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ANNA UNIVERSITY , CHENNAI

PROGRESS THROUGH KNOWLEDGE

Prof. M.K. Surappa

Vice-Chancellor

It gives me immense pleasure in writing this foreword for the Eighteenth edition of the Tamil
Internet Conference, TIC 2019, being held at Anna University, Chennai, from Sep 20-22, 2019.
Unprecedented technological developments that improve the lives of common man are taking
place in the area of Al, and Machine Learning. Bringing this to the doorsteps of the actual users
requires the interfaces to be in the language of the people, thus moving Natural Language
Processing (NLP) to the forefront. In our country, India, which is multi-lingual, NLP becomes
interesting and challenging to handle the various complexities of each language. While research
in NLP in Indian languages was started more than three decades ago, not all languages have
received the same amount of attention. However, NLP work in Tamil has been progressing
steadily for the last two decades, and the Tamil Internet Conference series has been a flagship
event showcasing the developments in Tamil Computing. Supported by the Tamil Diaspora
world-wide through the organization INFITT, this Conference helps to consolidate the work
relating Tamil and technology in all its forms, ranging from Computational linguistics, and tools
for Tamil processing to mobile, and virtual reality applications.

The theme of this year’s conference is “Tamil Robotics and Language Processing” which
highlights the timely progress in the world of Tamil Computing. Anna University has been
working and contributing in the area of Tamil Computing for the past twenty years, and we are
happy to host this event this year, while we are celebrating the 225" year of our primary
institution, College of Engineering, Guindy (CEG).

We would like to encourage students and researchers across Tamil Nadu to participate in this
important event.

I congratulate all the delegates who have contributed technical papers for this conference
proceedings, and wish this event a grand success.
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XIX

REPUBLIC OF MAURITIUS

OFFICE OF THE VICE-PRESIDENT
MESSAGE

I am happy to note that INFITT is conducting its 19" Tamil Internet
Conference in collaboration with Anna University, Chennai, India. I have been
fully apprised of the tremendous research and achievements of the INFITT
team. [ am also very pleased that some of our scholars, teachers and students
have participated in similar conferences conducted in Singapore, Malaysia,
Germany, Philadelphia and other parts of the world. Through such fora, many
young researchers and academics have been able to connect with one another
and build mutual understanding of different cultures, especially through the
learning of mother-tongue languages.

As technology continues to evolve, we must remain open to new possibilities
and experiment with innovative practices. The Republic of Mauritius is no exception. In December
2018, the Prime Minister, Hon. Pravind Jugnauth, launched the Digital Mauritius 2030 Strategic Plan, and
outlined his vision of Mauritius as a Digital Island.

True, Mauritius has emerged as a leader on the African Continent in ICTs, as shown by the favourable
international rankings of the country. However, we are conscious of the need to double efforts for the
digital economy to continue its expansion and be a stronger provider of jobs to our youth. Our students
and teachers are equipped with state-of-the-art technologies in the classrooms, and the government is
providing all the resources they need.

Our teachers have also adopted a wide range of innovative methodologies to engage students and foster a
deeper appreciation of the Tamil Language and culture. This intersection of digital technologies and
mother tongue languages makes language learning accessible while simultaneously providing a window
into our roots and heritage.

At the international level, INFITT is a key platform for learning and sharing among participants who
share a common goal of ensuring that our language remains relevant to future generations in the Tamil
diaspora. Now into its 19th year, INFITT continues its fine tradition of holding the Tamil Internet
Conference in cities around the world where Tamil-speaking communities reside.

I extend my warm thanks to INFITT for organising this important event, and I wish the organisers,
participaqts a eryone a fruitful Tamil Internet Conference 2019.

Paramasivum Pillay Vyapoory, G.O.S.K.
Ag. President of the Republic of Mauritius
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Dr. Santhosh Babu, IAS

Principal Secretary, Information Technology
Chairman and Director
Tamil Virtual Academy, Chennai
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Tamil Paraphrase Detection using Long-Short Term Memory Networks

B. Senthil Kumar, D. Thenmozhi, Chandrabose Aravindan, S. Kayalvizhi
SSN College of Engineering
Chennai

theni_d@ssn.edu.in

Abstract. Paraphrase detection, one of challenging task in NLP is to detect whether the given pair of
sentences which are rephrased or with word reordering are preserving the meaning semantically.
Paraphrase detection for Indian languages especially for Tamil, one of the Dravidian language which is
agglutinative is a challenging task. In this paper, we present the Paraphrase detection for Tamil language
using Long-Short Term Memory (LSTM) neural networks. Eventhough the state-of-art systems used
traditional learning techniques, it suffers from carefull hand-crafted feature engineering which require
pure lexical, syntactic or lexico-syntactic features of the language. To alleviate this problem, deep LSTM
is used to train our system which considers the pair of sentences and predicts it as a Paraphrase (P) or
Non-paraphrase (NP). Our system performs 15.2% better than the existing system using deep neural
networks.

1. Introduction

The ability to detect similar sentences written in natural language is crucial for several applications, such as
text mining, text summarization, plagiarism detection, authorship authentication, query ranking and question
answering. Paraphrase can be identified, generated or extracted. Paraphrase identification can be used in
generation system to choose the best from the list of candidates generated by the paraphrase generation
system. It also plays vital role in validating the paraphrase extraction system and machine translation systems.
Detecting redundancy is a very important issue for a multi-document summarization system because two
sentences from different documents may convey the same semantic content and to make summary more
informative, the redundant sentences should not be selected in the summary.

In this paper, the focus is to identify the paraphrase sentences from the DPIL corpus for Tamil
language. The shared task on Detecting Paraphrases in Indian Languages (DPIL)@FIRE 2016 [1][2] was a
good effort towards creating benchmark data for paraphrases in Indian Languages. Identifying the
paraphrases in Indian languages especially for Tamil is a difficult task because evaluating the semantic
similarity of the underlying content and understanding the morphological variations of the language are more
critical.

Our main contributions in this work are:

(i) We propose a deep neural architecture for Tamil paraphrase detection using LSTM enhanced with
attention mechanisms.

(ii) We evaluate this model in a monolingual setting, performing paraphrase detection on standard DPIL
datasets, to assess the suitability of this model type for the paraphrasing task.

(iil) We compare the performance of our model to the state-of-the-art Tamil paraphrase detection model using
deep learning, including the detailed analysis.

2. Related Work

Out of ten teams who submitted results in the DPIL shared task, five teams had submitted their results for
Tamil paraphrase detection. Kong et al., [8] submitted results for all the four Indian languages — namely



Tamil, Malayalam, Hindi and Punjabi. They have used Cosine Distance, Jaccard Coefficient, Dice Distance
and METEOR features and classification is done based on Gradient Tree Boosting. They achieved the overall
best score across all the four languages. The Tanik et al., [9] used similarity based features, word overlapping
features and scores from the machine translation evaluation metrics to find out the similarity scores between
pair of sentences. They tried with three different classifiers namely Naive Bayes, SVM and SMO.

The Tamil Shallow parser was used by Thangarajan et al., [10] to extract the morphological features
of language and applied Support Vector Machine (SVM) and Maximum Entropy to classify Tamil
paraphrases. They submitted results only for Tamil language with 82% accuracy. Kamal Sarkar [11] had
submitted results for all the four languages. He used different lexical and semantic level (Word embeddings)
similarity measures for computing features and used multinomial logistic regression model as a classifier. His
model performed 78% accuracy for the Tamil language. Sarkar et al., [12] used the features based on Jaccard
Similarity, length normalized Edit Distance and Cosine similarity. These feature-set are trained using
Probabilistic Neural Network (PNN) to detect the paraphrases. For Tamil language, the system achieved
83.33% accuracy in subtaskl.

All the above models applied the traditional learning techniques by using the lexical, syntactic or
semantic similarity feature sets. Mahalakshmi et al., [3] used recursive auto-encoders (RAE) to represent the
feature vectors for Tamil paraphrase detection. Initially the sentence pairs are parsed using the shallow parser
and its word, phrase vectors are computed by RAE for learning feature vectors for phrases in syntactic trees
in an unsupervised way. The model then used the Euclidean distances to measure the similarity and then
softmax classifier is used to detect the paraphrases.

3. Dataset

We have used the Tamil paraphrase pair of sentences from the DPIL@FIRE2016 shared task. The shared task
required participants to identify sentential paraphrases in four Indian languages — Hindi, Punjabi, Malayalam
and Tamil. In this shared task, there were two sub-tasks: taskl is to classify a given pair of sentences as
paraphrases (P) or not paraphrases (NP) and task2 is to identify whether a given pair of sentences are
completely paraphrases (P) or semi-paraphrases (SP) or not paraphrases (NP). The evaluation dataset is
mainly obtained from the newspaper. The details of this corpus can be found in
http://nlp.amrita.edu/dpil_cen/. The corpora are divided into two different subsets. We used Task-1 subset for
Tamil language, which categorizes 2500 paraphrase Tamil sentence pairs into one of binary class and with
900 test pairs.

The corpus statistics showed that the vocabulary sizes for Hindi & Punjabi languages are less than
Tamil and Malayalam. This is because the Dravidian languages, Tamil and Malayalam are agglutinative in
nature. Due to this phenomenon, Dravidian languages end up by having more unique words and hence larger
vocabulary. The size of vocabulary for Tamil is around 17K for 2500 pairs of train sentences. This
agglutinative phenomenon of Tamil language increases the complexity in detecting the paraphrases.

4. Proposed Methodology

To detect the paraphrases, we adopted the NMT architecture [4]. The model consists of embedding layer,
encoders, decoders which uses Bi-LSTM layers and attention mechanism on top of encoders, projection layer
on top of decoders to predict the class label. We treated this model as classification system to predict the class
label as Paraphrase (P) or Non-Paraphrase (NP) for the given pair of input sentences. The embedding layer
creates the vocabulary for both the input and the output. Here the input is the pair of sentences and the output
is the binary class label P and NP. The dataset annotated the paraphrases using XML format for each
language. The following is the sample paraphrase in Tamil:



<Paraphrase pID="TAMO0001">

<Sentencel> FBISTTYTLD 6HTGEHSulled Cumiiqguil(B)d VL TedledT HEWL LIWIERTLOTSH

ClFsiTm) Ulygrrib GeFiigmi. </Sentencel>

<Sentence2> &.1p.&., Geul_umeri ewL_redlstt CUTL_gullBd FBsrTYTD GCHTES ullsv
Aevrer CaFevidb LIGFlulled pewL_Liwiewtioms GlFsiTm spL” (B Caa MG Ti. </Sentence2>

<Class> P </Class>
</Paraphrase>

Each paraphrase was assigned a unique ID followed by the two sentences marked by sentence number tags
and the gold class label tag. This input pair of sentences are extracted from the dataset, preprocessed and
presented as input sequences to encoder in the model as below:

<> FhiISITYrD QFTGSullsd CGumiiguilBb s redler BewL LwenTorTs GlFeTm LyFryh CQFgmi.
<eol> &ly.s., Geulumeri evLmeller Cumriguil@bd Fhisyryrd Casr@dulley HAsrer GFevid

L@Sluilsy pewL_Liwentoms ClFsTm U (h Cesflgasri </s>

The input pair of sentences are delimited with <eol> which acts as a boundary marker between the
sentences pair and given as input to the Bi-LSTM units. The time-based Bi-LSTM units which act as an
encoder generates a context vector for the given input pair of sentences which is then mapped to the
corresponding class in output during the training. The attention mechanism on top of encoder Bi-LSTM units
calculates the weights which select the set of inputs that contribute in predicting the output class label. During
the testing, the unseen paraphrase sentences are given as input to the model. The encoding Bi-LSTM units
that generate the context vector is given as input to decoder and act as an initializer to the decoding Bi-LSTM
units. The context vector, the previous output and current input are given as input to the decoder Bi-LSTM
units to predict the class label. From our earlier experiments, we resorted to use one Bi-LSTM layer as
encoder and decoder. The performance of the system varies with the number of layers of Bi-LSTM units,
number of epochs, type of attention mechanisms, the data size which generated the vocabulary and other
hyper parameters to the model.

5. Result

To evaluate the system, we have considered 5-fold cross validation on the training data. We tried with two
types of attention mechanisms — Normed Bahdanau (NB) and Scaled Luong (SL) on top of encoders. For the
given 2500 pair of training sentences, the model accuracy is measured by dividing the training dataset into 5
folds. For each fold 500 pairs are considered for testing and the remaining 2000 pairs are considered as
training data. The overall performance of the system for 5 folds is 65.2% accuracy and is shown in Table 1.

Table 1. Performance of Models

Model Accuracy(%)
NB SL
1 1-Fold 60.8 67.0
2 2-Fold 644 62.0

SINo n-Fold




3 3-Fold 68.6 68.4
4 4-Fold 63.0 63.6
5 5-Fold 68.2 65.0

Overall 65.0 65.2

It is observed from the results that both the two models — NB and SL — performed almost similar. We have
compared the results of Mahalakshmi et al., [3] who have reported on deep learning approach for paraphrase
detection in Tamil. They have also considered 2000 pairs for training and 500 pairs for evaluating the
performance. The result comparison of our approach with the existing approach related to deep learning
method for Tamil paraphrase is shown in Table 2.

Table 2. Performance Comparison

Accuracy (%)
Methodology Overall
Mahalakshmi et al., [3] 50
Our method - NB 65
Our method - SL 65.2

The major focus of work by Mahalakshmi et al., is to detect the Tamil Paraphrases correctly and they reported
65.17% of accuracy in detecting paraphrases and 34.83% for detecting non-paraphrases. On overall the
accuracy of the system [3] is 50%. It is observed from Table 2 that our two approaches have improved the
overall accuracy by 15.2%.

5.1. Detailed Analysis

Here is the deep analysis of our model. The confusion matrix for both of our approaches NB and SL are given
in Table 3 and Table 4 respectively.

Table 3. Confusion matrix (NB)

Folds / Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Evaluation

P NP P NP P NP P NP P NP
P 119 131 129 121 150 100 130 120 149 101
NP 65 185 57 193 57 193 65 185 58 192

Table 4. Confusion matrix (SL)

Folds / Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Evaluation

P NP P NP P NP P NP P NP




P 127 123 132 118 141 109 145 105 148 102

NP 42 208 72 178 49 201 77 173 73 177

From Table 3 and Table 4, it is obvious that the accuracy of fold 3 is maximum in NB and SL systems. The
average accuracy is slightly better in SL system because of an improvement in precision by 0.25 and recall by
1.28 when compared with NB system as shown in Table 5 and Table 6.

Table 5. Performance of NB

Folds/Metrics Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Avg
Precision (%) 64.67 69.35 72.46 66.67 71.9 69.01
Recall (%) 47.6 51.6 60 52 59.6 54.16
F1 (%) 54.84 59.17 65.65 58.43 652 60.66
Accuracy (%) 60.8 644 68.6 63 68.2 65

Table 6. Performance of SL

Metrics/Folds Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Avg
Precision (%) 75.15 64.71 74.21 65.32 66.9 69.26
Recall (%) 50.8 52.8 56.4 58 59.2 55.44
F1 (%) 60.62 58.15 64.09 614 62.8 61.41
Accuracy (%) 67 62 68.4 63.6 65 65.2

The system with scaled-luong attention mechanism (SL) performed slightly better than normed-bahdanau
attention system (NB).

Several research works have reported on paraphrase detection for Indian languages including Tamil.
However they have used traditional learning techniques with lexical, syntactic and lexico-syntactic and word
embedding features to develop their systems on DPIL@FIRE2016 dataset. The shared task reported that the
traditional learning techniques yield 83.33% of accuracy for Tamil language, whereas our deep learning
approach gives 56.4% & 49% of accuracies on test data for NB and SL models respectively. This is due to the
limitations in the size of the corpus in Tamil.

5.2. Error Analysis

The models suffer from the data sparseness problems because specific paraphrase instances occur only a
handful of times in the training set. Consider the following instance from the test data:



Sentence number: 11

@ allGsemetCurymri b 185760 Csugpritiyrl Aullesr CuTrGs oy rivtlggail L g eol 1857
peoLlupn  Ceugritiyrl Auled(ppC8s @bslw  allhgmeoiGuryriL wrerg o uwiliGsmsrer

S, TLDLILDT 6T ]

The above is classified as P (Paraphrase) in gold target, whereas our systems (both NB and SL) predicted it as
NP (Non paraphrase). Because NMT learns word representations in continuous space, it tends to translate

(map) the words that are frequent in context [13]. Most of the words like aflpgsweviGumryri L ib,
Ceugprirtiyrl #, g ribisgialll L g, 2 ulliGsrsrer, gy ribuwrerg, etc., in the test instance 11 are of

type UNK where there is not even a single occurrence in the training data. Whereas the word @)pbglw has
occurred 52 times in P, 125 times in NP sentences in training data. Similarly another word penL_Glupm has
its appearance of 28 times in P and 44 in NP sentences. Both these words appeared more frequently in the
context of NP sentences rather than P sentences of the training data.

6. Conclusion

We used the LSTM-based deep neural network model to detect the Tamil paraphrase from the DPIL corpus.
We evaluated our system for 5 folds on the given training data of 2500 instances. We developed two
variations with respect to attention techniques on the deep neural network — system using scaled-luong (SL),
normed bahdanau (NB) as attention mechanisms. Among these, SL showed the overall accuracy of 65.2% on
the training data of the DPIL corpus for Tamil paraphrase detection. Eventhough the state-of-the-art systems
for Tamil paraphrase detection have used the traditional learning techniques, it suffers from heavy hand-
crafted feature engineering. Whereas deep neural network systems alleviate this need of lexico-syntactic
features. The performance of this system can be improved further with more number of training instances.
Since the deep neural network systems require more data to be trained, the DPIL training instances for Tamil
paraphrase — 2500 — was not enough for the deep neural network model to capture and learn the syntactic
feature of the language automatically from the given instances.
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Abstract. The Tamil proverbs are treasures of Tamil language and they have been used over the years.
The proverbs are crisp and easy way to remember advices, awareness and knowledge. The current Tamil
generation mostly are unaware of the cultural values of proverbs. Also, many Tamil proverbs are
misunderstood by the global society and the explanation is not known for many Tamil proverbs. The
proposed research takes an attempt to automatic generation of meaning for the Tamil proverbs using
sentence scoring approach. This work can be useful for many Natural Language Processing applications,
such as Summary Generation System, Question Answering System, and Information Retrieval System.
The proposed work is evaluated using the metrics namely, precision, recall and F-measures and has
achieved 91% of precision, 80% of recall and 85% of F-Score.

Keywords: Sentence Scoring, Meaning Generator, Tamil proverb.

1 Introduction

The Tamil language has many valuable proverbs, which are passed on from one generation to other. The
current Tamil generation is unaware of many of these proverbs and even if aware of few of them, they are
misinterpreted and are used in the wrong contexts. Explanation of many proverbs are not available on the
World Wide Web (WWW) but many have been used in stories and essays. The correct description and the
meaning of these proverbs need to be automatically extracted from the contexts in which the proverbs are
uttered. This will help making the global Tamil society aware of the proverbs. One of the ways to reach the
current Tamil generation is to make them available on the WWW. This work lays such a foundation for
automatic generation of meaning of the proverbs using sentence scoring approach. The contributions of this
research is twofold:

1. Data set creation
2. Retrieving description from the context of the text using sentence scoring method.

The structure of the paper is organized as follows: Section 2 presents the literature survey. Section 3 explains
the proposed work. The result and discussions are given in Section 4. Section 5 explains about the conclusion.

2. Related Work

The literature survey has been done on the sentence scoring approach, summarization and selecting sentences
from the context, since the proposed work relies on these approaches.

Deoras et. al. (2011) proposed re-scoring strategy for capturing longer distance dependencies on English
texts. Recurrent Neural Network language model was used. English Broadcast News (BN) corpus was used as
a dataset.

Li et. al. (2012) proposed graph based sentence ranking method for summarization on English texts. They
used TAC 2008 and 2009 benchmark data sets. They evaluated their work with Recall-Oriented Understudy
for Gisting Evaluation (ROUGE).



12

Ferreira et. al. (2013) used sentence scoring method for extractive text summarization on English texts. They
performed assessment of 15 algorithms. They used three datasets, namely, CNN, Blog summarization and
SUMMAC. They used ROUGE for evaluation.

Mikolov et. al. (2013) proposed efficient estimation of word representations in vector space on English texts.
They used Feedforward Neural Net language model and Recurrent Neural Net language model for their work.
They used Google News corpus for training. They evaluated their work with accuracy. Vural et. al. (2013)
proposed unsupervised sentimental analysis of movie reviews in Turkish language. They obtained data from a
movie website, Beyazperde. They evaluated their work with accuracy.

Ferreira et. al. (2014) proposed multi-document summarization using sentence clustering algorithm on
English texts. They used DUC 2002 as a dataset for testing performance of their system. They calculated F-
measure as evaluation metric.

Mesnil et. al. (2014) proposed sentimental analysis of movie reviews in English. They compared with several
machine learning algorithms. IMDB movie reviews was used as a dataset. Accuracy was used as evaluation
metric.

Van et. al. (2014) used data merging techniques for multi-document summarization on English texts. They
used DUC 2002 and DUC 2005 as datasets. They evaluated their work with precision, recall and F-measure.

Babar et.al. (2015) proposed extractive text summarization using Fuzzy logic Extraction approach and Latent
Semantic Analysis. They used ten different datasets. Precision, recall and F-measure were used as evaluation
metrics.

Ren et.al. (2017) proposed neural network model called contextual relation based summarization for
extractive text summarization on English texts. They used six datasets, namely, DUC 2001, DUC 2002, DUC
2004, DUC 2005, DUC 2006, and DUC 2007. They used ROUGE for evaluation.

It can be observed that the sentence scoring was used in expository (essay type) English and Turkish texts.
The English text follows SVO (Subject-Verb-Object) pattern. The proposed work processes Tamil texts along
with the proverbs. Tamil expository texts follow both SVO and SOV (Subject-Object-Verb) pattern. Tamil
proverbs on the other side neither follow SVO nor follow SOV pattern. Tamil is a free word order language
and also Tamil texts are relatively rich in morphological variants. These challenges make processing of Tamil
proverbs more difficult than processing the expository texts. The proposed work generate the description of
Tamil proverbs automatically from the contexts in the text.

3. Proposed Work

The architecture diagram for the proposed work is shown in Figure 1. The Tamil proverb is given as the input
to the Proverb Meaning Generator. If the description of the proverb is available then it is given to the output
module directly. When the proverb is used in the middle of the texts, then the context analysis needs to be
done to generate its description. The preceding five sentences and the succeeding five sentences of the
proverb are taken as the context. Each sentence in the context is given a score and the closer sentences are
chosen for generating description. Finally, the description is generated using templates.
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Input Proverb
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Proverb Meaning Generator
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Exact Description Match I Create ProverbArmray |

|

| Find Context |
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Generate description
using Templates

—ll—/

Description of the
Proverb

Figure 1. Architecture Diagram

The meaning of all the words of the input proverb is found using the Tamil Agarathi (Dictionary). All words
of the proverb along with their meaning are stored in an array called, Proverb Array.

3.1. Finding Context

The proverb may appear anywhere in a text. The meaning of the proverb are assumed to be present in the
preceding and succeeding sentences of the proverb. Five sentences preceding the proverb and five sentences
succeeding the proverb are taken as the context window which is used to generate the meaning for the
proverbs.

3.2. Sentence Score

A sentence score is calculated for all the sentences selected in the context window for a proverb. The words
of the selected sentences are assigned with a weight. The weight is assigned to each word in the sentences
based on its occurrence in the Proverb Array. The sentence score is the summation of all the weights of the
words.

3.3. Choosing the high weighted Sentences

The sentences whose scores cross the threshold are chosen for meaning description generation. The threshold
is fixed as 3 currently by analyzing 200 proverbs and their contexts manually.

34. Generate Description for the Proverb

The description of the proverb is generated, using fixed templates (Subalalitha et. al. 2011). The template is a
collection of sentences comprising, proverb followed by the sentences sorted as per their scores.

Example 1 is given in Figure 2. The proverb in example 1 is exactly matching with the description. It is
retrieved as the description of the proverb.
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Example:1

Proverb in Tamil

2 'l L suewy 2 sramereyib plewenr.

Transliteration
Uppittavarai ullalavum ninai.

Tamil Meaning
2 aord@ 2 gai OClFiigeusny steTmid wmeuTEs.

Figure 2. Examplel

Example 2 is given in Figure 3. The proverb P1 in example 2 is not having Tamil explanation directly. It is
the subpart of description of another proverb P2. The explanation for P1 is retrieved from the description of

P2. Since the sentence “spsu@eur(p stedluid FHeordHdh CHeMmauwITaTend il Qb LOL KIE &Tevllldend
sirafld Glamenr® GlFsvsyomrid” has the high score, the Proverb Meaning Generator generates this sentence
as the description of P1.

Example 2: P1

Proverb in Tamil
SMILILd HTVSGS6V 616016 & mbgl GLITFTS.

Transliteration

Aruppuk kalattil elikku aintu pencati.

P2:

Proverb in Tamil

DEMEITH (G R(H HTEVLD QUBHTEV LW GHLD 6 (1§ HTeVLD 61(HLD

Transliteration

Anaikku oru kalam vantal ptnaikkum oru kalam varum

Tamil Meaning

WTeNSTHem6rd Carent(® &L Ty ss Ulsirert, Lfbs Cpsvwenflaanars seaflwurs sT(hdbaidb
Sresflind HLkigserev CFLGH eweusdl L. G)LiGUTEH Srer FobH6D Flounb SN
Crflggl sweussLiLl(Herer &)bs CBsOwenilsanerd @Gplewsuddgl sTedlseaflsT LIL L Terid

UL QuwhEHd HlounbHEdTmgl. spsubleurh stedluid HeoTdhGdh CHMaUUTATmS allL_ 2 bHsIl
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WL BIG HTefludgens oyereafds Careant(h ClFeeITD. @)seorigLiLienL_ulled &Tedr,

“oImIliLd HTeVSIFV 6760 F M iba| O LiswTFra)”

6TeTm LOImflCuw 6TWHSSI 6TTEVMD. Fnl L LD Fnl L 0TS @)eweu L|&hg OhsVLoewilaenard
Fmigd CETenT® GFveusng HriLyCuw el Raill LT, FLkiewasGu &redl GFiig al@Lb.
TTCou  @)bs 6T0lBeWeNdS FnWTCLTH @GS, Lenarsmerd CaTenTheubd Hresfluid
FLBIGSGH6T WeulILT. LLeweTHEhD S BISD@Ger eumalern stellsemer  Coul ewL_wimigd
Slermyail(BHIib.

@suuTpTs SHTISGHD HTVSF wreweTuiller 2 gallujb CFlldh@d HTeVSSBl6L Lyswesruilssr
2 gailujb weflsmssad Coemeulii’ L gi.

Figure 3: Example2

Algorithm for the proposed work is given below.

Input: Tamil proverbs

Output: Explanation of proverbs in Tamil

1. Get proverb from user, P1
2. Match with the dataset
3. If Pl is exactly matched

retrieve the explanation as the description of P1

4. Else if P1 is the subpart of another text

4.1. Find meaning of words in P1 from Tamil Agarathi (Dictionary) and
form ProverbArray

4.2. Let P as sentence i, S;

4.3, Select sentences from contexts, Sis, Sia, Si3,9i2,511 and Sit1,Si:2,
Sit3, Sita, Siss

4.4. Find the sentence score

4.5. Choose the sentences crossing the threshold

4.6. Generate description using the template
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4. Result and Discussion

The proposed method is tested with 1000 Tamil proverbs. The explanation for 600 Tamil proverbs
are given by the Proverb Meaning Generator directly. 400 Tamil proverbs are used in the description of other
texts. The Proverb Meaning Generator generates description using sentence scoring method. The precision,
recall and F-measure for those proverbs are calculated as shown in Table 1.

Proverbs Correctly Retrieved Precision Recall F-Measure
Retrieved M) P=C/M R=C/N ZPR
(N) F=—
P+R
©)
400 320 350 914 80 853

The reasons for the drop in precision are, the explanation for Tamil proverbs are very long. Also, the context
window size chosen is five. The relevant explanation for the current proverb may have appeared outside the
context window. The correct description can never be matched if there are no closer sentences found.

5. Conclusion

The Tamil proverbs were spoken by Tamil ancestors based on their experiences. They are transferred from
one generation to another generation orally. The proverbs may guide the current Tamil generation. The Tamil
proverbs have so many nuggets hidden which need to be explored for the goodness of the society. One of the
ways to explore it to make them online. This research lays such a foundation for obtaining automatic
description of the unknown Tamil proverbs.

This work can be further used by many Natural Language Processing applications, such as, Information
Retrieval System, Summary Generation System, and Question Answering System.
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Abstract. — Natural language processing (NLP) is an area of computer science and artificial intelligence
concerned with the interactions between computers and human (natural) languages. Universal Networking
Language (UNL) is an intermediate representation for Interlingua based machine translation. The
Universal Networking Language (UNL) is an electronic language in the form of a semantic network for
computers to express and exchange every kind of information. The UNL approach is a hybrid approach of
the rule and knowledge-based approaches to machine translation. The Deconverter is a Language
Independent Generator (LIG), which provides a Framework for Syntactic and Morphological generation
of Native Language. In this proposed work, Deconvertor can convert UNL expressions into native
language (Tamil), using a language specific set of Word Dictionary, Grammatical Rules and Co
occurrence Dictionary by ensuring that the meaning of the input sentence is preserved.

Keywords: Natural language processing (NLP), Universal Networking Language (UNL), Morphological
generation, Deconvertor

1 Introduction

Natural Language Processing (NLP) is a field of computer science, artificial intelligence and linguistics and is
an area of research and application that analyze how computers are used for understanding and manipulating
natural language text or speech to achieve the desired tasks. Natural Language Processing (NLP) is a sub-
field of Artificial Intelligence that is focused on enabling computers to understand and process human
languages, to get computers closer to a human-level understanding of language. Natural language processing
(NLP) aims to design and build software that will analyze, understand and generate languages that humans
use naturally [1]. Machine translation is a very important application in natural language processing.

In order to overcome the language barrier, many attempts have been made in the past. Professional
translators have been bridging such a communication gap. The quantity of translation by human however is
rather small as compared to the required communication needed for the different languages. The main reason
for such a limitation is high cost involved in the translation work. In addition, the number of translators for
minor language is rather small[2]. Translation made by human being, thus has its limitation in terms of cost
and human resources. Computer translation systems have made significant progress. Some of them are now
being incorporated in network browsers.

The two demands for these systems indicate how large the language problem is among Internet users.
Computer translation systems are useful under limited conditions. For instance, the user can evaluate and
modify a translated document in his own language, but seldom in the other language. However, after
translating with a computer, the user has to work to edit the output document. In addition it would require
language knowledge to edit the translation of the document in the other language. In sending information
throughout the world, the sender normally does not know the language of the recipient. In this case, the
sender is bound to use a computer translation system blindly, because the user cannot check whether the
translated results are correct or not. This is a serious limitation in current computer translation system.

The Universal Networking Language (UNL) is an electronic language for describing, summarizing,
refining, storing information in a machine and natural-language-independent form. UNL, as a language for
expressing information and knowledge described in natural languages, has all the components corresponding
to that of a natural language [5]. UNL represents sentences in the form of logical expressions, without
ambiguity. These expressions are not for humans to read, but for computers. Thus, UNL is an intermediate
language to be used through the Internet, which allows communication among people of different languages
using their mother tongue.
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2. Related Work

Rajeswari Sridhar et al.[1] proposed English to Tamil machine translation system using universal networking
language. The system aims at translating a given English sentence to a Tamil sentence, which conveys the
meaning of the input, and ensures a grammatically correct sentence as the output. This system was evaluated
using bilingual evaluation understudy (BLEU) score. The system is simple and efficient of using UNL for
translation and as the result the system is easily scalable. Phan Thi Le Thuyen et al.[2] proposed Automatic
translation for Vietnamese based on unl language. A tool is introduced based on UNL application and reused
for the process of encoding a Vietnamese sentence into UNL expression and decoding an UNL expression
into Vietnamese. Tools used for EnConverter are IAN tool (Interactive Analyzer)and EnCo tool. Tools used
for DeConverter are EUGENE tool and DeCo tool. The converter tools from natural language to UNL are
effective and the quality is pretty good and acceptable.

Imane Taghablout et al.[3] designed Amazigh verb in the Universal Networking Language. The system
focus on presenting inflectional paradigms, and the lexical mapping stage needed for building an "Amazigh
dictionary" for the verbal category according to the UNL specifications. It aims at eliminating linguistic
barriers and, furthermore, promoting the access to information in the autochthone languages. Aloke Kumar
Saha et al.[4] designed Design and Implementation of an Efficient DeConverter for generating Bangla
Sentences from UNL Expression. The system focuses on the Linguistic Analysis of Bangla Language for the
DeConversion process. A set of DeConversion rules have been burgeoned for converting UNL expression to
Bangla. The system is tested with more than 2000 UNL Expressions. The System achieved accuracy as 89%,
which can be marked outstanding in this Field of Study.

Biji Nair et al.[5] proposed Language Dependent Featues for UNL-Malayalam Deconversion. The
deconverting generator for Malayalam language is done using Universal Networking Language (UNL) for
Machine Translation. The deconversion is tested against 100 Malayalam Sentences that has achieved an
appreciable F-measure score of 0.978. The system is efficient in generating syntactically unambiguous
semantically equivalent target sentence for the UNL source sentences. Ananthi Sheshasaaye et al.[6] tackled
The Role of Morphological Analyzer and generator for Tamil language in Machine Translation Systems.
Statistical machine translation plays a predominant role in machine translation of larger vocabulary tasks.
Achieving this goal is not an easy task especially when it comes to languages like Tamil which are
agglutinative in nature. Deep analysis is needed at the word level to confine the correct meaning of the word
from its morphemes and categories. The computational implementation of analysing natural language is done
by Morphological analyzer. This formed a ground work for better understanding of various approaches that
are used to develop morphological analyzer and generator of Tamil languages.

S. Lushanthan et al.[7] proposed Morphological Analyzer and Generator for Tamil Language. The system
illustrates how the lexicon and the orthographic rules of the Tamil language have been written as regular
expression using finite state operations. This model is built using Xerox toolkit which uses “two level
morphology”. The model may produce several results or forms in the look down process for nouns. This
model uses a common fully automated transliteration scheme and implemented. Jisha P.Jayan et al.[8]
proposed Morphological Analyser and Morphological Generator for Malayalam. Morphological Analyzer is a
program for analyzing the morphology of an input word and the analyzer reads the inflected surface form of
each word in a text and provides its lexical form while Generation is the inverse process. Both Analysis and
Generation make use of lexicon. The suffix stripping method has been used for developing the morphological
analyser and for developing the morphological generator the suffix joining method has been used.

Velliangiri Dhanalakshmi et al.[9] proposed Grammar Teaching Tools for Tamil language. The tools like
Parts of speech Tagger, Chunker and Dependency parser for the sentence level analysis and Morphological
Analyzer and Generator for the word level analysis were developed using machine learning based technology.
The tool is developed for Malayalam, Kannada and Telugu languages. It also improves vocabulary, improve
writing and reading skills and also speed up the learning of second language. T.Dhanabalan et al.[10]
proposed UNL deconverter for tamil. The DeConverter from UNL to Tamil language is done using Universal
Networking Language (UNL) as the intermediate representation. The information needed to generate the
Tamil sentence is available at different linguistic levels. UNL greatly reduces the cost of developing
knowledge or contents necessary for knowledge processing, by sharing knowledge and content.
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3. Universal Networking Language

The Universal Networking Language is a computer language that enables computers to process information
and knowledge. It is designed to replicate the functions of natural languages. Using UNL, people can describe
all information and knowledge conveyed by natural languages for computers. As a result, computers can
intercommunicate through UNL and process information and knowledge using UNL, thus providing people
with a Linguistic Infrastructure (LI) in computers and the Internet for distributing, receiving and
understanding multi-lingual information. Such multilingual information can be accessed by natural languages
through the UNL System [7]. UNL, as a language for expressing information and knowledge described in
natural languages, has all the components corresponding to that of a natural language.

UNL project is aimed at elimination of the language barrier. Main approach of this system is to represent
information in the form of knowledge, using language independent Interlingua to represent knowledge. With
this characteristic in mind, Universal Networking Language (UNL) is developed. UNL intermediates
understanding among different natural languages. UNL represent sentences in the form of logical expression
without ambiguity. It is an intermediate language, which allows communication among people of different
language using their mother tongue. The UNL is a language specification for the exchange of information
over the Internet [8]. The motivation behind UNL is to develop an Interlingua representation such that
semantically equivalent sentences of all language have the same Interlingua representation. UNL plays the
role of an interface between different languages to exchange information. UNL represent each sentence in the
given text as set of relation.

4. Proposed Work

The Deconverter is a language independent generator, which provides a framework for syntactic and
morphological generation synchronously. It can convert UNL Expressions into a variety of natural languages,
by using respective word dictionaries and sets of grammar rules of deconversion of the target languages [10].
A word dictionary contains the information of words that correspond to UWs included in the input of UNL
Expressions and grammatical attributes (features) that describe the behaviors of the words. Deconversion
rules (grammar rules of deconversion) describe how to construct a sentence using the information from the
input of UNL Expressions and defined in a word dictionary. The Deconverter converts UNL Expressions into
sentences of a target language following the descriptions of Deconversion rules.

A "Deconverter" which generates natural language from UNL, plays a core role in the UNL system. The
UNL Representation is given as input text [11]. Using the UNL Representation, a UNL Graph is generated
using UNL Relations such as agt, mod, man etc. The Graph Analyzer analyzes the UNL graph to get tiling of
text using Tamil words equivalent to the universal words are collected from the word dictionary. The Text
Tiling is to arrange the sequence of terms to realize the sentence. Tamil is a morphologically rich language
and hence a large amount of information can be generated in the morphological generation phase with the
help of analyzing the UNL words and binary relations. Morphologically formed words with the relation and
syntactic rules are used for the sentence formation process. This sentence formation process generates the
Tamil language sentence. The Proposed Work Architecture is shown in figure 1.
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Figure 1. Proposed Work Architecture
4.1 UNL Representation

Universal Networking Language (UNL) is a computer language that enables computers to process
information and knowledge across the language barriers. It is composed of UNL Expressions, Universal
Words (UWs), Relations, Attribute.

*UNL Expression: UNL expresses information and knowledge in the form of semantic network. The
semantic network of the UNL is a directed graph [12]. Such a semantic network of the UNL is called a “UNL
Expression” or “UNL Graph”. A UNL expression therefore consists of a UW or a set of binary relations. In
UNL documents, a UNL expression for a sentence is enclosed by the tags {unl} and {/unl}.

*Universal Words (UWs): UWs are words of the UNL, constitute the UNL vocabulary. A combination of a
set of UWs linked with each other through relations and modified by attributes expresses the meaning of a
sentence.

*Relations: There are 46 relations in the UNL, such as ‘agt’, ‘gol’, ‘obj’, etc. They are used to connect
every two UWs or scopes to construct the semantic networks of UNL Expressions. The relations are edges in
the UNL graphs that constitute UNL Expressions.

Attributes: Attributes are mainly for the purpose to describe subjectivity information. It includes time,
aspect, emphasis, focus, topic, attitude, feeling and judgment.

4.2 UNL Graph

UNL expresses information and knowledge in the form of semantic network.The semantic network of the
UNL is a directed graph.Such a semantic network of the UNL is called a “UNL Expression” or “UNL
Graph”.

4.3 Graph Analyzer

The Graph Analyzer analyzes the UNL graph to get tiling of text using Tamil words equivalent to the
universal words are collected from the word dictionary. The Text Tiling is to arrange the sequence of terms to
realize the sentence. Tamil words equivalent for the universal words are collected from the word dictionary

[13]. For example, ‘gjeusir’, ‘1fla’, ‘@, ‘Geusid’ are the Tamil word equivalents for the universal words
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‘he’, ‘very’, ‘run’, and ‘fast’ respectively. From the binary relation in UNL, ‘jeusst’ is agent of the action
‘e’ and the verb ‘sp(h)’ is mentioned as past tense in UNL format. If the agent is third person singular

means, the gender marker ‘syesr’ is added to the verb ‘gp®)’ and the past tense marker ‘n’ is also added.
‘Geussid’ defines the way to carry out an event ‘gp(»’ and it is adverb. So ‘g’ is added to the adverb
‘Geussid’. The word ‘1fls’ is intensifier and it modifies the adverb ‘Geussid’ and it is simply added before
adverb ‘Gsusid’. So the generated sentence from the above information is ‘sjeusir g Geusiors

§91q 6GUTT 60T .

44 English to Tamil Dictionary

The word dictionary consists of about 1 Lakh English words and its equivalent Tamil words. The first step is
to retrieve the Tamil word corresponding to every head word (HW) in the UNL [14] . The dictionary is used
as a Universal Word dictionary. The query to retrieve the Tamil word matches the Headword. The primary
task is to retrieve the relevant dictionary entries from the Tamil language word dictionary corresponding to
the words in the word part of the UNL structures. The word entries of each language are stored in the Word
Dictionary. Each entry of the Word Dictionary is composed of three kinds of elements: Headword, Universal
Word (UW) and Grammatical Attributes. The headword is a notation/surface of word of a natural language.
UW expresses the meaning of the word, which is to be used as a trigger or link for obtaining equivalent words
or expressions. Grammatical Attributes are the information about the behaviour of the word in a sentence,
which is to be used in deconversion rules.

4.5 Morphological Generator

A morphological generator is a program that performs the task of morphological generation. Morphological
generation may be considered an opposite task of morphological analysis [15]. A morphological generator
needs to be designed to tackle the different syntactic categories such as nouns, verbs, adjectives, adverbs. The

general format of the morphological generator is Stem/root + suffixes + Word. The morphological generator

generates morphological forms for nouns and verbs when the root word is given. The morphological
generation mainly deals with the concatenation of corresponding suffixes with the root word to form a word
of specific grammatical category.

The Morphological Generator takes lemma and a Morpho-lexical description as input and gives a word-
form as output. The aim in morphological generation is to produce the inflected form of a word according to
the features and values in the Feature Structure. It is also necessary to reuse the linguistic resources created
for analysis purpose. From practical point of view, morphological generation is the inverse process of
analysis, namely the process of converting the internal representation of a word to its surface form [16]. The
same rule definitions can be used to generate the desired word form as used for analysis. The only difference
will be the direction of execution order of the elements in the rule definition. The morphological generation
mainly deals with the concatenation of corresponding suffixes with the root word to form a word of specific
grammatical category.

The input of the morphological generator would be the root word which then inflects this word to the
morphology of the respective language and gives as the output the target forms of the word [17]. The
Morphological structure of Tamil verb is quite complex since it caters to person, gender, and number
markings and also combines with auxiliaries that indicate aspect, mood etc. While morphologically
generating the verb, the gender, number and person of the subject is necessary in order to select the
appropriate suffix catering to the selected tense.

Tamil is a morphologically rich language and hence a large amount of information can be generated in the
morphological generation phase with the help of analyzing the UNL words and binary relations. The word
level Morphological generator for Tamil generates the derivative word for the root word and the various
features conveyed by the suffixes.

4.6 Sentence Generator

Morphologically formed words with the relation and syntactic rules are used for the sentence formation
process. This sentence formation process generates the Tamil language sentence. After adding the suffixes to
the noun and the verb forms of the root words, the words need to be framed into a sentence. Tamil grammar is
used for the creation of Tamil sentences [18]. The verbs in the input sentence are considered as central nodes.
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The subject that lies just before the verb is added to the verb. Finally, the sentence is formed just by
concatenation, i.e. the subject comes first, the phrase in the reversed order, then the verb, and this might be
followed by any number of similar patterns. In the case of compound/ complex sentences, Tamil words
corresponding to a conjunction are inserted.

4.7 Sentence Correction

The sequence of generated Tamil sentences is compared with the existing sentences in corpus, if both the
suffix get matches then the output of the generated Tamil sentence is correct. Otherwise the more relevant
sentences of the corpus information are used to correct the generated sentence.

5. Experimental Result

The UNL represents information sentence by sentence. Each sentence is converted into a directed hyper graph
having concepts as nodes and relations as arcs [19]. The knowledge within document is expressed in three
dimensions: Word knowledge is expressed by Universal Words (Uws). Concept Knowledge is captured by
relating UWs through a set of UNL relations. The UNL Representation is given as input text. Using the UNL
Representation, a UNL Graph is generated using UNL Relations such as agt, mod, man etc.
He ran very fast
(W]
He (icl>person) @generic:0
very (icl>concept) @generic:1
run (icl>do) @past .@entry:2
fast (aoj>thing) @generic:3
/W]
(R]
2 agt0
3 man 2
1 mod 3
[/R]

Here ‘agt’, ‘man’ and ‘mod’ are the relation labels. He(icI>person)’,‘ very(icl>concept)’,‘run(icl>do)’ and
‘fast(icl>thing)’ are the Uws. ‘@entry’ is used to indicate entry or main UW of a sentence. ‘@generic’ is used
to indicate generic concept. ‘@past’ is used to indicate the time with respect to the speaker.

The figure 2 shows the UNL Graph. UNL expresses information and knowledge in the form of semantic

network. The semantic network of the UNL is a directed graph. Such a semantic network of the UNL is called
a “UNL Expression” or “UNL Graph”.

Figure 2. UNL Graph
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The Figure 3 shows the Word Dictionary. The Word Dictionary contains English words and its equivalent

Tamil words. The dicti
matches the Headword.
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The morphological generator generates morphological forms for nouns and verbs when the root word is
given. The input text is given in type of a box. After the necessary Tamil noun rules are applied, the possible
combinations of noun words are shown in Figure 7.



26

£ Morphological Generator -0 “
Qariy o manéd | GQamed o mansd [ ‘

sldiemw Bziey Qs |QuuiéEQamatal G v |lnars@ems) sldser v

2z 5@emsbsme 2 aisf( el: s
2 Guesibue o Seier Qesfill” Gl

ugwr up®uw upBur upgraT LpLIGLL upLTSATD Up@QUETED UpwrAND UEWTAEND UsWD UZWTEIE URWLT Ulglls
iz wibor  upwiur  Upwiiiom

QuwTEQsT DEmeT 2 GHANEES I slaréQemDasmer 2 GAN&E | ayfl QeusfiGum

Figure 7. Output for Noun Generator

After the necessary Tamil verb rules is applied, the possible combinations of verb words are shown in figure
8.
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Figure 8. Output for Verb Generator

The figure 9 shows Sentence Generator. Morphologically formed words with the relation and syntactic
rules are used for the sentence formation process. After adding the suffixes to the noun and the verb forms of
the root words, the words need to be framed into a sentence.
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The figure 10 shows the Corpus for Sentence Correction. This corpus is compared with the sequence of
generated Tamil sentence in the Sentence Generator in Figure 9. If both the suffix gets match then the output
of generated Tamil sentence is correct.
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Figure 10. Corpus

6. Performance Evaluation

The performance of the entire system is evaluated using the parameter is described below.

Word error rate (WER): WER is a common metric to evaluate the performance of an MT system. It is
determined by calculating the Levenshtein distance between those words in the candidate translation and the
reference translation, which have a common prefix of at least three. As discussed already, the Levenshtein
distance essentially gives the number of additions, deletions and modifications of words between the
candidate and reference translations. WER is calculated for every word in the sentences of the enconversion.
The results are then averaged over all the sentences in the corpus.
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Figure 11. Bar chart showing the percentage of WER for different types of sentences

WER for our system using the UNL enconversion was calculated to be 25%, whereas for the Google
translation it was 59%. Figure 5 gives the comparison of WER for simple, compound and complex sentences
in the dataset, for our translation system as against the Google translation. The data in figure 11 clearly shows
the advantages of incorporating UNL graph and a morphological generator in the system. The Google
translation just uses a corpus based approach, and hence, complete sentences are not formed that convey the
tense and gender of the subject. These results show that our newly created UNL graph and morphological
generator are quite competent, in that it generates words much closer to the ones in the reference translation.
However, the morphological generator is prone to a few sandhi errors and also some conjunction errors.
Errors in the POS tagger also caused wrong suffixes to be added to the root word. The efficiency of our
translation system could be improved to reduce the WER, by further enhancing the rules in the morphological
generator.

7. Conclusion and Future Enhancements

In this work, a UNL deconversion for sentence realization in Tamil from UNL representation is developed. It
deals with many issues and the required solutions are introduced. The UNL eliminates the need to study both
target and source language by the programmer. Once a document is converted into UNL it can be converted
into native language using the corresponding deconverter for that language. Thus it eliminates the need for
individual machine translation development. In Tamil most information for generating sentence from UNL
structure is tackled in morphological and syntactical level. First, the UNL representation is given as input and
the UNL Graph is generated and analyzed. The Tamil words equivalent for the universal words are collected
from the word dictionary and arranged in a sequence order. The use of UNL as intermediate representation
makes translation of Tamil language available worldwide uses a standardized format.

In the future, we can improve the efficiency of the deconverter by introducing the number of
heuristics that are currently determining the syntax plan and making them more precise by testing there
results on large corpus. To extend the syntax planning, lexical knowledge of the universal words are to be
used. In the current implementation, the Syntax Plan is generated purely on the basis of relation labels. But
the belief is that in large complicated sentences the lexical information of the UW will have a significant
effect on the syntax plan and to make the system more linguistically more strong. This system can be further
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improved by removing disamibuigty of words by employing word net and extending the corpus dictionary to
include more number of words in it.
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Abstract. Natural language is cohesive. The cohesiveness is brought by various phenomena. Reference is
one of the phenomena which brings cohesiveness. Reference includes different anaphoric expressions and
one-anaphora is one among them. It is less attempted in Indian languages and there is no published work
in Tamil. We have described one-anaphora in Tamil discourse and presented a rule-based algorithm to
identify and resolve the one-anaphors. We have evaluated the engine with a set of web News dailies. The
results are encouraging.

Keywords: One-anaphora, Tamil, Reference, One-anaphora resolution

1 Introduction

The cohesiveness in natural language brings elegancy to the text. Reference is one of the major phenomenon
which brings cohesiveness between intra and inter sententially. The reference markers are pronominal,
reflexives, reciprocal, distributive, one-anaphor and noun-noun reference. Resolution of these reference
markers plays a vital role in building semantic intensive NLP systems. In the present work, we describe one
of the less attempted reference markers, one-anaphora in Tamil discourse. We present a rule-based algorithm
to identify and resolveone-anaphors.Cardinals occur as anaphoric expressions in certain instances, these are
defined as One-Anaphors.

We have dealt One-anaphora resolution in Tamil. Tamil is one of the south Dravidian language. It is
morphologically rich and highly agglutinated language. It is a nominative-accusative language and clauses are
introduced by non-finite verbs. Though Tamil is a relatively free word-order language, noun phrases and
clauses have rigid structures. In Tamil, genitive drop, accusative drop, copula drop, and pro drop are allowed.
In the following section, we will explain one-anaphora in Tamil.

Consider the following discourse (Ex.1).
maraththil — ainthu puRaakkal ulLana. (1.a)
Tree(N)+Loc five pigeons be(V)+past

(There are five pigeons in the tree.)

iraNtu venniram maRRum muunRu saampalniram. (1.b)
Two white_colour and three  grey_colour
(Two are white and three are grey.)

In Ex.1.b, there are two cardinals ‘iraNtu’ (two) and ‘muunRu’ (three). These two cardinals have
occurred as anaphoric expressions. Both the cardinals ‘iraNtu’ and ‘muunRu’ refers to ‘ainthu puRaakkal.’
(five pigeons) in Ex.1.a.
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The cardinals also occur with person, number and gender as ‘oruvan’ (one person 3 singular
masculine), ‘oruththi’ (one person 3 singular feminine), ‘oruvar’ (one person 3singular honorific), ‘iruvar’
(two people plural honorific). Consider the following example.

viruthukkAka muuvar thernthuthetukkappattanar . (2.a)
Award(N)+adv three_people select(V)+past+3ph

(Three people were selected for the award.)

athil  oruvar maruththuvar.  null 2.b)
In_that one_person doctor (N) (copula)

(In that one is a doctor.)

Here in Ex.2.b, ‘oruvar’ (one person) in the second sentence is anaphoric and it refers to ‘muuvar’
(three people) in the first sentence.

Cardinals such as ‘oru’ (one), ‘iru’ (two) do not occur as anaphoric expressions, where as ‘onru’ (one),
‘iraNtu’ (two) etc can occur as anaphoric. These cardinals such as ‘onru’, ‘iraNtu’ etc also occur in listing of
points. Consider the following example.

avan  oru nalla paiyan. 3)
He(PN) one good boy.
(He is a good boy.)

Here in Ex.3, the cardinal ‘oru’ occurs as a quantifier preceding the head noun ‘paiyan’ (boy.) And it
is not anaphoric.

avarukku onru mattum pidiththathu. “4)
He(PN)+dat one only like(V)+past+3s
(He liked one only.)

In Ex.4., cardinal ‘onru’ occurs as head noun. And it requires a referent.

There are many theoretical studies on one-anaphora such as Halliday & Hasan [1]; Webber [4].
There are very few attempts in computational system development. One of the earliest attempts in Indian
languages is Vasisthpublished by Sobha & Patnaik [3]. The authors have classified the One-anaphora in
Malayalam and Hindi on the basis of countability [+/-C]. The pronoun with [+C] can have features having
[+count, +/-animate]. Consider the example pronouns such as ‘one’ is [+C], while ‘little’ is [-C]. The authors
have presented a rule to resolve these anaphoric expressions which states that the antecedent NP is the non-
subject NP in the immediate clause.
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HweeTou et al. [2] has classified use of ‘one’ in English into six classes namely Numeric, Partitive,
generic, Anaphoric, Idiomatic and Unclassified. They have a presented a computational system using C4.5
Decision tree, a machine learning technique to classify the ‘one’ and to resolve the anaphoric ‘one’.

2  Our Approach

We attempt to resolve one-anaphors with a rule-based approach. Here we follow Sobha & Patnaik [3]
approach of classifying the one-anaphor. We try to resolve the +C one-anaphors, whose antecedents will also
have +C characteristics. Consider the following examples Ex.5.

raamanitam  pala cattaikal. ul.Lana. (5.a)
Raman(N)+Loc many shirts be(V)+past

(Raman has many shirts.)

athil  onru civappu niram. (5.b)
In_that one red colour
(One is red in colour)

In Ex.5, the second sentence (Ex.5.b) has one-anaphor ‘onru’. It is has +C characteristics. It refers to
‘pala cattaikal.’ (many shirts) in the first sentence, which also have +C characteristics.

We have performed it in two steps.
1, Identification of One-Anaphors
2, Resolution of One-Anaphors with a rule-base approach.

2.1 Identification of one-anaphors

We try to identify the Cardinals that have occurred as noun phrase. Cardinals occurring as quantifiers in the
noun phrase and Cardinals in the listing are not considers as these cardinals are not anaphoric. The algorithm
is given below.

1) If Cardinal such as ‘onru’, ‘iraNtu’, etc occurs in a sentence, then step 2.

2) Check if the consecutive sentences have cardinals such as ‘onru’, ‘iraNtu’ in the starting of the sentences.
If consecutive sentences do not have cardinals in the beginning of the sentences, then the cardinal is
classified as anaphoric.

2.2 Resolution of One-Anaphor

After identifying the anaphoric cardinals, we proceed to resolve it using rule-based approach. We look for
non-nominative noun phrases with [+C] characteristics in the immediately preceding clause or sentence. Step-
wise process is described below.

1) If a sentence with one-anaphor with [+C] occurs, then look for non-nomimative NPs in the preceding
immediate clause or sentence.
2) Check if the NP has [+C] characteristics, then it is chosen as antecedent NP.

2.2.1 Identification of NP with [+C] characteristics

Characteristic of NP with [+C] is determined based on the following two conditions.
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1) If the NP has a quantifier then YES.
2) If the NP is in plural form then YES.

3 Corpus Description

We have collected 400 News articles from Tamil News dailies online versions, containing cardinals. We first
scraped the text from the web pages and processed it with a sentence splitter and tokeniser. The sentence
splitted and tokenised text is pre-processed with syntactic processing tools namely morphanalyser, POS
tagger, chunker, pruner clause boundary identifier. The text enriched with shallow parsed information is fed
to Named entity recogniser and thenamed entities are identified. The News articles are from Sports, Disaster
and General News. The distribution of the cardinals is given in table 2.

Table 2: Distribution of Cardinals in the Corpus

SNo Type Number of Occurrence
1 Quantifier 186

2 Used in Listing 93

3 Anaphoric NPs 42

4. Experiments and Result
The text enriched with shallow parsing and Named Entity information is fed to rule based engine to identify

the anaphoric cardinals and then processed with the one-anaphora resolution system. The performance
measures namely precision, recall and f-measure are presented in the table 3.

Table 3: Performance Measures

S.No Precision (%) Recall (%) F-Measure (%)

1 7723 64.70 70.31

The output of the rule-based engine is analysed. The observations are as follows.

The accusative drop in Tamil introduces error in identifying the antecedents, as we look for non-nominative
NP in the immediately preceding clause or sentence. Consider the following example.

raamu  coomuvukku muunRu cattaikal.  kotuththaan. (6.2)
Ramu(N) Soomu(N)+DAT three  shirt(N)+pl give(V)+past+3sm

(Ramu gave three shirts to Soomu.)

athil onRu mangcal iraNtu patcai  niramaakum. (6.b)
In_that one yellow two green(N) colour be(V)

(In that one is yellow and two are green.)
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In Ex.6.b has two cardinals ‘onRu’ (one) and ‘iraNtu’ (two). These Omne-anaphors refer to ‘muunRu
cattaikal.’ (three shirts) in Ex.6.a. The rule to resolve one-anaphor looks for a non-nominative noun phrase
with (+count) in the immediate preceding clause or sentence. But here in the immediately preceding sentence
Ex.6.a, as there is an accusative drop, the noun phrase ‘muunRu cattaikal.ai’ has occurred as ‘muunRu
cattaikal.” with the accusative marker ‘ai’ being dropped. As the referent NP occurs as nominative NP, the
rule fails to identify the correct antecedent. The errors introduced by preprocessing modules namely POS
tagger and chunker leads to wrong identification of anaphoric cardinals.

5. Conclusion

We have presented a description on One-anaphora in Tamil discourse, one of the reference marker, which
brings cohesiveness to the discourse.We have presented a rule-based methodology to identify and resolve
One-anaphora. We have tested the methodology with a set of web Tamil News dailies and obtained F-
measure of 70.3%. The accusative drop in Tamil discourse poses a challenge in identifying the correct
antecedents.
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Abstract. Tamil language is one of the classical languages and is one of the oldest languages in the world.
A survival of a language is in the hands of the people who pass it on to their next generation. Tamil has
survived this long but most of the current Tamil generation is educated through English language and they
tend to use many English words in the place of Tamil words. This may be a hindrance in passing the
Tamil language to the next generation. This paper proposes an idea to identify those group of English
words which are used in the place of Tamil words and generate a new word which is as easy to pronounce
the English equivalent. The intuition is that people prefer English words over Tamil words as the English
equivalents are much easier to pronounce. This idea is explored, and the new word is coined in such a way
that it is similar to its English equivalent. This might help people to replace the English word with the
newly coined word.

1. Introduction

Tamil language has a very long history and its literatures are 2500 years old. It is one of the classical
languages in world. Tamil speaking society is spread across the globe and everyone is striving hard to make
Tamil to live long till this earth is alive. Many languages failed to cope up with the advancements in the
computers. The main reasons may be their scripts were not compatible with the computers and ample
websites were not created in that language which prevented many applications to be built for those languages.
Tamil has crossed all these barriers very easily and it is in the top position among all Indian languages on
World Wide Web as per the survey conducted by Google in the year 2017 (Senthil, Varavanai ,2017). Thanks
to the Tamil society for contributing such an extravagant pageant for Tamil in the computational arena.
Despite all the bright sides, it is bit disappointing that people still prefer English words over its Tamil
equivalent when it comes to a set of words. This paper analyses the root cause behind it and tries to bring a
solution to make the Tamil to prefer Tamil words while conversing or writing in Tamil.

This paper focusses on two factors namely, easiness to pronounce and coining a new word as an
alternative to replace the English word . The new word coining should have some similarity with its English
equivalent word. The easiness score idea is similar to the pleasantness score proposed by Elanchezhiyan et
al.(2013) which measures the sweetness of a word when used in a song. The easiness score focusses on the
easiness to pronounce. This paper puts forth only the idea and the implementation is under progress.

2. The Proposed work

The proposed idea is divided into two parts namely, the analysis of the problem of why people tend to opt
English words over Tamil words and the second part is about the solution that may be framed to overcome
this problem.

2.1 The Analysis

A Tamil child’s brain is first loaded with Tamil vocabulary since its birth but most of the Tamil
population are educated through English language, the English vocabulary and the Tamil vocabulary are
equally loaded with Tamils which cannot be avoided. This bilingual knowledge gives preference for English
words most of the time despite knowing its Tamil Equivalent. Let us look at this from a slightly different
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angle. Before analyzing why people are preferring English words for certain Tamil words while speaking or
writing, let us analyze why people prefer Tamil words over English words for a large set. The reasons may
be, 1. Those Tamil words are inculcated in the mind long before their English Equivalent 2. Those words are
frequently used by the majority population. This gives us the clue of why people prefer English words for a
closed set of Tamil words.

The reasons why an English word is prioritized over a Tamil word for the following reasons.

1. The English word was taught long before the Tamil equivalent word was taught.
2. The English word is used by most of the people.
3. The English word may be comparatively easier to pronounce while communicating.

This paper analyses in deep on the third reason listed above and tries to look into what kind of Tamil words
loses its place to English words. We coined out the third reason when we analyzed many blogs and websites
where colloquial style of Tamil is used.

The next part gives an overview of the solution that may aid to overcome this problem.

2.2 Solution

This paper puts forth an algorithm which involves the idea of framing a metric which measures the easiness
of pronouncing a Tamil word. The easiness score measures the easiness in pronouncing a Tamil word. Since
the exact algorithm of how an easiness score is calculated is being worked out by the authors, this paper
reveals the workflow of the algorithm.

Tamil-
Target

word

Tamil Fnelicsh word

Corpus

Easiness
Score

A 4

Alternate
Word

\4

Newly coined
Tamil Words

A set of Tamil web documents will be crawled from the web and a context based analysis is done to
extract the usage of English words in the place of Tamil words. The web documents targeted are the blogs
and tweets. The targeted words are those which are mostly replaced by an English equivalent words and the
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easiness score is calculated for the targeted word. A threshold is set and if a word crosses that threshold, it is
passed onto the alternate word generation module where an alternate word is generated. The alternate word is
generated based on the closedness of the English word.

The idea of coining a new alternative word arose from the way the word, “Catamaran” originated
from the Tamil word, “s_®wrip”. The word “catamaran” has much similarity in terms of pronunciation.
May be this would have paved way for the most of the Tamils to prefer “Catamaran” over “s1.__(hogid”.

This paper perceives the above mentioned idea in the reverse way. This proposed algorithm checks
the Easiness Score of the words that are rarely used by the Tamils by comparing with its English equivalent
and generates a closer Tamil words which has higher Easiness Score. The new word generation algorithm
would coin a new Tamil words which has much similarity with it’s English equivalent and hence the
transition from using the English to Tamil words would be much easier for the Tamils.

People prefer using the word, “Biscuit” than using the words, wrddflsvsy (maachillu), i
(eeratti) and eflex&@asrgg (viskoththu). If a new word which is similar to biscuit like, “myi_ (erat)” which

sounds similar like “biscuit” is coined, the people would tend to use “myi"" than “biscuit”. The easiness score
and the new word generation algorithm would target features that will produce such alternatives.

3. Conclusion

This paper proposes an initial framework to make people use more Tamil words than using English words.
This paper has explored the easiness in pronouncing a Tamil word which may be one of the reasons for the
people to opt English words which are much easier to pronounce than their Tamil equivalents. The paper also
proposes a solution to coin a new Tamil word which is much similar to the English word and is easier to
pronounce than its earlier version. This paper makes an initial attempt to prevent Tamils choosing to use more
Tamil words than English thereby making this ancient classical language long live for many more centuries.
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Abstract. This work describes the development of Fine-grained Named Entity Recognizer for Tamil
using the machine learning technique CRFs. The tagset used for NE identification consists of 106 tags.
The main objectives of the proposed work is to develop the named entity system for Tamil which can
be used for higher level NLP applications like Information Extraction, Question & Answering Systems
etc. The linguistic analysis of Part of Speech (POS) occurring in the context of named entities has been
done to find out the patterns of NEs. The error analysis is given for each feature combinations. The
different types of problems encountered in the development of NE system are also discussed. The post
processing rules are implemented to solve the issue discussed in the error analysis section and the
performance of the system is significantly improved.

1. Introduction

Named Entity Recognition (NER) is defined as the automatic identification of proper names and classify it
into the respective categories such as names of person, location, organization, products etc. Named entity
identification is the fundamental task in IE and higher level NLP applications. There is a need to maintain and
extract the useful information from the news articles and web data which grows rapidly in a large extent.
NER systems can identify the names of the persons, locations and organizations in the web data and thus
categorizing the respective articles which enables the content discovery much easier. In relation extraction,
the named entities such as person names and place names need to be identify first, in order to find out the
relations exists among these entities. In event extraction, named entities provides the information about the
persons involved in an event, where it happened and when the event has happened. In Q&A systems, NER
plays a vital role, since the answer strings to the “WH’ questions such as when, where and who are named
entities. In sentiment analysis, the named entities need to be identify first, to obtain the opinion about the
respective person or a product.

Initially the term NER was defined in Message Understanding Conference (MUC), when the
structured information about company and defense related activities need to be extract from the unstructured
text. It was noticed that the main information units to be extract are named entities (Grishman et al. 1996).
The very first research work in NER was done by Lisa F. Rau, who developed the system to recognize
company names using hand-crafted rules and submitted in Seventh IEEE conference on Atrtificial Intelligence
on Applications. In MUC-7, five out of eight systems were generated using rule based method (Chinchor
1998). Nadeau et al. (2007) has reported fifteen years of research carried out in the field of entity recognition.
Earlier days, NER systems were developed using the hand-crafted linguistic and heuristic rules.

The first named entity corpus for 6 Indian Languages and English was developed as part of Cross
Lingual Information Access (CLIA) Project which was funded by Government of India, Ministry of
Communications & Information Technology. The named entity tagset used consists of 106 hierarchical tags,
which is the standardized tagset widely used for the Indian Languages. The named entity corpus was
developed for English and Indian Languages such as Tamil, Telugu, Hindi, Punjabi, Marathi and Bengali.
The dataset was collected from various news articles, blogs related to tourism domain. The Tamil corpus
consists of 5k sentences, 87k tokens and 18,654 named entities. The Telugu corpus has 2k sentences, 45k
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tokens and 10k NEs. The Hindi, Punjabi, Marathi and Bengali corpus consists of 88k, 90k, 79k and 56k
tokens respectively. The Hindi and Marathi corpus consists of 6k named entities. The Punjabi and Bengali
corpus has 7k and 3k named entities. The English corpus with 85k tokens consists of 12k named entities. The
nested entities are also tagged in the corpus (Malarkodi et al., 2012).

Sobha et al. (2007) developed a multilingual named entity system to identify the place names using
Finite State Automaton (FSA). The language identifier was developed using statistical techniques to identify
the language of the input sentence. The location identifier depends on the suffix stripping techniques and the
input text need not be pre-processed for this task. The place identifier works with the precision of 95% and
recall of 71% respectively. Vijayakrishna & Sobha (2008) worked on Domain focused Tamil Named Entity
Recognizer for Tourism domain using CRF. It handles nested tagging of named entities with a hierarchical
tag set containing 106 tags. They considered root of words, POS, combined word and POS, Dictionary of
named entities as features to build the system. The three phase hybrid NE recognizer was constructed for
Tamil with six NE tags by Pandian et al. (2008). In order to obtain the morphological components, a
dictionary consists of word clues and case markers are used to identify the NE in the first phase. Semantic and
syntactic information of subjects and objects are obtained second phase. The HMM algorithm exploited the
statistical information obtained from the first two phases. They have claimed average f-score as 72.72% for
various entity types. Malarkodi et al. (2012) discussed the various challenges, while developing the NE
system in Tamil language. The 22 second level NE tags from the hierarchical NE tagset were used for system
implementation. The challenges reported are agglutination, ambiguity, nested entities, spell variation,
capitalization and noise in the data. They have done two sets of experiments, first using word, POS, and
chunk information and second experiment was conducted to reduce the agglutination and morphological
related issues. Hence the root word information was considered instead of actual word, along with POS and
chunk information.

In 2013 AU-KBC has organized NER shared task (Pattabhi et al., 2013) as part of Forum for
Information Retrieval for Evaluation (FIRE), to create a benchmark data for Indian Languages. The dataset
was released for 4 Indian Languages like Bengali, Hindi, Malayalam, and Tamil and also for English. The
training and test set used for Bengali consists of 62k and 48k tokens. The Hindi corpus has 105K tokens for
training and 55k tokens for test purposes. The training and test data for Malayalam corpus consists of 41k and
28k tokens respectively. The Tamil dataset consist of 41k for training and 28k for test purposes. The English
dataset has 219k tokens for training and 35k tokens for test set. The corpus was annotated with 106
hierarchical tags of Indian Language Tagset. Five teams have participated in the task. The various techniques
used by the participants are CRF, rule based approach and list based search. The 2nd edition of NER track for
IL has organized as part of FIRE 2014 (Pattabhi et al., 2013) for English and 3 IL namely Hindi, Malayalam,
and Tamil. The main focus of this track is nested entity identification. The FIRE corpus consists of 140K
token for English, 125K tokens for Tamil, 62K tokens for Malayalam and 127K for Hindi respectively.
Though 10 teams have registered earlier, only 2 teams can submitted their test runs due to time constraint.
The participants have used CRF and SVM for system development.

In 2013, ICON NER tool contest was conducted for six Indian languages namely Tamil, Telugu,
Bengali, Marathi, Hindi, Punjabi and English. The dataset used for English consists of 85k tokens. The corpus
used for Indian languages consists of 76K tokens for Tamil, 71K tokens for Bengali, 65K tokens for Marathi,
73K tokens for Punjabi, 86K tokens for Hindi respectively. The corpus was annotated with 22 outer level tags
of Indian Language Tagset which consists of 106 hierarchical tags (Sobha et al., 2013). Antony et.al. (2014)
constructed the NE system for Tamil Biomedical documents using SVM classifier. The features used are
unigrams or bigrams, case markers, substring clues and tf-idf to identify the named entities in the bio-medical
domain.
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2. Corpus statistics and NE Tagset

The dataset developed as part of FIRE 2013 NER shared task and national level projects such as Cross
Lingual Information Access (CLIA) are used for this work. The Tamil NER dataset consists of 200K tokens,
13K sentences and 27,498 named entities. This Hierarchical tag set was developed at AU-KBC Research
Centre, and standardized by the Ministry of Communications and Information Technology, Govt. of India.
This tag set is being used widely in Cross Lingual Information Access (CLIA). The NER tagset consists of 3
NE types as the major level. They are Entity expressions, Time Expressions and Numeric Expressions. The
entity expressions are divided into 11 types namely person, location, organization, facilities, locomotives,
artifact, entertainment, cuisines, plants, organisms and disease. The Numeric expressions are classified into 4
types. They are Distance, Count, Money and Quantity.

Table 1: Corpus Statistics

Languages Tokens Sentences NEs
Tamil 2,04,144 13,571 27,498
Figure 1: Named Entity Tagset
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3. Corpus Analysis

The part of speech patterns frequently occurred in the window of three (n-1 and n+1 positions) of the context
of named entities are analyzed for Tamil and the results are discussed in this section. We analyse the corpus to
arrive at the most suitable word level features for identifying the NE which can be used for machine learning
purpose. We have taken a window of three words and identified the most frequent grammatical and
typographical feature that occurs. The distribution of each feature in each language is given in detail below.

In Tamil corpus, the named entities occurred at the beginning of the sentence is 3,776 instances and
in 2,056 instances named entities occurred at the end of the sentence, punctuations preceded the NE in 6,222
times and 4,596 times punctuations succeed the NE, common nouns preceded the NE in 6,274 times and
succeeded the NE in 9,038 times, proper nouns occurred before NE in 2,250 instances and after NE in 2,868
instances. The postpositions occurred before NE in 999 instances, adjectives occurred before NE in 1418
instances and conjunction occurred before NE in 384 times. The verbal participle preceding the named
entities in 716 instances and the relative participle verbs preceded the NE in 1,007 times. The finite verbs
succeed the NE in 998 instances, postpositions, adverb and adjectives occurred at 1131, 980 and 878
instances respectively.

Figure 2: POS patterns of named entities in Tamil

Frequency of POS Preceding NE Frequency of POS Following NE
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Figure 2.9 Frequency of POS tags in n-1, n+1 position (Tamil)

We have analysed the corpus for the various part of speech which are associated with the named entities.
In the window of three the following are the grammatical features occurred. Also the Typographical features
are also arrived through the analysis. From the above analysis we arrived at the following points. In Tamil the
most commonly occurring pattern for NE are

1. Grammatical patterns: RP verbs precedes and follows , Common noun precedes or follows,
Occurring after the verb, Postpositions precedes the NEs, Verbs succeeds the NEs AND
Postpositions, adjectives or adverbs follows the NEs.

2. Typological patterns: .NEs in the beginning of the sentence, NEs in the end of the sentence,
Punctuations followed NEs and NEs Occurring after punctuations.
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4. Corpus Annotation

The text collected is pre-processed with part-of-speech tagging and chunking using automated tools.
The pre-processed text is given as an input to the graphical user tool which was designed by AU-KBC to
annotate Named Entities. This tool aids the annotators to tag the named entities without typological errors.
The format to annotate named entities are given below.

<LEVEL1_NE_TYPE TYPE=LEVEL2 NE TYPE SUBTYPE_I1=LEVEL3_NE_ TYPE>
Named Entity </LEVEL1_NE_TYPE>

Where LEVEL1_NE_TYPE denotes the major NE categories such as ENAMEX, NUMEX, TIMEX.
LEVEL2_NE_TYPE indicates the second level tags in our hierarchical tagset namely Person, Location, and
Organization etc. LEVEL3_NE_ TYPE refers to Individual, Place etc.

<ENAMEX TYPE=ENTERTAINMENT SUBTYPE_1=DANCE>Kathak</ENAMEX>

In the example, the type of the dance “Kathak” is tagged as “Entertainment” NE type and it comes
under the subtype “Dance”

<ENAMEX TYPE="FACILITIES” SUBTYPE_I1="INSTITUTE”> Madras Institute of Technology
</ENAMEX>

In the above example, the name of the college ‘“Madras Institute of Technology” is tagged as
“Facilities” NE type and it comes under the subtype “Institute”

Inter-annotator agreement is defined as the degree of agreement among annotators. It is the percentage of
judgments on which the two annotators agree when tagging the same content independently. The Kappa
statistic k is a better measure of inter-annotator agreement which takes into account the effect of chance
agreement (Ng et al., 1999). We calculated the kappa score for each NE text span. We had two annotators for
each language. The overall kappa score for Tamil is 0.96, which means there is good agreement between the
annotators.

5. Features Selection

The feature selection plays a significant role in machine learning technique. The performance of the
machine learning system depends on the feature selection criteria and the pre-processing modules. This
section describes about various features used for named entity identification

5.1 Lexical Level Features

The features depends on the word level information and the contextual information such as words
occurring adjacent to named entities are considered as lexical level features. The lexical level features helps
the system to learn the words and contextual cues surrounding the named entity. The contextual information,
first word, suffix and prefix information are the lexical level features used in this work
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5.2 Context Word Information

The context information denotes the tokens occurring adjacent to the named entity. The contextual
words will be useful to capture the contextual cues surrounding the named entity. Hence, the combinations of
words surrounding the current token in the window of five position are considered as features.

First word

We have analysed the training corpus for all the languages, to check the occurrences of named entities which
occurred as first word of the sentence. Since subject comes in the beginning of the sentence, the subject might
be a named entity in most of the languages. We observed that around 20% of the words occurring at
beginning of a sentence in the training corpus are NEs for all the languages. So we consider the beginning
word of the sentence as a feature. In Tamil corpus 3,776 times, named entities occurred at the beginning of
the sentence.

Prefix and Suffix Information

The named entities can share a common prefix and suffix information. For example, the words ending with °-
pettai’ most likely specifies the place names such as “chromepettai, thenampettai and nazarethpettai” in
Tamil. The suffixes such as ‘-pet, -pettai, -Ur, -patti, -pur, -puri, -bad’ denotes the place names in Indian
Languages. Hence we consider trigrams and four grams of prefix and suffix information as features.

5.2 Syntactic Level Features

The features depends on the linguistic or grammatical information are called as syntactic level features. The
syntactic level features such as POS and chunk information are used in this work.

POS Information

Part of Speech tags denote the grammatical category of the word such as noun, verb, adverb, adjective etc. It
is considered as a crucial factor in NE identification. The POS information of a current word and surrounding
words are considered as features.

Chunk Information

The chunk information is used to group the tokens into phrases such as noun phrase, verb phrase, adverbial
phrase etc. It helps the system to learn the boundary of named entities.

POS Patterns Preceding and Following NE

The POS tags occurring as context of named entity act as a trigger for NE identification. The part of speech
patterns adjacent to named entity provides the grammatical information to learn the patterns of named
entities. Hence we have decided to give importance to the POS tags preceding & succeeding named entities.
Based on the linguistic analysis discussed in the previous section, the POS patterns of named entities
occurring at the following positions are considered as feature.

*  Frequent POS tag occurring at the proximity of NE in n-1 position

*  Frequent POS tag occurring at the proximity of NE in n+1 position

¢ Frequent POS tag occurring at the proximity of NE in
(n-1,n,n+1)

¢ Frequent POS tag occurring at the proximity of NE in (n-2, n-1, n, n+1, n+2
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6. Experiments and Results

This section describes the experiments, the results and the discussion on the results obtained from the
Tamil named entity recognition system. The detail statistics of the dataset used in this work is explained in
the previous section. Inorder to find the best results, we have selected various feature combinations and using
these features different sets of experiemnts were conducted. The intial section describes the experiemnts for
the baseline system. Then the error analysis for each feature combination is discussed in detail. Follwing this
section, experiemts and results for the extended system is discussed. The types of erros occurring in named
entitiy identification is explained with examples. We have developed post-processing rules which are
discussed in detail.

There are experiments conducted using different feature combinations to find the best feature set.
The 10-fold cross validation was conducted for both the baseline system and the extended system. The
average results obtained from the cross validation are given in results and discussion section. There are six
NER models generated using different feature combinations for the baseline system. The results obtained
using each feature combinations are analysed to find the error cases. The detail error analysis was done for
each combination and from the error details the error-driven features are identified. The extended system was
developed using the error —driven features and it improved the system’s performance. There are seven NER
models generated using different feature combinations for the extended system. The feature combinations
used in six NER models of extended system are similar to the NER models discussed in the baseline system.
The seventh NER model was generated using the dynamic features. The chunk information is not available
for Marathi, Spanish, Dutch, German and Hungarian. So the model 2 and model 4 which use chunk as a
feature is not generated for these languages. The other named entity models for these languages are generated
without chunk information. The NER models generated using various feature combinations for both baselined
and extended system are given in Table 2.

Table 2 Details of NER models & Feature Combinations

NER Modell | Model2 | Model3 | Model4d | Model5 Model6

Models

Features P P+C P+W P+C+W | P+C+SP P+C+SP+
W

Baseline Yes Yes Yes Yes Yes Yes

System

Extended Yes Yes Yes Yes Yes Yes

System

In the table P — POS Information, C — Chunk Information, W — Word related features, SP —
statistical suffixes and prefixes.

Table 3: Results for Baseline System

Languages | Tamil

Results PRE | REC | F-M

P 26.99 | 37.72 | 31.46
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P+C 27.57 | 38.14 | 32.00
P+W 46.07 | 70.14 | 55.61
P+C+W 46.33 | 70.19 | 55.81

P+C+SP 4847 | 74.86 | 58.84

P+C+SP+W | 55.89 | 77.86 | 65.07

We have conducted various experiments with different combinations of features and the average f-
score obtained by 10 fold cross-validation for the combination of best feature sets are given in Table 3. From
the above table it can be observed that with POS information alone, which is the baseline system, obtained
the f-measure of 31.46%. The POS and Chunk information increased the recall by 1%. This shows that POS
and Chunk feature together can improve the recall. This feature raised the overall performance by 1%. The
inclusion of word as feature along with POS has improved the recall substantially by 32%. Whereas the
inclusion of statistical suffix and prefix information further increased the precision by 2% and recall by 4%
and thus increased the F-measure by 3%. Thus from the experiments we find that the combination of features
such as pos, chunk, word, prefix and suffix gives the best results than the baseline system.

Table 4: Error Analysis for Baseline System

Features Remarks
POS related Errors:
features 1) Named entities occurring in adjacent positions are tagged as single entity
2) one named entity with multiple tokens is tagged as two entities
3) beginning of an entity is tagged by intermediate tag, part of an entity is tagged by
the system
4) food items are tagged as LOCATION
5) list of location names are tagged as PERSON
6) organization named are not identified correctly
POS, chunk Errors reduced by this feature:
1) Same entity is tagged as two entities in POS related feature. Inclusion of chunk
feature, reduced these kind of errors
2) Different entities in adjacent positions are tagged as one in the previous feature
combination, that is also handled by this feature combination
3) list of location names tagged as person is identified as LOCATION
Errors:
1) special days are tagged as location
2) person names are tagged as location in some instances
3) location names are tagged as person in some instances
4) person names occurring as part of place names are tagged as PERSON
5) NE boundary is wrongly tagged in some instances(I-tag is wrongly tagged or
failed to tag)
POS, word Errors reduced by this feature:
1) False positives generated by previous feature combinations are reduced nearly
50% for each NE categories by using the word feature. For example, in previous
combination 136 instances person names are tagged as location, in this case it is
reduced to 26.
2) Organization names are identified
Errors:
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1) special days are tagged as PERSON

2) person names are partly tagged in some instances

3) one named entity with multiple tokens is tagged as two entities

4) person names occurring as part of place names are tagged as PERSON

5) place names occurring as part of organization names are tagged as LOCATION

POS, word and

Errors reduced by this feature:

suffixes and
prefixes, word

chunk Inclusion of chunk feature with POS and word feature rectified the cases where
same entity is considered as different entities by the system.
Errors:
1) special days are tagged as PERSON
2) person names are partly tagged in some instances
3) person names occurring as part of place names are tagged as PERSON
4) place names occurring as part of organization names are tagged as LOCATION
5) NE boundary is wrongly tagged in some instances(I-tag is wrongly tagged or
failed to tag)
POS, chunk Errors reduced by this feature:
statistical 1) location names tagged as person in previous feature combinations are rectified
suffixes and using the statistical suffixes and prefixes. For example, in 133 cases location names
prefixes are tagged as person using previous feature combinations, inclusion of this feature
reduced it to 59.
Errors:
1) In some instances organization names occurring as part of title names are tagged
as organization.
2) Place names are partially tagged in some instances
3) place names occurring as part of the organization names are tagged as
LOCATION
4) Special days are tagged as PERRSON and LOCATION
5) person names occurring as part of place names are tagged as PERSON
POS, chunk Errors:
statistical 1) In some instances organization names occurring as part of title names are tagged

as organization.

2) place names occurring as part of organization names are tagged as LOCATION
3) Special days are tagged as PERRSON and LOCATION

4) person names occurring as part of place names are tagged as PERSON

Errors reduced by this feature:

1) Location names occurring as part of organization names are tagged as location in
previous feature combination. Similarly in some instances person names occurring
as part of organization or location names are tagged as person. Though the same
kind of errors existing in few instances, in comparison with previous feature
combination the errors are reduced by using this feature combination

During error analysis, the error driven features are identified and the extended models are generated

by eliminating those features. In this section the results obtained by each feature combinations in the extended
system are discussed. The POS information yielded the precision and recall of 34% and 38% respectively.

The chunk information improves the overall f-measure by 1%. The inclusion of word related features with
POS and chunk information gives the improvement of 27% in precision score and 32% improvement in the
recall value. The statistical suffix and prefix information along with pos, chunk and word combination
improves the f-score by 5%. The combination of features used in the model6 performs better than any other
feature combinations and improves the f-score by 19%.
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Table 4: Results for the Extended System

Language Tamil

Results PRE REC F-M

P 34.36 38.04 362

P+C 34.39 39.97 37.18
P+W 61.34 71.32 66.33
P+C+W 61.56 72.27 6691
P+C+SP 61.21 77.52 69.36
P+C+SP+W | 80.12 80.10 80.10

In comparison with the results obtained from the baseline system, the performance of the system is
improved in each sets of experiments conducted in the extended system using different feature combinations.
The different feature combinations shown in Table 4 clearly show that all the features used in the present
system have the capability to improve the system's performance. By using POS information alone, we have
achieved reasonable scores for baseline system. From the results we can clearly understand that the highest
improvement is obtained by using the dynamic features. In general, the usage of suffix, prefix information,
word, POS and chunk information significantly improves the overall performance of the system for all the
languages.

6.1 Types of Errors in NE Identification

We have analysed the results where the system failed to identify the NEs. From our observation,
mainly the errors are propagated due to the following reasons.

6.1.1 Ambiguity Due To Nested Entities

Ambiguity arises when one type of named entity occurring as part of another entity (nested entities).
If an entity is considered as maximal entity, it belongs to one NE type and the entities occurred as part of it
comes under different NE category. In such cases, the system might fail to identify the whole entity and mark
only the part of that which comes under another NE category

6.1.1.1 Organization Names Identified As Location

Ta: [wamilYYnAtu]roc curYrYulA valYarccik  kalYYakam
En: Tamilnadu Tourist  Development Corporation

Location names occurring as part of organization names are tagged as location in some instances. In
the above example “Tamilnadu Tourist Development Corporation” is the name of a government organization
name, which comes under NE type “ORGANIZATION”. But instead of identifying the whole entity the
system can tagged the part of an entity “Tamilnadu” alone as “LOCATION™.

MI: [keralYa]rocation koNZgrass
En: Kerela Congress
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In the above example “Kerela Congress” is the name of a political party name, which comes under
NE type “ORGANIZATION”. But instead of identifying the whole entity the system can tagged the part of an
entity “Kerela” alone as “LOCATION”.

Hi: [uwwarAMcala] 1 ocaTion sarakAra
En: Uttaranchal Government

In the example “Uttaranchal Government” is the name of a government organization name, which
comes under NE type “ORGANIZATION”. But instead of identifying the whole entity the system can tagged
the part of an entity “Uttaranchal” alone as “LOCATION”.

6.1.1.2 Person Names Identified As Other Types

Ta: [Srlratkam]iocaTion peVrumAlY
En: Srirangam perumal

Location names occurring as part of person names are tagged as location. In this example, instead of
tagging the maximal entity “Srlrafkam peVrumAlY” as PERSON system tagged the entity “Srlrafkam” as
LOCATION and “peVrumAlY” as PERSON.

6.1.1.3 Location Names Identified As Other Types

Ta: [nAkarAjar]iocation thirukoyil
En: Nakarajar Temple

Person names occurring as part of "names of schools, hotels, places" are tagged as "person" by the
system. In this example, instead of tagging the maximal entity “Nakarajar Temple” as LOCATION, the
system tagged the entity “Nakarajar” as PERSON and “Temple” as LOCATION.

Ml: [vijay] PERSON cOka
En: [Vljay] PERSON ChOWk

In the above example, the “Vijay Chowk® is the place name. But, instead of tagging the maximal
entity “Vijay Chowk” as LOCATION, the system tagged the entity “Vijay” as PERSON.

Ta: [cafkaranY] person kovil
En: [sankaran] person  kovil

In this example, the “Sankaran Kovil“ is the place name. But, instead of tagging the maximal entity
“Sankaran Kovil” as LOCATION, the system tagged the entity “Sankaran” as PERSON and “kovil” as
LOCATION.

Hi: [seMta jAzna] person carca
En: St. John Church

In the above example, the “St. John Church” is the name of a church. But, instead of tagging the
maximal entity “St. John Church” as LOCATION, the system tagged the entity “St. John” as PERSON and
“Church” as LOCATION.
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6.1.1.4 Special Day Identified as Month

Ta:[kArwwikE]montn Wlpam
En: karthikai Deepam

Month names occurring as part of "special days" are tagged as "month" by the system. In the
example, the “Karthikai Deepam® is the name of a featival. But, instead of tagging the maximal entity
Karthikai Deepam” as SPECIAL DAY, the system tagged the entity “Karthikai” as MONTH.

6.1.2 Different Entities Occuring in Adjacent Positions

Ta: [kaNNamafkE peVrumAIYE]person poojai seiththAL
En: Kannamangai perumal Pooja did

Person names occuring in adjacent positions are tagged as same entity. In the above example
“kannamangai” and ‘“Perumal” are two different entities. But instead of identifying them as separate entities,
the system has wrongly tagged the both entities as a single entity.

6.1.3 Ambiguity between Common and Proper Nouns

In comparison with European languages, Indian Languages have more ambiguity between proper
and common nouns. In our corpus, we observed that some common nouns found in the dictionary are
occurring also as person names which create ambiguity issues.

Ta: intha kAranathirk Aka cakwi  pUJE cethAlY
En: For this reason(ADV) sakthi(N) pooja(N) did(V)
(Due to this reason sakthi did pooja)

Ta: pakEvarkalYE  veVllum cakwiyEyum

En: Enemies(N)+acc win(V)+future power(N)+acc

Ta: waruvawAl iwwalawwu ammanY mikavum  AkrocamAka
En: give(V)+future+cond this place(N)+gen Goddess(N) more(ADV)

Ta: cakwi ulYlYavar.

En: aggressive(N) power(N) has(v)+PRP
(The goddess of this place is very aggressive, as she gives power to win the enemies)

In the first example “cakwi(sakthi)” is a person who did pooja to God. In the second example cakwi
is not a person name, it means “power”. Here in first example “cakwi” is a named entity, but in second
example it is a common noun. When the same word occur as named entity and common noun ambiguity issue
will occur.

6.1.4 Genitive Drop in Sequential Nes

The genitive case marker indicates the possessive form. The genitive drop in sequential named
entities creates an ambiguity in some instances

Ta: inwiyan vanki ataiyARu kiLaiyil
En: Indian Bank Adaiyar branch+ (loc)

(Adayar branch of Indian Bank)
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In the above example, “inwiyan vanki (Indian Bank)” is the name of a bank, it comes under the NE
type ORGANIZATION and Adayar is the place name. But due to the genitive drop in “-yin or -utaiya” Indian
Bank Adayar is tagged as a single entity.

The errors discussed in the error analysis can be resolve using post-processing rules and
incorporating dictionaries for location and popular organization names for the respective languages. For
example, if the keyterm such as “Temple” following the proper noun, then the “PERSON” should change to
“LOCATION” tag.

Post Processing

To overcome this issue of nested entities, use of post processing heuristic rules is reliable and
convenient. This post processing has also helped to improve numeric and time expression detection. We have
used linguistic and heuristic rules for post processing. The constraints we applied were based on the Part-of-
speech tag, noun phrase chunk and a set of key-terms. We explain below some of the post-processing
heuristic rules used in this work.

Rule 1: To attain the Organization tag
-2 NNPINNPCINNCINN+B-NP=1
-1 NNPINN+I-NP=1
0 thoziRsAlailsangamlvanki (NN) =1

The term “thoziRsAlai (industries), sangam (club), vanki (bank)” act as a keyterm to indicate the
organization NEs. If the current token is  “thoziRsAlailsangamlvanki”, previous POS is a noun
category(NNP,NNPC ,NNC,NN) followed by beginning noun-phrase chunk(B-NP) and second previous POS
from current token is a noun category followed by B-NP then the nested named entity is tagged as
Organization.

Rule 2: To solve the ambiguity exists between Person and Location tag.

-2 NNPINNPCINNCINN+B-NP=1
-1 NNPINN+B-NP=1
0 koyillkovillsannathiltemple+NN =1

The term “koyillkovillsannithi” denotes the names of the temple. If the current token is
“koyillkovillsannathi”, previous POS is a noun category followed by beginning noun-phrase chunk and
second previous POS from current token is a noun category followed by B-NP then the nested

Rule 3: To get the numeric and time expressions

-1 QC=1 PERIOD

0 Keyterms denotes time and numeric expressions =1

The term “varutaminAlYIANtukalYnAtkalYImAwanworYuminUrYrYANtu”  indicates
yearldaylyearsldayslevery monthlcentury in English. The cue phrase “Ki.mi.” denotes Kilo meter in English.
If the current token is one among the keyterms which denotes the numeric or time expressions and the
previous POS specifies cardinal number then the named entity is tagged as the respective NE tag. The results
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obtained after post-processing is given in Table 4. After post-processing Tamil language has obtained the
precision of 82% and recall of 85% respectively.

Table 4.13: Results after post-processing

NE Type Precision % Recall % F-score %

Tamil 82.12 85.32 83.68

7. Conclusion

The Tamil Named Entity Recognizer with fine grained tagset was explained in this paper. The POS
patterns of named are analysed for Tamil and taken as the feature for CRFs. There are six NER models are
generated using different feature combinations. The errors obtained in the baseline system are explained in
detail. The error driven features are ignored and the six NE models are generated as part of extended system.
The combination of features used in the model6 performs better than any other feature combinations and
obtained the precision of 80.12% and recall of 80.10% respectively. The different types of errors occurred
during the NE identification are explained with examples. The post-processing rules are implemented to
overcome the issues and the overall f-score is further improved by 3%.

Acknowledgement

Authors thank IMPRINT India initiative for the support given to carry out this research.

References

1. Antony, J.B, & Mahalakshmi, G.S 2014, ‘Named entity recognition for Tamil biomedical documents’, Proceedings of
the 2014 International Conference on Circuits, Power and Computing Technologies, ICCPCT-2014, pp. 1571-1577.

2. Chinchor, N 1998, ‘Overview of MUC-7’, Proceedings of the Seventh Message Understanding Conference (MUC-
7), Fairfax, Virginia.

3. Grishman, R & Beth, S 1996, ‘Message understanding conference-6: A brief history’, Proceedings of thel6th
International Conference on Computational Linguistics, vol. 1.

4. Nadeau, D & Sekine, S 2007, ‘A survey of named entity recognition and classification, Linguisticae Investigationes,
vol. 30, no. 1, pp. 3-26.

5. Ng, HT, Lim, C.Y & Foo, SK. 1999 ‘A case study on inter-annotator agreement for word sense disambiguation’,
Proceedings of the SIGLEX99: Standardizing Lexical Resources.

6. Malarkodi C.S, Pattabhi, R.K & Sobha L 2012, ‘Tamil NER—Coping with Real Time Challenges’, Proceedings of the
Workshop on Machine Translation and Parsing in Indian Languages(MTPIL-2012), COLING, pp. 23-38.

7. Pattabhi, RK, & Sobha L 2013 ‘NERIL: Named Entity Recognition for Indian Languages @ FIRE 2013-An
Overview’, FIRE-2013.

8. Pattabhi, R.K, Malarkodi C.S, Ram V.S & Sobha L 2014 ‘NERIL: Named Entity Recognition for Indian Languages
@ FIRE 2014-An Overview’, FIRE-2014.

9. Sobha, L & Vijay Sundar Ram R, 2007, ‘Multilingual Place Name Tagger for Indian Languages’, Proceedings of
IJCAI Workshop on Cross Lingual Information Access (CLIA) - Addressing the Information Need of Multilingual
Societies, Hyderabad, pp. 34 - 39.

10. Sobha L, Malarkodi, C.S, & Marimuthu, K 2013, ‘Named Entity Recognizer for Indian Languages’, ICON NLP Tool
Contest.

11. Vijayakrishna, R. and Sobha, L. (2008). Domain focused Named Entity for Tamil using Conditional Random Fields.
In IJNLP-08 workshop on NER for South and South East Asian Languages, Hyderabad, India. pp. 59-66



52

GClwiiplsT, Wena GlwiiFlsi CsTiflsvmIL Litiseaflsy ,LHHTHe %ewfleuf]
H6TBIS6T, ClFwedlser et GlLT L &s6r ulfl HLilp CLIHLD 6TFT STV
ST V)| Fn 601 6T

. @TCF S T 60T

Ysarasl uwilpmieliiureri, sAUL Menr6leur el Gl ,Anigs iy,

powerguna@gmail.com

OBTL_&% 1D

Ulruepesbisef e U Sluedliiev Caprerplw yellujsvsle,BLbwpsit BlewD B S) (Hd5 & LD
QupsnsmwLl LGSGITTHE, CFwunems palweme 2 I Lgddl, 200 BrHM TG SHedTevlla T
QDD STy Awmed 2 wi susVevewd LM LYdbsTHEs eumiililsssr Glupd C\STL_nis] @) mds @i
Heutlevt] W|abgHBHlV UT YLD 2 _63T6EIH eUVEVEMLDEMILI LD6UTIG 6T GILIMH MI6T6ETT6T.

upeneU LUPLILIENSS H6T(h), ailDTeTL LIWenTd HaTenel haTeuTdssl Py beal. g Curs,
BTiD @) evfl Plewesrssens, sawr® Casl® yiflbgl Gsmsirar Guuipsr, wena CuwiiBlasi Qsrflspil Litb
2 56 b.9gl S0 GCrLf] eueridFHulled o erL_TdHsl euHLD HToHEBIST @)HSLILIHL LIL] allardELD.

Quwiplsi(Virtual Reality), lens CQuuiBlsi CQgrflevmi um(Augmented Reality -sursormmi

Lesr@esrmi_L_ b

1980 gy ar(hseaflev wHSulev FH.ClmCrmesr Gavesflwi (Mr.Jeron Lanior,CEO ,VPL
Research,USA) gBlypss 860 GuiiBlai omlwpswmergl.opribLgslsd slenrd sl dseper

wliufwrewr uenLtiurs(simulated environments) sri L Geu §)hs (pewm LIWGTLIT(D &H6vTL G

6THBIGLD,6THIVID  ,6Thd  CHISBleVIiD,wesfls  cLpswernds @6 Qsvers s @b, ST A
2 _eTTeYsemer 2 L L@Gdd , sHMe, snLlGHe, sHesflewilepsod 9FHCeus @) Houl 2 meur gidhE
eumiitiy eyHuLl_(heerg).pLiLilsiT, gndev, ewwdsCrreriil., Guewld GUTTDH 2 6V& BlMi6u6sTHIS6T
Qerm  QuiiBlserl  LweTLBSSID Wends CLUIBlGTH SHUDBENET, LIHL LILEHET 6ULPBIS

(LPEW 63T 55| 61T 6T .



53

ewas  Quiiplasi, ribugsded QuiiBlssnrs FribslpbsTernd 19650  Hwm,meusir
FaurGLievrewnr  (lvan  Sunderland) sesrGlgliured  ygwrmmd  sewr®, @)ermi  bLogl

HDLIHTHDETd SHTENTIY W 260G @ FFL_(HF GlFeDaID 2 siTesrs euariFFlenuilt GlumHmisieng.

euwiplsi(Virtual Reality), lews Guiiplsi Gsriflsomi uib(Augmented Reality)
Ceumuir(Baseir

©®)$5memTSSlV, @QHs @) CsTL BILLmISeTed WahSw Ceaumur®ser unyf 9nflgsv
BT

OouiBla T

B8 YWss WYWHs Senfleaflumed) 2 HuTsSLULBLD STl EGYemed FTihdhdeLn.360
spaif], spell GewioliL) 2 siTer sHUmeTS ST FAsewer FApLiL) smalsewer ewflhgh I HIGW 2 _ewry
Wb, B pefer Cgrewev CuAsaflesr aurey, CLWIBIGET LIHL LILBET 2 (HeuTdhsSSIMH G @)6Ten) LD

9|BlB LD LILTHM6V UTUILILBEN6TS &[bdI6TerTsT.
lena Glouiplesi

sewflest] eflewerim QF @GYed Frihs CFwedlsst aufl, waH5CSTWOCLASST FTihS
LU SMBHEHSHEG @)bSH TV BIL LD ews ClaTHEHS M. LleTerfls) LjHsHab,06s T (Bewr kLD

@)ewemTil LiswL_LiL&6iT sTewr LisV gl GleuaflliLmrBsenerd sriL @)g Lwerefl&ESng).




54

SO eUETTdHEGHID LdHSHTdHaHLD
o wiflw CBTHlLHIL LIBISST )T LITeueITHS SlewL LiLigmsy, Hd HLO) Glomy jevTenLow

HTVSED Hewflet] 2 0HD HeaTh6lEmer ph Heflull_Geng 2 (Heurdhdld CsTaTausn@), LHIL LIWeTLD
OB TLHI%] 2 _6Terd).

Fm 560 9| GlFerd(Adsense),smwsCrrGarl suillp , wamrsv(Facebook AR) Gumesrm Gurgd ser
OYBIE BT BIS6TeTTeY, SO @ICLTg QuTEefl B CurHlurs o Wb HrLSTE | LdHSTHELD BLD
Quomrflé@ gl surililiLsener suLphis 2 6TerTd] &6 dn(B).

Qupslr Gwrflullwesdsv(Artificial Interligence) sl o L yGssId SpiieyHer  HsLV
yerGarhmid sewt(Reremer.fAmsiiyflsv Al Academy, A Star, Samsung Singapore,Microsoft,
Facebook, Google Gurssim Blmisusstbigsr sifleny Hwg CSTHOBIL LIBIGeTL LiwesTLI(bH S
QU TLHBEHET PITDT S Byhid &b gI6TeT6T.

2 SHTTENILOTS dnHedle), SHID @Greveufl Lwent suflariily CFWITEHED  HaT(HsTearg.
owsGrrail, Ulp Gwrflulled @) mbg sSWlwseEe Corig Gwry Guwiliy GCFuyd wpenmenw
9Ppad GFligiererg|. pasmTedled Quiiplai sridssr oL mslw AR Studio, Spaces ojlwpasio

H60T(H) 6T S|

Quibglr Gry) Guab (chat bot) oyriswL & sewfliGur), sHCurg trusvwrd) sumsmg).
S01Pl6L g1 Llrusowm@id Cumrgl, Lev Ceusnevser @)etTeiid sTafllg T GlFiig (pigdds eumiLiL)esT(®.

s gPlysd  QFugmsghn  ADsense,  gulflev uswLLILTeTTHERSEH  p(h
urliflrFrsb.srwrer QFrhsll LewL L6 epedld Kogl S LBl Smeowpenn SLPTHemer

allenreursd ClFesTmenL_tweVTLD.

S0PV QOB LIL BIG6T 2 (HeuTHSLD STERTLISME HeVev euriiliLgssr 2 evr(h. Blockchain
eped (PpGHed (Hser SlewL & G suswaullsd wplifliorest UL BigssT L0 o (Heurd @ suflpewmasr
@LGurgl BwdE S bgisTarg.vuulr Flnieusrsgi s @)ewenthgl SLOD LIGDLLILH6T 2 (heuTd @D
seiresf] S 1 QBT BId) 2 sireng).(3)Hetr eulf] Sriomet S STalBISH6T, LB6dThIG6T, LIeDL L1L|d6T
spaifl, 960 quigeud QUMIICHT®, W S LTeri BTy 2 VEHSSILD 6uTiihH HDHLIHET, o 6wvilevt]
FRUTH 2 6rend SUIPTHOTTEY LWL SHSH (PLGUJD.BLOGl HeweD 2 V&L CurdHmid Lglewio

UTTOY&eTTS 2 (H6leuhdhs (951 euLfl 6u@dHeVriD.




55

SLOILD LOGITEDT6VSH6IT 2 (houTdHBSSHl6V Llewds GloiiiBlewd LiwiedT Li(hdbd) aueiTEmeusnsst, LITTdlenul,
WL SO CUITFisemar BLD GenripsT Glesmranr(Heur wigujb. @)eTewmwt @)eweriid HLOlLpiser
rfEGD sumasully Hwsp, sallews, usLlUlvsSlwbisenar BT 2 (HeuTdhseVmd. GBIl wrs
2 emrwrLev, spedl , sparfl BT GewiliLser sHewflesl] allewearwirl (Hser GlasTenTL Ldbssmissmer Unity,
Vuforia Ger@ummerssr G&mrenr(® 2 (hourd@ss) cpsvld HLOIPL LdSHnhISMTSL Le»L dhsHeord.AR
kit, AR Core Gumretip @eveus LsHL LiLdsaThisaleT aumens, Slfled @)eTenid slsLomere

LIGDL_LIL|&B6D6T 2_(hHeUTd @D eumilliLsener BLb ailyed Kiesflddd HhdleTersst.

Mentimeter Future Tamiland Yoursidlj... 7§ Tempiotes & ™

558 sluL s Quui, e

apany upd deries

zadurares Az
FLLD DT

G 1o WL ticom ari e th sodie 339103

= adeflunarrna Qsmfle muub 2 hamde abs
MGG & FHADE?
* v R mawinns wdiars
4;: A vy Sl piigh e grem et s ek ]
, : ®
—oe - Sy s
4 e e Venicadnem Leadre pexiaeseake st
y P uagsf il tan
- 3 a3 Ll Exporionco..

&HMeL ENHUISS0-LSSTES IS 1w D6

Fplul L @)m CQsrflevml LuBisenarud LwesTubSsl sl Fripbs LwlDds F L sissr
Ay flev pewL_pewmit LRSSLILIL (heTerenr.

uTevi Hevell PBHeL UTPBTST SHMeV, WHCwri LuilHAser eueny CFWLPEHMEBET LILIGSTLTL 160

D _GITET6MT.

Amsiiyi 2000 yer® GarewrLrl L kisefllsd @ dmmprs , Slp Cuard it Blai
Qrwedl,(MetaVerse AR) SperCGudls smailsendsrs o heurdssliul (herergl.osled  &Ie)
spedlliLigley(Voice Recording), ysliuglay(lmage Reconition), OEIHEF: HB616D
ufeuiggemer(Chatbot Interaction) ,Lwessrur Rgsseusv S B(Data Analytics) s L da o siraf®
(Unicode Tying)stesr LgsTds QFwesd (1pewmaer 2 1 L@&SSLILIL (H6TeTeT.LIsV60l6sTd: &H6VTE T hId N6
Sewarau(H  eTafllFld  GMHgH OETerEnd susmsulled SHlipd  GFwedl Y ewBHGISTOTS. () 6T
YEBwshgeud &mgl HAvisliyir rfer o Heurdhs wreflwid eufl srwrerd HUlpF GFwedwirs

2 (HeuTshsLILL (heTerg).



56

[~ Cenano [

uesticn

Quiiplsr ST F o (Haurssd sulfl sHLEEGD LUTLSFIL L 1D surpprer sHmev Lullhelullesr
R(H FnDTH 2 (HOUTHSHLILIL (H6TETS].
slPlev  wpriuflwrenst STl dAssr  cpevd el paflTdsd UL SGL  sToflw  pewp  ClFwisd
u@ssliL@erergl.CenerioVR Guws oo s o meursg ser(Cloud Computing) cpsud  sudlip

QT @enri &meal Frihs LulDFs6r 2 (HeumrdsiLL (HsiTerst.

S0p Fribhs LUDLID SHeusvsemar sewilefl aflsmerwr’ G(Unity Gamification), seps o s
@ewewrud  sufl spLlsssv(Social media Interaction), Quibglr GQorfluiwsd eyl  HLOLD
uenLiuTmmev,(Robotic Tamil Computing), @pliuflwresr sewsolt LswL iy 2 @heurdasib(Artsvive

Immersive Digitalisation) stest Lisv gl L_missiT sHGLITE ALyl QFwsOLIBHGSLI LB T 6o

2 BSHSTID eUTlIhG BlmieueTnisGarm(h HeesTeu(hd LiwaTenL wjd susnsullsd CuUTmarTsmy
SgLitienL_ulley GleuHm) GlLmid euswEulled HLogl GIFWVLPeMHST HewLbGisTareT. FABIGLLT Tdled
Seriiuflu g areyb 2 gallsenh @)snH@GL Clufg) ens6lsTHdasTnenT.

QUTUILIL &6 5L _MBIFH6VSH6IT

g rerenwifldss B Sl Gwrfl, senfleaflullwedlsy sL_hgl aubs LTS FHMI FOTHSELTOTES.
gmFevn , Forb Curew pBLEGEET @ QUBIGHETD 2 (HuThGHh CHeweu  (F)eTeyiLd
2 (HeursHallsVenev. sTWHGI(HoHE6T Ly Lflewrmon Cupm, @UICLTEH weflChrL sphnidenewTLiLimsd
2 Blewsvls wpliuflwrenTsHed Sl CUIFD 6TIPSHHI(HHBET LIWLTUTHID Ui hE (HHBTID 53 (H
GmIFw  sul L $FNGTCorGuw Lwefiig60 2 srerer.QUrmarTsTr  iglitienLuilsd 2 VESHTLD
UTIHS LHLLILSHSHDenS SUOIPD 2 (HeurH@Gd UL LUTeTiEsT w&HCHTTdh@GHh  wpuwphFssr

GumolETsirariiLL_eVmLD.

VIVE Arts

Partner with us




57

Qewsd  srewry Qupbdlr Goryl  epsod il Guibu@w  Gurgl, uwer lés

Qo6 TOILIT(HETH6IT, LISHL_LIL|H6T 2 _(heuTdsds eumiiiliL|est ().

Qpmriflev Faluiled, SOl epsvid, 2 wiisuenL_ Wb suriiiliyser (@)esfl supd HTeVSFl0 LilgsraFwrsGe

_6iT6ImenT.

WHSSHIQUD, FOHMILLWSTSSHIOD, T CFemeussr, o wi urgsriy Ceusnevser
afleugmwiid, surppreTsnNmeD, HHLUGHM, Csremevgrrs Luilbhd, wWluforesr UL BIG6T, LdhHTdhS
STPSSHILILIGDL_LIL 6T 6T60T LIV 2 sVasevmailw Sl L Biseafled sillewy psrssflemsy LIRSS Gl Blai,
6THT Gl Bl BlFFWD ew&H6HTHS G LD.

UdsThas sy,  Getad  Srou@ssliu@n  Gurg,  HGSS  BIHDTEII D,
101D, QO F DG o Lflwimras w_HIb (3)svsvTLoeD, L STEOT T &L CuiredleyL_sir 6T (DS B & LD

QaTigal 19 ILD&S@GLD PSSP TES 2 W (HLD 6TEsT6VMLD.

BlewmeuTss

SNETOD  (1PBHD  QPewevFaaugsmer eufl, mg 2 ullfld Hbs S, eTHisTELS
BHWMEVIPEHM & GHLD LIV LIGHIWLOHEN6T 2 L LGS @)wis), @)ewdF BTL SIS, UbsThss 61Smiflsd mL Lib
Qarent® FAnbHH UL LILdHener 2 (Hheurds GBS, el s GlFwspenmaHsT, @ wbslr
Quryl Gudl, sulp 2 wiflw Qurflurs 2wy QrriiFfsst 2 serTalw WPewpullsh GGTL (HLD.
2 EH6BIGL urel @) He@Gh SUYPTHsT HyFlEwrsd g Cwrledwd sHenflaflwirdasd CFiiu)b
updssd @Lbblumid Gurgk , BlFFwibd,slp , Up GCurflssr Cured Gurmerl HeuGsmr®H
BEVEUTLDEY 5 LD 6uLf] 6U&HdGHLD 6TV & THELOTSH HLOLISVTLD.



58
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Abstract. The paper proposes an algorithm for obtaining abstractive summary of a given Tamil
document based on Conceptual Graph model. Our approach first extracts conceptual graphs for a given
document and from the graph the most frequently occurring concepts along with their relationships are
taken, then summary of the document is generated. Here we have worked for a highly agglutinative and
morphologically rich language, Tamil. We use the Conceptual Graph (CG) formalism as proposed by
Sowa (Sowa, 1984) to represent the concepts and their relationships in the documents.

1. Introduction

The huge, enormous and continuous increase of digital data in internet, has made it a necessity for language
computing (NLP) community to come up with a highly efficient automated text summarization tools. The
research on text summarization was boosted by various shared tasks such as TIPSTER SUMMAC Text
Summarization Evaluation task, Document Understanding Conference (DUC 2001 to 2007) and Text
Analysis Conferences (TAC 2009). There are several methods for summarizing a text and we find that
concept based summarization will be more semantically driven and give cohesion to the summary, which is
automatically generated. ” A Summarizer is a system whose goal is to produce a condensed representation of
the content of its input for human consumption" (Mani, 2001).In most of the methods used for automated
summary generation, the end result is a collection of sentences which do not have connectivity to topic or we
can say the cohesion of the text is not present. We are trying to bring in this cohesion to the summary through
the conceptual graph based summarization.

Automated summarization is an important area of research in NLP which uses data mining
technology. One of the popularly known earliest works on text summarization is by Luhn (Luhn, 1958). He
proposed that frequency of a word in articles provide a useful measure of its significance. Significance factor
was derived at sentence level and top ranking sentences were selected to form the auto abstract.

A variety of automated summarization schemes have been proposed in the last decade. NeATS (Lin
& Hovy, 2002) is a sentence position, term frequency, topic signature and term clustering based approach and
MEAD (Radev, 2004) is a centroid based approach. Iterative graph based Ranking algorithms, such as
Kleinberg’s HITS algorithm (Kleinberg, 1999) and Google’s Page- Rank (Brin, 1998) have been traditionally
and successfully used in web-link analysis, social networks and more recently in text processing applications.
(Mihalcea & Tarau, 2004), (Mihalcea, 2004), (Erkan & Radev, 2004) and (Mihalcea, 2004) have been
proposed for single document summary generation. All these methods are based on sentence ranking. All
these works are majority for English and few for other European languages such as Spanish, Italian.

In the literature we find there are not many works done for Indian languages and especially for
Tamil there are very few. One of the work in Tamil summarization of significance is by Sankar et al (2011).
Sankar et al (2011) have worked on text summarization for Tamil documents based on graph based sentence
ranking approach. In this they have used Levenshtein Distance (LD) is a measure of the similarity between
two strings to calculate the weight of the sentences and further rank the sentences. Each sentence is
represented as the node of the graph.
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The paper is further organized as follows: The next section briefly introduces and describes about
conceptual graphs. Section 3 describes our proposed methodology for summary generation. Section 4
describes the evaluation. Section 5 concludes the paper.

2. Background of Conceptual Graphs

A Conceptual Graph (CG) is a graph representation of logic based on the semantic networks of
artificial intelligence and existential graphs of Charles Sanders Peirce. John Sowa states the purpose of
conceptual graphs as ““to express meaning in a form that is logically precise, human readable and
computationally tractable" (Sowa, 1984). Mathematically, a CG is a bipartite, directed, finite graph; each
node in the graph is either a concept node or relation node. Concept node represents entities, attributes, states,
and events, and relation node shows how the concepts are interconnected. A node (concept or relation) has
two associated values: a type and a referent or marker; a referent can be either the single generic referent, or
an individual referent. Thus a CG consists of a set of concept types and a set of relation types. (Sowa, 1976)

A conceptual graph is represented mainly in two forms viz., i) Display form and ii) Linear form. The
display form uses the traditional graph form, where concept nodes are represented by rectangular boxes and
relation nodes are represented by ovals. In the linear form concepts are represented by square brackets and
relation nodes are represented using parenthesis. To represent these graphs internally inside the computer
system we use a list data structure consisting of triplet value (cl, c2, r), where cl is concept one and c2 is
concept two and r is the relationship between the concepts cl and c2. This triplet structure can be again
represented using traditional matrix representation which is currently followed by information systems. The
example below would give more insight into CGs.

Example 1: English Sentence: ““Marie hit the piggy bank with a hammer."

Person: Marie— agem—-i H&?-—|ns1-ehmm,

Figure 1: A Conceptual Graph (CG) - Example Sentence

The examples shown above are in display form. At an outer glance these conceptual graphs apparently look
similar to a parser output. But actually it is not. The main differentiating aspect of CGs is that they are not
restricted by any grammar formalism.

Example 2: Tamil Sentence (in Roman script)
Ta: naNRAka patiththAl nalla mathippeN peRalaam.

En: well read+cond good  marks obtain+future
(If we read well, good marks can be obtained.)

aNRAkd -~ attr - jpatiththAl—doer S rESeEn

mathippeN

Figure 2: A CG of Tamil Example 2
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Example 3: Tamil Sentence

Ta: mazai peythathaal nilam kuLirnthathu
En: Rain raining+cause land cool+past
(The land cooled because of rain.)

o | ==

Figure 3: A CG of Tamil Example 3

CGs is not just syntactic analysis. CGs is flexible and not based on any grammar formalism. CGs has concept
nodes and relation nodes. CGs does not describe just the governor and dependent relations, relation nodes
show the relation between concepts of any nature and manner. These relation nodes capture the semantics.
Parsing is a syntactic analysis of a sentence, identifying different components of the sentence and their
syntactic roles, following grammar formalism. Parsing generally depicts dependency relations. CGs is a
bipartite graph which could be easily translated to first order logic.

3. Proposed Methodology

Our approach involves two primary components. The first component is the extraction of conceptual graphs
for the document. And generate a semantic network. The second component involves generation of maximal
link chains of the semantic network to generate the summary of the document. The overall architecture of the

system is shown in figure 4.
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Figure 4: System Architecture of Proposed System
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The input documents are collected from web. The aim of our present work is to generate document summary
for a given set of documents. We perform soft clustering of the input documents to group the documents into
several clusters. And for each cluster of related documents we generate a summary. After the documents are
clustered each document is processed to obtain syntactic and semantic information using Natural Language
Processing (NLP) tools. The sentence splitter and tokenizer are done using grammar and heuristic rules. We
make use of POS tagger developed in house (Sobha et al, 2016) using Conditional Random Fields Approach
and Similarly Chunker developed in house (Vijay & Sobha, 2010). We have used a named entity recognizer
which was developed in house (Malarkodi & Sobha, 2013). This uses Conditional Random Fields (CRFs), a
machine learning technique (Lafferty, 2001). After the NLP processing of the documents, we identify the
concepts and their relationships. The next sub sections describe in detail the extraction of concepts and their
relationships and formation of conceptual graph.

3.1 Extraction of Conceptual Graphs
3.1.1 Concept Identification

There are two sub-modules in this component; the first one is the concept identification module and second is
the relation detection module. In the concept identification module, the concepts as defined in section 2 are
automatically identified using deep learning. Deep learning is a branch of machine learning based on a set of
algorithms that attempt to model high-level abstractions in data by using a deep graph with multiple
processing layers, composed of multiple linear and non-linear transformations (Srivastava et al., 2013)
(Hinton et al, 2006). Deep learning is defined as a class of machine learning algorithms that use a cascade of
many layers of nonlinear processing units for feature extraction and transformation. And learn multiple levels
of representations that correspond to different levels of abstraction; the levels form a hierarchy of concepts.
In this work Restricted Boltzmann Machine (RBMs) which is one of the methods in deep learning is
considered. In earlier work by Pattabhi and Sobha (Pattabhi and Sobha, 2015), they had described on
identification of concepts and their relationships using RBMs. The same implementation is used for
identifying the concepts in this work.

3.1.2 Relation Identification

Concepts are always interconnected and do not exist in isolation. Concepts are connected with each by
various relationships. We need to identify these various relationships that exist between the concepts to form
a conceptual graph which is a semantic network. The figure 5 shows the process flow diagram in the relation
identification module.

Linguistic and heuristic
rule based engine

Relation Qutput
(Set union)

Words between
clandc2

SVM Engine

Figure 5: Relation Detection Module - process flow diagram

Relationship identification module uses a hybrid approach. Here we have two sub modules, rule based engine
and SVM engine. The output of both engines is merged.

The linguistic rules are used initially to identify well defined relations. The linguistic rules use syntactic
structure of the sentence. Some of the linguistic rules are described below:
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(1) If concept cl is a verb/verbal phrase and concept c2 is a noun/noun phrase and there are subordinators
such as “after”, “later” before the c2 then these are markers of temporal relations. Using these temporal
relationships one can infer senior-junior relationships, if this exists between two person concepts. For
example in the sentence “John joined ABC corp after Marie”. This shows John is junior to Marie.

(ii) If concept cl and c2 are connected by be verbs such as “is”, then there exists “is a” or “sub-type”
relationship.

We have developed a preposition relation mapping table which defines different relations for each type of
prepositions associated between verb-noun, noun-noun concepts. We also make use of Support Vector
Machine (SVM) classifier to identify relations independent of the rule based engine. The output of SVM
classifier and the output of the rule based engine are merged to get the set of all relations. In the SVM engine
output we only consider those relations which get higher confidence score of more than 0.75 as valid
relations. The features used for training SVM engine are the words and POS feature.

3.2 Summary Generation

The <concept-relation-concept> tuple obtained from is actual a bipartite graph consisting of two classes of
nodes “concepts” and “relations” and form a CG. For a sentence many such tuples are obtained depending on
the number of clauses. These are merged into the sub-graphs of the sentence to form a CG. Sub-graphs are
merged by computing clique-sum. In this method two graphs are merged by merging them along the shared
clique. A clique in a graph is a subset of vertices in which every two vertices are connected by an edge. Each
tuple can be considered as a clique. We identify the shared cliques and merge them to form a unified network
of the conceptual graph for the document. This complete CG is the semantic network of the documents. This
is a kind of inheritance network, where the lower nodes correspond to more specific regularities and the upper
nodes to more general ones. This hierarchy allows multiple inheritances. Thus we form semantic network of
the document

From the above semantic network the document summary is generated. The document summary generation
has the following two steps.

@) Identify the clusters of longest chain of nodes in the graph.
(ii) Select the nodes that are in the longest chain to form summaries. Simple Sentences are formed
containing those nodes and their relationships. And thus a natural language summary is generated.

4. Evaluation

We have used the ROUGE evaluation toolkit to evaluate the proposed algorithm. ROUGE, an automated
summarization evaluation package based on N-gram statistics, is found to be highly correlated with human
evaluations (Lin & Hovy, 2002). The evaluations are reported in ROUGE-1 metrics, which seeks unigram
matches between the generated and the reference summaries. The ROUGE-1 metric is found to have high
correlation with human judgments at a 95% confidence level, so this is used for evaluation. The present
approach using CGs works with Rouge score of 0.4789. We have compared our work with the work of
Sankar et al (2011). The same corpus as used by Sankar et al (2011) has been used in this work.

The corpus consists of 150 documents for which reference summaries have been manually created. The 150
documents were taken from online news articles. The reference summaries and the summaries obtained by
our algorithm are compared using the ROUGE evaluation toolkit, which is presented in Table 1 below and
also compares with the result of Sankar et al (2011). For each article, the proposed algorithm generates an
abstractive summary consisting on an average of 5-7 sentences, approximately containing 80-100 words
summary.
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Table 1. Our System results — in comparison with earlier work on Tamil reported
In the literature for document Summary generation

System/Algorithm reference ROUGE 1 Score

Sankar et al (2011) 04723

Our Approach 0.4789

It is observed that the results of the present work are comparable with the state of the art. And this present
approach is intuitive.

5. Conclusion

We have presented an algorithm for text mining to abstractive document summarization. Here we have
generated document summaries using conceptual graphs. One of the main advantages is that the summary is
coherent and also easy scalable. This approach can be adopted for any language, with a very minimal
customization, since this uses conceptual graph principles of knowledge representations. We have tested our
approach using same corpus or dataset as given by Sankar et al (2011). Though this dataset is very small but
that is the one popularly used benchmark dataset for Tamil summarization. We obtained a ROUGE score of
0.4789, which is comparable with state of the art. As we can see from Table 1, this method has significantly
improved over the results reported in the literature. The main objective of our work was to ascertain how
capturing of structure of a sentence and thereby of the document would help in generating document
summary. We found that it was very useful and got good results. The use of CGs helped in the capture of the
structure and the semantics and helped in generating abstractive summary.
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Abstract: The present paper aims to describe about the parser and a question-answer system we propose to
build for Tamil. We have almost completed building of a parser for Tamil. We have made use of
dependency grammar for the creation of parser for Tamil. We have made use of the Stanford parser modal
to meet our mission. The Stanford parser is judged as a reliable parser for NLP applications. More overs as
the dependency relations such as subject, object, indirect object and other relations of the participants of the
verb are taken care of in the dependency parser it is a very useful approach for our purpose. We have made
use of the POS tag sets, chunk sets and dependency sets of Stanford parser by modifying them to suit our
purpose. We have made use of machine learning technique to prepare dependency parser for Tamil. Our
question answer system is domain restricted and works on structured database. We are making use of the
already available 50 thousand sentences in Tourist domain to find answer for the questions queried by the
user.

1. Introduction

Though a number of syntactic parser is attempted for Tamil, a full-fledged syntactic parser is yet to be made.
More over a highly workable dependency parser for Tamil for NLP application is the need of the day. One
such attempt is made here. Machine learning approach is made use of for building dependency parser for
Tamil. We have made use of Stanford parser as the modal for our parser. The Stanford POS tag sets, chunk
sets and dependency tag sets are adopted with minor modification for Tamil. Parsing is followed by question-
answer system. We have fifty thousand Sentences in Tamil in tourist domain. This has been made while
creating English-Tamil parallel corpus for English Tamil MT system. These sentences will be parsed by the
parser developed by us and kept in the data base. The question asked will be parsed by making use of the
same parser. For the given question the correct answer will be extracted from the data base containing parsed
out of fifty thousand sentences.

2. Parser

A natural language parser is a program that works out the grammatical structure of sentences. This groups
words together (as "phrases") that could be considered as subject, object, indirect object or any other
arguments (participants) of a verb. A number of syntactic parser has been developed for Tamil [8], [17] [24].
So far a full-fledged syntactic parser is yet to be developed. Chunker has been developed for Tamil to meet
the requirement of MT systems. Kumara Shanmugam [17] developed a syntactic parser for Tamil. It has its
own limitations. The parser at par with Stanford parser for English should be targeted for Tamil. Stanford
Parser (SP) is a well-known and highly dependable parser for English. It gives only one output for a given
sentence. It is a kind of decency parser and it provides dependency information which is very useful for any
kind of NLP applications. It is a probabilistic parser which uses knowledge of the language gained from hand-
parsed sentences and to try to produce the most likely analysis of new sentences. The statistical parser still
makes some mistakes, but commonly works rather well. It is claimed that its development was one of the
biggest breakthroughs in natural language processing in the 1990s. It is available for general use in online.
We are adopting its POS tag sets, chunk sets, and dependency tag sets for our purpose my modifying them to
suit our requirement.
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3. Creation of Structured Domain Restricted Text

We are not going to develop a full-fledged general question answer retrieval system. It is not going to be an
open-ended system. The domain is restricted to tourist domain. We have developed a tourist document
consisting of 50 thousand sentences as an outcome of creation of parallel corpus between English and Tamil.
This is going to be our domain restricted structured text.

4. Building Syntactic Parser Using Stanford Parser Labels

There are two steps in the system. First the questions will be processed by making use of the syntactic parser
for Tamil. We will match the questions with the parsed output of the 50000 sentences in the data base of the
tourist domain and select the correct answer. Named entity recognizer and co-reference recognizer will be
plugged in to the parsing system.

For the given sentence the SP gives the tagged out put. This is be followed by parsing. Then
universal dependencies are given. This is followed by enhanced universal dependencies. For example, the
input sentence ‘John hit the ball with the bat.’ is parsed as follows:

Your query
John hit the ball with the bat.

Universal dependencies

Tagging Parse nsubj(hit-2, John-1)
J th/NNP (ROOT root(ROOT-0, hit-2)
hit/VBD (S det(ball-4, the-3)
the/DT (NP (NNP John)) dobj(hit-2, ball-4)
ball/NN (VP (VBD hit) case(bat-7, with-5)
with/IN (NP (DT the) (NN ball)) det(bat-7, the-6)
the/DT (PP (IN with) nmod(hit-2, bat-7)
bat/NN./. (NP (DT the) (NN bat))))

(O9)))

This can be diagrammatically represented as follows.

root

hit

~ \
J < ‘.-
ohn /bﬂl W 1th\ /"_A m m

the bat root John hit the ball with the bat

the

5. Machine Learning Approach to Dependency Parsing

Dependency parsing is one of the most important natural language processing works. Dependency parsing is
the task of finding the dependency structure of a sentence. Dependency structure for a sentence is a directed
graph originating out of a unique and artificially inserted root node. It is very important for machine
translation and information extraction. The dependency parser helps to serve various NLP works: Relation
Extraction, Machine Translation, Synonym Generation, Lexical Resource Augmentation, and Information
Extraction.

The dependency parsing developed can serve the above requirement. The dependency parsing is can
be implemented using rule based approach, but as it does not give the required result, an attempt is made here
to full-fil our mission using machine learning approach. The machine learning approach tries to resolve the
problems obtained in rule based approach. In rule based approach, a vast amount of linguistic knowledge is
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required, whereas in machine learning approach only a reasonable amount of the knowledge is required. In
rule based approach, if one rule fails we need to make changes in all others. In the machine learning
approach, two kinds of algorithm are used: one is supervised algorithm and another is unsupervised
algorithm. Here supervised learning is used for creating the model and using MST Parser Tool and MALT
parser Tool, the dependency labels and the position of the head are obtained. For viewing the dependency tree
structure Graphic tool is used. The results obtained by both the tools have been compared. The results
obtained are very encouraging.

Tokenization

v

POS tagging

v

| Format conversion |

v

MALT/MST parser

v

Dependency parsed output

For Tamil parsing, data driven dependency parsers (MALT and MST) are applied for identifying the
dependency graph. The general framework of
Tamil dependency parsing is illustrated in figure given below. This framework shows how the dependency
structures for Tamil are identified using MALT and MST parsers.

The tokenized input sentence is fed to the POS tagger module, which is the primary process in
parsing. The POS tagged sentences are given to Chunker module. The processed sentences are converted into
the required format for Malt/MST parser. A PERL program is used for this conversion process.

5.1 POS Tagging

Parts of speech (POS) tagging is assigning grammatical classes i.e. appropriate parts of speech tags to each
word in a natural language sentence. The POS tagging here is done using machine learning which makes it
simple. There are two kinds of machine learning, one is supervised and the other is unsupervised learning.
Here we use a supervised method of learning. In this method, we require pre-tagged Part of speech corpus to
learn information about the tag set, word-tag frequencies, rule sets etc. The accuracy of the models generally
increases with the increase in size of the corpus. Support Vector Machine (SVM) which is one of the
powerful machine-learning methods is used here. A model is created for a considerable size of Tamil data and
using this trained model the untagged data are tested. The SVM Tool for POS tagging gives laudable
accuracy. For getting dependency parsing output, we need POS tagged structure. We make use of the
following tag set adopted from Stanford parser for POS-tagging which is tabulated below.

SN TAG DESCRIPTION SN TAG DESCRIPTION

1 <NN> NOUN 16 <CNJ> CONJUNCTION
2 <NNC> I(\:Igl[\J/IIEOUND 17 <CVB> Sggg ITIONAL
3 <NNP> PROPER NOUN 18 <QW> ?V%];:{Sg éON

5 <ORD>  ORDINALS 20 <NNQ> QUANTITY
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NOUN
6  <CRD> CARDINALS 21  <PPO> EOSTPOSITION
7  <PRP> PRONOUN 22 <DET> DETERMINERS
8  <ADJ> ADIECTIVE 23 <INT>  INTENSIFIER
9  <ADV> ADVERB 24 <ECH> ECHO WORDS
<VNAJ  VERB NON FINITE
03 ADJECTIVE 25 <EMP> EMPHASIS
<VNAV  VERB NON FINITE <COMM
no3 ADVERB 26 3 COMMA
12 <VBG> VERBAL GERUND 27 <DOT> DOT
QUSTION
13  <VP> VERB FINITE 28 <QM> b
REDUPLICATIO
14 <VAX> AUXILIARY VERB 29 <RDW> 'wibre

15 <VINT> VERB INFINITE

Explanation of POS tags:
NN (noun): The tag NN is used for common nouns without differentiating them based on the grammatical
information.

3. nalla kuzandai <NN>

‘good child’

NNC (compound noun): Nouns that are compound can be tagged using the tag NNC.
4.kaN <NNC> vali <NNC>
‘eye pain’

NNP (Proper Nouns): The tag NNP tags the proper nouns.
5. jaaN<NNP> angke niR-kiR-aan.
John there stand-PRES-3MS
‘John is standing there’

NNPC (Compound Proper Nouns); Compound proper nouns are tagged using the tag NNPC.
6. aTal <NNPC> pikaari <NNPC> vaajpaayi <NNPC>
‘Atal Bihari Vajpayi’

ORD (Ordinal): Expressions denoting ordinals will be tagged as ORD.
iraNTaavatu <ORD> kuzandtai.
‘Second child’

CRD (Cardinal): Cardinal tag tags the cardinals like onRu ‘one’, iraNTu ‘two’, muunRu ‘three’ etc in the
language as CRD.

7. iraNTu <CRD> puttakangkalL

‘two books’

PRP (Pronoun): All pronouns are tagged using the tag PRP.
8. en <PRP> viiTu
‘my house’

ADJ (Adjective): All adjectives in the language will be tagged as ADJ.
9. azakaana <ADJ> paaTTu

‘beautiful song’

ADV (Adverb): Adverbial tag marks the adverbs in the language as ADV.
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10. avan veekamaaka <ADV> 00T-i-kkoNTirukkiR-aan.
He fast run-PRES-CONT-3MS
‘He is running fast’

VNAJ (Verb Non-finite Adjective): Non-finite adjectival forms of the verbs are tagged as VNAIJ.
11. va-ndt-a <VNAJ> paiyan
come-PAST-ADJ boy
‘the boy who came’

VNAYV (Verb Nonfinite Adverb): Non-finite adverbial forms of the verbs are tagged as VNAV.
12. tuungk-i <VNAV>.ezu-ndt-aan
come-PAST-ADV go-PAST-3MS
‘having come went’

VBG (Verbal Gerund): All gerundival forms of the verbs are tagged as VBG.
13. avan varu-kiR-atu <VBG>
he come-PRES-NOM
’that he is comming’

VF (Verb Finite): VF tag is used to tag the finite forms of the verbs in the language.
14. avan teervu ezhut-in-aan <VF>.
He exam write-PAST-3MS
‘He wrote the examination’

VAX (Auxiliary Verb) : VAX tag is used to tag the auxiliary verbs in the language.
15. avan teervu ezut-i-koNTirikkiR-aan <VAX>.
He exam write-VNAV-CONTINUOUS ASPECT-3MS
‘He is writing the examination’

VINT (Verb Infinite): The infinitive forms of the verbs are tagged as VINT in the language.
16. avan enn-aik kaaNa <VINT> va-ndt-aan
he I-ACC see-VINT come-PAST-3MS
‘He came to see me’

CNJ (Conjuncts, both co-ordinating and subordinating): The tag CNJ can be used for tagging co-
ordinating and subordinating conjuncts.

17. raaman-um kaNNan-um maRRum <CNIJ> palar-um ingkee <ADV> irukkiR-aarkaL..

Raman-CNJ Kannan-CNJ CNJ many persons-CNJ here be-PAST3PHP

‘Raman, Kannan and others are present here’

18. avan illaaViTTaal <CNJ> aval varu-v-aal.

he or-CNIJ she come-FUT-3FS

‘He or she will come’

CVB (Conditional Verb): The conditional forms of the verbs are tagged as CVB.
19. avan-ai kaN-T-aal <CVB> pootum.
He-ACC see-CON enough
‘It is enough to see him’

QW (Question Words): The question words in the language like yaar ‘who’, endtaa ‘which’ etc are tagged
as QW.

20. yaar <QW> va-ndt-atu?

Who come-PAST-NOM

‘Who came’

COM (Complimentizer): Complementizers are tagged as COM in the language.
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21.avan aval varu-v-aal. enRu <COM> kuuR-in-aan
He come-FUT-3FS that say-PAST-3MS
‘He said that she would come’
NNQ (Quantity Noun): Quantitative nouns are tagged as NNQ in the language.
22. enakku konjca <NNQ> neeram taa.
me some time give
‘Give me some time’

PPO (Postposition): All the Indian languages including Tamil have the phenomenon of postpositions.
Postpositions are tagged using the tag PPO.

23.naan viiTu varai <PPO> varu-v-een.

I house upto come-FUT-1S

‘I shall come up to the house’

DET (Determiners): The determiners in the language are tagged as DET.
24. andta <DET> kuzandtai
‘that child’

INT (Intensifier) : Intensifier is used for intensifying adjectives or adverbs in a language. They are tagged as
INT.

25. mika<INT> nalla kuzandtai

‘Very good child’

ECH (Echo words): Echo words are common in Tamil language. They are tagged as ECH.
26. puli kili <ECH>
‘tiger or that which resembles tiger’

EMP (Emphasis): The emphatic words in the language are tagged as EMP.
27.naan maTTum<EMP> varu-v-een.
‘I only come-FUT-1S’
"Only I will come.’

COMM: The tag COMM tags the comma in a sentence.

28. cennai <COMM> tanjcaavuur , <COMM> maturai.
‘Chennai, Thanjavur, Madurai’

DOT: The tag DOT tags the dots in the sentences.
29. naan angkee poo-n-een .<DOT>
I there go-PAST-1S
‘I went there’

QM (Question Mark): The question marks in the language are tagged using the tag QM.
30. nii engkee poo-n-aay? <QM>
you where go-PAST-2S
‘Where did you go?’

RDW (Reduplication Words): The reduplicated words are tagged as RDW.
31. mella mella <RDW>
‘slowly slowly’

5.1.1 Training Corpus

The training data for POS-tagging is a two column format. First column contains input sentence and second
column contains the POS tagged output. The following are the two examples.
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32.avan oru kuTai vaangk-in-aan. 33. avan piyaanoo vaaci-kkiR-

he one umbrella buy-PAST- A
3MS he piyaanoo paly-PRES-3MS
‘He bought an umbrella.’ ‘He is playing piano.’
avan <PRP> avan <PRP>
oru <DET> piyaanoo <NN>
kuTai <NN> vaacikkiRaan <VF>
vaangkinaan <VF> . <DOT>

<DOT>

A Model is created using this corpus data will be used for testing.

5.1.2. Testing sentences

The input sentences are aligned in a column manner using a program and then given to the SVM Tool for
POS-tagging. Using the trained model the input sentences are tagged. The following is an example.

34. naan oru pazam paRikk-a mara-ttil eeR-in-een.
I one fruit pluck-PAST-INF tree-LOC claim-PAST-1S
‘I climbed the tree to pluck a fruit’

Alignment Output (POS Tagging POS Tagged Output:

Input):

naan naan <PRP>
oru oru <DET>
pazam pazam  <NN>
paRikka paRikka <VINT>
marattil marattil <NN>
eeRineen. eeRineen <VF>

<DOT>

5.2. Chunking

Chunking is an efficient and robust method for identifying short phrases in text, or chunks. The
notion of phrase chunking is proposed by Abney. Chunking is considered as an intermediate step towards full
parsing. After POS-tagging, the next step is chunking, which divides sentences into non-recursive inseparable
phrases. A chunker finds adjacent, non-overlapping spans of related tokens and groups them together into
chunks. Chunkers often operate on tagged texts, and use the tags to make chunking decisions. A subsequent
step after tagging focuses on the identification of basic structural relations between groups of words. This is
usually referred to as phrase chunking.

Chunking is comparatively easier for Indian languages than POS-tagging. The output of POS tagger
is the input to the chunker. Chunking has been traditionally defined as the process of forming group of words
based on local information. Hence, identifying the POS-tags and chunk-tags for the words in a given text is
an important aspect in any language processing task. Both are important intermediate steps for full parsing.
The word chunking tells something about how it is used for identifying short phrases or chunks in a text.
Chunks are non-overlapping spans of text, usually consisting of a head (such as a noun) and the adjacent
modifiers and function words (such as adjectives and determiners). A typical chunk consists of a single
content word surrounded by a constellation of function words. Chunks are normally taken to be a non-
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recursive correlated group of words. Tamil being an agglutinative language has a complex morphological
and syntactical structure. It is a relatively free word order language, but in the phrasal and clausal
construction it behaves like a fixed word order language. So the process of chunking in Tamil is less complex
compared to the process of POS-tagging. We followed the guidelines mentioned in AnnCorra: Annotating
Corpora Guidelines for POS and chunk annotation for Indian Languages while creating our tag set for
chunking. Our customized tag set contains ten tags and is tabled below.

S.No. Tag Tag name Possible POS Tags

1 NP Noun Phrase NN, NNP, NNPC, NNC, NNQ, PRP,
INT, DET, CRD, ADJ, ORD

2 AJP Adjectival Phrase CRD,ADJ

3 AVP Adverbial Phrase ADV,INT, CRD

4 VFP Verb Finite Phrase VF, VAX

5 VNP Verb Nonfinite VNAJ, VNAYV, VINT, CVB

Phrase

6 VGP Verb Gerund Phrase ~ VBG

7 CJp Conjunctional CNJ

8 COMP  Complimentizer COM

9 PP Post Position PPO NN

10 2 Symbols o

5.3. Dependency Parsing

Parsing is actually related to the automatic analysis of texts according to a grammar. Technically, it is used to
refer to the practice of assigning syntactic structure to a text. It is usually performed after basic
morphosyntactic categories have been identified in a text. Based on different grammars parsing brings these
morphosyntactic categories into higher-level syntactic relationships with one another. The dependency
structure of a sentence is defined by using dependency labels and dependency head. The following is the table
for dependency tags used in the present system.

S.No. Tag Description

1 <ROOT> Head Word

2 <NSUB> Nominal Subject

3 <DOBIJ> Direct Object

4 <IOBJ> Indirect Object

5 <.MOD> Modifier

6 <CLSUB> Clausal Subject

7 <CLDOBJ Clausal Direct Object
>

8 <CLIOBJ> Clausal Indirect Object
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9 <SYM> Symbols
10 <X> Others
11 <XCL> Clause Boundary

Explanation of the Tag set
Noun Phrase (NP)
Noun Chunks will be given the tag NP. It includes non-recursive noun phrases and postpositional phrases.
The head of a noun chunk would be a noun. Noun qualifiers like adjective, quantifiers, determiners will form
the left side boundary for a noun chunk and the head noun will mark the right side boundary for it. Example
for NP chunk is given below:

35.aval oru azakaana peN.

she one beautiful woman

‘She is a beautiful woman’

avalL <PRP> <B-NP>
oru <DET> <B-NP>
azakaana <ADJ> <I-NP>
peN <NN> <I-NP>
<DOT> <O>

Adjectival Phrase (AJP)
An adjectival chunk is tagged as AJP. This chunk will consist of all adjectival chunks including the
predicative adjectives. However, adjectives appearing before a noun will be grouped together with the noun
chunk. It can be seen from the example for the noun phrase. Example for ADJ Phrase is given below:
36. palavakai aaraayccikkaaka ndaaTukaL tuNaikkooLkal.-ai viNveLi-kku anuppu-kinR-ana.
Different-type-ADJ research-ADV countries satellites-ACC space-DAT send-PAST-3NP
“The countries are sending satellites to space for different types of research works.’

palavakai <ADJ> <B-AJP>
aaraayccikkaaka <ADV> <B-ADP>
ndaaTukaL <NN> <B-NP>
tuNaikkooLkaL ai <NN> <B-NP>
viNveLikku <NN> <B-NP>
anuppukinRana <VF> <B-VFP>
. <DOT> <O>
Adverbial Phrase (ADP)

Adverbial chunk is tagged in accordance with the tags used for POS tagging. It is tagged as AVP.
An example for ADP is given below.
37. ndaan inRu cennai-kkup pookiReen.
I today Chennai go-PRES-1S
‘I am going to Chennai today.’

ndaan <PRP> <B-NP>
inRu <ADV> <B-AVP>
cennaikkup <NNP> <B-NP>
pookiReen <VF> <B-VFP>
. <DOT> <O>
Conjunction

Conjunctions are the words used to join individual words, phrases, and independent clauses. The
conjunctions are labelled as CJP. An example is given below.
38. raaNikku veLLimeTal kiTai-tt-atu enRaalum tangkameTal kiTaikkavillai
Rani-DAT silver medal get-PAST-3NS CNJ gold medal get-not
“Though Shaini got silver medal, she did not get gold medal’

raNikku <NNP> <B-NP>
veLLimeTal <NN> <B-NP>
kiTaittatu <VF> <B-VFP>

enRaalum <CNIJ> <B-CJP>



tangkameTal <NN> <B-NP>
kiTaikkavillai <VF> <B-VFP>

<DOT> <O>

Complimentizer

Complimentizers are the words equivalent to the term subordinating conjunction in traditional grammar. For
example, the word that is generally called a Complimentizer in English. Complimentizer is tagged in

accordance with the tags used for POS tagging. It is tagged as COMP.

39. uttaravai maaRRivaikk-a muTiy-aatu enRu vazakkaRinjar con-n-aar.

order postpone-INF possible-not COM advocate say-PAST

“The advocate said that the order cannot be postponed.’
<B-NP>

uttaravai <NN>
maaRRivaikka <VINT>
muTiyaatu <VAUX>
enRu <COM>
vazakkaRinjar <NN>
con-n-aar <VF>
<DOT>

Verb Finite Phrase (VFP)

Verb chunks are mainly classified into verb finite chunk and verb non-finite chunk. Verb finite
chunk includes main verb and its auxiliaries. It is tagged as VFP. An example of VFP chunk is given below.
40. avarkaL veelainiRuttam ceyy-a avan-ai azai-tt-anar.

<B-VNP>
<B-VFP>
<B-COMP>

<B-NP>

<B-VFP>

<O>

They strike conduct-INF they-ACC invite-PAST-3HP

‘They invited him to conduct the strike.’

avarkal <PRP> <B-NP>
veelainiRuttam <NN> <B-NP>
ceyya <VINT> <B-VNP>
avanai <PRP> <B-NP>
azaittanar <VF> <VFP>
<DOT> <O>

Verb Non-finite Phrase (VNP)

Non-finite verb comprise all the non-finite form of verbs. There are four non-finite forms in Tamil
and they are relative participle form, adverbial participle form, conditional form and infinitive form. They are
tagged as VNP. An example of VNP chunk is given below.

41. avalL 58 nimiSa-ttil ooT-i ett-in-aal..

She 58 minutes-LOC run-VNAYV reach-PAST-3FS

‘He reached by running in 58 minutes’

aval <PRP> <B-NP>
58 <CRD> <B-NP>
nimiSattil <NN> <I-NP>
ooTi <VNAV> <B-VNP>
ettinaalL <VF> <B-VFP>
<DOT> <0>

Verb Gerundial Phrase (VGP)

Gerundial forms are represented by a separate chunk. They are tagged as VGP. An example of VGP

chunk is given below.

42. avanukku paTam varai-v-at-il atika viruppam uNTu.

he picture draw-PRE-NOM-LOC more interest is

‘He has more interest in drawing pictures’

avanukku <PRP> <B-NP>
paTam <NN> <B-NP>
Varaivatil <VBG> <B-VGP>
Atika <ADJ> <B-NP>
Viruppam <NN> <I-NP>
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uNTu <VAX> | <B-VFP>
<DOT> | <O>
Symbol (O)
Special characters like Dot (.) and question mark (?) are tagged as O. Comma is tagged with the
preceding tag.

43. aRaiy-il meecaikalLoo naaRkaalikaloo illaatataal peritaakat teri-kiR-atu
room-LOC tables chairs not-having big-ADV appear-PRES-3NS
‘As there are no tables and chairs in the room it appears big.’

aRaiyil <NN> <B-NP>
meecaikalLoo <NN> <B-NP>
naaRkaalikalLoo <NN> <B-NP>
illaatataal <VNAV> <B-VNP>
peritaaka <ADV> <B-AVP>
tooRRukiRatu <VF> <B-VFP>
<DOT> <O>

5.3.1. Dependency Head and Dependency Relation

The parent child relation is specified using the arc. These arcs are symbolically represented using the
position of the parent i.e. the number; this is explained below using an example.

44. raaman kaNNan-ukku oru pazam koTu-tt-aan.
Raman Kannan-DAT one fruit give-PAST-3MS
‘Raman gave a fruit to Kannan’
1 2 3 4 5 6
raaman kaNNanukku oru  pazam koTuttaan
<NNP> <NNP> <DET> <NN> <VF> <DOT>

1 raaman 5 <NNP> <NSUB>
2 kaNNanukku 5 <NNP> <IOBJ>

3 oru 4 <DET> <X>

4 pazam 5 <NN> <DOBJ>
5 koTuttaan 0 <VF> <ROOT>
6 5 <DOT> <SYM>

This can be explained in the following way: raaman is the child of the parent koTuttaan which is in position
5; kaNNanukku is the child of the parent koTuttaan which is in the position 5; oru is the child of the parent
pazam which is in position 4; pazam is the child of the parent koTuttaan which is in the position 5.
koTuttaan which is the ROOT is in position 5; “.” is the child of the parent koTuttaan which is in position 5.
The children are linked to the parent by arcs and the arcs are labelled accordingly as NSUB, I0BJ, X, DOBJ,
ROOT and SYM.

5.3.2. MALT Tool

The tool used for Dependency Parsing is the MALT Parser Tool. MALT stands for Models and Algorithms
for Language Technology. It has been developed by Johan Hall, Jens Nilsson and Joakim Nivre at the
Vaxjo University and Uppsala University of Sweden. MALT Parser is a system for data-driven
dependency parsing. The parser can be used to induce a parsing model from the training data and to parse
new data using the induced model. The parser uses the transition based approach to parse the new data.
Transition based parsing builds on idea that parsing can be viewed as a sequence of state transitions between
states and this approach uses a greedy algorithm. Parsers built using MALT Parser have achieved a high state-
of-the-art accuracy for a number of languages.

There are 10 features in the MALT parser. The ten features are listed as follows: 1. Word Index, 2.
Word, 3. Lemma, 4. Coarse Parts of Speech tag, 5. Parts of Speech Tag, 6. Morphosyntactic Features, 7.
Dependency Head, 8. Dependency Relation, 9. Phrasal Head, 10. Phrasal Dependency Relation. These
features are user defined for the training data and the features which are not defined are marked null
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represented with the symbol “_". In our model, we have considered the following features: 1. Word Index, 2.
Word 3. POS tag, 4. Chunk Tag, 5. Dependency Head, 6. Dependency Relation, The rest of the features is
marked ,, .

5.3.2.1. Training

The system is trained with more than 10,000 data which contains around 2000 sentences each
of different patterns. This covers almost all the patterns for simple sentences and complex sentences of
smaller length. The training data has the word id, word, pos tag, chunk tag, dependency head and dependency

relation. The other columns are null and are denoted by an ,,_*“ (Underscore). The training data format is
given below.

ID1 Wi P1 Cl _ _ H1 D1 _

1ID2 w2 P2 C2 _ _ H2 D2 _

ID3 W3 P3 C3 _ _ H3 D3 _

IDn Wn Pn Cn Hn Dn

Here, ID refers to word index, W refers to word, P refers to parts of speech tag, C refers, to chunk tag, H
refers to dependency read, and D refers to dependency relation. With this training data format, a model is
developed. An example of the training data is given below.

45. raaman oru azaiipitaz koTuttuviTTu avan-ai viiTT-ukku azai-tt-aan
Raman one banana give-VNAYV he-ACC house-DAT invite-PAST-3MS

‘Having given banana to him, Raman invited him to the house.’

1 raaman <NNP> <B-NP> - - 4 <CLIOBJ> - -

2 oru <DET> <B-NP> - - 3 <X> - -
3 azaippitaz <NN> <I-NP> - - 4 <CLDOBIJ> - -

4  koTuttuviTTu <VNAV> <B-VNP> - - 7 <XCL> - -
5 avanai <PRP <B-NP> - - 7 <DOBJ> - -

6 viiTTukku <NP> <B-NP> - - 7 <X> - -
7 azaittaan <VF> <B-VFP> - - 0 <ROOT> - -
8 <DOT> <O> - - - 7 <SYM> - -

5.3.2.2. Testing

The test data to be given to the malt parser has the Word ID, Word, pos tag and the Chunk tag. The
remaining columns are given null. Testing input format is given below.

ID1 Wi P1 Cl

ID2 w2 P2 C2

In the testing input format the head and dependency relation are given as NULL. The output data for the
above test input data will be as follows.

ID1 W1 P1 Cl HI D1

The head and dependency relation are obtained. It should also be noted that the training and the test data
should have same features. An example of the input test data is given below.
46. raaman kaNNanukku uNavu koTuttuviTTu poonaan
Raman Kannan-DAT food give-VNAV go-PAST-3MS
‘Having given Kannan the food, he went away’

1 raaman <NNP> <B-NP> - - - - -
2 kaNNanukku <NNP> <B-NP - - - - -
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3 uNavu <NPN> <B-NP> - - - - -

4 koTuttuviTTu <VNAV> <B-VNP> - - - - -

5 poonaan <VF> <B-VFP> - - - - -

6 . <DOT> <O> - - - - -

The output for the test data is as follows.

1 raaman <NNP> <B-NP> - - 5 <N.SUB> - -

2 kaNNanukku <NNP> <B-NP - - 4 <CL.IOBJ> - -

3 uNavu <NPN> <B-NP> - - 4 <CL.IOBJ> - -

4 koTuttuviTTu <VNAV> <B-VNP> - - 5 <X.CL> - -
5 poonaan <VPF> <B-VFP> - - 0 <ROOT> - -
6 <DOT> <O> - - 5 <SYM> - -

In the test input data, the Dependency Head and Dependency Relation are given as NULL.

5.3.2.3. Learning Algorithm

The version of MALT used for training and testing is MALT 1.4.1. MALT Parser uses the Shift
Reduce Parser for parsing the data. The arc labels are identified using the LIBSVM classifier. The MALT
parser has two algorithms for classifying the tags. One is LIBSVM and the other learning algorithm is
LIBLINEAR. LIBSVM uses the Support Vector Machines and LIBLINEAR uses various linear Classifiers.
Both the learning algorithm has its own advantages and disadvantages. The developed model for parsing uses
the LIBSVM for classifying the parse data.

5.3.3. MST Parser Tool
MST Parser Tool is also another machine learning tool which uses supervised learning algorithm.
Using this tool dependency labels and position of each word parent are obtained.

5.3.3.1 Training

A corpus is created for training in the format given below.
47.raaman oru paamp-aik kon-R-aan.
Raman one snake-ACC kill-PAST-3MS
‘Raman killed a snake’

raamu oru paamp-aik konRaan
NNP DET NN VF .
NSUB X DOBIJ ROOT SYM
4 3 4 0 4

48. pacu pul tin-kinR-atu
cow grass eat-PRES-3MS
“The cow is eating grass’

pacu pul tinkiRatu

NN NN VF .
N.SUB D.OBJ ROOT SYM
3 3 0 3

49. avan oru kappu koNTuva-ndt-aan.

He one stick bring-PAST-3MS
‘He brought a stick.’

avan  oru kappu koNTuvandtaan

PRP DET NN VF .

N.SUB DET D.OBJ ROOT SYM

4 3 4 0 4

50. ciitai oru caari vaangk-in-aalL

Sita one sari buy-PAST-3FS

‘Sita bought a sari’

ciitai  oru caari  vaangkinaal

NN DET NN VF .

N.SUB DET D.OBJ ROOT SYM
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4 3 4 0 4
In this way a corpus is created for Malayalam language. This corpus is trained using the MST Parser Tool and
thus a model is created. Using this model as source the new inputs are tested.

5.3.3.2. Testing

POS-tagged Output is the input for MST Parser Tool. The above pos-tagged output is converted into the MST
input format using a Perl program. This is then given to MST Parser Tool and by using the trained model,
required output is obtained, i.e. position of each word parent and dependency labels of the Pos-tagged
Sentence are obtained. An example is given below.

51. naan oru pazam paRikka marattil eeR-in-een.

I one fruit pluck-VINT tree-LOC climb-PAST-1S

‘I climbed the tree to pluck a fruit’

POS-tagging Output:

naan <PRP>
oru <DET>
pazhaM <NN>
paRikka <VINT>
marattil <NN>
eeRineen <VF>
. <DOT>
MST input format:
naan oru pazam paRikka marattil eeRineen
PRP DET NN VINT NN VF
0 0 0 0 0 00
0 0 0 0 0 00
MST output:
naan oru pazam paRikka marattil eeRineen
PRP DET NN VINT NN VF
N.SUB DET CL.DOBJ XCL X ROOT SYM
6 3 4 6 6 0 6

5.4.Dependency Tree Viewer

For viewing the dependency structures as tree we use dot Software i.e. Graphiz Tool. To change the
MST output and MALT output into the input format of the Grapphiz Tool (Diagraph Format Conversion),
two different Perl programs are used. The following is an example for MST parser tool.

MST output:
1 2 3 4 5 6 7
naan oru pazam  paRikka  marattil eeRineen .
PRP DET NN VINT NN VF
NSUB X CLDOBJ XCL X ROOT SYM
6 3 4 6 6 0 6

Digraph Format conversion:
Conversion 1

1 naan 6 <N.SUB>

2 oru 3 <X>

3 pazam 4 <CL.DOBJ>
4 paRikka 6 <X.CL>

5 marattil 6 <X>

6 eeRineen 0 <ROOT>

7 6 <SYM>

Conversion 2
<N.SUB>(6_ eeRineen,l_ naan)
<X>(3_ pazam,2_ oru)
<CL.DOBJ>(4_ paRikka,3_ pazam)



<X.CL>(6_ eeRineen4_ paRikka)
<X>(6_ eeRineen,5_ marattil)
<ROOT>(0_ROOT,6_ eeRineen)
<SYM>(6_ eeRineen,7_.)

Conversion 3 (Input of Graphiz Tool)

digraph 1 {

"1_ naan~"[label=" naan~"];

"6_eeRineen" -> "1_ naan"[label="<NSUB>"];
"2_oru "[label=" oru "];

"3_pazam " ->"2_ oru "[label="<X>"];

"3_ pazam "[label=" pazam "];

"4_ paRikka" -> "3_ pazam"[label="<CLDOBIJ>"];
"4_ paRikka"[label=" paRikka"];

"6_eeRineen " -> "4_ paRikka"[label="<XCL>"];
"5_ marattil"[label=" marattil"];

"6_eeRineen " -> "5_ marattil"[label="<X>"];
"6_ eeRineen "[label=" eeRineen "];

"0_ROOT" -> "6_ eeRineen "[label="<ROOT>"];
ll7_.ll [1abel=||.ll];

"6_eeRineen " > "7_."[label="<SYM>"];

¥
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The above data is the input format for the Graphiz Tool. An output is obtained using Graphiz Tool
(dependency tree of the sentence). The dependency tree thus formed is similar to that given under MALT
parser tool. The following the example for MALT Parser Tool.

MALT output:

1 naan _  <PRP> <PRP> _ 6 N.SUB

2 oru _  <DET> <DET>_ 3 X

3 pazam _ <NN> <NN> 4 CL.DOBJ
4 paRikka _  <VINT><VINT>_ 6 X.CL _
5 marattil _ <NN> <NN> 6 X

6 eeRineen _ <VF> <VF> _ 0 ROOT

7 . _ <DOT> <DOT> _ 6 SYM
Digraph Format conversion:

Conversion 1

1 naan 6 N.SUB

2 oru 3 X

3 pazam 4 CL.DOBJ

4 paRikka 6 X.CL

5 marattil 6 X

6 eeRineen 0 ROOT

7 . 6 SYM

Conversion 2

NSUB(6_ ecRineen,1_ naan)
DET(6_ eeRinee,2_ oru)

DOBJ(6_ eeRineen,3_ pazam)
VPCL(6_ eeRineen4_ paRikka)
LOCMOD(6_ eeRineen,5_ marattil)
ROOT(0_ROOT,6_ eeRineen)
SYM(6_eeRineen,7_.)

Conversion 3

naan oru paham paRikka marattil eeRineen
digraph 1 {

"1_naan"[label="1_ naan"];

"6_eeRineen" -> "1_ naan"[label="NSUB"];
"2_oru "[label="2_ oru "];
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"6_eeRineen" -> "2_ oru "[label="X"];

"3_ pazam"[label="3_ pazam "];

"6_eeRineen " -> "3_ pazam "[label="CLDOBJ"];
"4_ paRikka "[label="4_ paRikka~"];
"6_eeRineen " -> "4_paRikka "[label="XCL"];
"5_ marattil"[label="5_ marattil~"];
"6_eeRineen " -> "5_ marattil~"[label="X"];
"6_ eeRineen "[label="6_ kayaRi "];
"0_ROOT" -> "6_ kayaRi "[label="ROOT"];
"7_."[label="7_."];

"6_eeRineen " -> "7_."[label="SYM"];

}

The above data is the input format for the Graphic Tool. Output using Graphic Tool is given below.

<ROOT

eeRineen

<SY
<N

The machine learning approach requires huge training data as the accuracy of the output depends on
the training data. We need to have sumptuous training data at the POS tagging level, chunking level and
dependency parsing level. MALT parser is a data driven system for dependency parsing that can also be used
for syntactic parsing. MALT parser generally achieves good parsing accuracy. MALT parser can achieve
robust, efficient and accurate parsing for wide range of languages. MST parser tool is a language independent
tool used for Dependency Parsing which is implemented in English language. Using these tools the
dependency labels and the position of head of Malayalam language is obtained. The results of both the tools
are encouraging. Evaluation of the Dependency Parsing is done using both MST and MALT parser Tools.
Both give commendably good result. Moreover for short range Dependencies, MALT Parser Tool holds
good.

6. Question Answering System

Question Answering is a computer science discipline within the fields of information retrieval and natural
language processing, which focuses on building systems that automatically answer questions posed by
humans in a natural language. Valid answers mean answers relevant to the questions posed by the user.
Stanford Question Answering Dataset (SQuAD) is a new reading comprehension dataset, consisting of
questions posed by crowd workers on a set of Wikipedia articles, where the answer to every question is a
segment of text, or span, from the corresponding reading passage. In information retrieval, an open domain
question answering system aims at returning an answer in response to the user's question. The returned
answer is in the form of short texts rather than a list of relevant documents. The system uses a combination of
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techniques from computational linguistics, information retrieval and knowledge representation for finding
answers.

We are proposing a domain specific structured database from which the information related to
Tourism can be retrieved. The questions will be parsed with the parser we have developed and the answers
will be extracted from the structured database by matching. We are yet to build the question answer system.

7. Conclusion

The dependency parser based on Stanford parser is very much needed for any kind of NLP tasks in Tamil.
The dependency information is very helpful for finding the subject, object and indirect object and other
arguments (participants) in a sentence. The dependency information is very useful for building a question-
answer system for Tamil. The parser built by us works efficiently for Tamil. By augmenting the training
corpus we can bring efficiency to the parser. The parser is used for parsing questions and parsing the 50
thousand sentences kept in the structured data base. Correlating the question with the sentences in the
structured data base and getting the correct answer is the challenging one. We are yet to work on this
direction.
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Abstract. This paper discusses about the available annotation guidelines for building a parser in Indian
languages and does a detailed comparative study between AnnCorra and Universal Dependencies tagset as
these two are the prominent tagsets used for building a parser for Tamil in the recent past. A statistical
study of tags used and the importance of language specific tags are highlighted.

1. Introduction

Annotation guidelines are backbone in developing treebanks for parsers. These guidelines are built based on
available grammar formalisms and are framed at various levels- morphological tags, POS tags and syntactic
relation tags. The widely used annotation guidelines for Indian languages in the recent past are AnnCorra
(Bharati, A., Sangal, R., Sharma, D. M., & Bai, L., 2006) and Universal Dependencies guidelines (Nivre, J.,
De Marneffe, M. C., Ginter, F., Goldberg, Y., Hajic, J., Manning, C. D., ... & Tsarfaty, R. 2016), which are
built based on dependency grammars. A statistical and comparative study is done between these tagsets in
this paper.

2. A Survey on Grammar Formalisms

Grammar formalisms are essential in building the annotation guidelines as they define the linguistic
properties. Some suitable grammar formalisms for building a parser includes:

2.1. Generalized Phrase Structure Grammar (GPSG)

It is a constraint-based grammar, deriving from constituency grammar, developed by Gerald Gazdar in the
1970s with Ewan Klein, Ivan Sag, and Geoffrey Pullum for English (Cf. Gazdar, G., et.al, 1985).
Implemented languages include English, Persian, French, Chinese and Arabic (Bahrani, M. et.al., 2011). For
example,

He gave him a book
((NP-he (N)))((VP-gave (V)))((NP- him (N)))((NP-a (DET) book (N)))

2.2. Head-driven Phrase Structure Grammar (HPSG)

It is lexical- based, constrained PSG, developed by Carl Pollard and Ivan Sag (Cf. Pollard, C., and Sag, L. A.,
1994). Applicable languages include Romance languages, Slavic languages, German, Japanese, Welsh,
English, Korean and Warlpiri (Levine, R. D. and Meurers, W. D., 2006). For example,
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Felix chased the dog
[hd-spr-ph 1
PHON (Felix,chased,the ,dog)
SYNSEM ‘ST
NON-HD-DTRS PHON (Felix)
S ) ‘ SYNSEM ‘NP’
Pl d-com p-ph i
PHON (chased.the.dog)
SYNSEM VP
HEAD-DTR 2AD-DT word
HEAD-DTR [l’ll() N (('lla:«‘(l)]

. PHON (the.dog)
NON-HD-DTRS -
<|:S\'NSI':.\I ‘NP’ :|>

(Extracted from Sag, I. A., 1995:15)

2.3. Combinatory Categorial Grammar

A lexicalised grammar form where categorial grammar is extended with functional operators, developed by
Mark Steedman and Remo Pareschi (1987) and Szabolcsi (1992). It is applied in English (Hockenmaier, J.,
and Steedman, M., 2002, 342). For example,

I dislike and Mary likes musicals

I dislike and Mary likes musicals
NP (S\NP)/NP CONJ NP (S\NP)/NP NP

smary'  : Ax.hy.like'xy

—_—T —_—T
S/(S\NP) S/(S\NP)

M mary

> B > B

S/NP S/NP

: Ax.like'x mary'

S/NP &

S
(Extracted from Mark Steedman, 1996 (4))

2.4. Lexical-Functional Grammar

LFG is first published by Joan Bresnan (1982), represented in constituent and functional structure. It is used
in parsing Wall Street Journal (WSJ) by Stefan Riezler, et.al. (2002). The major advantage found in LFG is
that the mismatch between the surface structure and the deep argument structure as discussed in Chomskyan
framework is not found here. For example,

He gave the woman the gift
IsuBsJg PREID “he”
NUM sg
PERS 1
DEF +
PRED “‘give —agent.goal . patient="

SUBJ. OBJ2.0OBJ1
TEINSE past

OBJ2 PREID “the woman?’
NUM sg
PERS 3
DEF -+
OBJ1 PRED “the gifc”
NUM sg

PERS 3
DEF =+
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2.5. TreeAdjoining Grammar (TAG)

Tree Adjoining Grammar, formulated by Aravind Joshi (A. K. Joshi, Levy, and Takahashi, 1975) has both
lexicalised and constraint-based variations. Elementary trees are combined here with substitution and
adjunction operations (Kroch, A. S., & Joshi, A. K., 1985). It is applied in English and results obtained are
better than previously mentioned formalisms (XTAG Research Group 1998; Abeille, A.; Bishop, K., Cote,
Sharon, & Schabes, Y. 1990). For example,

The very pretty boy

np
/ \
det n
AN
the adj n
VRN |
adv adj bay

very pretty

(extracted from Tree Adjoining Grammars, https://www.let.rug.nl/~vannoord/papers/diss/diss/node59 .html)

2.6. Dependency Grammar (DG)

Dependency approach (both projective and non-projective) follows dependency grammar, tracing back to
Panini’s grammar. The modern thought of DG was proposed by a French linguist Lucien Tesniere during
post-1950s. It represents the relation between the head and its dependents. Content words are marked by
dependency relations; functional words attach to the content words they modify and punctuation attach to the
head of the phrase/ clause. For example,

I prefer the morning flight through Denver.

= [ o=

I prefer the moming flight through Denver

(extracted from Speech and Language Processing (Jurafsky, D., & Martin, J. H., 2018))

For a morphologically rich and constituent-free language like Tamil, implementing dependency model is
better (Falavarjani, S. A. M., & Ghassem-Sani, G., 2015). Faster manual annotation and more efficient
parsing is applicable for any language in DG (Jurafsky, D., & Martin, J. H., 2018).

3. Survey on Available Tagsets

A detailed survey is done on the major available tagsets, including AnnCorra tagset, Universal Dependencies
tagset, Stanford dependencies tagset, Penn tagset, Prague tagset and Chinese Dependency tagset (Appendix
1). Among these, Universal Dependencies and AnnCorra tagsets are found to be implemented for Tamil
following dependency grammar.
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3.1. AnnCorra Tagset

Annotated Corpora (AnnCorra), a Paninian Dependency grammar based tagset is built on the basis of karaka
and non-karaka relations. It major goal is to have a uniform representation of annotated corpus of Indian
languages (Bharati, A., et.al, 2002). It is initially built for parsing Hindi sentences and thus, the tags presented
are according to Hindi grammar. Later, the same guidelines were adapted for other Indian languages
(Marathi, Urdu, Bengali, Kannada, Telugu, Tamil, and Malayalam) (Cf. Tandon, J. and Sharma, D. M.,
2017). It was even used by Amita, A. J. (2015) for English, in which HyDT annotation scheme and hybrid
approach (statistical+ rule based) were used for parsing 2000 words.

There are 19 karaka relations1 and 25 Non-karaka relations2 existing in the tagset. The unique relations
include jk1, mkl1, kls, k2g, k2p, k2s, kda, k7t, k7p, and k7a. The following table represents the relations with
examples:

S.No. Tag Examples

1 pkl ennai avan vélai ceyvittan 'He made me do the work'

2 jk1 ennai avan vélai ceyvittan 'He made me do the work'

3 mk1 ennai avan ammavaik kontu velai ceyvittan 'He made

mother to make me do the work'

4 kls nan maruttuvar 'l am doctor'
k2g néruvai mama enavum azaittanar 'They also called
Nehru as uncle'
k2p nan amerikkavirkuc cenren 'l went to America'
k2s ennai putticali enak karutinar 'They considered me as
intelligent'
8 kda enakku kufirkinratu 'l am feeling cold'
1 k1 (karta ‘doer/agent/ subject’), pkl (prayojaka karta ‘causer’), jk1 (prayojya karta ‘causee’), mk1l

(madhyastha karta‘mediator-causer’), k1s (karta samanadhikarana- ‘noun complement of karta’), k2 (karma
‘object/patient’), k2p (Goal, Destination), k2g (secondary karma), k2s (karma samanadhikarana ‘object
complement’), k3 (karana ‘instrument’), k4 (sampradana ‘recipient’), k4a (anubhava karta ‘Experiencer’),
k5 (apadana ‘source’), kSprk (prakruti apadana ‘source material’), k7t (kAlAdhikarana ‘location in time’),
k7p (deshadhikarana ‘location in space’), k7 (vishayadhikarana ‘location elsewhere”), k7a (according to) and
k*u (sAdrishya ‘similarity/comparison’)

2 16 (shashthi ‘genitive/possessive’), r6-k1, r6-k2 (karta or karma of a conjunct verb (complex
predicate)), r6v (kA ‘relation between a noun and a verb), adv (kriyAvisheSaNa 'manner adverbs'), sent-adv
(Sentential Adverbs), rd (direction), th (hetu ‘reason’), rt (tadarthya ‘purpose’), ras-k* (upapada
sahakArakatwa ‘associative’), ras-neg (Negation in Associative), rs (noun elaboration), rsp (address terms),
nmod__relc, jjmod__relc, rbmod__relc (relative clauses, jo-vo constructions), nmod (participles etc.
modifying nouns), vmod (verb modifier), jjmod (D-Rel modifiers of the adjectives), pof (part of units such as
conjunct verbs), ccof (co-ordination and sub-ordination), fragof (Fragment of), enm (enumerator), rsym (ag
for a symbol) and psp_cl (relation between clause and postposition following that clause)
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9 k7t inku nérru mazai peytatu 'lt rained here yesterday'
10 k7p puttakam paiyil u//atu "The book is in the bag'

11 k7a en nay amerikkavil u/latu "My dog is in America'

3.2. Universal Dependencies

Universal Dependency is a cross-linguistic project, built with the goal of facilitating multilingual parser
development, cross-lingual learning, and parsing research from a language typology perspective
(http://universaldependencies.org). The idea of annotation scheme has been taken from Stanford
dependencies, Google universal part-of-speech tags and the Interset interlingua for morpho-syntactic tagsets
in 2013 (McDonald et al., 2013). The parser has a lesser number of modules (Pre-processing (transliteration,
sentence segmentation, tokenization); M-layer annotation (positional tagging) and A- layer annotation
(dependency annotation), making it universal for any language typology. Indian languages like Hindi,
Marathi, Sanskrit, Tamil, Telugu, and Urdu are included in the existing UD Treebank and Kannada and Pnar
are upcoming languages listed in the UD website. There tagset is rich with 37 coarse grained tags3. Added to
it, there are 198 language specific tags that are used in various languages parsing system.

The uniqueness of this tagset lies in the inter-clausal tags, including acl, advcl, ccomp, xcomp, and csubj. The
following table describes the richness of this tagset with examples:

S. No. Tag Examples

1 acl itanal avarkal kaitu ceyyap patakkiitum enak karutappattatu 'It was thought

that she might get arrested because of this'

2 advcl nan iruntal uankku enna payam? 'What is scary for you if I am there?'
3 ccomp unakkup patikkap pitikkum ena avar connar 'He said that you like to read'
xcomp avar varaiya arampittar 'He started to draw'
csubj avar connatu arttamu([a onru "What he said is meaningful'
3 acl (clausal modifier of noun (adjectival clause)), advcl (adverbial clause modifier), advmod

(adverbial modifier), amod (adjectival modifier), appos (appositional modifier), aux (auxiliary), case (case
marking), cc (coordinating conjunction), ccomp (clausal complement), clf (classifier), compound (compound),
conj (conjunct), cop (copula), csubj (clausal subject), dep (unspecified dependency), det (determiner),
discourse (discourse element), dislocated (dislocated elements), expl (expletive), fixed (fixed multiword
expression), flat (flat multiword expression), goeswith (goes with), iobj (indirect object), list (list), mark
(marker), nmod (nominal modifier), nsubj (nominal subject), nummod (numeric modifier), obj (object), obl
(oblique nominal), orphan (orphan), parataxis (parataxis), punct (punctuation), reparandum (overridden
disfluency), root (root), vocative (vocative) and xcomp (open clausal complement).
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4. Comparative Study between Anncorra and Universal Dependencies Tags

(i) AnnCorra tagset has a better representation of case which is essential for any morphologically rich
language. A unique tag is given to each case and thus, a deep analysis is seen. For example, locative case has
multiple functions and accordingly case is marked.

Tag: k7 (location elsewhere), k7t (location in time), k7p (location in space)
For instance:

(1) inku nérru mazai peytatu Tt rained here yesterday' is marked k7t
(2) puttakam paiyil u[[atu 'The book is in the bag' is marked k7p
(3) en nay amerikkavil uf[/atu "My dog is in America' is marked location elsewhere

The same is not found in the UPOS tag of UD. Instead, the differentiation is done in language specific tags.
The tag 'obl' (oblique nominal) is generally used for all the non-core arguments of a clause. The distinction is
done in language specific tags according to the language's requirement. (1) is marked obl:tmod (temporal
modifier), (2) is marked as obl:arg (argument), (3) is marked as obl:loc (location). Among these, 'obl:arg' is
already introduced in UD. The rest of the tags are available in other languages and similar occurrences are
found in Tamil as well.

Similar cases are seen in other case markers as well.

(i) UD has an inter-chunk and intra-chunk representation unlike AnnCorra. AnnCorra has only intra-chunk
tags. For instance,

Tag: acl in UD
(4) pa/[ikku celvatarkana karanam enna? "What is the reason for going to school?'

Here, in celvatarku+ana, the former is marked 'acl' to the latter. This inter-clausal relation is absent in
AnnCorra.

(iii) Dative subject constructions are marked in AnnCorra as k4a, whereas it is yet to be given a tag in UD for
Tamil. The tag 'nsubj:nc' (non-canonical subjects) is marked in Telugu UD, which has to be extended for
Tamil as well.

For instance,

(5) enakku kufirkinratu 'T am feeling cold' is an experiencer and not the real subject of the sentence.

5. Conclusion

The UD tags seem to be shallow with respect to the AnnCorra tags. But they are accommodated as language
specific relations. The problem of inter-chunk tags seems to be unresolved in AnnCorra, which is an added
plus point to UD system. Thus, Universal Dependencies has a wider scope in parsing Tamil sentences.
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Enhancing Tamil Morphological Analyser for Manipravalam
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Abstract. Many traditional texts and their commentaries are written in Manipravalam language, which is
a combination of Tamil and Sanskrit. In order to make such Manipravalam texts computationally
accessible, the Manipravalam texts need to be processed. One of the first steps in the processing is
morphological analysis. The Manipravalam texts use many Sanskrit words, and some uncommon Tamil
words, but the grammar rules and forms are similar or closer to that of Tamil. Hence, an attempt is made
in this paper to extend an existing Tamil morphological analyser to handle the Manipravalam words. Any
enhancement to an analyser, requires addition of new rules to handle different grammatical morphemes,
and addition of words to a dictionary to handle the lexical morphemes. The Tamil morph analyser is
enhanced with additional rules to tackle the morphemes unique to Manipravalam. To handle the dictionary
construction, a two step semi-automatic approach is used. Given a Manipravalam text, we first identify
native (Tamil) and non-native words (Sanskrit) using a classifier. The native words are then given as input
to the enhanced Tamil analyser. The words that are not handled by the analyser are listed, and an interface
is built to add the words with their categories to the dictionary. The modified analyser has been tested
with 4000 words and the accuracy is seen to increase from 43% to 76%.

1 Introduction

Many old documents and commentaries on classic texts have been written in Manipravalam language, which
is a combination of Tamil and Sanskrit. Understanding these texts requires knowledge of both Sanskrit and
Tamil. Even a native speaker, well-versed in Tamil, would find it difficult to interpret these texts. However,
the knowledge embedded in the Manipravalam texts is valuable and has to be uncovered for access by
posterity. Manual translations of some Manipravalam to Tamil texts have been carried out by interested
individuals[9], but it is a tedious task. Hence, an effort towards machine translation of Manipravalam to
Tamil is being envisaged. One of the first steps in this direction is the development of natural language
processing (NLP) tools for Manipravalam. Among the various tools, this paper proposes the construction of a
Morphological Analyser (MA) for Manipravalam.

The grammar rules in Manipravalam, are predominantly similar to those of Tamil. However, many
Sanskrit words are used as lexical morphemes, and grammatical morphemes from Tamil are added to them.
Also, some grammatical morphemes unique to Manipravalam are used. Thus, considering all these factors,
this paper proposes to use an existing Tamil MA, but with significant enhancements to handle the challenges
of Manipravalam.

The approach taken is as follows: Firstly, the Manipavalam text is directly given as input to an existing
Tamil MA[1]. The words that are not analysed by the Tamil MA are studied. It is found that some of these
words are Sanskrit words used as such (but written in Manipravalam (Grantham sript), Such words are
classified as non-native words, and cannot be handled by the Tamil MA as the grammatical morpheme forms
are different. Hence, such words are not considered for MA. The other words not handled by the Tamil MA
are analysed to check if it is a case of a missing lexical morpheme or grammatical morpheme. Based on this
study, we have devised a mechanism to add the missing lexical morphemes in a human-guided manner, and
added new rules in the Tamil MA to handle the missing grammatical morphemes.

Thus the enhancement of the Tamil MA consists of the following tasks:

1.  Classify the words in the text into native and non-native categories.
2. Add new rules for the suffixes of Manipravalam language.
3. Develop a dictionary creator to add missing root words of Manipravalam language.

The improvement in the accuracy of the analysis is observed. This can be treated as an iterative process,
and additional words and rules can be added to further improve the accuracy.

The rest of the paper is organized as follows. Section 2 presents the related work, which is essentially
about techniques used for MA for Tamil. To our knowledge, this is the first work on NLP for Manipravalam.
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Section 3 presents the proposed methodology that modifies the existing Tamil MA to handle Manipravalama.
Section 4 presents the evaluation of the morphological analyser, and Section 5 presents the conclusion.

2.Related Work

This section discusses existing work on morphological analysis and text classification.

2.1 Morphological Analysis

Morphological analyzer is a tool which takes words as input and produces its grammatical structure in
terms of root words, affixes, parts of speech etc., as output. It identifies and segments the words and assigns
the grammatical information. Since this is a tedious and challenging job, many researchers have developed
rules and rule based syntax for performing morphological analysis. Tamil morphological analyzers were
originally built by Aanandhan et al. [1] in 2002 and then by AU-KBC Research Centre in 2003 [2].

Since then research on Tamil morphological analysis has continued in two directions, using machine
learning and using rule based approaches. Akilan and Naganathan [3] have developed a morphological
analyzer for classical Tamil texts using rule based approach. The rules developed by them are dependent on
each other and their MA produces 72 % of accuracy for classical Tamil texts.

Selvam and Natarajan [4] carried out research on morphological analysis and POS tagging for Tamil using
a rule based approach via projection and induction techniques. Another morphological analyzer for Tamil was
implemented using the sequence labeling based machine learning approach by Kumar et al. [5]. It was a
supervised machine learning approach and a corpus with morphological information was used for training.

2.2. Text Classification using SVM

Text classification is an automated process of classification of text into predefined categories. This can be
done with the help of Natural Language Processing and different Classification Algorithms like Naive Bayes,
SVM, and Neural Networks.

Joachims [6] explains the use of Support Vector Machines (SVMs) for learning text classifiers. It analyzes
the particular properties of learning with text data and identifies why SVMs are appropriate for this task. This
paper explores and identifies the benefits of Support Vector Machines (SVMs) for text categorization.
Moreover, in contrast to conventional text classification methods SVMs prove to be very robust, eliminating
the need for expensive parameter tuning. This has been proven by considering theoretical and experimental
results. The experiments compare the performance of SVMs using polynomial and RBF kernels with four
conventional learning methods commonly used for text categorization. The test collection is taken from the
Ohsumed corpus compiled by Hersh. From the 50216 documents in 1991 which have abstracts, the first
10000 are used for training and the second 10000 are used for testing. The classification task considered here
is to assign the documents to one or multiple categories of the 23 MeSH diseases categories. The results show
that SVM works fine and better than the conventional learning methods. Empirical results support the
theoretical findings. SVMs achieve substantial improvements over the currently best performing methods and
behave robustly over a variety of different learning tasks.

Mohamed and Shanmugasundaram [7] explain an approach to cluster words in a document containing
Tamil words. This uses vector space model to cluster the documents. Vector space model is otherwise known
as “Term-frequency approach”. Stop words which are frequent, meaningless terms are removed from the
input text document to decrease the size of the document to be processed. Then the cosine similarity measure
is applied to find the similarity between the input text documents. Then clustering is done using K-Medoid
algorithm and optimal number of medoids and corresponding clusters are found.

Rani and Satvika [8] proposed text categorization on multiple languages based on classification technique.
The objective of the work is the representation and categorization of Indian language text documents using
text mining techniques, such as Support Vector Machine, KNN (KNearest Neighbor), and Decision Tree.

Based on the survey of the related work, we use the existing Tamil MA, which is rule-based, and SVM for
text classification. The proposed methodology is presented in the next section.
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3. PROPOSED METHODOLOGY

The tasks involved in adapting the existing MA to handle Manipravalam text are shown in Figure 3.1. The
tasks involved are:

1. Native/Non-native text classification,
2. Addition of rules in Morphological Analyser, and
3. Semi-automatic Dictionary Creator.

Manipravalam document is given as input to the classifier. It separates the words into two classes,
native(Tamil and Manipravalam words) and non-native(Sanskrit or Sanskrit sounding words). The Tamil
words are given as input to the morphological analyser. The analyser splits those words whose root words are
found in the dictionary. For the missing root words, the dictionary creator is used to add those to the
dictionary.

MANIPRAVALAM
DOCUMENT

h 4

TEXT CLASSIFICATION |[—— > NON-TAMIL GRAMMAR WORDS

TAMIL +
MANIPRAVALAM WORDS

v

MORPHOLOGICAL

EE—— 1
ANALYSER MORPHEMES WITH TAGS

WORDS WITH
ROOT WORD MISSING

v

DICTIONARY CREATOR

Figure 3.1 Proposed Methodology
3.1 Text Classifier

An SVM classifier is used to classify the text into native and non-native words. The text classifier consists of
two phases namely training and testing. The training dataset used for classification has two classes labeled as
0 and 1. Label 1 indicates native words which can be split and processed by the analyser which includes
Tamil words and Manipravalam words. Label O indicates words which cannot be processed by the MA, which
consists mainly of Sanskrit words. The feature used for classification is character frequency weighted with
inverse term frequency (CF-ITF), which is akin to tf-idf. The vector of characters (which is indicative of the
pronunciation or sound of each word is used as the distinguishing feature to differentiate native and non-
native words. The words in the training dataset are vectorized using CF-ITF vectorization. CF-ITF features
are numerical values. The vectorized values and labels are trained using SVM linear kernel to develop a SVM
predictive model. In the testing phase, Manipravalam text document is given as input and preprocessed to
remove spaces and commas. The preprocessed data (manipravalam words) are fed into the SVM predictive
model to classify the words as native and non-native. Figure 3.2 depicts the flow of the classifier.
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Testing Phase

Training algorithm

SVM (supervised

machine learning
algorithm)

CT-ITF + Labels |

Dataset »| Training Dataset Vectorization »

SVM linear kernel

Training Phase

Y

pre-processing

o SVM PREDICTIVE
Pre-Processed data > MODEL Label 0

removal of Manipravalam words non-native
spaces, commas word

Manipravalam Text
document

Label 1
natve word

EXPECTED LABELS

Figure 3.2 Classifier

3.2 Modification of Tamil MA

The Tamil MA considered takes a derived word as input and separates its root word and associated
morphemes. The rule based approach is used and the function of each suffix is indicated.

Example for Morphological analysis:
1.Veetilirundhu
Veedu(noun) + il(Locative case) + irundhu(Postposition).

Tamil nouns can take case suffixes after the plural marker. They can also have post positions after that.
Tamil words consist of a lexical root to which one or more affixes are attached. Most Tamil affixes are
suffixes. Tamil suffixes can be derivational suffixes, which either changes the part of speech of the word or
its meaning, or inflectional suffixes, which mark categories such as person, number, mood, tense, etc. The
words can be analyzed like the one above by identifying the constituent morphemes and their features can be
identified as Verb, Noun, Adjective, Adverb, Particle, Negative finite Verb, Conjunction, Interjection,
Interrogative, Adjective, Finite Verb, Postposition, and Intensifier. Figure 3.3 gives a partial list of suffixes
and their functions.



3ps, LELD, AHFET, D), 2001, Qe @y, uens, Ug, Lbl,
PostPosition | epeuwons .S, Beitg, 2bssie), S{giel, g

Clitics STeBTEUD, bAGUD, SHOGUD, g, Sibor, S, Slus

Suffix Sfed, aseud, B 1D, 2648, 2665, Db, Bibaass, s, Jhe, HHHE, &
, &8 BAGHSLBLAGHS,BAGHS.BL BGHES, 2601w, D),

Tense &, Ay, sA g, A, Ay, HATY, SAM, SR

Sandhi e, Helt, 268, W, S, U 6l 5, Bebt, Seir, HY.GO. . GO Wi, b,
24, 3L, g, 6, L0,EH6MT, SITET,

Figure 3.3 Partial List of Suffixes
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Figure 3.4 depicts the working of morphological analyser. The word is checked for presence in the
dictionary. If it is not present, the affix split takes place according to the morphology rules, and the
morphemes identified. Again a dictionary check is performed for the root word, and the process is repeated
until it is found in the dictionary, and the appropriate tag is assigned.

Manipravalam MORPHOLOGICAL

Text

TEXT

MANIPRAVALAM

s
ANALYSER Morphemes

NUMBER CHECK |

RETURN

DICTIONARY
CHECK

ASSIGN TAG

TEXT
PROCESSING NOUN CHECK
MORPHEMS
PREFIX SPLIT VERE CHECK
SUFFIX SPLIT
SANDHI CHECK

Figure 3.4 Working of Morphological Anayser for Manipravalam
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Rules in the morphological analyser denote the possible suffixes of the language. Existing morphological
analyser for Tamil has all the suffix rules related to Tamil language which makes the analyser to split those
suffixes from the root words. Manipravalam language has some rules which are not part of Tamil. Those rules
are found by testing the analyser with inputs of Manipravalam text. Rules are added to the analyser into the
possible suffix category based on the output of testing. Figure 3.5 has the list of newly added rules and their
categories with examples.

RULE CATEGORY MANIPRAVALAM Words covered in each
SUFFIX WORD rule
Trukkai locative case sonnadhaayirukkai 50
pOIE postposition ennumAppOle 250
AlE adjective kidakkaiyAlE 180
vENdu Verbal  participle aatravendittru 30
suffix
enkiRa adverb vaasagamenkira 25
vENum verb pirakkavenumo 70
enRum adverb barathathvamenRum 40
AyiRRu Finite verb suffix amruthamaayiRRu 10
Ittu Auxiliary verb ivattraiyittu 5
irukkum Finite verb suffix thoorasthanaayirukkum 60
thoRRu Past tense marker aagaranthoRRa 40

Figure 3.5 Rules and their Categories

3.3 Dictionary Creator

Dictionary creator gets as input, the words which are not analysed by the analyser. It has an interface to
edit the words before it is put into the dictionary and buttons based on the dictionary files like verb, noun,
adverb, and adjective. Using these buttons and the interface the unanalysed words are loaded into the
appropriate dictionary. Figure 3.6 shows the user interface for the dictionary creator.
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|%| Applet Viewer. dictionaryCreator.class - O X
Applet
Adjective | Finite_verb | Intensifier | Interjection |
Advers | Conjucion | Demon_adjective | FileList |
Interrogative_adj | Interrogative_noun | Negative_Finite verb NonTamil |
Noun | Patice | Postposition | Verb |
Applet started.

Figure 3.6 Dictionary Creator

4. Performance Evaluation

4.1 Text Classification

The SVC linear kernel module and scikit-learn python library are used to develop the classifier. The
classifier is tested with a corpus of 3000 words. Ten-fold cross-validation is used and an accuracy of 0.88 is
obtained for the classifier. Sample test results are shown in Figure 4.1.

s.no words label

1800
2 uFsaUeBUD
3 Arestswmdilibm
4 uTevaemL
5 LrelenuiouESlumest
6 sausaeGUIRGSSITULE
7 ETESTGIESTESTESTIE)
8 2_anfers
g 2i@reTs

10 STECSEASID

11 uEsy

12 etedTm

13 sfgn&sw

14 UMTaUSSES

R R R e R 000 ROk

Figure 4.1: Sample Test Results

4.2 Analyser

The modified MA has been tested with about 4000 words. When a Manipravalam text is given as an input
to the existing analyzer it only separates the suffixes of the words for which the root words are found in the
dictionary. Hence, some root words are added to the dictionary by analyzing the output to make it work for
Manipravalam text. The semi-automatic tool is used to add the root words to the dictionary. Figure 4.2 gives
the results before and after adding root words to the dictionary.



Manipravalam words [Root words Before adding the root words |After adding the root words
Lovwdlyfud  |euwdyl (Fee @02 |2uwdyd ¢ Lo+ 2
10GRgsMss  |BGFSEE  |Analyser Not Found FGRzem + 0 + 56 + &

3, MUDECRMEMS |MISNDECARID | 2158 + B AIDECRRYD + HES + B
LADNEBEE  |amiabE | Analyser Not Found Jpdiane + @ + 55 + L

6. plrauaaghuy. |Fruame Analyser Not Found BITUE™ + @ + && + 1D + L.
7.0AESway | Hliies Analyser Not Found BIAma) + W + qe
8.aUesI0m I W+ eIy s + gyl

s.arRE@nTy |k T et + aEm + 7

10. 3ieflCeg5050 | SelFCESD  [Analyser Not Found flECFED + MBS + | + U

Figure 4.3 shows a sample of the output of the MA before and after adding the rules mentioned in Figure

Figure 4.2: MA output Before and After Adding Root Words

3.5. The number of words that have benefitted from the rule are given in Figure 3.5.

Suffix Word Before adding the rule After adding the rule
@\ [H&NS | DB [(HS NS Analyser Not Found FOD+HSH+2_+@)(HEHEMS
GumBey |eTedTEUIDTEUTEE) Analyser Not Found 6TE0TEON LD +2) +BLITGHY

21,86V 6U(HEM & WIME6Y Analyser Not Found BU(HEM S+L1+31,G6V

Geueoor(h | MMGeuetTG MDY | + 2 + @Hoy 2 HM+Geuctor(h+ 2 +@)MH
CTOTHRIM | UMTESHQETHM 6T + Elmy + 9y CUTE&LD+6TEOTE M)

Geugmuld |UIMESGegmGIOT (21D + 6 Uim&s+Geugmih +62
GTEOTMID  |UTSSEUGIDETIIND | 6T60TM + 21D UTSS6UD +eT6oTmilh
uiHo | HbeGsTulHo  |Analyser Not Found DB SLD+2ud H M
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Figure 4.4 shows the accuracy of analyser before and after the modifications. It can be seen that the
accuracy has gone up from 43% to 76% with the use of the three tasks used to enhance the existing MA.

Figure 4.3 MA Results Before and After Adding Rules
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STATE ACCURACY
EXISTING 43%
MORPHOLOGICAL
ANALYSER
AFTER CLASSIFIER 51%
AFTER ADDING ROOT 64%
WORDS
AFTER ADDING RULES 76%

Figure 4.4 Analyser Accuracy

5. Conclusion

This paper has presented a methodology to use existing Tamil morphological analyser to  support
Manipravalam texts. The methodology consists of a classification scheme to identify non-native words,
addition of morphological rules, and dictionary enhancement. The accuracy of the modified morphological
analyser has improved from 43% to 76% for the limited corpus of 4000 Manipravalam words that have been
considered. This is work-in-progress, and additional rules have to be added to handle some Manipravalam-
specific morphemes. Further, the dictionary needs to be enhanced. The methodology proposed eases both
these tasks, and with a few iterations and more sample data, a robust MA for Manipravalam can be
developed.
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Abstract. Stemming and Lemmatization are important steps in many of the Information Retrieval (IR)
and Natural Language Processing (NLP) tasks. Stemming is usually done to remove the attached suffixes
and prefixes from inflected words or the word forms . Lemmatization is the process of converting the stem
word to its root word or the dictionary word. This paper aims to identify and implement novel stemmer
and lemmatizer methodology for Tamil, which is much complex due to its rich agglutinative nature

1. Introduction

Stemming is usually done before the actual assignment of the word to the index, which is done to reduce the
size of the index. Stemming system is referred to as Stemmer. Stemmer is used in search and retrieval
systems. Stemming systems have been developed since 1960's. Lovins stemmer has been developed in
1968. There are many stemmers available for English and other European languages. The most commonly
used Stemmer for English is Porter Stemmer.

Lemmatization is the process of converting the stem word to its Lemma or root word or the
dictionary word. Unlike stemming, lemmatization depends on identifying the part of speech and meaning of
the intended word in a sentence. Lemmatization is more complex process than stemming. Tamil is
morphologically rich and agglutinative language (Thomas Lehmann, 1992). Tamil words are postpositionally
inflected with various grammatical features. Tamil verb specifies almost everything like gender, number, and
person markings and also with auxiliaries which represents mood and aspect. Tamil noun inflects for plural,
case suffixes and post positions. To solve this complexity, a classification of Tamil verbs based on tense
markers and inflections is made. The verbs have been classified into thirty-two paradigms, based on their
tense markers and morphophonemic change. Nouns are classified into twenty-five paradigms (S.Rajendran,
et.al, 2001). The same paradigm classification has been used here to develop the stemmer and lemmatizer.

In this paper we describe a fast and simple Stemmer and Lemmatizer for Tamil using an efficient
algorithm. This novel approach can be applied to any morphologically rich language. As the user passes the
wordforms , the developed algorithm stems and produce the Lemma using two different modules. The first
module (Stemmer) takes the wordform as input and gives the lemma’s paradigm number and word’s stem as
output by passing to the Suffix table database. The second module (Lemmatizer) exract root suffix from the
paradigm number information and add to the stem to get the Lemma or the root word.

2. Creation of Suffix Table

The Suffix table is the most essential file in this algorithm. This is a simple two-dimensional (2D) table where
row corresponds to the morpho-lexical form and column corresponds to the paradigm number. Each syntactic
category has its own suffix table. Here we have only created for noun and verbs. The noun suffix table
contains 325 rows (word-forms including postpositions) and 25 columns (paradigms) similarly verb suffix
table contains 628 rows (wordforms including auxillaries) and 32 paradigms.
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Number of paradigms for each word class (noun/verb) is defined. In Tamil there are 32 paradigms for verb
and 25 for noun (S.Rajendran, et.al, 2001). Table -1 show the number of paradigms and inflections of verb
and noun.

Table 1. Paradigms and Inflections

No. of No. of Inflectional Total no. of word forms
Paradigms word forms
Verb 32 1884 (Including 60,288
Auxiliary verbs)
Noun 25 325 (Including 8,125
Postpositions)

For every paradigm a word is selected and this is termed as head word. For this head word, all
morpho-lexical forms are created for noun and verb individually. In Tamil there are more than thousand
word-forms are possible for each verb. Here we have selected 628 most frequently used wordforms for verb
including 25 auxiliary verbs and for noun it is 325 including postpositions. The similar verb/noun morpho-
lexical information pattern should be followed for all the paradigms. A morpho-lexical Information list is also
created for the above morpho-lexical forms. Using all the word-forms a table is created, each column of the
table corresponds to its paradigm. In that table, stem of the each paradigm is removed from its word-form.
Now this table is represented as a Suffix table. Table.2 illustrates the sample suffix-table for Tamil verbs.

Table.2. Suffix Table

P-4

MLI-1 thAn RELI .........

2 (P ..

i P .

Y . o [ v v [

3. System Implementation

The system needs to extract the stem and then the Lemma or the root word. By the way the system is
implemented makes it distinct from other systems. The input which is in Unicode format is first Romanized
and then the paradigm number is identified by end characters. For sake of easy computation we are using
romanized form. A Java program has been written for identifying paradigm number, which is referred as
column index. The morpho-lexical information of the required word class is given by the user as input. From
the morpho-lexicon information list the index number of the corresponding input is identified, this is referred
as row index. A verb and noun suffix tables are used in this system. Using the word class specified by the
user it uses the corresponding suffix table. In this two-dimensional suffix table rows are morpho-lexical
information index and columns are paradigm numbers.

Input= wordform

1. Unicode = Romanized input

2. Romanized input= Split(stem+Morpholexical form) ~output=stem
3. ML information= pass(paradigm dataset)

4. Paradigm dataset= extract(root suffix)

5. Word= join(stem-+root suffix)
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6. Output=UNICODE(word)

Flow chart

(wf) odinan

A 4

Stemmer Dataset

Root sﬁ: Paradigm
C—/ dataset

Stem + root
suffix

Word (odu)

Figure 1. System Architecture

4. Conclusion

Stemming and lemmatization are pre-processing steps in Text Mining applications and basic requirement for
many areas in Natural Language Processing, particularly in information retrieval system for improving their
performance. The stemmer and Lemmatizer for Tamil is developed using a very simple and efficient method.
This is not a language specific method .So this can be applicable for any morphologically rich languages.
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CFrevmgid @ additionalevr surigensnigs CheuliLihgl. YeTT, LisHL
HTVSGIV I 1q 6iTen) GlFTeiTesTTGsv MIrrorssrey) i bHid. g, car Guy
(3)6V6V. Y14 BTTEST, MIFTOr PSELD LITHEBM &68TeuwT LY

2b1g. LOTSHLD
b &5 G 98 spelling grer.
SLL g (Cgefleurs @)svensv)

B @B B)H15@ sui@meir, speiTGlesTTeiTedrT Clear Lissessl(h
Curuil(HGeumib. Slq60 (LPSHLD LITTGSTHBISESTEOTT &63OT6NTTIq 6V (LPSLD
UTSHSTRISETE| STHHLD LWL HTevdgiev. @O yilwrgl. Sibhd Dplg
Gumull oiliym @)HbS lq Uy Y TOLIFFSHI. SHISG0D B)HIHE 6TLILILG
wrEsnaI? in @)g differ uawmgisETe sTesTer LissITeRTTEIS,
HENTENTITLY SITEW) B, SHITTHIG. SHevor PlUS 9y1q 6TCILIG 6ubGIBND?

& 63TEWIT LG

@Qbs el FHUBGDECUTE Fev FeuTsvsemerud FHAosHVsemarud 6T GrTdhdGerib.

Isweu iafler Uhu@gGduled APg $TwsHD HUL & STrewroTuilesr sTeTsOTLD. @)sisusnd ullevmenr

FOUT6VHEHLD FldHHe0%EIHLD 61 (HLOTMY;

I SL0p-YmiSled OsMHs iley 2 sallwrarenrsd CHiqd &est(BLlyHoH6V
SueuTm| FlewLSHTVID SHLflewip eurpmTer GHTiflevrs Seui HEGHLD Blewsvuilsd
@)svevrsg | @uievrs Lilssrevreust]
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* ey 2 gallwrarhs@ lley Crrislw Fpsrsener CbLIBHSSHIHN, Ij6uHdbE
Sy li16Y FThd Qs rLiFfuilsd o sirem [INET LS D5 0\BTL THF)
QeusliL(BH GBS0 @) HHB ClTemeLEBITd F, oypdlwissr

*  oiiey 2 gallwreri HewLSHTeID YribLSHed Hrey CFsfliugnharer wuereflssr
HlewL_LILIFl6D FemTddsLD

¢ usreaflsst SlewL_GHTaID FHalliss @uers Blensvulled Hrey CFsifliiLgley ClgeTi L
Cpr GlglauemL 6y

*  greweu PdlClLIWTEHE PLydGupeit yiley o gallwrerflsr liLbsh Blewmey GlLmiLd
Blewev

¢ o6 Quuidilgd Gwryl Quuwidlegnd GCxsiddl Cudm ugzdl Gy ey
2 gallwreriser e riuglepid Flw CFweour e L1 Cumeudlaid GlHesru’ L
FAriomiger

*  sanfleflullsy gy uieys sreveus Hrey sunbiSlwirs CuibL@dgeuglsy GCLeTCILIT(HT HHd
Qe rLirgfluyid 1 Fujib G)svsvm Blewsv

¢ QeerTed @QubSlrsems el et wefls suflulled srewmeu spapmiIGLBSSF
CrLild s (Lpew 516D

*  greweud Anisliy,NCuGW L@liuTiiey QFiieugnH @ THM HTVLD HewL dEBTenLo

* greweud AmsiyflCuGw ugliumile) CFuugna@ eusdwurs @BGCsCw
uewflyfud gn g, $&SH euriiibhs HLOD (F)METIWEDT HeVL_WITETLD &T68T @)UIeVTEmLD

e o erguwrst uwhd geflssayd @ueors @)EsEL L Ter Blewsy

*  OuerEuTmer SlewL_LiLgeib APlg Llsirerent ey

* YrEVSSlD Gl garailbes sl GSse CuuT® JYOVH S GPISS
LITOUEVTET HH6U6VS6T FSleWL 5 T6emLD

¢ OBV Y UIYEEHTET HTVSHMS L 195E 9e)ILod CHTred

¢ e Bri@  euplepemrd  FABSOLMHEG uTeUsHPLILIFI)  THITLITTTS)
@)L beuHD sp®H Ariotb.

o allpliud @) BHHEHID SeTpsweTiiL) @) HhEHID JHD GBI HlewL_dbmrenLo

@)eweu Glaumid CHTlL FBlewew FeuTsvHEHLD FoHHVHEHLD L (HIDSTEIT. By li16YddTem6UF
CraMliugl w1 uflgev. Yms PUBIGUBOSS] eugeuWLILGID F  @)eTHlwenowme
L Blemev. eTHTsTSSSHETS Yemsbs CFbewwliubsbsd eweuliugih @)BiE @)earrlwsywwr s
LIg Blemev, 6Tevlleid (pLgalled eThIGETS Sy li6ydhEpalled ehhISleneRTLILITOTITS @)(Hdb @D (LpewesTeum
QUTH TBISHTHET ST g Hrey PUBIGUBSSHID eufleww @QUiICGuUTg CQFwOLBSHI LT @D
Blewevuilsh 2 _sirGermib.

auGliuempullsd Syl L tul’ L Sreysewer  QUmilihgh  YwSL  LwSTUBHSSIL LY
sl (Hewrsemer sTpglaugl Wsayd eudwid. g GMHs Fov CFwsduTES6r CSTLTHg @)L Lb
QumiAlsiTper. @)bs@ YYliayseT Lo Cuwibs SUlPTEEREEGD CuEpsalrs SenLeHel.
BlFlysaluL et gnlgwr LV ieySHI L Bisemer sulfl BLSHWHIL 8T eunmley eIbLIZ S @D
Cupul L sevallwrerisepLsib o ileunlehisHenLer Coausme GFiis eniLieud GlumHBHHSTEID
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IsuauliGurgl GhHs T auHEGHLD 2 TLTaTTeYD CBTL THgI FHUBS &L (HewTwTeT(hdsd
allpliuwd FRUTHD HFswrs @) Hriug GO S5555].
STHITUTT IS EHLD FTSSUILDTEHETn 1 W & T6)d5 LD

FUTeVSH6T 6TLIGUTGID FTdhoHpLTs FEH0H6aTe060; jeweu Fmbs &emeuu)b (LpeiTEeTHM DM S
STL_(HID SVBIGMT a6 BIS6T. SjeuauensEuiled Flov dnmISH6T &M SaI Y POTEF FbBldbHeVTLD:

*  wrewreu YFAMNwisEend @ sewllestluilst suflGuw Gurlulenevd shHLildassvrd

*  grey eumidl GUSS YUlebE L Bisenerd 6l m(HdhHe0TLD

*  grey eumidl UGS allfllienrieneud QETHSSI, Hews GlLo6VV 9 BlEfldbaHeOTLD

*  dlmewwwrer @erd sewflesll Gumflulwerarisemear @hiE 2 (HeauTdhd @)BIE Y BlHLTSHF

QrwsvLL sulfl 6u@HdHSHeVTLD.

CID

Amsiiyfle s0p eugliuewmseafley SlpGwTHuilesr Lwesrur® sLbs 2003 wasv 2018 susnr
6TeleUT M| SO LB GO 6TEITLIED S Ligv OWHTE [ AE 0 auflGw BT CYHETTEH
QEBTRSF HESCDTD. $HCUTg uTewr ueraflluiled @)SHMHIW ST 6TeUMUTII O 6HLOHEIETET6T
stedrml CBrd@geug @)L b QuDmI euHSDGI. Sjeueusnsuiled @& GO GSHdheE 69 6uTILILITELD.

BT eumbisl eTedTLg sp(h Comiflullesr, FepsdHHlerr, BTL Q6T sureOTHEMDUILD G FTiHD
ueTUTL (Db dn miEenarujb 6T(hbgl dnmId HeuewTid. HSIb eu@Glitenn Fripbs 2 ul@rmi L torest
B55E YuTHenG WewDWTl Hrmiihg CuwbLr@ssverud susridfswwujd  yPlpasiug
QrwHuBSHIeug Heudlwid. HEHHIL T 6THTHTL Y rTiFfse eulfl ST suswsHUilsd pewmwTs
Cxllsg emeuliugid @eirenid G ULwenet suFallhh@G U BTHDTaTHEH6T, HIGLTF
auTall(Fé@GHL LIV SN EHEHEGL 2 sallwrs @)Hdb@GLh. wealls GussNE 2 Fayb Iy bhs
IMYSLTT  BOLUGMSSTST I lliaeensd CSTLIhgl GCubu®BSS umE DS 6TTMTL  Llews
3)svemev.
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CORPUS ANALYSIS OF "-pola;,;’ and " -matiri,;’

Dr. Ganesan Ambedkar
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1. Grounding the problem

Tamil, like many other living languages, has many forms to denote functions of comparative narratives to a
speaker. Tamil society and language is no exemption to this well known axiom, as in the data, below:

9)

"valnta avan matiri valanum" enru porumikkontan.

"tayaip pola pillainnu” connatu caritan.

"nl enna avanaivifa periya ala?" enratum rajanin mukam curunkiyatu.
"en tankacci avalukku méla yarum varakkatatunnu irukkarava"
avarutaiya arivukku munnal un anupavam vélaikkakatu

avanukku eppati arivu vantatu?

tavalaikkum kalutaikkum kalyanam.

péttaiyaik kattilum vicuvacattirku vacil atikama?

vijay cétupatikku patila pacupati naticca nallayiruntirukkumo?

10) annandta tampiyai kampér panratu, nallavayirukku?

11) tulet. itukku meéla evanavatu iran patam, koriya patamnnu vantinka....
12) unkappa munnala ni emmattiram. avarukku ni camama?

13) iru kulantaikalai oppirate

14) karunanitikku kila yarum valara mutiyatame?

The above illustrative data shows that the italicized forms represent tokens of comparisons, and are used for
comparison in day-to-day-life.

2. Types of Comparison

Tamil language has all three standard degrees of comparison: 1) superlative (>), 2) same degree (=) and 3)
lower degree (<). In the set (1), below, examples are of superlatives, and in the (2) examples are of same
degree and in the (3) examples are of lower degree, as in below:

1)
2)

3)
4)
5)

1

tattavukku mela evankitta panamirukku?
viyaparattila, putup panakkaran tan tanakku mel evanum varakkiitatunnu natappan.
ana, tatavai paru, pirlavai paru. enna oru atakkam.
amiltukku meéla ennayirukku?
katanukku mela katan vankina, curukku tan ...
vanattukku méla ennappa enru makal kéttatum, curukkenratu manam
2
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1) icaiyil ilaiyarajavukku nikar ilaiyarajave
2) timukavin mumperum talaivarkalil, karunanitikku camam karunanitiye. periyarum
annavum véra leval. oppitakkiitatu.
3) civak®ottirattirku inaiyana camikottirankal
4) natippil civajikku nikar civajiye.
3

1) naykku kilayirunta ,valai parttappellam, attittan kariyam catikkanum
2) kurankukkum manucanukkum natuvil varravanaip patti enakkenna?
3) kallukku kil cuttirarkal

In the above sentencial Tamil examples, the italized forms, syncretistic to ego-centric coordinates or spatio-
temporal-coordinates or case-cum-post-position-markers, display the presence of above mentioned three
layers of comparison. Out of the above given and italicized twelve tokens through all the above examples, "-
polaj.s’ and ~-madtiriy,,s’ are the subject matter in this paper.

2.1. The Aim

Consider the following two sets of data that are syntatically identitical except the presence and absence of
comparatives -polajss. and -matirij.y.

1) civaji matiri natikka véntam.
2) rajini matiri peca veéntam.
3) kulantai unkamma matiriyirukku enravutan cirippalai eluntatu.
4) nay matiri kulaikkate enru captamaka tittinal
5) can tivi matiri pappular tivi enk&yirukku?
I

6) civajiyaip pola natikka véntam.

7) rajiniyaip pola peca véntam

8) kulantai unkammavaip polayirukku enravutan cirippalai eluntatu.
9) nayai pola kulaikkate enru captamaka tittinal

10) can tiviyai pola pappular tivi enk&yirukku?

From these two sets of same data, one can surmise and show that 1) these two tokens are mutually
replaceable, 2) -polajsy. is phonologically conditioned, 3) -matirij.s. has more frequency in spoken variety of
Tamil and 4) -polaj.s. has more frequency in written or +H variety of Tamil.

But, corpus analysis of these tokens portray an altogether different picture, i.e. usages differ vastly
one against another. Thus, the aim of this article is to demonstrate usage differences between these two
comparatives by showing examples from Tamil corpus.

2.2. With Grammatical Categories

Distribution of these suffixes across grammatical categories, such as nouns, verbs and verbal adjectives,
shows that " -matirij.s appears, predominantly, after nouns and verbal adjectives, as in the examples below:

1) accariyappattayy.agj matirijs
2) accaticcayy.adj Matirijus
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3) acaikirayy.agj matirijy
4) acaintayy adj matirijsy
5) mukkatuy, matiriy.s

Note, the use of same set of examples of ~-matiri’ jus on ~-pola’ s generates ungrammaticality in the examples
bearing numbers from (1) to (4) and , grammaticality in the example bearing number (5).

1) *accariyappattay .adj polajs.y.
2) “*accaticcajy.adj polajuy.

3) “*acaikiraw.adj polajsuy.

4) *acaintay.agj polajss

5) mukkatu;, polajs.s

Based on the above examples, a surmise can be drawn: the suffix ‘-polals.r.” appears after nouns, and never
appears with the grammatical category of verbal adjectives. In the above example, starred one (*), alone, is
ungrammatical.

2.1.2. With nounhood suffixes

With nounhood making suffixes that are around 148 in number, as in the below inventory, the comparative
suffixes polajsscand matirij.s do not appear, either. Illustrative examples are below:

1) *avanai atutta matiri parkkavillai
2) *avanai atutta pola parkkavillai
3) *avanaic curri matiri etuvumillai
4) *avanaic curri pola &uvumillai
5) *avanaik kantu matiriyillai
6) *avanaikkantu polavillai
7) *avanaimiri matiriyillai

8) *avanaimiri polagtumillai

The starred-ones generate ungrammatical sentences, as in the examples above. In a similar fashion, it is
found in the corpus that the starred-ones-alone generate ungrammatical sentences to the inventory of suffixes,
given below:

1) -ai, 2) *-ai_atutta, 3) *-ai_atuttu, 4) *-ai_enk&y0, 5) *-ai_curri, 6) *-ai_kantu, 7) *-ai_miri, 8) *-
ai_nokki, 9) *-ai_totarntu, 10) *-ai_vittu, 11) *-arukil, 12) *-arukiliruntu, 13) *-atiyil, 14) *-atiyiliruntu,
15) *-etir, 16) *-etiriliruntu, 17) *-etiril, 18) *-itaiy€, 19) -itam, 20) *-itamiruntu, 21) *-itattil, 22) *-
itattiliruntu, 23) *-katti, 24) *-kataiciyil, 25) *-kataicikku, 26) *-kataicikkul, 27) -kil, 28) *-kilg, 29) *-
kiliruntu, 30) -kkana, 31) *-kku-arukamaiyil, 32) *-kku-antap-pakkam, 33) *-kku_arukil, 34) *-
kku_pakkattil, 35) *-kku_atutta, 36) *-kku_atuttu, 37)  *-kku_etiraka, 38) *-kku_etiril, 39) *-
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kku_etiriliruntu, 40) *-kku_intap_pakkam, 41) *-kku_itaiye, 42) *-kku_itaiyil, 43) *-kku_itaiyiliruntu, 44)
*.kku_kile, 45) *-kku_méliruntu, 46) *-kku_miri, 47) -kku_nér, 48) -kku_nér_etir, 49) *-
kku_nér_etiriliruntu, 50) *-kku_néril, 51)*-kku_pakkam, 52) *-kku_pakkattil, 53) *-kku_pakkattiliruntu, 54)
*-kku_purampana, 55) *-kku_veliye, 56) *-kkatiyil, 57) *-kkum_mattiyil, 58) *-kurukke, 59) *-
kurukk@yirunta, 60) *-kiita, 61) *-mattiyiliruntu, 62) *-mattiyil, 63) *-mel, 64) *-mitu, 64) *-mitiruntu, 65)
*-milamaka, 66) *-natuvil, 67) *-natuviliruntu, 68) -nér_etir, 69) *-nér_etiraka, 70) *-ner_etiril, 71) *-
nér_etiriliruntu, 72) *-netuka, 73) *-nokki, 74) *-oramaka, 75) *-orattil, 76) *-Orattiliruntu, 77) *-
pakkattil, 78) *-pakkattiliruntu, 79) *-pinnaliruntu, 80) *-ul, 81) *-ulliruntu, 82) *-Gte, 83) *-valiyaka, 84)
*-valiyil, 85) *-valiyiliruntu, 86) *-veliy€, 87) *-veliyil, 88) *-veliyiliruntu, 89) *-aka, 90) *-mutalil, 91)
*-mutaliliruntu, 92) *-pinpu, 93) -potu, 94) -um_potu, 95) *-um_potiliruntu, 96) -um_varai, 97) *-
ai_etirparttu, 98) *-ai_katantu, 99) *-ai_tanti, 100) *-il, 101) *-illiruntu, 102) *-kkaka, 103) -kku, 104) *-
kku_appal, 105) *-kku_natuvil, 106) *-kku_piraku, 107) *-kku_appuram, 108) *-kku_munpaka, 109) *-
kku_pinpu, 110) *-kkul, 111) *-kku_mél, 112) *-kkum, 112) *-kku_munnal, 113) *-kku_munpu, 114) *-
kku_pin, 115) *-kku_pinnal, 116) -mun, 117) -munnal, 118) -munpu, 119) *-mutal, 120) -muluvatum,
121) *-otu, 122) *-pinnal, 123) *-utan, 124) *-varai, 125) *-aka, 126) *-al, 127) *-alana, 128) *-ana,
129) *-in, -130) *-utan, 131) *-utanirunta, 132) *-utaiya, 133) -um, 134) *-umc@rntu, 135) *-um_vita,
136) *-ulpata, 137) *-ai_kattilum, 138) *-ai_kontu, 139) *-ai_tavira, 140) *-ai_pol, 141) *-0tu, 143) *-
oramaka, 144) *-kku_ataravaka, 145) *-kku_inanka, 146) -kku_&rra, 147) -kku_e&rpa, 148) *-kkana

2.3. Usage and nature of comparison

These tokens are of useful to distinguish between a) direct comparison, b) clarificatory comparison and c)
illustrative comparison, as mentioned and adopted in this research article, from the multiple references of
given under the reference section, in Tamil. Consider the examples below:

1) kulantai matiri ptnai kattuccu.

2) kulantaiyaip pola punai kattuccu

3) amma matiri eppatita irukkamutiyum?
4) ammavaip péla eppatita irukkamutiyum?

The above examples illustrate a direct comparison of two entities by giving bi-focal importance. Observe, the
given examples demonstrate no particular importance to any of the said two entities, i.e. two comparables, for
instance, cry of a cat and its similarity to the cry of a child: Two similar entities between loud, pitch, energy,
manner and tone, etc. On account of these facts, one may consider and conclude that they are demonstrative
examples to the clarificatory comparison, too. But, consider the examples below:

1) tayaippola pillai. niilaippola célai

2) vanattaip pola manam pataitta mannavané

These above examples give evidence to illustrative comparison. In these illustrative comparison examples,
note that the suffix -polalsr is used for nonsimilar entities. In other words, out of many qualities of an entity,
similarity and compared to one quality can be found through the suffix -péla].s.

Thus, motherhood may have more internal structural characters, such as decision making to manner of
address to adjustment to speaking to manners of dress, etc. Thus, usage of -pola is acceptable.
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Where as, out of many qualities, similarities to maximum number of qualities can be found through
the suffix -matiri]s.s. The evidence for such crucial distinction comes from the ungrammaticality of the below
sentences:

1) *tay (ai) matiri pillai. *niill matiri c€lai

2) *vanam madatiri manam pataitta mannavané

In short, out of one against many is the quality of the suffix -pola and out of more against many is the quality
of the suffix -matiri.

To strengthen the above said claim with further evidence, thus, one may find acceptablity and
unacceptablity to the usages below, because the suffix — pola, which is used for comparison of one against
many, gives grammaticality to the sentences three and five, where as the sufix -madtiri, never occurs in those
comparisons, because it is used for more against most in comparisons. Thus

3) manam pala valkkai
4) *manam matiri valkkai
5) pal pola manam

6) *pal matiri manam

3. Conclusion

From the above sections, one may surmise with evidence that there are qualitative usage differences between
these two suffixes. The suffix -matiri]ssis used for comparison of mapping between more against most, and
the suffix -pola],sis used for comparison of mapping between one against many.
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Abstract. Tamil language has lot of treasures itself from Sanka-Age to modern years. Tamil language
travels tightly coupled with grammar, so that this language is living still from the two thousand years ago.
Tamil grammar books deals with letters, letters couplets, word formation, and creations too. This is a try
to making Tamil language sanka-age prescriptions to computer age. In this essay we deals mainly about
Creating new Tamil words using TTAK software new word creation module, another module is deals
with removing Grantha letters using Nannool, Tholkappiyam rules. At last, an android application can
able to add new dictionaries, can able to search words from the newly added dictionaries to the mobile
phone.

Keywords: Tamil new word generation, Grantha remover, all in one dictionary android application.

1. Introduction

Time is rolling always, language is living with people. People age is limited, but Language age is not limited
when the language provides an option to create new words to the recent living generation. In this world lot of
languages born, lives with people but some languages only able to live still even if the language was born
before thousands of years ago. If we try to list out those languages Tamil is one of them remains are Sanskrit,
Greek, Latin, Chinese, Persian and Arabic.

Scope of this research is how to generate new words in Tamil using classic grammar rules with the
help of Softwares, here mainly focusing the software is called ThanithamizhakarathiKalanjiyam (TTAK
abbreviation in this paper). Tamil is independent language that is not need other language words to
expressing things; yes without any language word Tamil can able to create new words independently. Tamil
has set of rules to create new words, the set of rules are available in tholkappiyam and nanool also.

Second scope of this research is how to remove the Grantha letters. What is Grantha? The answer is
around 10th century in tamil land some scholars knows sankrit also, they try to mingle sanskrit words in to
tamil words; named as ManiPirvalaNadai; through finding new set of characters - letters - which are not
available in the tholkappiyam age as well as before the sanka age. The set of characters is called Grantha
Letters. So there is a need for eradicate those words, through eradicate the Grantha letters from the Tamil
words. So the Nannool author pavananthi find out set of rules to eradicate the Grantha letters - from the Tamil
people normal life usage. ThanithamizhakarathiKalanjiyam software implemented those rules to remove
grantha letters from the Gratha words.

Third scope of this research is making and android application can able to use as a dictionary, as
well as a Tamil book plain text reader. The name of the android application is Akga (9)05%), A little bit
introduction will be given in this essay.

First we will see about Tamil words formation scenario, then how to use TTAK for Tamil generating
new words. Then we will see a set of rules to remove grantha letters from a given grantha mixed word. Then
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an introduction is given about how to use the all in one android application for dictionaries, essays, book
reader.

2. Tamil Letters

As per tamil literature tamil language is combination of main-letters, and compound letters and one single
letter. Main letters are combination of Vowels and consonants.

Tamil Letters

Vowels (e_ufli - Soul) & - sper 012 letters
Consonants(@lous - body) & - edr 018 letters
Compound letters & - Qesrar 216 letters
One Single letter 001 letter
Total 247 letters

3. Tamil word formation

Tamil word formation is done by combining the above 247 letters. Where some letters are standing
near by. Some letters are not standing near. Some letters stand first of the Tamil words. Some letters can be
standing at the end of a word. Let's see what are the letters in a Tamil word.

3.1 First Letters of a Word

The nanool rules 102 - 106 deals about the first letters of a word. The rule is,
(Quomflé@ wp5edlsd a1pLd 6TapbSIS %)
uettest (HullhmI HFHBH LILD6UW
epmiaf enghgiuili Cuiiuy CQurepgev. 102
(sugrid)

2 o1 spep 6ueVGleUT(H sutbpgev. 103
(was i)

S} 22 peper wibepsped. 104
(epsriv)

9|9y, 6TspeuGeur L@ ehbpsev. 105
(CED)

S qwm Qeusy aflerreulf] weisneu

Quirl iy misuey wpaevm GLoGw. 106
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From the above rules we can construct the table below which shows the starting letters of

a word.
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The colored letters can be the first letter of a word. We can able to take decision given word is a Tamil rooted
word or not, through considering the first letter of a word. For example take word gmiofi it is not rooted from
tamil origin. Because the letter g is not standing at the beginning of a Tamil word. So that Kampar add the
extra letter @) front with the word so the grwi word becomes @)rriwi after applying rules.

3.2 Last Letter of a Word

The nanool rules 107 - 109 deals about the lastletters of a word. The rule is,

(Qurlés @ @)niglullsd eupLd 6TpbHIdH %)
9,61 €HEWIBLOGET WiTeV6M LPETGILDLI

Frw WareT eorm BCm. 107

(Fpiiy oilg)

GOmiul) yerl) efmr Cwsr

QuiiGlwr CLewTlgrh Heubleur LrGlwerd

&&T usrGmr Lrg Glwessrui. 108
(sTwpdgleiT WpoeID FMILD)
wlesrm QpM Cuiuwyulli Gwiws «FGm. 109
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From the above rules we can construct the table below which shows the ending letters of a word.

The colored letters can be ending letters of a tamil word. If a word not ending with the given letters means
that word root is not in tamil origin. For example take enlish month womi& this word ending with the letter &,
as per the tamil grammar rule a word not ending with the letter &. So that word is not tamil origin. If we try to
make the word wmrig to tamil grammar accepted format means we can add & at the end of the word (ie.
LDIT T &)

3.3 In Between Letters Of A Word

From above tables (nanool rules) we can able to construct the first and last letter of a tamil word. Now we
consider the between letters of a tamil word. The nanool rules 110 - 119 give the nearby letters which are
present in the between letters of first and last letters of a word. For the simplicity of the paper between letters
rules skipped and more details available at page
https://thanithamizhakarathikalanjiyam.github.io/tamil idaieluthukkal. And those details are explained at the
presentation. And the TTAK software module usage is given at annexure A, end of this paper.

Hope above details help to understand the word construction of tamil language. Next we will see
about how to remove the non tamil letters from the tamil words. THe non tamil letters called grantha, nanool
shows rules about how to remove the Grantha letter based word in to pura tamil letters.

4. Grantha Letters

®, a3, oW, an ,ga, Lf those letters are called grantha letters, those letters are mingled with tamil

words, with the help of ManiPravalaNadai - scholars who live in tamil land introduce the new approach to

language. So book authors like nanool - pavanathiyar - find out set of rules which eradicate the letters from
the tamil words.

Nanool rules from 146 to 150 defines the removing grantha methods from a grantha mingled letters.
In TTAK KiranthaNekki module is used to eliminate the grantha letters from a word. The software module
details are given in Annexure B.

4.1 Algorithm for Grantha Remover

Using the following algorithm we can able to remove the grantha letters from a word. Hope the websites are
implementing this algorithm to remove the grantha letters from the Tamil computing word.

1. Get user input word. Contains letters [11,12,..,In-1,In]
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Assign WordLen = length([11,12,..,In-1,In])
Assigni=0,n=0
FOR EACH Iletters in [11,12,..,In-1,In]

4.1. n=i

4.2.  IF In == Kha or ga or Gha then
421. =&

4.3.  ELSE IF In == tha or da or dha then
431. In=L

4.4,  ELSE IF In == ttha or ddha or dhaa then
441. =%

4.5.  ELSE IF In == pha or ba or bha then
451. In=U

4.6. ELSE IF In == Chha Then
46.1. =&

4.7. ELSE IF In == Ja Then
4.7.1. In=wl

4.8.  ELSE IF In == Jha Then
48.1. =&

4.9.  ELSEIF In == 60 Then
491. =&

4.10. else Calculate n position

4.10.1. if nis O then
410.1.1. if In == Sa Then

4.10.1.1.1. In=&
4.10.1.2. ELSE IF In == 6)Q Then

4.10.1.2.1. In=&
4.10.1.8. ELSE IF In == 611 Then

410.1.3.1. =9

4.10.2. ELSE IF n is > 0 and < n then
4.10.2.1. if In == Sa Then

4.10.2.1.1. In=&
4.10.2.2. ELSE IF In == 6)Q Then

4.10.2.2.1. In=L
4.10.2.3. ELSE IF In == 611 Then

410.231. =&

4.10.3. ELSE IF n == (WordLen - 1) then
4.10.3.1. if In == Sa Then

4103.11. In=&

121
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4.10.3.2. ELSE IF In == 6)Q Then
4.10.3.2.1. In=L
4.10.3.3. ELSE IF In == 641 Then

4103.3.1. =&

4.11. i+
5. END FOR

Android dictionary and essay, book reader:

Also our next generation application for tamil dictionary called Akga (9y05%) which is already available
online at https://thanithamizhakarathikalanjiyam.github.io/android. Using this we can able to read plain text
books, essays and dictionary too.

Individual persons making tamil new words to english technical terms, but the dictionary is cant able
to use; because they are residing in PDFs, or word documents. If we provide an option for those words
available in android application means those words reach vast amount of tamil people. So Akga is an
application can able to adopt any number of dictionaries, it can able to search those words in different
dictionary.

We already distribute those dictionary through
https://thanithamizhakarathikalanjiyam.github.io/tag /sysrrglssr In paticularly we should give credits
to the authors of dictionary namely,

e Automic based dictionary by Jayabharathan, Canda

e Medical terms dictionary by KanmaniGaneshan and Pugalendhipandiyan

e Hotels food terms by Thiruththam Pon Saravanan
Those dictionaries also can able to access from the Akga android application. Also we distribute certain
books from sangam age to Modern age. If an authors provide essays, books means those books also can able
to read by this application. The books are distributed at
https://thanithamizhakarathikalanjiyam.github.io/more_books . The user just download the book and refresh
the books list at the android application. User can able to access the book from this android application itself.
For example assume users want to download a book from the site means user follows steps are,

User download Akga dictionary application from this link 9j05% o 9jsr - Download for Android

User Download the particular distributed book on the books page.

Click refresh button on the android application

Then search the “NoolName/” at the search box, User can able to view the book Contents page. By
clicking each link he can able to read a particular chapter of the book.

RSO T \ R
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Box 1 contains list of letters for a tamil word, If user click a letter on this box list, It will append to the box 2.
Box 2 is the constructing word by the user.

Box 3 is software suggested list of possible combination of the given word, present in the Box 2.

Box 4 is possible last letters of tamil words, If user click on this, the clicked letter will be append to the box 2.
Box 5 is used to displaying currently available word with starting of the letters available in the box2.

Box 6 if the user append consonant letter to the box 2 means, user can click on this box list of letters.

Box 7 show the list of letters can able to come after user click on the box 6 letters.
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If user gives the grantha mixed word in the given textbox then click the button, the correspoding tamil word
is generated except the grantha letter.
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Quizziz website —-Implementation

The integration and exploitation of technology in in recent years takes place through pleasant
environments of learning, collaboration and authenticity. Such an environment is the Quizizz. It
requires the student's active engagement and the emergence of a learning experience that no longer
relies on the sterile knowledge of the content.
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Quizziz website for Virtual Google Classroom teaching & learning of Tamil Language -
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QFrieugn @l LwetuBBev, allGenn oFf QUUTLTEHEOD uEGLIL®DD HHD6D
SDLISHVIH @D LIwesTLI(hdbSH6.
2.10mm Y FEMi ser Swrnlgs LB senerLs LiTienaii(Bl% 60, 6UennIseneor Gl s LD

stefllgras QAMuTser snsEhE6ISETH @@ allarm subislenwd GCBTEds (Lpigu|Ld.
@51 BlFFwTs sueThiGemer FlEfsHleTng), SO PAflwisepn @)dbsardensL
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vwetu®dd  eumeus GO S55551. @)bS eusFsl, BlFFwwrs Crrhens
FFLILRSSHIUBD & 0HE0ST(HEBH BTN

3.wrewreuigssir Leader board susgl whmih eflenLsenerd sraprLilsssd aflenerwiml (b
eTdTMI 6UBSTGE LOTENTEUTHEHBGHE SHDHMeV bLaUGHMBUlD s Hevfl 9y ieuid
& (hHlTmg). allewemwimi_1g6) HD wrewTeuisetlesr GFwsour®h @)nhs Leader board
euFgl surulleors Mlwevrid. B)bs suFglulled speubleurm wrewreumd aflswerwimi (B
6T6ITD  eWIoLiL (pewMUlle) FBISEHHOFHEHTY @ HedTHGIeud euriibs GlLwi
speiTempLl ugley QFIUCHTH FHBIS6T HHMeL SHLIGFHmeL WHNTH GFiieusn s,

post game suifl aflewL_semear Wsir Limieney GlFIWIGOTLD.

Guaiid, Galflev gamification oewwiiy eopullsd QuikiGHDGI. YL HEsTesr

Casirailsemeard swmifld @i eTeiTentldEemad @ jeralsVenev.
4.Memes Liwssruim(® —Trendly feature for students fo give feedback after each question

Quizziz -@)sv LVCaumy C&iiL aulgauBIGD6T @)ewanTd Gl uFH 2 ewr(h). GUILILITS
LDIT653T 6 I & 6111 65T QFrweOLITL (RS ILEANTEIC) QULPMEI & EUBD & Memes
LweTU(BSHVTD. @)hd eusFs) wrewrteuisemearts GUfGID HeursHdnigwl euFSwrs
OESTDGI. Wrewreuisst Apliurss GFiigrTed) ysemer Memes-@sv swiri

QF LI LDT6WTEU TS (615> @) 61 LPMHIGEVTLD.
5.Quizziz Glrweaiwrss Hlmsir Culsafle) @luind ass)
(Quizziz online & mobile app)

Quizziz-g0 e1ii@ CousTLomesTTaYID LiweiTL(HGHVTLD. Hewstlesflgsaflsy L (HLosVevrgy
Fpesr CuAsafleid @)ewewrwidBlepidb Quizziz @) wimki@Lb.

6TeiT @)ewewrwiliLisSHdSlesroulf] BT 6TefFTasd allwerwrlHU LyBTsemerd swmi
QFiigl wrewTeursefler QFwmurl e Reports (sreysmser) suflursls urieneu@)L
g uid. Flpesr CuAullepid Gleveuswrss Gallflev QFwellewws srainssi ClFig)
vweTu(hsHeOTD.  Galdew  @ewswrwiliLdsd  wHMD  CFwedllewws  sTVLT
SIODSHEHSGLD (67-() aflewerwim (), QOsTiflev, sevall) sTafllenwTEL LB GSHEOTLD.

@rBiTds 5 BIg6IT

@sisusmwy  Gailfev-@lev 2 siter ALy SbFBiIseers  LTTSGHTID.  LOTERTEM TS
S da L Teurer Glwryl BLaugdbenssails) FHUL®B Gwrfledwsd FmbuL & sHH CeusnT(HILD.
SUTHET FWIPEHRTLILIL g)ILD 2 L 6vflewemtbgid GFweoL’ (B Clwrifleww o Teudbgi 6T SHe
Couair(@n. OsTPVHL LD SDLSHNIGGHF FewwTes @eVevTiosy eTaflgrals  GLmHmIL
LweTU(hSSEHdn 1g W RSTDTES @) Hdbs CeusT(b. B)he ChTHEsnISHBISM6TS &([HEH60 6% M6
KoL GUUGuLrs  ellethigl  Gallflev-md SO SPLUIGSWIGE — sTeusurmy
LweTLI(hSSeVTLD sTedTLIeNGLILID W] Fhgld G mib.

@allFe-@6L 2 siTar suFdlsemarss LweTURHSS LOTERTUTHEHSHE $P(H (L (LD LOUITET
urL g Ggrgliswu (lesson package) suypmigd Am wmnHduiled FEULGLTD. urL Galnefw
CBIrdanhiseT, allaTdshissr, gemenT auarhiser, Sl L Cousnevdssr, af . HUTL BiIG6T oy dlwiemeu

QBT@EHSLIUL (D p@h UTLTHS Gaildlev-@)ev swrflEsiin’ L g wsnfligne eufelFiiuyb
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UMSBUIYID LITL LD HendbsiLLl L gl. wrewreuissr allGuenm eof QUUTL TS shiderlsir
HW SPM6V BLaulgSHemsenwl Gallfle-G)0 yHiT BLeugdbenswirs Cunelsreasrsri. @)liy$i
LreTeuiEafler SNHMeL BLaulgdhensuilsd @ wWHNTLTE @LbCunpmgk. yBli G iley
allewL_seflesr ewwliy wpewpullsd euypmisLLL L gi. @®m GO L urL g sewsvliy (sT-(b
WrysEsTLraer) spi 1y Lyl wrflésiinl () wrenteuisend@ assign Qi L g). yslewr
QLI LDELITE| ST6VEUEHTIWEHDeDWIW|LD BlTewTw D GlFuIeOriD.

Google classroom —Newly added feature

Introducing Classes!

0_©
- Assign games in ONE click,

O& \b/. no more game codes!

\ Only the students in your class can join
=3 your games, keep unwanted players out.

—

Use class-level reports to
track progress better!

Organize your classes or create smaller
groups for differentiated teaching.

] Import from Google Classroom Q Create a new class

Google Classroom

Quizziz game platform was assigned as holiday homework to students using the new feature known as
Google classroom , where students will be assigned to the game using their google accounts. The
accounts will be used to create a class. This google class feature is a newly added feature, whereby the
students gmail accounts will be imported in the excel sheet to easily create a class. Hence, students do
not need to use the game pin which is being generated and can automatically view the quiz upon the
link which is being sent to their gmail account. This feature defintely helps teachers easily create a
virtual learning platform. Teachers are also able to create more than one class and add in parents gmail
accounts as well, if necessary.

# Your homework game is running OLAPE O
Do 015pm b
LOTUSOSTLISHET @)enauraLom gl a6 surispre
GAMECODE Shareon
Students should complete the game by 624826 o B .ﬂ
i
e e Aidgnd 35, N game e
B jun2nd v , =
0 v .00 v MY
Y PN . 6 0 H
1 day, and 8 minutes from now. BTUEOBTLIE Aeanoundsd ¢ bt ; .

© june 162201, 1002 P a e seconds

m o
i Bt & Dowrload

Figure 1 (Setting of deadline) Figure 2 (Assign game using Google classroom)
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SHMV BL6UgEemHHemer @allFe-Glev 2 (houTdhGeusn@ LT HeiT@ L 1l Ceusnr(Hib.

&HHLGLIT([H6T,  FIewewTd:d (HLGILITHST,

wrenwTeuiseflen,_Cuwi  euerids  allpoLyn  Gwrifls

Fmeirser, urL. Crrdsmisst CuUTeTn Flov HGliLeDL FnmISem6r LPHe0lL wpigey Gl
Gouainr(pip. Lhesr Caxeirailsswerts sl aflsmerwim B Sjewwiiy wpewmulled Swirifldsas Geouest(HIb.
wHmeuiser B)bsd H6TdHHeD suaTmISaTTEL LFTHEHCSTTL CHerallsemerts Limrisneuuill’ (Hib
Ulrg) st®SgID gL Yslewrd suwmifldbaseomrid.

T(N 5155 TL (b

@ Create a new question

Question 1

gell 6ot mwimifledr 2ynfleyemyaemen____

or Q Fir

# Edit B

__ 2jeuer

o

.‘

DIUSESTLITESHE

@601 &60T GUITDEEN&ENWCW @LOHE &6 818
Q) &5 T6B0T L () &5 ) (1) T60T.
@) 607600T QLD LS &
. @ public - @8 Tamil - @ 30 secs
@ s 0558555060 Qeall FMLGSTHETE
@ vars SpHssTL ® s uuufsssTaL =
& Other
@®30Seconds @ Al t lard!
& Import f I
Question 2 # Edit W @
Quiz qual
W0MevE H6T CHMP Q&S Saubenm _ Gsml 750
OG0T HE) (5 5) 60T M6T. °
@ Liwal umqwETR HU106 GHL LS (V)
@ cussoTsssTL @ awsss sLgusTo (]

®©30Seconds ~
@susurm  GallFev-@lsv UL  allewarwTl B YBlTHemers HeOLIWTERT  (Lpenm ufled
SWTdaeVTLD.

GallFlev-Blev swTflss yBlewrls uslihg 6l Tsirensev

Y Aflwi 2 Heurdsdw yHli Casrallsener 9BHSSHLI LG BleneOWITS LOTeRToUTHEHL 60T LIK THEI
Qarerenssd Heudlwwr@. @semer cpsiiny euflsafilsy Cumelsmerersvrd. wpgHedlsy  Live
Game , Qe reugrs Homework (efl Glurii),apssimreugrs (Solo Game)  gesfl
Blewevuilsd LT Hg G TsiTaTeVTLD.

1. wrewmreuiser account o (peurssd  Caxemeuuilsemsy  join.quizziz.com  eredTm

@ ewemrliusssSHGF CFsrny CrrigwrsGeu Lydeny Game pin sttty sTevTemenIT
Qarent(h ygli eflswerwimi_snL Chriquirs su@litsnpuilst Gm6sTsirarsOrid.

2. Homework, sigreug efGliurL sugdldse@ o,Aflwi virtual classroom spssrplemesr

wrenTeuisst  aflewerwrl Gl Yoy efGLurLwrs

OWEHH  jeudwiib.

CuhOlaTsTeugsh@  wTewTeuisetlesr QaT@GHESLUL L leTarehasd  (pdheuildssir

CaewauliLi(hid. memTsuigeaflesr google gmail account sweugg Google classroom

Isvsvgl google evevrs wHm lsTarEhFed (pHeuflewws eweudgk NEw classroom



spetTplemerTid Ay Syewidsevrid. Lt 2 Hheurdssiiul L sugliuenn suruilevrds

LOTERTEU TS E1hd @ sTal BTl LS aflederwir_spL assign Gleuiwesorid.

wrenTeuTHeT el 1960 @)(HbsuCuw suFSlwrsd Swisefler sewnflefl, Ligd deuwilef]
Isvsvgl FlmeiTCuAullesr sulfl Aflwir LSTHEHCETETL aflswerwim_enLt1 UTieneuuill B
ygli-  ellewerwmr’ en  Blewmey GEFiiweOrid o Aflwir  wremreuflesr  GFwhur snL
Report, osmeug) sreyssr surullevrasd sHesrsranflassrd.@bsd sreysener yAfwGrmr@
QuUDHBHTHID sesTETanlSg SBIsafler LlaTewenseflesr SHM6L YewLeysemearts LTiemeuuill (R
&(HSg! Cgiflaildsevri.

FOUTVSHEIHLD & 16135 EHLD

@) EIweTELTHewarL) LiwisTL(Hbgloug) LBleHayd eTaflgl. QpH0TV THTOEHTRTL LNydFlemeurdsir
Qeu@FAevGeu. Y emerTGg wremTeuiaseafl_ (b Fper CLFLHET 2 _6TeTHT6D LoMewwTEUTH6T 61 L1LI6D
@suallemerwrsoL. Cuhelarsrenb@urg sniseaflsst Fper Cudlsemerts LwsTUGSGSl60TT.
aflewemir’ B weopulled Caerallsepsarear LSlvsmerd Clgflaysst emwliy ewmullsy
ST Plhseri. allenerwri_iqer (plgaile) LOTERTEUTSHET SHIGET F&H LOTERTEUTHEHL 6T CFihgl
Qupm ysirellsemer Ul Wubss. @& BlFFwwTs waElPayl B SHML &HLISSHIHE,
aufloFiiFlearng). @ @lllenh wrewTeuTsEhssTs  @sualleerimy (h  (3)6w6wTidsarddlsd
Casirailsemearg Cgifleyssr sulgauemolitiled i HGWw swiTfldhs (Lpiqujb. LOTERTEUTHST Fihiderlsir
allewL_sewerd L L& GFiiw Guieorg.

@susurprss, allswerwr’ B euflullsy, sewflesfll whHmid Fpesr Cud surullevras sTmigLsT
uereflufled 2 _erer sl Aflwisst wi BHssvrg wHD Gwrf) YAfwisepnd Galldsv
@ewemtili LsSHGSlemesTds HHMV HHLGHMIEHEGD WHNT1gDHEGD LwsTUBRSSS BhIS6TS
&PV NHLIGHD ChTHsnisHemarts Ly liLigwirs BlenmEGeunHm! eumeE D Tiser.

Gl i)

STyl eurwd QurPlurss Hsw wresreuisst Gwrfledwsd Fpbur  LweTUBSS
Couaisr(HIb. B)g wrewteuiser Hulip Glomifleww oy TeusbgiL er sHOHTGOTHIW FTdhHlwflevensy.
Qumrfluilesr  18g1 o Teudens euaridss Gaillflev @ewewrils udsssSlewer Hewilefld
Slewentssmallwrsl LwsTUBSSISlSTORTT, bs eumasully Galdlev @i o Hew LW TeT
HHaU0  OsTlVRL LI FHewewtssmallwurTs  HewwaElng  eTefley  9F  CleusTemlen L Loemsv.
LOTERTEUTHETT SNMED SyewL6Y BleweUBewend ST Phg wHIL®H GFileusn@d, HHM6L
Corésnisenar Werurisvey GFIMSD@GHLD, InlgsSNUSDGHL HWITHE  SHHLGDELDTET
UTUINIL BT 2 _(HeuTdhdls HH Galldev @lewenrwidggerd, sl SHDD HHLIGH0L 6
MWEVH  6TeiTLIgG  Flawrewrin.  @Gallfley  @ewewrwigseary  HHCWTHBSH D,  GalFlev
@ewewTGHears e LweTUTL 6oL QpFAfwir wHmb wrenteui Blewsvuilsd wHITH CFligTsy,
10-58 D@ 8 b FSFrmIS6T eUPBISEOTLD.

Reference

1. http://educraft.tech/index.php/quizizz

2. https://quizizz.zendesk.com/hc/en-us/articles/115000338045-Getting-Started-with-Quizizz
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WpemFTIT LINT WL G HH6u6» O\GTLHIVBIL LiGgIL 65T
R(HBIF DTS SBISH SL01DS DMV, &DLISHVISELI LIwesTL(B)SFISH6V

Q& wleurswret — allaGLTflwr usiTerf],

LT 9fdFaeret — GFullenr Guifdev LesTef], Amis iy

Abstract. Amisiiyit usdrefllseflsd SBlpGwTY @rewsrmd GQurlursds shHUlEsLLGSIDI.
Lsvedlest Fepsi LilsiTLsvd S0l (BibgI euhHLDd WTenTouissT LG Tflenw su@Lliusnnseaflsd wi HiGL
LweTU(hSSISlSTDeTT. CUHDLTTET WrenTauiasT afl HF @Gwedle HBiIGH6T HTil6lmyluirest
slenpls  Cuasudlevewsv. @FDGLU  ULBUMI  GPVSHET  STTERIBISETTS () (HHSTD6T.
@)bwresTauisEhds@ CQurfliur._gemss spUlsgn  sblprdfluisst oeuiseflsr 6wl
Fpersener (CHLL6v, CUEFSHD, UTHSH, TWHISD) CLobLi(HdgIeugIL 6T HLOLPGITlufedTLITsv
YTeugems THUBSSHID auensulled SHLISHD BLoulghenssenenr GMHOGTETH oS DTiTser.
Aflwisst @dsmaswds SHPMV SDHUSHL BLoulgEmEsmer CUhHO&TsTUSDHS HoH6usD
Qarifleomp 1 eusTBIGsT CUHa] YNASTDOT. HHFMBUW USTBISEHET RSTHTRT STOANDL
(Kahoot — Game based learning tool) sresrm efleperwir B ©jigLliLienL_ulleoresr SHMeL Gerd
pewpFTrT WS B ewpHewer ClFWVULI(HSHID 6UHTERTLD 6UlqeUeDLSSLILIL (D6T6Ng. [3)s6mevr
eTBIGeT  Useflseflsy  slpEwrfls spped  sPUSSIGETS  sTliLgl  LweTu (S Gesrmid
TOTLIDSS GHUSS LSlTeuTs @)&HsEL_ BT SmEng.

wpewpaTrT wH T ®H

‘peomerinhs wHNTH (Summative assessment) srsirig) sHMeweV WL HBOTGID. WeODEFTTT
wal'inf® (Formative assessment) srsirug sppaissTer wHUTLTED. @euailrss® wdHiifl G
YewpEemarud FFLITHL LWeTURSSHDECUTEH WSIITH HTSSLeTaTSTS HewSIDGI. FhisLiLyT
o wiplewsvlitsireaflsaflsy wewparym, wpeopFEribs wHNT Hseflear sulfl urdsssr, CsHLLev,
Cuags, sTgIH smsiTsemar CuLBSS 2 Fab euewsullsy LIHITH ymwaslng’[1]. “spmev
&PLSH60l6L (1 WPESIW dnpiras allerhiGeug) WHIITH Y @G0. BV WerDFTrmT WH LTI 19657 LIkIE
YwsIw QL swsl QumSng. weoparrm wHTH  suGliusmpuiled sTeveOr  CBImIGeTIEID
oL CLunuCsr®H, SHme SHUGSCVTHL gearPls Cumiel@®Fpg. swpaFrrr wHTH,
EPMINSGHS glewentfleuGsT®H wrenTeuiHeflest DML suenidd, sHmewsvt uHBluwr allwpblwibissir,
Fraswrer  warhiGursyE wasellwaunblng alssh@Eng’[2]. Amsiyi wresrauiseaflenL Gu
SOPEILTHES sHMV SNLNGH00 FTHHWTRT WATLICLITEDS 2 (hourd@GausNE @)bd (PSHDFTTT
wHNF@H Cluflgib 2 sayslng).

srapd®l - Kahoot (https://kahoot.com)

“Carflvpi’ Ligdler 2 gallGur®h aflswerwT B ojiglivenL_ullsorer HMeV, SHLIGSSHM (P EHeDETL
vweTu®dgleug GTLTuTRT Y Toulewey @erm ssvalwrarisefllsn_Guw leseay GlFsveurdg
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Qupm eumSDG. Hval Frihs Csrhlom L aillswerwT HEs6T  su@GliLedDL  LITL HiGeilsD
wrenTeuTHefledt Y ieuplemevenws  YFsMALUUCHTH SIS SohoHMaudssad 2 HaSnI.
@)ewenTG SV @)STMI HVANITEOTTHEHSHSHTHELD LOTEBTEUTHEHSHETH LD LeVSTLILL L eflswerwri ()
ufld SMHMEV SHEThIGET 2 6iremer. Seupmiert spermrest srapdil (Kahoot), sugliuenms smHmev
&PLGH60l6L  CUThSSTHL  LwesTUBHSSLHUGDLEUTE  Sig  WTewTeuTSHealledr 9y iauplemevsn
YFSMILCHT(H IjeuisHeng sHmewevuj CuwibLihSaISIng"[3]. @)Feisirer sHmev ailswerwimt (Hgsir
‘srapdi e’ (Kahoots) srerliL(hslermer. srapdl seargsler eulgeusnoliy WewmETrm ST 6
YopEmarts  UwaTUBHSSHIUSDE TEHIUTE B eDSBLILLIGHLLIGTE D&l  LDTewTeuidseaflsir
sHpewevd Caradlliugn@ls Guflgib o FHeaydlaTmgl. WTewTeuTHeT, WILUTTHS uGLUMDE HHM6V
BL Ul SensBelledl(Bhbg all GUL B 2 DFETEGSIL 6T HHMedlsd FHLL B)SH6miDd eulfleu@dbaling.

‘STandL SeTHHl6T augeuewLOLIL @(hH FUPSLOTSH @)ewenThal SHUSDGS SHlevenTLfoaugbrs
BHSEDG. BTeugl, LTEWIUTHST P GHUPSUTS QPATHlewMIHEGI SNHUSDEGL  SHevflBlemsvullsy
SHUSDGLD THMBHTHE @)H6IT 6ulgeuewIOLIL] HewbgieTeng). Gad, @senenLw aillswerwr ()
Sl pswD YpTeucpl HID suswsuiled LweflLreart esToflarasl LweaTUBSGSHID cuensHUilaLd
(User friendly) o meurssiiul iy mé&sngl. @)hss sHmed argemall LwsTLBSECauri Slepruflev
Qaiflyw Game Pin cpevid g fflwi Corglss allhblyhd LGSESETOTL LSSHSSL sesTnlenssreoui.
g Aflwir, srer sHUlGs uTL b CBTLIUTE hsarCar 2 (hourdd emeusbd(hdh@d aieTrdsdssnerd
sTandL gershdled 2 srer QUiZz gepwiiNGur osvsvg Jumbled ewiINGar 2 sraf®h Geiig)
LrenTeuiEemend CFTHlbaseVriDd. WTENTOUTHET HBISET WoHH6HTemeVCLFASaflearT euflirs o smse et
allenL_sewer 2 sirafh) ClFisui. Fhlwrer USOBEHSG 2 L g)ib@GL 6T LsTaflssT aupmisiL{HLD.
Guepilb  wTewTouUTEH6T SHHISH6T allewL_&6T FILTATENEUSTRTT 6TedTLIENS speubleur (@  axlewrmailes
wyaien CQarGasasliL@D FAlwrear allenL_sansard CBETEI(HD j6uTdEhdEd HlewL_d@LD LisTetlssT
CPEVWPLD 2 L spIG@GL 6T SyPleuir. spsubeur allsrrailssr (pigailed wrewTeuTHsT 6THS Blewevuilsd

2 siTemesti 61651 GHreuMlenFenuwiufb Slewyuiley &mrevsriii[4].
wpe»paTrT wHNFHID Sragdl (Hd

‘peperrr LINTEH — SHPYIESTET WHETH, WTETATHMST SHPYIEEGS ST Tw ML)
)& wTeRTaUTHT HHML HMECHTETHMmET HewL_w 2 FHeydmg. sHUGSCTH Lilssrevts Lilewewtbs
@M CFwphurTLrEeyd sTeveVr Ghrmisafllad LWSTURSGSS FnlqUSTHYD 2 6Tergl. @)sleusns
wlILTH PspausnHGs SHUMMT WWTES 6C&TamL @D CseweuliLi(halng”[1].
sTandl — aillswerwT Reufld HHML oD, @)eleusnsd Y WmDemiLdF CFWLLIBSHIUSD G
MDD P(H HETOTS alleTHI GBS

wpeomFETrT  WHNTL (B (WPeOD THTUTHEHSEG FFSms TNUBGHTH — 6T6TLIST6V
QumliiurL b sHmedlsy  ewpaEryr wWHNTL(H  pewpBewerT  eThIG6T SO  eu@LiLHertlsy
UestupmiasIGmrib. @) sremmuw LDIT 65076 [T & 61T SHH6U00ISTIVBIL LI 6M 6T Tl &5 (6T L_63T
QBTLTHU@SSLILL L LUTL BIGeDeT S TeudhgIL 60T SHLSTV SjeuiHEnhdGd CMbs auflulley GlFsrm
QsNursensd HHMSCSHTHGES ThHEEGHD WwHFAwWTSEo @)Hd (LPeOMEVI BHTBISHST HeunIalEeTTLD.
@an& wswpasTrr wIHITE® ewpmedw 2 srarLdElw  allewerwr’ (h) sufld SHM6L SHETLOTEIT
STANOL 6ThI% Ehd &L GILTFID es6lST(HSHS5I.



134

gsearm surdiiy (Extensive Reading) — wrewreuisener sardsiiu@®ss o gallw
STONOL_
@sitempw pefer GSTHlOBIL LD FTihs 2 0F eurdAlyliLwdsd CUTFIUTE Y MITSHHId

srudlerflL b Gewmhg auBSDE sTeTLg auhSSSSDGAw @ GFwuigurg. @)iuiguilpdss
ueT@WTFGHWedlev sullemrp @rewrmid Quryphwrasls Luiled wresTeuisearg eurdliyliLipdasiD

upp] BrHIssT gnpGeusnrigw Seudflwid @svemsv. eurdliyll LSS Wseyb Wohalwid; srerGeu,
LTERToUTEEhGE uTALLD QY Teudbews aOHUBSS wWHOl auisEndE 2asb@Geailli leseyb
Suflwwrs Guhss. ‘@n urLsos almarwr’ Gayl sHGLCUTE yLUTL ST sTaT
LOTERTEUTHETG| 2 &HBIeN6V 9 FlaMNEasMNeSngI"[5]. G, “‘allswerwm’ Heufld sHmed o fAflwenr
OLWILDTHS GlBTETL WILTThd 6U@GLLmMDE @edlsd @)(HbdI LOTESTeUT SN DLOWILDTHD 6d TesrL_
uGLILDDS Gipeors wIPIFDE (6] Fsmears sBsHDosTHIE STaNdL — allperumr’ Heaifld
sHMV  FendHlereulfl Brhmiser wrewreuisefllew_Cw  eurdAliyliLuysssemns 2udh@GalliLgn g
CumeaTenrL wpwmhduilemest allard@GHEnTLD.

ABsliy il uereflseafly o wiBlewsy LTeNTEUTHEHSE speubleur@® LTL SHeT  (Lpigaileid
sosILGE 9eTn  oEssardiyl  uEHursl  UTLE LA OaTHEsiur (Herers).
LOTERTOUTHET  HWBHHWMET  SeuTHemTs  eurdliLglsvensv; <y FAflwiseller eupLmisHsedlssrTeyb
uullpApredlsd 2 erer wuwihAewwd CFwiugharseyd WL HGCW eurdlui. @y  eurTdliug
SUTHETE Iy Teuplensvemil sTeualsHS VD FHTTL ailsVeney sTeTLIENS 2 wTihEHTD. @)ewg Goumy
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o Lu@bgiougl eTeTm 1y Lu@EsliulL gl HOwIITEH euisag YTeibmss Grew(HID
QUETITEWTLD BeWLDEUG] (LpHEIWILD 6THTLIGILD H(HEHBl6L GG merariii’ L g.

2 wiglemew 1 wHmib 2 HSw  sugliyseflsy 2 wigflp wvuileid LoTesTeUTHEDET
@S5I $Flv FHLDSSCerrid. 20deir rg allBenmuilsd wremreuissr “curepd Gry) sureptd
Ly TS BIEVL Ly SgIBLTYI YPlea|missCerrid. LsTafl Fnbsgid Pl aflarTigellsrm
BLGSOLBID 6TOTMID PpSH6L cpsiTmy Blemevulled euLIUTHEHS@GHL LTlgFssT eupmisliLI(hD 6T6dTmI
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SHMV HeTwrs STandL eulfl BLGglug 6Ter STLTONGSLLL R, YSDHSTHT 6ldTTHBEN6T

2 (HeurdHlGerib.
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staorUFlD GHs CuTily @ HHsSms 2 ey WPubssl. wrestauisallenL Cuw @)\bs 9 iaudbens
THUBSSHIUSDOGT BThissT CHTHOSsHHS HTaNDL ailerriy aflearT BiIELD rewTeissaflenL G
Qup eurGeumenuit QUDMF.

QFmears CHTLIhg LTL S L SH0 CarRdbasiiul(Bsrer sern eurdliyl Lgglenw
@bwempuiled wrenTeuisHemer eurTdEsd CFg eumAECDTD. &)FeVID remwTolidEhd: @&l LD DFTTbHS
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oarg@allliy Cgemeuliul’ L gi. o LullpdF Bredlsd 5 1pHev 6 HewmBHsT ) (Hdb@HLD. speuGleumh eumypLd
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usreflgeflsy @) pwnhAenwd CFig eumACDTLD. sThisafledr HBHSS SLL puHFwTes LeVSTILIL L
aurdliysener wrenteuisetlen, G yBlwpasliLBssallhesECnrid. S eurdliyl LWdsdhens
6THRIGET  LOTERTOUTHET WHSCBTTH  LweTOUDCouadT(H. HYSNHTH  BHTHRISST OlGTL BIg W
UDLFTihs eas@allliy T (Hb. g JeuiseflenL_Guw S &LFTTHS 20rdh@GHailliLTs TMILD 6T6M
BLoLGenasuilsd GFwedLl H euhalSGmrid.

IySESTL a6 — wapayl Hb sHMIEE (Joyful learning) 2_gellw srand”
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STGwrflenwd sHGHL HCH Coausweruilsy $5HHD WILsemer HnbslHEHSECeusnuT(RD; HLb LOFLilesT
Qupewwsemerd LeTUTL (S dmmisemerd SHMS6\ETeTer GoueT(Hd sTedtm  CBHTdHEHH BV
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Abstract.The major difficulty in building a machine translation system (MT) emerges due to translation
divergence, a consequence of cross-linguistic differences between languages. A systematic translation
mapping of source language syntactic structures to a target language is one of the main goals of any MT
systems. This paper deals with divergences that arise in the context of case marking (overt/ covert) between
Telugu and Tamil. In this paper, divergence Index (DI) is used as a method to compute linguistic
divergence which aims at quantifying the number of parametric variations found between a pair of
languages and facilitates MT in proposing where to put efforts for the given language pair to attain a better
and faster result. It attempts to quantify case divergences and proposes a solution to handle them in transfer-
based MT. This paper also demonstrates how DI is built to compute linguistic divergence between them in
the context of building MT.

1. Introduction

Tamil and Telugu, being Dravidian languages share a certain number of syntactic similarities while in a
number of cases exhibit syntactic divergences with each other at various levels. It can be anticipated that
these syntactic divergences often create catastrophic effects on MT output. In certain cases, languages show a
great mismatch in the patterning of the morphological case against the patterning of the syntactic case. It
arises due to the distinction of a case (form) and its grammatical role (function) that it expresses. Each case
marker has a number of functions and it is obvious that they lead to case mismatches in MT and precludes the
straightforward mapping of it in the target language. Hence, any effort in the direct mapping of a case marker
often results in a non-standard or ungrammatical construction in the target language. To unravel all these
difficulties, it is necessary to study different functions of case markers which may facilitate the source
language disambiguation and target language generation. In MT, mapping case markers with their suitable
functions between languages are significant to obtain better results.

2. Case marking in Telugu and Tamil

Case marking is one of the morpho-syntactic functions expressed in terms of inflectional properties of nouns
(including pronouns and number words) in Tamil and Telugu. It is exhibited as suffixes to express different
functions. The inflection of case is overtly marked except in the case of nominative which is null (@) in both
the languages as in Table (1).

Case Telugu Tamil

Nominative ] 1]

Accusative -ni/-nu -ai

Dative -ki/-ku -(u)kku/-ku
Instrumental -to -al

Associative -to(patu) -otu/utan

Locative -lo/daggara -il/-itam

Ablative -nuMdi/-nuMci -il iruntu/- itam iruntu
Genitive a-yokka -in/-utaiya/-atu

Table (1): Case Markers in Telugu and Tamil
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3. Case mismatches in Telugu and Tamil

The major reason for case mismatches between Telugu and Tamil is due to case syncretism. Case syncretism
occurs when a single inflected form corresponds to two or more case functions (Comrie 1991: 44-47).
Distinct case values are determined on a language-specific basis so that the case syncretism by the definition
involves an observable asymmetry between paradigms within a language (Baerman, 2009:219). It is possible
that a case marker with multiple functions in a language may correspond to a single function in another
language. This situation definitely seeks an intense study in disambiguating case marker in the source
language from its multiple functions and leading to an appropriate substitution by a corresponding one in the
target language. In this section, a few examples of case divergence between Telugu and Tamil are explicated.

The nominative case marked noun is used as a subject in both Telugu and Tamil. When a subject is in the
nominative case, it controls verb agreement as in the example (1).

(1) Te. ramudu; ikkadi- ki vacc- a- du;.
Ram.NOM here- DAT come- PST- 3.SG.M.
Ta. raman; inke va- nt-  ani.
Ram.NOM here come- PST- 3.SG.M.
“Ram came here'

However, when a predicate indicates the capabilitative mood, the subject is marked with the instrumental case
marker in Tamil, whereas the subject in Telugu is in the nominative (cf. Krishnamurti and Gwynn, 1985 for
Telugu, Lehmann, 1993 for Tamil). . In such cases, the verb gets default agreement in Tamil. Example:

(2) Te. nenu i  pani ceyy-a gala-nu
INOM this work do-INF can-1.SG.
Ta. enn-al inta vélai-ai ceyy-a mutiy-um

I-INS this work-ACC do-INF can-3.SG.N. (default)
*I can do this work'

A causative verb as a predicate may support up to three arguments in the form of noun phrases, viz., causer
agent, actor agent, and object. The second agent is considered as the real actor, whereas the first agent causes
the second agent to act. Here the second agent phrase is marked for the postposition céta “by means of' in
Telugu and by the accusative case marker in Tamil as shown in (3).

(3) Te. nenu  vadi- céta iMti panu-  lu cey- iMc- a- nu.
INOM he- by  house.OBL task- PL do- CAUS- PST- 1.5G.
Ta. nan avan- ai Vittu velai.(y- ai) ceyy- a- vai- tt- en.

INOM he- ACC house.OBL task- ACC do- INF- CAUS- PST- 1.SG.
I made him to do the household tasks.'

An object-complement double accusative is a construction in which one accusative is the direct object of the
verb and the other accusative (either noun, adjective or participle) complements the object in that it predicates
something about it (Wallace, 1985:93). In Telugu, the accusative case marker is assigned to the object
irrespective of the animacy and definiteness features. The grammatical case of the object is also
percolated/copied to its complement in Telugu as in (4). Whereas in Tamil, the object complement does not
take the accusative and thus realized in its nominative form.

(4) Te. nénu vadi- ni [rayi- ni/ manisi- ni] ceés- a- nu.
1 he- ACC [stone- ACC/ human- ACC do- PST- 1.SG.
Ta. nan avan- ai [kal/ manitan] akk- in- én

1 he- ACC stone.NOM/ human.NOM make- PST- 1.SG.
*I made him into a stone/a human.'
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In Telugu, the verb ceyyi “do' functions as a periphrastic causative verb and allows two accusative case
marked noun phrases in a row. It is illustrated as below:

Te. NP(causer) NP(causee)-ACC NP(theme)-ACC VGF <root= “ceyyi” ‘do™>

Ta. NP(causer) NP(causee)-ACC NP(theme)-NOM VGF<root= “akku” ‘make’>

The dative subject construction is the most widespread in Dravidian (Subbarao, 2012:134). The dative
marked subject acts as an experiencer subject and the verb agrees with the object. In Tamil, stative predicates
expressing the notion of mental, emotional and physical experience require the case-marking pattern of DAT-
ACC (Lehmann, 1993:180).

(5) Te. na-ku vadu telusu
I-DAT he-NOM know
Ta. ena-kku avan-ai.t teriyum
I-DAT he-ACC know
‘I know him’

Nouns inflected for the dative have a locative function in Telugu (Ramarao, 1975). To express a possessive
relationship between two inanimate nouns, one of the nouns of inanimate category inflected for the dative in
Telugu expresses the locative function as seen in (6). On the contrary, a locative marker is used in Tamil.
Here, the dative case marker relates two noun phrases which have holonymic-meronymic relationship. The
word which is a holonym takes the dative case marker in Telugu and locative in Tamil. In the following
example, a wall which is the holonym of a window is marked for the dative in Telugu and the locative in
Tamil to exhibit the location by means of possessive association between them.

(6) Te. goda-ku kitiki uMdi
wall-DAT  window.NOM be
Ta. cuvarr-il Jjannal ullatu

wall-LOC window.NOM  be
“The wall has a window'

In Telugu, a noun (NN) followed by a directional noun (which functions as a postposition (PSP)) inflects for
the dative, whereas in Tamil the complement noun receives the dative. The swapping of the dative is noticed
between the languages. We use dative swapping to refer to the exchange of the dative between the PSP and its
complement noun in the translated structure. It is realized as a kind of configurational difference between
Telugu and Tamil. It can be illustrated as in the following:

Te. ((INN]) ([PSP]+[DAT]) ) & Ta. ( (INN]+[DAT/GEN]) ([PSP]) )

(7) Te. kumaru iMti- lopali-ki vell- a- du.
Kumar house- Inside-DAT go- PST- 3.SG.M.

Ta. kumar vitt-ukku  ulle po- n- an.
Kumar horse-DAT inside go- PST- 3.SGM.

“Kumar went inside the house’

Nouns[+animate] marked for the instrumental (alternatively dative) case act as recipients/ hearers when they
occur as arguments of the verb[+communication] in Telugu. Whereas in Tamil, such nouns carry the locative
case marker to infer similar function. Example:

(8) Te. nénu vadi- to/ -ki a visayaM cepp- a- nu.
| he- INS/DAT that matter tell- PST- 1.SG.

Ta. nan avan- itam anta visayatt-ai.c co- nn- én
1 he- LOC that matter-ACC tell- PST- 1.SG.

‘I told him the matter'
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Nouns[+place, +generic] such as akkada ‘there’, ikkada ‘here’ etc., in Telugu, occur adnominally and modify
a noun phrase. Whereas in Tamil, they cannot occur in adnominal position and thus the adjectival participle
form of existential verb u/la ‘to be’ is inserted between nouns as shown in (9).

(9) Te. akkadi prajalu
there.OBL people

Ta. ank-ulla makkal
there-be people

“The people over there ...

As seen from examples (2-9), Telugu and Tamil show divergence in case marking which precludes
straightforward mapping while building machine translation systems involving these languages.

4. Quantification of Case Divergence

The divergence in the usage of the case maker is quantified based on their different domains of occurrence.
The following situations are counted for divergence.

Let languages be A and B.
1. Iflanguages A and B use the similar case marker invariably, then no divergence
2. If anyone of the languages i.e. A or B differ in their usage, then counted as divergence
3. If anyone of the languages i.e. A or B ‘optionally’ realized with the different case marker, then
counted as divergence

Divergence index (DI) represents a measure of the differences that occur between languages. The variations
in linguistic features can be seen in any levels (L) (surface, shallow, intermediate, deep and deeper levels).
These levels are identified as L1 (surface level), L2 (shallow level), L3 (intermediate level), L4 (deep level)
and L5 (deeper level) according to its depth of variation. Table (2) lists the quantification of similar and
divergent case functions between Telugu and Tamil. Divergent functions are also with different levels where
they are identified. The percentage of divergence is calculated as divergent functions over total functions.

Case Marker Similar Divergent Divergent Levels Percentage of
Functions functions 1,1 L2 L3 L4 L5 Divergence
Nominative 3 6 0 6 0 0 0 66.7%
Accusative 11 13 0 4 6 2 1 54.1%
Dative 32 36 6 9 18 1 2 52.9%
Instrumental 7 6 2 2 2 0 0 46.1%
Associative 10 7 1 5 1 0 0 41.2%
Locative 18 8 2 6 0 0 0 30.8%
Ablative 7 4 2 2 0 0 0 36.4%
Genitive 7 3 3 0 0 0 0 30%
Total 95 83 16 34 27 3 3 46.62%

Table (2): Quantification of Case Divergence between Telugu and Tamil
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Fig.1 Case divergence between Telugu and Tamil

As seen in Table (2), each case marker show similar and divergent functions between Telugu and Tamil. The
overall case divergence is identified as 46.62% between Telugu and Tamil. It is also noted as in Fig(1) that
divergences fall mostly on L1, L2 and L3.

5. Handling Strategies in Machine Translation

A number of NLP modules are used in handling divergences in transfer-based MT. In the disambiguation
process, the ontology of lexical items is looked in and accordingly the target language case marker is
substituted. To handle the case marking, modules such as dependency parser, transfer grammars (TG) and
morphological generators (MG) are used (Parameswari, 2014). The dependency parser provides the
relationship between nouns and a verb in a sentence. It disambiguates the functions of case marker by
providing relationship tags. TG is equipped with performing certain tasks such as insertion, deletion,
modification and re-ordering of words and chunks. It also has the ability to handle files where it is possible to
operate a single rule over a list of items. MG generates well-formed wordforms of target language based on
the grammatical feature.

6. Conclusion

Case marking in Telugu and Tamil show a considerable amount of divergence and hence, the straightforward
mapping between these languages are not possible in MT. NLP modules such as parsers, TG and MG are
useful in handling these divergences. Quantification of divergence facilitates MT in proposing where to put
efforts for the given language pair to attain a better result. A systematic study of divergences and proper
handling of them are indispensable to get comprehensive output in MT.

Acknowledgment: I would like to acknowledge members of Indian Language to Indian Language (IL-IL)
MT project and Prof. G. Uma Maheshwar Rao, the chief investigator of Telugu-Tamil and Telugu-Tamil
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Abstract. Handwritten character recognition is a challenging and interesting research field when the
intended use is to characterize the level of sophistication and intricacy. This paper deals with the
distinctive and effective feature extraction techniques such as KD-tree and Directional pixel location
representation for taking out the feature values from the character image. Final node values of the tree and
the weightage of the directional points are employed to train the classifier, Support Vector Machine
(SVM). For training and testing purposes, the samples are collected and clustered into two groups based
on their level of complexity. The classification process occurs distinctively on the features and the
performance of the same is noted for each classified group. The final outcome shows that these features
extraction techniques can confront the valuable percentage of difficulties.

Keywords: KD tree, Directional pixel point, Quad and Support Vector Machine.

1 Introduction

The enormous need for computerizing the Tamil language prompts in order to involve Tamil handwritten
character recognition is the central focus of this research. Applications are exploited in the field of banking
for the purpose of the processing of checks, postal address verification, form verification and recognition of
any communication devices through the Tamil language, there is a plethora of historical documents, poems,
and palm scripts available for recognizing. Attainment of this is not an easy task; there is a multitude factors
that need to be considered [29]. Tamil characters have similar and cursive shapes by default and these sets
show a high-end variation in shape, location, style variation of shape, broken structure, and excessive loops
and portions in handwritten Tamil characters.

The Tamil language contains a large character set (247 Characters), wherein 12 vowels, 18
consonants, 216 combination characters, and one special character are available. Generally, the shape of those
characters are cursive (Vattezhuth). Recognition of this cursive letter can be possible in two modes, namely
structural and statistical [30]. In a structural way, shape or direction of the character portion is taken into
account directly. Alternatively, in the statistical approach, the pixel position or variation is considered for
extracting the feature values. Several experiments conducted prior and in current research provide solutions
for the same.

In a statistical way, an additional two modes of feature extraction techniques are possible, they are
pixel-based and location-based. In previous works, the features such as pixel variation, density, different
direction based pixel position and axis based location are implemented in the pixel-based feature extraction
[4]. For identifying the location of the features, zone and quad tree procedure is incorporated [11, 28]. The
two-way structural theory was also identified during the experimental analysis. It consisted of a directional
procedure and a shape based notation. In the directional procedure, sub-line direction [5], shape's direction
and chain code [28, 31] based directional feature extraction techniques were tested. Strip tree [27] and prism
tree [32] shape features were tested for identifying the shape based features. SVM [5,28, and 32] and decision
tree [27] classifiers were processed for classifying the correct Tamil characters. A maximum of 30 characters
was tested in each way of the process.
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In the related works, significant data was available in the field of offline Tamil handwritten character
recognition. Jagadeesh Kumar R et al. [26] gathered the features such as normalized coordinates, moralized
derivatives, curvature, aspect curliness and lineness for Time-domain features and the sliding window, stroke,
discrete cosine transform and the window sequence for the frequency domain. The classifier Hidden Markov
Model was implemented and achieved 93% to 98% results. The zoning procedure experimented in the works
of Rajashekararadhya et al. [6, 25], wherein centroid-based features are collected in various aspects and
considered for the purpose of classification. By applying the neural network and nearest neighbor [25] about
96% accuracy is achieved within the results. The performance rate was 94.9 and 93.9 when applying the
nearest neighbor and SVM. Totally, 10 characters (Tamil numerals) were considered for their works. Shanthi
et al. [8] also used the zoning procedure for extracting the pixel density values as features. With the
implementation of SVM about 82.04% accuracy is achieved for the 34 Selected Tamil characters. The Tamil
characters possess characteristic properties such as definitive width, height, circle, vertical and horizontal
lines, dot, and the curve were identified and taken as features. With the help of a neural network classifier
97% accurate results were achieved for the characters containing minor variations. Sigappi et al. [12]
experimented a profiling procedure for extracting the features and implemented a hidden Markov model for
classifying the characters. 90% of the accuracy rate achieved for 40 different Tamil words. Scale Invariant
Feature Transform (SIFT) [24] was extracted from the important points of the characters. These points were
grouped as codebook by using the k-mean procedure. The classifier K-nearest neighbor applied to achieve
87% results.

In the process of feature analysis, the study has been made on the various works of handwritten
recognition of different languages. Subhadip Basu, Nibaran Das et al. [2] used a quad-tree based image
partitioning technique and longest-run features for recognizing multi-script (Latin, Devanagari, Bangla, and
Urdu) postal code. The same features were used by Nibaran Das, Ram Sarkar et. al. [3] and Ritesh Sarkhel,
Nibaran Das [10] for recognizing Bangla characters. XU Xiaobing, WU Xiaoxu et.al [23] were extracted the
directional features from horizontal, vertical, left and right-diagonal stroke of the Chinese characters. In the
work of Ming-Ke Zhou, Xu-Yao Zhang et. al [14] and Javad Sadri, Mohammad Reza Yeganehzad et. al [15],
the original gradient direction features were extracted and used to classify the Chinese characters [14] and
digits [15]. Abdelhak Boukharouba, Abdelhak Bennia [9] used Freeman chain code procedure to extract
directional features from the vertical and horizontal directions given an image for classifying the digits. Jija
Dasgupta, Kallol Bhattacharya et. al [16] extracted the features directional and stroke orientation distribution
for classifying the English characters. With this consideration, this paper deals with the shape and direction in
a statistical approach. Two unique methods KD-tree and directional pixel location are employed on the
character for extracting the feature in tree representation and the directional weight factor. Lastly, the features
are gathered into the SVM as training and testing sets for predicting the right character.

2. General Phases

Selectively, essential image processing techniques are used for this process. Techniques such as Image pre-
processing, feature selection, Feature extraction, and Classification. The selected algorithm in each phase is
detailed in the following figure (figure 1).
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Figure 1. Phases of Tamil handwritten character recognition.

In the pre-processing techniques, Otsu’s procedure, Thinning algorithm, and the Gaussian process are used
for getting the binary, skeletonized and noiseless image for this experimental procedure respectively. The
default algorithms which was used in the previous works are used for this experiment as well [4,5 11, 27-32].
All character samples are collected from HP-India Lab Datasets [1]. Each character structures are stored in
the character image in an isolated form. The Image contains a low noise ratio since the image is taken into the
default Gaussian process to remove the unwanted pixels present in the character image. The image is
standardized into 200X200 pixel size. The segmentation process is not used for this work since all character
images are collected individually. The image is divided by the quad and KD-tree and the directional points
are used to extract the features from the character portion of the image selected by quad. Finally, the
supervised classification algorithm SVM is used for classifying the characters.

3. Feature Selection and Extraction

The noiseless character image is taken into special treatment in order to extract the better features. Each
character portion of the image is separated by the quad procedure and the following process is employed to
extract the features from the character parts.

3.1 KD Tree

The KD tree process [13] is normally used for object detection or for object representation. The KD tree
method is exploited in this experiment owing to its efficient and effective ability to isolate and point out a
portion of a character explicitly. In this experiment, the character portions are in the form of continuous
pixels, keeping this in hindsight the standard KD tree model has modified accordingly, whilst keeping the
general rules intact. The following procedure elaborates the working of the KD tree process. It describes the
technique of feature extraction from the character portion.

3.2 Feature Selection

Let, the character image be denoted as IM,
Divided (IM) - IM{Qr, Qrz, Qrs, Qrs}, where Qri, Qrz, Qr3, Qrs are the quad portions of the image IM.
In the tree formation, Root € (IM) and Leaf (IM) €< {Qrj, Qr2, Qr3, Qr4}.

Represented the image (IM) as the root (IM) and the sub-quads (Qri, Qr2, Qrs, Qrs) as a leaf node of the tree
as shown in the following figure (figure 2)



147

Figure. 2. Quad representation in an image

Feature Representation:
Let, quadrant Qr; = Sub-root of the root IM in the tree. In the quadrant Qr; each pixel location has been

analyzed to identify any white pixels (pixel value is one in the binary image) are available. Let values be
represented such that location (Loc) of point (i, j) with respect to the pixel (P) of the quadrant Qr; If the white
pixels are found in the quadrant Qry, then the condition (equation 1) must be 1.

1 Pixel € Qrl,

0 Pixel € Qrl, -

Locfj (Qrl) =1, where,{

If pixels are found in the particular quadrant, then there are four conditions possible to draw the KD tree by
using this.

Condition1: Valid pixel point with one neighbor.

Let's take, counter=1 and the counter has been incremented (counter++) if the following condition (equation
2) is satisfied.

o;=1neig(Loc/ (Qr)) = 1 -(2)

where,

Locfj(er) # RM,;,

Locfj(er) # LM, ;,

Locfj(er) # TM, Loci‘.:.(er) # BM, ;

J?

Here, N= 8, denoting the eight neighbors of the particular valid pixel and RM;;, LM;j, TM;j and BM;;
are the location point (i, j) on the right margin, left a margin, top margin and bottom margin respectively. If
the sum of all eight directional neighbor pixels (neig) of particular valid pixel location of the quadrant Qr; is
1, signifies that there is a pixel found with one neighbor. If the counter shows more than one, then there are a

number of pixels available with one neighbor, ie, Lo¢;;, LOCi41 541, LOCis2 542, -, where LOC; j is

pointing the location of the first pixel with one neighbor and the rest of them are pointing the locations of the
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next pixels with one neighbor. Assume, if there are two-pixel locations of the valid pixels with one neighbor

Loc;;, LoCi4q 541), then two points are noted in the right margin (RM;;, RM;44 ;41) which are

perpendicular to the point (Log; r Lociyy i+ 1J- Further, the distance between those locations and marginal

points are calculated by using equation 3 and 4.

B ¢ -®

i i s el L b LS S ~(4)

If X; > X, then a perpendicular line has been drawn between the left margin and the right margin of the
quadrant (Qri) towards the point Lag; ;. Else, the line has been drawn towards the point Lag;,; ;. ;. This
line divides the quadrant into two rectangular parts (P1, P2) as shown in figure 3. This has been taken as the
leaf node of the root Qr.

If counter=1, then there is only one valid pixel point found with one neighbor (Loc;, j). So, a perpendicular

line has been drawn from left margin to right margin towards the point Loc; ;and take out two separated

rectangular parts (P1, P2) as discussed earlier and the same has been represented as a leaf node of the root Qr;
in the tree.

Condition2: Junction point

There are no valid pixel points with one neighbor, then experiment continues on the way to find the junction
points, where, getting the pixel point which contains three or four neighbors. The counter has been declared
(counter=1) and incremented if the following condition (equation 5) is satisfied.

N —imeig(Locf (Qr1)) = 3or 4, - (5)
h {value Pixel € Qrl,
WHETS: 1 0 Pixel ¢ Qri,

where N denotes the eight directional pixels of the valid pixel point. If the counter>2, then there are three and
above valid pixels found with three or four neighbors, the locational pointer of that valid point are denoted as
Loc;;, LoCiyq 514, LOCiy 5 jya, ..., the same procedures that are discussed in conditionl are used here to

continue the experiment for separating the rectangular parts (P1 and P2). If the counter==1, then only one
valid pixel pointer found with three or four neighbors. The separation of the (P1 and P2) on the quadrant has
been performed on the point by using the perpendicular line. The same has been marked in the tree as the leaf
node of the Qr; as shown in figure 3.
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Figure. 3. KD Tree representation for Quad 1(Qrl).

Condition 3: Two neighbor pixels.

If both conditions fail, the following condition (equation 6) is experimented without initializing the counter,

o;=1 neig(Loc/ (Qr1)) = 2 - (6)

i,j=1
where,

Loc;;(Qrl) = RM, ;, Loc;(Qrl) # LM, j,

L

Loc;;(Qrl) = TM, ;,Loc; (Qrl) # BM,

L

This testing, analyses whether any valid pixel locations are available with two neighbors except on each
border on the quadrant Qr; If the condition (equation 6) is true, then the two endpoints of the right margin are
noted (Tij, and B;;). The mid-point of the margin has been calculated by using those points in equation 7.

T; +B; Tj +Bj B

> 5 =X -

A perpendicular line has been drawn from the midpoint (X3) of the right margin to left margin. If this line
meets the valid pixel then the division (P1 and P2) is possible and the tree can also be extended to the leaf
node, otherwise, the division is impossible in this quadrant and the tree cannot be extended from the root
node.

Condition4. Dot representation

In rare cases (maybe in subparts of KD division), only one pixel found in the quadrant (any parts), ie,
valid pixel point with no neighbor.

§j=1 neig( LOCf;(Ql"l)) =0 -(8)

where,
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This point should not be from the margin because if the point is found in the margin it will be continued as a
pixel point of the next quadrant. The location of this point has been noted as Loc; ;. The perpendicular line is

Loc;
drawn from left margin to right margin to separate the quadrant (P1 and P2) and the same has been noted in
the tree. The division cannot be continued further from those subnodes.

Moreover, the next level of iteration, the horizontal line which separated the quadrant into two parts
(Qr; > P1 and P2) has been taken into consideration for continuing the experiment. The same condition rules
are applied for P1 and P2 also, where the mid margin of P1 and P2 are considered for the next level of pixel-
based subdivision. If the conditions (as discussed earlier) are satisfied, a vertical line will be drawn from mid
to top or bottom margin to go to next level division P3, P4 and so on. The same procedure has been applied to
each of the separated blocks, where if the mid-margin is a horizontal line, then the vertical line is used for
separation, otherwise, a horizontal line is used for separating the blocks. The iteration has been continued
until locating all character structure found in the quadrant (Qr) and the same has been represented in the tree
as shown in figure 3.

Furthermore, the same procedure is applied to the next quadrant (Qr») also, where the separation has
taken place from the center margin to the right margin (left to right). The horizontal perpendicular line is used
for the first level of separation. The following figure (figure 4) shows the representation of the KD-Tree for
the character part present in the Qr,. In the Qrs, if the above-said conditions (condition 1 to 4) are satisfied
then the initial separation has been taken from the bottom mid to left margin. As shown in figure 5, the point
separation and KD tree constructions have been established.

Qs,” ‘Qs‘le -ais az21Q22

a7’ ms N
i a»- “an
Qi Y
Cale Q14 |
» , T oy b p
aiiaiz qisQle p2razs Q2930

Figure 4. KD Tree representation for Quad 2(Qr2)

In the final Quad (Qry4), the valid pixel point identification starts from the bottom midpoint to the right
margin. The valid pixel points are identified and the KD tree has been established as discussed in the first
quad conditions. Finally, all formations which are extracted from each quad are merged and final formation
has been found as shown in figure 5. The final tree has been formed by merging all trees which are extracted
from each quad. The final tree formation is shown in figure 6.
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Figure. 5. KD Tree representation for all Quad.
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Finally, the feature values are extracted from the tree by using the depth-first search method, where tree
traversal starts from the left node to root and root to the right node. The feature points are noted and used as
features for classifying the correct characters. As per this experiment, some additional features are also
essential to test the pixel availability. The feature experiment is continued for finding directional pixel points.
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Figure. 6. KD Tree — extracted from the image IM.

3.2 Directional Pixel Location
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The character image (IM) subdivided into four equal quads (Qri, Qrz, Qr3, and Qrs) as discussed in the
previous section. The following condition (equation 9) is used for finding the midpoint of the image to do the

same.

IM(Ma;;‘{R) , ma:; (C))

-9
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where R represents the row and C represent the column of the image.

Initially, each row is tested to find the validation pixel points in each sub-quad. Here, two possibilities are
identified and noted for the feature representation. They are the valid pixel point with one neighbor (equation
2) named as ‘e’ series and the junction point (valid pixel point with three or more junction points) (equation
5) tags as ‘j’ series. Also, the direction based location of the each point has been identified by the pointing the
location (between (O;_R +0, O;_C+1)and (O,_R-1, O,_C+1),(0O;_R-1, O;,_C+1)and (O;_R -1,
0,_C+0),(0;_R-1, 0;_C+0) and (O;_R-1, 0,_C-1),(0O;_R-1, O;_C-1)and (O;,_R-0, O,_C-
1), O_R-0, O, _C-1)and (O, _ R+ 1, O, C-1),(Oi_LR+1, O,_C-1)and (O;_ R+ 1, O;_C +0),
(Oi_R+1, O;_C+0)and (O;_R+ 1, O;_C + 1 in Qr;). The same procedure is continued in all quads (Qrz,
Qr;3, and Qry) as well. Additionally, to locate the valid edge pixel on the border of the quadrant, the testing has
been done from the midpoint (O) of the image towards the direction (O_R +0,0_C +1),(O_R-1,0_C +
0), O_R-0,0_C-1)and (O_R + 1, O_C + 0), where O denotes the center point of the IM and R, C
represents the row and column. Located points are named as a continuation of ‘e’ series.

Further, the center points of each quad have identified by the following conditions (equation 10 to 13).

. -Max(R) max (C),

IM(— =) - 0 - (10)
IM(MGZI:R:i ) maxiC:' * 3) S 02 _ (1 1)
IM(Max'E;R:I = 3, ma:(C:') S O; _ (12)

Max(R) *3 max(C)=3
4 ! 4 )

IM( > 04 - (13)

From each centre point of the quad (Oi, O2, O3, O4), eight directions (In quad Oy, (O;_R + 0, O,_C + 1),
O _R-1, 0,.C+1),Oi_.R-1, 0,.C+0),(Oi_.R-1, 0,_C-1),(O;_LR-0, O,_C-1),(O1_R+1,
0, _C-1),O_R+1, O;_C+0)and (O_R + 1, O;_C + 1)) travel has been established for finding the
directional points. Each directional travel towards the end point of the quad, if it meets any valid pixel points
(identified by the formula 1) then the same has been tagged (‘t’ series as shown in figure 7) and the same is
stored in an array. The direction points which are located from each quad are represented in figure 8.

Figure. 7. Locating direction pixel from the quad Qrl. Figure. 8. Locating direction pixel from all quads.
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A unique weightage for each point extracted from each direction, junction point and the endpoints and its
directional locations is assigned and considered the same as representing the features (‘).

4. Feature Formations

In the KD Tree Process, 2 division process has been established which included the root process. If the
feature detection process may or may not establish all division since it has been depending on the characters
structures which visited in each quad. Hence the input feature division for KD Tree has been limited to 380
nodes and one root node (381 features). With this, additionally, (8 directions x 4 quads =32) directional pixel
locations which included weightage of one neighbor pixel (1), junction Points (1) and border conditions (1)
(total 32 + 3 > 35 features) are taken into the input of the classifiers.

5. Classification

A successful classifier in the pattern recognition environment, SVM has been used here for the purpose of
classification of the correct characters. It is an effective and productive method when applying multi features
[18]. It is a fruitful algorithm while applying directional features [16] [17] [19] for classifying the unique
character sets. SVM supports high classification of characters by using the features as curvatures[33],
different levels of granularity [20], quad-tree based image partitioning technique and longest-run features [2]
[3] [10] [21], directional and transition features in the vertical and horizontal directions [9], and Rectangle
Histogram Oriented Gradient [22]. Also, it has provided good outcome when considering certain different
features, for example, octant centroid features, modified shadow features, number of loops and longest run
features [21].

In order to use SVM with Radial Basis Function, we assume that, if there are two classes, the training
data (X) which belongs to both classes are represented in the hyperplane. The classification has been done by
using the W' X + b, where b is the bias and W is a weight factor. The decision must be in the condition of W'
X + b, which will lead this into either positive form or negative form. For multiclass [7], the same experiment
has been implemented in a hierarchical approach. This experiment has implemented in One Vs rest approach.
(N-1) possible terms are established for this experiment. Here, the marginal division for the upper and lower

bound is 2/lwll = 2WEW.

So, maximize the marginal division 2/llwll is equal to minimizing IlwlP

Based on the Karush Kuhm Tucker Theory, the optimization of SVM is
1
Y=Yl — 3 111 ey @ty k(g x) - (14)

Where, k(xi,xx) = xi(k) = exp (-lIxi-xdl? / 267),
(xi,ti) are training data,i=1.2,...,N

a; is Lagrange multiplayer

and, (xi, Xx) is Radial basis function x;(k)

With these key terms, the multiclass SVM with Radial basis function has been implemented to classify the
various classes of Tamil language
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6. Data Collection and Analysis

The character samples are collected from the HP-India [1] and handwritten characters pof people from
Tamilnadu, India. There are no words used for data collection, each character was collected individually. For

these experiments, 10 characters from 12 vowels, 18 & series, three set of combination characters (&, ®i, &,
©h, L, 68T, &, b, LI, LD, W, I, 60, &, Lp, 6T, M, eor, &, wil, A, eBl, 19, ewfl, &, B, L], 1A, ull, A, &9, ail, 7,
aﬂ,ﬂ,sbﬂ,a;p, ﬁ,f,@,m,sbﬁ,ﬁ,ﬁ,lf, Lbu) uf,rF,s‘S’,sﬁ, gva?vﬁveﬁ! @1’-&,!&-’!@.’1®!@J!§1)@1L’!

@, W, (5, &I, 6, (P, 6, MI, I I, S, @), 7F, 2, 6T, 6J, g, 6@, @) are chosen (total 82 characters). Three
hundred samples are collected for each character, totally 24600 samples are gathered. The collected samples
are equally divided into two groups based on their complexity levels. The lower complexity samples formed
the group (G1) and higher complexity characters are clustered in the group (G2). Each group is involved in
this experiment separately and combined manner. Initially, in each group, 100 samples of each character are
taken, for testing and remaining samples are taken into a training phase. For these experiments, three hundred
samples are collected from each character, so this process has to be continued for all other samples as well.
Initial cycle, 100 samples from single characters are chosen for testing while the remaining acts as training
samples. In the next cycle, another 100 will be chosen for testing and the rest of them are considered as
training samples. Finally, the last 100 samples are selected for testing and remaining for the training phase.
The same process continues for the G2 group too. In the end, all samples are mixed where 600 samples are
found for each character. As discussed procedure three cycles followed for these experiments, 200 samples
are collected for testing and the rest of them for training in each cycle of the process. The results achieved for
each process is discussed in the following section.

7. Result and Discussion

As discussed, the experiment was continued in three cycles for each group, the success rate of each cycle for
the group G1 has been listed in the following table (tablel). The handwritten complexities of this group’s
characters are very low, so the recognition result of the same had crossed above 90%. Comparatively, the
success rates produced by the vowels are relatively lower. The main reason behind this is because two similar
shape characters are found in the vowels group.

The positive possibilities for this experiment are fairly high. Most of the samples are recognizable by
this algorithmic procedure. The failure rate of each group has been just less than 7% in each group. The
failure of the characters in vowels is sp and g, where numerous numbers of writers are missing the circle on
the bottom part character p. This algorithm is sensitive to locate this, but sometimes it failed. The same issue
occurs among characters st and ey. In & series and combinational characters, the failures are as a result of
personalized writing styles of individual writers. The issues continued highly on the characters sv and eu, the
main reason behind this is the handwriting style of eu looks like sv. The graph (figure 9) represents the
resulting discussion of the group G1

Table 1. Success rate analysis of groupl

Character Testing  Success Success  Success

Group set Samples Rate 1 Rate 2 Rate 3

Gl Vowels 100 90.6 92.7 94

& series 100 92.05 94.3 95.1
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&\ to 6vfl 100 9222 94,67 935
& to 6vf 100 93.94 94.78 93.89
& to 6Bl 100 94.55 94.67 94.83

82 to 86% of success rate has been achieved for the characters in the group2 as discussed in table 2. This is a
valuable result for this group of characters. The unique character gets success here; especially the characters

‘L, ‘w’, ‘p’, and the same combination with other groups also are providing a success rate well above 95%.
The characters ewr, ewfl, ewf, and e are successfully recognized here since all samples of these characters

are independent. Occasionally this series is misclassified with esr since writers write the character esor like eor.

Table 2. Success rate analysis of group2

Group Character Testing Success  Success  Success
set Samples Rate 1 Rate 2 Rate 3
Vowels 100 83.3 82.7 86
& series 100 852 85.67 85.83
G2 &l to 6ol 100 8489 8417 8506
& to oof 100 8406 8478 8472
& to @I 100 85.3 85 86.39

Due to the writer's mistake, the confusion among the various characters is increased. Even confusion is found
among the characters &, 5, of, &, B, ¥, because when writers are writing % like pf and @) like pjl. A minor

shape’s location varies on the right top portion of the m may be confused with B. Some writers write the

character & like § as they missed to write a curve in the left bottom of the character. The same issues can
happen in other characters also.

In the combined group, all samples are used for classification purpose. As discussed earlier, 600
samples of each character are tested in three groups. The success rate of this is higher than the G2 group. The
following table (table 3) shows the resulting rate achieved for all samples. Confusion among the characters is
reduced here.

Table 3. Success rate analysis of groupl and group2

Character Testing  Success  Success Success

Group set Samples Rate 1 Rate 2 Rate 3
g; and yowels 200 89.45 88.1 87.85
& series 200 89.72 8944 8878

Htoefl 200 88.28 8825 8797




& 1o af

& to s

200 88.5

200 88.89

89.39 89.42

89.5 89.22
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As per the analysis, the success rate depends on the real shape of the characters as well. That is, the
handwritten characters which contain real shape also must be included in the training samples to predict the
unshaped characters. The following table (table 4) shows the comparative study of the success rate of each
group. Additionally, the success rate also depends on the unique feature values of each character set. This
algorithmic combination has successfully faced the challenges in deciphering the writer's complexity. Table 5
describes the results achieved from variouse works and the proposed works.

The success depends on the following factors

* KD tree locates the location of each characters sample
* Direction point also considers the location and variation in the location of the particular character

portion

* Both algorithms consider the location, direction based on the structure of the shape, where the
location of each shape is considered highly which leads to positive results

Table 4. Success rate Comparisons

Group

Success Rate 1~ Success Rate

2 Success Rate 3

Gl

G2

Gl and G2

92.88 94.38
84.68 84.63
88.92 89.02

94.29

85.56

88.73

Table 5. Results comparison among the various Tamil handwritech characters recognition works

Paper Ref Algorithm Used Characters Results
Count
Ref —[25] (Rajashekararadhya et al.) Zoning, Neural 10 Nos 96%
network classifier
Ref —[24] (Subashini et al.) SAIF, K-MEAN - 87%
Ref-[10] Ritesh Sarkhel et al. CNN 10 Nos 99.7%
Ref - [26] (Shanthi et al.) Zoning, SVM 34 Nos 82.4%
. . Vertical and word
Ref - [12] (Sigappi et al.) profile, HMM Words-40 Nos 90%
Proposed KD-Tree 82 Nos 88- 89%

Drectioanl, SVM
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7.1. Challenging Factors

Several challenging factors were confronted by this experimental analysis.

* The character confusion as a result of personalized writing styles by individual writers
among many characters.

* Location mismatch may create confusion among the characters

* Minor variation in similar shape characters is misclassified as another character altogether

* Missing some portion of unique characters also leads to misclassification

* Adding unnecessary portion such as in the case of italic writing also predicts the negative
results

8. Conclusion

With a concentration in location, KD-tree and directional pixel location algorithmic procedure are
experimented to extract features from the character image. The features are trained and tested in the SVM
classifier for predicting the correct characters. 88 to 89% accuracy has been achieved by this experimental
analysis. This process was experimentally successful for a specified set of characters and its samples. This
experiment has been established to test the algorithmic procedure which is highly focused on location. This
can fit into a specific group of character with a variation. As per the analysis, a shape based algorithmic
procedures are also needed to handle the challenges towards similar shapes.
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Algorithms for certain classes of Tamil Spelling correction

Muthiah Annamalai*, T. Shrinivasan
ezhillang@gmail.com

1. Introduction

Tamil language has an agglutinative, diglossic, alpha-syllabary structure which provides a significant
combinatorial explosion of morphological forms all of which are effectively used in Tamil prose, poetry from
antiquity to the modern age in an unbroken chain of continuity.

However, for the language understanding, spelling correction purposes some of these present
challenges as out-of-dictionary words. In this paper the authors propose algorithmic techniques to handle

specific problems of conjoined-words (out-of-dictionary) e.g. GlgsrmsvsTHMY = GHedTmsL + HTHMY When
parts are alone present in word-list in efficient way. Morphological structure of Tamil makes it necessary to

depend on synthesis-analysis approach and dictionary lists will never be sufficient to truly capture the
language.

1.1 State of The Art

Many popular spell-checking applications have advanced state of the art in Tamil spelling correction but their
methods are sometimes opaque. The work of Rajaraman(Vaani) [14] and Dr. Vasu Renganathan [13] remain
popular in the interwebs, while Google has used hunspell/aspell variants with affix dictionary of Thamizha
collaborative [15] to create spelling support of Tamil text in Google Docs product - without contributing back
much. Whereas, the input method editor for Apple iOS and such from Murasu Anjal team is proprietary [16].
Our own work of solthiruthi is nascent and performs somewhat slowly due to overzealous searches, and not
ready for production; however, that does not mean inferiority in class of corrections it is capable of - some of
which is shared in this paper.

1.2 Overview

Authors propose some algorithms to identify and correct conjoined words; algorithms forMayangoli letter
transposition/substitution error correction; algorithms are proposed for correcting typographical errors
originating from keyboard layouts. Authors also propose using machine-learning / deep-neural network based
techniques to (a) identify a Tamil word sequence as valid word or mis- spelled word. Tamil misspelled letters
can be collected using crowd-sourced format and used as training data for a Tamil based Deep Neural
Network (DNN) for the purpose of classifying correctly spelled and misspelled words. Further, Tamil verb
declension problem can also perhaps be resolved using the big-data AI/ML approaches.

We also present algorithmic techniques to optimize a spell-checker implementation, to detect the
presence of Tamil unicode character in unicode-point quickly, and also algorithm to detect foreign- language
words in Tami and substitute with equivalent (when available, or acceptable Tamil form). While some of
these techniques are common, this work shows the algorithms in Tamil language context, and their novelties
are elucidated in this work.
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2. Edit Distance Search Algorithm

Basic spell checker algorithm for Tamil is laid out in [1] by team of Prof. Geetha, Dhanabalan and co-workers
which includes verb declension, affix removal, morpheme extraction and then applying corrections to root
word and then synthesizing it.

2.1. Norving Algorithm

A simpler algorithm for correcting Tamil words is to directly apply the Edit distance algorithm - popularly
referred to as the Norving-algorithm [2.4]. This algorithm essentially computes for each letter in a word the
possibility that the letter at the position in word could be,

1. Deleted,

2. Substituted - with alternate letter

3. [Inserted - with alternate letter
and enumerates through all the alternate forms of input word at edit distance of 2

Clearly the presence of 247 unique Tamil letters (323 including Grantha letters) including the alpha-
syllabary forms explodes the search space for a N-letter word can go as, (247)N or (323)N as you may choose
to implement the algorithm for an edit-distance of upto N letters in word. Clearly not all letters in a word will
be mis-spelled.

Generally the algorithm is limited to searching 2 or 3 edit distance. For an N letter word, we have
then nCz x 323 x 323 options or n~C3 x 323 x 323 options respectively for the chosen edit-distance.
Judiciously implementing this algorithm is key to having a data-driven spell-checker perhaps by tree-pruning
techniques [11].

The implementation in Open-Tamil solthiruthi module is the following which generates suggestions
which are filtered against a dictionary (typically represented as Trie data structure [8]. This edit-distance
search occurs in spelling correction in Mayangoli correction, and Typographical error correction as well as
described in the sections below.

def norvig_suggestor(word:list,alphabets=tamil_letters,nedits=1 limit=float("inf")):
# recursive method for edit distance > 1
if nedits > 1:
result = []
for nAlternate in norvig_suggestor(wordL ,alphabets,nedits-1,limit-len(result)):
if len(result) > limit:
break
result.extend( norvig_suggestor(nAlternate alphabets, 1 limit-len(result)) )
return set(result)

ta_splits =[ [u"" join(wordL[:idx-1]),u"" join(wordL[idx:])] for idx in range(len(wordL) + 1)]
#pprint( ta_splits )

ta_deletes =[a+ b[l:] for a, b in ta_splits if b]

ta_transposes = [a + b[1] + b[0] + b[2:] for a, b in ta_splits if len(b)>1]

ta_replaces =[a+ c + b[1:] for a, b in ta_splits for c in alphabets ]

ta_replaces2 =[c+ b for a,b in ta_splits for c in alphabets ]

ta_inserts =[a+c+b for a,b in ta_splits for c in alphabets]

# TODO: add a normalizing pass word words in vowel+consonant forms to eliminate dangling ligatures
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return set(ta_deletes + ta_transposes + ta_replaces + ta_replaces2 + ta_inserts )
2.2. Driver Algorithm for Spell Checker
QaTsvglmGHlullev sHewflevt] Blrev Gl iiwGeuenTiquig (3)g1Geu:
1. o smaf® QEsTHSsUL L QFTe) FLTOTST, HVVE SUDTERTSHT ?
2. geauprer QFTeD 616D LIL F&HF6D HH6T LOTMHMBISHET 6T6dTGl6vT6dT6r 7
As per the above algorithm, we correct only words not in dictionary. This is non-word error correcting
algorithm - i.e. it corrects only words not in dictionary. This algorithm won’t correct word-sense
disambiguation type errors, homonyms etc. - i.e. the in-dictionary word error which occurs out of place in

text. Algorithm will iterate through the words in text and generate alternates using best effort for the wrong
word and send them to user (replacing per user choice).

3. Mayangoli Letter Transposition/Substitution Error Correction

SL01Pl6L 2_irer wBIGlETed TSSIH6T BHT6iT @, suflewaFuilsd Byewivdssvrid [9],
® w, 1, or sulflens.
® 5, pauflens.
® 5, oor, ot suflews.
® &, p, suflewe.
QT glmGHlullev sHewflev] Blrev Gl iiwGeuetnriguig (3)g1Geu:
1. 2 simaf @ QsTHSSUL L QFTed FILTOTST, HVVSI HUDTETHT?

2. gauprest QFTeL 61651 LI FSHH6D HH6T LOTMH MBI 6T 6T63T6)63T63T6HT ?

WPBHV Lilgewul sTaflGTSE (1 WHWBTTSIeW ClaTeT(H GlFwsLLI(HGH6VTD. @)Hemest spLictT-gLolp (open-

tamil) solthiruthi @gm@LiLilsv Tamil VU llesr osrraleww Qamenr® CFwsvuBdbslujer@armid. &ifluwimer
Qermser, Ssreug Geui sthss, yswrisgd wmmid Frpg Uflssliul L QFrhaHsr emeardgib
Frref] WersrrHluilsd sremreorid. &)g1Gsu staflgmer Lilg.

Qrewi_rougl LysTeT 9@ CFraglnsdullst AplilpGn, FTH5IHGL, psIwLTETS);
@bs udlailey sriitg WWBICSTES TG LlewpBener F(HSHVTID 6TeTMI FloV  6TEHIT 6T HBIS DT
FIIN&SCmeir. o srrenrid 2 engullesr QFTsd “Lemd” sTeirLig) LilswLp sTeiTmy SHevorLPluilii’ L g). &g
LIeiTemiD, VsV LD sTHTYI G)(h THDBIGEET STRSSTENT BlwaTSHTID F)Fever Llewipwrs
2 gref(y) CFiigisrarTi. @)Bi@ em-e0-1p WWSSD STeRTUILBHSIDS. @)FHewer sHewflest] “Lisvd”, “Lipid”
TOTMID  WIHMIEHEDET 2 (HhauTdhdl @)l  asrrgluley 2 siremeupsmn WL HGW  sugsHL1g
TWSSTOT(HHE Uflbgenr GlaiiwGeuesr(HLd.
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@smer  CQETevTR  HwewrsHgGl  WwWBIGET  Uwpsemer HwmSSHID @  HeiTeww  GlEmenwTL

QFTLH (HSBleIW 2 (HeUTHHEITLD. 2 &TT6sTLD,

sueri&S Blemevuiled 2 _sirer, $HELITF G6TEILIT(HSIT suigeuswLoLILileD 2 siTem GlFTeLS (Hdbd gpLIGT-SLOLD
Qg r@LiLlsev sremreurid: [erdafldbens: @)a1 @)eTanid GlLrg) LweTLITL 19MH & QUT(HdHSLOTEETSH6V6V]

:~/devel/open-tamil$ /spell.sh -i

>> erib
Q&Fmsv “LiaTid” LormH MBI 6T

(0) uid, (1) werg, (2) 2_erw, (3) wer, (4) erid, (5) yarip, (6) Lipid

@61 QFwpedm HLpaHeTL suT(h ewLGHeT Cumflulley emwwd ()L b Fr(HhEs ST ETremrors

constructor wmmyib Asv comment/ gpltiyssT riiuL_ailssnev:

class Mayangoli:

Varisai - [[ ullsi)ll’ u g) ,U"dT"],[U"fr", U"'Q")"],[U"E,",U"GZ')T",U"GD"UT"],[U"@",U"@"]]#Wﬂmf.

@staticmethod

def run(word letters):
obj = Mayangoli(word letters)
obj.find_letter_positions()
if len(obj.matches_and_positions) == 0:

return []

obj.find_correspondents()
obj.generate_word_alternates()
return obj.alternates

def find_letter_positions(self):
for idx letter in enumerate(self.letters):
p = tamil.utf8 splitMeiUyir(letter)
if len(p) == 1:
continue
mei,uyir=p
for r in range(0,len(Mayangoli.varisai)):
for c in range(0,len(Mayangoli.varisai[r])):
if mei == Mayangoli.varisai[r][c]:
self.matches_and_positions.append((idx,r,c))
return len(self.matches_and_positions) > 0
def find_correspondents(self):
for pos.r.c in self.matches_and_positions:
src_letter = self.letters[pos]
_,src_uyir = tamil.utf8.splitMeiUyir(src_letter)
alt_letters = list()
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for alternate_mei in Mayangoli.varisai[r]:
alt_letters.append( tamil.utf8 joinMeiUyir(alternate_mei,src_uyir) )
self.pos_classes.append(alt_letters)
return True
def _generate_combinations(self):
return itertools.product(*self.pos_classes)
def generate_word_alternates(self):
for position_sub in self._generate_combinations():
alt_letters = copy.copy(self letters)
if _DEBUG: pprint.pprint(position_sub)
idx =0
for pos.r.c in self.matches_and_positions:
alt_letters[pos] = position_sub[idx]
dx +=1
word_alt = u".join(alt_letters)
self.alternates.append(word_alt)
return True

4. Algorithm For Conjoined Word Recognition

[@sermsvasrhm = Ggeiimsv + srhHm | @) CFrHEEph QFTed HTTHUiled @) HHSTIIT dn L
Qewesthg CFTed BrTHulled @) HbHETH. @)bwest FNHETOS CFTLS HHHlB6T Llewp eT6dTMI
QFTsvgYId. yerTed @)BH% ClFwsdwswpullesrred BTd Feumenm Lflggt urisg Fflwmer Glamsv
6TEOTMI &H6UTL_ M UIGOTLD.

@b ClFweO e spLiLieT SO GlsTEGHLLlsL (&)sueurmy:

class OttruSplit:

i

wrilspns = [w + ilspns], [wri, @spns] [wrils, yppsl, [wrmsprss,e ™"
def run(self lexicon):

self.generate_splits()

return self filter(lexicon)
def generate_splits(self):

wirrlsprs =
s, sy P
[ @]
[wrils, oypng],
[wrisgss, o ]]

L = len(self letters)-1
for idx letter in enumerate(self letters):
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if not( letter in tamil.utf8.grantha_uyirmei_letters):
continue
muthal = idx == 0 and u"" or u"" join(self letters[0:idx])
meethi = idx ==L and u"" or u"" join(self letters[idx+1:])
mei,uyir = tamil.utf8.splitMeiUyir(letter)
muthal = muthal + mei
meethi = uyir + meethi
self.results.append([muthal ,meethi])
return len(self.results) > 0

nn

nn

def filter(self,lexicon):
self results = list( filter(lambda x: all( map(lexicon.isWord x) ),self.results) )
return self.results

5. Typographical Error Correction In Tamil
BTeug Sl SN Vg IjepF Gurerm aflengseaflsr aufl 2 draf®h GFuisnsullsy
assItilewpser aupbgiallBb. @gemer erliulg Ffuriiug ? fe QFwOWPsdDEHDT @)FSNHTH

W rerevrd. @) ser allfleursir s Hevrenw @)mi@ srewreomrid [10].

L
F - om 2 B & & —
am -~ g2 2 @& @ 1 C]
o
6 — 67 6T g3 & 2= T @ N
M = [ & 6 &8 g n
m - & U & 6 en = ™S 3
w
& - L BLbUSpD . =
L - e 5 L U ar =} E = :/
@ - &5 S5 L L -
o
F - WE S5 e o N L
&% - W pF w - 33
@ a
S - & £ g ® § =
8 -2:m 2 g o gy [o0) 5
e ~gmeem @F = o (=% 2
@ -6 @ 2 om ™~ 8
T — D & & § 8 6 6 © E E
& — &7 U M 6 6 6T [ LL(Q
U=-L b6 m& D ar G\ G
2 (=]
L - @ ST O U e L “-m
& - F b YT L L m-;_;
P-@uy s s . @
w-3% & s 6\]
2l on G gp
gom — 2 9 D E @ E
¢ T 8 G EN e.) l/l
p-aasm &
N - & m g 6 @
WU s wil <
O - 1y mud - @u <:|
. ) T c
T-5 P& WS 3 “—
Y -B7 B0 —

Figure: (left) confusion matrix for Tamil-99 keyboard, (right) Keyboard layout - Tamil-99.
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@bs VCHTN BBl BIrevrssEid @)m1E @liueT SOl Sriged CFrssliLl L gl @)Heer BhidsT
YwCsL 60l @)L 1b GarT(hssred 2398 aflswL 6T SlewL_&@ — Ysreugl o 4-sTwdg GFTsvedlssr
4-s1sg1 CsTemsvailsy 2 drer FHSHmIGET sTVVOTUDMDUILD CHHEUBTE) 2 WTL TGHD HH6usD
Qeusirer1QLI(h @, FTaTremiwTs 1 6evevg 2 sTwsaititlenwser wL HGW o srerer sTeTLIg)
opellwereriser senflliy. @ews BT GFwsbu@SaHIb ‘tree pruning search’ 90G &I gD
auemsuilermed BTD 56 wrHMBISERSGT WL HCW CHLvEemar BLgF @)hs S L Fe emsbaired

SHeurmrest 2 sref 19 D& Hi6y STewreUrLD.

@)seir Fsassv jerey [computational complexity] steirgi, spm N-sTd I ClFTeL 6TedTH GlBT6HTL_T6D,
Oki xky x ks ... ko ) = O(k" ) er6drmy 9yFla Ll Fors @) hdbsHe0rid eredrmy [e78sm sp(m k > 0 erevvremrmrev]

eTedTm BibLomed Sri_L_(piguid. This is also a variant of edit-distance search.

# explore all edit distances - i.e. len(word_in) or only upto value in ed.
# we can restrict the edit distance search to any value from [1-N]
def oridam_generate_patterns(word_in,cm,ed=1level=0,pos=0 candidates=None):

nmn mnonnn

ed = 1 by default, pos - internal variable for algorithm
alternates = cm.get(word_in[pos],[])
if not candidates:
candidates = []
assert ed <= len(word_in), 'edit distance has to be comparable to word size [ins/del not explored]'
if (pos >len(word_in)) or ed == 0:
return candidates
pfx="
sfx ="
curr_candidates = []
for p in range(0,pos):
pfx = pfx + word_in[p]
for p in range(pos+1,len(word_in)):
sfx = sfx + word_in[p]
for alt in alternates:
word_alt = pfx + alt + sfx
if not (word_alt in candidates):
candidates.append( word_alt )
curr_candidates.append( word_alt )
for n_pos in range(pos,len(word_in)):
# already what we have ' candidates ' of this round are edit-distance 1
for word in curr_candidates:
oridam_generate_patterns(word,cm,ed-1,level+1,n_pos,candidates)
if level == 0:
#candidates.append(word_in)
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for n_pos in range(pos,len(word_in)):
oridam_generate_patterns(word_in,cm,ed, level+1,n_pos,candidates)
return candidates

def corrections(word_in dictionary keyboard_cm,ed=2):
nmn
@input: word_in - input word
dictionary - dictionaryl/lexicon
keyboard_cm - confusion matrix for keyboard in question
nmn
assert isinstance(dictionary Dictionary)
candidates = oridam_generate_patterns(word_in,keyboard_cm,ed)
#TBD: score candidates by n-gram probability of language model occurrence
#etc. or edit distance from source word etc.
return list(filter(dictionary.isWord ,candidates))

6. AI/MI1 Approaches to Tamil Spelling Correction

Wide-spread success of various tasks like image recognition [6] which surpasses human level cognition in
this task, and significant improvements in speech synthesis and speech recognition have demonstrated A.IL.
and Machine Learning methods suitable for these tasks, Sequence to sequence models including Recurrent
Neural Networks (RNN), Long Short-term Memory (LSTM), and Word2Vec type representations of Neural
Networks have enabled high success rate in translation, concordance tasks [7].

6.1 Anomaly Detection to Reduce Processing

Currently spelling correction is required in less than 25% of user input which remains perhaps requiring deep
analysis and complex algorithms. To improve speed of spelling correction we can also take the approach of
training a AI/ML based system to declarate word or text as valid Tamil word - this can (in principle)
automatically resolve 75% of input text and free up the time required for the complex analysis. Such
heuristics can allow using anomaly detection algorithms for proper identification of the errors in the text and
filter the computational load on the spell checking program.

Further, Tamil misspelled letters can be collected using crowd-sourced format and used as training
data for a Tamil based Deep Neural Network (DNN) for the purpose of classifying correctly spelled and
misspelled words. Further, Tamil verb declension problem (see: Rajam Krishnan) can also perhaps be
resolved using the big-data AI/ML approaches.

6.2. Word Sense Disambiguation

1) oe1@u Asuid. 2) 6sTGLI Feuld

Both the sentences contain legal words from a Tamil Lexicon but only one makes sense [12]. The simple
minded non-word error correcting spell-checker will not be able to tell them apart.The simple way to tell
them apart is to wuse a concordance database for Tamil and find the words co-occurring
successors/predecessors and offer alternate. Yet another way is to find the word-level bi-gram, tri-gram
probability distribution from a language model for Tamil and use it to identify #euib is not a highly probable

successor to '9jesrGu’ thereby determining such an instance could trigger the suitable search and replacement.
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6.3 Algorithm for Foreign-Language Word Substitution

In a previous research article we proposed a fully feed-forward ANN which was capable of identifying non-
tamil words in text as well as English text (originally reported in [17]).

We propose a simple algorithm which can use the above Al classifier and extract this word and look
up equivalent Tamil word for English or other language text using a parallel dictionary. Updating the word
for the tense and any morphological processing we can replace the anglicized word in Tamil script with an
equivalent Tamil word.

6.4 Computational Complexity

We try to answer the question of complexity of Tamil language spell-checker algorithm in various contexts. It
seems the correction of Tamil words in text will be somewhere between exponential in number of letters of
word - clearly the substitution cases are shown to be exponentially complex in number of letters.The
complexity of affix removal is polynomial in the number of affixes.

7. Optimizing A Spell Checker Implementation

We can propose techniques for how to improve speed of spell checker.

7.1 Algorithm for Fast Unicode Letter Detection

Text containing a mix of Tamil and English (or other language scripts) can be quickly eliminated by using the
check if a character falls into the Tamil Unicode block in basic block range. This check eliminates a character
in analyzed text from further complex processing. In Python3, the following function performs the Unicode
Tamil letter/character detection.

is_tamil_unicode_predicate = lambda x: x >= chr(2946) and x <= chr(3066)

7.2. Performance Engineering

7.2.1. Caching Results

A given text for spelling correction can be grouped into a series of words, excluding stop words. Now we can
make spell checker save suggestion list for each mis-spelled word (non-word) and re-use the suggestions list
from cache the second and later times when word is mis-spelled identically in the document. The same mis-
spelling can, however, have different correct words in the document at each site depending on context and
only be replaced upto first order approximation in “white-washed” fashion. Caching has a potential to restore
performance of spell checker.

7.2.2. Multi-Threading/Multi-Processing

The non-word errors suggestion generation and morphological processing can be carried out in parallel in the
whole document, perhaps by a producer-consumer model serviced by a dozen(s) of worker threads which all
generate suggestions for non-word errors including caching as mentioned above. Such an architecture of
spelling checker could improve speed.

7.2.3. Redis / Distributed Db

The memory performance of the spelling checker can be offloaded to a remote machine by requesting a
distributed data-based to hold the dictionary or trie form of the word-list/Lexicon. This may be suitable for
production environments.



184

8. Conclusion

In this paper we have attempted to make a summary of various known algorithms for specific classes of
Tamil spelling errors. We believe this collection of suggestions to improve future spelling checkers. We also
note do not cover many important techniques like affix removal and other such techniques of key importance
in rule-based spell checkers.
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Abstract. We present an unsupervised approach for exploring morphology using word embedding. Our
method builds a morphological generator based on morpho-lexical senses. We evaluate this approach using a
morphologically rich language(Tamil). We show this approach is capable of analyzing a wide range of
morphological regularities in embedded space for morphologically rich languages. Our approach gains
importance since it requires less manual effort compared to prior approaches to build such tools.

Keywords: Neural embedding, morphology, morpho-lexical sense, morphologically rich language,
morphologically poor language, regularities

1. Introduction

Morphological analysis is used for many tasks in Natural Language Processing (NLP) including text retrieval
[1], speech recognition [2], automatic translation and dictionary automation [3]. Morphology is the system
involved in word formation or in the branch of linguistics that deals with words, their internal structure, and
how they are formed [4]. Morphological features differ among languages where some languages use the order
of words to represent grammatical information while other languages embed this information within words
using morphology. Morphologically Rich Languages (MRLs) are the languages in which substantial
grammatical information, i.e., information concerning the arrangement of words into syntactic units or cues to
syntactic relations, is expressed at word level [5]. The morpheme is the smallest grammatical part of a
language that has a morpho-lexical sense (MLS). Morphemes can be used to generate different morphological
forms of a root word. For example, the word “played” is created by integrating the morpheme “ed” (i.e., past
tense morpheme) with the stem “play” (i.e., root verb).

Morphological analysis and generation are essential steps in any NLP tasks [6]. Morphological
analyser analyses the morphemes in a word while the morphological generator generates the desired
morphologically inflected form of the root. Previous approaches used rules-based, [7], POS tag based and
word embedding based [8] [9] techniques to analyse or generate morphology [10]. Among these approaches,
most of the existing morphological analysis and generation were carried out using rule based approach. But
the difficulty in solving inflections and exceptions of the language [6], difficulty in solving ambiguity [7], and
the need for human efforts are the main limitations in the rule based morphological analysis. Since word
embedding use vector representations, it differs from other methods with its ability to perform arithmetic
operations with words

Word Embedding represents a word as a real-valued vector, plays an important role in building word
vectors based on the contexts in a corpus [11]. These vector representations help to the semantic and syntactic
regularities in a language [9]. Specifically, these linguistic regularities are observed as constant vector offsets
between pairs of words sharing a particular relationship, e.g. “clothes is to shirt as dish is to bowl”
(clothes:shirt::dish:bowl) [9]. Current research works on linguistic regularities in word embeddings focus on
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the so-called “proportional analogies” of a:b::c:d kind [12]. Morphological regularities are the morphology
based linguistic regularities captured in the word embedded space. “See is to sees as return is?” will capture
the present-third party-singular form of the root verb “return”. Mikolov et al. [9] and Soricut et al. [13]
exploited these morphological regularities in an unsupervised learning

Pre-existing works on word embedding based morphological analysis tried to solve this issue using the
morphological regularities. In this paper, we present a tool to explore morphological regularities in depth
beyond simple arithmetic operations. This tool can be served as A Morpho-Lexical Sense based Tamil
Morphological Generator.

2. Related Works

In this section, we have discussed the prior works in Morphological regularities in neural word embeddings.
Many recent research works have been carried out in word representations via word embeddings [6] [14] [15]
and we can see, there is a growing trend in utilizing neural word embeddings for NLP applications. It has
been proved that word embeddings capture both syntactic and semantic properties of natural languages [9].
Later, continuous word embeddings or neural embeddings have been shown to capture morphological
similarity using different models such as subword and character-based word embedding model [16], log-
bilinear model [17], and techniques such as implicitly using morphological information [18].

Previous research works have explored the morphological regularities exhibited in the word
embedding vector space [8] [5] [13]. Most of these research works are on affix based unsupervised methods
[8] [13]. The Google analogy test [5] which contains 9 morphological categories [12], is a break-through in
morphological regularities based analysis. Later Soricut and Och [13] exploited these regularities to generate
affix based morphological transformation rules in an unsupervised, language-agnostic fashion. They showed
that their method is capable of discovering a wide range of morphological rules, which in turn were used to
build morphological analyzers and they have evaluated the method across six different languages [13].
Arihant Gupta et al. [8] improved this approach to exploit morphological regularities present in high
dimensional vector spaces.

In contrast to the prior approaches, the work presented here is able to capture the morphological
regularities using morpho-lexical senses rather than the affix based pattern matching approach. To the best of
our knowledge, this is a novel approach to manipulate morphology using its morpho-lexical senses.
Morpheme level analysis is carried out in the embedded space and subsequently, this study helped to derive a
word embedding based morphological generator for Tamil.

3. Background

Morphology is a concept that deals with the systematic correspondence between the meaning and the form of
words. Inflection and word-formation domains are comprised under the study of these regularities. Inflection
deals with the morphosyntactic properties while word formation deals with the creation of new (complex)
words by various morphological mechanisms such as affixation, truncation, and alterations. Morphology
plays an important role in word formation with the help of morphemes. For example, in the word
“reconsideration”, the prefix “re” and the suffix “ation” are the affixes (i.e.: word attachment that adds a
different meaning to the word) with the stem “consider”. Most of the word embedding based morphological
analyzers capture only the suffixes and prefixes [8] [13]. But in MRLs, more than one morphemes will be

embedded into an affix. An example of this is discussed using the Tamil word “@)BHSg1” (irunthathu).
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@) mbsgl (irunthathu) = @)@ (iru) (Root Verb) + pagy (inthathu) (suffix)

bag (inthathu) (Suffix) = kg (inthth) (Past Tense Marker) + 2 (u) (Verbal Participle
Suffix) + &g (athu) (Genitive Case)

@)\mbssl (irunthathu) = @)@ (iru) (Root Verb) + b4 (inthth) (Past Tense Marker) +

2 (u) (Verbal Participle Suffix) + =g (athu) (Genitive case)

The suffix in this example contains past tense morphemes, verbal participle morpheme and genitive case
morphemes. Further, each morpheme contains an MLS that integrate a piece of information to the word. e.g.:
The past tense morpheme is the reason for the tense of this word. Most of the existing models work at the
suffix level and are not able to capture the morphemes within the suffix. We experiment with the ability of
word embedding in manipulating words at the morpheme level.

4. A Tool for Tamil Morphological Regularities Based On Word Embeddings

We introduce a MLS based morphological generator which works with any inflected form without being
restricted to the root form. In order to build an MLS based morphological generator, we have found
morphemes and their MLSs from the language and mapped the MLSs with some admissible words. The
Table I shows the mapping of MLSs and the admissible words for the English Language.

Morpho-lexical sense Admissible words
Tense Past Tense Yesterday, past
Present Tense Today, present
Future Tense Tomorrow, future
Gender Masculine form He
Feminine form She
Party information First party I, We
Second party You
Third party They, It, He. She,

Table 1: Mapping of morpho-lexical sense with admissible words

In the table I , we have addressed three MLS such as tense, gender and party information with the sub-
divisions in the MLS and corresponding admissible words of the MLSs. According to our implementation,
the desired morphological forms of the source verb can be generated using word vectors as follows:

The source — (MLS of the source) + (MLS of the target) (*)

For example, by mapping the MLSs with the admissible words, the operation (“played”) -
(“yesterday”) + (“today”) will generate the word “play” using the embedded space. Proposed
morphologyGenerator() algorithm based on the operation (*) generates the target words using MLSs of the
source and the target. This sense is mapped using admissible words. Later, the top N closest words to the
resulting vector are identified based on the cosine similarity. Theoretically, the closest word should be the
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target morphological form. But the model struggled to produce accurate results because of noise and low
occurrences of these words. To overcome these issues, an additional rule based filter is used to retrieve the
most probable word from the closest N words. This filter returns the closest word which contains the first
letter and last letter the same as the expected output. This algorithm requires the characteristics (form, gender,
party, tense, etc...) of the source and target as input and returns the relevant morphological form of the word.

TAMIL MORPHOLOGY GENERATOR

Root Verb (eSlenensQsmed

Slilg)

Admissible Words for

gender-party/Count )

RESULTS

Root Verb (dllenen&Qaned i) : Cua

Admissible Words for gender-party/Count : Sjeuer

eflenensamed
(Verb)

smeud (Time)

cused (Sentence)

Sphm (Yesterday) Cuélenmen

\ » o - . Dl <D|EUEHT
@enm (Today) Cusdlenpres

prenar (Tomrrow) Cuseumes

Figure 1: Graphical User Interface of our Tamil Morphological Generator Tool using the Word “Gua “
(Pesu - speak). Once the user types in the verb of interest and choose the admissable word for gender and
count the tool will list all learned morphological forms in three tenses along with example sentences.

5. Experiment

We detail the experimental steps in this section. We used skip-gram word embedding technique blazingText
approach to generate the word embedding model. We did an in-depth analysis of the word embedding model
to find how it behaves with morphology. We implemented a morphological generator on top of this model.

An MLS based morphological generator is derived from the MLS based analysis using admissible
words. In this work, we have identified 30 frequently used morphological forms with the help of language
experts in Tamil. 13 morphemes that determine party, gender (masculine, feminine or gender-neutral),
number and tense of a word, are identified to generate these 30 different forms. Empirically we chose the
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best admissible words for each section. Finally, the 30 morphological forms are generated using our
algorithm and selected admissible words (table 3).

Each of the admissible word given in the table portrays the corresponding tense, gender, party, count and
human/non-viable information that embedded in the particular admissible word

Table 3: The admissible words and the respective senses for the morphemes.

Admissible | Sense Admissible Sense
words words
S|QuesT Third party, Male, human prest (nan) First Party,
(avan) (he) (D Singular, Human
oyaus (aval) Third party, Female, Human [BITI S 6T First party, Plural,
(she) (nangal) Human
(we)
Sjeui (avar) Third party, Singular, gender 5 (ni) (you) Second Party,
(he/she) neutral, human Singular, Human
S| EeT Third party, Plural, Human 1515 6T Second party,
(avargal) (ningal) Plural, Human
(they) (you)
<51 (athu) Third Party, Singular, dead, non- GrHmi Past Tense marker
(it) viable and all living beings (nétru)
except human (yesterday)
el Third Party, Plural, dead, non- @)sTm Present Tense
(avai) (they) | viable and all living beings (inru) marker
except human (today)
[BTEDeT Future Tense
(nalai) marker
(tomorrow)

This generator performs differently compared to the standard morphological generators. Rather than
depending only on the root verb, this can perform with an inflected form as well. An inflected form of a word
and integrated morph-lexical sense are required to generate all the target 30 forms. This generator is evaluated
using the manually constructed dataset.

6. Results and Analysis

The results of the experiment is presented in this section. Most of the conceptual experimental results are
evaluated subjectively while the generator is evaluated subjectively as well as objectively. Findings are
analysed for these results.
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A MLS based morphological generator is implemented in this research. The most frequent
morphological forms of a randomly selected word is given in table 7. Table 7 shows the results from the

generator for the stem “Gua" (pesu).

Table 7: Results for the root verb “Gu&” (pesu)(speak) from our Morphological generator for all 30 forms.

G;I;g:: / Gphmi(netru)- @)strmi(intru)-Today | premer(netru)-Tomorrow
Yesterday
. . Gua et mest
i Cgu_ﬁe.zrrrrm Guareuresr (péasuvan)
(avan)(he) (péasinan) (péasukinran)
. . GuaSlstTp reir
Sfeuer Gu_aﬂs.zrrrrm Gugreureir (peasuval)
(aval)(she) (peasinal) (péasukinral)
Sjeuir Cuadlerpmi
(avar)(he/she | Gudlesrmir (péasinar) (peasukinrar) Guareuri (péasuvar)
)
S|6UTH6IT Cuadlermevri
(avargal) Guderi (peasinar) (péasukinranar) Guareuir (péasuvar)
(they)
A Gudwg) Susses Guarib (peasum)
(athu)(it) (peasiyathu) (péasukinrathu)
Jemel . . _
(avai)(them)
. CuagCmedt
wmest (nan)(I) Gu_ﬁ.Gszfrszfr GuaGeueit (peasuven)
(péasinen) (péasukiren)
L . GuaxIGmrid
AITRISAT Gu_aﬂg’a’imrm CuaGsurid (péasuvom)
(nangal)(we) | (péasinom) (péasukirom)
1 (ni) Cuadpmi
(you - - _ o )
singular) (péasukirai)
16 15 6T Cuad S Heir
(nl_ngal) @uﬁeﬁﬁ'&;sﬁ(pe_asme _
rrkal) (péasukireerkal)
(You - plural)

In Table 7, Admissible words that represent the gender, party and number information are given in the first
column of the table. Then for each tense (past, present, future), corresponding inflected forms of the root verb
are generated with the addition of respective admissible words of each tense. Except for some desired forms,
most of the inflected forms of the target word are generated by our morphological generator. The results for

the word “Gu&” (pesu) (speak) is generated with 80% accuracy. The model struggle with unseen words
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which is the main reason for the miss classifications. A detailed objective evaluation is done to analyse the
characteristics of the generator.

7. Conclusion and Future Works

We presented a novel unsupervised Tamil morphological generator that can be easily adapted to any MRL.
This needs only a morphologically rich corpus and no other tools nor a huge manual effort. This tool can be
implemented in other languages and can be used to many applications including machine translation.
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ABSTRACT

Statistics is an art basically involved in collection, interpretation and validation of the data and statistical
data analysis focuses on quantitative research which explores to quantify the data. Quantitative data involves
descriptive data such as observational data and survey data. This paper conceptualized that the length of words in Tamil
is lesser than the length of English equivalent words. The Dataset was constructed with the help of Oxford - English
to Tamil Dictionary and words from alphabet ‘A’ were taken and its lengths were calculated. For both the English and
Tamil equivalents for alphabet ‘A’, the corresponding mean and standard deviation were calculated. Using statistical
analysis, the independent sample T test applied over both the English and Tamil words and the results of level of
significance obtained proves our conceptualization that computing using Tamil language results in less memory
consumption than computing using English.

Keywords: Memory Consumption, Comparison of English versus Tamil equivalent words, word length.

1. INTRODUCTION

Language plays an important role in human’s day to day life. It is the only means for humans through
which they can communicate their thoughts, ideas and exchange opinions with others. Learning a language does
not stop with communication alone. It helps to understand concepts and learn about the existing things in the vast
field of education. There were roughly about 6500 languages which were spoken all over the world over a wide
range of geographical area. Among those languages, there are 2000 languages which still exist in the world with
less than around 1000 speakers. Out of that there are eight ancient languages that are still spoken in the world and
Tamil language is one amongst in the list. Tamil language is around 5000 years old and found to be spoken by
around 78 million people around the world. It is considered as an official language of Srilanka and Singapore.
While English language has a total number of 26 alphabets, Tamil language has 247 alphabets totally and is
famous for its rich vocabulary. [1]Apart from its unique words, its rich grammar makes the language more
powerful. Most of the people still find comfortable reading and writing in Tamil which is also their mother tongue
instead of studying in other languages [2]. Due to the globalization English has taken dominance over the other
languages especially in the field of Education. But still, studying in mother tongue helps students in better
understanding of the subject. Less research has gone into the field of comparison of word lengths and statistical
analysis of English and Tamil. This paved interest in the researchers to do statistical analysis over the word
length of English and Tamil language words.

2. DATASET

Here English words for Alphabet ‘A’ alone with its Tamil Equivalent is collected from the Pocket Oxford
Dictionary considering the complexity of collecting for all the 26 alphabets from the Dictionary. There are about
524 words in A alphabet which has been chosen from the pocket dictionary to construct a dataset. It was found
that the word length for both the English and Tamil words ranges from small length of 2 to around length of 15.
For the 524 word dataset the statistical parameters such as mean, standard deviation, T-score and the P value to
find the level of significance are calculated and the results were tabulated. T test is a type of inferential statistics.
It is mainly used to find the level of significance, i.e., significant decrease between the mean of the two groups.
There are three different types of T test available such as an independent sample t test, a paired sample T test and
a one sample T test.

3. STATISTICAL ANALYSIS
The independent sample T test[3],[4] is also known as two sample T test or student’s T-test. It is an
inferential statistical test which determines whether there is a statistical significance between the two unrelated
groups. Unrelated groups [7],[8] are also known as unpaired groups or independent groups i.e., both the groups
are different and do not possess any dependency over the other.
The T score can be calculated by the formula:

X, —X
= Iw 2 2
ST S5
=+ 2
N, N,

Where N1 is the total number of English words present in the Dataset
N2 is the total number of English words present in the Dataset
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Sd; is the standard deviation of the samples in English words present in the Dataset
Sd, is the standard deviation of the samples in Tamil words present in the Dataset
X is the mean average of the English words in the Dataset
X is the mean average of the Tamil words in the Dataset
The null hypothesis[5],[6] for the independent T-test is that the population averages between the two
unrelated groups are equal. Then: Ho=p1 = p»
Where p, is the Mean of Group 1 and p» is the Mean of Group 2
Hy is the hypothesis stating that mean word length of English and Tamil words are same
Ha is the alternative hypothesis stating that mean word length of English and Tamil words are not same
1.€., L2 <M1,
In the above case the null hypothesis can be rejected considering the two mean populations of English
and Tamil word lengths as equal.
Alternative hypothesis for accepting the statement states that: Ha= p; #
Accept the hypothesis where the mean population between the English and Tamil word lengths is different with
a level of significance. The mean average word length of English and Tamil were calculated from the datasets and the
tabulation is listed below.

4. CALCULATION OF MEAN OF ENGLISH WORDS CONTAINING THREE
ALPHABETS

From the constructed dataset two word lengths are chosen say 3 and 11 with its Tamil Equivalent. There are about
fifteen words in the dataset measuring three characters as length and around fourteen words measuring eleven
characters as length. The rule is to measure the length of both English and Tamil words and also calculate the
mean for the same.

Consider the below example

All = SIMETSHG], (LP(LPEOLOWITEDT
Length of Tamil Word gmmg,gm =4
Length of Tamil Word  (Lp(LR6LOWITEIT = 5

All is a three letter English word that gives two equivalent Tamil meaning of two different length words
say 4 and 5. Among those two words the maximum word length of 5 is chosen for calculating the mean value.
The total number of samples for word length of three is fifteen. The English and Tamil equivalent words and their
word length is listed below in the tabular column

Table 1. Sample data for English word of length three with its Equivalent Tamil word Mean

S.No English Length of the Equivalent Tamil Length of
Alphabets English word Meaning the Tamil
word
2 Art 3 56016V 2
4 Act 3 ,U)'-Q-ULI, Q&u_ld) 4,3
6 Ago 3 (Lp6oTLY 3
8 Axe 3 (g SITLIT Iﬂ 3
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15 Apt 3 QUIT(BSSHLOmeeT

The mathematical formula for calculating the average of English word length is given by:

L N
u1=;* 2 ox;
i=1

w1 is the average word length of all the English words for the alphabet A.
N & n is the total number of English words for the alphabet A.
Xi is the mean length of each English Word.

The mathematical formula for calculating the average of Tamil word length is given by:

N
U2 = —x X xj
"i=1

w1 is the average word length of all the English words for the alphabet A.
N & n is the no. of word samples.

Xj is the mean length of each equivalent word.

2 is the mean word length of the Tamil words.

After calculations, it is observed that the average of English word for length pu1 is 3 and its Equivalent Tamil
word p2 is 3.533.

5. CALCULATION OF MEAN OF ENGLISH WORDS CONTAINING ELEVEN
ALPHABETS
Similarly when the same mean calculation for a word length of eleven is repeated in an English word
and its Equivalent Tamil word, an average word length for English is obtained as 11 and for Tamil it is obtained
as 5.62. It is clearly observed from the above values that the mean word length of Tamil words is lesser than that

of English words.
Table2. Sample data for English word of length eleven with its Equivalent Tamil word Mean
S.No English Length of Equivalent Tamil Length of the
Alphabets the English Meaning Tamil word
word
1 Achievement 11 &1 &6m60T 3
2 Affiliation 11 Q ,Q)"Llju 4
3 Arrangement 11 6j[_f)IJ @ 4
4 Accommodate 11 AL RQsT(H 5
5 Affirmation 11 &ng’]g D IT@ 5
6 Agriculture 11 aNQISMTILILD 5
7 Anniversary 11 %6’0‘0‘[@ o Lom 5
8 Appointment 11 m WILD6TTLD 5
9 Appropriate 11 315 ,fD 5 T6oT 5
10 Archaeology 11 Qg,rrsi)a‘ﬂu_leb 5
11 Adventurous 11 FTSERISET 6
12 Altercation 11 QUTUI& & 650160 6
13 Archipelago 11 ﬁ@.léi&al'_l_Lb 7
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14 Aristocracy 11 19 y il ,5) 3 QULD 7
15 Anesthesia 11 LDUJéBHS LD@LBQ.I 8
16 Ameliorate 11 g’Uu @ Q-J &l 10

6. RESULTS AND DISCUSSION
Table 2 shows the graph of the average values of English and Tamil word of various lengths ranging
from two to thirteen for the alphabet ‘A’. It is observed that the average length of English word is more than the

Tamil word.

N
i

[
o N
1 1

MEAN WORD LENGTH

o N B OO
1

A

1

3 45

WORD COUNT

6 7 8 9 10 11 12

B English Word length
Average pl

Tamil Word length
Average p2

Figl.

7. STATISTICAL ANALYSIS OF ENGLISH WORDS LENGTH OVER TAMIL

Graph for English and Tamil word length Average values Calculated from the dataset

It is observed from the Table 3 that p, <pi, the mean word length of English words is greater than equivalent Tamil
words for a word length of 3 with all the alphabets starting with the letter ‘A’.
W2 >pi, the mean word length of Tamil words is greater than English words for a word length of 3 and above with all the
alphabets starting with the letter ‘A’.

Table 3. Tabulation with calculated T and P values for various word lengths

S.NO N 19 193 SD1 SD2 T Ho=pi-p2 | Ha#pi- P Value
VALUE 19}

1 3 2 2.66 0 1.157 -1 Accepted 0.3739

2 15 3 3.53 0 1.402 -1.3 Accepted 0.186

3 21 4 442 0 2.204 -1.9 Accepted 0.378

4 77 5 4.71 0 0 1.5 Accepted 0.1184

5 105 6 4.92 0 1.523 7.2 Accepted Less than 0.0001
6 78 7 5 0 1.6375 5 Accepted Less than 0.0001
7 76 8 5.78 0 2.276 8.5 Accepted Less than 0.0001
8 84 9 5.66 0 2.3189 11.2 Accepted Less than 0.0001
9 48 10 5.62 0 2.0795 14.6 Accepted Less than 0.0001
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10 14 11 5.62 2.683 12.6 Accepted Less than 0.0001
11 6 12 6 0.5774 5.5 Accepted Less than 0.0001
12 4 13 4.5 0.5774 29.4 Accepted Less than 0.0001
13 1 15 15 4 - Accepted

i -
T

Average Mean length of English words in the dataset
Average Mean length of Tamil words in the dataset

Table 4 has taken into account all the 524 words given in the dictionary for the letter ‘A’ and its equivalent Tamil words
were analysed to test our hypothesis and the results of statistical calculations are given in Table 4.

Table 4. Tabulation with calculated T and P values for N = 524

Parameters English words from | Tamil Equivalents

Alphabet A words from English
Alphabet “A”

Total No. of words, N 524 524

Mean p =7.185 po =5.153

Standard deviation 2.1048 1.9603

T score 16.1721

P Value Less than 0.00001

It is observed from Table 2 that the average mean value for length of English word is greater than the Tamil
word length. From Table 3 it is statistically observed from the T and P values that the length of the English word length
is significantly greater than the Tamil word length. For the total number of 524 words in the dataset the mean average
value of English word length is 7.18 and Tamil word length is 5.15 with a T score of 16.1721.

8.  SAMPLE MEMORY CALCULATION
Consider an example sentence 1

All the glitters are not gold

LO6T50)/621G)G 6D6VITLD GILITEDTS0T6V6V.

For the above example sentence the total number of English words is 24 but the number of Tamil words is 13 which
proves that the number of words in the English sentence is greater than the number of words in the Tamil sentence.
Consider an example sentence 2
A single tree does not make an orchard
@Cre(h I LUPSGCEHTL L 1D &S/

Similarly consider the second sentence consisting of 31 English words totally whereas its equivalent Tamil translation
contains only 18 words proving the same concept. According to ASCII encoding scheme the memory space required to
store a character is one byte. Each byte. is equal to 8 bits. For both English and Tamil 8bits of memory is required to
store a character.

9. MEMORY CONSUMPTION OF ENGLISH AND TAMIL SENTENCES
It is also observed from Table 5 that Tamil sentences require less amount of memory when compared with the
English sentences This proves that English word length is greater than the length of Equivalent Tamil word with a
level of significance of 99.99%.

Table 5. Tabulation for Memory consumption for English and Tamil sentences
PARAMETERS ENGLISH TAMIL

Total Number of characters present in the sentence
1 24 13
Memory space required to store sentence 1 192 bits 104 bits

Total Number of characters present in the sentence
2 31 18
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Memory space required to store sentence 2

248 bits 144 bits

10. CONCLUSION

From the above results, it is evident that predominantly every English word has an equivalent Tamil word with
mean word length in the latter being less than the mean word length in the former. . Hence the misconception about Tamil
language as being very complex, when compared to English proves wrong. Because of lesser word length in Tamil, the
memory space taken in a computer system will be considerably less for Tamil computing when compared with English.
This intends to extend to all alphabets of English to prove that though the number of alphabets in Tamil is far greater than
the number of alphabets in English and the total number of dictionary words in Tamil is very voluminous when compared
with the dictionary words in English, still Tamil word length proves to be lesser than English word length in terms of
computing.
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Seoslledll Ul SO GLom Pl SHmey - HNNGHSH6
(Computer-Aided Learning and Teaching of Tamil)
0D Bleveroiw LAER® - 0 088

&. et Uy (BlisHluwin)

(LPeDTED)60] 2 =

Q& nestemnd QeI F&FSD aeg&FSaubd 260w SOPGLIPLITETg SHODEIGH, Bambms,
w@evdAwiT, ABIFLILLT b BI\SH6(6 smLGr s, (PSRRI PWITSS
SNNISQHIOSHSIU. QeuGANG. SN6uIg Gurfawen, () Cumedty  Br(hlEeMeYd i  eurDd
g)Lf)lEQqasm HOPS FHeVelHG, @aaaﬁllug)gﬂeuw 9{61‘[1@@1@@8‘%66{@66{[} 3|Quof\&e, g@qnuﬁm UG
LODQUWITES HDPTHT HHIFGET (GHPEOSHEHHGHH Sheopsds SnAesl Uabam (PWDSseer
CLonQsest(H\61(hEREBTMEDTT .

SHOpGLom Pl imest g @@mngu (PSGLTPILTERD, Blgewoi_mbQuomPuingeald, epearmib g
QJﬁ,LFgluJ@mrr@u_lrraamﬁo 26000FHRGD  SNASHILLHUGADNG. @LDIT@GZDU_I @@m@wngjmne’;a’a
SDAUSHEGD @Usomurw@wrr@umesaa SNNUSHESID @mmum@mn@mna’;a’: asr_n[ﬂuug,m@w et uNev
Coumunlset 26001 HOPEMAS Soveldanest LTLSHLLD Swrfiudad, ounons SnaSEGD
Gurgib B\kbg Caimunt merg) etdher Qe meaniLL GaleutBILD.

Qumpstamnpas’ud ( Language Technology):-

Fops QUMPHOSHUN FHILD HLOG| 260MTEUHEILLD SH(hSHHSHMD ChHeveidsememyd ANT&HEU
UG geg  Nes  CHOMITET  @aTImELD. @Lr,g)u LOILOSSEF  GEweunt e
(Communication )oer@_  mub wn@w Buimengeowi b &@aag,@g,uw uﬁlg@@esrrm@ BLOSGHS
CapemauIITET e6SUN6 Lorrm@ UWESTUH SHHFHOSHT6THGMTD. @&meu@smemuqmm SHBHGIU LOUUOHSHEF
Qeaweoun@L as@g)g)m_eu ( Discourse) amm@@&&uu@aﬁlmgﬂ B0 CpGEtatdy  HHHHIL e (Nl
Quiflw LIFELJ@ Qj,g]gumgj BLOGI @mg}@&@mn@@m ALGLD. @mmemas@wn@@mn@ (Verbal) mlog) 2L e
g6 Sel, @asg,@g,rrmmrma’:m OFOSHET, GO, ULBiGer GuTeTn CLOMPEFTINS  &n MIG(EHD
( non-verbal ) sg) SHSHSIL_elev LBIEGSHNE TN

(Su&&@wrrgglmrres @@g,g, ey Guomplaseit B0 euge M6y a@@g@mn@&mn&mw Q6T GHEOT .
LOENHEOT HEOTF) aa@g)gjaaemma'; &6V, @l_LD FLEG) ﬁ@uug,g)&';rras a@g;guasm@,oeuw uQ‘{leu Gl&uJng,
@g)rruma%lu_leovg)@mm_@ a@g)gzjeut_p&»@asm CaretMl  euenIBHEOl. B (BT, @@m&&@@&m
Bleteomu HFal UL L6 9{6@6&@@1(&0 BOG SHHIIGOL UHeGEg, Steb, Qi b &LkHg)
Anpses CsNdllusnsrs HiD 2HarsHu Gurdsd Csmianl unsGn ( Passive Language
Technology) 3L@ib.

Qampes upd Mdlweyd ( Technology and Science):-

QamPeml Ud SHEHElST eI B BuNmes Hnatsia CEwnurbeesn GLoeTEogyD
dlflens@d s@alata g ( enhancement of human abilities) . g st ungeeus Hmeveot
Gﬁﬁlmnaa@w LRI @m@g,nas@ ( Microscope) , Ganemarrsdl( Telescope) AbHwemer Ib@G.
BLOG UMl epeud 2HEUTSHGHD 660lGHemet uLUBIGHEID CEHGEHSTID a@g)gﬂ& QFeveuald LWIETLEID
FHHASCT  NCUBSH, CFmematusl, labusl bHwemes LGD. GosLISAID 6NeTaITSHa(D
Bl b6l (B QU ELSGH LWELED QuINeGst BHamly, CUHES,EEIL Taewly Ibdume
AGD. umeveIGUIET uTETHHN UNBEHGFO HID 2HeuTSHWL QUM  ewretom@d.{Melu e
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ANpGHIFMED  2601600SHMNET  HplueoL e QHIPOEIUD  BOSHEG UDSHS  SHEIS6D
QUMD 2HAUNSEHS HBHDG.

Buineauler usiEmar HNBg &mb Guibiwe, GeugHlwsy,210flwsey Gurtest
A Nelwsgieonsst Curesns mog BuihamsGunis dneetl UM g mib @Lorr@luiﬂu_leu gﬂsmmmrr@m
( LlngUIstlcs) A giCurtestny , BLOG) @mm@a’;@mn@@ SHmeveot Cogyid efeTss dleveg) mmq@@g)@aaes
B 2meursH QRSO TROE uG  (petery GHRUALL saewLI], sablal (), eemeadFaels,
AFa A Wwevey AbhGLb.

Qaweuemetistenr Gurfaer ( Active Technology oriented Machines):-

Bletemmu é{ﬁaﬁwa} @@ﬂ@eur@Luw S AOHS S L, 2l euengFHeow eruguanerrgg [BID
a@eur[«ss@aﬁlm as@aﬁl&s@l_o @ur[fj)l&s@w LG FLL o606l 6JCHIT 6115 6T uﬁlg,gj@&')rreom@ LG
BEED & Levamsoas QEwuaubSHgRamet. e GMUA L Buniu Teiheas b @GMNUAl L
Qawevenls Quirdlast GunGlsratdlamet uag SmHamer ( Stimulus - Response ). mog) Lsilule
BEEgHOsTIEEL QFanns HrssHng e Snalsoma g, Bid Qelw e\Eysn
uesslsemer  aumllnGl ualubieH, aunonF Gdwaul @asHCNID. URESEHIaTEHD SHmernn
Qurfser ( Passive Technology Machines) eeotm (hleveuiomnf,@lestm) L[fﬂﬂg@]@&&l’[@ﬁ@ Q&aweu(ld
Quofest ( Active Technology Machines) - GuuCuil&et - 660 EUETFA BV  BLOG)

Qamplemi U QU mieTaTg).

ufﬂg,gﬂ@asrrm@ QEweu®D Qurhlaer eerm g moCurg), steuaunm YNBSS TETHTMET 61601
eileotr LF,LD @66[ @ma%lg)gﬂ 660, @a‘ﬁ , et L b , Do Guretm GlumNuse (Phy3|ca|)
Fo MIGESH LUAOLLOGHSHS Fo MIGEITSHS QHI6wI(h), L6 65@6ﬂa%n Quileelt @&u_lalu@eﬁsmmem Sleotien
Betemmu b, Gsropiu aamiEs OSS &L Hoeow  alipusrag. Buwinluwey
gn misCan(®, B LWEILESSID Buhmsbmnemanyd (Natural languages) mbeowl CuIesIG
uNBGIGSTeTI(H CFwauBld QuIheer 2HeTSHUIUL (Hou(hHHleTMeoT.

seilaudle Qurfsesmnfaon ub ( Language Technology in Computer):-

@Lr)g) TS Sl L UTFAGG gLULDL WITETGSHTE0T SersllesliuMLIed GIEOMUTEHD. Sertllesll 6160TLIG)
BLG S Leetgemer Quomfassr eumensl LRBSHGHTeHIH CFwuaubid e Gurhumg. @mg}] @g,g)
Qumleet salaistsarn 2GuISSILOED Caunmstunfaans ( &, S+, e, Gmugg,rrafr
Guredty QuonPlasennes) AHeoobgyeetet. Bplded BhsdF Qaunometompas amilars Hid GHED
& L evangeaetd Seslell Quiml LNEgOsT®, Hrb QHHN uatisamer HeonCammdlamet. searCas
B8 Sae&ECsE ) 2GaSHIUL Hen QNSNS QGG LTEGLD.

ANbSHs F L ea&FEwns , Bog Bubosonpaeder anulansdn bog &l LeeTsaeis
aedledl  UNBgOBtem(h  Qewaubashes CHomewnem  AMlugd, Gampasl uwd Bl
ey pHameor. Saleliua  CrisHa Hog Bupmsuomiemer  bgruyd  MelwCe
seollenOwmnpulwengd (Computational Linguistics). et dyluemiule  2GonSHSIUOED
Qampep UG salalssnm Cumisbsran uorg ( Active Language Technology ).

LHwenenas GLomPeCamplemt ub:=

Lr,rn_o @GMGMU SN L s06lai (@), @Gmeu&a;mg |&Fa CuIETmEDEULILD @wn@g;@g,n@leu@_umas@m
Grsm_nrrguw eunMingio 55660‘[160‘[1@@ @wn@g@gn@w@_u@@m@m Q-Ug.l_ILJGZDI_ (86uguurr® 26611 G
@;rgemg,u_l QoM PHOHTLOVEI UBIGET  6T606UTD (LG @LDHL@@J@&S H(HSH GBI uef,lgrggjémeuaa@w
Qampes uonsGa (Passive Language Technology) 2leowdletment. USESeeusbHN &(hdgiSHemel
UBgESIEE  QEuauEld  CQLIPSESIPOELUD o Dova.  beme  Sadlalai
@wn@g@gﬂ@w@Lu@@m Agliem QW B @wn@leu@l CaNelsan sheHgGIGmatl UfESHGCSTE(bH,
QEwau@id Glawepeetiysiter Qurascsrfeon unrgo (Active Language Technology) .
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HID (B @mm@&@mn@mnuﬂmn& @memeuasaauu@&ﬁlm as@g,gjaa@mu U B SIESHTemT(H!
Qeweu®eugGume, 55666‘[160‘ﬂu4w uﬁlgggd@asrrm@ QEweuL Geuet®d. Cu&s: su@mnes@eurr
a@g)gﬂsu@u_mas@mn gﬂw H(HSH FHIFHE6IT @m@m&@m@ung} Feleluners  QLomPeE\SIL T&Hemer
LB, 5@;5@1&56mmu ﬂlﬁlg;@g;@aa@w dmeveots  ( Natural Language Processing - NLP)
QuNBsuEWTELD. Bl CueT@y GuomPeuflE Qaweun(haemer CNGGTETETCAIETT(HILD.

SIS HOLD euen&ESUN Blgeti®l s L biger: -

(Sngamj]lu_l aa@g)guaaeﬁlwr 9—[[.9.Ul_l66)l_ufﬂ61) Crrsdleoe, aaeozfﬂeo‘ﬂ@@@gg Gremug,J @ﬁ@@mn@mw&
6001601l (8urr66rm (Dl6sT60TEm)  SFIIGHEOIBIGET 51;);;]153@53rr66m® AsegliueLley mrd sHbfe BEHD
FLLevenagsenetl U EgI0sTent(h Qewsu®lesCsh Ih@Lb.

SN SHOP6T (LpGHed HLL 1D, HDPGLoTPlenwids 536'1)@6)J|'_®,@6076U&&6UL9, Fa A weunled
udleugiGure, SHeosTlesTiuT6v vy QELIIGTELD. S (LSS HHBEET
2HANEHGH6G) OFILNDSHOMN  2HOINHGVG, Beveoiugend,  DEOTETEhe, QIO
&HHTigui CurrestmeumiNlev Lo Bl bQUNFQFIRIG) Quiredtm QFWwILSHEDEIT
GunLEmsTaIGTEGD.Qaune &Hdurg Brd GHUA L e Qeuplwe bgeGamud. Bliks QeunHlule
@GREGN ( Unicode) aumoms, slaaliuamd SruubiGHn Jbdleme bLodd GUNGID 286l eiTeret.

SN SHOPET OHS 2ALTHES SLLD, SeoleleEGs HOPGLTPews SnmGestbsg), g
uaBem Qs Canpapl us Comeaugaet HeoNCuNNGRSITMIGIGD. QTR BSHS, Badbeams
Hped , ssa - Cussonnml ( Text to Speech - TTS ) , Gu&a: - sqysgonni ( Automatic Speech
Recognizer - ASR ), eefleufl eosMemer (  Optical Character Recognizer -
OCR ),QuwidgQunp@uuiiy ( Automatic Machine Translaton - MT ) Guuentp
QuomPsGamlesI unidssr SO ClkeCaeBTHILD.

FeaollalEGs s snisse ( Teaching Tamil to Computer):-

BanE (Wee Ayl @Lﬁll.y@mrr@ 3| Meveuds 65660‘ﬂ60‘ﬂ«53@65 @aan@uu@g,u_m@m LDEVTIHeLPem6IT
@mm&m&@wn@lmm&: SN MIFHOHTEI(H), LWETU(BG GIISNEGLD, 6001601l
SN MIFHOHTE(H, ULOTUOGHUISDGHD  Coumun®lser 26016,  Wwelldepevenr 6@ 2NN -CoudHluhuwey
apiungd (bio - chemical organ). eedlsl HuplulLsae. g Dieerasiun HplusLile
e G6iter U] QurMGuwmgd ( Electronic Chip) . eeGa e @m@@&@mn@mm
wao‘ﬂg)glpsmmes@as S MISEHIHILSDSTS a@eurr&aauu@&ﬁg] Bassaod, Ssgrd  CuTaTmeDHM
Aiubu  HOASISGS  CEtheg, oddE  SHNSCHIENF Gl&u_lu_IQjDLy_u_lr[QJ .SeosnerTluNest
Q‘;lg]@]&(‘&aammeurrgj Qumpeows — SHNGOSIGLUHD Bl  HHSHHGONEH  FHEIIHHN
QasreenGeuemt(BHlD.

o ooy, SODCLID Bessasmss  GaElSEHEIN  GeslgumiLTbETS
( mathematical formulae) wrMe QEHIHLUSTGD. &PWLD, @6&@] stetm  @geuor(o)
61600161601 9—[L9.LIL]66)LU36U@F[6OT FHedledll 61hGHOeun | Meveud @umgas@aarrma%lmgﬂ
BbsH Breoihl EETIHOETL LRSS  SUITEHAISOTUED ol HOHE,
QL IUEED aheCaInE S Laamwid CELOUGSSIHNS). @Lor[@ A Meyd erevreH6iileot
9—[I_9.I_|U66)Lu3161) Aeowdn FHedlledl  eumiu(blEers: é{mmuw@ung@ﬂm SeosTeWITeD

Aowsd  odwneeu.ereoi  wElE  PISHIS  2HeuTSSULL (Bl
Qe nasriwib, Bt Curatn Bladbsant KIasmand SalalsCann sadlaaid
Bessamones  ( Computational  Tamil Grammar )  wohfls, Salalés,
3{61‘[1&55(8@66&[@[0

*  LNHEWTETY, BID BLG CmPewd SUTEEDCUT), %uaag,amg)uugj@m BLog| estum
Q{ﬁm ( Pragmatic Knowledge )L615561||_D 25a1dNg). et Lweotns, GlameuellGourt
Aovwg O fGur  Quomer wwHeEd  ( Word  Sense  Ambiguity )
ermul_Lmev, GuaLL@EEA Quimel, GUELD edyiped CUTEBIMEDEY HLSE 286l QFlig), QuIs
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DWEHHOBS SHeljbdHermet ( Disambiguation ) BB @Q}@UH&TU_TJ Glszm_lﬁu
3Me| Bty Hevwweeeme.cteotCe, Q{g,mrrsu Lr,wsmwu(}}urrsmgu QUINGET DWSHBHOHE
g)aﬁqaaaa@gu_lngﬂ BFegpdley QUIEBET LWGEHHOBSH SENTULGNGS SaTlaloEU
U6EOGBSH66 B 2861666001(bID.

Gomen Hw @UGGM@LMLD OFBIITEHEIBHNHINT  25HB06NH HHUCH HesleNGlomPuiuier 6T6tm 6%
3Mewe  geonurEh.Qks AMdlwageonulear gl ule @ﬁ@@mn@ AMe; (Qevsaeemd,
Qanpsangfw AMe| Curetmemey) seslalaCsnm SBpETD feurs winfuemwssiu Gaemp@bLD.
85/ HeNaNSHOLD Blevdasuton@id.

sasieeu s sl Abe ( Computational Tamil Research ):-

BuEQETA, e, Glame, QELi, ugee, QKT 6erm U Heveudssie SBlpGLomf
Aoy SeollaiGomulwe  CrrsHdlen  Abgmutu Geuewtld.  ALGuIGIHTET  SOLPGLOTPEWS
OIS GHS SHNSASIOES Wigu|d. Beenm sHmGCeIEEED CUIg ST, Gl U6
Lr,waa@@ (8@6076)Ju_|r[65r @Lﬁlgg@lwrr@g, @@n@eur@l_urmaa@m ( Tamil Language Technology ) mbwiey
2HOUTSH(LPIULD. HLOLD QULOETOITHETSHET 2(HEUTEHLD.

Gomen Hw aam‘rleoﬂég)@@ Bleudaeuot a@mnéaaabusozfﬂaaafﬂeh (PEHaNEIT), gﬂm@wngﬂuﬁlueb
( Corpus Linguistics ) Q{nguum_uﬂleurrem @L‘[ﬂgp é);gwsun@w &rmaag) 5@@6&1@@@] Beteomu Sblpeeny |
@Lﬁl@m Be&saSHmSID @&ﬂm&m@éﬁlu_@sm@uw @ugjeug,m@g, @Lﬁl@@@qm&;m ( Tamil Corpus )
a@eurresaauuu86nscm®w HEUTSSUUL L gmbog, g,qsuasg,g%lm AigliuenL ey @@Qan@uﬁlm Sevoliy (
Bledasemd) swHg), G, Qe Cuiamm Joeadg Hevasslad bymuliu Caeot®lD. Q@UGOT
uglunlel ( Morphological Parser ), Glg)rrujaf[ uv@uumiel ( Syntactic Parser ) Gumetm ue dbuies
HHES6T HOPHG 2GeUTSHSHUIUL Gouetst(BHILD.

aaacéHGO‘ﬂ@Lorr@uﬂlquu Q{I;LUUWLuﬁlsu Betemmu Gr@g)gﬂg; @L’d@gp (WS, Game Hevassile
ALgruyh 2(HUeoT u@uurru_leﬂlsmu_l CuIT AW . 5. QHUINIGESHID LHMID HeTed @@eﬁlmqssm @@mg,gﬂ
HEATGAIETAT. IGHOT LWeIns Qetm Sev @Lorr@ VRIS S(HENSE6T 2HANTSHES @)lgg,gﬂmmgﬂ
@fluns, @&nmﬁ@gp@@@@ &E@uﬁmgp@@@@ , &mw@wn@l&@&nw g)sﬁlrjuu Gumetm  Hlev
g@@@mn@l&&nm QUoESTQUIT LT SH(HIS6e06TT Q@@JH&SBB @L;zg,gﬂsrrmgﬂ @Lﬁllcp 2(BHUST LGUUILI6emd
QHILTES), @ﬁg@@g,m_rjm UGUUILEN 2(HEUTEESHID @u_lméﬂ @wm@&nmmUUL@m@eﬁmg Bk Qjou_lmél
QeumMwenL uoGUTG), @@Q@Q@nLﬁlmm ANgluerL ey QL Bladbseols Qs HbSHEID
QUIPSHHHEUYD 2HEITSH(LPPULD.

HOPFQFTNHTEFW  {Meveuyd SHesleNewmPulue pluel e HeEleNsE
AefMSaUuL Gevemt(BLD. Q—[és(ﬂgsrr@ @Lﬁl@@mn@luﬁk&r epellllwen il severy unf AbgmiEFs 1Bl
Qjo&a‘lu_lwrremg)r[@w g;Lﬁlle a@g)gﬂaseovmu CuFQandlsens wINM AMASHGHI O  Hmevetu|Dd,
AgiGunetyy FEog CuFmEFs FHatlell Cal (b , Hos erYHdle HSHHILEID Hmeeatud Salalse

AeNusBNEG Blks 16| CHOAITELD.

G M HplueoL SOIPGLMP AbTmiFAl uesst QeunMarors (Ligeuenl suenaouumt G,
FHOPRLT &SI SHersleNGOLoTPGESTLNOEI LD 616TTFEUILUI(LPRULD.

sasieeuf abipssasl ( Computer Assisted Tamil Language Teaching ):-

SeusilerTlulev @Longg\@@g;rr@m@_uw QU myettert @mq&éﬂuﬁlaﬂ UWIeTTE BT (DT6TT S(EThEH &S
@Lﬁ@@mn@ SHNSHH6v assao‘ﬂeo‘ﬂas@as GO SHEHES UbIG 266N @Lﬁ@ @m&saamg)emg)mw
QEFDSIEFISOBUD DIEOITHEHHGHS SNMGOHIHILHN AANIGHGHSH SIOIITSS SHelel
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QEwsuL (iowd. Guom Pl shmeller G (WL o0 ueGesm QewRUIESATe Saillafliumeng) raoeijeGamel
sar U LD ( Interaction ) ufkg, leTsErdEd ag,eugjo@um Brevielmessile Sl
LWETU(BIGSHOUTD.  66otm), SO @61]&»85666[55_5607@ (SLF,ULSLu_lr[aaaa SNNIGOHTHGBSEID  UWSTUBGHSHEILD.
wm@mnemgu, Q—[G)_IG)_IHQJ Qj,éﬂﬁhur{ LIETTBHHSS  SDNSCHTHSHANG, wreotefer  GuomHl
LWL SHHHES EUETTUIUGNSHISHEID UWESTUHGHEEUILD.

Gun&. M Qlyewrp umﬁrun@as@és@ﬂo CuyrA Gl 5@@@@&&,@@0 Aeiser Hlev
QUETQUITHETEHE6T a@mrreséﬁu_[mmrrrj @Losdrg,@gg %weug, gimeteuest  ( Mentamizh Research
Companion ) e SO GETCUTEBET WIEOIGHEHSHS g,Lf)lLﬁsm Gr@g,gj g, Qgme , Fhd
ASHwemaunfu  BlassesHoaud SN UeIG6Ne @&nmaam UweTUBLD  (Peom  LMHlLD
&g]guaa@asrr@as@w @ CuoeTQume Qj,@w @LﬂICQQLDF[@ %mmnmqa’;@a’;@w UR) 660660
UWETUED  QuoeETQUIHETTGD Blg). g6 9—[[.9.UU60)I_USRGU LDT600T6L{T S61T gmasmgﬂ a@gﬂw &Hlmeveot
euerrq@guaa@aarrmmaa SHeootlevtleumulevna %mrwa@srrg, @u_lr[fﬂaa@w(‘&ur@j é){euqaa@aa@ 256D @&r[g)tiﬂsmgg
ApSA, &g,é,luﬂl@gp&,l@@gﬁl Q{UJQJ@L[)H@&@&HGU&LLSL g6l GUITEDTM L6y S(HENGHED6IT 26TT6NIL Sl
QuoestaLOLp 168t 6 HLOPEFGFTaRTaTemTWD (Tamil Wordprocessor) 2@eunddleeri.

Qs Geonlen  QuEGNE QEraaraegl  UWELGEGHSE. FIEDEEID  DTETOTST  HHiGsT
(LG MEDDT 6T &G HEBTTATOIILD 6TETUGUNM 6l6TdESHD HeMBSHULBHNG).

1. g;@@eu Lonmenqea@ea@ 660l M MIETLOWLIEDL LI 60,611 L9 a@g)gﬂeasrr 1,601,601 er@g)gﬂaam 7.
a@g,g]aam A weumeonl LWeTU(BS Gleudley @Epuur_maserr 67 UL 6urTLD. Q{u(‘éungﬂ Q{@Uaa@aa@
28610 FIL  WBESTOFOFTE G @GMQJ @55H®8565UUL®6T[6ITQ_| LDGTOTLD, LDGOILD 616011
Breoi® QT EseL @Lﬂgp&@&nm&mgnm SL60TT60 @urr@m(%uguurr@ s B(HGum)
Gl&r[masm Demeu. HevdH a@g@ws&m_@wmemasuﬂleu g 9—[607LDL5Q|6H6H§1|

2. 9{@@@], oo GFnnseed Fhlwireot a@@g&@&@u US6UTH SHeLMIT6oT a@g,g,wssmm LDT600T6L{] 6T
UWESTU(D SHEH6UITLD. Q{U(Burrgu 3Gl Saum OUDS  (OHGGm M, 9—[6‘@&([61]60‘)61)@3 A pHs
@LDGOTE_BL&[Q ag)suw a@g)g,waasrmuraa FDetr,  JbmHlend, wmnmnaemgu SHEUMTE

a@g,uuug@g,g)rrsu @Loezfrg,tblbo 3Seuneond g)@g Abmichleuld, LoeuTWIT 61601 Hl(HHE é{eﬁlaa@m

3. Gulan @MU (eirern Gl&m_naam qu&@&nmaam .Q{G)JJ_UI_YJIGU SlGH G Qlevene. ég,aﬂrrsu elGHH
g Qerhesie samsd Bobsrgd Sabonyd Cuasil) HESd 2oab. HhEsHEG
%ma%lmg;@eug)nm , LDsurru_lrrsﬂla‘ﬂ@g,gﬂ 61601 ) eﬁl@&f)l agnm Qannsee eeHHL Nevpass
esrréozrrLJULurguLD Seuneomud @LDGOT;E_F)LaQ A pHHS g;@u)

4. @L’dggleu QennsEnHGT 200 61WHoH HO\HG 200 1WH) GUUBB&LHQJ Sleveurn ) eHOGUIG),
oMo il 20 (DUEGLDW (Sg,rrafrguw Bens Q—[Ly.LILJGO?l_ g)Lf)llcp Q—[scs)&ujlaﬂ
Q{Gmwuueﬂle_f,laa(}}mu_m@w EEAE Lorrmeuqasar[ geuf) @&u_le_f,l@g@r[su @wmg,ﬁbp 61 MIFHE06ES
ABHHS SHHO. GBI, @60761)9;_1, 61601 M) @&rrme’;m SHOUNTSHS  HIEILULLT6, GLoeSTSHOILD
AuDonSOBHaT, Bovaiu aatn SHGHAHS SHEHD.

5. siffe wsr ebm @gug%l QuuTEQeTDse Gaubmen @Hsman gigoeuIg), BlevLuev
AsgF guflow Cameimid. gCurearm QmeaGer ] GhNuaEIF CQgrnssr Gaummiew
S GHH G qm@m(‘&ur{gﬂ Bmd @nhlwesgd Ll meBHED eieeler a@g)gﬂ ,@rjugzaa@w Bks
6o Lonmaurjaam FeUm) @&u_lg%l@g,g)neu @LDGG[Q’;L&[CQ é{mm@m@ A pHHSG g)@w LOJ6DLD
,gﬂ(%u)ﬁ@ euerTLDled Grsarusmg, IS0 , @UQ@@I‘[@ QUETHH\e astsrgum BIEDL , SHlllgey, LG
EIESTLEDS L 6L, &Il 1960, b G 616011 @LD60TQ3IﬂbQ A HSHHS & (BHLD.

6. sNpFOFINsMa dpFQgnatan® slGH s Qoo bCurg, IGFebdl famamPSHSILGLD
Lewt&8) dldlaset sunss eswrauuLCaemibld. QeemaGustmrey QurmSGst aHel@lLb.
DG GIHH L&, S +Hel ae&ruemg) FEOL 61T ( @rél@ &6l 6l60ILIG) ue&remweﬁl@@ ) eteorm)
Gr@eﬂaﬂrreu 6 @urr@m FHEOL S ( @@@ T aemuglj @ Couy&blamen) eretmy a@eﬁmnw
wm@mn@ Quuett. 616018 PEFEHAHG6ME)  LOTETTEUT 6T gl @&U_IU_IBS&)_I_HQ] Q{mmngu
g,eugjaam @BZU_IU_II_ILILIQ.@LBQ:)F[SU @Losmg,LﬁlEQ Q{eug]emmg Q%l@g,g%lg, Q:)@LD UGH6MT, LGS,
Qe maei GIGOTQJ SHEUMTS a@g;uuu;z@g,g;rra) Q{G)Jmas)mu UGBS, LTSS, OG(HHSHET6I60T )

HBHHS HBHD. Breni® QEnhsst Qleveoihg) aiBD Canamessie R FhAl Napaemend
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enurg) Quash) QueCurmete HBHs Lueng. dshsmar  (PUDEGET
Cn@ssstteniLL_(HleHEeSTMeT .

7. g,L’Dlggleu R Gl&rreugyaa@w (ﬁ,lemeu@wr[@) LIENE) Q{@g,g, QFTEIaYIHGLD (G)J@ler[g@l ,@Gml_uﬁﬂeu
a@g,gﬂaam @g,r[m;:meugﬂw @fﬂg@uw LDGG)IJJ@@ULD 26001(b). @QJ(‘B@J UMEE Gt 6[66[@]
9{66)596585uu®e£16mm6m um&&g,(f,luﬂlsu Lorrswsuqaaerr Seum) @&mg,rreu @LDGOT@L&Q ﬂ@@&@mg,
@@@gﬂ@g@lw LOTEOTEUTHEBHFHG 2H6UD. UoHd UTTSHSIEOT, Ulpdhd urrrjgsg)rrafr SHeueoet urrrf,
9{611@155@ G, s GluﬁluJ (Surremgj SHEUMTET QBT THEv6L utgg)gﬂu LTSS, Ulg Sl
UNTSHSE0T, He16meotis LIlTlT, Q{m@uaa@es Glaarr(a Dl Quilws  etesrmy @Loezfrg,tblbo A pSHG
@&n@as@m SHeUMs @mgjaasmm Lorrmeurwaen @L@.@E@H@Jm @wm@ﬁgp 9{6111;)66)1;)@ HGHHS
SHBD. UlghSHl DU, ebGIU urrrjg)g)rrem aemrcm SHOUDTS Lorreamsurjaaerr sIPAUNBBSTE

QWW@@EP Q{@HJGG’HJ'—' ULS@D@ DU, 6] LTSS 61631 1) @@é‘)@cﬁé‘) SHGL.
8. LnemTeSe @L’d@eu GG, ﬁm@wn@&@&um&mm& aaeu;r,gj a@g‘)lujl@grgg,rreu Seunemud

@@g,gﬂg, HBLD euFH @wemg,@@eu [E\ N @ug]gjmmgu Gy &Gl&rn_naaerr (oL (HILDEVVITLOGY 65 GHE 6Tt
g Qarhesms BGEsrabd GBSO Seulens HbSHHES SHD.

AweCIE Qe SHED 2607

HIest Uavelled e ishGHF CaatCmest. miG, weFFagl ungHCHeTr. ety CHemilessley LUt
Fal’ GLeor. Q{rmél@g,gﬂdaqujleo‘ﬂa) WAL 19 S&Hls GuGeoredt. 3B
qq@u&e@quunq@@@m

QuoestHLp HpSHEW 2607

peot CUpBHe UeeNoGHF CFelnet. {BiIE, Q;gélﬁlu_leom'_l ur[f}és(gg)ah lﬂle&u_[ ﬂeo&ruasééléu
élg)guecm; 2600T6L 601 é{rma%l@g,gﬂ QBT TeuenTgulled USSP HEHHGSL  GUITGeote.
3w CuymANweTl UTTSHEGHET.

9. Cugid sreIES HILD 1SS LS Sl BHIb SGBsIuw D Cuostabller i (b QuibmeTang;.
98789 456346

@5nm®nm®mLLnﬂU@g 61 B0 ST60OIUSEHTEOILG), BIeIGH Qe &85
DOUSHTONNTSS (PEEMDN BIDUSSTIY.

10. 26001060 26l61  QFTNSHMET  ABTUNOFILEGHSD, OSTNOFILGSHAD  CLoeTHLple
UGS S6T 26001(b). CLoGYID CLFTEVEEDL 6D HITTSHSHEUILD.

1. a0 - ApmHe dsynd, %ma%lauw - @Lﬂlcp FId Q{mm@wn@&@&nm dagud) 0 U6
QDS | BINHSH(EHLD LOTERTTSHEHHESL UWETLELD 6u60suTled STflesUUL (Heleret .

gerey:-

@m@gju_l Seoslerll 260560 @Lﬂbo(awngbl@u Lorreomeurjaaarr asm@w(‘éur[gﬂ é{euqaa@aa@ agdﬂu_lrresu
UWESTUOLD  e6DSHU 6D @wsmaglﬂbo QUOETQUINHET 2HEITSHELLL Colewi(BlD. QedTenmus a@@gﬂ@ @@@66[
@61]65&5666[@60)@85 ssaco‘ﬂeo‘ﬂe&@ QuosTQuI@maT eumifleunds GLoesTEHOILD é{aﬁlg,gjmmgj 9{@66[ 9{L9uuem|_uﬂlau
Lorreomsurwam Eﬂso@aaar e GID @&w@@g@nw S600T16TTILITE0T &) Gl&u_la)@amemuul_m Aeuneonsd HHHHS
g)@w DleUIH6lT 6V @Lﬂ@leu 61(LPSHLI uu‘Jgjé_ﬂ AefNHs @wemg,@gp Guresty &L CuostTQUITB6TEH6T
UWESTUGID. @Losmg)Lﬁlgg GUITETT) LIBY LILIGOTEH(H @mm@un@ma’am Qeusileuy Qeveri @@m@smg]uﬂlsmsmq
oG @Heild CasmibIn. SO Bledbaant difeme (WSS SaaldGd QeTHUuS GLad U
AmLFaFer  CnOETaTETG eI eTeTg).  dideteluem tlesneat  Quatsily  Cueteunmeieot
QEweun(ib eIeMT&FSIWEDLILD.
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