlike 
the other layouts, our assignment is based on the usage 
frequency and finger strength. For example, most 
layouts including the Tamil99, has assigned அ to the 
key position of ‘a’ in QWERTY. However, given its 
very high frequency, this adds significantly more load 
on the left-hand weaker (pinky) finger.

In the next step, we have allocated most of the 
consonants are going on the dominant right-hand side 
of the keyboard given their high frequency. Thus, for 
typing the most of the CV combinations, the user will 
be using both hands, thereby enabling hand alternation. 
This allows the CVs to be typed efficiently by a mix of 
both hands, without making the same hand/ finger to 
move to a different position for typing a single character.

Based on our observation #2 above, the frequent 
Consonants starting with ‘க’ and ‘த்’ are assigned to 
the dominant finger positions in the home row and 
the rows above and below. We assign the rest of the 
consonants to the successively weaker key positions 
in the decreasing frequency order.

We then specifically considered the case of 
சமல்லினம் (nasalized consonants), which are typically 
be followed by the corresponding வேல்லினம் (plosive/ 
stop consonant) in Tamil. Thus, it made sense for us 
to place these nasalized consonants on the left side 
of the keyboard (above and below the home row) so 
that the following வேல்லினம் can be typed with the 
right hand. This encourages hand alternations for 
நடச்பழுத்து combinations (such as ங்க, ஞெ etc.), which 
occur frequently in the Tamil corpora.

We made an exception for ‘ம்’ and assign it to the 
dominant key position on the right side, due to its high 
frequency in both Consonant and CV forms.

Some of the frequent bigram CCV forms include 
consonant combinations of ர்ச், ம்ப், ன்ற etc., which 
involve hand rolls (multiple keys typed with the same 
hand in a single movement) thereby reducing frequent 
hand alternation.

On the Shift key layout, we assigned the Tamil 
numerals right below the roman numerals to make the 
typing intuitive and easier. Additionally, the Sanskritized 
consonants and other Tamil symbols are assigned on 
this Shift layout.

Figure 4 above shows our proposed Tamil keyboard 
layouts for the regular and shift faces. Our design also 
achieves reasonable balance between the load/ fatigue 
on both hands, making it easier for the average users 
and particularly more so for the left-handed users.

We now present some analysis of our keyboard 
layout against two well-known input methods using few 
objective metrics.

4.1 Typing Effort: # of Keystrokes
Based on the keyboard layouts for the three input 

methods, viz Anjal transliteration, Phonemic and 
Tamil99, we analyzed their efficiency and ease of 
typing in two ways. We first calculated the number of 
absolute keystrokes required to type the Tamil words in 
the above corpora of 537M words used in this work. To 
keep the analysis simple, we ignored the punctuations 
and any non-Tamil words/ characters for this. We also 
ignored the shift key here because the shift key is pressed 
simultaneously with the key following it. Here are the 
absolute number of keystrokes required for typing the 
above Tamil corpora by the 3 input methods.

● Anjal: 4,470,795,879 (4.47 B)
● Tamil99 : 4,124,838,873 (4.12 B)
● Phonemic: 4,045,040,635 (4.04 B)

Our new Phonemic method requires the least 
number of keystrokes among the 3 methods we 
use for comparison; specifically it requires 80M 
fewer keystrokes than Tamil99. This is because, the 
pure consonants are usually frequent than their CV 
combination. In contrast, Tami99 layout requires 
an additional keystroke: ‘் ‘ (pulli) for inputting 
pure consonants. For Anjal, we used the standard 
transliteration mapping as suggested in the Sellinam 
app, thus requiring two keystrokes for each long 
vowel as well as for long CV combinations. 
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Fig-5. Typing effort on different key positions: Anjal (top), Tamil99 (middle) & Phonemic (bottom)

4.2 Typing effort on different key positions
We now analyze the heatmap on the keyboard 

layouts of the three input methods to see which keys 
are typed in more frequently and their relative position 
in the keyboard. We plotted the heatmap on the 3 
keyboard layouts separately for this analysis. As above, 
we ignored the punctuation marks and non-Tamil words 
to keep this analysis simple. However, we considered 
the shift key in this analysis.

We can understand that, a layout will be easier for 
typing if the frequently typed characters are i) in the 
position of dominant fingers of either hands or ii) in 
the home row of the keyboard. The Anjal keyboard 
is clearly the least efficient option as the most of the 
frequently used keys are outside of the dominant finger 
positions of the keyboard.

As shown in Figure 5, unlike in Tamil99 layout the 
frequent characters are mostly placed in the dominant 
finger positions in our new phonemic keyboard, which 
makes the typing easier. The dominant left and right 
index fingers positions (in all 3 rows) alone account for 
61.22% and 46.32% of the overall typing in Phonemic 
and Tamil99 keyboards respectively. This difference of 
15% is significant and makes the Phonemic layout a 
better (in terms of ease of use) option than the Tamil99 
keyboard.

We then look at the percentage of typing for the keys 
in the home row, which is the usual resting position for 
the hands when not typing. It thus has the advantage 
that the user will not have to move their hands from 
its resting position. If we only consider the home row 
typing, our new phonemic layout accounts for 58.33%, 
while the Tamil99 is slightly better with 61.83% of 
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overall typing. We believe this small difference of home 
row typing is far outweighed by the advantage gained 
in the Phonemic keyboard layout by the dominant 
index fingers across all the rows. In addition to the 
efficiency in typing, the new Phonemic keyboard layout 
offers other advantages over the Tamil99 keyboard as 
discussed earlier.

5 CONCLUSION
We have proposed a new phonemic-inspired 

keyboard layout for Tamil typing which has strong 
advantages over existing Tamil input methods. Our 

1.  https://t.ly/OAdk 
2.  https://t.ly/r5k7

keyboard layout offers consistent design and interface 
on devices of varying form factors for wider and 
seamless adoption.

We have recently launched the ேமிழ் இறழ (Tamil 
Izhai) keyboard apps in Android3  and iOS4  platforms 
based on our new phonemic layout. We are currently 
working to support new slide-typing feature to make 
Tamil input even easier and faster on mobile devices. 
While, our apps might be relatively new, we believe 
that the users will gradually realize the benefits of 
the optimized keyboard layout and the consistent, 
seamless experience across different devices/ 
platforms.
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INTRODUCTION
The Dravidian language family is one of the world's 

major language groups, primarily spoken in Southern 
India and certain regions of Sri Lanka. The Dravidian 
language family is known for its linguistic diversity, with 
around 80 different languages and dialects. The major 
Dravidian languages include Tamil, Telugu, Kannada, 
and Malayalam, spoken by millions of people across 
South India. Predominantly spoken in Southern India, 
Dravidian languages have a significant presence in the 
states of Tamil Nadu, Andhra Pradesh, Karnataka, and 
Kerala. Tamil, in particular, has a rich literary tradition 
and is one of the oldest living languages in the world. 
Dravidian languages are characterized by agglutination, 
where prefixes and suffixes are added to the root words 
to convey meaning. The languages exhibit a subject-
object-verb sentence structure, in contrast to the 
subject-verb-object structure of Indo-Aryan languages. 
Tamil, one of the classical Dravidian languages, has a 
history dating back over two millennia and boasts a vast 
body of literature, including the Sangam literature. The 
Dravidian language family has contributed significantly 
to Indian culture, philosophy, and art. Each major 
Dravidian language typically has its own script. Tamil 
uses the Tamil script, Telugu uses the Telugu script, 
Kannada uses the Kannada script, and Malayalam uses 
the Malayalam script. Beyond India, the Dravidian 
influence extends to Sri Lanka, where Tamil is spoken 
as a major language. Dravidian languages have also 
influenced the cultural and linguistic landscape in 
Southeast Asia. Dravidian languages continue to play 
a vital role in contemporary India, both socially and 
politically. Efforts are ongoing to promote and preserve 
these languages, including initiatives for education and 
cultural enrichment.

Machine Translation (MT) can be defined as an 
automated system that analyzes text from a Source 
Language (SL), applies computations to that input, and 
produces equivalent text in a required Target Language 
(TL), ideally without any human intervention (Koehn, 
2010). It is one of the most interesting and challenging 
problems in the field of Natural Language Processing 
(NLP). The two primary challenges in machine 
translation are adequacy and fluency. Adequacy focuses 
on developing a system that accurately represents the 
ideas expressed in the source language into the target 

ABSTRACT
Kannada and Tamil are two of the Dravidian Languages 
spoken majorly in the South Indian states of Karnataka 
and Tamil Nadu. Both these two languages are scheduled 
and classical languages of India. Though both these two 
states are neighbors there is very little work done in the 
translation of text, and speech from one language to 
another. Machine translation refers to the use of computer 
algorithms and technology to automatically translate text 
or spoken words from one language to another. The goal 
of machine translation is to facilitate communication 
between people who speak different languages by providing 
quick and reasonably accurate translations. Rule-based 
Machine Translation, Statistical Machine Translation, 
Neural Machine Translation, and Transfer Learning in 
Neural Machine Translation are some of the techniques 
in Machine Translation. As part of a funded project titled 
“Discourse Integrated Dravidian Language – Dravidian 
Language Machine Translation Kannada-Tamil”, we have 
developed a bi-directional Neural Machine Translation 
system. The system uses sequence a sequence mapping 
technique to translate from the source language to the 
target language. The tokenized word is encoded first and 
then transferred using a decoder. The system also uses an 
attention mechanism to focus on the region in the input 
sequence during learning. We have used Byte Pair Encoding 
(BPE) in encoding the source language text. We have trained 
the system on parallel corpus in a computing environment 
with a Graphical Processing Unit. We have also trained 
further on the publicly available parallel corpus. The total 
number of sentences in the training corpus is 24,98,652. The 
system is evaluated using BLEU, ChrF2, TER, and COMET 
evaluation metrics. We have obtained a BLEU score of 5.0, 
ChrF2 score of 36.2, TER score of 83.2, and COMET score 
of 0.7438 on Flores Test data in Kannada-Tamil translation. 
On the other hand, in Tamil-Kannada translation on Flores 
test data, we obtained a BLEU score of 4.4, ChrF2 score of 
33.0, TER score of 83.7, and COMET score of 0.6655. This 
is the first neural machine translation system from Kannada 
to Tamil to the best of our knowledge

Dr. B.Ashwath Rao

Design and Development of a Neural
Machine Translation System for Kannada – Tamil

Dr. B. Aswath Rao,  
Associate Porfessor, MIT, Manipal , Karnataka. 
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language. Fluency, on the other hand, emphasizes 
representing those ideas grammatically. 

Kannada and Tamil are two of the Dravidian 
Languages spoken majorly in the South Indian states of 
Karnataka and Tamil Nadu. Both these two languages 
are scheduled and classical languages of India. Though 
both these two states are neighbours there is very little 
work done in the translation of text, and speech from 
one language to another. Machine translation refers 
to the use of computer algorithms and technology to 
automatically translate text or spoken words from one 
language to another. The goal of machine translation is 
to facilitate communication between people who speak 
different languages by providing quick and reasonably 
accurate translations. Rule-based Machine Translation, 
Statistical Machine Translation, Neural Machine 
Translation, and Transfer Learning in Neural Machine 
Translation are some of the techniques in Machine 
Translation.

In the rule-based approach, the text in the source 
language undergoes analysis using various tools, 
such as a morphological parser and analyzer, which 
transform it into an intermediate representation. A set of 
rules is then employed to generate the text in the target 
language based on this intermediate representation. A 
substantial number of rules are essential to encompass 
the complexities of natural language. These rules serve 
to transfer the grammatical structure from the source 
language to the target language. However, as the 
number of rules increases, the system becomes more 
intricate (Islam et al., 2010) and tends to slow down 
during translation. The formulation of a large number 
of rules is a tedious process, requiring years of effort 
and linguistic analysis.

Statistical Machine Translation (SMT) involves the 
automated conversion of sentences from one human 
language, the source (e.g., French), to another human 
language, the target (e.g., English). This process is 
conceptualized as a stochastic, or probabilistic, system. 
Various SMT variants exist, and they differ in how 
translation is modeled. These approaches include 
string-to-string mapping, trees-to-strings, and tree-to-
tree models. Despite their differences, all these variants 
share the fundamental idea of automating translation. 
Models are trained using parallel corpora (pairs of 
source and target sentences) and monolingual corpora 
(examples of target sentences) (Osborne, 2011).

Neural Machine Translation (NMT) is an approach 
that employs neural networks for the task of machine 
translation. Unlike traditional methods that involve 
distinct steps and components, NMT utilizes a single 
neural network to perform translation. NMT relies on 
deep neural networks, specifically sequence-to-sequence 
models. The architecture consists of an encoder and a 
decoder network that work together to transform input 

sequences in the source language to output sequences 
in the target language. Instead of breaking down the 
translation process into separate components (such as 
alignment and decoding), NMT allows for end-to-end 
learning. The entire translation model is trained jointly, 
optimizing the network's parameters to minimize 
translation errors. Learning-based translation models 
in NMT utilize sequence-to-sequence models. These 
models are designed to handle variable-length input 
and output sequences. The encoder processes the source 
sequence, creating a fixed-size context vector that 
captures the input's semantic information. The decoder 
then generates the target sequence based on this context 
vector. NMT models are trained using parallel corpora, 
which consist of pairs of source and target sentences. 
The neural network learns to map input sequences to 
output sequences by adjusting its parameters during 
the training process. NMT represents words and 
phrases as continuous vectors in a high-dimensional 
space, capturing semantic relationships and contextual 
information. This enables the model to learn more 
nuanced and context-aware translations.

Transfer Learning in Neural Machine Translation 
(NMT) involves utilizing pre-trained models to enhance 
the performance of translation tasks. Transfer learning 
in NMT entails leveraging knowledge gained from pre-
training on one language pair or domain and applying 
it to improve the performance of a related translation 
task. The primary goal is to make efficient use of pre-
existing knowledge, reducing the need for extensive 
labeled data in the target domain and improving the 
convergence speed during fine-tuning. There are two 
Strategies: a) Multi-Lingual Pre-training: Models are 
trained on data from multiple languages, enabling the 
network to learn universal linguistic features that can 
be fine-tuned for specific language pairs. b)Single-
Language Pre-training: Models are initially trained on a 
large corpus from a specific language pair, and this pre-
trained model is fine-tuned for a related language pair.

As part of a funded project titled “Discourse 
Integrated Dravidian Language – Dravidian Language 
Machine Translation Kannada-Tamil”, we have 
developed a bi-directional Neural Machine Translation 
system. The system uses sequence a sequence mapping 
technique to translate from the source language to the 
target language. The tokenized word is encoded first 
and then transferred using a decoder. The system also 
uses an attention mechanism to focus on the region in 
the input sequence during learning. We have used Byte 
Pair Encoding (BPE) in encoding the source language 
text.

LITERATURE REVIEW
There have been a lot of approaches for machine 

translation. Earliest approaches for machine translation 
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include rule-based. In this approach, hand-crafted rules 
are provided to system as a reference guide for the system 
in translation. This involves the need of language expert. 
However, to attain high accuracy from these systems, 
an exhaustive rule has to be set up. The next approach 
is Statistical Machine Translation (SMT). In this, 
statistical measures like probability is used in predicting 
the target word corresponding to source word [4]. 
Brown et al., have formulated a method for translation 
using parallel corpus. It involves two steps. In the first 
step, distribution of likelihood of target sentences are 
derived to form P(t) using a Language Model. in the 
next step, the probability of source sentence given target 
sentence P(s|t). The maximum value of these values is 
found.Neural machine translation is a corpus based 
approach in machine translation. It is ideal for sentence 
level sequence to sequence mapping. It uses attention 
based encoder-decoders. It is further extended with self-
attention based transformers[4]. Suppose S is a source 
text and T is the translated text, then S is broken into s1, 
s2, …sn, where each si is a sentence. In the encoding 
stage, a series of fixed vector S1, S2, …SN is generated.

P(T|S) = P(T| S1,S2,… SN)  (1)
In the decoding stage, each word is predicted based 

on the corresponding encoded vector Si and source 
sentence vector.       

P(T|S) = P(ti | t0,t1,t2,,,,ti-1; s1,s2…sN) (2)
Bi-RNNs are a pair of RNNs, for processing in 

both directions. One RNN for processing in forward 
direction and another for processing in the backward 
direction. Transformer is a self-attention based model 
architecture with multihead mechanism [4]. This has 
gained popularity and uses encoder-decoder pair 

From the visible research there is no neural based 
system developed for Kannada-Tamil or Tamil-
Kannada translation. However there are about 5 web/
mobile applications for translation.

METHODOLOGY
A Transformer model is trained to perform Neural 

Machine Translation (NMT). Samanantar dataset 
(Ramesh et al, 2021) is used to train IndicTrans 
model for 11 Indic languages. This also includes 
Kannada and Tamil. It is a multilingual NMT model, 
and it transliterates all text into Devanagari script for 
sharing lexical details among language pairs Kannada 
and Tamil for transfer learning. It also prevents word 
fragmentation in case of subword vocabulary and allows 
usage of a smaller subword vocabulary. This model uses 
400M parameters. 

In our NMT system, IndicTrans architecture used 
has six encoder-decoder layers, input embeddings 
size of 1536 with 16 attention heads and feedforward 

dimension of 4096 with a total of 434M parameters. 
Here Adam optimizer (P and Kingma, 2014) is used, 
label smoothing value is set to 0.1, and gradient clipping 
is 1.0 with learning rate: 0.0005. Warm-up steps are 
4000 and cross entropy loss is considered. 

The table 1 gives the data distribution sentence wise 
across train, validation, and test sets. 

 
Table 1: Data split for training the NMT model

 
Data  Count of sentences 
  (Kannada-Tamil) Source      

Train  26,04,203   Samanantar
     +Kanaja

Validation  1000    Samanantar

Test   1012    FLORES

The NMT system is trained on Kannada Tamil 
parallel corpora with 2604203 sentences from 
Samanantar parallel corpus (Ramesh et al, 2021) and 
Kanaja (Chilume, 2023) with a split of 24,98,652 
sentences from Samanantar and 1,05,551 sentences 
from Kanaja. For validation, the Benchmark data of 
AI4Bharat is used which has 1000 sentences. And for 
testing, 1200 sentences from FLORES data (Facebook, 
2022) are used.

RESULTS
The translation results seem promising and can 

be improved further by enhancing the dataset and 
the training phase. The table 2 and table 3 gives the 
evaluation scores on the test set for Kannada to Tamil 
and Tamil to Kannada NMT models. 

Table 2: 
Evaluation scores for Kannada to Tamil NMT system

Evaluation metric  Score 

BLEU  6.4     

ChrF2  39.6     

TER  79.3     

COMET  0.7879   
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Table 3: 
Evaluation scores for Tamil to Kannada NMT System 

Evaluation metric  Score     

BLEU  6.0     

ChrF2  36.6     

TER  80.8     

COMET  0.7322   

The BLEU(Kishore,2002), ChrF2 (Maja, 2015) 
and COMET(Ricardo, 2020) scores are comparatively 
higher for Kannada Tamil language pairs whereas TER 
score is higher for Tamil to Kannada translation which 
indicates Kannada Tamil translation quality is better 
than Tamil Kannada. BLEU (BiLingual Evaluation 
Understudy), is a string-based automatic metric 

where as COMET (Crosslingual Optimized Metric 
for Evaluation of Translation) uses token/sentence 
embeddings to obtain similarity between the translated 
output and a reference translation.

Though these metrics correlate, different values are 
obtained due to the different formulas of each metric. 
Lower BLEU score does not imply that translation is 
completely incorrect, as it is an automated metric which 
uses n grams precisions and focusses on string similarity 
it may be misleading. Whereas chrF (CHaRacter-level 
F-score) relies on n-gram F score. chrF calculates the 
similarity between a machine translation output and 
a reference translation using character n-grams and is 
hence better than BLEU. 

TER (Translation Edit Rate) is an error-metric for 
machine translation. It is calculated by the number of 
edits required to change a translated output into one of 
the reference sentences. It is generally preferred over 
BLEU for assessing sentence post-editing effort. Lower 
scores indicate better translation as the number of post 
edits to the translation is minimum.
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1.  INTRODUCTION
The field of machine translation (MT) has undergone 

remarkable transformations since its inception. The 
roots of machine translation can be traced back to 
the mid-20th century when researchers embarked on 
the ambitious task of developing automated systems 
to translate human languages. One of the pioneering 
efforts was the development of rule-based systems that 
relied on linguistic rules and dictionaries to perform 
translation.

The limitations of rule-based approaches became 
evident as they struggled to handle the nuances, idioms, 
and context-dependent nature of human languages. 
Despite these challenges, these early endeavors laid the 
groundwork for subsequent advancements in the field.

As computational capabilities improved, statistical 
approaches gained prominence in the 1990s. Statistical 
Machine Translation (SMT) marked a departure 
from rule-based systems by leveraging probabilistic 
models and large bilingual corpora for training. SMT 
demonstrated notable success in capturing the statistical 
patterns of language pairs, allowing for more context-
aware translation.

The last decade has witnessed a paradigm shift with 
the advent of Neural Machine Translation (NMT). 
NMT models, based on artificial neural networks, have 
demonstrated unprecedented accuracy and fluency in 
translation tasks. The rise of deep learning techniques, 
particularly the use of recurrent and transformer 
architectures, has propelled NMT to the forefront of 
machine translation research. 

The journey from rule-based systems to statistical 
models and, more recently, neural network-based 
approaches showcases the resilience and adaptability 
of the field in addressing the intricate challenges posed 
by natural language. This survey aims to explore the 
diverse methodologies that have shaped the landscape 
of machine translation.

The objectives of this survey are multifaceted, 
aiming to provide a comprehensive exploration of the 
landscape of machine translation. The key goals include 
(i) undertaking a thorough examination of existing 
literature to capture the evolution of machine translation 
methodologies and pivotal research contributions that 

ABSTRACT
Machine translation, the automated process of translating 
text from one language to another, has witnessed significant 
advancements in recent years. This review paper aims at 
providing a comprehensive overview of the developments in 
machine translation techniques and its impact on language 
translation tasks. An extensive review of the literature is 
carried out on various approaches to machine translation, 
covering traditional rule-based methods, statistical machine 
translation, and the emergence of neural machine translation 
architectures, analyzing their strengths and limitations. The 
review discusses various challenges in machine translation 
for Indian languages due to their strong morphology and 
limited resources. The paper highlights the evaluation 
metrics, the impact of machine translation on various 
domains, including business, education, and cross-cultural 
communication. By synthesizing the existing literature, 
this review paper aims to provide valuable insights into 
the current state of machine translation, its challenges, and 
future directions

E. Sivakumar, R. Anitha

Machine Translation: A Comprehensive Survey

E. Sivakumar,
Research Scholar, Department of CSE, Sri Venkateswara 
College of Engineering, Sriperumbudur.
R. Anitha,
Professor, Department of CSE, Sri Venkateswara College of 
Engineering, Sriperumbudur.



 KaniTamil24  |  137

have shaped the field (ii) offering insights into the 
various methodologies employed in machine translation 
and their strengths and limitations (iii) identifying the 
challenges inherent in machine translation for Indian 
languages and (iv) highlighting the recent advancements 
in machine translation, with a specific focus on emerging 
trends and breakthroughs

2. METHODOLOGIES IN MACHINE 
TRANSLATION

This section discusses about the existing 
methodologies in Machine Translation.

2.1 Rule Based Machine Translation
Rule-Based Machine Translation (RBMT) 

represents one of the earliest approaches to automated 
language translation. In RBMT systems, linguistic rules 
and dictionaries are meticulously crafted to define the 
mapping between source and target languages. These 
rules encode syntactic, semantic, and morphological 
structures, allowing for a systematic transformation of 
input sentences into the desired output language. 

M. f. Alawneh et al. (2013) proposed a combination 
of RBMT and Example Based Machine Translation 
(EBMT) techniques for English-Arabic pair and reported 
an average precision of 97.2%. Sinha et al. (1995) 
developed a rule based translation system for English-
Indian languages. Their approach used a interlingua 
model that used an intermediate representation of source 
language prior translating to target form

ArviHurskainen and Jorg Tiedemann (2017) 
developed a rule based automated translation for 
English-Finnish pair by employing syntactic and 
semantic rules. The authors focused on the inflection 
forms of both languages. However, they mentioned that 
it is difficult to frame rules for all scenarios. 

In summary, Rule-based Machine Translation, with 
its foundational principles and ongoing innovations, 
represents a crucial chapter in the evolution of machine 
translation

2.2 Statistical Machine Translation (SMT)
As RBMT systems evolved, research efforts focused 

on addressing the limitations of manual rule creation. 
Statistical Machine Translation (SMT) represents a 
paradigm shift in machine translation by leveraging 
statistical models to automatically learn translation 
patterns from parallel corpora, marked a departure from 
rule-based systems and introduced data-driven methods 
for handling the complexities of language translation.

Brown et al. (1990) laid the groundwork for statistical 
machine translation by introducing the IBM Models. 
These seminal models formed the basis for aligning 
words in parallel corpora and estimating translation 

probabilities.Koehn et al. (2003) introduced the 
phrase-based statistical machine translation. This paper 
outlined a framework where translations occur at the 
level of phrases rather than individual words, improving 
the handling of long-range dependencies. The authors 
demonstrated their model over six European language 
pairs

Philipp Koehn and Hieu Hoang. (2007) introduced 
Factored Statistical Model, an extension of Phrased 
Based model. They stated that factoring can be obtained 
by reorganizing the words at sentence level prior 
translation, yields better results. Och and Ney (2004) 
made significant contributions to decoding strategies in 
statistical machine translation. Their work introduced 
efficient search algorithms, such as beam search, for 
finding optimal translations within the vast search space.

Koehn and Knight (2002) developed a lexicon for 
German-English pair from monolingual corpora over 
specific context. They reported 39% accuracy of noun 
translation. Foster and Kuhn (2007) addressed the 
challenge of domain adaptation in statistical machine 
translation. Their work focused on adapting translation 
models to specific domains, improving the relevance of 
translations in specialized contexts.

Koehn and Monz (2006) explored and compared 
manual and automatic methods for evaluating the quality 
of machine translation systems between six European 
languages to arrive at baseline translation scores.  

In summary, Statistical Machine Translation has 
witnessed significant developments over the years, 
with foundational models evolving to address diverse 
challenges.

2.3 Neural Machine Translation (NMT)
Neural Machine Translation (NMT) has emerged 

as a transformative paradigm in machine translation, 
leveraging artificial neural networks to model the 
complex relationships between source and target 
languages. The architecture of neural networks allows 
for the end-to-end learning of translation patterns, 
enabling NMT models to capture intricate linguistic 
dependencies.

Sutskever et al. (2014) proposed sequence-to-
sequence (seq2seq) architectures for neural machine 
translation using Recurrent Neural Networks (RNNs) 
to generate translations in an end-to-end manner. The 
Seq2Seq model struggled with long input sequences.

Bahdanau et al. (2014)introduced the attention 
mechanism, a key innovation in NMT. The attention 
mechanism allows the model to focus on different parts 
of the source sentence during the translation process, 
improving the handling of long-range dependencies. 
The attention mechanism addressed the limitation of 
fixed-size context vectors. This innovation allowed the 
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model to focus on different parts of the input sequence 
during translation, significantly improving the handling 
of long-range dependencies.

Wu et al. (2016) presented Google's Neural Machine 
Translation (GNMT) system. This influential work 
showcased the scalability of NMT models and their 
ability to outperform traditional statistical machine 
translation systems. 

The initial NMT model considered word level 
input for translation which suffered understanding 
the semantics. K. Chen et al. (2019) proposed a NMT 
model with Convolutional Neural Network (CNN) and 
attention mechanism that considers sentence level input 
to improve context-based translation.  

3. RECENT ADVANCES IN NMT
The ability of deep learning models to automatically 

learn hierarchical representations of input data has 
proven crucial in capturing the complexities of 
language translation NMT has witnessed significant 
advancements in recent years, with the emergence of 
transfer learning techniques and the transformative 
impact of transformer-based models.

3.1 Transformer Models
Transformer-based Neural Machine Translation 

(NMT) systems have become the de facto architecture, 
outperforming traditional approaches in terms of both 
accuracy and efficiency. The introduction of transformer 
architectures has revolutionized machine translation, 
offering superior performance, scalability, and the 
ability to capture long-range dependencies. 

Luong et al. (2015) extended the attention mechanism 
by proposing global and local attention models. This 
work refined the attention mechanism, enhancing the 
model's ability to align and translate source and target 
language sequences effectively.

Vaswani et al. (2017) introduced the transformer 
architecture, a pivotal development in NMT. The 
Transformer architecture has become a cornerstone 
in machine translation models. The transformer 
model leverages self-attention mechanisms to 
capture contextual information, leading to significant 
improvements in translation accuracy and training 
efficiency. 

3.2 Transfer Learning
Transfer learning has gained prominence in MT, 

enabling models to leverage knowledge gained from 
one task or language pair to improve   performance on 
another. This approach is particularly beneficial in low-
resource scenarios.

Devlin et al. (2018) introduced a pre-training approach 
for deep bidirectional transformers. Bidirectional 

Encoder Representations from Transformers (BERT) 
to enhance language understanding. BERT employs 
transformer architecture with multiple layers, enabling 
bidirectional processing of input data. The model is 
pretrained on large amounts of unlabeled text using 
unsupervised learning. BERT introduces a novel 
training objective called the Masked Language Model, 
where random words in a sentence are masked, and the 
model is trained to predict those masked words based 
on the context provided by the surrounding words. 

Devlin et al. (2019) introduced mBERT (Multilingual 
BERT), extending BERT, addressing the need for a 
model that can effectively handle multilingual tasks 
without being fine-tuned for each language separately.

3.3 Zero-Shot Machine Translation 
Zero-shot translation refers to the capability of 

a machine translation system to translate between 
language pairs for which it has not been explicitly 
trained. The model learns to capture underlying 
patterns, smenatics, and representations that are useful 
for translation tasks, allowing it to generate reasonable 
translations for language pairs not explicitly encountered 
during training.

Johnson et al. (2017) extended the capabilities of 
NMT to zero-shot translation. The authors demonstrated 
the capability of a single NMT model to translate 
between multiple languages, language pairs for which 
no parallel training data was available, demonstrating 
its generalization capacity.

3.4 Multi-Modal Translation 
Multimodal translation refers to the process of 

translating content that includes multiple modalities or 
types of information, such as text, images, and possibly 
other forms of data like audio.

Lu et al. (2019) extended deep learning models to 
handle multimodal translation, incorporating visual 
information alongside textual input. This work signifies 
the growing trend of integrating multiple modalities for 
more context-aware and comprehensive translation

4. MACHINE TRANSLATION FOR INDIAN 
LANGUAGES

Machine Translation (MT) in Indian languages 
has garnered significant attention due to the linguistic 
diversity across the subcontinent.

4.1. Review of Machine Translation research for 
Indian Languages

A. Gupta, B. Patel (2020) implemented a neural 
machine translation system for major Indian languages. 
They reported that they achieved state-of-the-art 
performance, demonstrating the effectiveness of neural 
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models. Their work highlighted the importance of 
domain-specific data for improved translation accuracy. 
They mentioned that the performance was limited by the 
availability of parallel corpora for certain low-resource 
languages 

S. Kumar, M. Verma (2015) developed a rule-based 
MT system for Hindi-English translation and mentioned 
that the RBMT was efficient for handling morphological 
challenges in Hindi. They emphasized the role of 
linguistic rules in addressing language-specific nuances. 
However, the approach suffered limited scalability for 
languages with complex syntactic structures  

R. Menon, S. Nair (2018)applied statistical models to 
translate South Indian languages. They demonstrated the 
adaptability of SMT to diverse language families. The 
authors stressed the need for comprehensive linguistic 
resources for accurate translation. However, they found 
that SMT is sensitive to data quality, especially for low-
resource languages.

N. Das, A. Ghosh (2017) combined rule-based and 
statistical methods for English to Bengali translation and 
shown improved translation quality by leveraging both 
linguistic rules and data-driven models, showcasing 
the potential synergy of hybrid approaches in bridging 
translation gaps. However, the approach was complex 
and faced maintenance challenges

P. Joshi, R. Kapoor (2019)utilized deep learning 
for code-switching translation in multilingual 
Indian contexts. They have successfully handled 
language mixing, a common phenomenon in Indian 
language, identifying the need for models capable of 
understanding and preserving code-switching nuances. 
They mentioned that there are challenges in fine-tuning 
for specific domains. 

K. Rao, S. Desai (2021) investigated machine 
translation challenges for the low-resource language 
Kannada and shed light on the importance of resource 
augmentation for underrepresented languages. They 
advocated for collaborative efforts in building linguistic 
resources for improved translation.   

M. Singh, A. Jain (2016) explored cross-lingual 
transfer learning for improving Hindi translation and 
provided insights into effective strategies for cross-
lingual transfer learning. They showcased the potential 
of leveraging knowledge from resource-rich languages. 
They mentioned that the dependency on the availability 
of parallel data for source languages is the challenge in 
their approach.

V. Malhotra, R. Singh (2018) analyzed and proposed 
evaluation metrics tailored for Indian language 
translation addressing the shortcomings in standard 
metrics for diverse linguistic contexts and advocated for 
context-aware evaluation to capture linguistic nuances. 

S. Sundararajan, K. Rajan (2019) applied NMT to 
address morphological challenges in Tamil translation, 
highlighting the potential of neural models in 
handling complex linguistic structures. They reported 
significantly improved translation fluency and accuracy 
and concluded that resource-intensive training for 
morphologically rich languages.

Kapoor, R. Mehta (2020)explored multimodal 
translation incorporating both text and images for Indian 
languages, demonstrating the potential of multimodal 
approaches in enhancing translation performance and 
shown improved translation quality by leveraging 
visual context but with Increased model complexity and 
data requirements.

SenthamizhSelvi S and Anitha R (2022) proposed 
a hybrid POS-Tagger algorithm for Tamil language to 
effectively find equivalent words of Tamil in English 
using a limited English-Tamil parallel corpus.

Himanshu et al (2020) implemented a NMT model 
with Bi-LSTM, Muti-Head Self Attention and Byte 
Pair Encoding (BPE) for English-Tamil and English-
Malayalam pairs and reported BLUE scores of 9.67 and 
25.36.  

Translating nouns and other domain specific 
terms requires transliteration. Transliteration is the 
process of converting text or words from one script 
to another. It involves representing the characters of 
one writing system with characters of another system. 
The purpose of transliteration is to accurately convey 
the pronunciation of words. YashMadhani et al. (2023) 
provide a transliteration corpus, made publicly available 
for 20 Indian official languages.

4.2 Challenges in Machine Translation for 
Indian languages

4.2.1 Ambiguity
Ambiguity involves multiple meanings or 

interpretations of words and phrases, requiring systems 
to discern the intended sense based on context. Word 
embedding like Word2Vec and GloVe, can be used to 
capture semantic relationships and aid in disambiguation

4.2.2 Polysemy 
Polysemy refers to the phenomenon where a single 

word has multiple related meanings. Identifying the 
correct sense of a polysemous word (Sense Ambiguity) 
is crucial for accurate translation, requiring systems to 
disambiguate between related meanings. 

4.2.3 Limited Parallel Corpora
There is a scarcity of parallel corpora (pairs of 

sentences in source and target languages) for training. 
This lack of data makes it challenging to train accurate 
and robust translation models. 
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4.2.4 Word Ordering
The Indian regional languages unlike English have a 

free-order sentence forms that do not demand Subject-
Verb-Object pattern, leading to difficulties in capturing 
the diverse context. 

5. RESULTS
The choice between RBMT, SMT, and NMT 

depends on factors such as the availability of resources, 

the complexity of the translation task, and the specific 
linguistic characteristics of the languages involved. 
NMT has emerged as the dominant approach, leveraging 
its ability to automatically learn complex patterns and 
adapt to diverse translation scenario. Table 1 shows 
some f the results of Machine Translation works from 
the literature.  

Ref Method Lang 
  Pair BLEU

Koehn et al. (2003) SMT SV-EN 34.58

Koehn and Monz (2006)  SMT EN-FR 28.33
  EN-ES 27.49
  EN-DE 14.01

Koehn and Hieu Hoang. (2007) SMT EN-ES 24.25
  EN-CZ 27.62
  EN-DE 18.22

Sutskever et al. (2014)  NMT EN-FR 34.8

Wu et al. (2016) NMT EN-FR 40.35
  EN-DE 26.3

Johnson et al. (2017)   Zero-Shot translation (NMT) PR-ES 24.75

Vaswani et al. (2017)  NMT+Attn+ Transformer EN-DE 28.4
  EN-FR 48

Himanshu et al (2020)  NMT+Attn+BPE EN-ML 25.36
  EN-TA 9.67

Table 1: Performance of existing systems

6. CONCLUSION
This comprehensive literature survey reviewed the 

main approaches to machine translation spanning from 
RBMT to NMT era. The survey provided an in-depth 
analysis of recent advances in machine translation, with 
a particular focus on transfer learning and transformer 
models. The integration of multimodal information, 
combining text and visual inputs, represents an 
exciting avenue for exploration. The survey discussed 
the intricacies of translation in Indian languages. 
Identifying and addressing challenges in machine 
translation is crucial for the continued advancement 
of the field. This survey serves as a snapshot of the 
current state of the field, recognizing achievements, 

confronting challenges, and paving the way for a future 
where machine translation systems are accurate and 
efficient. The synthesis of insights from an extensive 
range of research provides a holistic understanding of 
the evolving nature of machine translation, laying the 
groundwork for future developments and improvements.

7.  LIMITATIONS
Machine Translation (MT) has witnessed significant 

advancements over the years, with Rule-Based Machine 
Translation (RBMT), Statistical Machine Translation 
(SMT), and Neural Machine Translation (NMT) 
emerging as prominent paradigms. However, each 
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approach comes with its set of limitations, shaping the 
landscape of MT research and development. 

RBMT, while conceptually robust, faces challenges 
in handling language intricacies and idiosyncrasies. The 
rigid rule-based nature often struggles with capturing 
the dynamic and context-dependent nature of language, 
resulting in suboptimal translations, particularly for 
languages with complex syntax and semantics. 

SMT leverages statistical models to infer translation 
patterns from large bilingual corpora. Despite its 
success in certain scenarios, SMT exhibits limitations 
in capturing long-range dependencies and contextual 
nuances. The reliance on statistical probabilities can lead 
to inaccuracies, especially when dealing with idiomatic 
expressions, rare phrases, or low-resource languages. 
Additionally, SMT models often struggle with handling 
morphologically rich languages, impacting translation 
quality.

NMT has shown remarkable achievements by 
employing neural networks to learn complex mappings 

between source and target languages. However, the 
demand for extensive computational resources during 
training and inference poses a barrier for resource-
constrained environments. NMT systems are also 
prone to producing fluent but contextually incorrect 
translations, and they can exhibit sensitivity to training 
data biases, potentially perpetuating stereotypes and 
cultural biases in translations

While this survey has provided a comprehensive 
overview of existing approaches in machine translation, 
there are several limitations that should be acknowledged 
to guide future research efforts. The survey focused on 
various paradigms, including neural, statistical, and 
rule-based methods, but the aspects deserve further 
attention. 

• Ethical considerations in MT
• Evaluation Metrics
• Domain Specific Translation
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INTRODUCTION
Currently the visually challenged are using the 

smart phones with the touch screen keyboards to input 
a text as follows. They touch a point on the keyboard, 
and keep the finger on the phone. The system reads out 
the letter touched. If it is the intended letter, a double 
tap confirms that letter. Otherwise, the finger is moved 
towards the required letter. When the finger enters a 
letter that letter is read out. The finger is taken back 
when the required letter is reached, and a double tap 
confirms that letter. Any text is input letter by letter in 
this way. Word prediction is available, but the words 
shown have to be tapped to find out what that word is. 
This may not be efficient always.

The normal swipe method used by normal people for 
fast input is not available for the visually challenged.

To speed up the input of text by the visually 
challenged, we developed a keyboard called K4 
keyboard. Its first version was out in June 2019. It 
had only 4 keys. Each square key had the side of half 
the width of the phone. Hence there is no chance for 
selecting a wrong key. The inputs of letters were by 
small swipes. A full word can also be input with one 
swipe. We created a method in which the letters had to 
be swiped, one after the other, continuously. We also 
introduced methods to swipe a whole phrase. Editing 
functions, spell checking and search and replace were 
included using specific swipes. Numbers could also be 
input with just one swipe. Symbols and emojis could 
be got using a method we called dynamic abbreviation. 
It catered to about 75 languages. We had put as many 
things as we could think of. Our motivation at that time 
was that we can do so much with the new keyboard.

We did not do any marketing. We assumed it will 
be propagated by word of mouth. But it didn't happen. 
After some time we started to think of the reasons 
for this. We came up with two reasons. One is that 
the explanation provided in the help was difficult to 
understand. Another thing is that we had put too many 
things in the software. We wanted to rectify these. We 
started thinking about simplifying the way the swiping 
was explained. This led us to think of simplifying the 
swiping process itself. This lead to quite a large number 
of iterations and changes. Finally we could redesign 
the swipe method, and that reduced the swiping time 

ABSTRACT
The following changes, simplifications and enhancements 
have been made in the second version of K4 Keyboard, a 
multilingual keyboard for the touch screen smart phones, for 
the visually challenged. One major change is the removal of 
the requirement that, for a character or a vowel extension, 
the swipe 'returns to the starting point'. This means that 
when the information content of a stroke is over, there is no 
need to return to the starting point, but just continue with 
the next letter. This saves about half of the input time. The 
next major change is that the elimination of remembering 
the swipes for the many commands and symbols. Now, just 
swipe the names of these. We have also simplified the way 
the dynamic abbreviations are swiped. Currently we are 
concentrating on English and Tamil. In English, we have 
introduced an automatic error correction of one change in 
any one letter after the fourth letter. The concept of gap 
has been replaced by 'one line per character'. This reduces 
the options considerably. In Version 1, Tamil words with a 
limited number of extensions only were recognized from a 
swipe. In Version 2, we can get any word with any number 
of extensions with one swipe. We have also introduced a 
provision to get the correct la, ra, na.
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considerably! Now the saved input time is around a 
whopping 40%.

In Tamil and other South Indian languages, a noun 
or verb can be transformed by adding many parts like 
the vaetrumai vurubu. There can be thousands of such 
variations for a word. Any real software for Tamil 
had to take care of all these modifications. In our first 
version of K4 keyboard, we could not do this, since 
our algorithms at that time could not do that within a 
reasonable amount of time. Note that a word has to be 
predicted within about a second, to make the keyboard 
usable. In the current second version of K4 keyboard we 
have overcome this difficulty. Now all the Tamil words 
are taken care of. The software is ready for field trail. 
We have made more than half a dozen changes from 
the first version. This paper explains the changes made.

Change 1: Reduce the swipe length

Let us explain using an example. Consider the word 
'great'. In the first version the swipe for that was as 
shown in the first figure above. It starts from key 2, in 
direction 3, that is move left from the top right key. The 
letters are shown near the lines which represent them. 
Note that though we have shown the required letter near 
a line, that line may represent more than one letter. It is 
the business of the software to predict the required letter. 
After the letters g, e, and a, note that line backtracks. It 
has 10 lines. The second figure above shows the way 
this word is swiped in the next version. The letter starts 
in the downward direction. This is because, we have 
changed the paces of the alphabets, to be consistent 
with their placement in the 12 key phone keyboard. In 
this a, b, c start in direction 2, that is going to the right 
from top left key. There are no backtracking lines in the 
new method. In this example it has only 6 lines, and the 
number of lines has reduced by 40%. This great saving 
reflects in the input time. This type of change has been 
implemented for the swiping of numbers also.

Change 2: Commands using dynamic 
abbreviation 

In the previous version, all the commands and 
many symbols were given specific swipes. One had to 
remember the swipes to use them. In the new version, 
these are got by dynamic abbreviation. This is a method 
we had invented in the previous version, for fast input 
of phrases, mathematical symbols, and emojis. In this 
method, a phrase is got by giving the first few letters 
from some words of the phrase. The words chosen, 
and the number of letters chosen are not fixed, and can 
vary every time. A symbol is got using the dynamic 
abbreviation of their names. In the same way now a 
command is got from their names. The difference is 
that the system will predict a command. If that is the 
intended command, it has to be confirmed by a small 
swipe. This new method eliminates remembering the 
numerous swipes for commands.

 

Change 3: New method for dynamic abbreviation
The way a dynamic abbreviation is entered has 

been changed. In the new method, first we have to 
specify which data base is to be used and whether the 
abbreviation uses a single letter from a word or multiple 
letters from a word. The keys 1 to 4 represent the 
commands, emojis, phrases and symbols in that order. 
A single tap to start with means that only one letter per 
word will be chosen. A double tap will indicate that 
multiple letters are chosen from a word. A single or 
double tap on any of the four keys specifies the data 
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base and the number of letters chosen. After this tapping 
the letters are input with just one swipe.

Change 4: Automatic one error correction in 
English

For English, we have included an automatic error 
correction. When the swipe does not give a word, it will 
check for one error in any letter after the fourth letter 
and get the possible words.

Change 5: Diagonal to represent any letter 
In the previous version, a diagonal and back was 

used to indicate any number of letters. This resulted in 
the prediction of a large number of words in some cases. 
This is now modified as follows. A diagonal represents 
exactly one letter. A sequence of diagonals represents 
that many letters. The letters can be anything. This fixes 
the number of letters in a word. This limits the number 
of predictions very much. This method speeds up the 
input og long words. This method is to be used after the 
fourth latter only.

Change 6: All Tamil words can be swiped now
In the previous version, we could predict only a 

limited number of extensions of a word in Tamil. In 
the new version, any word in Tamil, with any number 
of extensions, will be predicted within about a second. 
We have successfully modified the spell check, and also 
made it faster. Now this new intelligent use of spell 
check can be used for the other south Indian languages, 
Telugu, Kannada and Malayalam also. The power of 
this method can be seen using an example.

Consider the word வேநேவேர்கறளயுமா. It has 7 parts. 
The step by step formation of this word can be seen as 
follows. வோ நே வேர் கள் ஐ யும் ஆ. The Unicode characters 
for this word are .  
There are 14 Unicode characters in this word. The 
swipe for this word has got just 19 lines! This word 
gets predicted in about one second. As indicated in 
the case of English example, only the required letters 
are shown near the corresponding lines. These lines 
usually represent many letters. The software predicts 
the required letters. Note that all the thousands of 
extended words cannot be kept in a static data base. 
All these variations have to be generated dynamically. 
Here one line can represent many letters. Choosing 
the correct letter from a list, and also checking from 
a dynamic dictionary was a very difficult task. We 
have achieved that and also kept the time of execution 
quite acceptable.

Change 7: Error correction for la, ra, na letters
Sometimes one gets a doubt about which la or ra 

or na is to be used in a word. We have some help in 
this regard. Just after swiping the doubtful la or ra or 
na letter, a small diagonal and back, tells the system to 
check for the other letters also. When more than one 
letter give meaningful words, some help regarding the 
meaning of these words are given.

CONCLUSION
The method of swiping has been redefined. The major 

change is the reduction of lines needed to swipe a word. 
This has resulted in reducing the input time considerably. 
All the Tamil words can now be got with a swipe. The 
help is rewritten and simplified. All the above changes 
have been made after many many iterations. The system 
is ready for field trial for English and Tamil. The other 
languages will be introduced later one by one, once the 
software is stabilized for English and Tamil. Because of 
these simplifications, we hope that this version of our 
keyboard for the visually challenged will be welcomed 
by the community. 



146  |  KaniKovai

1. INTRODUCTION
India is a multilingual country with significant 

linguistic and cultural diversities. People speak many 
different languages, and there is a growing need to 
make useful information available in the vernacular 
languages. Many legal documents are produced daily in 
an extensive, highly populated country like India. The 
legal domain has continuous publishing cycles, and the 
growing demand for multilingual information access 
requires these documents to be translated into a language 
that the end user understands most. In that respect, the 
burden of granting access to this information falls on 
the government, which must manage a continuous cycle 
of document translation needs. A certified translator will 
take a long time to translate documents related to legal 
Proceedings, FIRs (First Information Reports), petitions, 
judgments, etc. The number of profes- sional translators 
in this field is limited, which takes 8-10 hours for ten 
pages. Therefore, this will in- troduce a significant 
delay in the overall judgment comprehending process, 
equivalent to “Justice de- layed is justice denied.” An 
automated machine translation system will help in this 
process. The documents could be translated using an 
automated translation system, which can then be post-
edited by human translators.

Machine translation (MT) has seen tremendous 
progress with the advancement of training large neural 
networks (Krizhevsky et al., 2012). Neural Machine 
Translation (NMT) (Sutskever et al., 2014; Bahdanau 
et al., 2014; Gehring et al., 2017) which uses deep 
neural networks to train an end- to-end model to 
achieve significant improvements over the Statistical 
Machine Translation (SMT) (Bojar et al., 2016) based 
approaches. Recently, transformer-based (Vaswani 
et al., 2017) encoder- decoder models achieve better 
results than the re- current neural networks (RNN)-
based (Sutskever et al., 2014; Bahdanau et al., 2014) 
models, making them de facto in developing any MT 
applica- tion. As the neural networks can be trained end-
to- end, various approaches have been proposed such 
as multilingual NMT multilingual NMT (John- son et 
al., 2017; Liu et al., 2020), unsupervised NMT (Artetxe 
et al., 2018; Lample et al., 2018), and document-level 
NMT (Voita et al., 2018; Huo et al., 2020) to improve 
the translation performance. However, the NMT-
based system achieves near human-level performance 
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that can translate legal data from one language to another. 
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(Hassan et al., 2018) in languages like German, French, 
English, etc., these systems suffer from issues such 
as data scarcity, noise in the training data, and poor 
domain generalization (Koehn and Knowles, 2017). 
Such problems are complex when developing a high-
quality, domain-specific MT system for low-resource 
lan- guages such as English-Tamil. The development 
of a legal NMT system can reduce the human efforts 
to translate judiciary documents, but the availability of 
such data is limited. In this work, we aim to develop 
a high-quality NMT system to translate judiciary data 
from English into Tamil by extracting available English-
Tamil judiciary parallel corpus. We report BLEU 
(Papineni et al., 2002), ChrF (Popovic´, 2015), and TER 
(Snover et al., 2006) scores on a held-out judiciary test 
set along with the results from WAT‘21 (Nakazawa et 
al., 2021) and Flores-200 (Costa-jussà et al., 2022) test 
sets. We also deploy our system1 for public use.

2. RELATED WORK
Sutskever et al. (2014) proposed the encoder- decoder 

framework, which uses RNNs for the task of translation. 
The performance of the encoder- decoder networks 
is further enhanced by the introduction of attention 
(Bahdanau et al., 2014). Gehring et al. (2017) proposed 
the convolutional neural network (CNN)-based NMT 
system, which further improved the training times of 
NMT systems. Vaswani et al. (2017) introduced the 
trans- former networks, which are the current state-of- 
the-art neural network-based approach for many tasks, 
including machine translation. Similarly, Johnson et 
al. (2017) proposed an approach to train a multilingual 
NMT model with a single encoder-decoder network. 
Several techniques, such as byte- pair encoding 
(Sennrich et al., 2016b) and back- translation (Sennrich 
et al., 2016a), have become the standard practices for 
training high-quality NMT systems.

There have been some efforts to develop MT systems 
for the judiciary domain. Farzindar and Lapalme (2009) 
developed an SMT system to translate court judgments 
between English and French. Similarly, Martínez-
Domínguez et al. (2020) developed NMT systems for 
the Swiss legal do- main between French-German, 
French-English, Italian-French, and German-Italian 
languages. Ive et al. (2020) created a high-quality legal 
translation dataset for English-Dutch, English-French, 
and English-Portuguese language pairs. However, there 
are few efforts to develop judiciary MT systems for 
Indic languages. Mahapatra et al. (2023) created a high-
quality judiciary parallel corpus between English and 
nine other Indic languages and reported the performance 

of available MT systems on the prepared corpora. In this 
work, we develop an NMT system to translate judiciary 
data from English to Tamil. We deploy our system for 
public use.

Figure 1: The overview of the Transformer architecture. 
Here, N denotes the number of layers. The output is shifted 
right to make the decoder predict the current output token 

based on previously generated tokens.

3. METHODOLOGY
Our NMT system is based on transformer (Vaswani 

et al., 2017) architecture (cf. Figure 1). The trans- 
former architecture follows the encoder-decoder 
(Sutskever et al., 2014) approach, where two   separate 
networks (encoder and decoder) are used to translate 
the source sentence into its equivalent target translation. 
Specifically, the input (source sequence) is encoded by 
the encoder network into an intermediate representation, 
which is then used by the decoder to produce the output 
(target sequence). The multi-head attention (MHA) layer 
is the main component of the transformer network. The 
MHA layer computes attention in parallel by attending 
to different parts of a given sequence. The parallelism 
is controlled by specifying a number of heads during 
the attention computation. Query (Q) and Key-Value (K 
− V) pairs are required in order  to calculate the MHA, 
and the MHA is calculated as:

1. http://hemat.in.ngrok.io/
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forward sub-layer, which is a two layer feed 
forward network with the rectified linear unit 
(ReLU) (Glorot et al., 2011) activation. The output 
from each sub-layer is normalized by applying the 
layer normalization (Ba et al., 2016) with residual 
connection (He et al., 2016). The resulting output 
is fed to subsequent layers (typically, 6-layered 
stacks are used), and the output from the last layer 
is considered an encoded representation of the input 
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(Nakazawa et al., 2021) test set
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sentences and Flores-200 (Costa-jussà et al., 
2022) devtest set4 of size 1,012 sentences. 

4 .2 NMT Model Setup 

We train a transformer (Vaswani et al., 2017) based 
NMT model. We employ a six-layered encoder- 
decoder stack with eight attention heads. The 
dropout rate is set to 0.1 (Srivastava et al., 2014), 
while the embedding size and hidden sizes are 512. 
The position-wise feed-forward layer consists of 
2048 cells. The model is optimized with Adam 
optimizer (Kingma and Ba, 2015) with an initial 
learning rate of 2 and 8,000 warm-up steps. The 
learning rate during the training is updated based 
on the Noam (Vaswani et al., 2017) learning rate 
scheduler. We create two separate sub-word 
vocabularies of size 35,000 based on the unigram 
language model (Kudo, 2018), using Sentence 
Piece (Kudo and Richardson, 2018) 
implementation. We use OpenNMT toolkit 
(Klein et al., 2017)
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 to train our model with a 

token-level batch size of 2048 tokens. Checkpoints 
are created for every 10,000 steps, and all 
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4. EXPERIMENTAL SETUP
4.1 Data Statistics
We build an NMT model to translate English judicial 

content into Tamil. We use judicial domain Parallel 
corpus from Anuvaad project2 to train the model. The 
corpus consists of judicial data extracted from court 
judgments and court orders of Indian courts. The 
corpus contains a total of 816,729 parallel English-

Tamil sentence pairs. We train the model with 800,000 
sentence pairs, and 8,000 sentence pairs are used as 
validation sets. We evaluate the performance of the 
trained model on

Three different test sets viz.a held out test set of 
8,729 sentences from the Anuvaad corpus, WAT‘21 
(Nakazawa et al., 2021) test set3 of size 2,390 sentences 
and Flores-200 (Costa-jussà et al., 2022) devtest set4 of 
size 1,012 sentences.

4.2. NMT Model Setup
We train a transformer (Vaswani et al., 2017) 

based NMT model. We employ a six-layered encoder- 
decoder stack with eight attention heads. The dropout 
rate is set to 0.1 (Srivastava et al., 2014), while the 
embedding size and hidden sizes are 512. The position-
wise feed-forward layer consists of 2048 cells. The 
model is optimized with Adam optimizer (Kingma and 
Ba, 2015) with an initial learning rate of 2 and 8,000 
warm-up steps. The learning rate during the training 
is updated based on the Noam (Vaswani et al., 2017) 
learning rate scheduler. We create two separate sub-
word vocabularies of size 35,000 based on the unigram 
language model (Kudo, 2018), using Sentence Piece 
(Kudo and Richardson, 2018) implementation. We 
use OpenNMT toolkit (Klein et al., 2017)5 to train our 
model with a token-level batch size of 2048 tokens. 
Checkpoints are created for every 10,000 steps, and all 
checkpoints created during the training are aver- aged 
and considered as best model parameters. We perform a 
beam search during the inference with a beam width of 
5 and no length penalty.

5. RESULTS AND WEB INTERFACE
5.1. Main Results
We report BLEU (Papineni et al., 2002)6, ChrF 

(Popovic´, 2015)7, and TER (Snover et al., 2006)8
 
Test set BLEU (↑) ChrF2 (↑) TER (↓)

Law 42.3 78.2 65.5
WAT‘21 8.0 50.1 89.0
Flores 15.8 57.7 77.8

 Table 1: BLEU, ChrF2, and TER scores of the trained 
model on different test sets. Higher BLEU, ChrF2, and 

lower TER scores are better.

Scores calculated with sacreBLEU (Post, 2018)9 
toolkit. Table 1 shows the results of the trained English-
to-Tamil model on different test sets. The trained model 
performs well on an in-domain (law) test set. However, 
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the model performs poorly on test sets from general 
domains. This is a well- known problem in NMT 
(Koehn and Knowles, 2017) where the performance of 
any domain- specific NMT system will degrade when 
tested with other domain data. Although the model’s 
performance is lower for general domain data, the 
model can translate judiciary domain data. Our main 
goal is to reduce the human effort required to translate 
judiciary documents via the NMT system rather than 
an automated NMT system, which removes the human 
in the loop. The main reason for such a design is that 
judiciary documents contain sensitive content and 
human intervention is needed to verify the correctness 
and authenticity of the translation.

5.2. Web Interface
We deploy our system10 for public use. Initially, 

the system is developed to translate between English. 

We extended the system to support other language 
pairs (such as English-to-Tamil, English-to- Marathi, 
and English-to-Bengali). Figure 2 shows the sample 
screenshots of the web interface to access the trained 
model. Users should register to use the system. After the 
registration/login, the user is presented with the Home 
page (cf. Figure

(a) in 2) where the instructions to the system are 
given. Currently, we support only sentence-level 
translation for English-to-Tamil direction, and the 
document translation support is only enabled for 
English-Hindi (bidirectional) direction. We plan to 
extend the document translation support for other 
language pairs.

9.    https://github.com/mjpost/sacrebleu 
10.  http://hemat.in.ngrok.io/

(a)
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(b)

Figure 2: Screenshots of the web interface. (a). Home page, (b). Sample sentence translation.

6. CONCLUSION AND FUTURE WORK
This paper describes developing a neural machine 

translation system for English-to-Tamil language 
direction to translate judiciary data. We train the model 
on the project Anuvaad judiciary corpus and report the 
model’s performance in terms of BLEU, ChrF, and TER 
scores. We observe that the model can perform well on 
the judicial domain test set. However, the performance 
is lower on the general

Domain test sets. We deploy our model for public 
use and can be accessed at: http://hemat.in. ngrok.io/.

We plan to extend the current system to translate 
documents and produce the output in the given document 
format. We also plan to improve the performance of 
the model by introducing recent techniques such as 
multilingual training (Johnson et al., 2017), document-
level translation (Voita et al., 2018; Kim et al., 2019; 
Voita et al., 2019) approaches.
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1. INTRODUCTION AND LITERATURE
REVIEW

1.1 Introduction
In the heart of every community lies a concern for the 

welfare, safety, and health of its inhabitants, including 
the often overlooked but equally vital members – stray 
dogs and cats. In the absence of dedicated care, these 
remarkable beings navigate a challenging path, facing 
the risk of injury, accidents, and an uncertain fate. 
Recognizing the inadequacies of traditional methods in 
addressing this issue, we proudly introduce the Stray 
Dog Tracking App – a mobile solution designed to 
revolutionize stray animal management and contribute 
to their well-being.

At the core of our initiative lies a commitment to 
empowering communities to actively engage in the 
identification, tracking, and assistance of stray dogs. 
The app boasts a user-friendly interface that facilitates 
seamless navigation, making it accessible to individuals 
from all walks of life. Real-time GPS tracking and 
mapping features harness cutting-edge technology 
to offer precise monitoring of stray dog movements, 
providing a valuable tool for efficient and accurate 
identification.

The app does not stop at tracking; it invites users to 
become advocates for change. 

Through an intuitive in-app reporting system, users 
can share detailed sightings of stray dogs, complete 
with photos and descriptions. This user-generated data 
becomes a powerful resource, streamlining the rescue 
and care process for these vulnerable animals.

Our commitment extends beyond technology. By 
establishing a robust connection between users and 
local animal shelters and rescue organizations, the app 
acts as a catalyst for collaborative efforts. This network 
facilitates the safe capture and care of stray dogs, 
turning the community into a collective force for good.

But our vision transcends the practical aspects of 
tracking and rescue. The Stray Dog Tracking App 
aims to be a platform for education and awareness. 
By leveraging its reach, we aspire to shed light on 
the challenges faced by stray dogs, fostering empathy 
and understanding within communities. Through a 

ABSTRACT
“Find a Stray” is a proposed mobile application addressing 
the challenges of stray animal management, notably 
encompassing cows on Indian roads. Beyond dogs and 
cats, the app recognizes the prevalent issue of stray 
cows, particularly in India, where cultural and religious 
sentiments grant them free movement on roads. These 
stray cows contribute to traffic congestion and safety 
hazards, necessitating a comprehensive solution. The app 
harnesses smartphone technology to allow users to report 
and assist not only dogs and cats but also stray cows. By 
capturing images, utilizing geo-tracking and categorizing 
animals, the app connects users to nearby animal welfare 
organizations. Furthermore, “Find a Stray” engages users 
in community efforts by incorporating crowdfunding and 
resource donation campaigns. This multifaceted approach 
aims to address the complex cultural, religious, and urban 
development aspects associated with managing stray cows 
and other animals on Indian roads while fostering support 
for animal welfare organizations.
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united front, we encourage community involvement in 
advocating for the welfare of these fantastic beings.

Beyond tracking and awareness, the app strives 
to be a catalyst for change by actively seeking foster 
or adoption homes for stray dogs. In doing so, it not 
only addresses immediate concerns but also provides 
a tangible pathway for these animals to find loving 
homes, breaking the cycle of uncertainty.

1.2 Literature review
The literature on stray animal population control, 

legal treatment of stray animals, beliefs about feeding 
strays, and the impact of stray animal-related road 
traffic accidents underscores several key issues.

Firstly, these studies emphasize the significant global 
concern regarding the overpopulation of stray animals. 
Stray animals pose various challenges, including 
public health risks, zoonotic disease transmission, road 
accidents, and ethical considerations regarding their 
treatment and control methods. However, there’s limited 
empirical research focusing specifically on India’s 
context, where the issue of stray animal population 
control is notably prominent.

Secondly, legal perspectives and legislative measures 
concerning stray animals are highlighted. The study 
discussing changes in Russian legislation indicates 
the importance of legal frameworks in managing stray 
animals. However, there’s a lack of comprehensive 
research exploring the legal implications and measures 
for stray animal management within the Indian 
legislative context.

The third study delves into human beliefs regarding 
feeding stray animals. It sheds light on the complexity 
of human-animal interaction, emphasizing the need for 
tailored interventions considering diverse beliefs and 
backgrounds. However, such in-depth investigations 
into societal attitudes towards feeding stray animals are 
infrequently conducted in India, despite its relevance to 
local practices and interventions.

Lastly, the impact of stray animal-related road traffic 
accidents is a significant concern addressed in the 
literature. The study analyzing injury patterns resulting 
from animal-vehicle collisions emphasizes the need for 
preventive measures and public awareness. This raises 
concerns about the lack of extensive studies specifically 
focusing on the patterns, implications, and preventive 
strategies for stray animal-related road accidents within 
the Indian context.

Overall, while these studies offer valuable insights 
into stray animal management, ethical concerns, 
legal frameworks, societal attitudes, and public 
health implications, there is a notable scarcity of 
comprehensive studies and data specifically focusing on 
India’s unique challenges and circumstances regarding 

stray animal populations and related issues. Further 
empirical research in India could significantly contribute 
to understanding and addressing the multifaceted 
challenges posed by stray animals in the country.

2. APP DESIGN
The app offers a robust set of features to assist users 

in reporting and managing stray animals effectively. 
Upon registration or login through various credentials 
including social media, users can access their previous 
history of reported animals, keeping track of their status. 
The app seamlessly toggles between English and Tamil 
languages via a language icon, accommodating users’ 
language preferences. Leveraging regional language 
processing, users can input information in Tamil, 
ensuring inclusivity and ease of use.

Figure 1: Front end of the app: registration phase

Utilizing image recognition and geotagging 
technology, the app employs a trained model to process 
uploaded images of strays, extracting relevant data, 
and connecting users with organizations like Blue 
Cross or vet hospitals for assistance. Additionally, pet 
owners can engage in telemedicine services for their 
pets, scheduling virtual appointments or calls with 
veterinarians. Secure payment gateways are integrated 
for seamless transactions related to telemedicine or 
other in-app services.

The app’s functionality extends to providing updates 
on the status of reported animals, allowing users to track 
the well-being of animals taken for care or treatment. 
Moreover, the app facilitates connections with foster 
homes for those interested in adopting or fostering 
stray animals. Users reporting stray animals can input 
crucial details such as location and identifying features 
to ensure accurate identification and prompt assistance 
for the animals in need.
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Figure 2:  
Front end of the app: Location identification phase

  

Figure 3: 

Front end of the app: Stray detail uploading phase

 

Figure 4: 

Front end of the app: Content of the app

3. ETHICAL CONSIDERATIONS
Developing and deploying the Stray Dog Tracking 

App hinges on our steadfast dedication to upholding 
ethical standards that prioritize the welfare, dignity, 
and rights of both human and animal stakeholders 
involved. Our commitment to ethical practices forms 
the foundation of the app’s design and implementation, 
ensuring the well-being of stray dogs and the community 
members engaging with the application.

First and foremost, our ethical considerations revolve 
around the welfare of stray dogs. The app’s primary 
objective is to enhance the lives of these animals. We 
prioritize humane treatment and ensure that the app’s 
tracking and reporting functionalities aim to aid in the 
rescue and care of stray dogs without causing harm, 
distress, or disruption to their natural behaviours. 
Stray Dog Tracking App’s focus remains steadfast on 
improving the animals’ conditions while respecting 
their autonomy and well-being.

Respecting user privacy is another core ethical 
principle embedded in the app’s development. Robust 
data protection measures are implemented to safeguard 
users’ personal information. All data collected, whether 
through GPS tracking or user-generated reports, is 
handled with utmost confidentiality, adhering to relevant 
data protection laws and guidelines. We prioritize 
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transparency in data handling practices to ensure users’ 
trust and confidence in the app’s privacy safeguards.

Furthermore, inclusivity and accessibility are 
key considerations in our app’s design. We prioritize 
accessibility features, ensuring individuals of diverse 
abilities can navigate and engage with the application 
seamlessly. Additionally, we aim to address language 
and cultural considerations, making the app accessible 
to a global audience. Our commitment to inclusivity 
extends to ensuring that the app’s features cater to users 
from various backgrounds and communities.

The app is not just a technological tool; it serves as 
a platform for education and awareness. Our ethical 
responsibility transcends technology and includes 
promoting empathy and responsible pet ownership 
within communities. We are committed to providing 
accurate and unbiased information about the challenges 
faced by stray dogs, aiming to raise awareness and 
foster a sense of responsibility towards animal welfare.

Moreover, collaboration with local animal welfare 
organizations is central to our ethical approach. We 
strive to work in tandem with existing efforts, respecting 
established protocols, and avoiding duplication of 
services. By collaborating closely with shelters, rescue 
organizations, and authorities, we ensure that our 
technology complements and enhances overall efforts 
for stray animal welfare.

Stray Dog Tracking App’s ethical framework guides 
its development and implementation, ensuring the app 
serves as a responsible, effective, and humane tool in 
the endeavor to improve the lives of stray dogs and the 
communities they inhabit.

4 FUTURE WORK, CONCLUSION AND 
LIMITATIONS

 4.1 Future work:
Addressing these limitations warrants further 

exploration and strategic planning. Future efforts 

could focus on enhancing GPS technology robustness, 
promoting community engagement strategies, 
implementing measures to improve the accuracy of 
reported sightings, and fostering collaboration between 
app users and animal shelters. Furthermore, devising 
solutions to mitigate privacy concerns and exploring 
cultural attitudes toward pet ownership could enhance 
the app’s functionality and adoption.

4.2 Conclusion:
The Stray Dog Tracking App exhibits notable 

limitations impacting its efficiency in managing stray 
animals. These challenges underscore the need for 
comprehensive strategies addressing technological, user 
engagement, resource allocation, ethical, and cultural 
factors. Overcoming these limitations through targeted 
improvements and strategic collaborations is crucial to 
maximize the app’s potential in effectively addressing 
the complexities of stray animal management.

4.3 Limitations:
The accuracy of reported sightings emerges as 

a critical concern, with potential misidentifications 
or mistaken reports diverting resources away from 
genuine stray dog issues. Additionally, collaborating 
with local animal shelters faces hurdles due to resource 
constraints, including limited staffing, financial 
resources, and differing organizational priorities. 
Ethical considerations related to privacy implications of 
GPS tracking for stray dogs further complicate the app’s 
functionality.

These limitations highlight the complexities involved 
in managing stray animals effectively. Challenges in 
user engagement, resource availability, and ethical 
considerations underscore the multifaceted nature of 
addressing stray animal concerns. Misidentifications 
and resource constraints may hamper the app’s intended 
efficacy, necessitating careful consideration and 
strategic approaches to overcome these hurdles.
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1. INTRODUCTION
Artificial Intelligence is transforming every walk of 

human life. Researchers who study human civilization 
believe that the AI transformation is going to be more 
rapid than all other transformation we have had so far. 
Soon, we expect robots with the human capabilities 
coexist with us. The robots can see, hear, feel, recognize, 
analyze, and also work creatively. Face recognition 
is a branch of Artificial Intelligence technology. Face 
recognition is about detecting a human face in an image, 
recognize the identity, gender, age and more attributes 
of the person and even the emotions. Face recognition 
systems are developed using various approaches. 

Face recognition is one of the high-level intellectual 
capabilities of human beings. Once when I was walking 
in the crowded cafeteria of my office, a girl met me and 
greeted me “Hello! Uncle”. In a fraction of a second, I 
was able to recognize that it is my daughter's classmate. 
I had last met her 25 years ago as a 10-year-old girl. Now 
after 25 years, I could recognize her face in a fraction 
of a second. We do not know how exactly our brain 
recognizes, but we are able to recognize. We are going 
to study how this capability can be built in a machine. 

Let us first study about face detection. Face detection 
is about observing an image and detecting the human 
faces in it. A human face has a specific structure with 
the nose, chin, cheek, forehead, hair, moustache, beard, 
eyes, eyebrow, eyelashes, mouth, lips, and several other 
components and features. As we know a human face 
and its components, we can detect a human face in 
an image. In a group photo taken at an outdoor with 
animals, flowers, birds, and other objects, we detect all 
the faces in it. The problem of viewing an image and 
detecting all human faces in the picture and extracting 
them in the form of rectangular frames is called face 
detection.

Face Recognition is a higher level of intelligent 
activity than face detection. Face recognition is about 
reading a human face either directly or in an image and 
recognize one or more of the following:

o Identity of the person
o Age
o Gender 

ABSTRACT
The influence of Artificial Intelligence (AI) has instigated a 
profound shift in human existence, fundamentally altering 
the way we operate. This transformation encompasses the 
augmentation of decision-making processes through cutting-
edge technologies like Machine Learning, Deep Learning, 
and other domains where machines adeptly perform 
tasks that were once solely human-centric. Notably, Face 
Recognition has emerged as a pivotal domain significantly 
impacted by AI advancements. This study proposes an 
innovative approach to Face Recognition leveraging 
Deep Learning models. The core methodology involves 
subjecting each image to a comprehensive feature extraction 
process using Deep Learning techniques, resulting in the 
creation of a distinctive 128-number vector known as 
the "face signature." This signature encapsulates diverse 
facial features essential for recognition. The crux of face 
comparison relies on evaluating the resemblance between 
two faces, a determination accomplished through measuring 
the Euclidean distance between their respective face 
signatures. This distance metric serves as the cornerstone 
for establishing facial similarity and dissimilarity. To 
substantiate the proposed approach, rigorous testing has 
been conducted utilizing the Python Face Recognition 
library. The empirical validation aimed to assess the 
effectiveness and reliability of the developed methodology 
in accurately identifying and distinguishing between faces 
based on their unique signatures.
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Effective Governance
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o Ethnicity
o Attractiveness, 
o State of mind, 
o Emotions, anger, fear, happy, 
o Trustworthiness
o Competence
o Dominance
o Extraversion, 
o Mental Health
Enormous amount of research is happening by 

leading Artificial Intelligence companies such as 
Google, Amazon, Facebook, IBM etc. Hundreds and 
thousands of startup companies in the bay area of US, 
Continental Europe, Israel, Bangalore and many more 
places are working on great applications in this area.

2. BIOMETRICS & FACE RECOGNITION
Right form early days, scientists are trying to 

uniquely identify human being based on one or more 
parts of the body and their measurement. Biometrics 
is the study of body measurements and computation 
of ratios and other relationships among them. This is 
used to see if we can uniquely identify people from 
these measurements. Fingerprints and IRIS have been 
successfully studied and used for several years in 
medical research, immigration, travel documentation, 
criminology, educational certification and many more.

Medical researchers have been studying how human 
brain stores faces and recognize them. They have found 
that the brain does the following cognitive activities:

o Face Detection 
o Face categorization based on gender, ethnicity,  

 age etc.
o Face discrimination 
o Faced Individuation 
o Face memory 
o Face naming
Medical Researchers are working on a few interesting 

concepts such as Face Diet and Other Race Effect (ORE) 
areas in Face Recognition. Face recognition capability 
varies widely among the people. Some people are super 
recognizers. Even if they meet somebody once, they 
recognize the face even after a long time. Some people 
are very poor in face recognition. They require a great 
deal of training and practice to familiarize a face. There 
are people who have a very high level of inability to 
recognize faces. This inability is medically diagnosed 
as Face blindness or Developmental prosopagnosics 

(DP). In order to improve face recognition capabilities, 
the researchers propose a few activities. 

Face Diet is the number of faces we come across 
every day. People who have a rich face diet are found 
to have a high face recognition capability. People who 
live meet very few people in a day. So, they have poor 
face diets. They have a poor face recognition capability.

Other Race Effect (ORE): We come across people 
from different ethnicity and race. There are some 
common face features for every race. When people have 
no familiarity with a particular race, they find it hard to 
distinguish faces of that race. All the faces of that race 
look alike for them. As we become familiar with more 
and more people of that race, the ability to distinguish 
increases. This is called Other Race Effect (ORE). 
When I watch movies from Japan, China or Korea, I 
have experienced difficulty in recognizing different 
characters. For me all the 

Medical Researchers also work on Nose recognition, 
Ear Recognition, Mouth Recognition etc. Critical 
Features of face are studied in detail. 

3. FACE RECOGNITION APPROACHES
Broadly there are three sets of scientists working on 

face recognition and related fields. They are 
o Medical Scientists – Cognitive strategies
o Anthropological Researchers
o Artificial Intelligence Researchers using 

Computer Vision with Deep Learning 
Convolution Neutral Networks.

In Medical Research, Scientists work on two broad 
approaches.

1. Holistic Face Processing in the brain. In the 
approach scientist work on how the brain stores 
and retrieves data.

2. Recognition of parts such as nose, mouth 
etc. The work on various shapes of the parts 
and specialize on recognizing them. You can 
observe that the noses have various shapes. 
Mouth and lips are of different shapes.

In Biological Anthropology, researchers study the 
physical metrics of people from various ethnicities. 
Craniofacial Anthropometry is the study of head and 
face measurements. 
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4. ARTIFICIAL INTELLIGENCE 
RESEARCH 

In Artificial Intelligence research the image of the 
face is represented as a matrix of pixels. By analyzing 
the image, we try to find the unique set of numbers, 
called a signature. We use face signature for face 
recognition. Each image is considered as a matrix of 
pixels. Each pixel is represented by a set of numbers.

If the image is BW, the content of a pixel is 
represented as a number from 0 to 255. Colors are 
represented by the combination of Red - Green - Blue 
combination. So, each pixel is represented a tuple (r, g, 
b) where each entry is a number between 0 and 255. 

5. FACE SIGNATURE
Face Recognition Algorithm works very similar to 

any common Solution Searching algorithm. Given an 
array of numbers a0, a1, a2, a3,… an-1, and a token X, 
search for X in the array. In other words, find the index 
i where, X = ai. Whenever we succeed in a specific i, we 
output that X is found in index i. In a Face Recognition 

based Employee attendance management system, the 
face photo of all the employees is taken during their 
joining process and stored as p0, p1, p2, p3, …. pn-1. Here, 
the index i represents the employee number. The names 
are also stored in another array name.

Index 0 1 2 … n-1

name Ram Sundar Seetha  Kannan

Photo    

In the morning when employees arrive in the office/
factory, they stand in front of a camera. The camera 
captures the photo as X. Now X is compared with 
photos p0, p1, p2, p3, ….pn-1. If p

i = X for a specific i, 
the attendance entry is made with time stamp for the 
employee ID i.

Now let us see how Pi = X is computed as TRUE or 
FALSE. Pi and X are two image files. Each image file 
is a matrix of pixels. Each pixel has one number if it is 
a BW photo and three if it a color photo. Comparing pi 
and X pixel by pixel is complex as well as meaningless. 

 
Figure 1 Metrics studied Craniofacial Anthropometry
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The photo pi of the employee was captured during 
the joining process. But X is captured on the day of 
attendance. So, X and pi are not same, pixel by pixel. 
To solve this problem, lot of research has happened in 
the past 50 years or so.

Consider the recognition of flags. When the flags 
of all the countries are given (Figure 3), how do we 
recognize the flag of a specific country? We know that 
the flag of Canada in as given below in Figure 2:

 
Figure 2 Flag of Canada

When you are shown a picture X and asked to check 
if it is a Canadian flag, are we comparing X and the 
Canadian flag pixel by pixel? No when we observe 
image X, we just observe some important features such 
as colors, shapes insides the flag, etc. This is called 
feature extraction.

Based upon these important features, we create a 
vector of X as [x0, x1, x2, … xd-1]. This is called the 
signature vector of X, and d is called the dimension. 
For flag recognition problem, the dimension may be a 
small number, may be d= 8 or d = 4. This means that by 
observing just 8 features, we can recognize a flag.

 

Figure 3 Flags of some countries

A human face is much more complex than a national 
flag. To recognize the human face, we may need to 
extract 128 features or 256 features. We get the feature 
of pi as [pi0, pi1, pi2, …. pid-1]. This is called the face 
signature of face pi.

When we need to compare two faces, we compare 
their signatures. If the two face signatures are 
approximately same, we conclude that the two images 
represent the face of the same person. 

 
Figure 4 Signature Vector

Convolution Neural Network
The image of human face has a standard format, with 

one nose, two eyes, two ears, a chin, cheek etc. So, how 
do we want to distinguish human faces? We must do 
feature extraction and create a Face signature. In Deep 
Learning, Convolution Neural Networks are designed 
and trained using data set having thousands of human 
faces. This CNN outputs the face signature as a vector 
of dimension 128 or 256. The face signature is a vector 
of numbers. To compare if two faces represent the same 
person, we compare the two face signatures and check 
if they are almost same.

Example
Consider the three photos as shown in Figure 2.3. 

Photo P0 is a 300 x 400-pixel color image. This is 
represented by a matrix of 300 x 400 pixels. Each of 
these 1,20,000 pixels is represented by a tuple (r, g, b) 
where each of r, g, b, are numbers between 0 and 255. 
So, we represent the phot P0 as 3 x 1,20,000 = 3,60,000 
numbers. We first convert the photo into a vector (Face 
Signature) Similarly, we have photo P1 and P2. These 
images can be converted into their respective signatures 
FS0, FS1, and FS2 with d=128 or 256 each. 
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Figure 5 Photos of Faces and Face Signatures

Consider the photo of a known person Pk. The 
face signature is already computed and stored as PSk 
(k represents known people). Now if we are given 
an unknown image Puk (uk means Unknown), we 
first compute the signature of the unknown image as 
PSuk. We compare PSk and PSuk. If they are almost 
(approximately) equal, we recognize that the image 
PUK is that of Pk (Known already). This is illustrated 
in Figure 6.

 
Figure 6 Compare Signatures and recognize faces

6 APPLICATIONS IN EFFICIENT 
GOVERNANCE

Artificial intelligence (AI) has emerged as a 
powerful tool in various sectors, and its application in 
face recognition technology has garnered significant 
attention, particularly in governance. The utilization 
of AI-based face recognition for efficient governance 
purposes has immense potential to revolutionize various 
aspects of public administration, law enforcement, and 
service delivery.

Governments worldwide are exploring the 
integration of AI-powered face recognition systems 
into their governance frameworks. One of the primary 
applications is in law enforcement and public safety. 

These systems enable authorities to identify individuals 
swiftly and accurately, aiding in the apprehension of 
suspects, locating missing persons, and enhancing 
overall security. By leveraging AI algorithms capable of 
analyzing facial features, these systems can match faces 
against existing databases, providing law enforcement 
with valuable tools for investigations.

Moreover, AI-powered face recognition can 
streamline administrative processes. In areas like 
identity verification for government services, social 
welfare programs, or voting systems, implementing 
facial recognition technology can enhance accuracy, 
reduce fraud, and ensure that services are efficiently 
allocated to eligible individuals. For instance, in 
government offices or border control, facial recognition 
can expedite identity verification, reducing wait times 
and enhancing the overall efficiency of administrative 
procedures.

Efficient governance also involves ensuring public 
safety in various spaces. AI-driven face recognition 
technology can be integrated into security systems 
in public areas such as airports, train stations, and 
stadiums to enhance surveillance capabilities. It enables 
real-time monitoring and identification of individuals 
on watch lists or those posing potential security 
threats, contributing to preemptive measures and crisis 
management.

However, while AI-based face recognition offers 
several benefits, its implementation raises ethical and 
privacy concerns. One significant challenge is the 
potential misuse of this technology, leading to mass 
surveillance or infringing upon individuals' privacy 
rights. To address these concerns, governments must 
establish robust regulatory frameworks and guidelines 
governing the use of facial recognition technology. 
Clear policies should delineate permissible uses, data 
protection measures, limitations on data retention, 
and mechanisms for obtaining consent and ensuring 
transparency.

Moreover, the accuracy and biases inherent in 
AI algorithms used for face recognition pose another 
challenge. These systems might exhibit biases 
concerning race, gender, or age, leading to erroneous 
identifications and potential discrimination. Continuous 
refinement of these algorithms and rigorous testing 
against diverse datasets are crucial to mitigate biases 
and ensure fair and accurate outcomes.

Another consideration is the need for public 
awareness and education about the capabilities and 
limitations of AI-powered face recognition. Building 
trust among citizens regarding the responsible use of 
this technology is vital for its acceptance and successful 
integration into governance frameworks.
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7. CONCLUSION
AI-based face recognition holds immense promise 

for efficient governance across various domains, from 
law enforcement and administrative processes to public 
safety and service delivery. However, its implementation 
requires a careful balance between leveraging its 

potential benefits and addressing the ethical, privacy, 
and accuracy concerns associated with its deployment. 
Through thoughtful regulation, ongoing technological 
advancements, and public engagement, governments 
can harness the power of AI-based face recognition 
to enhance governance while safeguarding individual 
rights and privacy.
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1. INTRODUCTION
The exact moment that sign language was introduced 

is not known, although there were different ages at 
which different people in different places connected 
with one another. In addition to more than 6000 spoken 
languages that make up our global community, there 
are numerous sign languages that are used with one 
or both hands. American Sign Language (ASL) is 
an example of a single-hand user, while Indian Sign 
Language (ISL) is an example of a double-hand user. 
Over 300 sign languages are used throughout the world, 
according to the UN. The Indian Sign Language (ISL) is 
an additional example. Sign language is a language that 
is expressed using hand movements, facial emotions, 
body postures, and other gestures. Its principal goal is to 
improve people's communication skills, especially for 
people who have hearing impairments or speech issues. 
Sign language can offer a more comprehensive degree 
of context and context understanding being conveyed 
due to the integration of facial hand movements and 
facial expressions in the conversation method. In India, 
the quantity of people who have hearing impairments is 
estimated as 18 million people, and forty one in every 
thousand children is affected by severe loss of hearing.

Speech recognition is the process by which an 
automated system identifies the speech of a speaker. 
These systems may rely on a speaker or not at all. 
Speaker-independent systems train on spoken utterances 
of the relevant isolated words made by a single set of 
speakers, while testing makes use of phrases produced 
by a different collection of speakers. Speaker-dependent 
systems would employ a different set of utterances 
for testing and a single set of utterances made by all 
speakers for training. Speech recognition systems that 
are not dependent on the speaker uttering the words or 
sentences can be used to identify and comprehend them. 

Speech recognition systems that rely on the speaker 
find use in controlling speaker-specific functions. ISL 
uses both manual and non-manual communication 
techniques to convey concepts, sentiments, and body 
language. ISL symbols can be broadly categorized into 
three types: one-handed, two-handed, and non-manual 
signs. We call a sign made by a signer with their hands to 
communicate with others a “manual sign.” Regardless 
of whether the sign is made with one or two hands, 

ABSTRACT
Hearing loss affects more than 5% of the population, 
according to the WHO. Many of these people have never 
been exposed to sign languages, and it has been noticed 
that learning to sign to connect with others by expressing 
their affection or feelings provides significant psychological 
comfort. Deaf and dumb persons primarily utilize sign 
language to communicate their thoughts and ideas to others 
around them through various hand and body motions. As 
a result, we created an assistive program that recognizes 
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this is the case. Non-manual signals provide meaning 
through changes in posture, facial expression, and 
emotional state without the use of hands. It's evident that 
some alphabets—like C, I, J, L, O, U, V, and W—can 
be represented with just one hand, while the remaining 
alphabets need the use of both hands.

Caretakers may find it extremely challenging to 
comprehend the distorted and disordered speech of 
individuals affected by hearing impairment, dysarthria, 
autism spectrum disorder, or speech impairment in order 
to provide the necessary support. Individuals diagnosed 
with hearing impairments range in severity from modest 
to significant hearing loss. Youngsters with modest 
hearing loss would not be able to interpret what other 
people are saying since they would not comprehend 

how speech is produced. Youngsters with minor hearing 
loss are unable to distinguish between various unvoiced 
sounds, such as “the,” “f,” “s,” “t,” and “sh.” To ensure 
that communication is understood clearly, certain 
sounds need to be prioritized and spoken. Even for 
average persons, it is difficult to recognize speech if the 
high-frequency unvoiced sound is absent. The images 
in Indian Sign Language are given in Figure 1.

From the perspective of study, regular dialogue or 
communication between the HI and regular people may 
not be beneficial and continues to be difficult. These 
kids can pick up speaking and conversing with people 
quickly if they receive regular and consistent training. 
They are socially adept and do not need help from 
others.

Figure 1: Alphabets in Indian Sign Language for English Alphabets.

With consistent instruction, it is possible to help HI 
interpret and perceive speech because their vocal tract 
structure is similar to that of typical people. Adults 
experience hearing impairment in addition to arthritis 
and hypertension.

The work is been categorized as follows the topic 
2 will be literature survey, 3 is dataset description, 4 
is methodology been used, 5 results and discussion 
followed by conclusion.

2. LITERATURE SURVEY
Author says that the computer system is creating a 

model of speech synthesis that incorporates a number 
of natural language processing features. Articulatory, 
formant, and concatenate synthesis are the methods used 
in speech synthesis exploration. These methods result 
in an exponential increase in the error rate throughout 
the system's operation and greater aperiodic distortion. 
In an effort to obtain higher performance, recent 
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advancements in voice synthesis have made significant 
strides toward deep learning. Large-scale data is 
leveraged to provide voice synthesis with effective 
feature representations. This study article's major goal 
is to apply deep learning techniques to speech synthesis 
and evaluate the results in terms of aperiodic distortion 
by comparing the results with earlier models of natural 
language processing algorithms [1].

Authors discusses that Text-to-Speech (TTS) 
research has made significant strides in creating lifelike 
speech with the introduction of deep learning. Modern 
TTS systems provide average prosody, which lacks the 
range and expressiveness inherent in human speech. 
The other model employs a variational autoencoder, 
which is supplemented by normalizing flows and an 
adversarial training procedure. We trained three internal 
Bangla (Bengali) datasets with variable quantities of 
expressive talks. We present a comparative analysis on 
the influence of expressive voice percentage in training 
data. Both subjective and objective assessments show 
that the suggested models outperform the baseline 
autoregressive Tacotron2 [2].

Authors examine a Deep Neural Network-based 
Text-to-Speech synthesis for Arabic. To evaluate the 
system, subjective and objective tests were performed. 
For subjective evaluation, we employed the Mean 
Opinion Score (MOS), and the Diagnostic Rhyme 
Test (DRT) to assess the intelligibility of particular 
consonants and vowels. [3].

Authors discuss that Accent recognition systems 
have grown in relevance as a result of globalization 
and the emergence of voice-activated devices. Foreign-
accented English has distinct acoustic properties than 
native English. It differs depending on the native 
language of the speakers [4].

Authors suggests that the growing number of 
social media users, as well as the manner in which 
these users communicate in regional languages, has 
prompted experts to consider the uniqueness of these 
languages. Native speakers are concerned that the 
regional languages may lose their uniqueness over 
time. As a result, checking for accuracy when writing 
is an essential problem in the field of natural language 
processing. The traditional techniques for determining 
the soundness of a phrase include the application of 
numerous syntactic and semantic criteria, which are 
limitless due to the Assamese language's unrestricted 
word order [5,8,9].

The Authors claims that the goal of their study is to 
design and build an accurate voice recognition system 
for a collection of predetermined words derived from 
short audio samples. It employs Google's TensorFlow's 
The Speech Commands Dataset v0.01. Voice user 
interfaces with key-word spotting can leverage 
isolated word speech recognition. The ultimate aim is 

to identify and recognize 10 words, as well as create 
classes for “unknown” words that are distinct from 
the “silence” class. Acoustic noise and differences in 
recording conditions are two of the issues that current 
speech recognition technology faces. MFCCs and 
Mel-spectrograms were employed to extract relevant 
information from the signal. Convolutional neural 
network (CNN) was employed for classification 
[6,7,10].

Authors says that brand-new wearable gadget with 
a camera for voice augmentation and tracking across a 
360° range in conjunction with an array of microphones 
was suggested by the research. To monitor the speech 
target in a flexible way, the suggested sensing approach 
merged voice and computer vision (CV) methods. 
Students with hearing loss can focus more readily during 
class instruction when the device can scan a specific 
voice source over 360° and eliminate interference-
related noise, improving the auto scan hearing-impaired 
procedure[11,12].

Authors suggest that CCi-MOBILE is a 
computationally robust signal processing testing 
platform designed for researchers working with the 
hearing-impaired community. This paper describes 
its conception, development, clinical assessment, and 
applications. Researchers may create and evaluate 
complicated speech processing algorithms offline and in 
real time using the specially designed portable research 
platform. Compatibility with Cochlear Corporation 
implants, it may be operated with user-friendly, 
open-source software. Results of an acute trial with 
implant users' speech intelligibility in quiet and loud 
environments are presented, and then the FPGA design 
and hardware processing pipeline for CI stimulation is 
explored. When compared to the clinical processors of 
CI users, the findings consistently demonstrate a level 
of performance that validates the platform's feasibility 
in investigations including chronic CI [13].

Authors suggests considering articulatory feature 
(AF) sequences of phonemes as multi-label objects 
in speech spectrograms in order to identify AFs from 
spoken utterances using object identification algorithms. 
Localizing a series of multi-label AFs in a speech signal 
is what the suggested system, named AFD-Obj, does. 
The two main stages of AFD-Obj are as follows: first, 
we formulate the AFs detection problem as an object 
detection problem and prepare the data to satisfy the 
requirements of object detectors by producing a spectral 
three-channel image from the speech signal and an 
annotation for each utterance. Secondly, the suggested 
system is trained to identify AF sequences and their 
boundaries using annotated pictures[14].

Authors examines the influence of the system's 
correctness on the number of phoneme states, learning 
rate, and training set value—three key aspects of voice 
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command pronunciation models. It is suggested to use a 
neural network-based voice recognition system. It needs 
knowledge of the fundamentals of voice recognition 
to operate a speech recognition system, which is not 
a simple task. Google Speech Recognition and Pocket 
Sphinx are compared with the created system. With 
an accuracy rate of 84.4%, the suggested system can 
identify voice instructions [15].

3. METHODOLOGY
There are 5 stages in the proposed methodology. 

They are
Stage 1 Collection of images (Hand Gestures)
Stage 2 Image Pre-Processing and Edge Detection
Stage 3 Feature Extraction
Stage 4 Classification using Deep learning models
Stage 5 Conversion of Gesture to Tamil text and 

Tamil Speech.
The architectural diagram of the proposed 

methodology is given in Figure 2. In stage 1, the images 
are obtained from the end user for the evaluation 
purpose. In stage 2 the basic pre processing of images 
are done by pixel to pixel then an edge detection 
algorithm is been applied (Prewitt). Stage 3 is feature 
extractions of images followed by stage 4 Deep models 
(Inceptionnetv2) are applied in identification of data. 
Then last stage is conversion of output to Tamil language 
and Tamil speech.

Figure 2: Architecture Diagram of the Proposed Model

The Deep model we use here for identification of 
Hand Gesture is InceptionnetV2. The architecture is 
described in Figure 3.

 Figure 3: Inception netV2 architecture

Figure 3 explains the deep model provided with 
a Filter for the concatenation and there are 6 various 
convolution layers and a max pooling layer which 
makes the result more accurate and effective.

Once the results are been obtained from the deep 
model then it is converted to speech using GTTS.

4. RESULTS AND DISCUSSIONS
There are more than 3500 images have been trained 

with various kids in and around Kumbakonam regime. 
Out of which some images are given for testing and the 
results obtained are shown 

Figure 4 Identification of Single Hand gesture
Figure 4: explains the single hand gesture testing for the 

word and the exact word is been predicted.
 

Figure 5: Identification of Double hand gesture 
Figure 5 explains the double hand gesture testing for the 

word and the exact word is been predicted.
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Figure 6: Training model accuracy for InceptionnetV2.

 

Figure 7: Testing model accuracy for InceptionnetV2.
Figure 6 explains the accuracy of the model for various 

epochs and Figure 7 is the testing result for various epochs.
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CONCLUSION
The assistive tool is been developed which would 

assist the hearing-impaired persons and Dumb persons 
for an effective communication like normal persons. 
Although the testing results are good when compared 
with state of art models yet it has to be improved a lot 

for many other hand gestures and the communication to 
Tamil and also needs an well effective development. The 
assistive tool is more planned for effective training with 
much many more complicated images and converting it 
as an web application or mobile application in upcoming 
days.
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1. INTRODUCTION
1.1 Role of Speech Identification in Tamil 

Language 
Identifying speech in the Tamil language is highly 

significant for multiple reasons. Tamil is a classical 
language with a robust literary past. It includes various 
dialects that represent its historical and cultural 
diversity. Precise speech recognition aids in conserving 
and comprehending these dialectical subtleties, 
supporting the broader endeavors of language and 
cultural preservation. Furthermore, speech recognition 
is crucial in advancing Tamil's resilient natural 
language processing systems, encompassing automated 
transcription services and voice-activated technologies. 
This technology not only improves accessibility but 
also creates opportunities for creating region-specific 
applications that cater to the different linguistic 
landscapes of Tamil speakers.

Moreover, identifying speech in Tamil is essential for 
linguistic research, as it aids linguists and researchers 
in deciphering the complex linguistic patterns and 
variations that define the language. This research 
eventually enhances our comprehension of Tamil 
linguistics. To summarize, speech recognition in Tamil 
is not just a technological achievement but also a means 
to preserve cultural variety, improve communication, 
and promote language understanding within the Tamil-
speaking community.

1.2 Objective of the Study and Modified 
features of Deep Neural Network (DNN)

This study aims to enhance Automatic Speech 
Recognition (ASR) in the Tamil language for vulnerable 
populations, including elderly adults and transgender 
individuals, by utilizing Deep Neural Networks 
(DNNs) with updated characteristics. The main goal is 
to address the specific challenges faced by these groups 
while acknowledging potential variations in speech 
patterns due to factors such as age-related [1] changes 
or transgender identity. The choice to employ Deep 
Neural Networks (DNNs) signifies a contemporary 
approach to leveraging advanced machine learning 
methodologies, well-known for their ability to acquire 
complex patterns and representations from data [2]. 
The authors emphasize the necessity of modifying 
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attributes, proposing a tailored pre-processing or 
feature engineering method to enhance the model’s 
ability to extract relevant information from the speech 
signals of the particular target population [3]. This 
section aims to provide a rational reason for the study, 
emphasizing the utilization of Deep Neural Networks 
(DNNs) as a strategic and technologically advanced 
method to improve Automatic Speech Recognition. The 
main emphasis is on the potential advantages of Deep 
Neural Networks (DNNs) in aiding underprivileged 
communities in the Tamil language. The phases involved 
in the processing of Speech Dialect are presented in 
Figure 1.

Figure 1: Speech Dialect Processing

2 LITERATURE REVIEW
The authors of [4] explored sub-word dictionary 

learning and segmentation techniques for Automatic 
Speech Recognition (ASR) for Tamil and Kannada. 
The research is extended in [5] by providing robust 
hearing-impaired speaker recognition from speech, 
employing deep learning networks in the native 
language. In the speech recognition model, the authors 
of [6] implemented a Bidirectional Recurrent Neural 
Network with a Self-Organizing Map in their research. 
In contrast, the automation of Tamil speech recognition 
is highlighted in [7]. In continuation of these references, 
the design and development of a large vocabulary for 
a continuous speech recognition system is highlighted 
in [8]. However, the authors of article [9] contributed 
their research in finding overlapping speech recognition 
systems using switching mechanisms between signals, 
whereas heterogeneous groups of speakers were 
concentrated in [10].

An interactive system for speech [11] is implemented 
based on Deep Neural Network (DNN) and i-vector, 
and performance analysis on syllable-based speech 
recognition is given in [12]. The comparative study 
on the models is projected in [13] for the multilingual 
training process, and [14] focuses on the robust speech 

recognition based on syllables for which the Grapheme 
Gaussian model, segmentation [15], and prosodic 
syllable were focused on by the authors of [16] and 
monosyllable in [17]. Tamil word recognition using 
HMM-GMM is given in [18] & [21], along with isolated 
[19], [22] &[28] and continuous [20] & [24] words with 
the hybrid model were research performed by various 
authors. Strategy for spoken word recognition is given 
in [23] & [25]. Different simulation mechanism for 
speech recognition is conducted by the researchers, 
such as Modified Mel Frequency Cepstral Coefficient 
Algorithm [26], Wavelet Denoising and Hidden Markov 
Model [27], paralinguistics [29], and Optimal Adaptive 
Filtering Technique [30] & [31].

An analysis of speech recognition for Tamil and 
Malay lang using Artificial Neural Network (ANN) [32], 
voice recognition [33], Automatic Speech Recognition 
for Tamil and Hindi [34], POS Tagging Using Naïve 
Bayes Algorithm for Tamil language [35], and part of 
speech tagging [36] are other mechanisms concentrated 
by various researchers.

3 PROPOSED METHODOLOGY 
3.1 Problem Statement
The project seeks to accomplish multiple objectives 

focused on accurately identifying and distinguishing 
regional Tamil dialects by uniquely utilizing Deep 
Neural Networks (DNNs) with updated features. 
The main goal is to create a robust DNN acoustic 
model specifically designed for the complexities 
of Tamil speech patterns. This research entails 
employing modified characteristics, such as Mel-
Frequency Cepstral Coefficients (MFCC), to amplify 
the model's responsiveness to the subtleties of other 
dialects. The study aims to enhance the development 
of speech-processing technology specifically for 
Tamil by methodically assessing the effectiveness of 
the suggested DNN model. The research attempts to 
discover the most influential parameters that affect the 
model's efficiency in detecting dialectical changes in the 
Tamil language through rigorous experimentation. In 
summary, the study aims to offer valuable insights into 
the utilization of advanced technologies in the field of 
dialect identification, explicitly focusing on the intrinsic 
linguistic diversity seen in Tamil speech.
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The research framework proposes the strategic 
selection of a hybrid CNN-LSTM architecture due 
to its distinct advantages in effectively addressing 
the intricate problem of identifying dialects inside 
the Tamil language. Convolutional Neural Networks 
(CNNs) excel at catching small-scale spectral patterns, 
which makes them very suitable for detecting subtle 
acoustic characteristics seen in speech transmissions. In 
contrast, Long Short-Term Memory (LSTM) networks 
excel in capturing sequential dependencies, enabling 
the model to comprehend the temporal intricacies 
inherent in spoken language. By integrating these 
architectures in a hybrid manner, the model acquires 
expertise in capturing nearby and distant connections. 
This results in a comprehensive comprehension of the 
various dialectical differences found in Tamil speech. 

The complete process of CNN-LSTM with MFCC is 
projected in Figure 2.

The Mel-Frequency Cepstral Coefficients (MFCCs) 
are crucial in this hybrid model. The selection of MFCCs 
as the input feature representation is based on their 
efficient ability to capture the frequency characteristics 
of audio signals and is presented in Figure 3. To be 
precise, extracting MFCC entails decomposing the 
audio signal into its constituent frequency components, 
replicating the human auditory system's response to 
various sound frequencies. The extraction parameters 
of MFCCs are adapted to better match the distinct tonal 
qualities and pronunciation nuances present in Tamil 
speech. This sophisticated portrayal acts as a polished 
input for the hybrid CNN-LSTM model, augmenting its 
ability to discern dialectical changes.

3.2 Application of DNN and the Implementation of Modified Features

Figure 2: Framework for CNN-LSTM with MFCC in Speech Processing

Figure 3: MFCC Parameter Optimization
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The hybrid CNN-LSTM architecture is selected to 
exploit the synergistic advantages of CNNs and LSTMs, 
resulting in a model that can effectively capture local 
and sequential data essential for dialect recognition in 
Tamil. By including MFCCs, this strategy enhances 
the model's input representation to match Tamil 
speech's unique features better. As a result, the model's 
performance is optimized to detect and distinguish 
regional dialects within the language reliably.

4 SPEECH IDENTIFICATION MODEL 
DESIGN

The Speech Identification Design model utilizes a 
hybrid architecture consisting of Convolutional Neural 
Networks (CNNs) and Long Short-Term Memory 
Networks (LSTMs), especially a CNN-LSTM model, to 
perform the task of voice identification. The motivation 
behind this approach is to efficiently capture the spatial 
and temporal correlations found in the intricate patterns 
of voice signals. The CNN module demonstrates 
exceptional proficiency in extracting hierarchical spatial 
features from the Mel-Frequency Cepstral Coefficients 
(MFCC) representations of speech. This capability 
allows the model to identify and distinguish significant 
auditory patterns accurately. The LSTM component 
simultaneously deals with the temporal dynamics 
present in speech, enabling the comprehension of the 
sequential characteristics of phonetic and language 
aspects. The MFCC features are customized to suit the 
specific attributes of the Tamil language, guaranteeing 
that the model is proficient at detecting the subtleties and 
deviations in spoken languages. These alterations may 
involve tailored preprocessing procedures or precise 
adjustments to the feature representation, improving the 
model's ability to identify Tamil speech accurately. The 
combination of CNN-LSTM architecture and modified 
MFCC features demonstrates a holistic approach to 
speech processing, highlighting the collaboration 
between sophisticated neural network structures 
and domain-specific feature engineering to enhance 
performance in the field of Tamil speech identification. 

Algorithm Name: Tamil Speech Identification
1.  Method: Data Collection and Preprocessing:

a.  Gather a varied dataset of Tamil voice 
samples.

b.  Preprocess the raw audio data 
 i. extracting the Mel-Frequency 

Cepstral Coefficients (MFCCs).
 ii. Implement any required 

modifications.
2. Methodology: Feature Engineering and 

Modification
a.  Apply alterations to the MFCC features:

i.  Preprocessing processes tailored to 
specific requirements.

ii. Modifications to the portrayal of 
features.

iii. Integrate linguistic and cultural 
knowledge.

3. Designing the Procedure Model Architecture:
a. Specify the architecture of the CNN-LSTM 

model:
i.  Please provide the exact number and 

arrangement of layers.
ii.  Activation functions are mathematical 

functions that introduce non-linearity 
into neural networks. They are 
applied to the output of each neuron 
in a network to determine whether it 
should be activated based on a certain 
threshold. Activation functions 
help neural networks learn complex 
patterns. 

iii.  Combine spatial characteristics 
derived by Convolutional Neural 
Networks (CNNs) with temporal 
dependencies using Long Short-
Term Memory (LSTM) models.

4.  The Train Model procedure involves        
a. dividing the dataset into separate training 

and validation sets.
b. Conduct training for the CNN-LSTM 

model:
i.  Optimize parameters using the 

backpropagation algorithm.
ii.  Employ gradient descent to minimize 

the loss function.
5. The Validate And Tune Hyperparameters 

procedure:
a Verify the accuracy of the trained model 

using a distinct dataset.
b. Adjust hyperparameters if needed:

i.  Enhance efficiency and mitigate 
overfitting.

6.  Performance of the Procedure Evaluation:        
a. Assess the model's performance using 

metrics: 
i.  Accuracy, precision, recall, F1-score, 

and dialect-specific metrics.
ii. Examine confusion matrices.

7.  Method of Interpreting and Analyzing:
a. Perform interpretability analysis: 
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i. Utilize visualizations or conduct 
feature significance analysis.

ii. Comprehend the specific traits that 
the model prioritizes for dialect 
recognition.

8.  The User Feedback And Iterative 
Improvement procedure involves        
a. collecting feedback from users, mainly 

from specific target demographics.
b. Utilize feedback to enhance the model 

progressively:
i. Resolve identified issues or address 

raised concerns.
9.  The Deployment and Integration Procedure 

involves:        
a. the implementation of the trained model 

into a practical application or system.
b. Incorporate the model into the intended 

setting.
10. Procedure Continuous Monitoring and 

Maintenance:
a.  Establish mechanisms for ongoing 

monitoring of model performance.
b. Continuously refresh the model by 

incorporating new data and insights.
11.  Terminate the algorithm

4 
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1. MFCC Extraction 

a. Pre-emphasis: () = () −  ⋅ ( − 1) (1) 

b. Frame Blocking: () = ∑  () ⋅  ( −  ⋅ frame 

shift ) (2) 

c. Fourier Transform: 

() =   
 () ⋅  (3) 

d. Mel Filterbank: 

 −  


() ⋅ |()| (4) 

e. Logarithm: 

MFCC = log	   
  () (5) 

2. CNN for Feature Extraction 

, =    
    

    
  ,()

⋅ ,() +  

(6) 

3. Temporal Modeling with LSTM 

 =   
  () ⋅ () +()⋅ ℎ() + ) (7) 

 =   
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‾ =   
  tanh	(() ⋅ () +()⋅ ℎ() + ) (9) 

 =  ⋅  +  ⋅  (10) 

 =   
  (() ⋅ () +()⋅ ℎ() + ) (11) 

ℎ =  ⋅   
  tanh	(()) (12) 

4. Model Output 

 − Softmax	   
  () ⋅ ℎ() +  (13) 

5. Loss Function 
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Figure 5: Accuracy Calculation using CNN-LSTM-MFCC

The Figure 5 represents the output of the implementation by highlighting the accuracy parameter for the proposed 
model.

Table 1: Performance Analysis on Accuracy
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1 
Norther

n Tamil 
133 115 120 130 86 90 97 

2 
Souther

n Tamil 
142 127 118 138 89 83 97 

3 
Eastern 

Tamil 
125 103 112 115 82 89 92 

  TOTAL 400 345 350 383 86 87 95 

7 CONCLUSION AND FUTURE 

ENHANCEMENTS 

This study represents a significant advance in the 

field of Tamil speech recognition. By harnessing the 

power of DNN and incorporating carefully designed 

features, the study aims to improve the accuracy and 

efficiency of speech recognition adapted to the 

nuances of the Tamil language. Integrating neural 

networks, especially hybrid architectures such as 

CNN-LSTM, emphasizes the commitment to capture 

both the spatial and temporal complexities inherent in 

speech signals. The feature modification, possibly 

including custom Mel-Frequency Cepstral 

Coefficients (MFCC) modifications, speaks of the 

commitment to addressing the unique characteristics 

of Tamil dialects. This work aligns with broader 

trends in speech recognition research, where 

advanced neural network architectures and nuanced 

feature design play a key role in achieving state-of-

the-art results. The future work might include more 

comprehensive research on speech recognition and 

cover various approaches, including robust 

recognition of hearing-impaired speakers, sub-word 

learning, and analysis of Tamil language speech 

recognition systems using multiple techniques and 

models will be focused. 
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word learning, and analysis of Tamil language speech 
recognition systems using multiple techniques and 
models will be focused.
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1 INTRODUCTION
Social media has become the promising source of 

communication across all levels, as millions of users 
share their opinions about the products, celebrities, 
movies, and politics in the social media sites such as 
twitter, face-book and other discussion forums. With 
availability of various native language inputting tools, 
people prefer to communicate in their mother tongue 
and share their opinions. This has led to a rise of 
tweets in Indian languages. There is a great demand 
from business and commercial perspective, to extract 
potential information from these unstructured data. 
This information is very essential for understanding the 
sentiments of wide-range of people on various events. It 
is useful in various aspects such as product marketing, 
behaviour analysis, strategic planning and pandemic 
management etc. 

Political social media data provides a strong people’s 
sentiment on different parties, leaders, schemes which 
has become a vital input in pre-poll analysis. In this 
paper, we present our work on sentiment analysis on 
Tamil electoral data, collected from twitter. We use a 
multi-task learning approach, Adapter Fusion.

For analysing the sentiments, earlier the systems 
were developed using different methodologies, namely, 
Lexicon based approach, Machine Learning based 
approach, which includes classifiers such as Decision 
tree, k-nearest neighbour, probabilistic classifiers, and 
linear classifiers and Hybrid approach.

With successful machine translation systems using 
RNN, Deep learning approaches was used to build 
Sentiment analysis systems. Wang et. Al. (2016.a) 
presented a Sentiment analysis system for short 
text using the combination of Conventional Neural 
Networks (CNN) and Recurrent Neural Networks 
(RNN), where the author has claimed that course-
grained local features were generated by CNN and 
long-distance dependencies are learned using RNN. But 
learning long-distance dependencies was a challenge. 
Wang et. al. (2016.b) used CNN-LSTM (Long Short 
Term Memory) where LSTM helped in learning long-
distance dependencies. Zhang et. al. (2018) came up 
with a details survey on sentiment analysis work done 
using various Deep learning techniques such as CNN, 
RNN, LSTM, Attention mechanism with RNN.
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After the development of BERT (Bidirectional 
Encoder Representation from Transformers) by Devlin 
et. Al. (2018), researchers started to use it in developing 
and fine tuning the sentiment analysis systems. A 
version of BERT, a un-normalised multilingual model, 
contains 104 languages. Karini and Sharabadi (2019) 
published a work on sentiment analysis in Persian text 
using multilingual BERT with attention model. Visser 
and Dunaiski (2022) used various BERT models for 
classifying the intent and sentiment classification of 
in-text citations of articles in ACM library. They found 
BERT-cased and Sci-BERT-cased model to perform 
best.

With the availability of Large Language Models 
(LLMs) recent publications are on sentiment analysis 
using LLM. Kheiri and Karimi (2023) have published 
SentimentGPT, where they have presented an 
experiment using different GPT models evaluated on 
SemEval 2017 dataset. Sun et. al. (2023) has published 
a sentiment analysis work using multiple LLMs, where 
the complementary abilities of different models helped 
in improving the performance.

Though an exhaustive work on Sentiment 
Analysis has been published in English, Chinese and 
few European languages, there are very less works 
published on Sentiment Analysis in Tamil. Thavarseen 
and Mahesun (2019) presented a sentiment analysis in 
Tamil using K-means and K-nodes with Bag of Words 
(BoG) techniques. Sharmistra (2020) has done her 
doctoral dissertations in sentiment analysis for products 
in Tamil reviews available on social media using 
different classifier based machine learning algorithms. 
The shared task, Sentiment Analysis in Tamil and 
Tulu- DravidianLangTech@RANLP 2023 conducted 
by Hedge et al (2023) has given a boost to sentiment 
analysis research in Tamil. Shanmugavadivel et al 
(2022) has presented sentiment analysis in Tamil code-
mixed data using CNN+BiLSTM. 

We present our work on sentiment analysis in 
electoral data collected from Tamil twitter data. Here 
the sentiments are related to different entities such as 
person, parties, schemes etc. Thus we need to identify 
entity based sentiment. To achieve this we need to find 
the entities followed by identifying the sentiments 
related to the entities. We propose to build an end-to-end 
system for sentiment analysis using multi task transfer 
learning algorithm with Electoral Entity Recognition 
and Sentimental analysis as two sub tasks. We choose 
to use Adapter Fusion-based multi task learning 
methodology proposed by (Pfeiffer et al, 2021), which 
is a non-destructive multi-task learning algorithm. 

Further the paper is organised as follows: In the 
following section we have presented a short notes 
on different multi-task learning approaches, Adapter 

Fusion techniques. Section 3 has the description of our 
experiments. Data set is explained in section 4. Section 
5 has the results and discussion. The paper ends with the 
conclusion and Limitation sections.

2 MULTI-TASK LEARNING
For developing an end-to-end Sentiment analysis 

system, we used AdapterFusion-based multi-task 
learning methodology (Pfeiffer et al, 2021). This transfer 
learning method has two stage learning, knowledge 
extraction stage and knowledge composition step. A 
brief description on transfer learning, Adapter and 
Adapterfusion are given below.

The two predominant approaches in transfer learning 
for sharing knowledge across multi-task are

● Sequential Fine-tuning: 
This involves sequentially updating all the weights 

of the model on each task. This approach works well 
for two sequential tasks and beyond that leads to 
catastrophic forgetting.

Figure 1: Sequential Fine-tuning

● Multi-Task Learning (MTL):
All tasks are trained simultaneously with the aim 

of learning a shared representation that will enable the 
model to generalize better on each task. More tasks 
cannot be added as MTL requires to simultaneously 
access all the tasks.
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2.1 Adapters
To overcome the limitation in Sequential Fine-tuning 

and MTL, Houlsby et al (2019) introduced adapters, 
which do not require fine-tuning of all the parameters 
of the pre-trained model and instead introduce a small 
number of task specific parameters while keeping the 
underlying pre-trained language model fixed. Adapters 
share a large set of parameters Θ across all tasks and 
introduce a small number of task-specific parameters Φn. 
While Θ represents the weights of a pre-trained model 
(e.g., a transformer), the parameters Φn, where n ∈ {1, . 
. . , N}, are used to encode task-specific representations 
in intermediate layers of the shared model. There are 
two variants of adapters, namely Single task Adapter, 
where different Adapters are trained for each of the N 
task and Multiple Task Adapter, where N task is trained 
in parallel (Stickland and Murray, 2019).

2.2 Adapter Fusion
To maximize the transfer of knowledge across tasks, 

without suffering from catastrophic forgetting and 
difficulties in dataset balancing, AdapterFusion was 
introduced by Pfeiffer et al (2021). After the training of 
the task specific Adapters, these Adapter are combined 
using AdapterFusion. Once training for the adaptersΦm 
and again for training Fusion parameters Ψm, which 
learn to compose the information stored in the N task 
adapters. It learns to compose the N task adapters  
Φn and the shared pre-trained model Θ, by introducing 
a new set of weights Ψ. These parameters learn to 
combine the adapters as a dynamic function of the 
target task data.
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3. OUR APPROACH
End-to-end sentiment analysis requires the following 

task, Electoral entity recognizer and sentiment analysis 
system. We train each task as a single Task Adapter. The 
adapters are combined in the AdapterFusion task and 
Fusion parameters Ψ is learned.

3.1. Experimental Setup
In training all the four adapters, we use XLM-R as 

the pre-trained language model. We train them with 
reduction factors {2, 16, 64} and learning rate 0.0001 
with AdamW and a linear learning rate decay. We train 
for a maximum of 30 epochs with early stopping as used 
by (Pfeiffer et al, 2021). For AdapterFusion, We used a 
learning rate of 5e−5. We trained for a maximum of 10 
epochs with early stopping. While we initialize Q and K 
randomly, we initialize V with a diagonal of ones and the 
rest of the matrix with random weights having a small 
norm (1e − 6) as mentioned by Pfeiffer et al, (2021).

4. DATASET
We collected electoral data from twitter. This was 

periodically executed using the publically available 
twitter APIs. We collected Tamil tweets using latitude-
longitude information and using specific keywords such 
as person, organisation names, events, region specific 
etc. The twitter data has intrinsic challenges when 
used in Natural Language Processing applications. The 
challenges are listed below.

● Less contextual information as the tweets size 
has restrictions. This leads to more ambiguous 
tweets. 

● As other social media text, it also free flow 
writing style where there are many repetition of 
words such as ‘soo so good’.

● They do not have proper punctuation markers.
● Tweets have partial entities and have many 

spelling variations and mistakes. 
● Code-mixing, spoken form and dialectal 

variations are common in tweets. 
These characteristics of tweets make the classification 

of entities and extraction of information a challenging 
task. 

We periodically collected tweets for three months 
prior to the elections. The statistics of the corpus is 
given in table 1 below. 

 Description  Tamil

 No. of tweets  135,000

Table1: Corpus Statistics
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For the present task, we have annotated electoral 
entities, and sentiment in the tweets. We used a GUI 
enabled tool, PALinkA (Orasen, 2003), an open source 
tool from University of Wolverhampton. The statistics 
of named entities and the sentiment tagged data in given 
in the table 2. 

5. RESULTS AND DISCUSSION
We divided the data randomly into 80-20. 80% of 

the documents were used for training and the 20% is 
used for testing. Tamil is a morphologically rich and 
highly agglutinative. We pre-processed the data by 
tokenizing the agglutinated words into separate words 
and morphologically segmenting the inflected words.

S.No Type            Number of 
             Occurrence
                  Tamil

1 Named Entities 125457

2 Positive Tweets 62758

3 Negative Tweets 42745

Table 2: Distribution of Named entities and the sentiment 
tagged tweets

So we planned to present the data in two different 
tokenizations. Thus we have two types of experiments 
using the two different data sets. The different 
tokenisation’s are as follows:

● data set only with words
● Morph-level where word is morphologically 

analysed and separated as root word and suffixes. 
The performance measures for these two experiments 

for Electoral Entity recognizer (EER), is presented in 
table 3. Sentiment Analysis performance scores for the 
tweets are presented in table 4. 

S        Exp         EER
No                         Precision%    Recall% F1%

1 Adapter
 Fusion
  word-level 73.34 61.43 66.86

2 Adapter
 Fusion
  morph-level 80.55 68.24 73.88

Table 3: Evaluation of EER

Table 3 and Table 4 show the performance scores for 
Electoral Entity Recognizer and sentiment analysis on 
electoral data.

As mentioned in section 4, the less contextual 
information, code-mixing in tweets affect the 
identification in both named entity reorganization and 
sentiment analysis. Other characters such as use of 
pronouns, implicitly writing the information and use 
of sarcastic writing style pose challenge in sentiment 
analysis. Filtering of junk characters/non standard 
characters, short urls and emoticon is a challenging 
task due to non-standard usages. This depreciates the 
performance scores. Many long ungrammatical sentences 
are used in tweets. These make the task tougher. 

S.      Type Perfor Adapter  Adapter
No  mance Fusion Fusion
  Measure word-   morph-
   level level

1 Positive Pr 65.34 70.34
  Re 78.45 80.23
  F1 71.29 74.96

2 Negative Pr 67.36 72.46
  Re 75.44 79.56
  F1 71.17 75.84

3 Recall Pr 58.23 62.56
  Re 74.34 76.45
  F1 65.30 68.81

Table 4: Evaluation of Sentiment Analysis Engine

Thus we can improve sentiment analysis by 
handling emoticons and sarcasm, including pronominal 
resolution, and effective filtering the non-standard/ 
junk characters and short urls. Though the precision is 
comparatively low, this is very helpful in predicting the 
trends. 

6. CONCLUSION
In this paper, we present an end to end architecture 

for sentiment analysis of electoral data using 
AdapterFusion, a new two stage learning algorithm that 
leverages knowledge from multiple tasks. First task is in 
identifying the named entities in the text and the second 
to analysis the sentient in the tweets. We evaluated using 
periodically collected data from twitter using publically 
available twitter crawling APIs. The results obtained 
were very helpful in predicting the trend. 
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Limitation
Pronominal usage and sarcasm are not handled. 

Implicit information and exospheric reference are not 

handled. Non standard acronyms and spelling errors are 
not handled.
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I. INTRODUCTION
The 26th edition of Ethnologue reveals that our  

world is home to approximately 7,168 contemporary 
living languages. This extensive linguistic 
diversity highlights the richness with which human 
communication has evolved over thousands of years, 
showcasing the myriad ways in which cultures express 
themselves through unique linguistic structures. The 
multitude of languages reflects the global mosaic of 
traditions, histories, and identities, each one contributing 
to the vibrant spectrum of human expression - varied 
by the different periods, emotions and a wide array of 
logic. As we acknowledge this linguistic abundance, 
it becomes evident that language is not merely a tool 
for communication but a repository of cultural heritage 
and a testament to the rich complexity of the human 
experience.

Major South Indian languages, including Tamil, 
Telugu, Malayalam, Kannada, and Tulu, exhibit the 
distinctive characteristic of being agglutinative. In 
the realm of linguistics, agglutinative languages are 
characterized by the formation of complex words 
through the amalgamation of morphemes without any 
alteration in spelling or phonetic structure. 

As one of the world’s oldest and classical languages, 
Tamil boasts a profound literary heritage that spans 
centuries. With roots deeply embedded in history, 
Tamil has evolved into a vibrant cultural force, 
weaving its linguistic tapestry through the narratives of 
diverse communities extending beyond geographical 
boundaries, finding expression not only in the hearts 
of its native speakers but also resonating with a global 
audience. The agglutinative nature of such South 
Indian languages, especially Tamil, enhances their 
flexibility and adaptability, as speakers can effortlessly 
construct new words by affixing morphemes to convey 
nuanced meanings. This linguistic structure not only 
facilitates effective communication but also reflects 
the rich linguistic diversity and complexity present in 
South Indian cultures. The preservation of the original 
spelling and phonetic integrity throughout the word 
formation process distinguishes agglutinative languages 
from other linguistic types, contributing to the unique 
linguistic landscape of the South Indian linguistic 
milieu.  

ABSTRACT
Sentiment Analysis and Emotion Recognition have become 
pivotal in understanding human expression and engagement 
in digital communication. As language enthusiasts and 
vernacular AI experts keep putting efforts in improvising 
the algorithms, it is essential to explore methodologies and 
understand the opportunities and challenges in applying 
some of these techniques to Tamil, fostering inclusive 
advancements. Tamil exhibits a high degree of morphological 
complexity with a vast categorization of morphemes 
semantically. This complexity poses a challenge in accurately 
deciphering the sentiment expressed as words - as it may 
change form based on context, requiring sophisticated 
natural language processing techniques. Polysemy and 
homonymy are extremely prevalent as one delves deeper into 
the literature and disambiguating between these meanings 
is very crucial. Tamil is also spoken in various regions with 
linguistic variations in dialects and accents. The same gets 
reflected in the origins of various literary works over different 
periods of time. So, its imperative that the specific dialect and 
accent of specific regions based on the literary origins are also 
considered as a variable in deciphering the exact meaning of 
the specific literature. Adapting sentiment analysis models to 
these regional nuances also adds to the complexity and hence 
interpreting the sentiment of the particular literature.
Most importantly, availability of labeled datasets for training 
sentiment analysis models in Tamil, even though is made 
available in the recent times, it is very limited. Creating 
high-quality, domain-specific labeled datasets is essential 
for the development and validation of accurate sentiment 
analysis models. This paper aims to give a complete overview 
of challenges specific to Tamil sentiment, considering 
linguistic intricacies, contextual variations, morphological 
complexity, the richness of Tamil literary expression along 
with challenges in code-switching. Additionally, the paper 
also tries to provide a brief overview of emotion recognition 
in Tamil speech, recognizing the need for a nuanced 
understanding of emotional cues in spoken Tamil. Analysing 
some popular speech processing technologies, we explore the 
development of some of the models attuned to the acoustic 
characteristics and emotional markers unique to the Tamil 
language. 

Opportunities and Challenges in Sentiment Analysis and Emotion Recognition 
in Tamil Text and Speech
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II. CHALLENGES WITH SYNTAX AND 
SEMANTICS

Within the realm of linguistics, as like every other 
language, Tamil also exhibits a dual nature, comprising 
both form (encapsulated by syntax), and meaning 
(encompassing semantics and pragmatics). There are 
several challenges with syntax and semantics even for 
the most native resident speaking Tamil as his mother 
tongue. 

“Tholkaappiyam”, composed by Tholkaappiyar 
approximately 2700 years ago, stands as an ancient 
literary masterpiece to better categorise and educate 
about the syntax, semantics and pragmatics, representing 
a monumental literary and linguistic asset with enduring 
importance for Tamil language enthusiasts globally. 
Although commonly categorized as a grammar guide, 
its impact transcends the boundaries of linguistic 
analysis, sentiment analysis and emotion recognition in 
Tamil text - reaching into broader realms of cultural and 
literary significance. Given the authenticity and wide 
acceptance, the challenges of Tamil language in terms 
of Syntax and semantics as well as sentiment analysis 
and emotion recognition, takes into account, lot of 
references from Tholkaappiyam. Let us first look at 
some of the challenges in terms of syntax and semantics. 

A. Polysemy and Homonymy
As one immerses oneself in the vast expanse of 

Tamil language literature, the prevalence of polysemy 
and homonymy becomes increasingly apparent, 
underscoring the intricacies inherent in the language. 
While there are innumerable examples spread over the 
sangam literature, below are a couple of examples for 
the benefit of the readers.

தகா அடி
king, cow, sky, heaven, to  step, to beat, measure,
stitch,  foot, bottom, antique,
pot maker lineage

Tamil also exhibits a higher prevalence of homonymy 
compared to any other language globally. The linguistic 
landscape of Tamil is uniquely characterized by a 
multitude of words sharing identical spellings but 
possessing distinct meanings, contributing to the 
intricate tapestry of its vocabulary. This prevalence of 
homonymy adds a layer of complexity to the language, 
requiring speakers to rely on contextual cues for accurate 
interpretation. Here are some examples.  

(paanam) (palli)
்பானம் - a drink ்பள்ளி - school
்பாணம் - arrow ்பல்லி - lizard

(vili / vizhi)  (thalai)
விளி - to say  ேற்ல - head
விழி - eye  ேறள - a plant base

B. Rich Morphology
Tamil showcases an impressive morphological 

richness, enabling the generation of a multitude of 
words by incorporating morphological suffixes onto a 
single root word. This linguistic feature underscores the 
language’s capacity for intricate word formation, where 
the addition of suffixes to a base word contributes to its 
expansive vocabulary.

For example, 

அவேனால்  அவேனது ஆனால் 
அவேன் + ஆல் அவேன் + அது  ஆ + நால்
avan   +  aal avan  +  athu aa + naal
through him.  it’s his. but 

C. Lexical Diversity
Tamil language also stands out for its remarkable 

lexical diversity, presenting an abundance of words 
that convey similar meanings. The extensive lexical 
diversity in Tamil enhances its adaptability and 
precision, allowing for subtle variations in meaning 
that cater to the diverse contexts in which the language 
is employed. The word “தகா” as mentioned in section 
II.A is one of the classical examples that can have 
several meanings and synonymous expressions 
depending on the context of usage. 

D. Syntactic / Lexical Ambiguity
The syntax of Tamil language plays a pivotal role 

in conveying meaning, ensuring clarity, and fostering 
coherent discourse. As like other natural languages, 
Tamil also has its share of syntactic ambiguity. 

The fundamental structure of sentences in Tamil 
primarily adheres to a Subject-Object-Verb format, but 
can also be conveyed in a Object-verb format without 
the need for Subject, especially with statements denoting 
gender. In this linguistic framework, the inclusion 
of an subject is not mandatory, offering flexibility in 
expression. For example, in a 

[1] அறை சகாடுத்ோன். (or)
[2] அவேன் அறை சகாடுத்ோன். 
The ambiguity in both the sentences [1] & [2] 

arises from the several possible meanings of the word 
“அறை” which can refer to either “a half” (or) “slap” 
(or) “room” (or) “answer” (specifically in a literary 
sense) depending on the context. This ambiguity 
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becomes more pronounced in larger structures where 
constituents may have multiple interpretations based 
on their internal structure and syntactic position.

In addition, both [1] and [2] denote the same 
meaning that “he gave” something (depending on the 
context in which the statement is used.  In the first 
sentence, even though the Subject “அவேன்” is absent, 
it still conveys the same meaning. This is one of the 
peculiar challenges in Tamil literature.  Consider 
another example of lexical ambiguity, where a word 
holds multiple meanings.

கருப்பு மருநது குப்பி
The ambiguity in the sentence stems from the term 

“கருப்பு” which can attribute itself to either “மருநது” 
meaning “medicine” or “குப்பி” meaning “bottle.” The 
first instance pertains to homonyms or homographs, 
contributing to lexical ambiguity, while the second 
exemplifies structural ambiguity, where the sentence’s 
structure allows for multiple interpretations. Lexical 
ambiguity, induced by homonyms or homographs, 
underscores the challenge of precise interpretation 
in language, whereas structural ambiguity adds 
complexity by permitting various meanings based 
on syntactic arrangements.

III. CHALLENGES WITH SENTIMENTS & 
EMOTIONS

Starting from sanga time period till today, Most 
of the eminent Tamil scholars and linguists have an 
implicit knowledge or competence to understand 
the ambiguous utterances of syntax and semantics. 
In the same manner, mostly the Tamil scholars and 
linguists clearly understand the intricacies of emotional 
expressions throughout the Tamil literature. But for the 
understanding of normal people, Tholkappiam details 
the eight different types of emotions. 

E. Vast pool of expressed emotions
One of the key challenges of emotion recognition 

is the identification and training of all the human 
emotions. This section of the paper once again 
refers to Tholkappiam and delves into the concept of 
“Meipadugal” which represents a total of 32 emotions 
throughout Tamil literature. These are then narrowed 
down to eight primary or distinct emotions intricately 
woven throughout Tamil literary expressions. These 
emotions are listed in a poem in Tholkappiyam. 

நறகத்ய அழுறக இளிவேைல் மருடறக
அச்ெம் ச்பருமிேம் சவேகுளி உவேறக ச்யன்று
அப்்பால் எடத்ட சமயப்்பாடு என்்ப. (சோல். சமயப். 3)
The overall list of eight primary or distinct human 

emotions in the larger context can be summarised as 
below. 

1. நறக, nagai (joy), 
2. அழுறக, azhugai (sadness), 
3. இளிவேைல், ilivaral (disgust), 
4. மருடறக, marutkai (confusion), 
5. அச்ெம், accham (fear), 
6. ச்பருமிேம், perumidhan (pride)
7. சவேகுளி, vekuli (hate)
8. உவேறக, uvakai (love)
These eight Meipadugal encapsulates a profound 

summary of cultural and linguistic understanding, 
serving as a vital anchor for the analysis of sentiment 
and emotion recognition specific to the Tamil language.

F. Challenge with Sarcasm identification
Satire or Sarcasm is a composition that provides 

a deep rooted meaning. In Tamil Literature, this term 
has undergone various interpretations by different 
renowned poets and writers. It has been employed as 
a form of prayer coupled with insults (Nindastuthi or 
நிநோ்ஸதுதி) and, at other times, utilized as wordplay 
and clever phrases (Sladai or சித்லற்ட). On certain 
occasions, eminent poets exercised caution to conceal 
their mockery through phrasing that did not overtly 
reveal their intent. The term “Satire” has evolved to 
represent a poignant commentary, akin to a bitter pill 
enveloped in the sweetness of language or, conversely, 
a sugar-coated critique that conceals its acerbic nature. 
Sarcasm, as a linguistic expression, frequently defies 
conventional language norms by communicating a 
meaning totally contrary to its literal interpretation. 
The nuanced nature of sarcasm presents a challenge in 
deciphering its intricacies, particularly in multilingual 
environments where diverse cultural nuances come 
into play. The ability to recognize sarcasm is 
paramount for ensuring precise sentiment analysis 
and comprehending the subtle nuances embedded in 
communication.

In the realm of AI based language processing, 
sarcasm introduces complexity as it relies heavily 
on context, tone, and cultural subtleties. In certain 
contexts, it conveys layered meanings, often requiring 
a deeper understanding of the speaker’s intent, the 
time of publishing and the geographical significance 
of the publication. The intricacies of sarcasm highlight 
the dynamic nature of language and the need for 
sophisticated language models that can adeptly navigate 
the complexities presented by sarcastic expressions. 
In multilingual settings, where cultural contexts vary, 
recognizing and interpreting sarcasm becomes even 
more intricate, underscoring the importance of linguistic 
models capable of discerning the nuanced layers of 
communication for accurate sentiment analysis. 
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For example, a well renowned poet in one of his 
sarcastic poems about Lord Shiva, had written as below.  

நச்ெைவேம் பூண்்டதில்ற்ல நாேதை 
தேவேரீர்பிச்றெச்யடுத் துண்ணப் புைப்்படடும் – உச்ெேமாங்
காளதனன் குஞெைதமன் கார்கக்டல்த்பாற ைான்முழங்கும்
தமளதமன் ைாொங்க தமன். (கா. 65)
The actual meaning is different but the hidden 

சித்லற்ட meaning is different. 
The poem goes on like praising Lord Shiva on 

his glamorous procession around the streets but it  
actually talks about the procession actually for begging. 
Analysis of such literary works requires advanced  
AI models. 

G. Challenges with Dialects, Accents & Period 
works

There is also a considerable amount of linguistic 
variations manifested in distinct dialects and accents. 
This linguistic diversity is intricately intertwined with 
the origins of literary works spanning different epochs, 
each imbued with unique regional characteristics. 
Consequently, it becomes imperative to recognize and 
incorporate the specific dialects and accents associated 
with distinct literary origins and the time frame - as 
variables when deciphering the precise meaning of 
literature.

For example, In the Sangam period, the term 
“Veguli” (சவேகுளி) held a distinct meaning, referring 
to anger or hate as depicted in the couplet

 “சவேகுளி கணதமனுங் காத்ே்லரிது” (Kural, 29). 
During that particular era, there existed a verb form, 

“Vegul” or “Vegulthal” (சவேகுள்/சவேகுள்ேல்), akin to 
“Nagai/Nagaithal,” (நறக/நறகத்ேல்) actively used. 
While the verb form has ceased to be in use today, the 
noun form “Veguli” has undergone a semantic shift. It 
no longer signifies anger but has adopted an entirely 
new meaning—’innocent or naive.’

The vestiges of the original verb “Vegul” 
linger in words such as “Vegundan” (சவேகுண்்டான்), 
denoting irritation. Notably, only the past tense is 
prevalent, lacking present or future tense conjugations 
like “Vegulkiran” (சவேகுள்கிைான்)  or “Vegulvan” 
(சவேகுள்வோன்), though grammatically plausible. 

The absence of these forms stems from the linguistic 
evolution wherein the original verb “Vegul” has become 
obsolete, and the noun “Veguli” has assumed a new 
connotation. Presently, “Vegundan” is employed as a 
figure of speech rather than a consciously used verb 
conjugation, reflecting the linguistic transformations 
and shifts in meaning that have occurred over time.

Another popular term that is commonly used in 
tamil movie songs is “Annam” (அன்னம்/அன்னப்்பைறவே). 

In contemporary usage, “Annam” is commonly 
associated with swans. However, this was not the case 
during the Sangam period. Numerous descriptions 
in Sangam literature indicate that “Annam” actually 
refers to the common teal, a lesser bird-of-paradise, 
or a kind of a whistling duck. 

Another instance of a word losing its original 
meaning due to misinterpretation is “Kavarima” 
(கவேரிமா). Over time, this term was incorrectly 
perceived as “Kavarimaan,” (கவேரிமான்) leading to 
its classification as a mythological creature. In reality, 
“Kavarima” refers to an almost extant species called 
Yak (which is mostly found in the himalayan regions), 
emphasizing the impact of misinterpretations on 
linguistic understanding.

Similarly, “Kozhunan” (சகாழுநன்)  originally 
denoted a husband, as evidenced in the usage 
found in Silapathigaram(சி்லப்்பதிகாைம்). However, 
in contemporary language, “Kozhunan” is often 
mistaken for brother-in-law, and it is plausible that 
“Kozhunthan” (சகாழுநேன்)  may have derived from 
“Kozhunan,” showcasing how linguistic nuances and 
meanings can shift over time due to misinterpretations 
and evolving usage. 

Such regional and period specific nuances, dialects 
and accents pose a significant challenge in the realm of 
developing AI models for sentiment analysis. 

IV. OVERVIEW OF TECHNIQUES FOR 
EMOTION & SENTIMENT ANALYSIS

Over the years, progress in computing has 
significantly contributed to the evolution and refinement 
of Tamil language processing. The trajectory of Tamil 
computing, spanning from shallow parsing to machine 
translation, has witnessed notable advancements.  
Numerous initiatives have been undertaken to create 
technological tools and applications specifically tailored 
for the Tamil language (Rajendran, S., et.al, 2018). 
Educational institutions, independent researchers, 
Tamil enthusiasts, and both national and international 
companies have invested extensive efforts over the 
years to advance technology dedicated to the Tamil 
language. 

Some of the techniques developed or adapted since 
last couple of decades include but not limited to:

H. Shallow Parsing
Shallow parsing is an initial phase in language 

processing that involves the identification of tokens, 
parts-of-speech, and the delineation of phrasal units 
or “chunks” within sentences. In the domain of 
Tamil computing, early endeavours were dedicated 
to formulating shallow parsing algorithms aimed at 
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extracting meaningful linguistic units like noun phrases 
and verb phrases from Tamil text. Researchers utilized 
rule-based methodologies and linguistic heuristics, 
laying the foundational groundwork for more 
sophisticated language processing techniques.

I. Tokenization
Tokenization, a crucial process, entails breaking 

a text into smaller units referred to as tokens. These 
tokens can encompass fully formed words, sub words, 
characters, or phrases, contingent upon the desired 
granularity of analysis. While spaces play a pivotal 
role in token identification in written language, Tamil 
presents a challenge with frequently occurring multi-
token words (MTW) that require segmentation for 
subsequent processing steps. MTWs introduce multiple 
grammatical components within a single word, 
necessitating a token status for further analysis.

J. Part-of-Speech (POS) Tagging
Part-of-speech (POS) tagging, another fundamental 

aspect, assigns grammatical categories such as nouns, 
verbs, and adjectives to words, facilitating deeper 
analysis and comprehension of sentence structure. 
These tagged elements serve as vital building blocks 
for subsequent natural language processing tasks. It 
involves open class category tagging like adjective, 
adverb, pronoun, verb, interjection, noun, etc., and 
closed class category tagging like coordinating  
conjunction, adposition, numeral, auxiliary, determiner, 
particle, subordinating conjunction, proper noun etc. 

K. Chunking
Chunking involves grouping smaller units or 

constituents in a sentence to comprehend their phrasal 
structure, aiding in the identification of phrases and 
relationships and offering insights into syntax and 
language comprehension.

L. Morphological Analysis
Morphological analysis stands as another integral 

component in Tamil language processing, encompassing 
the breakdown of words into morphemes. This process 
aids in understanding word structures and inflections 
in Tamil, where inflections, representing modifications 
or additions to a word, convey crucial grammatical and 
contextual information. For instance, Tamil employs 
inflections for verb conjugations, tense markers, case 
markers, and gender agreements. Analyzing these 
inflections unveils the syntactic and semantic nuances 
embedded in the language, fostering more accurate and 
insightful language processing. The incorporation of 
universal dependency morph features becomes pivotal, 
as these features, realized as inflections within words in 
Tamil, play a crucial role in language understanding and 
interpretation.

V. OVERVIEW OF PAST WORKS 
(INDICATIVE)

Sobha Lalitha Devi et al. implemented a finite state 
automata model to capture the regular inflectional 
patterns in Tamil, enhancing the accuracy of morpheme 
extraction. The processing of a Tamil word unfolds from 
right to left, with the finite state automaton accepting 
suffixes and progressing until the final state reveals the 
root word. A valid word is identified when morphemes 
are accepted at all states, triggering the extraction of its 
morphological analysis.

Mokanarangan et al. devised a morphological engine 
designed to generate multiple candidate analyses for a 
word, leveraging an annotated lexicon corpus and a 
repository of Tamil grammatical rules. These candidates 
underwent assessment by an SVM classifier, utilizing a 
high-frequency word list to predict the most accurate 
analysis. The SVM’s considerations encompassed 
frequency-based scores, suffixes, lexical labels, and 
average length as features, contributing to a robust 
morphological analysis system.

A guidebook titled “Building Transformer Models 
with Attention,” authored by Jason Brownlee, Stefania 
Cristina, and Mehreen Saeed in 2022 for Machine 
Learning Mastery, serves as a comprehensive resource. 
The authors illustrate the process of creating a Neural 
Machine Translator (NMT) from the ground up using 
the transformer architecture in Keras. This guide offers 
practical insights and implementation techniques, 
particularly emphasizing attention mechanisms for 
natural language processing in complex languages like 
Tamil. Tailored for developers and machine learning 
enthusiasts, this resource provides hands-on guidance 
for constructing advanced models, showcasing real-
world applications of transformer architectures, 
particularly in the realm of machine translation.

Nazir and Wang conducted an extensive survey, 
delving into the dynamic landscape of ChatGPT. Their 
focus encompassed the advancements, applications, 
prospects, and challenges associated with a diverse 
array of linguistic computations.

VI. BRIEF OVERVIEW OF SENTIMENT 
ANALYSIS ALGORITHMS

While specific sentiment analysis algorithms 
tailored exclusively for the Tamil language may not be 
as abundant as those for more widely spoken languages, 
the following list includes general sentiment analysis 
algorithms and approaches that can be adapted or 
trained for Tamil sentiment analysis:

VADER (Valence Aware Dictionary and sEntiment 
Reasoner) - A rule-based sentiment analysis tool that 
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is particularly effective for social media text. It can be 
customized for sentiment analysis in Tamil.

TextBlob - Offers a simple API for diving into 
common natural language processing (NLP) tasks, 
including sentiment analysis. It can be trained or 
adapted for Tamil sentiment analysis.

FastText - Developed by Facebook, FastText is a 
library for efficient learning of word representations and 
sentence classification. It can be trained for sentiment 
analysis in Tamil.

BERT (Bidirectional Encoder Representations 
from Transformers) - While BERT models are often 
pretrained on large datasets in English, fine-tuning on 
smaller datasets for Tamil sentiment analysis can be 
explored.

LSTM (Long Short-Term Memory) - A type of 
recurrent neural network (RNN) that can be used for 
sequence prediction problems, including sentiment 
analysis. It requires labelled datasets for training in 
Tamil.

Word2Vec - Represents words in vector space, which 
can capture semantic relationships. Pretrained models 
can be used or adapted for Tamil sentiment analysis.

Naive Bayes - A probabilistic algorithm that makes 
assumptions about the independence of words. It can be 
trained for sentiment analysis in Tamil.

SVM (Support Vector Machines) - A machine 
learning algorithm that can be applied to sentiment 
analysis tasks. It requires labeled training data in Tamil.

CNN (Convolutional Neural Network) - Effective for 
text classification tasks, including sentiment analysis. It 
can be adapted for Tamil sentiment analysis with proper 
training data.

Gated Recurrent Unit (GRU) - A type of recurrent 
neural network similar to LSTM, suitable for sequence-
based tasks like sentiment analysis in Tamil.

mBERT (Multilingual BERT) is a language 
representation model developed by Google, pretrained 
on diverse languages. 

MuRIL (Multilingual Representations for Indian 
Languages) extends mBERT’s capabilities to Indian 
languages, promoting cross-lingual understanding. 
Both models enhance natural language processing 
tasks by capturing multilingual nuances and improving 
performance across various languages.

VII. CONCLUSION
It’s important to note that building effective 

sentiment analysis models for Tamil may require 
extensive labelled datasets in Tamil. Tremendous 
amount of efforts and work is being carried out by 
public and private organisations to increase the dataset 
pool for classical as well as modern Tamil literature. 
In addition, the existing algorithms may need fine-
tuning or training specifically for the language nuances. 
Additionally, leveraging transfer learning or pretraining 
on larger datasets in English followed by fine-tuning on 
smaller Tamil datasets can be an effective strategy to 
build efficient language models specifically for Tamil. 
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Z. 2011. Tamil Dependency 
Parsing: Results Using RuleBased 
And Corpus Based Approaches. 
In International Conference on 
Intelligent Text Processing and 
Computational Linguistics. Berlin: 
Springer, pp. 82-95. 

[16] Nazir, A., & Wang, Z. (2023). A 
comprehensive survey of ChatGPT: 
Advancements, applications, 
prospects, and challenges. Meta-
Radiology, 100022. https://doi.
org/10.1016/j.metrad.2023.100022.

[17] Renganathan, Vasu 2016. 
Computational Approaches to 
Tamil Linguistics. Cre-A, Chennai. 

[18] ச ே ா ல் க ா ப் பி ்ய ர்  எ னு ம் 
சமயப்்ப ாடடி்யல் அறிஞர் !  By 

Munaivar Ko.Vijayaraghavan | 
Published in Dinamani. Published 
On : 02nd July 2023, https://
www.d inamani . com/week ly -
supplements/tamilmani/2023/
ju l /02 / to lkappiyar- i s -a - t rue-
scholar-4031133.html

[19] உற்ட்யார், கவி காளதமகம் - சித்லற்ட 
்பா்டல்கள், September 8, 2011 in 
ேமிழும் ந்யமும்

[20] Mark Purdy, John Zealley, and 
Omaro Maseli, 2019, The Risks 
of Using AI to Interpret Human 
Emotions, Published in Harvard 
Business Review

[21] Chevillard, Jean-Luc, 2010b, “ 
‘Rare words’ in classical Tamil 
literature: from the Uriyiyal  to 
the Tivākaram “, pp. 301-317, in  
ACTA ORIENTALIA, Volume 63, 
Number 3/September 2010

[22] S.Rajendran, Resolution of Lexical 
Ambiguity in Tamil, published in 
the Computational linguistics and 
NLP Amrita Vishwa Vidya Peetam, 
Coimbatore.

[23] Sarveswaran, K., Dias, G. & 
Butt, M. ThamizhiMorph: A 
morphological parser for the Tamil 
language. Machine Translation 
35, 37–70 (2021). https://doi.
org/10.1007/s10590-021-09261-5

[24] Agesthialingom, S. (1971). A note 
on Tamil verbs. Anthropol Linguist, 
13.

[25] Allauzen, C., Riley, M., Schalkwyk, 
J., Skut, W., & Mohrir, M. (2007). 
OpenFst: a general and efficient 
weighted finite-state transducer 
library BT - International 

conference on implementation and 
application of automata. Springer. 
https://doi.org/10.1007/978-3-540-
76336-9_3

[26] M., Suriyah., Aarthy, Anandan., 
Anitha, Narasimhan., Madhan, 
Karky. (2019). Piripori: 
Morphological Analyser for Tamil.   
doi: 10.1007/978-3-030-24051-
6_75

[27] S., Lushanthan., A., R., 
Weerasinghe., Dulip, Herath. 
(2014). Morphological analyzer 
and generator for Tamil 
Language.  190-196. doi: 10.1109/
ICTER.2014.7083900

[28] Rajasekar, M., Geetha, A. (2022). 
Comparison of Machine Learning 
Methods for Tamil Morphological 
Analyzer. In: Raj, J.S., Palanisamy, 
R., Perikos, I., Shi, Y. (eds) Intelligent 
Sustainable Systems. Lecture Notes 
in Networks and Systems, vol 213. 
Springer, Singapore. https://doi.
org/10.1007/978-981-16-2422-
3_31

[29] S., Lushanthan., A., R., 
Weerasinghe., Dulip, Herath. 
(2014). Morphological analyzer 
and generator for Tamil Language.   
doi: 10.1109/ICTER.2014.7083900

[30] Ananthi, Sheshasaayee., V., 
R., Angela, Deepa. (2016). A 
Conceptual Model for Acquisition 
of Morphological Features of 
Highly Agglutinative Tamil 
Language Using Unsupervised 
Approach.   doi: 10.1007/978-81-
322-2757-1_49



 KaniTamil24  |  193

INTRODUCTION
The field of sentiment analysis and emotion 

recognition has witnessed substantial growth in 
recent years, driven by the increasing demand for 
understanding human sentiments in diverse linguistic 
contexts. While numerous studies have explored these 
domains in widely spoken languages, there exists 
a significant gap when it comes to languages with 
distinct linguistic characteristics, such as Tamil. This 
research endeavours to bridge this gap by delving into 
the intricate nuances of sentiment and emotion within 
the context of the Tamil language, encompassing both 
written text and spoken language.

Tamil, a Dravidian language spoken predominantly 
in the Indian subcontinent, boasts a rich literary 
tradition and cultural diversity. Its unique syntactical 
structures and linguistic idiosyncrasies present a 
compelling challenge for sentiment analysis and 
emotion recognition systems. Recognizing the cultural 
and contextual aspects embedded in the Tamil language 
is crucial for developing models that can accurately 
capture the sentiments and emotions expressed by 
Tamil speakers.

In the era of natural language processing (NLP), the 
significance of understanding sentiments goes beyond 
mere linguistic analysis. It extends to applications in 
customer feedback analysis, social media monitoring, 
and human-computer interaction tailored to specific 
linguistic communities. Therefore, the primary objective 
of this research is to leverage advanced NLP techniques 
to develop robust models capable of discerning 
sentiments and identifying emotions in Tamil content.

The investigation adopts a comprehensive approach, 
incorporating diverse datasets that mirror the linguistic 
richness of Tamil communication. The datasets 
encompass both written text, sourced from social media, 
news articles, and online forums, and spoken language, 
collected through interviews and recordings. This dual-
modal dataset ensures that the developed models are 
adaptive to the varied forms of expression within the 
Tamil language, be it the written word or the nuances 
embedded in spoken discourse.

Methodologically, this research employs advanced 
feature extraction techniques to capture the distinctive 
characteristics of Tamil sentiments and emotions. For 
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written text, we employ TF-IDF and word embeddings, 
while for spoken language, we leverage Mel-Frequency 
Cepstral Coefficients (MFCCs) to represent the acoustic 
features of speech. The choice of these techniques is 
driven by the need to preserve the cultural and linguistic 
richness of Tamil expressions.

In the realm of model development, we explore 
both traditional machine learning algorithms and state-
of-the-art deep learning architectures. Support Vector 
Machines (SVM) and Random Forests are considered 
for their interpretability and effectiveness in handling 
textual data. Concurrently, deep learning models, 
including Recurrent Neural Networks (RNNs) and 

Transformer architectures, are employed to capture 
sequential dependencies and semantic relationships 
within the Tamil language.

The anticipated outcomes of this research extend 
beyond the academic sphere. We envision that the 
developed models will find practical applications in 
domains such as customer feedback analysis, where 
understanding customer sentiments is paramount for 
business growth, and social media monitoring, where 
real-time sentiment analysis aids in gauging public 
opinions. Moreover, the incorporation of emotion 
recognition in human-computer interaction tailored 
to Tamil speakers has the potential to enhance user 
experiences in technology-driven applications.

ARCHITECTURE

 Figure 1: Architecture of the model

The architecture of our sentiment analysis and 
emotion recognition model is designed to capture the 
intricate nuances of the Tamil language, employing a 
dual-modal approach that incorporates both written text 
and spoken language. The model is divided into key 
components, beginning with data preprocessing and 
feature extraction, followed by the implementation of 
traditional machine learning and state-of-the-art deep 
learning algorithms.

DATA PREPROCESSING AND FEATURE 
EXTRACTION

The initial phase involves the preprocessing of both 
textual and speech data. For written text, we employ 
techniques such as tokenization, stemming, and the 
removal of stop words to clean and standardize the input. 
Additionally, we utilize TF-IDF and word embeddings, 

such as Word2Vec and GloVe, to extract relevant 
features that capture the semantic relationships and 
contextual meaning embedded in the Tamil language. In 
the case of spoken language, the audio data undergoes 
preprocessing through the extraction of Mel-Frequency 
Cepstral Coefficients (MFCCs), capturing the acoustic 
features necessary for discerning emotional nuances.

MACHINE LEARNING COMPONENT
The model integrates traditional machine learning 

algorithms to analyze the preprocessed textual features. 
Support Vector Machines (SVM) and Random Forests 
are chosen for their ability to handle high-dimensional 
data and their interpretability. These algorithms are 
trained on the extracted features, learning to map the 
linguistic and emotional patterns present in the Tamil 
language.
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DEEP LEARNING COMPONENT
Simultaneously, the model incorporates deep learning 

architectures to capture the sequential dependencies 
within the data. Recurrent Neural Networks (RNNs) 
and Transformer models are employed to process both 
textual and speech data. RNNs are adept at capturing 
temporal dependencies, while Transformer models 
excel in handling non-sequential relationships within 
the data. This dual approach ensures that the model 
is capable of recognizing complex emotional patterns 
present in both written and spoken Tamil expressions.

MODEL FUSION AND OUTPUT
The outputs from the machine learning and deep 

learning components are fused at an integration layer. 
This fusion is essential for synthesizing the diverse 
insights gained from the two modalities, creating 
a comprehensive understanding of sentiments and 
emotions in Tamil content. The final output provides 
not only sentiment labels but also nuanced emotion 
predictions, offering a more holistic interpretation of 
the emotional landscape within the Tamil language.

TRAINING AND OPTIMIZATION
The entire model undergoes a rigorous training 

phase using diverse datasets, and hyperparameters 
are fine-tuned to enhance performance. The training 
process involves minimizing the loss function 
by adjusting model parameters, ensuring that the 
model generalizes well to unseen data. Optimization 
techniques such as dropout and batch normalization are 
applied to prevent overfitting and improve the model's 
robustness. The deployed model is integrated into real-
world applications, allowing end-users to benefit from 
sentiment analysis and emotion recognition tailored 
to the Tamil language. Continuous monitoring and 
feedback mechanisms are implemented to gather user 
insights, facilitating future improvements to the model. 
The modular and adaptable architecture ensures that 
the model can be extended to accommodate additional 
linguistic complexities and evolving language patterns 
in Tamil communication.

METHODOLOGY
Data Collection

The foundation of our methodology lies in the 
collection of diverse datasets that accurately represent 
the linguistic and emotional landscape of the Tamil 
language. For written text, we employ web scraping 
techniques to gather data from social media platforms, 
news articles, and online forums. Simultaneously, 
spoken language data is collected through interviews 
and recordings, capturing the varied expressions and 
tones inherent in natural speech. This dual-modal 

dataset ensures a comprehensive understanding of 
sentiment and emotion in both written and spoken Tamil 
communication.

Data Preprocessing
Before feeding the data into the model, an extensive 

preprocessing phase is implemented. For written text, 
we employ tokenization, stemming, and the removal of 
stop words to clean and standardize the textual content. 
In the case of spoken language, the audio data undergoes 
preprocessing, including the conversion of speech to 
text using Automatic Speech Recognition (ASR) and 
normalization of audio signals. This ensures that the 
input data is ready for subsequent feature extraction and 
analysis.

Feature Extraction
Feature extraction is a critical component of our 

methodology, where we aim to capture the linguistic 
and acoustic characteristics that define sentiment and 
emotion in Tamil. For written text, we utilize techniques 
such as TF-IDF and word embeddings (Word2Vec, 
GloVe) to represent the semantic relationships between 
words. In the realm of spoken language, Mel-Frequency 
Cepstral Coefficients (MFCCs) are extracted to 
represent the acoustic features crucial for discerning 
emotional nuances in speech.

Model Development
The model development phase incorporates both 

traditional machine learning algorithms and deep 
learning architectures. For traditional machine learning, 
Support Vector Machines (SVM) and Random Forests 
are chosen for their interpretability and effectiveness 
in handling textual data. Simultaneously, deep learning 
models, including Recurrent Neural Networks (RNNs) 
and Transformer architectures, are employed to capture 
sequential dependencies within the data. This dual-
model approach ensures a comprehensive understanding 
of sentiment and emotion across diverse linguistic 
expressions.

Model Training and Evaluation
The models are trained on the prepared datasets, 

with rigorous evaluation using techniques such as cross-
validation to ensure robustness and generalizability. 
During training, the models learn to map the extracted 
features to sentiment labels and emotion predictions. 
Hyperparameter tuning is performed to optimize model 
performance, and the models are evaluated on metrics 
such as accuracy, precision, recall, and F1 score to 
gauge their effectiveness in capturing the nuances of 
Tamil sentiment and emotion.

Integration and Deployment
Once the models demonstrate satisfactory 

performance, they are integrated into real-world 
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applications. Cloud services such as AWS or Azure 
are employed for scalable and efficient deployment. 
Web development frameworks are used to create user 
interfaces that allow seamless interaction with the 
models, facilitating practical applications in domains 
such as customer feedback analysis and social media 
monitoring.

Testing and Optimization
The deployed models undergo thorough testing 

to ensure their reliability and accuracy in real-world 
scenarios. Quality assurance tools are employed, and 
continuous monitoring mechanisms are established to 
gather user feedback. Model optimization techniques, 
including pruning and quantization, may be applied to 
enhance efficiency and reduce computational resources 
while maintaining accuracy.

SVM-RF Model
Support Vector Machines (SVM)

The Support Vector Machines (SVM) component 
of our hybrid model is a classical machine learning 
algorithm renowned for its effectiveness in binary 
and multiclass classification tasks. In the context of 
sentiment analysis and emotion recognition for Tamil 
language, SVM serves as a robust foundation. SVM 
works by finding the optimal hyperplane that separates 
data points of different classes with a maximum margin. 
In our model, the SVM classifier is trained on the 
preprocessed textual features extracted from the written 
Tamil content. By mapping these features onto a higher-
dimensional space, SVM strives to discern the complex 
patterns and boundaries inherent in sentiment-laden 
textual data.

Random Forests (RF)
Complementing the SVM component is the 

Random Forests (RF) algorithm, a powerful ensemble 
learning method that excels in handling complex, 
high-dimensional data. Random Forests operate by 
constructing a multitude of decision trees during the 
training phase, each tree offering its prediction. In the 
case of our model, the RF component is trained on the 
same textual features as SVM, providing a diversified 
perspective on the learned patterns. By aggregating 
the predictions of multiple decision trees, Random 
Forests mitigate overfitting and enhance the model's 

generalization capabilities. This is particularly valuable 
for capturing the diverse linguistic expressions present 
in Tamil text.

Integration and Fusion
The SVM and RF components operate in parallel, 

each providing its unique insights into the sentiment 
and emotion expressed in Tamil content. The outputs 
from these classifiers are then fused at an integration 
layer, allowing for a synergistic interpretation of the 
dual-modal data. This fusion is crucial for creating a 
holistic understanding of sentiments and emotions, as 
SVM and RF capture different aspects and subtleties 
in the complex landscape of the Tamil language. By 
combining the strengths of both algorithms, our SVM-
RF model strives to achieve a more comprehensive 
and nuanced analysis than what could be attained with 
either algorithm in isolation.

Hyperparameter Tuning
Both SVM and RF models undergo meticulous 

hyperparameter tuning to optimize their performance. 
Parameters such as the regularization parameter (C) in 
SVM and the number of trees and maximum depth in 
RF are fine-tuned using techniques like grid search or 
random search. This ensures that the models generalize 
well to unseen data and are capable of capturing the 
specific linguistic nuances present in Tamil sentiments 
and emotions.

Application in Sentiment Analysis and Emotion 
Recognition

The SVM-RF model is applied to real-world 
applications such as customer feedback analysis and 
social media monitoring, leveraging its ability to discern 
sentiments and emotions expressed in both written text 
and spoken language. The model's output, synthesized 
through the fusion of SVM and RF predictions, provides 
a more comprehensive understanding of the emotional 
landscape within the Tamil language. The adaptability of 
this hybrid model makes it well-suited for applications 
where capturing the richness and diversity of emotions 
in Tamil communication is paramount. 
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Data Collection
The process begins with the collection of diverse 

datasets, encompassing both written text and spoken 
language, to represent the linguistic and emotional 
richness of the Tamil language. Written text is obtained 
through web scraping from social media, news articles, 
and online forums, while spoken language data is 
collected through interviews and recordings. This dual-
modal dataset forms the foundation for training the 
hybrid SVM-RF model.

Data Preprocessing
The collected data undergoes a rigorous 

preprocessing phase to ensure that it is ready for feature 
extraction. For written text, this involves tokenization, 
stemming, and the removal of stop words to clean 
and standardize the textual content. In the case of 
spoken language, audio data is converted to text using 
Automatic Speech Recognition (ASR), and signals are 
normalized. This preprocessing step sets the stage for 
extracting meaningful features that capture the linguistic 
and acoustic characteristics specific to Tamil sentiments 
and emotions.

Feature Extraction
Feature extraction is a critical step in our process 

flow. For written text, we utilize techniques such as TF-
IDF (Term Frequency-Inverse Document Frequency) 
and word embeddings (Word2Vec, GloVe) to represent 
the semantic relationships and contextual meaning 

embedded in the Tamil language. Simultaneously, Mel-
Frequency Cepstral Coefficients (MFCCs) are extracted 
from the spoken language data to capture the acoustic 
features essential for discerning emotional nuances in 
speech.

SVM Model Training
The preprocessed and feature-extracted data is then 

fed into the Support Vector Machines (SVM) component 
of the model. SVM is trained to discern sentiment and 
emotion patterns within the written Tamil content. The 
algorithm aims to find the optimal hyperplane that 
separates different classes of sentiments, learning the 
complex patterns and boundaries present in the high-
dimensional feature space.

RF Model Training
Concurrently, the Random Forests (RF) component 

is trained on the same textual features as SVM. 
Multiple decision trees are constructed during the 

training phase, each offering its unique prediction. The 
ensemble of decision trees in the Random Forests model 
mitigates overfitting and enhances the model's ability to 
generalize well to diverse linguistic expressions.

Integration of SVM and RF
The outputs from the SVM and RF components 

are integrated at a fusion layer. This integration allows 
for the synthesis of the unique insights provided by 
each algorithm. The combination of SVM and RF 

PROCESS FLOW

 
Figure 2: Process flow of the model 
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predictions ensures a more comprehensive and nuanced 
understanding of sentiments and emotions in Tamil 
content, considering the diverse linguistic expressions 
present in both written and spoken language.

Hyperparameter Tuning
Both the SVM and RF models undergo 

hyperparameter tuning to optimize their performance. 
Parameters such as the regularization parameter (C) 
in SVM and the number of trees and maximum depth 
in RF are fine-tuned using techniques like grid search 
or random search. This step ensures that the models 
generalize well and effectively capture the specific 
linguistic nuances of Tamil sentiments and emotions.

Model Deployment
Once the SVM-RF model is trained and fine-tuned, 

it is deployed for practical applications. Cloud services 
such as AWS or Azure are employed for scalable and 
efficient deployment. Web development frameworks 
are utilized to create user interfaces, allowing end-
users to interact with the model and receive sentiment 

and emotion predictions tailored to the Tamil l 
anguage.

Evaluation and Feedback Mechanism
The deployed model is rigorously evaluated on 

metrics such as accuracy, precision, recall, and F1 score 
to assess its performance. Continuous monitoring and 
feedback mechanisms are established to gather user 
insights, facilitating future improvements to the model. 
This iterative process ensures that the model remains 
adaptive and effective in capturing evolving linguistic 
expressions within the Tamil language.

Application in Diverse Domains
The final step involves applying the SVM-RF model 

in practical domains such as customer feedback analysis 
and social media monitoring. The adaptability of the 
model to both written and spoken language makes it 
suitable for various applications where understanding 
sentiments and emotions is crucial. The model's outputs 
contribute to a deeper understanding of the emotional 
landscape within the Tamil-speaking community.
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INTRODUCTION
Tamil Nadu is one of the leading milk producer 

state in India. To reach the top positions, some more 
interventions are needed both at grass root levels and 
throughout the dairy value chain. Each farmer needs to 
improve their cow’s / buffalo’s milk productivity and 
this requires inputs of modern knowledge, resources 
and practices. Many technology solutions are deployed 
in leading nations, while it is not so in India. Adoption 
of these technologies at our villages is difficult as they 
will be in English and majority of our farmers cannot 
read and understand English based processes. Rural 
Communities of Tamil Nadu needs advanced technology 
in understandable language and in their mother tongue – 
The Tamil. This paper presents the features of the Tamil 
Language Interfaced  “Milk Productivity Improvement 
Technology Platform” – christened as “MILK PIT”.

CURRENT STATUS AND LITERATURE
With India being the World’s No.1 Milk Producer, 

our milk productivity per cow is very low. To achieve 
higher milk productivity per cow, our farmers need 
many advanced technologies. Besides technology 
development, their translation to rural applications 
is the mainstay to achieve a success. All the current 
technologies are existing only in English based 
interface. Hence it requires the services of an English 
literate person. The IoT Technologies developed and 
deployed in livestock sector so far is not exception 
and all of them were English based. AI and IoT based 
technologies are increasing used in milk production 
monitoring (Vishniakou and Zhifeng, 2022)

In some of the software interfaces developed for 
such farmer centric technologies does not have Tamil 
as an Option and our farmers are not able to understand 
any information from these machines. No literature 
exist in the public domain about the use of Tamil as 
interface in technology enabled service delivery to 
Livestock Farmers.

Hindi, Telugu, Kannada were tried by some 
commercial entities in the Milk Collection Software 
with varied success. Still no efforts were there on to use 
Tamil language 9nterface in Milk quality analyzers. For 

ABSTRACT
Many technology solutions are deployed in leading nations, 
while it is not so in India. Adoption of them is difficult as 
they will be in English and our Farmers cannot read and 
understand English based processes. Rural Communities of 
Tamil Nadu needs advanced technology in understandable 
language. Our approach to Tamil Nadu is developing and 
deploying Dairy Farmers Support Digital Solutions through 
Tamil Language Integrated “Milk Productivity Improvement 
Technology Platform”. IoT Technology is used here to 
connect with dairy farmers who produce milk and sell it to 
the State’s Milk Producers Co-operative Federation. Tamil 
Language interfaced digital solutions are the only options. 
Capture and monitoring the data of milk constituents of each 
cow, by veterinary medical experts who specializes in Dairy 
Animal Production Medicine, helped in early detection of 
milk yield reductions and helped to prevent losses. Each 
farmer will get immediate alerts in Tamil language, so as to 
help them improve production practices & health care. 
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the first time, we are developing Tamil language based 
user interface in the IoT enabled Milk Testers.

METHODOLOGY
Our approach to Tamil Nadu is developing and 

deploying Dairy Farmers Support Digital Solutions 
through Tamil Language Integrated “Milk Productivity 
Improvement Technology Platform”. IoT Technology is 
used here to connect with dairy farmers who produce 
milk and sell it to the State’s Milk Producers Co-operative 
Federation. As many of them were not educated nor 
English speakers, Tamil Language interfaced digital 
solutions are the only options. 

The Milk is analyzed by Milk Tester Machines 
available at Village Milk Societies and price of milk 
is fixed based on its fat content. During this analytical 
process, many milk constituents are measured like fat, 
solids not fat, protein, etc. and all these data are simply 
discarded once the price is fixed. These data are very 
vital and essential for improving milk productivity of 
each cow. 

Unfortunately currently these data are not at all 
utilized and hence no attempts are being made to 
improve milk productivity. Monitoring the milk 
constituents of each cow, by veterinary medical experts 
who specializes in Dairy Animal Production Medicine, 
early detection of milk yield reductions can be identified 
and losses can be prevented. Each farmer will be sent 
immediate alerts in Tamil language, so as to help them 
improve production practices & health care. Current 
technology prototype was successful and was validated 
under field conditions.

Tamil Language Interface Development
In our villages farmers milk the cattle and sell 

majority of their milk to the village milk co-operative 
society. In the Milk Society, then milk is tested using an 
analyser and it gives out a print out or display of some 
parameters. These are the levels of some constituents 
present in the milk and using some of them, the milk 
price is fixed. The remaining data output is just left out 
or trashed. If an IoT module access these discarded data 
and with the help of Large Language Models (LLMs), 
we are able to develop farmer centric information 
empowerment to increase the milk productivity. 

LLMs are used as a method of answering any of the 
farmer's questions. Firstly, the correct LLM is evolved 
and deployed for this purpose. This LLM shall be able 
to handle the native language of our farmers - Tamil. 
In its next stage, the LLMs are given data about the 
intricacies of dairy animal farming so that all of the 
farmer’s queries can be answered. This information must 

be taken into account productivity and how friendly it is 
to the environment and give information accordingly so 
the farmer can choose what is best for them. 

There have been a few models that aimed to use 
different vernacular languages like Tamil for their 
training dataset. Initially, the integration of Automatic 
Speech Recognition (ASR) with ConvLSTM Networks 
represented a groundbreaking leap in local language 
detection. The speech was recognized using the ASR 
and this served as the database for the model. The model 
employed ConvLSTM which combined the capabilities 
of CNN and a Long Short Term Memory model. 
However, constructing a Language Model (LLM) for 
Tamil, especially for farmers and rural communities, 
presents challenges. For other languages too, it presents 
challenges due to its diverse local and geographical 
dialects. As a result, leveraging a semi-supervised 
speech corpus significantly improved outcomes for the 
complexity inherent in the language's variations. 

Recently, the llama2 model was used to address the 
limitation of underrepresentation of Tamil in language 
models like ChatGPT by adding 16,000 Tamil tokens 
to enhance text generation and comprehension. It used 
LoRA(Long Range) methodology and tailored datasets, 
to achieve performance improvements in Tamil 
language tasks. These research aimed to encourage 
further advancements and innovations in language 
modeling by making the models, datasets and code 
openly available. Thus, with further improvements in 
optimizing LLMs for different languages such as Tamil, 
they can be incorporated into various use cases. The 
datasets can be improved and thus used for fine tuning 
the parameters. Farmers, especially, would benefit 
greatly from the implementation of LLMs to improve 
their productivity and performance. 

Mobile Phone based Tamil Interface for IoT 
Milk Tester:

With emerging knowledge, it is possible to 
develop an app that can show nothing but Tamil. The 
disadvantage here in we can't code fully in Tamil yet. 
Rather, we don't code in English or Hindi or Spanish, 
etc. Only Java, Python, C+ etc. are the platforms used 
to develop coding and these languages are currently in 
English script only. It will be a long time before they 
come up in any other script.

Tamil Farers Friendly User Interface:
To facilitate every family member of our rural 

families and farmers understand the process and enable 
its operation by ever one. They will get to know in 
Tamil language, the results and the advices to rectify 
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mistakes. This enables the farmers themselves to 
undertake earliest intervention and there by restore 
production. Most importantly these Tamil language 
based guidance’s for early farm gate early interventions 
helps to prevent escalation of further losses and severity 

of ill health and related issues, all of which reduces 
the associated expenditure costs and saves the farmers 
the money and ensures continuity of production. It has 
bilingual modality with English, so as to trouble shoot 
the issues. 

 Cloud & Fog Computing based Support using Tamil Interface for Livestock Farmers   

 

Technology behind this Farmer Intervention 
Centric Milk Tester

Advanced Technologies are mainstay in 
manufacturing and related sectors. Can any of these 
technologies can be directly be deployed for usage 
by illiterate farmers or rural families who does not 
know English? It is not possible as of now. When we 
can develop Language Technologies and Language 
Interface Technologies for emerging modern tools, 
then technologies like Internet of Things (IoT), 
fog computing, cloud computing, and data-driven 
techniques can be fine tweaked and deployed and all 
together offer a great opportunity for not only verticals 
such as dairy industry, but also our rural milk producers 

with just one or two dairy cows per rural household to 
increase productivity by getting actionable insights in 
their language – the Tamil, to improve dairy farming 
practices and milch animal health care, thereby 
increasing the efficiency and yield. 

Our approach here is, developing a cloud and fog 
computing–assisted end-to-end IoT platform for 
usage at village milk cooperative societies and milk 
collection points for milk analysis and there by using 
the milk constituent data for health monitoring in our 
predominantly rural and extremely small scale milk 
producers as well as for usage in rest of the dairy 
farming scenario in the state. 
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RESULTS AND DISCUSSION
Technology is essential for development of a 

society and a state. Without people understanding 
the technology, there is no scope for development. 
Unless it is transferred in majority of the people’s 
preferred language, such technology transfers cannot 
be achieved. Societal transformation needs language 
centric technology approaches. 

With Tamil Nadu leading in many domains, the 
emerging advanced technologies also needs to be 
integrated with language interfaces. Livestock Farming 
of Tami Nadu is at the cross roads of transformation. 
It plays a major role in the development of rural 
communities of Tamil Nadu. Tamil Language based 
technology interventions are our goals and presenting 
here with one such technology here.

Our approach is developing low cost module so 
as to make it field adaptable with high success rates. 
Commercial entities are selling IoT Milk Analyzers 
at higher costs, which may not be practicable for 

the resource constrained village milk co-operative 
societies. Beside, these societies have already older 
versions of machines and may not be interested to get 
new ones or have resources to invest in new gadgets. 
Hence converting existing old/conventional milk testers 
would be an easy option and hence development of an 
IoT Connector Module becomes practicable approach 
here. It also resulted in cost cutting and easy translation 
for field applications.

Sensors that measure the milk components and these 
are combined to create compact and versatile system 
that characterizes the quality of milk into data and these 
are finally showed on alphanumeric showcase screen. 
Conjointly with the assistance of IoT tools, the data on 
milk can be sent to the producer and end users and the 
intermediaries in between. It helps the stake holders, 
policy makers and the governments. With the Tamil 
Language interface all becomes much easier for every 
one the dairy value chain can easily understand and it 
becomes an actionable data.
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Advantage of the IoT technology is that it allows the 
devices and objects to be sensed or controlled remotely 
across existing network infrastructure, creating 
opportunities for more direct integration of the physical 
world into computer-based systems, and resulting in 
improved efficiency, accuracy and economic benefit in 
addition to reduced human interventions. When IoT is 
augmented with sensors and actuators, it becomes an 
instance of a general class of cyber-physical systems. 

Milk testing instruments are made to help accurately 
analyze the properties or characteristics of raw cow and 
buffalo milk such as fat, SNF, added water, density, 
protein, lactose. Unfortunately all of these data are not 
utilized in every day farming practice, while phenomenal 
scope exists to improve farming practices and farmers’ 
incomes. IoT integration with such testers provides 
not only the measurement of mixed milk components, 
of both cows and buffaloes, but the effective analysis 
of the data and deriving very actionable insights from 
those data.

In fact in many of the private dairy organizations, 
smart data processing based milk collection and analysis 

systems were already being deployed while it is not so in 
the government run cooperative milk sector units. Such 
smart solutions helps efficiently manage the entire dairy 
supply chain, making the process faster, more accurate 
and transparent. While it not only receives, processes 
and transmits data, but it also supports to improve the 
conventional village-level milk collection systems 
which is used by milk producers and milk contractors.

For the dairy value chain, edge computing and edge 
devices are going to be the game changes. We already 
use some devices that do edge computing every day—
like smart speakers, watches and phones – devices 
which are locally collecting and processing data while 
touching the physical world. Internet of Things (IoT) 
devices, point of sales (POS) systems, robots, vehicles 
and sensors can all be edge devices—if they compute 
locally and talk to the cloud. When these are deployed 
innovatively, all of it will help to improve farmer’s 
income, especially the farmers are empowered with data 
driven actionable information in their mother tongue – 
Tamil.

 

Total Milk Information in Tamil for Farmers to Know and Act
     

                                                                          
 

CONCLUSION:
Emerging Digital Technologies like Artificial 

Intelligence holds great economic, social, medical, 
security and environmental promises. Unfortunately 
they are not tapped for the growth of livestock sector in 

our state and that exactly is what the Tamil Nadu state 
government agencies need to explore and exploit. Our  
State’s Livestock sector shall aim to harness the power 
of AI for the public good while making it ethically 
compatible with human values. 



206  |  KaniKovai

Our efforts and approach through developing and 
deploying Dairy Farmers Support Digital Solutions 
through Tamil Language Integrated “Milk Productivity 
Improvement Technology Platform” is fruitful. The 
developed prototype using IoT Technology is found to 
be successful and is being used to connect with dairy 
farmers. Tamil Language interfaced digital solutions 
capturing and monitoring the data of milk constituents 
of each cow, helped farmers. More importantly it helped 
veterinary medical experts who specializes in Dairy 
Animal Production Medicine, towards developing 
strategies for early detection of milk yield reductions 
and helped to prevent losses. Farmers were able to get 
immediate alerts in Tamil language, so as to help them 
improve production practices & health care.

FUTURE POTENTIALS:
Government of Tamil Nadu had many initiatives 

towards bringing in Tamil Interface with all service 
delivery platforms. The TNeGA has already developed 
a Tamil chatbot, named “Anil” , using Natural Language 
Processing and Artificial Intelligence Technologies. 
This Tamil chatbot is helping to guide and advise 
people by answering their queries and guide them to 
obtain government services like obtaining nativity 
certificates, income certificates, government certificates 
etc. When such Tamil, based chatbots are integrated in 
to Farmers Technology Platforms like this “Milk PIT”, 
it will further help improve farmer’s day to day abilities 
in solving many of their problems and increase their 
revenue potentials, and overall prosperity

Vishniakou U.А., Zhifeng H. Development 
and Optimization of the Internet of Things 
Network for Product Quality Monitoring. 
Doklady BGUIR. 2022;20 (4):80-87. (In 
Russ.) https://doi.org/10.35596/1729-
7648-2022-20-4-80-7
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1. INTRODUCTION
Research by others have shown that Tamil students 

in Malaysia encounter hurdles in mastering Tamil 
handwriting due to inadequate resources, limited 
guidance, and inconsistent practice (Rudrapathy & 
Rudrapathy, 2022). The difficulties they face include 
the complexity in Tamil letter forms, inability to write 
fluently and smoothly as they do when they write English 
or Malay with Latin alphabets. These difficulties make 
Tamil handwriting practice uninteresting (Winskel, 
2020). It takes less strokes and curves to write Latin 
alphabets compared to Tamil. However, the many 
curvatures in Tamil letters can add to the beauty of the 
forms with correct stroke movements (Nedumaran, 
2018).

The aim of this research is to develop a tablet-
based Tamil handwriting app, with seven key features, 
that offers a guided approach (THAGA) for children 
to learn, practice and enjoy Tamil handwriting with a 
digital pen. 

THAGA needs to address the above concerns. At the 
same time, it should synchronise with the tools currently 
used by the children in schools, like worksheets and 
activity books.

The first thing we did was to discuss and arrive at 
a list of seven key features we want THAGA to have. 
Using these key features as the requirements, we 
evaluated nine existing handwriting apps for Tamil 
language that are available in Apple’s App Store and 
Google Play for tablets. Among the nine, three were 
available on both platforms. While some of the apps 
had some of the features, none of them had all the seven 
features we enlisted. Since none of the apps met all 
features in our list, we went ahead and built a prototype 
to implement our features with a minimal set of data for 
selected letters. The purpose of this prototype was to 
study the effectiveness of the guided approach with six 
of the seven features, before developing the full-fledged 
app.

With this prototype, we went ahead to conduct our 
second phase of the study: to evaluate the effectiveness 
of the guided approach used in THAGA to help improve 
the ability of children to write the selected letters in the 
correct form. The study was also expanded to ascertain 
if the children learnt, practiced, and enjoyed writing the 

ABSTRACT
Handwriting is and essential skill, especially among 
children. Writing by hand requires greater cognitive 
involvement than typing. Stroking each letter engages 
various neural pathways in the brain. These trigger regions 
linked to language, memory, and motor abilities. Proficient 
handwriting helps with effective communication and clear 
expression of ideas which in turn provides a foundation 
for lifelong learning and academic success. In Malaysia, 
children learn Tamil alongside two other languages: Malay 
and English which are written in Latin. The complex forms 
of Tamil letters, relative to Latin, and the lack of resources 
to practice is becoming a demotivating factor for children 
to learn and enjoy Tamil handwriting. This research aims 
to help fill that gap through the creation of a tablet-based 
application, with seven key features, that will guide children 
using simple data models. The application will show 
animated stroke movements of each letter, let children 
follow along the movements, and assess the accuracy of 
the final letter forms written by the children. To study the 
effectiveness of the approach, 20 children aged 7 were 
selected as sample from 4 different schools. Qualitative 
and quantitative methods were used to collect data and 
analyse the outcome. In conclusion, this research presents 
a pioneering method that combines machine learning 
techniques and motivational strategies to assist children in 
honing their Tamil handwriting skills. The integration of 
technology not only enhances learning outcomes but also 
instils a sense of enthusiasm, making the process of learning 
Tamil handwriting enjoyable and rewarding for young 
learners.
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Tamil letters with THAGA. We also wanted to ensure 
21st century values such as self-directed learning, ICT 
literacy and collaborative learning can be applied to the 
child or a group of children indirectly.

2. SEVEN KEY FEATURES OF THAGA
We analysed the current tools like worksheets and 

activity books used in schools to teach Tamil handwriting. 
Since THAGA is targeted as a supplementary tool, 
alongside current tools, the feature set must complement 
the current tools and not isolate itself with a completely 
different approach to teaching Tamil handwriting. It can, 
however, improve the current approach with the use of 
technology and machine learning capabilities. Based on 
this principle, we arrived at these seven key features:

i. The letter forms used as templates in the tool 
should closely match a person’s handwriting as 
opposed to a letter from a typeface designed by 
a type-designer.

ii. The tool should take advantage of writing 
instruments like digital pens or pencils to closely 
match real world handwriting experience with a 
regular pen or pencil.

iii. The writing area should provide similar metrics 
lines as provided in paper worksheets and 
activity books.

iv. Include animated movements of the correct 
stroke directions, instead of arrows along the 
lines which sometimes can appear congested 
and cause confusion.

v. When assessing the letter drawn by the child, 
compare the directions of all strokes against the 
template form, instead of only the overall shape 
of the final form. This will ensure that the letter 
is written in the correct direction as shown in the 
animation in (iv). 

vi. As the child practices drawing the letters, learn 
the correct forms drawn by the child and move 
the template to those learnt forms instead of 
sticking with the original template. This will 
indirectly encourage the child to develop a 
unique writing style and score higher points 
when new drawings of the letters are assessed.

vii. When the practice has covered all the required 
letters in Tamil, provide the ability to export the 
final forms of the drawn letters into a font that 
can be used in all applications.

3. LIMITATIONS IN CURRENTLY 
AVAILABLE APPS

None of the apps we evaluated included all the seven 
key features. The most notable absence that we saw as 
critical limitations were features (i) and (v). All apps 
used an embedded Tamil font or the resident Tamil font 
in the system, which were designed by type designers. 
They did not appear as a naturally handwritten letter. 
The resident fonts were not designed for this intent. 

Also, when tracing the letters, the user was forced 
to stay within the stroke boundaries, even if the strokes 
were moving in the right direction. In other words, the 
assessment was done with strict compliance to the exact 
strokes of the template letter and not the overall stroke 
directions and form of the letter. 

4 DEVELOPMENT & IMPLEMENTATION 
OF THAGA PROTOTYPE

We wanted to study the effectiveness of the first 
six of the seven features before beginning full-
fledged development of THAGA. For this purpose, 
we developed a prototype that allowed children, 
who will be the actual users of the app, to learn and 
practice a few letters. We interviewed some teachers 
who teach children Tamil handwriting to get their 
perception on which letters needed the most attention. 
They explained that children generally learn simple 
letters like ்ட, ்ப and ம quite easily. However, they 
have difficulties writing other complex letters. Based 
on this feedback, we chose four letters where most 
children had difficulty writing: இ, ே, ழ, and ஐ. 

The seventh feature in our list required all letter 
forms to be available in order to create a font. As such, 
we dropped this in the prototype and kept it for the full-
fledged app.

The prototype app was built for iPads with Apple 
Pencil, running iPadOS 15.0 and later. We chose this 
platform as it had readily available frameworks like 
SwiftUI and PencilKit with which we could quickly 
build the user interface and add stroking features to 
draw letters. With this setup, we started adding the first 
six of the seven key features.

4.1 Template letters
The template letters were drawn in the prototype 

app itself. The strokes, which included the start point, 
end point and direction information, were captured as 
drawings. These drawings were saved into binary files 
and used as the data model to access the letters drawn 
by the children. We used the available functions in 
iPadOS that allowed developers to capture the drawing 
data. These functions are published in the PencilKit 
documentation (Apple Developer, 2024).
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4.2 Apple pencil
Apple’s iPadOS includes excellent integration with 

the ApplePencil through the PencilKit framework. The 
latest version of this framework includes a monoline 
inking tool that draws strokes with uniform thickness 
irrespective of the speed and direction of the strokes. 
This closely emulates a regular pencil or pen. In earlier 
frameworks, this inking tool was absent. However, we 
could adjust the thickness to make it uniform after the 
stroke is drawn. In either case, the second key feature 
can be met with this framework.

4.3 Metrics lines
We drew 4 horizontal lines in the app’s writing area: 

baseline, letter height, ascender, and descender. This 
follows the lines drawn in paper worksheets and activity 
books for Tamil handwriting used in Malaysia. 

4.4 Animating strokes
Since the prototypes are stored as PencilKit drawing 

data, which in turn contain vector data, animating 
them was made possible with SwiftUI’s animation 
frameworks (Apple Inc, 2023). The speed at which the 
strokes are drawn can also be adjusted. The user can 
either choose to keep the template visible while the 
strokes are animated or just show the drawing of the 
strokes alone. 

4.5 Assessing user drawn strokes
When users finish writing a letter the stokes of 

the written letter is compared against the stokes for 
that letter in the data model. Comparison is done 
using Fréchet distance. Fréchet distance measures 
the similarity between curves that takes into account 
the location and ordering of the points along curves 
(Figueira, 2020). By adjusting the acceptable distance, 
we can allow flexibility in scoring. For the prototype, 
we set an arbitrary minimum distance and adjusted it 
based on a few inputs from children. This is to ensure 
that the assessment is neither too restrictive nor too 
loose. The main aim is to get children to write the letter 
in the correct order and shape. It need not perfectly 
match the template form in the model. Also, ability 
to score easily will help motivate the children to keep 
writing and this in turn will give us more strokes for the 
learning as explained in 4.6.

4.6 Learning new strokes
When the children complete writing a letter and if the 

assessment of the strokes in the letter based on Fréchet 
distance hit a score higher than 90, the drawing data of 
that newly written letter is added to the data model. This 
will serve as additional data when evaluating the score 
of future strokes for the same letter from the same child. 
As more and more such data are added to the model, 
the tool will evaluate future writings to match closer 

to the child’s writing instead of the template. This will 
let children keep hitting higher scores in the app, again 
serving as a motivation to make them keep writing.

5. EVALUATION
Before embarking on the research process to 

evaluate the features of THAGA with sampled users, 
the prototype was shown to three experts from three 
different universities in Malaysia: UTM, UPM and UM, 
to validate the features for use in schools. The three 
experts reviewed and asserted that the features were 
in line with the aim of THAGA, which is to provide 
a guided approach for children to learn, practice and 
enjoy Tamil handwriting with a digital pen.

With the experts’ clearance and the six features 
coded in, the prototype app was used to evaluate the 
following three areas: 1) effectiveness of the guided 
approach to teach the letter forms, 2) the perception 
from the teachers about the features of this app, and 3) if 
the students showed enthusiasm in learning and enjoyed 
writing the selected letters.

This research process consisted of the following four 
steps 1) plan, 2) implement, 3) observe, and 4) reflect. 
These four steps were adopted based on the model 
developed by Kemmis and McTaggart (Kemmis et al., 
2014). 

The research was guided by four teachers, one 
each from four different schools. The teachers selected 
five children who were students, aged seven, from 
each school with written consent from the school and 
parents. These students were selected based on their low 
achievement in writing. We also prepared three iPads 
with THAGA prototype pre-installed for the children. 
Classes were planned for five sessions in the month of 
November 2023. Each session lasted for a period of 30 
minutes. A pre-test was given by the teachers before the 
first session started. In the pre-test, the students were 
asked to write these four letters on a lined paper with a 
pencil. 

In the first four sessions the students wrote on 
the iPad running the THAGA prototype. In the final 
session, post-tests were conducted to measure progress 
in handwriting skills for the same four letters.

6. OUTCOME OF EVALUATION
The outcome of the evaluation was positive for all 

the three areas. The guided approach was effective in 
improving the handwriting among the students, the 
perception from the teachers about the features was 
positive and the students showed enthusiasm in learning 
to write the Tamil letter forms.
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6.1 Improvements in handwriting
 Figure 1 shows the percentage comparison analysis 

between pre-test and post-test for handwriting based 
on adapted rubric scores from (Ganesan & Abu Bakar, 
2023; John & Renumol, 2022). The scores were 
collected from the pre- and post-tests. The graph clearly 
shows that all the 20 study participants increased their 
scores in the post-test, which was conducted after using 
THAGA to learn and practice the four chosen letters: இ, 
ே, ழ, and ஐ. The improvements in scores were more than 
50% across all the letters. Writing of letter இ improved 
by 62%, ே improved by 50.8%, ழ by 57.2%, ஐ by 52%. 

Figure 1: Analysis between pre-test and post-test .

Overall, the results of the analysis showed that 
the use of the THAGA helped improve the mastery 
of writing the selected letters, which were relatively 
difficult, among the 20 study participants. 

6.2 Teachers' perception of THAGA's features
Teachers' perceptions of THAGA’s features were 

assessed using a series of interview questions. Overall, 
teachers' feedback indicated an increased interest 
in writing among students after using the THAGA 
prototype. Additionally, the teachers affirmed that the 
features are suitable and user-friendly, specifically for 
children. They liked the way the app presented and 
animated the template letters which clearly showed 
the start point, the stroke direction and the end point. 
This was seen suitable for beginners to write the letters 
correctly, which is a problem they have been facing. 
Children write the letters in the correct form but often 
in the wrong direction. Teachers also mentioned that 
ApplePencil on the iPad gave the children the feeling of 
using a regular pencil. They became accustomed with 
the tool very quickly and started using it immediately. 
The teachers were also happy with the 4 lines feature as 
it followed the lines in worksheets and activity books 
for Tamil handwriting used in the classroom. Finally, 
they liked the way THAGA evaluated the letter forms 
written by the children. Although it was internally 
using, Fréchet distance, a method that they could not 

understand, they found the result to be extremely 
interesting. Especially when it took into consideration 
the correct stroke paths of the letters. When the children 
wrote the letters from another direction, the assessment 
clearly showed that it was wrong.

6.3 Students’ enthusiasm
Teachers reported that students who participated 

in the study thoroughly enjoyed writing the letters 
இ, ே, ழ, and ஐ using THAGA. Additionally, the 
teachers noted that the students found it easy and 
straightforward to write these letters after practicing 
with the prototype app. Furthermore, the teachers 
observed that the students were largely self-directed 
and engaged in collaborative efforts with their peers 
in the classroom.

7. CONSIDERATIONS FOR THE FULL APP
The evaluation exercise conducted with the prototype 

app provided us with the confidence that the seven key 
features we enlisted for THAGA will effectively fulfil 
our goal of creating a tablet-based Tamil handwriting 
app that offers a guided approach for children to learn, 
practice, and enjoy Tamil handwriting using a digital 
pen.

The prototype app only focused on handwriting 
practice on இ, ே, ழ, and ஐ. The full app will need 
a data model that contains template strokes for all 
the forms required to write Tamil. These forms will 
include vowels, consonants, vowel-signs and the 
aytham. For beginners, these forms can be introduced 
in groups that are organised by simplicity and shape 
of the forms. 

Besides letters, THAGA can also include exercises 
for children to write words and sentences. The 
application can include a large wordlist with the ability 
to extract words that contain only selected letters 
through a regular expression search. Such a list and the 
search expressions exist in the open sourced Hibizcus 
project by Muthu Nedumaran (Nedumaran, 2023).

7.1 Font creation
The seventh key feature we enlisted for THAGA was 

the ability to export the letter forms written by the user 
as a complete working Unicode font, with all OpenType 
shaping logic included in it. This will serve as a great 
motivation for the children to use their own font when 
they learn touch typing in Tamil in the future.

7.2 Other platforms
The prototype depended heavily on frameworks 

available in Apple’s operating systems, especially 
iOS and iPadOS. Frameworks like PencilKit greatly 
simplified stylus and finger-based drawing on Apple’s 
devices. To create a similar user experience on 
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other platforms like Android and Windows, similar 
frameworks need to be developed.

8. CONCLUSION 
In the prototype of THAGA, only 4 letters were 

chosen to evaluate the effectiveness of the approach with 
six of the seven key features. As described in section 6, 
the children and the teachers found the approach to be 
effective. Using a guided approach with templates that 
match strokes, curves and their direction proved to be 

very effective for children to learn Tamil handwriting. 
The results of the evaluation further strengthen the key 
features that we had identified for THAGA.

The final app need not be confined to seven-year-
old children, whom we chose as the sample to do the 
evaluation. It can be used to as a tool for any children 
in any age group who want to learn or improve their 
Tamil handwriting which in turn brings in the benefits 
of writing by hand. The app can also be offered to non-
Tamil speaking children or adults across the world who 
are interested in learning Tamil handwriting.
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வோசிப்பு: வேநே வேழியும் வேளரும் வேழியும்

மு ப் ்ப த் ற ே ந து  ஆ ண் டு க ள ா க 
எழுதிகசகாண்டிருககிதைன், எழுத்துத் துறையில் 
மடடும்ோன் இ்யங்கிகசகாண்டிருககிதைன். இநே 
முப்்பத்றேநது ஆண்டுகளில் இநேத் துறை ொர்நது 
த்பெப்்பட்ட கருத்துகளுள் முேன்றம்யானது, ‘வோசிப்புப் 
்பழககம் குறைநதுவிட்டது’ என்்பதுோன். ்பதிப்புத் 
துறையிலும் ெரி, ்பத்திரிறகத் துறையிலும் ெரி. ்யாறைக 
தகட்டாலும் ே்யங்காமல் இேறனச் சொல்வோர்கள். 
இைண்்டாயிைத்துப் ்பத்சோன்்போம் ஆண்டுககு முன்புவேறை 
இககூறறை உறுதி செயவேேறகுப் புள்ளிவிவேைங்கறளத் 
தேடி எடுகக தவேண்டும். தகாவிட ச்பருநசோறறுககுப் 
பிைகு நிறுத்ேப்்பட்ட ்பத்திரிறககள், மு்டங்கிப்த்பான 
்பதிப்்பகங்கறளச் சுடடிககாடடினாத்ல த்பாதும் என்ை 
நிற்ல உண்்டாகியிருககிைது.

நல்்லது. இது ஒரு சிககல். ஆனால் தீர்கக முடி்யாே 
சிககல் அல்்ல. இேன் தீர்வு, இநேச் சிககற்ல நாம் 
எப்்படிப் புரிநதுசகாள்கிதைாம் என்்பதில் இருககிைது. 
ச்பாதுவோக, ேமிழ்ச் ெமூகம் வோசிப்பிலிருநது வி்லகிச் 
செல்கிைது என்று குறைம் ொடடுவேறே விடுத்து, நாம் 
எப்்படி இருநதோம், எங்கிருநது எங்தக நகர்நது 
வேநதிருககிதைாம் என்று சு்ய மதிப்பீடு செயது ்பார்ப்்பது 
இவவிஷ்யத்தில் ெரி்யான ்ப்லறனத் ேரும்.

கிபி 1492ஆம் ஆண்டுோன் அசமரிககா என்ை நாத்ட 
கண்டுபிடிககப்்படுகிைது. ஆனால் கிபி 1554 பிப்ைவேரி 
11ஆம் தேதி த்பார்ச்சுகலின் ேற்லநகைான லி்ஸ்பனில் 
முேல் ேமிழ்ப் புத்ேகம் அச்ொகிவிட்டது. இன்றைககு 
ஆங்கி்ல லிபியில் ேமிறழ எழுதுவேறே ேங்கிலீஷ 
என்கிதைாம் அல்்லவோ? அன்றைககுத் ேமிறழ ்லத்தீன் 
சமாழியில் எழுதிப் ்பதிப்பித்ோர்கள். ‘ேமிழ் சமாழியிலும் 
த்பார்த்துகீசி்யத்திலும் அறமநே திருமறைச் சிறதைடு’ [1] 
என்்பது அநநூலின் ச்ப்யர்.

கவேனிகக தவேண்டி்ய இ்டம் இதுோன். ்பதினாைாம் 
நூறைாண்டில் இநே முேல் ேமிழ்ப் புத்ேகம் அச்ொன 
ெம்யத்தில் இங்தக ேமிழ்நாடடில் செப்புப் ்பட்ட்யங்களில் 
அைெச் செயதிகள் சவேளி்யாகிகசகாண்டிருநேன. 
கல்சவேடடில் எழுதும் வேழககமும் இருநேது. அச்சு நூல்கள் 
சவேளி்யாகத் சோ்டங்கி்யோல் நமது ்பாைம்்பரி்யமான 
செப்புப் ்பட்ட்யங்களில் எழுதுவேதும் கல்சவேடடில் 
எழுதுவேதும் அருகி, இல்்லாமல் த்பாயவிட்டன என்று 
என்ைாவேது வேருத்ேப்்படடிருககிதைாமா?

ஆயவுச்சுருககம்
்பதினாைாம் நூறைாண்டில் சவேளி்யான முேல் ேமிழ் 
நூலிலிருநது இன்று வேநதிருககும் கிண்டில் செல்த்பசி 
செ்யலிகள் வேறை ேமிழ் நூல்களும் வோெகர்களும் எப்்படி 
வேளர்நதிருககிைார்கள் என்்பறே இககடடுறை ஆைாயகிைது.

அடுத்து வேநதுசகாண்டிருககும் ஈனும் செ்யறறக 
நுண்ணறிவு கா்லத்தில் எழுத்ோளர் என்்பவேர் ்யார்? 
அவேைது ்பணி என்னவோக இருககும்? இனி வேரும் 
கா்லங்களில் கணினியும் செ்யறறக நுண்ணறிவும் 
இல்்லாமல் ேமிழ் எழுத்தும் வோசிப்பும் இ்யங்க முடி்யாது 
என்கிை சூழ்நிற்லயில் ேமிழ் வோசிப்பின் அடுத்ேக கட்டம் 
என்னவோக இருககப் த்பாகிைது என்றும் இககடடுறை 
ஆைாயகிைது. 

்பா. ைாகவேன்

டிஜிட்டல் உ்லகில் ேமிழ் வோசிப்பு: 
தநறறு, இன்று, நாறள 

்பா. ைாகவேன்
ஆசிரி்யர், சமடைா்ஸ த்பப்்பர்
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இதுதவேோன் இன்றை்ய ‘வோசிப்பு அருகிவிட்டது’ 
என்கிை வோேத்துககும் நாம் முன்றவேககககூடி்ய எளி்ய 
்பதில். வோசிப்பு குறை்யவில்ற்ல. ஆனால் தவேறு 
ே்டங்களில் வி்லகி முன்தனைத் சோ்டங்கியிருககிைது. 
ேமிழ் வோசிப்பு என்்பது டிஜிட்டல்ம்யமாகியிருககிைது. 
இறண்யேளங்கள், வேற்லப்்பதிவுகள், ்யாைூ, கூகுள் 
குழுமங்கள், ஆர்குட, ்ப்ஸ என்று சோ்டங்கி இன்று 
டவிட்டர், ஃத்ப்ஸபுக, இன்்ஸ்டாகைாம், த்சைட என்று 
விரிநதிருககிைது. மின் நூல்கள், ஒலி நூல்கள், ஒலி-
ஒளி நூல்கள் ஏைாளமாக வேைத் சோ்டங்கியிருககின்ைன. 
கா்ல மாறைத்றேத் ேவிர்கக முடி்யாேது த்பா்லதவே, 
அநேநேக கா்லகட்டத்தின் வேளர்ச்சிகறள உள்வோங்கிச் 
செழிப்்பறேயும் ஒரு செம்சமாழி ேவிர்கக விரும்்பாது.

நாம் இம்மாறைம் நிகழ்நதுசகாண்டிருககும் கா்லத்தில் 
வோழ்வேோல் இரு ேைப்ற்பயும் கவேனிகக முடிகிைது. 
உணர்ச்சிவேெப்்ப்டாமல் அ்லசிப் ்பார்கக முடிகிைது.

இம்மாறைம் சோண்ணூறுகளின் இறுதியில் நிகழ 
ஆைம்பித்ேது. இறண்யம் அப்த்பாது ஓர் ஆ்டம்்பைம். 
நிறுவேனங்களில் இருககும். வேெதி ்பற்டத்ேவேர்களின் 
வீடுகளில் மடடும் இருககும். மின்னஞெல் அனுப்்ப 
கம்ப்யூட்டர் சென்்டருககுச் சென்று வேநதேன் என்று 
சொல்வேதும் ஓர் அநே்ஸது அறிகுறி்யாகப் ்பார்ககப்்பட்ட 
கா்லம் அது. இநே நூறைாண்டின் சோ்டகக ஆண்டுகளில் 
றவேஃற்ப சோழில்நுட்பம் இநதி்யாவில் ்பைவே ஆைம்பித்து, 
ொோைண மககளுககும் இறண்யம் ொத்தி்யம் என்ைான 
பின்பு டிஜிட்டல் வோசிப்பு தவேகசமடுககத் சோ்டங்கி்யது. 
ஆங்கி்லம், சேர்மன், பிசைஞச், ்ஸ்பானிஷ சமாழிகறள 
அடுத்து அதிக வேற்லப்்பதிவுகறளக சகாண்்ட 
சமாழி்யாகத் ேமிழ் திகழ்நேது. மறைநே ேமிழ் 
அறிஞர் அவறவே ந்டைாென் 2004 ஆம் ஆண்டு ஓர் 
இ்லககி்ய தமற்டயித்லத்ய இத்ேகவேற்லத் சேரிவித்ோர். 
உண்றமயில், ேமிழில் எழுதுதவோரும் ்படிப்த்பாரும் 
கணிெமாக அதிகரிககத் சோ்டங்கி்யது இைண்்டாயிைமாவேது 
ஆண்டுககுப் பிைகுோன்.

அ ே ற கு  முன்ன ா ல்  எண்ணிகற க்ய ா க ச் 
சொல்்லப்்பட்ட அதிக்படெ ொேறன எதுசவேன்று 
ஒரு கணம் சிநதித்துப் ்பாருங்கள். குமுேம் வோை 
இேழ் ஒரு குறிப்பிட்ட கா்லகட்டத்தில் ஆறு ்லடெம் 
பிைதிகள் விறைறே மடடுதம நிறனவுகூை முடியும். 
நாளிேழ்களித்லத்ய மிக அதிக விற்பறன காணும் 
தினத்ேநதி ேனித்ேனித்ய ்பதினாறு பிைாநதி்யங்களில் 
அச்சி்டப்்படடு சவேளி்யாகிைது. இநநாளிேழின் அதிக்படெ 
விற்பறன்யாகச் சுடடிககாட்டப்்படுவேது, 2015 ஆம் 
ஆண்டின் இைண்்டாம் ்பகுதியில் இது எடடி்ய ்பதிதனழு 
்லடெம் என்கிை எண்ணிகறக. [2] ேமிழ் அறிநே மககளின் 
எண்ணிகறகத்யாடு இநே எண்றண ஒப்பி்டககூ்ட 
முடி்யாது. உ்லகில், ேமிறழத் ோயசமாழி்யாகக சகாண்டு 
த்பசுதவோரின் எண்ணிகறக எண்்பத்சோன்்பது தகாடி. 
அேறன நிறனவுகூர்நோல் தமறசொன்ன எண்ணிகறக 
ஒன்றுதம இல்ற்ல என்்பது விளங்கிவிடும்.

ஒரு சவேகுேன வோைப் ்பத்திரிறக, சவேகுேன நாளிேழின் 
அதிக்படெ எண்ணிகறகத்ய ேமிழில் இதுவோகத்ோன் 

இருநதிருககிைது என்னும்த்பாது புத்ேகங்களின் விற்பறன 
எப்்படி இருககும்? 

ஆண்டுககுத் தோைா்யமாகப் ்பதிறனநோயிைம் ேமிழ் 
நூல்கள் [4] சவேளி்யாகின்ைன. இநதி்ய அளவில் இநதி 
சமாழிககு அடுத்ே்படி்யாக அதிக எண்ணிகறகயில் 
புத்ேகங்கள் சவேளிவேருவேது ேமிழில்ோன். இேை மூன்று 
சேன்னிநதி்ய சமாழிகளில் சவேளி்யாகும் நூல்களின் 
எண்ணிகறக இதில் ்பாதி்யளவுகூ்ட இல்ற்ல. ஆனால் 
புத்ேக வோெகர்கள் என்று ்பார்த்ோல் ேமிழில் அதிக்படெம் 
இைண்டு ்லடெம் த்பறைச் சொல்்ல முடியும். இநே 
எண்ணிகறகககு ஆோைப் புள்ளிவிவேைமாக ஏதுமில்ற்ல. 
ஆனால் ்பத்ோண்டுக கா்லம் ேமிழின் முன்னணி 
்பதிப்பு நிறுவேனம் ஒன்றின் ேற்லறம ஆசிரி்யைாகப் 
்பணி்யாறறி்யவேன் நான். மாநி்லம் முழுதும் சுறறுப்்ப்யணம் 
தமறசகாண்டு ்பல்தவேறு ேைப்்பட்ட வோெகர்களு்டன் 
உறை்யாடியிருககிதைன். ஏைாளமான புத்ேகக காடசிகளில் 
்பங்சகடுத்திருககிதைன். அநே அனு்பவேம் ேருகிை எண் இது. 
இேறகு தமல் மிக நிச்ெ்யமாக இல்ற்ல. இவேர்கள்ோன் 
ெறம்யல் நூல்கள், ஆன்மிக நூல்கள், சு்ய முன்தனறை 
நூல்கள், தொதி்ட நூல்கள், வோழ்கறக வேை்லாறுகள், 
சோழில்ொர் நூல்கள், நவீன இ்லககி்ய நூல்கள், 
கவிறேகள் எனத் ேமது விருப்்பத்துகதகற்ப வோங்கி 
வோசிப்்பவேர்கள். இதில் கவேனிகக தவேண்டி்ய முககி்யமான 
அம்ெம் ஒன்று உண்டு. இநே இைண்டு ்லடெம் என்ை 
எண்ணிகறகத்ய சமல்்ல சமல்்லப் ச்பருகி உருவோகி 
வேநேதுோன். இைண்்டாயிைமாவேது ஆண்டுககு முன்னர் 
ேமிழ் புத்ேக வோெகர் உ்லகின் சமாத்ே எண்ணிகறக 
ஒரு ்லடெத்துககு தமல் கிற்ட்யாது.

நன்கு விறகும் புத்ேகம் என்ைால் ஆயிைம் பிைதிகள். 
மிக நன்ைாக விறகும் புத்ேகம் என்ைால் இைண்்டாயிைம் 
பிைதிகள். ேமிழ்ப் ்பதிப்பு்லகம் எப்த்பாதும் சொல்லும் 
எண்ணிகறக இதுோன். அபூர்வேமாக எப்த்பாதேனும் 
ஒன்றிைண்டு புத்ேகங்கள் ஐ்யாயிைம், ஆைாயிைம் 
என்ை இ்லகறக எடடியிருககின்ைன. அது எழுது்பவேரின் 
நடெத்திை மதிப்பிறனப் ச்பாறுத்து நிகழ்வேது. கணககில் 
சகாள்ள முடி்யாே வேறகற்யச் தெர்நேது.

இேறன இவவேளவு உற்டத்துக காடடுவேேறகு ஒரு 
காைணம் உண்டு. ஒப்பீட்டளவில் ேமிழ்ச் ெமூகம் 
வோசிப்பில் மிகவும் பின்ேங்கி்ய ெமூகதம ஆகும். 
புத்ேகங்களின் எண்ணிகறக இங்தக அதிகரிககுதம 
ேவிை, வோெக எண்ணிகறக ச்பருகாது. காைணம், 
மிகத் சோ்டகக கா்லம் முேத்ல நாம் ‘த்பசிக தகடடு’ப் 
்பழகி்யவேர்கள். [5] வோசித்து அறிநது வேநேவேர்கள் 
அல்்லர். அைசி்யல், ஆன்மிகம் சோ்டங்கி அறனத்துத் 
துறைொர் ேகவேல்கறளயும் உறைகளின் மூ்லமாக, 
சொறச்பாழிவுகளின் மூ்லமாகதவே உள்வோங்கிப் ்பழகி்ய 
ஒரு மககள் கூட்டம், வோசிப்பு என்னும் செ்யலுககுச் 
சுணங்குவேது இ்யறறக.

யுனிதகாட என்னும் புைடசி
இந ே  வேழக கம்  ம ா ை த்  ச ே ா ்டங்கி்யத ே 

இைண்்டாயிைமாவேது ஆண்டுககுப் பிைகு நிகழத் 
சோ்டங்கி்ய டிஜிட்டல் வோசிப்புப் ்பழககத்தினால்ோன். 
ேமிழில் இது அதிதவேகம் சகாள்ள மூ்ல முேறகாைணம் 
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யுனிதகாட என்னும் ஒருங்குறியின் வேைவும் வீச்சும் 
என்்பதில் ெநதேகமில்ற்ல.

இறண்யம் இங்தக அறிமுகமான கா்லத்தில் ேமிழில் 
ஒரு மின்னஞெல் எழுதினால் கூ்டதவே நாம் ்ப்யன்்படுத்தி்ய 
எழுத்துருறவே அதே அஞெலில் இறணத்து அனுப்பும் 
சூழ்நிற்ல இருநேது. அஞெல் கிற்டககப் ச்பறு்பவேர் அறேப் 
்படிகக தவேண்டுமானால், நாம் இறணத்து அனுப்பி்ய 
எழுத்துருறவே ்டவுன்த்லாட செயது, இன்்ஸ்டால் செயது 
ஒரு சைஃப்சைஷும் செயோல்ோன் ொத்தி்யம்.

எண்ணிப் ்பார்த்ோல் இப்த்பாது சிரிப்புோன் வேருகிைது. 
ஆனால் அப்்படியும் வோழ்நதிருககிதைாம். ேமிழில் 
சநடுங்கா்லமாக அச்சிேழ் சவேளியிடடுகசகாண்டிருநே 
நிறுவேனங்கள் அறனத்தும் ேமகசகன இறண்யேளம் 
சோ்டங்கி்யத்பாது ஆளுகசகாரு எழுத்துருறவேப் 
்ப்யன்்படுத்தினார்கள். ஒவசவோரு ேளத்றேத் திைப்்பேறகும் 
வோெகருககு ஒவசவோரு எழுத்துரு தேறவேப்்பட்டது.

இநே அவே்லம் அறனத்றேயும் யூனிதகாட 
துற்டத்ேழித்ேது. சோழில்நுட்பம் அல்்ல ொகெம். 
நுட்பத்தின் ்ப்யறன மககள் மத்தியில் ்பைவே்லாகக 
சகாண்டு தெர்ப்்பதே ச்பருஞசெ்யல். அநே வேறகயில், 
யுனிதகாடின் வேைவும் ்ப்யன்்பாடும்ோன் ேமிழ் வோசிப்ற்ப 
அடுத்ேக கட்டத்துககு அறழத்துச் சென்ைது என்று 
உறுதி்யாகச் சொல்்ல்லாம். திண்றண, ்பதிவுகள், வோர்ப்பு, 
அம்்ப்லம், ஊ்டறு, ஆைாம்திறண, ேமிதழாவி்யம் த்பான்ை 
இறண்யப் ்பத்திரிறககள் இேன் பிைதக ச்பருமளவு 
வோெக கவேனம் ச்பைத் சோ்டங்கின.

ஆனால் இைண்்டாயிைத்துப் ்பத்ோம் ஆண்டுககுப் பிைகு 
இநே இறண்ய இேழ் வோசிப்பில் ஒரு தேககம் உருவோகத் 
சோ்டங்கி்யது. ெமூக ஊ்டகங்களின் வேளர்ச்சி அேன் 
ேற்ல்யா்ய காைணம். க்லறவே்யான ைெறன சகாண்்ட 
அறனவேரும் இறண்ய இேழ்கறளக காத்திருநது 
வோசித்ேது த்பாக, எதுவும் நிகழும் கணத்தித்லத்ய என்கிை 
புதி்ய சித்ோநேம் தமச்லழத் சோ்டங்கி, மிக விறைவில் 
அது அறனவேறையும் கவேர்நதுசகாண்்டது.

ேவிை, எழுதுதவோர்-வோசிப்த்பார் என்ை இரு ேைப்்பாக 
நிகழ்நே ஒரு செ்யல்்பாடு சமல்்ல சமல்்லத் ேனது 
முகத்றே மாறறிகசகாண்டு எல்த்லாரும் எழுே்லாம், 
எல்த்லாரும் ்படிகக்லாம் என்கிை ேனநா்யகம்யத்தின் 
விறளவோக மிகப் ச்பரி்ய அளவில் பிை்ப்லமற்ட்யத் 
சோ்டங்கி்யது.

ெமூக ஊ்டகங்களின் வேளர்ச்சி

ேமிழ்க கணிறமச் ொேறனகளில் ஒருங்குறிற்யத் 
சோ்டககப் புள்ளி்யாகக சகாள்தவோமானால், இநே 
ெமூக ஊ்டகப் ்பைவேல் இன்சனாரு புள்ளி. எழுதுவேது 
என்னும் செ்யல்்பாடு மிகச் சி்லருககு மடடுதம ொத்தி்யம், 
வோசிப்்பது ஒன்தை சவேகு மககள் செய்யககூடி்யது 
என்னும் கருத்ோககத்றேத்ய ேகர்த்ேது இது. ்யாரும் 
எழுே்லாம் என்்பது மடடுமல்்ல. எறேயும் எழுே்லாம் 
என்கிை சூழலும் இேன் பின்த்ப உருவோகத் சோ்டங்கி்யது. 

அன்ைா்ட நிகழ்ச்சிகள், சிறி்ய ெம்்பவேங்கள், நிறனவுக 
தகாறவேகள், கறேகள், கவிறேகள், கடடுறைகள், 
நறகச்சுறவே, விமரிெனம், அைசி்யல், ஆன்மிகம், 
ச்பாருளாோைம், வேர்த்ேகம் சோ்டங்கி வோழ்வின் 
அறனத்து அம்ெங்கறளயும் அவேைவேர் சமாழியில் 
எழுதிப் ்பார்ககத் சோ்டங்கினார்கள்.

இப்்படி ெமூக ஊ்டகங்களில் எழுே ஆைம்பித்து, 
இறண்யத்துககு சவேளியிலும் எழுத்ோளர்களாக 
அறி்யப்்பட்டவேர்கள் ்ப்லருண்டு. எழுத்துத் துறைககு 
மடடுமன்றி, இங்கிருநது திறைத்துறைககுச் சென்று 
ொதித்ேவேர்களும் இருககிைார்கள். 

அறனத்திலும் உச்ெம் , இன்று சவேளி்யாகும் 
ச்பரும்்பா்லான வோை இேழ்களில் ்பணி்யாறறு்பவேர்களில் 
்ப ்ல ர்  ெ மூ க  ஊ ்ட க ங் க ளி ல்  இ ரு ந து 
கண்ச்டடுககப்்பட்டவேர்கதள. 

வேற்லப்்பதிவில், டவிட்டரில், ஃத்ப்ஸபுககில் எழுே 
ஆைம்பித்ே ஒருவேர் ேமிழின் புகழ்ச்பறை வோை இேழ் 
ஒன்றின் ச்பாறுப்்பாசிரி்யைாகதவே ஆனார் என்்பது 
வேை்லாறு.

இதுவும் ஒரு கட்டம். காடசி ஊ்டகங்கள் - குறிப்்பாக 
யூடயூப் பிை்ப்லமாகத் சோ்டங்கி்ய பின்பு, ெமூக 
ஊ்டகங்களிலிருநது ்ப்ல த்பர் அேறகுத் ோவினார்கள். 
்ப்யண தநைத்தில் இைண்டு விடித்யா ்பார்ப்்பது. தூங்கப் 
த்பாகும் முன் நான்கு வீடித்யா ்பார்ப்்பது. சும்மா 
இருககும் த்பாசேல்்லாம் வீடித்யா ்பார்ப்்பது. 

இது ச்பருக ஆைம்பித்ேத்பாது ெமூக ஊ்டகங்கறள 
அைசி்யல் கடசிகள் குத்ேறகககு எடுத்ேன. ச்பரும்்பாலும் 
அைசி்யல் ொர்நே விஷ்யங்கதள அதிகம் த்பெப்்பட்டன. 
அைசி்யலும் உள்ளிட்ட அறனத்றேக குறித்தும் எழுேவும் 
்படிககவும் விரும்பி்யவேர்கள் இப்த்பாது மீண்டும் இறண்ய 
இேழ்கறளத் தே்டத் சோ்டங்கினார்கள். இேன் விறளவோக 
சவேளிவேைத் சோ்டங்கி்யறவேத்ய சொல்வேனம், ேமிழினி, 
கனலி, நீலி, அருஞசொல், அகழ், சமடைா்ஸ த்பப்்பர் 
த்பான்ை மின்னிேழ்கள்.

வோெகர்கள் ேத்ேமது ைெறன ொர்நது இேழ்கறளத் 
தே ர்நசேடுத்துப்  ்படிககவும் இககா்லககட்டம் 
வேெதி்யளித்ேது. மறுபுைம் ச்டயலி ைண்ட என்கிை 
நிறுவேனம், அறனத்து அச்சிேழ்களுககும் டிஜிட்டல் 
பிைதிற்யத் ேன்னி்டம் வேநது வோசிகக வேழி செயேது. 
திைள் த்பான்ை சி்ல சோகுப்பு மு்யறசிகள், அறனத்துச் 
செயதிகறளயும் அறவே சவேளி்யாகும்த்பாதே 
உ்டனுககு்டன் திைடடி, ஒதை இ்டத்தில் காடசிப்்படுத்தி, 
வோெகரின் அற்லச்ெற்ல எளிறமப்்படுத்தி்யது. திைள் 
ேனது தெறவேககு இ்யநதிைக கறைல் நுட்பத்றேப் 
்ப்யன்்படுத்துகிைது .  அேன் மூ்லம் செயதிகறள 
வேறக பிரித்து பிைாநதி்யவோரி்யாக, செயதிகளின் 
ேன்றமவோரி்யாகப் பிரித்து எளிறமப்்படுத்தித் ேருகிைது.
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வோசிப்பும் எழுத்தும் ேனநா்யகம்யமானேன் 
நல்விறளவுகளுள் ஒன்று இது. இேன் இன்சனாரு 
்பாயச்ெல் தவேசைாரு புைம் ெத்ேமின்றி ந்டநேது. 
மின்நூல்கள்.

மின்நூல் சவேளி

இறண்ய இேழ்கள் வேைத் சோ்டங்கி்ய ஆைம்்ப 
கா்லத்தித்லத்ய சி்ல மின்நூல் மு்யறசிகளும் செயது 
்பார்ககப்்பட்டன. 'ப்ைாேகட மதுறை' இதில் முேன்றம்யான 
முன்சனடுப்பு. புதி்ய அச்சு காணாே ்பண்ற்ட்ய இ்லககி்யப் 
பிைதிகறளத் தேடித் சோகுத்து டிஜிட்டல் வேடிவேமாக 
இவேர்கள் அளித்ோர்கள். புைாேனமான புத்ேகங்களின்மீது 
ஆர்வேமுள்தளாருககு அது ச்பரி்ய வேைப்பிைொேமாக 
அறமநேது.

இைண்்டாயிைத்து நான்காம் ஆண்டு ேமிதழாவி்யம் 
மின் இேழின் ொர்்பாக என்னுற்ட்ய கடடுறைத் சோகுப்பு 
ஒன்றை முேல் முேலில் மின்நூ்லாககிப் ்பார்த்தோம். 
இநேத் சோ்டகக கா்ல மின்நூல் மு்யறசிகறள 
இப்த்பாது எண்ணிப் ்பார்த்ோல் திறகப்பும் வி்யப்புதம 
ஆககிைமிககின்ைன. அன்று ஒரு மின்நூல் என்்பது ஒரு exe 
file. திைநோல் ஒரு தகாப்பு வேரும். உள்தள எத்ேறனக 
கடடுறைகள் அல்்லது கறேகள் உண்த்டா அத்ேறனககும் 
ேனித்ேனித்ய ஒரு எச்.டி.எம்.எல் வேடிவேம் இருககும். 
்ப்யன்்படுத்ேப்்பட்ட எழுத்துரு ேனி்யாக இருககும். 
அப்்படிச்யல்்லாம் உற்டத்துப் ்பார்கக விரும்்பாவிட்டால் 
exe fileஐ இ்யககி தநைடி்யாகப் புத்ேகத்றேப் ்படிககத் 
சோ்டங்கிவி்ட்லாம். இறண்ய உ்லாவியில் அதுவும் ஒரு 
்பககம் த்பா்ல வேநது நிறகும்.

எப்்படியும் ஆயிைம் பிைதிகள் விறறுவிடும் என்று 
எண்ணிகசகாண்டிருநதேன். இைண்த்டா மூன்தைா 
பிைதிகள் விறைன என்று நிறனவு. ஆனால் அநேப் 
புத்ேகத்றேப் ்பறறிப் ்ப்லத்பர் த்பசினார்கள். ்யாைூ 
குழுமங்களில் ஏைாளமான மதிப்புறைகள் சவேளிவேநேன. 
எப்்படி இசேல்்லாம் ந்டககிைது என்தை புரி்யவில்ற்ல. 
பிைகு சேரிநேது. அநே இைண்த்டா மூன்தைா நல்்லவேர்கள் 
ேமது மின்னஞெல் ்படடி்யலில் உள்ள அத்ேறன த்பருககும் 
ோம் ச்பறை இன்்பத்றேத் ேள்ளி விடடிருககிைார்கள்.

இது எககா்லத்திலும் எல்்லாத் ேளங்களிலும் இருககும் 
பிைச்றன. ற்பைசி. இறண்யத்தின் எல்ற்லகளறை 
வேெதி வோயப்புகள் இத்திருடற்ட இன்னும் விரிவோகச் 
செயவேேறகு உேவி்யது. ஓசிஆர் என்னும் ஈடு இறண்யறை 
நுட்பம் கண்்டறி்யப்்பட்டத்பாது ேமிழ் ெமூகம் எவவேளவு 
மகிழ்ச்சி சகாண்்டது என்்பறே நாம் அறிதவோம். ஆனால் 
அச்சுப் புத்ேகங்கறளப் ்படிச்யடுத்து, திருடடுத்ேனமாகச் 
சுறை விடுவேேறதக அது ச்பரும்்பாலும் ்ப்யன்்ப்டத் 
சோ்டங்கி்யது. 

ஒரு ெம்்பவேம் நிறனவுககு வேருகிைது. 2005 ஆம் 
ஆண்டு என்னுற்ட்ய ்டா்லர் தேெம் (அசமரிககாவின் 
அைசி்யல் வேை்லாறு) புத்ேகம் சவேளி்யாகி, புத்ேகக 

காடசிககு விற்பறனககுச் சென்ைது. ஆயிைம் ்பககப் 
புத்ேகம். முநநூறு ரூ்பாய விற்ல. கண்காடசியில் புத்ேகம் 
நன்ைாக விற்பறன ஆனது. ்ப்லைால் த்பெப்்பட்டது. 
அதுவேல்்ல விஷ்யம். கண்காடசி முடிநே ஒரு வோைத்தில் 
அநே ஆயிைம் ்பககப் புத்ேகமும் முறை்யாக ஒளிநகல் 
எடுககப்்படடு அழகான பிடிஎஃப் பிைதி்யாக உ்லசகங்கும் 
வே்லம் வேைத் சோ்டங்கிவிட்டது. இேன் உச்ெம், ஒரு 
நண்்பர் எனகதக அநேப் பிைதிற்ய அனுப்பி, நன்ைாக 
எழுதியிருககிறீர்கள் என்று ்பாைாட்டவும் செயேது.

மின்நூல்கள் வேைத் சோ்டங்கி்யத்பாது ற்பைசியும் 
வேளமாகதவே வோழத் சோ்டங்கி்யது. என்றனப் த்பா்ல 
தவேறு சி்ல எழுத்ோளர்களும் அநநாளில் மின்நூல் 
சவேளியிடும் மு்யறசிற்யத் சோ்டங்கி, இேனாத்லத்ய 
்பாதியில் நிறுத்தும்்படி ஆனது.

இநேப் பிைச்றனற்யத் தீர்கக ஒதை வேழி, ஒவசவோரு 
மின்நூல் சவேளியீட்டாளரும் ேத்ேமது நூற்ல வோசிககத் 
ோதன செ்யலிற்யச் தெர்த்துச் செயது ேருவேதுோன் என்று 
முடிவு செயோர்கள். அோவேது, குறிப்பிட்ட நிறுவேனத்தின் 
செ்யலிககுள் மடடும்ோன் அவேர்கள் ேரும் மின்நூற்லப் 
்படிகக முடியும். பிைதி எடுகக முடி்யாது, வினித்யாகம் 
செய்ய முடி்யாது.

இ ற ண ்ய த் தி ல்  கு டி ற ெ த்  ச ே ா ழி ல் 
செயதுசகாண்டிருநதோர் சோ்டங்கி, ஆப்பிள், கூகுள், 
அதமொன்வேறை அறனத்துத் ேைப்பினரும் இத்ேகு 
மு்யறசிகறள ஆைம்பித்ோர்கள். சென்றனயில் இருநது 
இ்யங்கும் நியூ சைாறைென் மீடி்யா என்னும் நிறுவேனம் 
நானறிநது இப்்படிப் பிைத்தித்யக மின்நூல் செ்யலி 
ஒன்றைச் செயது ்பார்த்ேது. 

ஆனால் அறனவேரும் த்யாசிககத் ேவேறி்யது 
ஒன்றுண்டு. ஒரு வோெகன் ேனது செல்த்பானில் 
எத்ேறன வோசிப்புச் செ்யலிகறள றவேத்திருகக முடியும்? 
புத்ேகங்கள் இ்டத்றே அற்டத்துகசகாள்ளும்; மின்நூலில் 
அநேச் சிைமம் கிற்ட்யாது என்று சொல்லிகசகாண்டு 
ஆைம்பித்து, மின்நூல் செ்யலிகளுககு த்பானில் இ்டம் 
கிற்ட்யாது என்று சொல்லும் அளவுககு இது த்பானது.

ஆனால் தீர்ப்்பளிககும் விஷ்யத்தில் ்ப்யனறை விஞெ 
்யாருமில்ற்ல. எல்்லா விேங்களிலும் செௌகரி்யமான 
அதமொன் கிண்டில் மின்நூல்கறள ஏறறுகசகாண்டு 
மறை  அறனத்றேயுதம  ேமிழ் வோ ெ க ர் கள் 
நிைாகரித்துவிட்டார்கள். ஆப்பிள், கூகுள் மின்நூல்களும் 
இேறகுத் ேப்்பவில்ற்ல என்்பதே இங்தக முககி்யம்.

ஒரு விஷ்யம். அதமொன் கிண்டில் புத்ேகங்களுககும் 
திருடடுப் பிைதிகள் ே்யாரிகக முடிநேது. அப்்படித் ே்யாரித்து, 
அவேறறை சவேளியிடுவேேறசகன்தை ச்டலிகிைாமில் ்ப்ல 
பிைத்தித்யக ொனல்கள் திைககப்்பட்டன. அற்ட்யாளம் 
மறைத்ே ந்பர்கள் திறை மறைவில் இருநதுசகாண்டு இநேத் 
திருடடுப் பிைதிகறளத் சோ்டர்நது சவேளியிட்டத்பாது 
கிண்டில் நிறுவேனத்ோலும் அவேர்கறள ஒன்றும் செய்ய 

èEˆîI›24



216  |  KaniKovai

முடி்யவில்ற்ல. ஒன்றிைண்டு பிடிஎஃப் குழுககறளப் 
புகார் அளித்து நீகக முடிநேதே ேவிை, புதிது புதிோக 
தவேறு தவேறு ச்ப்யர்களில் அறவே மீண்டும் வேருவேறேத் 
ேடுகக முடி்யவில்ற்ல. 

அறனத்றேயும் மீறி அதமொன் கிண்டில் மின்நூல்கள் 
மடடும் எப்்படி சவேறறி கண்்டன? இேறகு மூன்று 
காைணங்கறளச் சொல்்ல்லாம்.

1. ்ப்யன்்பாடடு எளிறம. 

2. இ்யநதிைக கறைல் நுட்பம் மூ்லம் ஒரு வோெகர் ஒரு 
முறை தேர்வ செயயும் புத்ேகத்றேக சகாண்டு அவேைது 
விருப்்பம் அறிநது அேறதகற்பப் ்பரிநதுறைகள் செயவேது.

3. ெகதி மிகக தேடுச்பாறி வேெதி. 

கிண்டிலின் வேைவு, ேமிழ் வோசிப்பு வேை்லாறறில் 
ெநதேகமின்றி, ஒரு முககி்யமான புள்ளி. குறிப்்பாக, 
அவேர்கள் ேருகிை வோ்டறக நூ்லக வேெதி. அதமொன் 
நிறுவேனம் ஆண்டுதோறும் ந்டத்தும் நாவேல் த்பாடடிகள் 
குறித்து அறிவீர்கள். ஓைாண்டு அநேப் த்பாடடிககு 
நடுவேைாக இருககும் வோயப்பு எனககுக கிற்டத்ேது. 
அப்த்பாது கிண்டில் ேமிழ்ப் பிரிவின் உ்யைதிகாரிகளு்டனும் 
சோழில்நுட்ப வேல்லுநர்களு்டனும் க்லநது த்பசி அேன் 
செ்யல்்பாடடிறன ஓைளவு விளங்கிகசகாள்ள முடிநேது.

அதிகம் ்படிககாே ,  எளி்ய தவேற்லகளுககு 
மணிககணககில் த்பருநது அல்்லது ையில் ்ப்யணம் செயது 
திரும்பும் ச்பண்கதள கிண்டில் வோ்டறக நூ்லகத்தின் 
ச்பரும்்பான்றம வோெகர்களாக இருககிைார்கள். 
றகயில் ஒரு த்பானும் மாேம் நூறறைம்்பது ரூ்பாய 
ெநோ சோறகயும் இருநோல் த்பாதும், எவவேளவு 
தவேண்டுமானாலும் ்படிகக்லாம் என்்பறே அவேர்கள் 
ேமககுக கிற்டத்ே வேைமாகப் ்பார்ககிைார்கள். முன்சனாரு 
கா்லத்தில் ேமிழ் வோை இேழ்களில் தகாத்லாச்சி்ய ச்பண் 
எழுத்ோளர்கறள அடிச்யாறறி, இநேப் புதி்ய ேற்லமுறை 
வோெகர்களுககாகக கறேகள் எழுேசவேன்தை நூறறுக 
கணககான புதி்ய ச்பண் எழுத்ோளர்கள் அங்தகத்ய 
பிைநது வேளர்நதிருககிைார்கள். எளி்ய குடும்்பக கறேகள். 
எளி்ய காேல் கறேகள். இவேறறைத் ேவிை தவேசைதுவும் 
இல்ற்ல. ச்பரி்ய சமாழி அறிதவோ, இ்லககண 
அறிதவோ, புறனவோறைத்லா இநே எழுத்ோளர்களுககுக 
கிற்ட்யாது. ஆனால் கறேகறள வோழ்கறகயில் இருநது 
எடுகக தவேண்டும் என்கிை சூடசுமம் மடடும் சேரியும். 
கிண்டிலில் வோழும் ஏைாளமான ச்பண் எழுத்ோளர்கள் 
நூறறுக கணககான கறேகறள (அவேர்கள் நாவேல் 
என்்பார்கள்) எழுதி சவேளியிடடிருககிைார்கள். கிண்டில் 
வோெகர்களிற்டத்ய அவேர்கள் ச்பருநடெத்திைங்கள். 
ஆனால் மின்நூல் உ்லகுககு சவேளித்ய வேசிககும் 
்யாருககும் அநே எழுத்ோளர்களின் ச்ப்யர்கள்கூ்டத் 
சேரிநதிருகக வோயப்பில்ற்ல.

செ்யறறக நுண்ணறிவு என்னும் ொகெம்

ச்ப்யரில் என்ன இருககிைது? அல்்லது ச்ப்யதைோன் 
எேறகு? ொட ஜிபிடியின் வேைவுககுப் பிைகு என்ன 
தகட்டாலும் சி்ல வினாடிகளில் கிற்டத்துவிடும் 
என்ைாகிவிட்டது .  உள்தள உடகார்நதுசகாண்டு 
எழுது்பவேர் ்யார்? சேரி்யாது. அவேருககு எப்்படி 
உ்லகில் உள்ள எல்்லாவேறறைப் ்பறறியும் ஏதோ 
சகாஞெமாவேது சேரிநதிருககிைது? சேரி்யாது. தகள்வி 
தகட்டால் ்பதில் சொல்கிைது. கறே எழுேச் சொன்னால் 
எழுதுகிைது. கடடுறை தகட்டால் ேருகிைது. கவிறே 
தவேண்டுமானாலும் உ்டதன ே்யார். முன்னும் பின்னும் 
சிறிது ேடடி ெரி செய்ய தவேண்டி்ய தவேற்ல மடடும்ோன் 
நமகசகன மிச்ெம் இருககிைது. ஏழாம் அறிவு என்தை 
சொல்்லப்்படும் செ்யறறக நுண்ணறிவுத் சோழில்நுட்பம் 
நம்றம இப்த்பாது ஆளத் சோ்டங்கியிருககிைது. நான் 
எழுதுவேறே நீ ்படி என்ை கா்லம் இனி இல்ற்ல. உனககு 
என்ன பிடிககும் அல்்லது இநேக கணம் என்ன ்படிகக 
விரும்புகிைாய என்று சொல், அேறனத் ேருகிதைன் என்று 
தகடடு உ்பெரிககக கூடி்ய கா்லம் மிகச் ெமீ்பத்தித்லத்ய 
உள்ளது. 

ேமிறழப் ச்பாறுத்ேவேறை இநே நுட்பம் இன்னும் 
அவவேளவு துல்லி்யமாகவில்ற்ல என்ைாலும் அது 
நிகழககூடி்ய கா்லம் குறைவோனோகதவே இருககும். ஆழி 
செநதில்நாேனின் 'ஐத்லொ' [6] த்பான்ை மு்யறசிகள் 
இநநம்பிகறகற்ய வேலுவோகதவே அளிககின்ைன. 
செ்யறறக நுண்ணறிவு நுட்பத்றேப் ்ப்யன்்படுத்தி, 
தேறவே்யான எநேத் துறை ொர்நதும் புதி்ய பிைதிகறள 
உருவோகக முடியும் என்கிைது ஐத்லொ. இ்யநதிைம் கறகும் 
என்ைால் இ்யநதிைம் ்பற்டககவும் செய்யவேல்்லதுோதன? 
'கண்ச்டண்ட கரித்யஷன்' என்்பறே இ்யநதிைத்தின் 
ச்பாறுப்பில் விடடுவிடடு, அேறனச் ெரி செயது, 
சுவோைசி்யமாககும் ்பணிற்ய மடடும் எழுத்ோளர்கள் 
எடுத்துகசகாண்்டால் த்பாதும் என்சைாரு கா்லம் 
வேநதேவிடும் என்று தோன்றுகிைது. இேறகு இன்தனார் 
உோைணமும் சொல்்ல்லாம்.

முன்சனாரு கா்லத்தில் தேவேநாைா்யணன் என்சைாரு 
எழுத்ோளர் இருநோர். சிைநே கவிஞரும் கூ்ட. ேமிழ் 
சினிமா துறையில் அவேறை அறி்யாேவேர்கள் இருகக 
முடி்யாது. இங்தக சவேளி்யாகும் ச்பரும்்பா்லான ்டப்பிங் 
்ப்டங்களுககும் அவேர்ோன் வேெனம் எழுதுவோர். அது 
்டப்பிங் ்ப்டம் என்தை தோன்ைாே அளவுககுத் ேைமாக 
அது இருககும். அவேறைப் பின்்பறறி எவவேளதவோ ்டப்பிங் 
வேெனகர்த்ோககள் திறைத் துறைககு வேநது வோழ்நதுவிடடுச் 
சென்றிருககிைார்கள். 

ஆனால் இன்றைககு சமாழி மாறைம் என்்பது ஒரு 
கணினிச் செ்யல்்பாடு மடடுதம. அேறகு சமாழி்யறிநே 
எழுத்ோளர் ஒருவேர் தேறவேயில்ற்ல என்ை நிற்ல 
உருவோகிவிட்டது. சநட ஃப்ளிக்ஸ, அதமொன் த்பான்ை 
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்ப்ல ்பன்னாடடு நிறுவேனங்கதள ்ப்டங்களுககான ெப் 
ற்டடடில்களுககு கூகுள் சமாழிச்ப்யர்ப்ற்பத்ோன் 
்ப்யன்்படுத்துகின்ைன.

இது தவேறு உ்லகம்

நவீன  வே ாழ் கறக  ந மது  ை ெறனகறள 
விரிவோககியிருககிைது. ைெறன விரிவேற்டயும்த்பாது 
தேறவேகளும் விரிகின்ைன .  அவேெை யுகத்தில் 
நாம் வோழ்நதுசகாண்டிருககிதைாம் .  எறேயும் 
நிறுத்தி ,  நிோனமாக என்்பதே ச்பரும்்பாலும் 
வேழகசகாழிநதுசகாண்டிருககிைது. ச்பண்கள் வீடடில் 
இருநது வீடற்ட கவேனித்துகசகாள்வோர்கள், ஆண்கள் 
ெம்்பாதிககச் செல்வோர்கள் என்்பதே ஒரு மா்ய 
்யோர்த்ேம் த்பா்லத் தோன்ை ஆைம்பித்துவிட்டேல்்லவோ? 

காற்ல நற்டப்்பயிறசிககு வேருதவோறை எதிர்்பார்த்துக 
காயகறிககற்டககாைர் கற்ட விரிககிைார். நறுககி்ய 
தகைட, பீன்்ஸ, சவேண்ற்டககாயத் துண்டுகள் ேனித்ேனி 
்பாகசகட. நறுககி்ய சவேங்கா்யம் ஒரு ்பாகசகட. தோல் 
உரித்ே பூண்டு ஒரு ்பாகசகட. கீறை என்ைால் ஆயநது, 
நறுககி, அப்்படித்ய சகாதிககும் நீரில் த்பா்ட வேெதி்யாகத் 
ேனித்ய ஒரு ்பாகசகட.

ெறமககவும் தநைமில்்லாவிட்டாலும் பிைச்றன 
இல்ற்ல. செ்யலி இருககிைது. அறழத்து ஆறணயிட்டால் 
ஐநது ்பத்து நிமி்டங்களில் சிறறுண்டித்யா, த்பருண்டித்யா 
வோெலுககு வேநதுவிடுகிைது.

த்பருநது நிற்ல்யம் சென்று காத்திருகக தவேண்்டாம். 
ஆடத்டா வேருகிைோ என்று வீதி ்பார்த்திருகக தவேண்்டாம். 
்டாக்டர் இருப்்பாைா என்று விொரிகக தவேண்்டாம். 
எல்்லாம் செ்யலிககுள் இருககிைது. றகயில் செல்த்பான் 
இருநது, செல்த்பானில் தவேண்டி்ய செ்யலிகள் இருநோல் 
முடிநேது தவேற்ல.

வோசிப்பும் இப்்படித்ோதன உருமாறைம் சகாள்ள 
தவேண்டும்? ேமிறழப் ச்பாறுத்ேவேறை வோசிப்்பவேர்கள் 
எககா்லத்திலும் சிறு்பான்றமயினதை என்று முன்னர் 
சொன்தனன். அநேச் சிறு்பான்றம ெமூகம் ேனது வோசிப்ற்ப 
இன்றைககு இப்்படி நவீனமாககிகசகாண்டிருககிைதே 
ேவிை, வோசிககாமல் இல்ற்ல. இறண்ய இேழ்களிலும் 
ெமூக ஊ்டகங்களிலும் மின்நூல்களிலும் வோெக 
கவேனம் திரும்பி்யேன் முேன்றமக காைணம், அவேறறின் 
்ப்யன்்பாடடு எளிறம. சமாற்பல் இல்்லாமல் இன்று 
்யாருமில்ற்ல. எனதவே சமாற்பலுககுள் கிற்டககும் 
எதுவும் ேத்ேமது வோெகறை / வோடிகறக்யாளறைச் 
சென்று தெரும் என்்பதே உண்றம.

இதுோன் இனி நிைநேைமா என்ைால், அப்்படிச் 
சொல்லிவி்ட முடி்யாது. இது ஒரு ்பாயச்ெல். அசுைப் 
்பாயச்ெல் என்்பதில் ெநதேகமில்ற்ல. ஆனால் 
சோழில்நுட்பம் இன்னும் இன்னும் புதி்ய எல்ற்லகறளத் 
தேடிப் ்பைநதுசகாண்த்ட இருககிைது. ஒரு சமாற்பல் 

த்பாறனக காடடிலும் அத்தி்யாவேசி்யம் என்று கருேககூடி்ய 
ஒரு கருவி நாறள வேை்லாம். இன்றை்ய நுட்பங்களின் 
2.0 அேன் அணிக்லனாக்லாம். 

்யார் கண்்டது? இப்த்பாது நீங்கள் ச்பாருட்படுத்தி 
வோசிககும் இநேக கடடுறை அப்த்பாது எழுத்ோகவும் 
அல்்லாமல் ஒலி்யாகவும் அல்்லாமல் சவேறும் 
உணர்வோகே ோதன மிேநது வேநது ெத்ேதம இல்்லாமல் 
உங்கள் சிநேறனககுள் அமர்நதுசகாள்ள்லாம் . 
மனத்துககுள்தளத்ய நீங்கள் ைசித்துக றகேடடினால் 
அதுவும் ெத்ேதமயின்றி என்றன வேநேற்டநது புல்்லரிககச் 
செய்ய்லாம்.

எல்ற்ல்யறை ொத்தி்யங்களின் கா்லத்தில் வோழ்கிதைாம். 
எறேயும் புரிநதுசகாண்டு ஏற்பதே அடுத்ேககட்ட 
வேளர்ச்சிககு அடித்ேளம்.

நிறைவோக

இநேக கடடுறையின் சோ்டககத்தில் ேமிழின் 
முேல் அச்சுப் புத்ேகத்றேப் ்பறறிக குறிப்பிடத்டன். 
்லத்தீன் லிபியில் எழுேப்்பட்ட ேமிழ்ப் புத்ேகம். எல்்லா 
புைாேனமான நற்டமுறைகளும் நாகரிக உ்லகில் 
மறு ஆககம் ச்பறறுகசகாண்டிருககும் கா்லம் இது. 
நீங்கள் கவேனித்துப் ்பார்கக்லாம். ்லடெக கணககான, 
தகாடிககணககான இறள்யேற்லமுறையினர் - இதில் 
்பால் த்பேதம இல்ற்ல - ேமிழ்ோன் த்பசுகிைார்கள். 
ேமிழில்ோன் உறை்யாடுகிைார்கள். அவேர்களது வோடெப், 
சமெஞெர் உள்ளிட்ட எநே ொேனத்றேத் திைநது காட்டச் 
சொல்லிப் ்பார்த்ோலும் நமககு இது விளங்கிவிடும். 
ேமிழ்ோன். ஆனால் ஆங்கி்ல லிபியில் எழுேப்்படும் 
ேமிழ்!

இது இத்ேற்லமுறையின் பிைச்றன அல்்ல. நமது 
கல்வி முறையின் சிககல். ப்ரீ தகஜி வே்யதிலிருநதே 
ஆங்கி்ல வேழிக கல்வி அவேர்களுககு வேழங்கப்்படுகிைது. 
எதிர்கா்ல ந்லறன உத்தேசித்து இைண்்டாவேது சமாழி்யாக 
பிசைஞசு அல்்லது சேர்மறனத் தேர்நசேடுககிைார்கள். 
மூன்ைாவேோகவும் ஒரு சமாழி என்ைால் ஹிநதிற்யத் 
தேர்நசேடுககிைார்கள். இேனால் வீடடில் த்பெப்்படும் 
சமாழித்ய ஆனாலும் அேன் எழுத்து வேடிவேம் 
மாணவேர்களுககு அறிமுகமில்்லாமல் த்பாகின்ைது. ேமிழ் 
பிடிககாமல் அவேர்கள் ேமிழில் எழுோமல் இல்ற்ல. ேமிழ் 
அவேர்களுககுத் ேைப்்படுவேதில்ற்ல; அேனால் அவேர்கள் 
்ப்யன்்படுத்துவேதில்ற்ல. 

இன்றை்ய சூழலில் ேமிழ்நாடடில் அைசுப் ்பள்ளிகளில் 
்படிககும் மாணவேர்கள் மடடும்ோன் ஓைளதவேனும் 
ேமிழ் வோசிககக கூடி்யவேர்களாக இருககிைார்கள். 
அவேர்களும் தமற்படிப்பு என்று த்பாகும்த்பாது ஆங்கி்ல 
வேழிக கல்விற்யத்ய தேர்நசேடுத்துகசகாள்கிைார்கள். 
இது ேவிர்கக முடி்யாேது. ேமிழில் வோசிப்பு குறைநது 
வேருவேோகச் சொல்்லப்்படுவேேன் அடிப்்பற்டக காைணம் 
இதுோன். 
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ஒரு சமாழியின் செழிப்பும் வேளர்ச்சியும் அதில் 
்பற்டககப்்படும் இ்லககி்யங்களால் தீர்மானிககப்்படுவேோகச் 
சொல்வோர்கள். உணர்ச்சிவேெப்்ப்டாமல் த்யாசிகக 
முடியுமானால், ஒரு சமாழியின் இருப்பும் செழிப்பும் 
வேளர்ச்சியும் அறேப் த்பசியும் எழுதியும் ்படித்தும் 
வோழககூடி்ய மககளால் தீர்மானிககப்்படுவேதுோன். நமககு 
நன்கு சேரிநே, இ்லககி்ய வேளம் மிகக ெம்ஸகிருேத்றே 
முன்றவேத்தே இேறனப் புரிநதுசகாள்ள முடியும். 
எநே இ்லககி்யமும் அேறனத் ேற்லமுறை தோறும் 
வோசிப்்பேறகு வேருகிை வோெகைாத்லத்ய ேறழககின்ைன.

ஆனால், ேமிறழ ஆங்கி்ல லிபியில் ்ப்யன்்படுத்தும் 
ேற்லமுறை எப்்படி வோசிப்புககுத் திரும்பும்?

என்ைால், எல்்லாம் வேல்்ல ஏஐ இவவிஷ்யத்தில் 
எதிர்கா்லத்தில் உேவி செய்யககூடும். இறள்ய 
ேற்லமுறையினர் - இன்றை்ய ேற்லமுறையினர் ்படித்து 
ைசிகக விரும்்பககூடி்ய வேடிவேத்தில் அது உருமாறறித் 
ேரும்.

எண்ணிப் ்பார்த்ோல் வி்யப்்பாகத்ோன் இருககிைது. 
செ்யறறக நுண்ணறிவு ஒரு பிைதிற்யத் ோதன 
உருவோககும். அறே எம்சமாழிககு தவேண்டுமானாலும் 
மாறறும். எநே வேடிவேத்தில் தவேண்டுமானாலும் 
எடுத்துத் ேரும். எல்்லாதம சி்ல மணித்துளிகளில் 
நிகழககூடி்யறவே்யாக இருககும்.

எத்ேறன ச்பரி்ய முன்தனறைம் இது. Content 
ஆளும் உ்லகம் இது. எல்்லா துறைகள் ொர்நதும் எல்்லா 
விேமான தேறவேகளுகதகற்பவும் எநே வேடிவேத்திலும் 
இது பிைதிகறள உருவோககித் ேரும் என்்பது ்பத்திரிறக, 
்பதிப்புச் சூழலுககு மிகவும் ொேகமான அம்ெம்.

ஏசனனில் கற்லச்  செல்வேங்கள் ்யாவும் 
சகாணர்நதிங்கு தெர்கக ்பாைதியின் கா்லத்றேப் 
த்பா்ல இனி சிைமம் இல்ற்ல. ஒரு கமாண்ட த்பாதும். 
செ்யறறக நுண்ணறிவுத் சோழில்நுட்பத்றேக குறித்து, 

அேனி்டதம ஒரு கடடுறை எழுேச் சொல்லி, அது ெரி்யாக 
எழுதியிருககிைோ என்று நாம் ்பரிசீ்லறன செயோல் 
த்பாதும். ்பதிப்பு, ்பத்திரிறகத் துறைகள் மடடுமல்்ல. 
காடசி ஊ்டகங்கள், வோசனாலி, சோற்லககாடசி 
உள்்ப்ட எங்சகல்்லாம் ‘கண்ச்டண்ட’ முககி்யம் என்று 
கருேப்்படுகிைதோ, அங்சகல்்லாம் ஒரு றக்யாளாக இநே 
நுட்பம் இனி ்ப்யன்்படும்.

ேமிழ் வோெகர்கறளப் ச்பாறுத்ே அளவில், வோசிககத் 
சேரிநே ேற்லமுறையினருககுப் பிைச்றனத்ய இல்ற்ல. 
இைண்்டாயிைமாவேது ஆண்டுககுப் பிைகு உருவோகி வேநே 
ேற்லமுறைககு, அவேர்கள் வோசிகக விரும்பும் வேடிவேத்தில் 
எறேயும் உருமாறறித் ேரும் ச்பாறுப்ற்ப அதநகமாக 
AI இனி எடுத்துகசகாள்ளும் என்று நிறனககிதைன். 
இன்றைககு கூகுளின் ேமிழாககக குளறு்படிகறள 
நாம் கிண்்டல் செயதுசகாண்டிருககிதைாம். இது 
ஒரு சோ்டககககட்ட மு்யறசி, ஆனால் மிகப்ச்பரி்ய 
நல்விறளவுகறள எதிர்கா்லத்தில் சகாண்டுவேைககூடி்யது 
என்்பறே எண்ணிப் ்பார்கக மைநதுவிடுகிதைாம். 

இதே த்பா்ல நாறள ஏஐ உருவோககும் ‘ேங்கிலீஷ’ 
பிைதிகறளயும் கிண்்டல் செயதவோம். ஆனால் நிோனமாக, 
சமௌனமாக அது ேமிழில் வோசிப்த்பார் எண்ணிகறகற்ய 
அதிகப்்படுத்தி, வோசிப்பில் ஆர்வேத்றே உண்்டாககி, 
முறை்யாகத் ேமிழ் ்பயி்லவும் காைணமாக விளங்கப் 
த்பாகிைது என்்பதில் ெநதேகமில்ற்ல.

முன் சொன்னதுோன். இைண்்டாயிைத்துககுப் பிைகுோன் 
ேமிழில் வோசிப்த்பார் எண்ணிகறக அதிகரித்திருககிைது. 
இன்னும் இரு்போண்டுகளில் இது இன்னும் ்ப்ல 
ம்டங்காகுதம ேவிை குறை்யாது. ஆனால் எத்ேறன 
ஆயிைம் ்பககங்களானாலும் அது ஒரு றகத்பசிககுள் 
அ்டங்கும் நுட்பத்றேத் ோங்கி்யோக இருகக தவேண்டும்.

கா்லம் இேறனத்ோன் எதிர்்பார்ககிைது. நுட்பம் இறே 
தநாககித்ோன் நகர்நதுசகாண்டிருககிைது.
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1. INTRODUCTION
The virtual world should be a meticulously crafted 

learning experience, one that seamlessly blends cutting-
edge technology with the timeless wisdom of the epic. 
Across millennia, the human spirit has craved tales 
woven from threads of history, myth, and imagination. 
These narratives, passed down through generations, 
pulsate with the collective memory of a people, their 
triumphs and tragedies etched in verse and rhyme. 

Among these luminous tapestries of storytelling, 
few shine as brightly as Silapathikaram, the Tamil 
epic poem that has dazzled readers for centuries. Now, 
prepare to transcend the limitations of the printed page, 
for Silapathikaram is poised to take a giant leap into 
the future, stepping into the captivating realm of the 
metaverse. Imagine a world where we don't merely 
read about Kannagi's fiery spirit or Kovalan's ill-fated 
journey; to inhabit them. Where the bustling streets 
of Madurai unfold before you, fragrant with spice 
and alive with the clamor of trade. Where Karikalan's 
opulent palace rises in all its majestic splendor, its walls 
whispering tales of ancient kings and forgotten battles. 
This is the promise of Silapathikaram in the metaverse 
– an immersive odyssey into the beating heart of 
Tamil culture, where history and fiction intertwine in a 
breathtaking tapestry of virtual reality.

The potential for gaming and entertainment is 
undeniable, spatial computing's true power lies in its 
ability to transform various industries:

1.1 Spatial computing
It is still in its early stages, but the pace of  

development is rapid. Advancements in hardware, 
software, and sensor technology are pushing the 
boundaries of what's possible, and major tech giants are 
pouring billions into making this technology accessible 
to everyone.

  Education domain: The students exploring 
the pyramids of Egypt on a virtual field trip 
or dissecting a virtual frog in biology class. 
Spatial computing can bring abstract concepts 
to life, making learning more interactive and 
engaging.

  Architecture and Design: Architects can walk 
through their creations before they're even 

ABSTRACT:
Silapathikaram, the renowned Tamil epic poem, stands as 
a testament to the vibrant culture and rich literary heritage 
of India. In a world increasingly dominated by digital 
technologies, preserving and transmitting this legacy to 
new generations poses a significant challenge. This research 
proposes a novel approach utilizing the immersive potential 
of the metaverse to create an interactive role-playing 
experience that transports learners into the captivating 
world of Silapathikaram. The objectives are to develop a 
captivating metaverse environment that recreates the vivid 
scenes, characters, and events of Silapathikaram with a 
high degree of historical and cultural accuracy. To design 
interactive role-playing scenarios that allow learners to 
engage with the narrative, embodying characters, making 
choices, and experiencing the consequences of their actions. 
The methodology for Metaverse development includes 
creating a detailed virtual world encompassing the key 
settings of Silapathikaram, incorporating architectural 
styles, landscapes, and cultural artifacts from the Chola 
period. Character creations are to develop avatars that 
learners can personalize, allowing them to embody various 
characters from the epic, such as Kannagi, Kovalan, 
Madhavi, and chola king Karikalan. A thriving online 
community of learners and educators dedicated to preserving 
and promoting the rich heritage of Silapathikaram. A 
pioneering model for utilizing the metaverse as a tool 
for cultural education and heritage preservation, with 
potential applications for other historical and literary 
works. Stepping into Silapathikaram through the metaverse 
presents a unique opportunity to bridge the gap between 
tradition and modernity, fostering a deeper understanding 
and appreciation for Tamil culture and literature among 
new generations. By harnessing the power of virtual reality 
and interactive storytelling, this project has the potential 
to revolutionize cultural education and inspire a renewed 
interest in the timeless masterpiece of Silapathikaram.
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built, and designers can prototype products in 
real-time using AR.

  Manufacturing and Engineering: Workers can 
receive real-time instructions and guidance 
through AR overlays, and engineers can 
collaborate on complex projects from anywhere 
in the world using VR.

2.  METHODOLOGY
Craft your own personalized avatar, embodying 

iconic characters like Madhavi, the enigmatic dancer, or 
the cunning courtier, Madalan. Walk alongside Kannagi 
as she seeks justice, navigate the treacherous seas with 
Kovalan, or engage in spirited debates with the scholars 
of the Chola court. Each step you take, each choice 
you make, becomes a thread woven into the intricate 
narrative tapestry.

The implementation steps for designing a 
Silapathikaram metaverse drama using Unity:

2.1 Planning and Research:
Deep Dive into Silapathikaram: Thoroughly study 

the epic's narrative, characters, themes, and cultural 
context. 

Story Segmentation: Identify key scenes, plot 
points, and character interactions that translate well into 
interactive drama.

Audience Definition: Determine the target audience 
and tailor the experience accordingly (e.g., educational, 
cultural immersion, entertainment).

Technical Considerations: Research hardware 
requirements, VR platforms, and Unity features for 
metaverse development.

 2.2 Worldbuilding and Environment Design:
Virtual Landscapes: Create immersive, visually 

stunning environments that capture the essence of the 
Chola dynasty, including:

● Madurai city streets
● Karikalan's palace
● Lush forests and natural landscapes
Architectural Accuracy: Research and incorporate 

architectural styles, patterns, and materials specific to 
the Chola period.

Environmental Storytelling: Infuse the environments 
with subtle details that reinforce the narrative and 
historical context.

2.3 Character Design and Animation:
3D Modeling: Craft highly detailed 3D models 

of Silapathikaram's characters, including Kannagi, 

Kovalan, Madhavi, Karikalan, and other significant 
figures.

Rigging and Animation: Implement lifelike 
movements and expressions through rigging and 
animation techniques.

Character Customization: Consider allowing users 
to create personalized avatars or choose from a range of 
pre-designed characters.

 2.4 Interactive Storytelling and Quest Design:
Branching Narratives: Allow users to influence the 

story's direction through choices and actions.
Quests and Challenges: Integrate engaging quests 

that encourage exploration, problem-solving, and 
interaction with characters and environments.

Dialogue Systems: Develop natural and meaningful 
conversations with characters through interactive 
dialogue trees.

2.5 Audio Design and Soundscape
Immersive Audio: Create a captivating soundscape 

that transports users to the world of Silapathikaram, 
including:

● Ambient sounds of nature and city life
● Character voices and dialogue
● Traditional Tamil music and instruments
Spatial Audio: Utilize spatial audio techniques to 

enhance immersion and create a sense of presence in 
the virtual world.

 2.6 User Interaction and Control
VR Integration: Implement seamless integration 

with VR headsets and controllers for a fully immersive 
experience.

Intuitive Controls: Design intuitive controls for 
movement, interaction, and inventory management.

Multiplayer Functionality: Consider enabling 
multiplayer interactions for collaborative storytelling 
and social experiences.

 2.7 Testing and Refinement
Rigorous Testing: Conduct comprehensive testing 

with diverse users to identify and address any bugs, 
glitches, or usability issues.

User Feedback: Gather feedback from target 
audiences to refine the experience and ensure its cultural 
authenticity and engagement.

Iteration and Improvement: Continuously iterate on 
the design and implementation based on feedback and 
testing results.

2.8 Customized information
Cultural Sensitivity: Respectfully represent Tamil 

culture and history, consulting with experts for guidance.
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Educational Resources: Incorporate educational 
elements to enhance understanding of Silapathikaram 
and its significance.

Accessibility: Design for inclusivity, considering 
users with disabilities and varying levels of technical 
expertise.

Cross-Platform Compatibility: Explore options for 
making the experience accessible across different VR 
platforms and devices.

3. IMPLEMENTATION
Stepping into the metaverse through Silapathikaram 

is more than just entering a virtual world; it's a 
transformative act. It's about bridging the gap between 
past and present, ensuring that the timeless wisdom 
of ancient epics continues to illuminate our path 
forward. It's about fostering a deeper understanding 
and appreciation for Tamil culture and literature, not 
as relics of the past, but as vibrant forces shaping the 
future. It's about igniting a renewed passion for learning, 
where technology becomes a bridge, not a barrier, to 
the wellsprings of knowledge. This journey doesn't end 
with the individual. The metaverse fosters a vibrant 
online community, a digital Madurai where learners and 
educators from across the globe gather to celebrate and 
explore the rich heritage of Silapathikaram. Imagine 
lively forums buzzing with interpretations and insights, 
virtual classrooms echoing with scholarly discourse, 
and collaborative projects that breathe new life into 
the epic's enduring themes. This community becomes 
a crucible where tradition and modernity forge a 
powerful alliance, ensuring that the timeless wisdom of 
Silapathikaram resonates with new generations.

Fig 1.1: Overall Architecture

The heart of the metaverse, the world engine, 
manages the simulation of the virtual environment. It 
powers:

Physics and Rendering: Realistic physics engine 
simulates gravity, collisions, and object interactions. 

Efficient rendering engine generates high-quality 
visuals, lighting, and shadows.

Spatial Audio: Creates immersive soundscapes with 
accurate positioning and dynamic changes based on 
movement and environment.

 

Fig. 1.2: Realistic Physics

 3.1. Content Servers:
 These servers store and deliver various assets that 

populate the metaverse, including:
3D Models: Characters, environments, objects, and 

props are meticulously crafted 3D models optimized for 
performance.

Textures and Materials: Realistic textures and 
materials add depth and detail to the virtual world.

Animations and VFX: Character animations, 
environmental effects, and combat sequences bring the 
world to life.

 

Fig 1.3: 3D Model of Kovalan

Audio Assets: Voice acting, ambient sounds, and 
music create a captivating soundscape.

Script Logic and AI: Scripted events, character 
behaviors, and AI routines drive the narrative and create 
interactive experiences.
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 3.2 Administration and Management Tools:
 This layer provides backend tools for managing the 

metaverse:
User Management: Create and manage user accounts, 

track progress, and personalize experiences.
Content Management: Update and add new content, 

manage assets, and maintain world consistency.
Monitoring and Analytics: Track user behavior, 

performance metrics, and identify areas for 
improvement.

Security and Moderation: Ensure a safe and secure 
environment for all users, implement moderation tools 
to prevent unwanted behavior.

 3.3 Community and Social Features:
 To foster a vibrant community, the metaverse might 

integrate features like:
Multiplayer Interactions: Users can collaborate on 

quests, engage in roleplay, and socialize with other 
players.

Voice Chat and Communication: Real-time voice 
chat and text communication options enhance social 
interaction and collaboration.

Leaderboards and Achievements: Encourage healthy 
competition and track progress through leaderboards 
and achievement systems.

Community Events and Activities: Regular events, 
quizzes, and challenges keep the community engaged 
and offer new experiences.

4. GENERATIVE AI IN CREATION 
has the potential to revolutionize the gaming industry 

by introducing a level of dynamism and personalization 
never before seen. Here are some ways it can be utilized:

 4.1 Content Creation:
World building: Generate vibrant and endlessly 

diverse landscapes, dungeons, and cities, creating 
unique experiences for each player.

Character creation: Design personalized characters 
with unique appearances, back stories, and abilities, 
fostering deeper player connection.

Storytelling: Craft dynamic narratives that adapt to 
player choices and actions, making every play through 
feel different.

Quest generation: Create custom quests tailored to 
player preferences and level, ensuring fresh challenges 
and engagement.

Procedural generation: Generate unique items, 
weapons, and enemies on the fly, adding an element of 
surprise and discovery.

 4.2 Enhanced Gameplay:
AI-powered NPCs: Develop intelligent and 

adaptable non-player characters that react realistically 
to player choices and situations.

Real-time world reactions: Create dynamic 
environments that change based on player actions, 
offering consequences and rewarding exploration.

Personalized difficulty: Adjust gameplay difficulty 
levels dynamically based on player skill and preferences.

Improved balance: Use AI to analyze gameplay data 
and automatically balance game mechanics for a fair 
and engaging experience.

4.3 Player Experience:
Adaptive music and sound design: Generate dynamic 

soundtracks and sound effects that respond to player 
actions and the environment, creating a more immersive 
experience.

Procedural voice acting: Create real-time voice 
narration and dialogue that reacts to player choices and 
adds to the immersion.

Personalized tutorials and guidance: Use AI to adapt 
tutorials and in-game help to individual player needs 
and learning styles.

Virtual companions: Develop AI-powered 
companions that accompany players on their journey, 
offering assistance, advice, and even emotional support.

5. CONCLUSION
This project is not merely a digital rendering of an 

ancient epic; it's a portal to a lost world, a vibrant tapestry 
woven from history, technology, and imagination. 
Within the metaverse, Silapathikaram transcends the 
confines of text, offering a profound and immersive 
experience unlike any other.

By marrying meticulous historical accuracy with 
cutting-edge virtual reality, this venture unlocks a 
treasure trove of knowledge, inviting learners to 
explore the bustling streets of Madurai, delve into 
the opulent palace of Karikalan, and stand alongside 
iconic characters like Kannagi and Kovalan. It's an 
education not passive, but dynamic, where history is 
breathed, not merely read. In the metaverse, the epic 
transcends mere entertainment; it becomes a living 
legacy, an inspiration, and a testament to the enduring 
power of human storytelling.This project marks a 
pivotal moment, not just for Tamil culture, but for the 
future of cultural education itself. It demonstrates the 
unparalleled potential of the metaverse to bridge the gap 
between tradition and modernity, rekindling interest in 
timeless masterpieces for new generations.
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1. INTRODUCTION
The “English-Tamil Flashcards” application 

represents an innovative educational tool with a 
singular aim – to revolutionize language learning. 
Through the integration of the Tkinter library, this 
interactive platform dynamically generates flashcards, 
presenting users with random English words and 
their corresponding Tamil translations. Notable is its 
inclusivity, allowing users to contribute their word 
pairs and shaping a personalized learning journey. The 
application’s commitment to auditory learning shines 
through with its support for audio pronunciation playback 
for both English and Tamil translations, providing a 
comprehensive language immersion. An innovative 
3D viewer feature takes the educational experience to 
new heights, offering a visually stimulating showcase 
of word images. Meanwhile, the integration of text-to-
speech functionality further enhances user engagement, 
ensuring correct pronunciation becomes an integral 
part of the learning process. In essence, the “English-
Tamil Flashcards” app exceeds conventional language 
learning, emerging as a dynamic and user-centric 
educational tool that seamlessly blends technology, 
interactivity, and innovation.

2. LITERATURE SURVEY
In the field of language learning applications, this 

section explains the literature survey related to the 
proposed work is illustrated below.

Bimal Aklesh Kumar and Munil Shiva Goundar, in 
2022, conducted an extensive exploration of the Mobile 
Language Learning (MLL) landscape. widespread 
adoption of app development, speech technology, and 
gamification in design, along with a prevalent reliance 
on usability testing for evaluation [1].

 In 2019, Smith et al. conducted a comprehensive 
study examining the efficacy of different language-
learning applications, with a particular emphasis on 
interactive flashcards [2]. Their research delved into 
the effectiveness of these tools, likely exploring aspects 
such as user engagement, retention, and overall language 
acquisition. The study contributes valuable insights 
to the field of language education, shedding light on 
the potential benefits of interactive flashcards in the 

ABSTRACT
The main objective of this application is to introduce an 
interactive flashcard designed for learning English-Tamil 
vocabulary. Utilizing the Tkinter library for the graphical 
user interface, the app dynamically generates flashcards 
with random English words to their corresponding Tamil 
translations. Users can input their word pairs, and the 
application supports audio pronunciation playback for both 
English and Tamil translations. Additionally, a 3D viewer 
feature is included, offering a visually engaging way to 
display word images. The integration of text-to-speech 
functionality enhances the language learning experience, 
making the application an interactive and educational tool.
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learning process. The findings may have implications 
for educators and learners seeking optimized language 
learning strategies based on technology.

In 2020, Brown et al. conducted a study scrutinizing 
the pedagogical influence of dynamic components, 
randomization techniques, and user-generated input 
in language learning, offering significant insights 
[3]. Their analysis likely explored how these features 
contribute to enhanced learning outcomes, potentially 
focusing on aspects such as engagement, adaptability, 
and personalized learning experiences. The research 
sheds light on the educational potential of incorporating 
dynamic elements and user-generated content into 
language learning applications, providing valuable 
guidance for educators and developers in optimizing 
language learning platforms.

In 2018, Chen et al, evaluated the influence of 
Graphical User Interface (GUI) design in language 
learning apps, emphasizing the role of user-friendly 
design in elevating engagement, and improving 
overall learning experiences and the context of audio 
pronunciation in language learning apps.[4]. 

In 2018, Patel et al, examined the integration of text-
to-speech functionality in language learning technology, 
revealing how this feature enhances pronunciation and 
accessibility [5]. 

Kim et al. exploring 3D visualization’s role in 
enhancing engagement and understanding, discusses 
the integration of three-dimensional visualization in 
educational tools, particularly in language learning 
applications, providing insights into its potential 
benefits in 2017[6]. 

Conducted by Ruo Wei Chen and Kan Kan Chan 
in 2019, this study delves into the effectiveness of 
Augmented Reality (AR) flashcards versus traditional 
paper flashcards in early childhood education. The 
research, involving 98 children aged 5-6, demonstrates 
that both methods significantly enhance vocabulary 
learning with no notable difference in effectiveness. 
Teachers observed children’s enjoyment of AR activities 
but noted challenges in integrating AR flashcards into 
kindergarten settings [7].

These seminal works collectively contribute to the 
evolving landscape of language learning applications 
and provide a robust foundation for understanding their 
effectiveness and potential enhancements.

3. PROBLEM STATEMENT
Develop a Python-based English-Tamil Flashcard 

Application using Tkinter and external libraries. The 
application allows users to input a specified number of 
English word pairs, automatically translating them to 
Tamil. The flashcards are displayed on a Tkinter canvas, 

featuring buttons to play audio pronunciations in both 
English and Tamil. Additionally, users can explore a 
3D visual representation of an image associated with 
the word. The program employs Google Translate API, 
gTTS for audio, and Pygame for 3D visualization. The 
application aims to enhance language learning through 
interactive flashcards and multi-sensory experiences.

4. DEFINITIONS
a. Google Translation API (googletrans): The 

Google Translation API, accessible through the 
googletrans Python module, enables developers to 
integrate Google’s powerful translation capabilities into 
their applications. It allows text translation between 
various languages and supports both single sentences 
and larger pieces of text. The API is easy to use and 
provides a straightforward interface for language 
translation, making it a popular choice for multilingual 
applications and services.

b. Python Tkinter: Tkinter is the standard GUI 
(Graphical User Interface) toolkit that comes with 
Python. It provides a set of tools for creating desktop 
applications with graphical interfaces. Tkinter supports 
various widgets, allowing developers to design 
windows, buttons, menus, and more. Its simplicity and 
ease of use make it a preferred choice for developing 
basic desktop applications in Python.

c. Random Module: The random module in Python 
is a standard library module that provides functions for 
generating random numbers. Developers can use it to 
introduce randomness in their programs, simulations, or 
games. The module includes functions for generating 
random integers, floating-point numbers, and making 
random selections from sequences. Its versatility 
makes it useful in scenarios where unpredictability or 
variability is desired.

d. gTTS (Google Text-to-Speech): The gTTS 
module allows Python developers to easily convert text 
into speech using Google Text-to-Speech API. It’s a 
simple and efficient tool for creating spoken audio from 
written content. Developers can generate speech files 
or directly play the output. This module is particularly 
useful for applications that require text-to-speech 
functionality, such as voice assistants or audio content 
generation.

e. Pygame: Pygame is a cross-platform set of 
Python modules designed for writing video games. It 
provides functionalities for handling graphics, sound, 
input devices, and more. Pygame simplifies the process 
of game development by abstracting low-level details 
and offering a high-level interface. It is widely used 
for both educational purposes and professional game 
development, making it a valuable tool for those looking 
to create 2D games in Python.
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5. PROPOSED SYSTEM:
The proposed system begins with user initiation, 

where vocabulary pairs are inputted into the program. 
Subsequently, a Tkinter GUI is generated, featuring a 
flashcard display and control buttons for user interaction. 
Upon execution, the program autonomously selects and 
presents a flashcard, enriching the learning experience. 
Users have the option to engage further by listening 
to pronunciations and exploring a 3D image through 
dedicated buttons on the interface. The system ensures 
a continuous and interactive learning environment 
by incorporating a main event loop, facilitating 
ongoing user engagement until the decision to exit 
the application. This cohesive approach blends user 
input, graphical interface, dynamic content display, and 
interactive features to create an effective and engaging 
language-learning platform.

6. BILINGUAL FLASHCARD FRAMEWORK
Flashcards, featuring English words and their Tamil 

translations, expedite vocabulary acquisition and 
language proficiency. Tailored for test preparation, they 
enhance recall through repetition, ensuring readiness 
for assessments. Integrating cultural context, flashcards 
offer a holistic approach to learning Tamil. Portable and 
customizable, they enable on-the-go language study, 
catering to diverse learning styles. Active engagement 
with flashcards reinforces knowledge retention, 
deepening understanding of Tamil Language. As 
interactive aids, flashcards play a vital role in effective 
language learning strategies.

The phases of the proposed system are given below.

 
Fig.1: Language Flashcard App Structure

Phase 1: Initialization and User Input
 The program starts by creating an instance of the 

Flashcard App class and initializing a Tkinter GUI. The 
user is prompted to enter the number of word pairs they 
want to input.

Phase 2: Vocabulary Building
In this interactive language-learning program, users 

input English words, initiating a dynamic process where 
each word undergoes translation to Tamil using the 
Google Translate API. The translated pair, comprising 
the original English word and its corresponding Tamil 
translation, is then systematically stored in a dictionary 
named ‘vocab.’ This approach ensures that users 
effortlessly build a bilingual vocabulary, seamlessly 
integrating the benefits of real-time translation into their 
learning experience.

Phase 3: GUI Creation
The program utilizes Tkinter to establish a canvas 

with a distinctive blue background, functioning as a 
visually appealing display for flashcards. Integrated 
within this canvas are strategically placed buttons, 
each designed to enhance the user experience. These 
buttons facilitate the pronunciation of both English and 
Tamil words, enabling users to listen and reinforce their 
auditory learning. Additionally, buttons for seamlessly 
transitioning to the next flashcard and unveiling a 
captivating 3D view further contribute to the interactive 
nature of the application. This thoughtful combination 
of a visually engaging canvas and strategically placed 
buttons creates an intuitive and comprehensive 
language-learning interface, ensuring a dynamic and 
user-friendly experience for learners.

Phase 4: Flashcard Display
 The program randomly selects a word pair and 

displays it on the canvas as a flashcard.
Phase 5: Audio Pronunciation
Buttons trigger the generation and playing of audio 

pronunciations for the current word pair in English and 
Tamil.

Phase 6: 3D Viewer
A button triggers the display of a 3D view using 

Pygame, rotating an image loaded from a specified path.
Phase 7: Main Event Loop
The main event loop (root. main loop ()) manages the 

Tkinter GUI, handling user interactions and updating 
the display.

Phase 8: Program Termination
  When the user closes the Pygame window or exits 

the Tkinter application, the program gracefully exits.

7. RESULT & DISCUSSION
The real-time application-based system helps to 

reduce the man’s work. In addition to that, the yielded 
result is voice-based which helps the challenged person 
to seek knowledge towards a language. 
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7.1 User text
The user can give a word without a word constraint 

limit. This part translates an input to concern language 
output, which may help the challenged people to learn a 
language. From Fig. 2., the input can be given as much 
as the user needs and gets paired to yield a result. The 
particular language is given as an input and the result 
is obtained in a particular language, for example, the 
input is given in the English language and the output 
is generated in a Tamil language. The fig.3. shows the 
language to be entered as many users input given in the 
above input.

    
Fig.2: User input

 
 

            
Fig.3: Enter the number of words

From Fig. 4., the English words (say) are given, as 
the user predefined the number of words to be paired. 

     Fig.4: Enter English words to translate

7.2 Flashcard output

 Fig.5: Translated Flashcard

The above Figure 5 explains the Flashcard, 
comprising the provided word and its translation. 
Additionally, this application is integrated with audio 
pronunciation for both English and Tamil languages, 
aiding in a more precise understanding of words. The 
transition to the next card can be initiated, and further, a 
3D image of the given word is provided.      

7.3 Audio Pronunciation
In Figures 6 and 7, the audio pronunciation feature 

is elucidated, showcasing the application’s utilization of 
the gTTS (Google Text-to-Speech) module. This module 
serves a pivotal role in enhancing comprehension and 
refining accents through the generation of audio for both 
English and Tamil words. The ‘play_english_audio’ and 
‘play_tamil_audio’ functions encapsulate the process, 
leveraging gTTS to convert text into clear and articulate 
speech. The generated audio files are intelligently saved 
and subsequently played back, providing users with a 
dynamic auditory dimension to their language-learning 
experience.

 
Fig.6: English Audio Pronunciation

Fig.7: Tamil Audio Pronunciation
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7.4 3D Visualization
Figure 8 captures the output of a 3D image associated 

with the provided word, offering users a visually 
immersive experience that enhances their conceptual 
understanding. This feature goes beyond traditional 
language learning methods, providing a dynamic and 
engaging way for users to interact with and comprehend 
words in a spatial context. The visual representation 
stimulates excitement and curiosity, fostering a 
positive learning environment by combining visual and 
linguistic elements. This innovative approach not only 
aids in language acquisition but also promotes a deeper 
and more memorable understanding of the presented 
vocabulary.

 

            
Fig.8: The rotated view of the 3D image

The real-time application-based system presented 
here offers a significant reduction in manual effort, 
particularly benefiting individuals facing language 
learning challenges. The voice-based output further caters 
to those with specific learning needs. The user-friendly 
system allows unlimited input, facilitating language 
learning for challenged individuals. The Flashcard 
component depicts this by pairing user-provided words 
with translations, presenting an inclusive approach 
to language acquisition. Additionally, the integration 
of audio pronunciation using gTTS underscores the 
application’s commitment to enhancing comprehension 
and refining accents. The dynamic auditory dimension, 
coupled with a 3D viewer feature, collectively provides 
a comprehensive language learning experience. Looking 
forward, potential enhancements include language 
support expansion, gamification elements, and adaptive 
learning pathways through machine learning. Iterative 
improvements driven by user feedback will guarantee 
the continued efficacy and pertinence of the application 
within the dynamic realm of language education.

8. CONCLUSIONS
The English-Tamil Flashcard application stands 

at the forefront of educational innovation, providing 
an integrated language learning experience. Its 
dynamic generation of flashcards, coupled with user 
input functionality, encourages personalized journeys 
for learners. The commitment to auditory learning, 
evident through audio pronunciation support, ensures 
a comprehensive language immersion. The inclusion 
of a 3D viewer feature adds a visually stimulating 
dimension to vocabulary exploration. Looking 
ahead, future developments could include expanding 
language support, incorporating gamification elements 
for enhanced engagement, and integrating machine 
learning algorithms for adaptive learning pathways. 
Furthermore, continuous updates and user feedback 
mechanisms will be essential to refine and optimize the 
application’s features, ensuring it remains a cutting-
edge and effective tool in the ever-evolving landscape 
of language education.
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1. INTRODUCTION
The Singapore government has been an early 

adopter of new digital technologies because of 
economic imperatives and governance requirements. 
The government has also harnessed these technologies 
for educational and cultural purposes, among other 
needs. Combined with these needs, the government’s 
multilingual policies, enshrined in the Constitution, have 
given Tamil an extensive platform for engaging Tamil-
related digital technologies. This paper will address 
some key elements of Tamil Digital Technology (TDT) 
in the service of three specific domains: education, 
media and governance.

In drawing up the first Information Technology 
MasterPlan – IT2000 – in 1996, the government laid 
the foundation for a National Information Infrastructure 
(NII). It declared that “Singapore will be among the first 
countries in the world to have a national information 
infrastructure”1 and that it was the foundation for 
transforming Singapore into an “Intelligent Island.” The 
plan aimed to build a pervasive network interconnecting 
computers in virtually “every home, office, school and 
factory.” 

The IT2000 was succeeded by two other 10-year 
masterplans, the Intelligent Nation 2015 (iN2015) 
launched in 2005 and the Digital Connectivity Blueprint 
(DCB) launched recently in June 20232. While the 
IT2000 masterplan focused on the availability of 
internet technologies, iN2015 sought to improve the 
accessibility of these technologies through a variety 
of digital services and businesses to reach the masses. 
Building on these foundational plans, DCB is designed 
to empower the community to develop Singapore as a 
‘smart nation’. 

While focusing on general technological 
capabilities, the government has kept in mind that the 
different segments of society should not be unduly 
or unfairly disadvantaged. Inclusivity and equity 
have been the underlying thrusts of its digital efforts. 
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Language communities have thus been given special 
attention, underpinned by the multilingual policies of 
the government. 

For those not familiar with Singapore’s ethnic and 
linguistic landscape, Indians make up roughly nine 
percent of the population while Chinese and Malays 
constitute, respectively, about 75 percent and 15 
percent. Whereas people are identified based on their 
ethnicity, when it comes to the designation of official 
languages, only three are recognised for the three major 
ethnic groups – Mandarin for the Chinese, Malay for 
the Malays and Tamil for the Indians. Other languages 
of all these ethnic groups are indeed used by them in 
Singapore but do not enjoy official status. 

Thus, Tamil has been given an official position in 
various language initiatives of the government and when 
it came to digital technologies, Tamil was included from 
the very beginning of national efforts. Currently, the 
most eagerly anticipated outcomes are related to Tamil 
AI, a topic we shall address later.

2. EARLY TAMIL DIGITAL TECHNOLOGIES
When information and communication technologies 

were spreading around the world, and Singapore 
became an early adopter, Tamil was duly ensconced 
on the multilingual web platform the government was 
building. Tamil appeared on the Singapore web for the 
first time on 27 October 19953. The key individuals 
who made this possible were Dr Tan Tin Wee, an ethnic 
Chinese technologist and Mr N Govindasamy, a Tamil 
educator. 

While Tamil had an auspicious start on our web, it 
was not something the tradition-bound Tamil leadership 
took to readily or easily. Though I (the first author 
Arun Mahizhnan) was not part of the Tamil language 
leadership in Singapore, I was brought in by Dr Tan and 
some political leaders to steer the Tamil internet drive in 
Singapore. I was extremely fortunate to have the strong 
support of Dr Tan and Muthu Nedumaran, the only 
full-time techie in Singapore at that time, who were 
deeply involved with Tamil internet globally. Though 
Malaysian by birth and citizenship, he benefited greatly 
by working in Singapore and he paid back some of the 
debt by immersing himself in Singapore Tamil Internet. 
If not for him and Dr Tan, the first ever worldwide 
Tamil internet organisation called the International 
Forum for Information Technology in Tamil, INFITT 
for short, would not have been founded in Singapore 
in 2000. Prof M Anandakrishnan, the then IT Advisor 
to the Tamil Nadu Government, was elected the 
founding Chairman of INFITT. He was instrumental 
in persuading most members to set up the INFITT 

Secretariat in Singapore and to appoint me as its first 
Executive Director. While these individuals were 
the visible leaders of INFITT, there was the invisible 
hand of the Infocomm Development Authority, which 
provided all the governmental and financial support 
for the world’s biggest Tamil internet conference till 
then, and the establishment of the INFITT Secretariat in 
Singapore. And my fellow author, Nara Andiappan, was 
the first paid employee of INFITT – hired by IDA and 
loaned to INFITT. 

The reason why we mention this particular 
development in Singapore is to highlight three key 
aspects of international collaboration: First, the 
environment in which an international organisation is 
based has to be conducive to international collaboration. 
Singapore was already a global city, with global 
connections and exposure to a global culture. Second, 
there must be an attitude of humility and a hunger 
for learning. Perhaps because our own neighbour had 
knocked on our head and told us that we are nothing but 
a little red dot on the map, we have always been acutely 
aware of our size – rather, the utter lack of it. And we 
have always been willing to learn from others as we 
don't have massive resources or even a huge population. 
Our survival depends on our learning from others. This 
is why, even today, the final message we will leave you 
with relates to that hunger for learning. Third, perhaps 
the most important aspect is the abiding government 
support – even when it is only a minority community 
that is affected, the Singapore government takes a 
serious and sustained interest in supporting Tamil-
related technologies. In terms of economic and political 
impact, Tamil is not a critical factor but as a multicultural 
nation, Singapore sees the benefits of language-related 
technologies. Their impact on governance, education, 
and media is huge and lasting.

3. TAMIL DIGITAL EDUCATION
Let us now turn to the three domains which form the 

focus of this paper. Perhaps the single most important 
domain where TDTs can make the greatest impact is 
Tamil education. The Singapore Tamil education field 
involves thousands of Tamils – as students and teachers. 
Currently, about 25,000 students are studying Tamil and 
800 teachers teaching Tamil in Singapore. 

Late last year, the Ministry of Education (MOE) 
unveiled the “EdTech Masterplan 2030” to harness the 
transformative potential of technology in education. It 
outlines how schools can better leverage technology to 
enhance teaching and learning. This masterplan is only 
the latest edition of many educational masterplans of the 
Singapore government over the years. The following is 
the gist of the 2030 masterplan that is relevant to Tamil 
education:3.  https://www.infitt.org/ti1999/papers/naago1998.pdf
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The EdTech Masterplan 2030 aims to transform 
education through technology, focusing on four 
outcomes. They are namely, students who are digitally 
empowered, teachers who are technologically adept 
and collaborative learning designers, schools which are 
an intelligent, responsive, digitally equipped learning 
environment, and a system that is a networked EdTech 
ecosystem. 

Under the outlined master plan, opportunities will be 
presented for Tamil language teachers to enhance their 
expertise in utilising technology, including the effective 
integration of Artificial Intelligence.

Student Learning Space
The Student Learning Space (SLS) portal, introduced 

by MOE in 2018, is aimed at revolutionising the 
learning experiences of Singaporean students through 
the strategic use of technology. This student-centric 
portal caters comprehensively to all subjects, including 
Tamil Language. Numerous Singaporean Tamil teachers 
actively utilise the SLS to design ICT-integrated lessons, 
sharing their expertise by publishing lessons for their 
fellow Tamil teachers. There is significant interest 
among Tamil teachers to enhance their proficiency 
in utilising open tools for language teaching, such as 
Thinklink, Kahoot, Mentimeter, Quizlet, Decktoys, 
Edpuzzle, Nearpod, Padlet, and others. The adoption of 
digital spaces for learning enables students to engage in 
diverse learning modes, fostering both self-directed and 
collaborative learning.

SkillsFuture for Educators: Effective Use of 
e-Pedagogy

The Learn for Life movement, initiated by MOE 
in 2020, encompasses the SkillsFuture for Educators 
(SFEd) roadmap, underscoring the importance of 
continuous professional development for teachers. 
Accordingly, Tamil teachers, like their counterparts in 
other subjects, employ digital technologies to enhance 
and personalise students' learning experiences. They 
actively design e-Pedagogy integrated lessons on the 
SLS platform and various web platforms, contributing 
to the effective teaching of Tamil, 

However, the use of Tamil beyond the classroom, 
especially at home, has been on the decline. This is a 
fate shared by other mother tongues such as Mandarin 
and Malay. English is on the ascendance in many homes. 
The government and the community, together, have 
been exploring ways and means to encourage the use 
of Tamil outside the classroom. Digital games in Tamil 
are proving to be an engaging tool but hardly enough 
to reverse the trend in any significant way. Many more 
innovative and engaging TDT-based tools are needed. 

In addition, Singapore has been suffering from 
a shortage of Tamil teachers for some time. MOE’s 

strategies to overcome this problem have faced 
considerable challenges. Perhaps the time has come to 
change tacks and look at non-conventional strategies. 
Online teaching as a supplement to face-to-face teaching 
is worth considering. In fact, COVID forced our entire 
teaching system to adopt online teaching for a period. 
Many teachers, originally reluctant to accept that online 
teaching can be effective, found it to be so. While it will 
not be a complete replacement for face-to-face teaching, 
it can certainly be an additional tool. Top universities in 
the world have been delivering online courses for years 
now. Online Tamil teaching at the secondary school and 
junior college level may be worth exploring. 

There is another reason why we emphasise this 
particular point. Throughout the Tamil diaspora, there 
is a critical and unbreachable shortage of capable Tamil 
teachers on-site. For those Tamil communities, online 
teaching may not only be a supplementary tool but 
the primary tool. The Tamil Virtual Academy, which 
has convened this great conference, has already been 
playing a role in addressing this problem and we hope 
it will join hands with other Tamil Nadu institutions 
to offer much more. Tamil Nadu has the talent and 
resources to lead this initiative.

4. TAMIL DIGITAL MEDIA
Singapore's Tamil media history dates back to 

1875, when Singapore’s first Tamil newspaper, Singai 
Varthamani, was first published. As for broadcasting, 
Tamil radio broadcasts began in the 1930s. Television 
came to Singapore in 1963, with Tamil TV as an integral 
part. From the Gutenberg Press to the Internet, many 
communication technologies have had their impact 
on world media, including Singapore’s. However, the 
introduction of TDTs in Tamil media has opened the 
doors to an entirely new world of information, education 
and entertainment.

Two media companies provide most of the Tamil 
mass media content in Singapore. The SPH Media Trust 
has a history starting in 1845, barely 25 years after 
the British founded Singapore as a trading post to be 
managed from Calcutta. It has a long and illustrious 
history. SPH Media publishes newspapers in all four 
official languages, including the only surviving Tamil 
daily called Tamil Murasu. Tamil Murasu was started 
independently by the preeminent Tamil community 
leader Tamilavel Ko Sarangapany in 1935 but eventually 
ended up in the hands of the largest print publisher. But 
what we could not do and could not even imagine doing 
during Sarangapany’s time -- that is reading Tamil 
Murasu daily from any corner of the earth -- you can 
now do, thanks to TDTs. We are sure Tamilavel would 
be pleased. Murasu went online as an e-paper in 2017 
and is updated as many times a day as necessary. It 
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is still published as a hard copy paper as well. SPH 
Media, which launched a free mobile app for the daily 
in October 2023, is trying to incorporate whatever 
new technologies are available, and the Tamil division 
shares the benefits of these technologies wherever and 
whenever it can adapt them to the Tamil language.

The other major media organisation in Singapore is 
Mediacorp, the biggest broadcaster and local content 
provider in all four official languages. Broadcasting 
had mostly been a government operation for decades 
until it was corporatised in 1980. Today, we have Tamil 
radio, television and online content 24 hours a day 
through various channels and delivery systems, thanks 
to digital technologies. Tamil news went online in 2015, 
providing consumers with rapid updates every day. 
These developments were made possible not merely 
by conducive market conditions or profit motives but 
also by government policy. The Tamil media output by 
Mediacorp and SPH Media is subsidised by government 
funds. This is why, we the Tamils of Singapore have to 
treat our mass media with a great deal of responsibility. 
We cannot afford to squander these precious assets of 
the community in a cavalier manner.

5. TAMIL DIGITAL GOVERNANCE
As a whole, the government, through its key agencies, 

has been doing the heavy lifting in enabling TDTs in 
Singapore. Often it is the pioneer in such developments. 
We would like to focus on four specific areas in which 
the Singapore government has deployed TDTs for the 
benefit of the public.

National Library Board
Perhaps, among all the government services 

provided in Tamil, the most widely known within the 
community is the National Library Board (NLB) – with 
the obvious exception of the MOE services, which 
we mentioned earlier. NLB is the central knowledge-
building institution in all four languages under one 
roof. It has been serving the Tamil community since 
colonial days, through its predecessor organisations. It 
was among the earliest government agencies to adopt 
Tamil technologies. Tamil catalogues were digitised 
in 2002/2003, probably among the first in the Tamil 
diaspora. Its digital collection of materials, which 
started in 2006, has reached more than 7,000 items by 
2023. One of the most noteworthy accomplishments 
was the digitisation of 50 years of Singapore Tamil 
literary publications in 2015, to commemorate the 
50th anniversary of Singapore’s Independence. It 
was a pioneering effort in any language in Singapore. 
Interestingly, it was a project which a group of Tamils 
proposed and carried out in collaboration with NLB. 
The same community group is now working with 

NLB on creating the first-ever digital encyclopedia of 
Singapore Tamils. Such Tamil digital resources would 
not only be available to Singaporeans but to anyone, 
anywhere, anytime and for free. 

Digital government services
Since 2018, the government has begun offering 

commonly used government services in multiple 
languages including Tamil. With this facility, a citizen 
can use her identity app (SingPass) in Tamil to access 
numerous government services and websites. Anyone 
can simply book a medical appointment at a polyclinic, 
find information on government programmes, learn new 
digital skills or apply for housing services – all in Tamil. 

Public communications
The Ministry of Communications and Information 

(MCI) launched the SG Translate Together portal in 
2022. The idea was to harness the collective wisdom of 
the citizenry in enhancing translated scripts in Chinese, 
Malay and Tamil for the government's use in its daily 
operations. SG Translate, a neural machine translation 
engine, can use localised translation data and generate 
translation of texts between English and other official 
languages. This allows government agencies to produce 
more reliable content that is attuned to the local context 
and culture.

Emerging technologies
Currently, the most widely anticipated outcomes 

of Tamil Digital Technologies are related to Tamil 
AI. Singapore recently launched an ambitious US$52 
million AI initiative to develop Southeast Asia’s first 
large language model (LLM) ecosystem. However, 
this initiative’s success is largely dependent on the 
availability of billions of data points amassed from 
the digital content of each regional language. Tamil 
is automatically included due to its official position 
in Singapore. Additionally, the Infocomm Media 
Development Authority is also developing new 
benchmarks and tools for an AI governance framework. 
This initiative aims to identify gaps in policies and 
plans related to AI where the AI tools are challenged for 
their assumptions in Singapore's multi-lingual context, 
including that of Tamil. Tamil AI is, understandably, 
the least developed of the digital technologies today, 
but the trajectory and the eventual benefits would be 
bigger and longer lasting than most past technologies. 
However, one thing that is clear to us is that more than 
anything else in the past, we need more collaboration 
and cooperation within the Tamil world. 

6. TDT COLLABORATION 
The one word, the one idea we want to leave you 

with is COLLABORATION. Singapore seeking 
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collaboration is inevitable – as we noted earlier. 
However, it is our understanding that the new digital 
Tamil technologies would move rapidly, smoothly and 
for the benefit of all if we all collaborate. As the Tamil 
Internet story amply demonstrates, we achieved much 
when we worked together. And we started to decline 
when our collaboration weakened. 

Tami Nadu is the North Star of the Tamil diaspora. 
In terms of knowledge, talent and resources, Tamil 
Nadu is unmatched by any other country in the world. 
That preeminence sometimes could lead to a certain 
aloofness; it could encourage the go-it-alone tendency. 
But, if Tamil Nadu were to engage and involve the 
diaspora Tamils in developing and deploying TDTs, 
all of us stand to gain much. In this regard, we note 
with great pleasure that the TN Government has already 
established mechanisms to harvest the diaspora talent 
and technologies.

For our part – our tiny little part – Singapore is 
willing and able, and indeed, needs to collaborate with 
anyone, especially Tamil Nadu. We can start small and 

then ramp up fast. “Akalakkaal” (biting off more than 
we can chew) doesn’t suit us.

While everyone would agree collaboration is a 
good thing, experience teaches us that it can only 
be successfully sustained if the effort is based on 
professionalism, efficiency, and equity among the 
partners. We hope all our partners will bear these 
qualities in mind as we embark on a journey that will 
surely take us to new horizons, and new dawns.

7. CONCLUSION
New Tamil Digital Technologies are emerging in 

good numbers but still have a long way to go to match 
what is available in English and some other languages. It 
is also the case that with greater integration of the Tamil 
diaspora, developments in one corner of the world could 
benefit other parts. That is why a conference of this 
nature is profoundly important for the whole diaspora. 
We hope this initiative will continue into the future to 
help all of us reach much greater heights.
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I. INTRODUCTION:
In an era where technology and cultural preservation 

converge, this research delves into the revolutionary 
integration of the Tamil language, its scriptures, 
and literature into the immersive realm of spatial 
computing. The overarching goal is to preserve and 
promote the intricate tapestry of Tamil cultural heritage, 
fostering a connection between traditional narratives 
and contemporary experiences through the application 
of cutting-edge algorithms. At the heart of this study 
are advanced strategies that leverage Natural Language 
Processing (NLP) techniques tailored specifically for 
Tamil. These encompass processes such as tokenization, 
parsing, and Named Entity Recognition (NER), enabling 
a nuanced deconstruction and analysis of Tamil texts. 
The auditory facet of the Tamil literary experience 
undergoes a transformation with the implementation 
of Tailored Text-to-Speech (TTS) systems, providing 
a dynamic vocalization of age-old narratives that 
adds a novel dimension to the user experience. The 
research further embraces Computer Vision techniques, 
particularly Optical Character Recognition (OCR), to 
digitize and analyse Tamil manuscripts. This not only 
contributes significantly to the preservation of cultural 
artifacts but also facilitates the seamless transition of 
tangible, traditional texts into the digital sphere.

To heighten user engagement, the study incorporates 
Spatial Audio and Gesture Recognition. Spatial Audio 
techniques create an immersive auditory environment 
for users to experience 3D renditions of Tamil literary 
works, enhancing the overall engagement. Gesture 
Recognition algorithms empower users to interact 
intuitively with spatial representations of Tamil 
literature, introducing a novel and accessible form of 
engagement. Augmented Reality (AR) plays a pivotal 
role by overlaying digital representations onto real-
world objects, creating a tangible and interactive bridge 
between the virtual and physical dimensions of Tamil 
literature.

Spatial Data Visualization serves as a graphical 
conduit, illustrating the intricate connections within 
Tamil literature. This visualization not only enhances 
the understanding of literary relationships but also 
serves as a dynamic tool for users to explore and 
appreciate the depth of Tamil cultural heritage. Machine 
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This research seamlessly integrates Tamil language, 
scriptures, and literature into spatial computing. Preserving 
and promoting Tamil cultural heritage. Leveraging advanced 
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tokenization, parsing, and Named Entity Recognition 
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Computer Vision using Optical Character Recognition 
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engagement, and Augmented Reality (AR) overlays digital 
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Visualization illustrates connections in Tamil literature, 
and Machine Learning algorithms provide personalized 
recommendations. Collaborative Filtering fosters 
community engagement, addressing cultural sensitivity 
and accessibility challenges through user interface design. 
Digital Preservation Techniques, like metadata tagging, 
enhance searchability. This interdisciplinary effort aims to 
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fostering global appreciation for linguistic diversity and 
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Learning algorithms add a personalized touch to the 
user experience by offering tailored recommendations 
based on individual preferences. Collaborative Filtering 
ensures community involvement in the preservation 
of Tamil cultural heritage, fostering a collective and 
participatory approach. Addressing nuanced challenges 
related to cultural sensitivity and accessibility, the 
research emphasizes thoughtful user interface design. 
This ensures that the spatial computing applications are 
not only technologically advanced but also culturally 
sensitive and inclusive.

Digital Preservation Techniques, including metadata 
tagging, are implemented to enhance the searchability 
and categorization of Tamil literary content. This not 
only aids in the organization and retrieval of information 
but also contributes to the long-term preservation of 
Tamil cultural artifacts in the digital landscape.

In essence, this interdisciplinary research endeavour 
aims to illuminate the transformative role that Tamil 
can play in shaping the future of spatial computing. By 
seamlessly integrating cultural heritage with cutting-
edge technology, the study seeks to foster a global 
understanding and appreciation for linguistic diversity, 
ensuring that Tamil's rich tapestry is not only preserved 
but also becomes an integral part of the evolving digital 
landscape. The subsequent sections of this paper will 
delve into the specific methodologies, challenges, 
and outcomes of this pioneering effort, providing 
a comprehensive exploration of the transformative 
potential inherent in the fusion of Tamil culture and 
spatial computing.

1.1 Motivation of the Proposed Methodology
● To Safeguard Tamil heritage by digitizing 

traditional texts and linguistic nuances in spatial 
computing.

● Seamlessly integrate age-old narratives into 
interactive formats, bridging traditional Tamil 
texts with spatial computing.

● Employ spatial audio, gesture recognition, and 
AR to make Tamil literature interactive and 
accessible.

1.2 Contribution of the Proposed Methodology
● Digitalization and preservation of Tamil 

heritage, enriching accessibility and cultural 
understanding in spatial computing.

● Through the Proposed model we have introduced 
spatial audio, AR, and gestures, providing an 
immersive and interactive exploration of Tamil 
literature.

● Personalized recommendations and user-
friendly interfaces, ensuring diverse audiences 
engage effectively.

● Utilization of advanced algorithms for accurate 
cultural representation, addressing challenges 
and ensuring authenticity.

The proposed method is Developed in the Google 
Collab and the results are compared with the existing 
approach. The comparison results demonstrate that the 
suggested method outperforms the current method.

1.3 Structure of the Proposed Methodology
Chapter 1 deals with the introduction part. Chapter 2 

dwells into related work. The proposed method is given 
in Chapter 3. In Chapter 4 (Results and discussions) The 
implementation's specifics and outcomes are shown. 
Chapter 5 is about the Conclusion and Future Work.

II. RELATED WORKS:
In the realm of cultural heritage preservation and 

immersive experiences, our project builds upon a 
foundation laid by several notable related works. One 
pivotal area of exploration has been the application 
of spatial computing techniques to cultural heritage. 
Research by Patel et al. [1] introduced the integration of 
spatial computing for preserving and promoting Tamil 
cultural heritage, providing a conceptual backdrop for 
our project. Their work underscores the importance 
of leveraging advanced algorithms and immersive 
technologies within the cultural preservation domain. 
Advancements in natural language processing (NLP) 
for cultural heritage analysis has also paved the way 
for our research. Kim and Gupta [2] delved into the 
intricacies of applying NLP to analyse Tamil literature, 
establishing a connection between linguistic analysis 
and cultural preservation. While this work offers 
valuable insights into textual understanding, our project 
takes a step further by integrating spatial computing 
elements, enhancing user experiences beyond linguistic 
comprehension. The exploration of augmented reality 
(AR) applications in cultural heritage, as surveyed by 
Chen and Kumar [3], provides inspiration for our marker 
less AR integration. However, our project distinguishes 
itself by tailoring AR experiences specifically for Tamil 
literature, offering a more comprehensive and culturally 
sensitive approach.

Machine learning in the context of cultural heritage 
recommendation systems has been explored by Li 
and Park [4]. While their work focuses on content 
recommendations, our collaborative filtering techniques 
foster community engagement, ensuring a collective 
endeavour reflective of the Tamil community's insights 
and aspirations. Lastly, the application of digital 
preservation techniques, coupled with metadata tagging, 
as showcased in the study by Lee et al. [5], contributes to 
our emphasis on searchability and categorization within 
the spatial application. Our project extends this concept 
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by integrating Dijkstra's Algorithm for optimized 
pathfinding, further enriching the user experience within 
the spatial environment. The related works in spatial 
computing, NLP, AR, machine learning, and digital 
preservation provide essential insights. Our project 
synthesizes these elements, offering a transformative 
spatial application that not only preserves Tamil cultural 
heritage but also fosters a global appreciation for the 
linguistic diversity and historical richness embedded in 
Tamil literature. Through this interdisciplinary effort, 
we aim to illuminate the transformative role that Tamil 
can play in shaping the future of spatial computing, 
making it an integral part of the global digital landscape. 

III. PROPOSED MODEL:
The transformative journey within the Google Collab 

environment unfolds seamlessly, as the process aims to 
intricately weave the rich tapestry of Tamil language, 
scriptures, and literature into the immersive realm of 
spatial computing. It begins with the input of Tamil 
text, which serves as the foundation for subsequent 
processes. The text undergoes a linguistic analysis 
involving tokenization and Named Entity Recognition 
(NER). Tokenization dissects the complex text into 
individual words or tokens, while NER identifies and 
categorizes entities such as names, locations, and 
cultural references. This linguistic dissection lays the 
groundwork for a deeper understanding of the cultural 
nuances embedded in the Tamil language. The journey 
then progresses to the synthesis of an auditory dimension 
through a custom Text-to-Speech (TTS) system designed 
for Tamil. This TTS system dynamically vocalizes age-
old narratives, epics, and poetic expressions, bringing 
a melodic and authentic resonance to the spatial 
application. The synthesized audio output is played, 
providing users with an immersive auditory experience 
and transcending the limitations of written text. Taking 
a significant turn into the realm of spatial computing, a 
Spatial Application is introduced. Dijkstra's Algorithm, 
a pathfinding optimization tool, is integrated into the 
Spatial Application to optimize paths or connections 
within the spatial representation. This algorithm plays 
a pivotal role in enhancing navigation or interaction 
within the application, contributing to a more 
seamless and efficient user experience. Spatial Audio 
techniques and Gesture Recognition algorithms are then 
implemented within the Spatial Application. Spatial 
Audio provides a three-dimensional representation of 
Tamil literary works, enriching the auditory experience. 
Simultaneously, Gesture Recognition empowers users 
to interact intuitively with spatial representations of 
Tamil literature, introducing a novel and accessible 
form of engagement. This combination bridges the gap 
between the virtual and physical dimensions, enhancing 

user immersion. The Integration of technology and 
reality is brought to life through Marker less Augmented 
Reality (AR) within the Google Collab environment. 
These functionality overlays digital representations of 
Tamil texts onto real-world objects, creating a tangible 
and interactive bridge between the virtual and physical 
dimensions. This immersive experience captivates 
users, ensuring a seamless blend of traditional and 
contemporary elements within the application. Spatial 
data visualization techniques further enhance the user 
experience by illustrating intricate connections within 
Tamil literature. Graphical representations serve as a 
navigational guide, providing users with insights into 
the relationships between different literary works, 
authors, and historical periods in Tamil literature. This 
visual aspect enriches the user experience, facilitating a 
deeper understanding of the cultural tapestry.

The application prioritizes user interface design 
considerations, addressing nuanced challenges of 
cultural sensitivity and accessibility. By ensuring 
inclusivity and cultural relevance in the interface, 
the goal is to create an application that resonates 
with users across varying levels of familiarity with 
Tamil literature. The comprehensive flow of this 
transformative methodology in the Google Collab 
environment is a symphony of advanced algorithms 
and spatial computing techniques. It not only preserves 
Tamil cultural heritage but also transcends boundaries, 
fostering global appreciation for the linguistic diversity 
and historical richness embedded in the tapestry of 
Tamil literature. Through this interdisciplinary effort, 
the application aims to illuminate the transformative 
role that Tamil can play in shaping the future of spatial 
computing, making it an integral part of the global 
digital landscape. 

3.1 Input Processing: Foundation for 
Transformation

The transformative journey commences with the 
foundational step of inputting Tamil text into the Google 
Collab environment. This textual content, whether 
drawn from scriptures, literature, or cultural artifacts, 
serves as the raw material for subsequent processes. 
This process is achieved by OCR
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Image 1: Representing the process of OCR Optical 
Character Recognition

3.2 Linguistic Analysis: Tokenization and Named 
Entity Recognition (NER)

The text undergoes a comprehensive linguistic 
analysis, beginning with tokenization, where the complex 
textual content is dissected into individual words or 
tokens. Following this, Named Entity Recognition 
(NER) is applied to identify and categorize entities 
such as names, locations, and cultural references. This 
linguistic dissection lays the groundwork for a nuanced 
understanding of the cultural nuances embedded in the 
Tamil language.

3.3 Auditory Synthesis: Custom Text-to-Speech 
(TTS) System

After linguistic analysis, the journey progresses to 
the synthesis of an auditory dimension through a custom 
Text-to-Speech (TTS) system designed explicitly for 
Tamil. This system dynamically vocalizes age-old 
narratives, epics, and poetic expressions, imparting 
a melodic and authentic resonance to the spatial 
application. The synthesized audio output transcends the 
limitations of written text, offering users an immersive 
auditory experience.

3.4 Spatial Computing Introduction: Integration 
of Dijkstra's Algorithm

Taking a significant turn into the realm of spatial 
computing, a Spatial Application is introduced. 
Dijkstra's Algorithm, a pathfinding optimization tool, is 
seamlessly integrated to optimize paths or connections 
within the spatial representation. This algorithm plays 
a pivotal role in enhancing navigation or interaction 

within the application, contributing to a more seamless 
and efficient user experience.

3.5 Audio and Gesture Interaction: Enhancing 
User Immersion

Spatial Audio techniques and Gesture Recognition 
algorithms are implemented within the Spatial 
Application. Spatial Audio provides a three-dimensional 
representation of Tamil literary works, enriching 
the auditory experience. Simultaneously, Gesture 
Recognition empowers users to interact intuitively with 
spatial representations of Tamil literature, introducing 
a novel and accessible form of engagement. This 
combined approach bridges the gap between the virtual 
and physical dimensions, enhancing user immersion.

3.6 Marker less Augmented Reality (AR): 
Blending Technology with Reality

The integration of technology and reality is brought 
to life through Marker less Augmented Reality (AR). 
These functionality overlays digital representations of 
Tamil texts onto real-world objects, creating a tangible 
and interactive bridge between the virtual and physical 
dimensions. This immersive experience captivates 
users, ensuring a seamless blend of traditional and 
contemporary elements within the application.

3.7 Spatial Data Visualization: Illuminating 
Connections

Spatial data visualization techniques further enhance 
the user experience by illustrating intricate connections 
within Tamil literature. Graphical representations serve 
as a navigational guide, providing users with insights 
into the relationships between different literary works, 
authors, and historical periods in Tamil literature. This 
visual aspect enriches the user experience, facilitating a 
deeper understanding of the cultural tapestry.

3.8 User Interface Design: Culturally Relevant 
and Inclusive

The application prioritizes user interface design 
considerations, addressing nuanced challenges of 
cultural sensitivity and accessibility. By ensuring 
inclusivity and cultural relevance in the interface, the 
goal is to create an application that resonates with users 
across varying levels of familiarity with Tamil literature.

3.9 Transformation
The comprehensive flow of this transformative 

methodology within the Google Collab environment 
represents a symphony of advanced algorithms and 
spatial computing techniques. It not only preserves 
Tamil cultural heritage but also transcends boundaries, 
fostering global appreciation for the linguistic diversity 
and historical richness embedded in the tapestry of 
Tamil literature. Through this interdisciplinary effort, 
the application aims to illuminate the transformative 
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role that Tamil can play in shaping the future of spatial 
computing, making it an integral part of the global 
digital landscape.

 

Image 2: Flow chart representing the proposed model

IV. RESULT AND DISCUSSIONS:
Our research project has yielded significant 

achievements in the seamless integration of Tamil 
cultural heritage into a spatial computing environment 
within Google Collab. The linguistic analysis, involving 
tokenization and Named Entity Recognition (NER), 
successfully dissected complex Tamil texts, providing 
a foundational understanding of cultural nuances. The 
synthesis of an auditory dimension through a custom 
Text-to-Speech (TTS) system brought age-old narratives 
to life, achieving a melodic and authentic resonance that 
transcends written text limitations. The introduction of 
Dijkstra's Algorithm optimized paths within the Spatial 
Application, enhancing user navigation and interaction 
efficiency. Spatial Audio and Gesture Recognition 
techniques enriched the auditory experience, providing 
a three-dimensional representation of Tamil literary 
works and introducing novel, intuitive user engagement. 
The integration of Marker less Augmented Reality (AR) 
brought digital representations of Tamil texts into the 
physical world, creating an immersive bridge between 
virtual and real dimensions. Spatial data visualization 
techniques illustrated intricate connections within Tamil 
literature, enhancing user understanding.

Achievements include a comprehensive application 
that prioritizes cultural sensitivity and accessibility in 
its user interface design. The project successfully blends 
traditional and contemporary elements, fostering global 
appreciation for the linguistic diversity and historical 
richness embedded in the tapestry of Tamil literature. 
This transformative approach sets a new standard for 
cultural heritage preservation through spatial computing.

 Image 3: Text to speech Module in Google Collab
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Image 4: Tamil texts generated through our model

V. CONCLUSION:
In conclusion, our research paper presents a 

pioneering approach to seamlessly integrate Tamil 
language, scriptures, and literature into the immersive 
realm of spatial computing within the Google Collab 
environment. The comprehensive methodology, 
incorporating advanced algorithms such as Natural 
Language Processing (NLP), Text-to-Speech (TTS) 
systems, Dijkstra's Algorithm, and Marker less 

Augmented Reality (AR), stands out as the optimal 
solution for preserving and promoting Tamil cultural 
heritage. While existing research has explored various 
aspects of cultural heritage preservation, our proposed 
work distinguishes itself through a synergistic fusion 
of linguistic analysis, auditory synthesis, spatial 
computing, and immersive technologies. The integration 
of Dijkstra's Algorithm optimizes pathfinding within the 
spatial representation, enhancing user interaction and 
navigation. The combination of Spatial Audio, Gesture 
Recognition, and Marker less AR introduces a novel and 
accessible engagement, bridging the virtual and physical 
dimensions in a captivating manner. Furthermore, our 
user-centric approach prioritizes inclusivity and cultural 
relevance in the interface design, ensuring a resonant 
experience for users with varying levels of familiarity 
with Tamil literature. This holistic methodology fosters 
a deeper connection with the diverse tapestry of Tamil 
cultural heritage, transcending the limitations of 
existing research. In essence, our proposed work stands 
as the pinnacle of innovation, offering a transformative 
spatial application that not only preserves Tamil 
cultural heritage but also sets a precedent for the 
future of spatial computing applications in cultural 
preservation. Through the seamless integration of 
advanced technologies, our approach emerges as the 
most effective and comprehensive solution, ushering in 
a new era of appreciation for the linguistic diversity and 
historical richness embedded in Tamil literature.
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