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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 AI, 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 225th 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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திரு. தி. சுப்பிைமைியம் 

வாழ்த்துச்செய்தி 

 

முதல் தமிழ் இணைய மாநாடு 1997 ஆம் ஆண்டு சவற்றிகைமாகவும் பயனுள்ள 

வணகயிலும் நணெசபற்ற பின்ைர், பை தமிழ் இணைய மாநாடுகள் உைகில் தமிழர் 

அதிகமாக வாழும் நாடுகளில் நெத்தப்பட்டு, இணையத்தில் தமிழ் சமாழியின் பயன்பாடு 

ெிறப்பாை ஓாிெத்ணதப் சபற்றது. தற்சபாது 18 ஆம் தமிழ் இணைய மாநாடு பை 

ஆண்டுகளுக்குப் பின் சென்ணையில் நணெசபறுகிறது.  

இந்த ஆண்டு, சென்ணையில் நணெசபறும் இந்த இணைய மாநாட்டிற்குப் பை அைசு 

ொர்ந்த மற்றும் தைியார் நிறுவைங்களின் ஆதைவு நமக்குக் கிணெத்துள்ளது என்பது மிக்க 
மகிழ்ச்ெிக்குாியதாகும். புகழ்சபற்ற சென்ணை அண்ைா பல்கணைக்கழகம், தமிழ் 

இணையக் கல்விக் கழகம் மற்றும் இந்திய சமாழிகளின் நடுவண் நிறுவைம் ஆகியை 
இணைந்து செப்ெம்பர் திங்கள் 20 முதல் 22 வணை,  இணைய மாநாடு 2019 ணை 

சென்ணை அண்ைா பல்கணைக் கழக வளாகத்தில் நெத்துகின்றை. “தாைியங்கிக் 

கருவிகளில் தமிழ்சமாழிப் பயன்பாடு” என்னும் ணமயக் கருத்தில் இந்த இணைய மாநாடு 

ஆய்வு விவாதங்கணள சமற்சகாள்ள இருக்கிறது. 

மிக சவகமாக மாறிவரும் இவ்வுைக இயக்கத்தில், நிைைாக்க சமாழிகள், ொர்ந்த 

ொதைங்கள் மற்றும் குறிப்பிட்டுச் சொல்ைக்கூடிய வாழ்க்ணகத் சதாழில் ொர்ந்த 
திறணமகள் ஆகிய அணைத்தின் பயன்காைமும் குறுகியதாகசவ உள்ளது. அசத ெமயத்தில், 

திறைாய்வு ெிந்தணை, தீர்வுகாண் திறன், முடிசவடுக்கும் திறன் மற்றும் குழுவாக இயங்கும் 

பைி அணமப்பு ஆகியணவ சவற்றியணெந்சத ஆகசவண்டிய நிணைணய, தவிர்க்க 
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இயைாததாகக் சகாண்டுள்ளை.  வாழ்வியல் திறன்கள் எை சமாத்தமாக அணழக்கப்படும் 

இந்தத் திறன்கள் அணைத்ணதயும், கணையறிவு ொர்ந்தை வற்ணற முதன்ணமயாகக் 

சகாண்டுள்ள பாைம்பாிய வகுப்பணறச் சூழ்நிணைகளில் மட்டும் வளர்க்க முடியாது. 

“இயந்திைவியல் கல்வி” ஒரு குழந்ணதயின் முழுணமயாை வளர்ச்ெிக்கு உறுதுணையாய் 

உள்ளதால், கல்விப் புைத்தில் அது ஒரு புதியசதாரு பாிமாைத்ணதப் சபற்று வளர்ந்து 

வருகிறது. இக்கல்விப் பிாிவாைது, வாழ்வியலுக்குத் சதணவயாை அடிப்பணெ திறன்கள் 

வளர்ச்ெி மற்றும் பயனுறுத்தணை ஒருமுகப்படுத்தி, வாழ்க்ணகயில் எதிர்சநாக்கும் 

பிைச்ணைகளுக்குத் தீர்வு காணும் வணகயில், அறிவியல், சதாழில் நுட்பம், சபாறியியல் 

மற்றும் கைிதவியல் கற்பதற்கு ஏற்ற வணகயில்   மாைவர்களுக்கு முழுணமயாை திறன் 
வழங்கும் திட்ெத்திணை அணமத்துத் தருகிறது. சமாத்தத்தில், இதன் முக்கிய தீர்வு இது 

தரும் சநறிமுணறகள் மற்றும் இயற்படுத்துபவர்களிெம் உள்ளது.  

இயந்திைவியலுென் இணைந்து செயல்படும் வன்சபாருட் ொதைங்கள் மற்றும் ொர்ந்த 
சமன்சபாருள் சதாகுப்புகள்,  மாைவர்கள் எண்ைற்ற தீர்வுகள் மற்றும் ஆற்றல் வாய்ந்த 

முடிவுகணள சமற்சகாண்டு எத்தணகய பிைச்ணைணயயும் எதிர்சகாள்கின்ற வணகயில், 

ஆக்கப்பணெப்பு திறனுக்காை சுதந்திைத்ணதயும் பகுப்பாய்வுக்காை திறணமகணளயும் 
வழங்குகின்றை. 

அப்படிப்பட்ெ சதாழில்நுட்பப் பயன்பாடு மாைவர்களிெம் தன்ைம்பிக்ணகணய 
உருவாக்குகிறது. அது எதணையும் ொதிக்கின்ற மைப்பாங்கிணை அவர்களுக்குத் 

தருகிறது. இந்த மைப்பாங்கு ஒரு குழந்ணதயின் அடிப்பணெ உத்சவகத்திணை அதிகாிக்கச் 

செய்கிறது. இந்த இெத்தில், எந்த ஒரு இயந்திைவியல் தீர்வும் சவற்றிகைமாக 

அணமயசவண்டும் எைில், அது செறிந்த சபாருணளக் சகாண்டு அதனுென் 

சதாெர்புணெயதாக இருக்க சவண்டும் என்பது கட்ொயமாகும் என்பணத நிணைவில் 
சகாள்ள சவண்டும்.  

எதிர்காை வாழ்வில் ‘இயந்திைவியல்’ சபாிய அளவில் இெம் சபற இருப்பதால், நாம் 

இன்ணறய நம் மாைவர்கணள இந்த மாற்றத்திற்குத் தயார் செய்திெ சவண்டிய  
கட்ொயத்தில் இருக்கிசறாம். தற்சபாணதய இந்தியக் கல்வி முணறயில் இயந்திைவியல் 
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பயன்பாடு குறித்த கல்வியாைது சகாட்பாடுகளும் செயல்முணறப் பயிற்ெியும் சகாண்ெ 
ஒரு கைணவயாக உள்ளது. பள்ளிகளில் இதணைச் ொியாகப் பயன்படுத்திைால், பைவணக 

பாெத்திட்ெங்களின் செயல்பாடுகளுக்காை அடித்தளமாய் அணமயும். அத்துென் 

கைிதவியல், அறிவியல் சகாட்பாடுகள், கட்ெணமப்பு சதாழில் நுட்பம் மற்றும் கைிைி 

நிைைாக்கம் ஆகியவற்ணறக் கற்றுத் தருவதற்காை மிகச் ெிறந்த வளமாை களமாக 
உருவாகும். 

இயந்திைவியல் சதாழில் நுட்பப் பயன்பாடு, பாைம்பாிய கற்றல் வழிகளுக்குச் செயைற்ற 

இைக்குகளாக மாைவர்கள் இயங்கும் நிணைணய மாற்றி, மிகக் குறுகிய காைத்தில் 

எதணையும் கற்றுக் சகாள்ளும் கற்றல் முணைப்புென் கூடியவர்களாக அவர்கணள 
மாற்றும். வகுப்பணறகளில் இந்த எந்திைன்கள் பயன்படுத்தப்படுணகயில், இைண்டு அல்ைது 

நான்கு மாைவர்கள் அெங்கிய குழு ஒவ்சவான்றுக்கும் ஒரு இயந்திைன் தைப்படும். இந்த 

சதாழில்நுட்பம் மாைவர்களிெம் அடிப்பணெ தகவல் சதாெர்பு திறணையும் தைிமைித 
திறன்கணளயும்  வளர்த்துக் சகாள்வணத ஊக்குவிக்கும். இன்ணறக்கு பைி அளிப்பவர்கள், 

மாைவர்கள் தங்கள் ெக சதாழர்களிெம் அல்ைது உென் பைியாற்றுபவர்களிெம் 
இணைந்து செயல்படுவது மற்றும் கூட்ெணமவாை சகாட்பாடுகணளத் சதாியப்படுத்திப் 
பகிர்ந்து சகாள்வதணை மிக முக்கிய திறணமகளாக எண்ணுகின்றைர். 

இயந்திைன்கணள வகுப்பணறகளில் பயன்படுத்துவதைால் மாைவர்கள் இதுவணை தாங்கள் 
அறிந்து சகாள்ளாத பை பைி வாய்ப்புகளுக்கு அறிமுகப்படுத்தப் படுகிறார்கள்.  தகவல் 

சதாழில் நுட்பமும் சபாறியியலும் எளிணமயும் சவடிக்ணகயும் நிணறந்தது எை அறிவதற்கு 
இயந்திைவியல் ஒரு மிகச் ெிறந்த கல்வியாகும். இயந்திைவியல் ொர்ந்த ஒரு சபாறியியல் 

திட்ெத்திணை சவற்றிகைமாக முடித்திெ ஒருவர் மின்ைணுவியல், இயந்திைவியல் மற்றும் 

இைொயைவியல் சகாட்பாடுகணள நன்கு அறிந்திருக்க சவண்டும். ஆகசவ, மாைவர்கணள 

இயந்திைவியல் துணறக்கு அறிமுகப்படுத்த சவண்டியது இன்ணறய காைத்தின் 
கட்ொயமாகிறது. 

நம் கல்வி முணறயில் இயந்திைவியல் இரு வணககளில் இெம் சபறுகிறது. முதைாவதாக, 

இயந்திைவியணை வகுப்பணறகளில் பயன்படுத்துவது. இயந்திைன்கணள வகுப்பணறயில் 

பயன்படுத்துவதைால் ஏற்படும் நன்ணமகணளயும் ெிறப்புகணளயும் அறிந்த ஆெிாியர்கள் 
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அதணை இன்ணறய கல்வி திட்ெத்தில் பயன்படுத்தும் வணககணள உருவாக்குவதாகும்.  

இைண்ொவதாக, பள்ளிகளில் இயந்திைவியல் மன்றங்கணள ஏற்படுத்தி அதில் 

ஆெிாியர்களின் சமற்பார்ணவயில் மாைவர்கணள இயந்திைன்கணளப் பயன்படுத்துவது 
குறித்து அறியச் செய்வது.  

சமசை சுருக்கமாகக் கூறப்பட்ெ அணைத்துப் பிாிவுகளிலும் ஆய்வுக் கட்டுணைகணள இந்த 
தமிழ் இணைய மாநாட்டில் உைசகங்கிலும் இருந்து வந்துள்ள சபாறியியல் வல்லுநர்கள் 
பணெக்கின்றைர் என்பது மிகவும் மகிழ்ச்ெிக்குாிய செய்தியாகும், வங்காள சதெம், 

அசமாிக்கா, ஐசைாப்பிய நாடுகள், ஸ்ரீைங்கா, ெிங்கப்பூர், மசைெியா மற்றும் இந்தியா 

ஆகிய நாடுகளிலிருந்து வல்லுநர்களும் ஆய்வாளர்களும் கைந்து சகாள்கின்றைர். 

தமிழ்நாட்டில் இயங்கும் பை கல்வி மற்றும் ஆய்வு நிறுவைங்கள் நம் அணமப்புென் 
இணைந்து செயைாற்றுவது சபருணமக்குாிய ஒன்றாகும். வருங்காைத்தில் இது சபான்ற 

பை கல்வி மற்றும் ஆய்வு நிறுவைங்கள் இணையும் வாய்ப்பிணை இந்த மாநாடு தரும் 
என்று எதிர்பார்க்கிசறன். 

இந்த இணைய மாநாட்டின் முன்சைாட்ெமாக அண்ைா பல்கணைக் கழகத்தால் 
‘சகாத்துநிைல் அைங்கம்’ (சேக்கத்தான்) மூன்று நாள்  நெத்தப்பட்ெது. இதில் 

மாைவர்கள், சபைாெிாியர்களின் வழிகாட்ெலில் நிைல்கணள உருவாக்கிைர். தங்கள் 

பட்ெப்படிப்ணப முடிக்க இருக்கும் சபாறியியல் மாைவர்கள் இதில் கைந்து சகாண்ெது 
இந்த மாநாட்டின் சநாக்கம் உாியவர்கணளச் சென்றணெந்தது என்சற சொல்ை சவண்டும்.  

தமிழ் இணைய மாநாட்டிணை என்சைாடு இணைந்து அணைத்து தமிழ் இணைய 
ஆர்வைர்களும் எதிர்சநாக்கி உள்ளைர். மாநாட்டிற்கு அணைவணையும் அன்புென் 

வைசவற்கும் இந்த சவணளயில், இதற்சகை உதவி நல்கிய அணைத்து பிாிவிைருக்கும் 

உைகத் தமிழ் தகவல் சதாழில் நுட்ப மன்றத்தின் ொர்பில் நன்றி சதாிவித்து மகிழ்கிசறன். 

மிக்க அன்புென் 

சுப்பிைமைியம் 
தணைவர் - உத்தமம் 
ெிங்கப்பூர். 
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சபைாெிாியர் மு. சபான்ைணவக்சகா 

     வாழ்த்துச்செய்தி 

 

 

முதல் தமிழ் இணைய மாநாடு, 1997-ஆம்ஆண்டு, சம மாதம் ெிங்கப்பூாில் 

‘தமிழ்இணையம்97’ என்ற சபயாில் நணெசபற்றது. இைண்ொவது தமிழ் இணைய 

மாநாடு, ‘தமிழ்இணையம்99’ என்ற சபயாில் சென்ணையில் 1999-ஆம் ஆண்டு பிப்ைவாி 

மாதம் நணெசபற்றது இம்மாநாட்ணெ அடுத்து ‘தமிழ்இணையம் 2000’ மாநாடு 

இைங்ணகயில் நெத்தத் திட்ெமிெப்பட்டு இருந்தது. அந்த மாநாட்டின் முன்சைற்பாட்டுக் 

கூட்ெம் 2000-ஆம் ஆண்டு நவம்பர் மாதம் இைங்ணகயில் நணெசபற்றது. அந்தக் 

கூட்ெத்தில் சுவிட்ெர்ைாந்து நாட்டிலிலுள்ள முணைவர் கல்யாைசுந்தைம் அவர்கள் , உைக 

அளவில் ஒரு இணையத் தமிழ் ஆய்வுக்குழு அணமக்க சவண்டுசமை வணைந்து 
அனுப்பியிருந்த திட்ெத்ணத திரு.அருண்மகிழ்நன் முன்சமாழிந்தார். அந்தக் 

கைந்துணையாெலில் பிறந்ததுதான் ‘உத்தமம்’ என்னும் உைகத் தமிழ்த் தகவல் 

சதாழில்நுட்ப மன்றம் . இம்மன்றத்திற்குப் சபயாிடும் சபருணம எைக்குக் கிட்டியது நான் 

சபற்ற சபறு. அந்த மாநாட்ணெ அடுத்து ெிங்கப்பூாில் 2000-ஆம் ஆண்டு ஜூணை மாதம் 

22-24-ஆம் நாட்களில் நணெசபற்ற தமிழ் இணைய மாநாட்டில் ‘உத்தமம்’ (INFITT) 

சதாெங்கி ணவக்கப்பட்ெது. இணையத் தமிழின் ஆய்விற்காக உத்தமத்தில் தமிழ்க் 

கணைச்சொல் ஆக்கல், யூைிசகாடுதமிழ் (UNICODE Tamil) ஆய்வு, இணையதள 

தமிழ்முகவாி வடிவணமத்தல், தமிழ் வாிவடிவக் குறியீட்டுத் தைப்பாடு, ஆங்கிை வாிவடிவத் 

தமிழ் எழுத்துத் தைப்பாடு, தமிழ் எழுத்துரு அறிதல் (Tamil OCR), லிைக்ஸில் தமிழ் (Tamil 

in Linux), தமிழ் அணைத்து எழுத்துரு தைம் அணமத்தல், ஆகிய பைிகளுக்காக எட்டு 

ஆய்வுப் பைிக்குழுக்கள் (Working Groups) நிறுவப்பட்ெை. பைிக்குழுக்களின் 

செயற்பாடுகள் பற்றியும் கைித்தமிழ் மற்றும் இணையத் தமிழ்வளர்ச்ெி பற்றியும் 
ஒவ்சவாரு ஆண்டும் உத்தமம் நெத்திய தமிழ் இணைய மாநாடுகளில் கைந்தாய்வு 
செய்யப்பட்டுள்ளை. இதுவணை (1997-லிருந்து 2018 வணை ) ெிங்கப்பூர், தமிழ்நாடு, 
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மசைெியா, அசமாிக்கா, சஜர்மைி, புதுச்சொி, கைொ, ஆகிய நாடுகளில் 17 மாநாடுகள் 

நணெசபற்றுள்ளை. தமிழ் இணையம் 2001, 2002, மற்றும் 2003 மாநாடுகளில் நிகழ்ந்த 

ெிை நிகழ்ச்ெிகளின் விணளவாக உத்தமம் அணமப்பின் சமைாண்ணமயில் ஏற்பட்ெ ெிை 
பின்ைணெவுகளால், 2005, 2006, 2007, 2008 ஆகிய நான்கு ஆண்டுகளில் தமிழ் இணைய 

மாநாடுகள் நணெசபறவில்ணை. எைசவ 21 ஆண்டுகளில் 21 மாநாடுகளுக்குப் பதிைாக 17 

மாநாடுகள் மட்டுசம நணெசபற்றுள்ளை. இப்சபாழுது 18-வது மாநாடு தமிழ்நாட்டில், 

சென்ணையில் அண்ைா பல்கணைக்கழகத்தில்   நிகழவுள்ளது என்பணத  அறிய மிகுந்த 
மகிழ்ச்ெி அளிக்கின்றது. இது தமிழ்நாட்டில் நிகழும் எட்ொவது மாநாடு என்பதும் 

மகிழ்ச்ெிக்குாிய செய்தி. 

இந்த 21 ஆண்டுகளில் நாம் ொதித்தணவ என்ை என்று எண்ைிப் பார்க்கசவண்டிய 

சநைம் இது. ஏைாளமாை தமிழ் இணைய தளங்கள் பிறந்துள்ளை. பல்சவறு எழுத்துரு 

தைப்பாடுகளிலிருந்து இைண்டு எழுத்துருத் தைப்பாடுகள் - ஒருங்குறித்தமிழ் (Unicode 

Tamil), அணைத்து எழுத்துருத் தைப்பாடு (TACE-16), ஆகிய இைண்டு தைப்பாடுகள் தமிழக 

அைொல் அைெின் தைப்பாடுகளாக ஏற்கப் சபற்றுள்சளாம். சொற்செயலிகள், தமிழ் 

எழுத்துரு அறி சமன்மம் (Tamil OCR), சபச்சுத் தமிணழ எழுத்துத் தமிழாக்கும் சமன்மம், 

எழுத்துத் தமிணழப் சபச்சுத் தமிழாக்கும் சமன்மம், தமிழ் இயல்சமாழிச் செயைாக்கம் 

சபான்ற பல்சவறு சமன்சபாருள் உருவாக்கப் சபற்றுள்சளாம். உைகு தழுவி வாழும் 

தமிழ்மக்களும், தமிழில் ஈடுபாடு உள்ள மற்ணறசயாரும், தமிழ் சமாழிணயக் கற்கவும், 

தமிழர் வைவாறு, கணை, இைக்கியம், பண்பாடு பற்றி அறிந்து சகாள்ளவும், மழணைக் 

கல்வி முதல் பட்ெப் படிப்பிற்காை பாெப் சபாருள்கணளயும், மிகப் சபாிய தமிழ் 

மின்நூைகத்ணதயும் தன்னுட்சகாண்டு தமிழ்ப்பைி ஆற்றிவரும் ெிறந்தசதாரு 
தமிழ்இணையக் கல்விக் கழகம் கிணெக்கப் சபற்றுள்சளாம. 

ஆைால் இப்பணெப்புகசளல்ைாம் மக்கணளப் சபாய்ச் செர்ந்துள்ளைவா? தமிணழ 

ஆட்ெி சமாழியாகவும் வழக்கு சமாழியாகவும் சகாண்டுள்ள நாடுகளின் அைசுகள் ஏற்றுச் 
செயல்படுத்துகின்றைவா? இல்ணைசயைில் அதற்கு உத்தமம் என்ை செய்ய சவண்டும்? 

எப்படிச் செயல்பெ சவண்டும் ? என்பவற்ணற இம்மாநாட்டில் கைந்தாய்ந்து முடிவு செய்ய 
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சவண்டிய நிணையில் உள்சளாம்.  சமலும் இணையதளத் தமிழ் முகவாி வடிவணமக்கும் 

பைி இன்னும் நிணறவு சபறாமல் உள்ளது. இப்பைி நிணறவு சபறச் செய்ய 

சவண்டியணவ பற்றி முடிசவடுக்க சவண்டிய நிணையில் உள்சளாம்.  

இணையப் பயன்பாட்டிற்கு ஒருங்குறி தமிழ் எழுத்துரு (Unicode Tamil) தைப்பாடு 

என்றும், பிற பயன்பாடுகளுக்கு அணைத்து எழுத்துரு (TACE-16) தைப்பாடு என்றும் 

தமிழக அைசு அறிவித்துள்ளது. எல்ைாப் பயன்பாடுகளுக்கும் அணைத்து எழுத்துரு (TACE-

16) தைப்பாசெ ெிறந்தது எைபணத பல்சவறு ஆய்வுகள் சவளிப்படுத்தியுள்ளை. இந்த 

அணைத்து எழுத்துரு (TACE-16) தைப்பாட்டின் பயன்பாடு கூடிைால், ஒருங்குறி 

செர்த்தியம் (Unicode consortium) ஒருங்குறிதளத்தில் 32-பிட்டு அணமப்பில் இந்த 

அணைத்து எழுத்துரு (TACE-16) தைப்பாட்டிணைச் செர்க்க இணெவளித்துள்ளது. எைசவ, 

அணைத்து எழுத்துரு (TACE-16) தைப்பாட்டிணைப் பல்சவறு பயன்பாடுகளில் 

செயல்படுத்தி அதன் பயன்பாட்டிணைப் சபருக்குமாறு கைித்தமிழ் அன்பர்கள் 
அணைவணையும் அன்புென் சகட்டுக் சகாள்கின்சறன்.  

 

இன்று ஜப்பான், சகாாியா சபான்ற நாடுகளில் செயல்படும் கைிப்சபாறிகளுக்கு 

ஆங்கிைம் சதாியாது. ஜப்பான், சகாாிய சமாழிகளில் சகாடுக்கப்படும் கட்ெணளகணள 

மட்டுசம புாிந்நது சகாண்டு செயல்படுகின்றை. உைக சமாழிகளின் தாய்சமாழியாகிய 

தமிழ்சமாழிக் கட்ெணளகளால் இயங்கும் கைிப்சபாறிணய வடிவணமக்க இயைாதா 
என்ை? அணைத்து எழுத்துரு (TACE-16) தைப்பாடு உருவாகும்வணை இயைாநிணை 

இருந்தது. ஆைால்  இப்சபாழுது அத்தணெ இல்ணை. இைி அப்படிசயாரு 

கைிப்சபாறிணயக் காண்பது எப்சபாழ்து? Assembler சபான்ற அணமப்புச் செயல்சமாழி 

(System Software) windows சபான்ற இயக்க சமன்சபாருள் (Operating System ) 

ஆகியவற்ணற அணைத்து எழுத்துரு (TACE-16) தைப்பாட்டில் வடிவணமத்து ஒரு 

முழுணமயாை தமிழ்க்கைிைிணய பணெக்கமுடியும்.  இப்படிசயாரு முழுணமயாை 

தமிழ்க்கைிைிணயப் பணெத்து வழங்குபவருக்கு உருபா ஒரு இைக்கம் பாிொக 
வழங்கப்படும் என்று மசைெியாவில் நணெசபற்ற 12-வது தமிழ் இணைய மாநாட்டின் 
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சபாழ்சத அறிவித்திருந்சதன். ஆைால் இன்றுவணை அது நிகழவில்ணை. விணைவில் 

அப்படிசயாரு முழுணமயாை தமிழ்க்கைிைி பயன்பாட்டிற்கு வைசவண்டும் என்பது எைது 
சபைவா? என் கைவு நிணறசவறுமா? இந்த மாநாட்டில் இது  பற்றி முடிசவடுக்க 

கைிப்சபாறி வல்லுநர்கள் முன்வை வண்டும் என்பது என் சவண்டுசகாள். 

சென்ணையில், அண்ைா பல்கணைக்கழகத்தின் ஆதைசவாடு  நிகழவுள்ள இந்த  

பதிசைட்ொவது தமிழ் இணைய மாநாடு ெிறப்பாக நணெசபற எைது உளங்கைிந்த 
வாழ்த்துக்கணளத் சதாிவித்துக் சகாள்கின்சறன்.  

       வாழ்க தமிழ்! வளர்க கைித்தமிழ்!  

அன்புென்,                                                                                                    

மு.சபான்ைணவக்சகா 
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மாநாட்டு நிகழ்ச்ெிகள் குழு அறிக்ணக 

 

 

 

 

முணைவர் வாசு அைங்கநாதன், சபன்ெில்சவைியாப் 
பல்கணைக்கழகம் 

முணைவர் சொபா ை, AU-KBC, அண்ைா பல்கணைக்கழகம் 

உத்தமம் நிறுவைத்தின் 18வது மாநாட்டு நிகழ்ச்ெிகள் குழுவுக்குத் தணைணம ஏற்க 

வாய்ப்பளித்த உத்தமம் நிறுவைத்துக்கு நாங்கள் எங்களது நன்றிணயத் 

சதாிவித்துக்சகாள்கிசறாம்.  எங்களது குழுவிைர் பைர் மாநாட்டு அறிக்ணக சவளியிட்ெ நாள் 

சதாெங்கி இம்மைணை உருவாக்கி முடிக்கும்வணை இம்மைாில் கட்டுணைகளும் மற்ற வாழ்த்துச் 

செய்திகளும் செவ்வசை வைசவண்டும் என்பதில் மிகவும் கவைமாக இருந்சதாம்.  மாநாட்டுக்கு 

வந்த நாற்பத்ணதந்து கட்டுணைகளில் தைமாைவற்ணறயும் தமிழ்க்கைிைிக்காக மிகவும் கடிைமாக 

உணழத்து உருவாக்கிய கட்டுணைகணளயும் சதர்ந்சதடுக்கப் பை முயற்ெிகணள எடுத்சதாம்.  மற்ற 

மாநாடுகள் சபான்றல்ைாது இம்மாநாட்டில் easychair.org என்னும் நிறுவைத்தின் இணைய 

நிைலிணயக் கட்டுணைகணளப் சபறுவதிலிருந்து அவற்ணறக் கைித்துத் சதர்ந்சதடுப்பது வணை 

பயன்படுத்திசைாம்.  இது இம்மாநாட்டில் செயல்படுத்திய புது முயற்ெியாகும்.  இந்நிைலி வழி 

ஆய்வாளர்கணளயும் நிகழ்ச்ெிக் குழு உறுப்பிைர்கணளயும் எளிதாகத் சதாெர்புசகாண்டு எங்களால் 

கட்டுணைகணளத் சதர்ந்சதடுக்க இயன்றது.  

இம்மாநாட்டின் ணமயக்கருத்தாை “தாைியங்கிக் கருவிகளில் தமிழ்சமாழிப் பயன்பாடு” 

என்னும் தணைப்பில் கட்டுணைகணள வைசவற்சறாம்.  கைிைி எங்ஙைம் சமாழிணய அறிந்து 

செயல்படுகிறது என்னும் ஆய்ணவ வளர்க்கும் முகத்தான் சதாெர்ந்த இம்முயற்ெியில் பை 

மாைவர்களும் ஆய்வாளர்களும் பங்குசபற்றைர். தமிழ் எழுத்துருசவ கவைத்தில் இருந்த 

காைக்கட்ெம் சபாய் இன்று கைிைியும் மைிதர்கணளப் சபாை தமிழ் சமாழிணயப் பயன்படுத்தும் 
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விதமறியும் ஆய்வில் ஆய்வாளர்கள் ஈடுபட்டிருப்பது கண்டு சபருணமப்பெசவண்டும். தமிழின் 

வாக்கியங்கணளக் கண்ெறியும் முணற; தமிழின் பழசமாழிகணளக் கண்ெறியும் முணற; தமிழ்ச் 

சொற்களின் சொற்திருத்தி, ஒற்றுப்பிணழ ொிபார்த்தல்; தமிழில் பயன்படுத்தும் கிைந்தப் 

பயன்பாட்ணெ நீக்கித் தமிழ்ச்சொற்கணள மட்டுசம பயன்படுத்தும் முணற எைப் பை கட்டுணைகள் 

இம்மாநாட்டு மைாில் இெம்சபற்றுள்ளை.  இம்மைாில் சதாகுக்கப்பட்டுள்ள கட்டுணைகளில் 

சபரும்பாைாை கட்டுணைகள் மாநாட்டு ணமயக்கருத்தாை ‘தாைியங்கும் அடிப்பணெயில் கைிைி 

வழித் தமிழ் சமாழிணயப் பயன்படுத்துவது’ என்னும் கருத்திைடிப்பணெயிசைசய வந்துள்ளை 

என்பணத அறியும்சபாது தமிழ்க்கைிைியின் பதிசைட்டு ஆண்டுகாை வளர்ச்ெியின் உச்ெத்ணதக் 

காைமுடிகிறது.  

உத்தமம் நிறுவைம் சதாெர்ந்து தைது தமிழ்க்கைிைி ஆய்வுப் பைியில் ஈடுபட்டு 

சமன்சமலும் பை தமிழிணைய மாநாடுகள் பைவற்ணறக் காை நிகழ்ச்ெிக்குழுவிைர் ொர்பாக 

எங்களது வாழ்த்துகணளயும் பாைாட்டுகணளயும் சதாிவித்துக்சகாள்கிசறாம்.  
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கைிைித் தமிணழ சமலும், சமம்படுத்துவதற்கு ஏதுவாக தமிழ் இணையக் கல்விக் 

கழகத்தில் கைிைித் தமிழுக்சகை தைிப்பிாிவு மற்றும் கல்விக் காசைாலிகணளத் 
தமிழாக்கம் செய்தல் சபான்ற திட்ெங்கள் வகுக்கப்பட்டுள்ளை. இக்கைிைித் தமிழ்ச் 

செணவணயத் சதாெருவதற்காகத் தமிழ் இணையக் கல்விக்கழகமும், அண்ைா பல்கணைக் 

கழகமும் மற்றும் உத்தமம் நிறுவைமும் இணைத்து TIC 2019 என்ற மாநாட்டிணை 

நெத்துவதில் சபருமகிழ்ச்ெி அணெகிசறன். 

 தமிழ் இணையக் கல்விக் கழகம் மூைம், உைகளாவிய தமிழ்ச் ெமுதாயத்திைர்க்கும், 

தமிழியலில் ஈடுபாடுள்ள மற்ணறசயார்க்கும் தமிழ்சமாழி, இைக்கியம், பண்பாடு பற்றிய 

கல்விச் ொதைங்கள் மற்றும் பாெத் திட்ெங்கணள உருவாக்கி இணையம் வழியாக 
அளிக்கப்பட்டு வருகிறது. 

 சமலும், தமிழ் இணையக் கல்விக்கழகத்தால் "Linguistically Annotated Corpus for 
Tamil Literature” Syntactically and Semantically Annotated Corpus for Tamil Literature, An 
Electronic Dictionary with Pronunciation, Visual Thesaurus for Tamil. TANII திட்ெத்தின் கீழ் 
Tamil Speech Computing Tools, Sentence Patterns Structures and Rules in Tamil, சபான்ற 
திட்ெங்களுென் 15 தமிழ் சமன்சபாருள்கள் கைிைித் தமிழுக்காக 

உருவாக்கப்பட்டுள்ளை. 

 சமற்படி பயனுள்ள பை தகவல்கள், சமலும் பை தமிழ் ஆர்வைர்களுக்கு சென்று 

செருவதற்கு இந்த மாநாடு உறுதுணையாக இருக்கும் எை நம்புகிசறன். 
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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. 

(iii) 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 
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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 Naïve 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 subtask1. 

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: task1 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: 
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<Paraphrase pID="TAM0001"> 

 <Sentence1> சᾱகராᾗரΆ ெதாᾁதியி᾿ ேபா᾵ᾊயிᾌΆ ῄடாᾢᾹ நைடபயணமாக 
ெசᾹᾠ  பிரசாரΆ ெசᾼதா᾽. </Sentence1> 

 <Sentence2> தி.ᾙ.க., ேவ᾵பாள᾽ ῄடாᾢᾹ ேபா᾵ᾊயிᾌΆ சᾱகராᾗரΆ ெதாᾁதியி᾿ 
சிᾹன  ேசலΆ பᾁதியி᾿ நைடபயணமாக ெசᾹᾠ ஓ᾵ᾌ ேசகாிᾷதா᾽. </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: 

<s> சᾱகராᾗரΆ ெதாᾁதியி᾿ ேபா᾵ᾊயிᾌΆ ῄடாᾢᾹ நைடபயணமாக ெசᾹᾠ பிரசாரΆ ெசᾼதா᾽. 
<eol> தி.ᾙ.க., ேவ᾵பாள᾽ ῄடாᾢᾹ ேபா᾵ᾊயிᾌΆ சᾱகராᾗரΆ ெதாᾁதியி᾿ சிᾹன ேசலΆ 
பᾁதியி᾿ நைடபயணமாக ெசᾹᾠ ஓ᾵ᾌ ேசகாிᾷதா᾽ .</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 

 
 Sl No 

 
n-Fold 

Model  Accuracy(%) 
NB SL 

1 1-Fold 60.8 67.0 

2 2-Fold 64.4 62.0 
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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 

 

Methodology 

Accuracy (%) 

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 / 
Evaluation 

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 

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 / 
Evaluation 

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 

P NP P NP P NP P NP P NP 
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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 65.2 60.66 

Accuracy (%) 60.8 64.4 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 61.4 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: 
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Sentence number: 11 

இᾸதிய விᾌதைலᾺேபாரா᾵டΆ 1857᾿ ேவᾥ᾽Ὰᾗர᾵சியிᾹ ேபாேத ஆரΆபிᾷᾐவி᾵டᾐ eol 1857᾿ 
நைடெபιற ேவᾥ᾽Ὰᾗர᾵சியிᾢᾞᾸேத இᾸதிய விᾌதைலᾺேபாரா᾵டமானᾐ உயி᾽ெகா῀ள 
ஆரΆபமானᾐ 

 

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 விᾌதைலᾺேபாரா᾵டΆ, 

ேவᾥ᾽Ὰᾗர᾵சி, ஆரΆபிᾷᾐவி᾵டᾐ, உயி᾽ெகா῀ள, ஆரΆபமானᾐ, 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 இᾸதிய has 
occurred 52 times in P, 125 times in NP sentences in training data. Similarly another word நைடெபιற 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). 
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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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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.   

3.4.  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 
உᾺபி᾵டவைர உ῀ளளᾫΆ நிைன. 

Transliteration  
Uppittavarai ullalavum ninai. 

Tamil Meaning  
உனᾰᾁ உதவி ெசᾼதவைர எᾹᾠΆ மறவாேத. 

Figure 2. Example1 

 

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 “ஒῂெவாᾞ எᾢᾜΆ தனᾰᾁᾷ ேதைவயானைத விட ஐᾸᾐ மடᾱᾁ தானியᾷைத 
அ῀ளிᾰ ெகாᾶᾌ ெச᾿ᾤமாΆ” has the high score, the Proverb Meaning Generator generates this sentence 
as the description of P1. 

 

Example 2: P1 

Proverb in Tamil 
அᾠᾺᾗᾰ காலᾷதி᾿ எᾢᾰᾁ ஐᾸᾐ ெபᾶசாதி. 

Transliteration  

Aṟuppuk kālattil elikku aintu peṇcāti. 

P2: 

Proverb in Tamil 

ஆைனᾰᾁ ஒᾞ காலΆ வᾸதா᾿ ᾘைனᾰᾁΆ ஒᾞ காலΆ வᾞΆ 

Transliteration  

Āṉaikku oru kālam vantāl pūṉaikkum oru kālam varum 

Tamil Meaning  
யாைனகைளᾰ ெகாᾶᾌ கதிரᾊᾷத பிᾹன᾽, பிாிᾸத ெந᾿மணிகைளᾷ தனியாக எᾌᾷᾐᾷ 
தானியᾰ கிடᾱᾁகளி᾿ ேசமிᾷᾐ ைவᾷதிᾞᾺப᾽. இᾺேபாᾐ தாᾹ சிᾰக᾿ ᾐவᾱᾁகிறᾐ. 
ேசமிᾷᾐ ைவᾰகᾺப᾵ᾌ῀ள இᾸத ெந᾿மணிகைளᾰ ᾁறிைவᾷᾐ எᾢகளிᾹ ப᾵டாளΆ 
பைடெயᾌᾰகᾷ ᾐவᾱᾁகிᾹறᾐ. ஒῂெவாᾞ எᾢᾜΆ தனᾰᾁᾷ ேதைவயானைத விட ஐᾸᾐ 
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மடᾱᾁ தானியᾷைத அ῀ளிᾰ ெகாᾶᾌ ெச᾿ᾤமாΆ. இதனᾊᾺபைடயி᾿ தாᾹ, 

“அᾠᾺᾗᾰ காலᾷதி᾿ எᾢᾰᾁ ஐᾸᾐ ெபᾶசாதி” 

எᾹற பழெமாழிேய எᾨᾸதᾐ எனலாΆ. ᾂ᾵டΆ ᾂ᾵டமாக இைவ ᾗᾁᾸᾐ ெந᾿மணிகைளᾷ 
திᾞᾊᾰ ெகாᾶᾌ ெச᾿வைத அᾺபᾊேய வி᾵ᾌவி᾵டா᾿, கிடᾱைகேய காᾢ ெசᾼᾐ விᾌΆ. 
எனேவ இᾸத எᾢகைளᾰ ᾂᾶேடாᾌ ஒழிᾰக, ᾘைனகைளᾰ ெகாᾶᾌவᾸᾐ தானியᾰ 
கிடᾱᾁᾰᾁ῀ ைவᾺப᾽. ᾘைனகᾦΆ கிடᾱகிιᾁ῀ வᾞகிᾹற எᾢகைள ேவ᾵ைடயாᾊᾷ 
திᾹᾠவிᾌΆ. 

இῂவாறாக கதிரᾊᾰᾁΆ காலᾷதி᾿ யாைனயிᾹ உதவிᾜΆ ேசமிᾰᾁΆ காலᾷதி᾿ ᾘைனயிᾹ 
உதவிᾜΆ மனிதᾞᾰᾁᾷ ேதைவᾺப᾵டᾐ. 

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 P1 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, Si  

4.3. Select sentences from contexts, Si-5, Si-4, Si-3,Si-2,Si-1  and Si+1,Si+2, 

Si+3, Si+4, Si+5 

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  

(N) 

Correctly 

Retrieved 

(C) 

Retrieved 

(M) 

Precision 

P=C/M 

Recall 

R=C/N 

F-Measure 

F=  

400 320 350 91.4 80 85.3 

 

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, ‘அவᾹ’, ‘மிக’, ‘ஓᾌ’, ‘ேவகΆ’ 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, ‘அவᾹ’ is agent of the action 
‘ஓᾌ’ and the verb ‘ஓᾌ’ is mentioned as past tense in UNL format. If the agent is third person singular 
means, the gender marker ‘ஆᾹ’ is added to the verb ‘ஓᾌ’ and the past tense marker ‘n’ is also added. 
‘ேவகΆ’ defines the way to carry out an event ‘ஓᾌ’ and it is adverb. So ‘ஆக’ is added to the adverb 
‘ேவகΆ’. The word ‘மிக’ is intensifier and it modifies the adverb ‘ேவகΆ’ and it is simply added before 
adverb ‘ேவகΆ’. So the generated sentence from the above information is ‘அவᾹ மிக ேவகமாக 
ஓᾊனாᾹ’. 

4.4 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 ዘ 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 agt 0 
3 man 2 
1 mod 3 
[/R] 

 
Here ‘agt’, ‘man’ and ‘mod’ are the relation labels.‘He(icl>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 dictionary is used as a Universal Word dictionary. The query to retrieve the Tamil word 
matches the Headword. 
 

 
 

Figure 3. Word Dictionary 
 
The Figure 4 shows the Translation of English Words. The word or text is translated from English to Tamil 

using Word Dictionary. 
 
  

 
 

Figure 4. Translation 
 
The process of converting any word from one language to another without changing its pronunciation and 

phonetics is known as Transliteration. The Figure 5 shows the Trigram based reward value. Transliteration is 
the process of transferring a word from the alphabet of one language to another [20]. Transliteration helps 
people pronounce words and names in foreign languages. In translation transliteration is used for named 
entities. The Figure 6 shows the Transliteration. 
 



25 

 

 
 

Figure 5. Trigram based reward value 
  

 

 
 

Figure 6. Transliteration 
 

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. 
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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. 

 
 

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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Figure 9. Sentence Generator 
 
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. 
 

 
 

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  uLLana.                    (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 
S.No 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 77.23 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.a) 

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 One-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 cattaikaLai’ 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.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A set of Tamil web documents will be crawled from the web and a context based analysis is done to 
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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, “க᾵ᾌமரΆ”. 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 “க᾵ᾌமரΆ”. 

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, மாᾲசி᾿ᾤ (maachillu), ஈர᾵ᾊ 
(eeratti) and விᾆᾰேகாᾷᾐ (viskoththu). If a new word which is similar to biscuit like, “ஈர᾵ (erat)” which 
sounds similar like “biscuit” is coined, the people would tend to use “ஈர᾵” 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 Artificial 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 

 

 

 

 

 

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_1=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_1=”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 
Models 

Model1 Model2 Model3 Model4 Model5 Model6 

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

Baseline 

System 

Yes Yes Yes Yes Yes Yes 

Extended 

System 

Yes Yes Yes Yes Yes Yes 

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 48.47 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 
features 

Errors: 
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 
chunk 

Errors reduced by this feature: 
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 
statistical 
suffixes and 
prefixes 

Errors reduced by this feature: 
1) location names tagged as person in previous feature combinations are rectified 
using the statistical suffixes and prefixes. For example, in 133 cases location names 
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 
statistical 
suffixes and 
prefixes, word 

Errors: 
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 36.2 

P+C 34.39 39.97 37.18 

P+W 61.34 71.32 66.33 

P+C+W 61.56 72.27 66.91 

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]LOC 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”. 

Ml: [keralYa]LOCATION 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] LOCATION 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: [SrIrafkam]LOCATION        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 “SrIrafkam peVrumAlY” as PERSON system tagged the entity “SrIrafkam” as 
LOCATION and “peVrumAlY” as PERSON. 

6.1.1.3 Location Names Identified As Other Types 

Ta: [nAkarAjar]LOCATION 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: [Vijay] 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]MONTH wIpam                                                                                                    
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 peVrumAlYE]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 kAranathirkAka       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) 



50 

 

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  NNP|NNPC|NNC|NN+B-NP=1 
 -1 NNP|NN+I-NP=1 
 0  thoziRsAlai|sangam|vanki (NN) =1 

The term “thoziRsAlai (industries), sangam (club), vanki (bank)” act as a keyterm to indicate the 
organization NEs. If the current token is  “thoziRsAlai|sangam|vanki”, 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 NNP|NNPC|NNC|NN+B-NP=1 
 -1 NNP|NN+B-NP=1 
   0 koyil|kovil|sannathi|temple+NN =1 

The term “koyil|kovil|sannithi” denotes the names of the temple. If the current token is  
“koyil|kovil|sannathi”, 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 “varutam|nAlY|ANtukalY|nAtkalY|mAwanworYum|nUrYrYANtu”  indicates 

year|day|years|days|every month|century 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%. 
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ெதாடᾰகΆ 

பிரபᾴசᾱகளிᾹ பிரதிபᾢᾺபி᾿ ேதாᾹறிய ᾗவிᾜலகி᾿,நΆᾙ῀ நிைறᾸதிᾞᾰᾁΆ 
இயιைகையᾺ பᾁᾷᾐண᾽Ᾰᾐ, ெசயιைக அறிவியைல உ᾵ᾗᾁᾷதி, 20Ά ᾓιறாᾶᾊ᾿ தᾹனிக᾽ 
அιற ெதாழி᾿ᾗர᾵சியா᾿ உய᾽ வ᾿லைம ெபற ᾗᾷதாᾰக வாᾼᾺᾗᾰக῀ ெபறᾷ ெதாடᾱகி இᾞᾰᾁΆ 
கணினி ᾜகᾷதி᾿ வாᾨΆ உᾹனத வ᾿லைமைய மனிதᾹ ெபιᾠ῀ளாᾹ.  

பறைவ பறᾺபைதᾰ கᾶᾌ, விமானᾺ பயணᾰ கனைவ நனவாᾰகிட ᾙᾊᾸதᾐ. அᾐ ேபா᾿, 
நாΆ இனி நிைனᾷதைத, கᾶᾌ ேக᾵ᾌ ᾗாிᾸᾐ ெகா῀ள ெமᾼநிக᾽, மிைக ெமᾼநிக᾽ ெதாழி᾿ᾒ᾵பΆ 
உதᾫΆ.அᾐ தமி῁ ெமாழி வள᾽ᾲசியி᾿ உᾶடாᾰகி வᾞΆ தாᾰகᾱகைள இᾸதᾺபைடᾺᾗ விளᾰᾁΆ. 

ெமᾼநிக᾽(Virtual Reality), மிைக ெமᾼநிக᾽ ெதாழி᾿ᾒ᾵பΆ(Augmented Reality -வரலாιᾠ 
பிᾹேனா᾵டΆ 

1980 ஆᾶᾌகளி᾿ மᾷதியி᾿  திᾞ.ெஜெராᾹ ேலனிய᾽ (Mr.Jeron Lanior,CEO ,VPL 

Research,USA) அறிᾙகᾷதி᾿ ெமᾼநிக᾽ அறிᾙகமானᾐ.ஆரΆபᾷதி᾿ திைரᾰ கா᾵சிகைள 

ᾙᾺபாிமாண பைடᾺபாக(simulated environments) கா᾵டேவ இᾸத ᾙைற பயᾹபாᾌ கᾶடᾐ. 

  

எᾱᾁΆ,எதிᾤΆ ,எᾸத ேநரᾷதிᾤΆ,மனித ᾚைளᾰᾁ῀  இ᾿லாத ஒᾞ இடΆ, கா᾵சி 
உண᾽ᾫகைள உ᾵ ᾗᾁᾷதி , கιற᾿, கιபிᾷத᾿, கனிணிᾚலΆ  அதிேவக இᾞவழி உறவாடᾤᾰᾁ 
வாᾼᾺᾗ ஏιப᾵ᾌ῀ளᾐ.ஆᾺபி῀, ᾂக᾿, ைமᾰேராசாᾺ᾵, ேபῄᾗᾰ ேபாᾹற உலக நிᾠவனᾱக῀ 
இᾹᾠ ெமᾼநிகைரᾺ பயᾹபᾌᾷᾐΆ மிைக ெமᾼநிக᾽ᾷ தகவ᾿கைள, பைடᾺᾗகைள வழᾱக 
ᾙைனᾸᾐ῀ளன. 
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மிைக ெமᾼநிக᾽, ஆரΆபᾷதி᾿ ெமᾼநிகைரᾲ சா᾽ᾸதிᾞᾸதாᾤΆ 1965᾿ திᾞ,ஐவᾹ 
சᾶெட᾽லாᾶ᾵ (Ivan Sunderland) கᾶᾌபிᾊᾺபா᾿ ᾗᾐமாιறΆ கᾶᾌ, இᾹᾠ நமᾐ 

கιபைனகைளᾷ தாᾶᾊய உலᾁᾰᾁΆ ஈ᾵ᾌᾲ ெச᾿ᾤΆ உᾹனத வள᾽ᾲசிையᾺ ெபιᾠ῀ளᾐ. 

 

 

 

ெமᾼநிக᾽(Virtual Reality), மிைக ெமᾼநிக᾽ ெதாழி᾿ᾒ᾵பΆ(Augmented Reality) 
ேவᾠபாᾌக῀ 

இᾷதᾞணᾷதி᾿, இᾸத இᾞ ெதாழி᾿ ᾒ᾵பᾱகளி᾿ ᾙᾰகிய ேவᾠபாᾌக῀ பιறி அறித᾿ 
நᾹᾠ. 

ெமᾼநிக᾽ 

இᾐ ᾙᾨᾰக ᾙᾨᾰக கணினியா᾿ உᾞவாᾰகᾺபᾌΆ கா᾵சி ᾇழைலᾲ சா᾽ᾸதிᾞᾰᾁΆ.360 
ஒளி, ஒᾢ அைமᾺᾗ உ῀ள கιபைனᾰ கா᾵சிகைள சிறᾺᾗ கᾞவிகைள அணிᾸᾐ ம᾵ᾌேம உணர 
ᾙᾊᾜΆ. அதி நᾪன ெதாைல ேபசிகளிᾹ வரᾫ, ெமᾼநிக᾽ பைடᾺᾗக῀ உᾞவாᾰகᾷதிιᾁ இᾹᾔΆ 
அதிக பைடᾺபாιற᾿ வாᾼᾺᾗகைளᾷ தᾸᾐ῀ளன. 

மிைக ெமᾼநிக᾽ 

கணினி விைளயா᾵ᾌᾲ ᾇழ᾿ சா᾽Ᾰத ெசயᾢக῀ வழி, ைகᾷெதாைலேபசிக῀ சா᾽Ᾰத 
நடவᾊᾰைககᾦᾰᾁ இᾸதᾷ ெதாழி᾿ ᾒ᾵பΆ ைக ெகாᾌᾰகிறᾐ.மிᾹனிய᾿ ᾗᾷதகΆ,ெதா᾵ᾌணᾞΆ 
இைணயᾺ பைடᾺᾗக῀ என பல ᾗதிய ெவளிᾺபாᾌகைளᾰ கா᾵ட இᾐ பயனளிᾰகிறᾐ. 

 

 



54 

 

தமி῁ வள᾽ᾰᾁΆ ᾗᾷதாᾰகΆ 

உயாிய ெதாழி᾿ᾒ᾵பᾱக῀ இᾹᾠ பரவலாகᾰ கிைடᾺபதா᾿, நΆ தமி῁ ெமாழி அᾶைமய 
காலᾷதி᾿ கணினி உலகி᾿ தனᾰெகன ஒᾞ தனியிடᾷைத உᾞவாᾰகிᾰ ெகா῀வதιᾁ, ᾗᾐᾺ பயணΆ 
ெதாடᾱகி உ῀ளᾐ. 

ᾂக᾿ அ᾵ெசᾹᾲ(Adsense),ைமᾰேராேசா᾵ தமி῁ , ᾙகᾓ᾿(Facebook AR) ேபாᾹற ெபாᾐᾷ தள 
அᾱகீகரᾱகளினா᾿, தமி῁ இᾺேபாᾐ ெபாᾞளீ᾵ᾌΆ ெமாழியாக உய᾽ᾸதிᾞᾺபதா᾿ , ᾗᾷதாᾰகΆ நΆ 
ெமாழிᾰᾁ ᾗᾐ வாᾼᾺᾗகைள வழᾱக உ῀ளᾐ கᾶᾂᾌ. 

இயᾸதிர ெமாழியியᾢ᾿(Artificial Interligence) தமி῁ உ᾵ᾗᾁᾷᾐΆ ஆᾼᾫக῀ ந᾿ல 
ᾙᾹேனιறΆ கᾶᾌ῀ளன.சிᾱகᾺᾘாி᾿  AI Academy, A Star, Samsung Singapore,Microsoft, 

Facebook, Google ேபாᾹற நிᾠவனᾱக῀ தமிைழ தமᾐ ெதாழி᾿ᾒ᾵பᾱகளி᾿ பயᾹபᾌᾷᾐΆ 
ெமாழிகᾦ῀ ஒᾹறாக அᾱகீகாிᾷᾐ῀ளன. 

உதாரணமாக ᾂகᾢ᾿, தமி῁ ᾁர᾿வழி பயண வழிகா᾵ᾊ ெசயலாᾰகΆ கᾶᾌ῀ளᾐ. 
ைமᾰேராசᾺ᾵, பிற ெமாழியி᾿ இᾞᾸᾐ தமிᾨᾰᾁ ேநரᾊ ெமாழி ெபய᾽Ὰᾗ ெசᾼᾜΆ ᾙைறைய 
அறிᾙகΆ ெசᾼᾐ῀ளᾐ. ᾙகᾓᾢ᾿ ெமᾼநிக᾽ கா᾵சிக῀ அடᾱகிய AR Studio, Spaces அறிᾙகΆ 
கᾶᾌ῀ளᾐ. 

இயᾸதிர ெமாழி ேபᾆΆ (chat bot) அர᾵ைடᾰ கணிᾺெபாறி, தιேபாᾐ பிரபலமாகி வᾞகிறᾐ. 
தமிழி᾿ அᾐ பிரபலமாᾁΆ ேபாᾐ, பல ேவைலக῀ இᾹᾔΆ எளிதாக ெசᾼᾐ ᾙᾊᾰக வாᾼᾺᾗᾶᾌ. 

ᾂக᾿ அறிᾙகΆ ெசᾼதிᾞᾰᾁΆ ADsense, தமிழி᾿ பைடᾺபாள᾽கᾦᾰᾁ ஒᾞ 
வரᾺபிரசாதΆ.தரமான ெசாᾸதᾺ பைடᾺᾗக῀ ᾚலΆ நமᾐ தமி῁ ᾗதிய தைலᾙைற தமிழ᾽கைள 
விைரவாகᾲ ெசᾹறைடயலாΆ. 

தமிழி᾿ ெமᾼநிக᾽ படᾱக῀ உᾞவாᾰகΆ காᾶபதιᾁ ந᾿ல வாᾼᾺᾗக῀ உᾶᾌ. Blockchain 
ᾚலΆ ᾙதᾣᾌக῀ கிைடᾰᾁΆ வைகயி᾿ ᾙᾺபாிமாண படᾱக῀ தமிழி᾿ உᾞவாᾰᾁΆ வழிᾙைறக῀ 
இᾺேபாᾐ நமᾰᾁ கிடᾸᾐ῀ளᾐ.vuulr நிᾠவனᾷᾐடᾹ இைணᾸᾐ தமி῁ பைடᾺᾗக῀ உᾞவாᾰᾁΆ 
கᾹனி தி᾵டΆ ெதாடᾱகி உ῀ளᾐ.இதᾹ வழி தரமான தமி῁ காவியᾱக῀, ᾗதினᾱக῀, பைடᾺᾗக῀ 
ஒளி,ஒᾢ வᾊவΆ ெபᾠவேதாᾌ, ᾙதᾣ᾵டாள᾽ இᾹறி உலகᾷதரΆ வாᾼᾸத கιபைன, கணினி 
ஈᾌபாᾌ உ῀ளᾷ தமிழ᾽களா᾿ பைடᾰக ᾙᾊᾜΆ.நமᾐ கைல உலகΆ ேபாιᾠΆ ᾗᾐைம 
வா᾽Ὰᾗகளாக உᾞெவᾌᾰக இᾐ வழி வᾁᾰகலாΆ. 
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தமி῁ மிᾹᾕ᾿க῀ உᾞவாᾰகᾷதி᾿ மிைக ெமᾼநிைக பயᾹ பᾌᾷதி வ῀ᾦவைன, பாரதிைய, 
ᾙᾺெபᾞΆ தமி῁ ேபரரச᾽கைள நΆ கᾶᾙᾹ ெகாᾶᾌவர ᾙᾊᾜΆ. இᾹைறய இைளயᾷ தமிழ᾽க῀ 
ரசிᾰᾁΆ வைகயி᾿ கைத, கவிைத, பைடᾺபிலᾰகியᾱகைள நாΆ உᾞவாᾰகலாΆ. ேநரᾊயாக 
உைரயாட᾿, ஒᾢ , ஒளி கா᾵சி அைமᾺᾗக῀ கணினி விைளயா᾵ᾌக῀ ெகாᾶட ᾗᾷதகᾱகைள Unity, 

Vuforia ெமᾹெபாᾞ῀க῀ ெகாᾶᾌ உᾞவாᾰᾁத᾿ ᾚலΆ தமி῁Ὰ ᾗᾷதகᾱகளாகᾺ பைடᾰகலாΆ.AR 

kit, AR Core ேபாᾹற இலவச பைடᾺᾗᾷதளᾱகளிᾹ வᾞைக, தமிழி᾿ இᾹᾔΆ அதிகமானᾺ 
பைடᾺᾗகைள உᾞவாᾰᾁΆ வாᾼᾺᾗகைள நΆ விர᾿ ᾒனிᾰᾁᾷ தᾸᾐ῀ளன. 

 

 

 

கιற᾿ கιபிᾷத᾿-ᾗᾷதாᾰக அᾎᾁᾙைறக῀ 

ᾂறᾺப᾵ட இᾞ ெதாழி᾿ᾒ᾵பᾱகைளᾜΆ பயᾹபᾌᾷதி தமி῁ சா᾽Ᾰத பயிιசிᾷ தி᾵டᾱக῀ 
சிᾱகᾺᾘாி᾿ நைடᾙைறᾺ பᾌᾷதᾺப᾵ᾌ῀ளன. 

பால᾽ க᾿வி ᾙத᾿ வா῁நா῀ கιற᾿, ᾙதிேயா᾽ பயிιசிக῀ வைர ெசய᾿ᾙைறக῀ பயᾹபா᾵ᾊ᾿ 
உ῀ளன. 

சிᾱகᾺᾘ᾽ 200Ά ஆᾶᾌ ெகாᾶடா᾵டᾱகளி᾿ ஒᾞ ᾂறாக , தமி῁ ேபᾆΆ ெமᾼ நிக᾽ 
ெசயᾢ,(MetaVerse AR) திறᾹேபசிᾰ கᾞவிகᾦᾰகாக உᾞவாᾰகᾺப᾵ᾌ῀ளᾐ.அதி᾿ ᾁர᾿ 
ஒᾢᾺபதிᾫ(Voice Recording), ᾙகᾺபதிᾫ(Image Reconition), ெசᾼதிᾷ தகவ᾿ 
பாிவ᾽ᾷதைன(Chatbot Interaction) ,பயᾹபா᾵ᾌᾷதகவ᾿ திர᾵ᾌ(Data Analytics) த᾵டᾲᾆ உ῀ளீᾌ 

(Unicode Tying)என ᾗᾷதாᾰக ெசய᾿ ᾙைறக῀ உ᾵ᾗᾁᾷதᾺப᾵ᾌ῀ளன.ப᾿ᾢனᾰ கலாசாரᾱகைள 
அைனவᾞΆ எளிதி᾿ அறிᾸᾐ ெகா῀ᾦΆ வைகயி᾿ தமி῁ᾲ ெசயᾢ அைமᾸᾐ῀ளᾐ.இதᾹ 
ᾙᾰகியᾷᾐவΆ கᾞதி சிᾱகᾺᾘ᾽ அரசிᾹ உᾞவாᾰக மானியΆ வழி தரமானᾷ தமி῁ᾲ ெசயᾢயாக 
உᾞவாᾰகᾺப᾵ᾌ῀ளᾐ. 
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ெமᾼநிக᾽ கா᾵சி உᾞவாᾰகΆ வழி கιபிᾰᾁΆ பாடᾷதி᾵டΆ வா῁நா῀ கιற᾿ பயிιசியிᾹ 
ஒᾞ ᾂறாக உᾞவாᾰகᾺப᾵ᾌ῀ளᾐ. 

தமிழி᾿ ᾙᾺபாிமாண கா᾵சிக῀ ᾚலΆ ஒᾢ,ஒளியாᾰகΆ பைடᾰᾁΆ எளிய ᾙைற ெசய᾿ 
பᾌᾷதᾺபᾌ῀ளᾐ.CenerioVR ேமக ஊடக உᾞவாᾰᾁΆ தளΆ(Cloud Computing) ᾚலΆ தமி῁ 
ெதா᾵ᾌண᾽ கᾞவி சா᾽Ᾰத பயிιசிக῀ உᾞவாᾰகᾺப᾵ᾌ῀ளன. 

தமி῁ சா᾽Ᾰத பιபல தகவ᾿கைள கணினி விைளயா᾵ᾌ(Unity Gamification), சᾚக ஊடக 
இைணயΆ வழி கιபிᾷத᾿(Social media Interaction), இயᾸதிர ெமாழியிய᾿ வழி தமி῁ 

பைடᾺபாιற᾿,(Robotic Tamil Computing), ᾙᾺபாிமாண கைலᾺ பைடᾺᾗ உᾞவாᾰகΆ(Artsvive 

Immersive Digitalisation) என பல தி᾵டᾱக῀ தιேபாᾐ சிᾱகᾺᾘாி᾿ ெசய᾿பᾌᾷதᾺ பᾌகிᾹறன. 

உலகᾷதரΆ வாᾼᾸத நிᾠவனᾱகேளாᾌ அைனவᾞΆ பயனைடᾜΆ வைகயி᾿ ெபாᾞளாதார 
அᾊᾺபைடயி᾿ ெவιறி ெபᾠΆ வைகயி᾿ நமᾐ ெசய᾿ᾙைறக῀ அைமᾸᾐ῀ளன. சிᾱகᾺᾘ᾽  அரசி᾿ 
அளᾺபாிய ஆதரᾫΆ உதவிகᾦΆ இதιᾁᾺ ெபாிᾐ ைகெகாᾌᾰகிᾹறன. 

வாᾼᾺᾗக῀ தடᾱக᾿க῀ 

ெதாᾹைமமிᾰக நΆ தமி῁ ெமாழி, கணினியியᾢ᾿ கடᾸᾐ வᾸத பாைத சιᾠ ᾆனᾰகமானேத. 
ஆᾱகிலΆ , சீனΆ ேபால நமᾰெகன ஒᾞ இயᾱᾁதளΆ உᾞவாᾰᾁΆ ேதைவ இᾹᾔΆ 
உᾞவாகவி᾿ைல. எᾨᾷᾐᾞᾰக῀ பல பாிணாமΆ ெபιᾠ, இᾺேபாᾐ ᾝனிேகா᾵ ஒᾞᾱகிைணᾺபா᾿ 
ஒᾞ நிைலᾺ ᾙᾺபாிமாணᾷதி᾿ தமி῁ ேபᾲᾆΆ எᾨᾷᾐᾞᾰக῀ பயᾹபாᾌΆ வள᾽ᾸதிᾞᾸதாᾤΆ ஒᾞ 
ᾁᾠகிய வ᾵டᾷதிιᾁ῀ேளேய பயனீ᾵ᾊ᾿ உ῀ளன.ெபாᾞளாதார அᾊᾺபைடயி᾿ உலகᾷதரΆ 
வாᾼᾸத பைடᾺᾗᾰகைளᾷ தமிழி᾿ உᾞவாᾰᾁΆ பைடᾺபாள᾽க῀ ைகேகா᾽ᾰᾁΆ ᾙயιசிக῀ 
ேமιெகா῀ளᾺபடலாΆ. 
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இைதᾷ தாᾶᾊ இயᾸதிர ெமாழி ᾚலΆ தமி῁  ேமΆபᾌΆ ேபாᾐ, பயᾹ மிᾰக 
ெமᾹெபாᾞ῀க῀, பைடᾺᾗக῀ உᾞவாᾰக வாᾼᾺᾗᾶᾌ.  

ெதாழி᾿ ாீதியி᾿, தமி῁ ᾚலΆ, உய᾽வைடᾜΆ வாᾼᾺᾗக῀ இனி வᾞΆ காலᾷதி᾿ பிரகாசமாகேவ 
உ῀ளன. 

மᾞᾷᾐவΆ, ᾆιᾠᾺபயணᾷᾐைற,அரᾆ ேசைவக῀, உய᾽ பாᾐகாᾺᾗ ேவைலக῀ , 
விவசாயΆ, வா῁நா῀கιற᾿, கιபிᾷத᾿, ெதாைலᾑரᾺ பயிιசி, ᾙᾺபாிமாண படᾱக῀, ᾗᾷதாᾰக 
எᾨᾷᾐᾺபைடᾺᾗக῀ என பல உலகலாவிய தி᾵டᾱகளி᾿ தமிைழ ᾙᾹனிைல பᾌᾷத ெமᾼ நிக᾽, 
எதி᾽ ெமᾼ நிக᾽ நிᾲசயΆ ைகெகாᾌᾰᾁΆ. 

ᾗᾷதாᾰகᾷ தமி῁, இᾹᾔΆ தரᾺபᾌᾷதᾺபᾌΆ ேபாᾐ, அᾌᾷத ᾓιறாᾶᾊ᾿, 
தமி῁,ெசΆெமாழியாக ம᾵ᾌΆ இ᾿லாம᾿, மிᾹனாᾰகᾺ ெபாᾢᾫடᾹ எ᾵ᾌᾷதிᾰᾁΆ 
ெகாᾊக᾵ᾊᾺபறᾰᾁΆ ᾙᾷதமிழாக உயᾞΆ எனலாΆ. 

 

 

நிைறவாக 

  கιகாலΆ ᾙத᾿ ஓைலᾲᾆவᾊக῀ வழி, நமᾐ உயிாி᾿ கலᾸத தமி῁, எதி᾽காலᾷ 
தைலᾙைறᾰᾁΆ பல ᾗᾐைமகைள உ᾵ᾗᾁᾷதி இய᾿, இைச நாடகமாக, ᾗᾷதாᾰகᾷ ெதாழி᾿ ᾒ᾵பΆ 
ெகாᾶᾌ சிறᾸத பைடᾺᾗᾰகைள உᾞவாᾰக ெமᾼநிக᾽, எதி᾽ ெமᾼநிக᾽ ெசய᾿ᾙைறக῀, இயᾸதிர 
ெமாழி ேபசி, தமி῁ உயாிய ெமாழியாக உயர ஆராᾼᾲசிக῀ உலகளாவிய ᾙைறயி᾿ ெதாடᾞΆ. 
உலகெமᾱᾁΆ பரவி இᾞᾰᾁΆ தமிழ᾽க῀ அதிகமாகᾷ தமᾐ ெமாழிையᾰ கணினியாᾰகΆ ெசᾼᾜΆ 
பழᾰகΆ இடΆெபᾠΆ ேபாᾐ , நிᾲசயΆ,தமி῁ , பிற ெமாழிக῀ ேபா᾿ ெபாᾞளீ᾵ᾌவேதாᾌ 
ந᾿வா῁ᾫᾰᾁΆ வழி வᾁᾰᾁΆ என தீ᾽ᾰகமாக நΆபலாΆ. 
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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 (c1, c2, r), where c1 is concept one and c2 is 
concept two and r is the relationship between the concepts c1 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.'' 

 
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.) 
 
 
 
 
 
 
 

 
 

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.) 
 
 
 
 
 
 
 
  
 
 

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. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

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. 
 

 
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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(i) If concept c1 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 c1 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.  
 
(i) 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) 0.4723 

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. 
 

 
 
 
 
 
 
 
This can be diagrammatically represented as follows. 

 

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 

Tagging 
John/NNP 
hit/VBD 
the/DT 
ball/NN 
with/IN 
the/DT 
bat/NN./. 

 

Parse 
(ROOT  
(S 
  (NP (NNP John)) 
 (VP (VBD hit) 
 (NP (DT the) (NN ball)) 
  (PP (IN with) 
  (NP (DT the) (NN bat)))) 
    (. .))) 

 

Universal dependencies 
nsubj(hit-2, John-1) 
root(ROOT-0, hit-2) 
det(ball-4, the-3) 
dobj(hit-2, ball-4) 
case(bat-7, with-5) 
det(bat-7, the-6) 
nmod(hit-2, bat-7) 
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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. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
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. 

S.N TAG DESCRIPTION 

 

S.N TAG DESCRIPTION 
1 <NN> NOUN 16 <CNJ> CONJUNCTION 

2 <NNC> COMPOUND 
NOUN 17 <CVB> CONDITIONAL 

VERB 

3 <NNP> PROPER NOUN 18 <QW> QUESTION 
WORDS 

4 <NNPC
> 

COMPOUND 
PROPER NOUN 19 <COM> COMPLIMENTI

ZER 
5 <ORD> ORDINALS 20 <NNQ> QUANTITY 

Input 

Tokenization 

POS tagging 

Format conversion 

MALT/MST parser 

Dependency parsed output 
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NOUN 

6 <CRD> CARDINALS 21 <PPO> POSTPOSITION
S 

7 <PRP> PRONOUN 22 <DET> DETERMINERS 
8 <ADJ> ADJECTIVE 23 <INT> INTENSIFIER 
9 <ADV> ADVERB 24 <ECH> ECHO WORDS 

10 <VNAJ
> 

VERB NON FINITE 
ADJECTIVE 25 <EMP> EMPHASIS 

11 <VNAV
> 

VERB NON FINITE 
ADVERB 26 <COMM

> COMMA 

12 <VBG> VERBAL GERUND 27 <DOT> DOT 

13 <VF> VERB FINITE 28 <QM> QUSTION 
MARK 

14 <VAX> AUXILIARY VERB 29 <RDW> REDUPLICATIO
N WORDS 

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> puttakangkaL 
 ‘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> ooT-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 VNAJ. 
 11. va-ndt-a <VNAJ> paiyan 
 come-PAST-ADJ boy 
 ‘the boy who came’ 
 
VNAV (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 <CNJ> 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-CNJ 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. 

   he one umbrella buy-PAST-
3MS 

  ‘He bought an umbrella.’ 

avan  <PRP> 

oru  <DET> 

kuTai  <NN> 

vaangkinaan <VF> 

.  <DOT> 

33. avan piyaanoo vaaci-kkiR-
aan. 

    he piyaanoo paly-PRES-3MS 

   ‘He is playing piano.’ 

avan  <PRP> 

piyaanoo     <NN> 

vaacikkiRaan  <VF> 

.        <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 
Input): 

POS Tagged Output: 

naan 
oru  
pazam  
paRikka 
marattil 
eeRineen. 
 

naan   <PRP> 
oru  <DET> 
pazam    <NN> 
paRikka <VINT> 
marattil  <NN> 
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 
Phrase 

VNAJ, VNAV, VINT, CVB 

6 VGP Verb Gerund Phrase VBG 

7 CJP Conjunctional CNJ 

8 COMP Complimentizer COM 

9 PP Post Position PPO,NN 

10 .? 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 <DOBJ> 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’ 

 avaL    <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>   
 tuNaikkooLkaLai  <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  <CNJ>  <B-CJP> 
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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.’ 
uttaravai    <NN>  <B-NP> 
maaRRivaikka  <VINT>  <B-VNP> 
muTiyaatu   <VAUX> <B-VFP> 
enRu   <COM>  <B-COMP> 
vazakkaRinjar  <NN>  <B-NP> 
con-n-aar   <VF>  <B-VFP> 
.    <DOT>  <O> 

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. 
 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. avaL  58 nimiSa-ttil ooT-i ett-in-aaL. 
She 58 minutes-LOC run-VNAV 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> 
ettinaaL <VF>  <B-VFP> 
.  <DOT>  <o> 

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 meecaikaLoo 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> 
meecaikaLoo <NN>  <B-NP> 
naaRkaalikaLoo  <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, IOBJ, 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  W1  P1  C1  _  _  H1  D1  _  _  
 ID2 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-VNAV 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 <CLDOBJ> -     - 
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  W1  P1  C1  _  _  _  _  _  _ 
 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 C1 _ _ H1 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        <VF> <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 DOBJ          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-aaL 
 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             0 0 
0 0 0       0       0             0 0 

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,1_ naan) 
<X>(3_ pazam,2_ oru) 
<CL.DOBJ>(4_ paRikka,3_ pazam) 
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<X.CL>(6_ eeRineen,4_ 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="<CLDOBJ>"]; 
"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>"]; 
"7_."[label="."]; 
"6_ eeRineen " -> "7_."[label="<SYM>"]; 
} 

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_ eeRineen,1_ naan) 
DET(6_ eeRinee,2_ oru) 
DOBJ(6_ eeRineen,3_ pazam) 
VPCL(6_ eeRineen,4_ 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. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
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 

eeRineen 

naan . 

0_ROOT 

marattil paRikka 

pazam 

oru 

<X.C

<

<
X

<N 
SUB> 

<ROOT

<SY
M> 

<CL.DO
J> 



81 

 

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, I. 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 

 

 

(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 

 

(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 
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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 

 

 

 

 

 

 

 (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 Tesnière 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. 

                      
 

 

           

 (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 Pāninian Dependency grammar based tagset is built on the basis of kāraka 
and non-kāraka 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 kāraka relations1 and 25 Non-kāraka relations2 existing in the tagset. The unique relations 
include jk1, mk1, k1s, k2g, k2p, k2s, k4a, k7t, k7p, and k7a. The following table represents the relations with 
examples: 

S. No. Tag Examples 

1 pk1 eṉṉai avaṉ vēlai ceyvittāṉ 'He made me do the work' 

2 jk1 eṉṉai avaṉ vēlai ceyvittāṉ 'He made me do the work' 

3 mk1 eṉṉai avaṉ ammāvaik koṇtu vēlai ceyvittāṉ 'He made 

mother to make me do the work' 

4 k1s nāṉ maruttuvar 'I am doctor' 
5 k2g nēruvai māmā eṉavum aẓaittaṉar 'They also called 

Nehru as uncle' 
6 k2p nāṉ amērikkāviṟkuc ceṉṟēṉ 'I went to America' 
7 k2s eṉṉai putticāli eṉak karutiṉar 'They considered me as 

intelligent' 

8 k4a eṉakku kuɭirkiṉṟatu 'I am feeling cold' 

                                                           
1 k1 (karta ‘doer/agent/ subject’), pk1 (prayojaka karta ‘causer’), jk1 (prayojya karta ‘causee’), mk1 
(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’), k5prk (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 r6 (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), rh (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 iŋku nēṟṟu maẓai peytatu 'It rained here yesterday'  

10 k7p puttakam paiyil uɭɭatu 'The book is in the bag'  

11 k7a eṉ nāy amērikkāvil uɭɭatu '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 itaṉāl avarkaḷ kaitu ceyyap paṭakkūṭum enak karutappaṭṭatu 'It was thought 

that she might get arrested because of this' 

2 advcl  nāṉ iruntāl uāṉkku eṉṉa payam? 'What is scary for you if I am there?' 

3 ccomp uṉakkup paṭikkap piṭikkum eṉa avar coṉṉār 'He said that you like to read' 

4 xcomp avar varaiya ārampittār 'He started to draw' 

5 csubj avar coṉṉatu arttamuɭɭa oṉṟu '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) iŋku nēṟṟu maẓai peytatu 'It rained here yesterday' is marked k7t 
(2) puttakam paiyil uɭɭatu 'The book is in the bag' is marked k7p 
(3) eṉ nāy amērikkāvil uɭɭatu '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. 

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

Tag: acl in UD 

(4) paɭɭikku celvataṟkāṉa kāraṇam eṉṉa? 'What is the reason for going to school?' 

Here, in celvataṟku+āṉa, 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) eṉakku kuɭirkiṉṟatu 'I 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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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. 

 

 
 

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 0 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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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. 
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Figure 3.3 Partial List of Suffixes 
 
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.   

 

 
 

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 
SUFFIX 

CATEGORY MANIPRAVALAM 
WORD 

Words covered in each 
rule 

Irukkai locative case sonnadhaayirukkai 50 

pOlE postposition ennumAppOle 250 

AlE adjective kidakkaiyAlE 180 

vENdu Verbal participle 
suffix 

aatravendittru 30 

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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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.  

 

 
 

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. 
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Figure 4.2: MA output Before and After Adding Root Words 
 
Figure 4.3 shows a sample of the output of the MA before and after adding the rules mentioned in Figure 

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

 
 

Figure 4.3 MA Results Before and After Adding Rules 
 
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. 
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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 
Paradigms 

No.  of  Inflectional 
word forms  

Total no. of word forms 

Verb      32 1884 (Including 
Auxiliary verbs) 

60,288 

Noun      25 325 (Including 
Postpositions)  

8,125 

 
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 

 

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 
 
 
       
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

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.  

Reference 

1. Anand Kumar M, Dhanalakshmi V, Rekha R. U, Soman K. P, and Rajendran S,  “A Novel Data Driven Algorithm for 
Tamil Morphological Generator”, International Journal of Computer Applications(IJCA) - Foundation of Computer 
Science, Vol 6(12):52,56, 2010. 

(wf)  odinan 

Stemmer 

Stem (od) 

Root Suffix 
 Paradigm 

dataset  

u 

 Stem + root 
suffix  

Word (odu) 

Stemmer Dataset 

 



102 

 
2.  Dhanalakshmi V, Anand Kumar M, Rekha R, Arun Kumar C, Soman K P and S. Rajendran. “Morphological analyzer 

for agglutinative languages using machine learning approaches”. In Advances in Recent Technologies in 
Communication and Computing, 2009. ARTCom’09. International Conference on , pages 433–435. IEEE, 2009. 

3. Dalwadi Bijal, Suthar Sanket, “Overview of Stemming Algorithm for Indian and Non-Indian Languages”, 
International Journal of Computer Sciences and Information Technologies (IJCSIT) Vol. 5 (2), PP. 1144-1146, 2014. 

4. Rajendran, S., Arulmozi, S., Ramesh Kumar, Viswa-nathan, S.  Computational morphology of verbal complex. Paper 
read in Conference at Dra-vidan University, Kuppam, December 26-29, 2001. 

5. Vimala Balakrishnan, Ethel Lloyd-Yemoh, “Stemming and Lemmatization: A Comparison of Retrieval 
Performances”, Lecture Notes on Software Engineering, Vol. 2, No. 3, August 2014. 



103 

 
 

தரமான  ேபᾲᾆᾷ தமி῁ᾷ தரᾫ வᾱகிைய உᾞவாᾰᾁத᾿ - ஒᾞ 
ேமேலா᾵டᾺபா᾽ைவ 

ᾙைனவ᾽ சீதா ல᾵ᾆமி 
ஆசிய ெமாழிக῀ மιᾠΆ பᾶபாᾌக῀ 

ேதசியக க᾿விᾰகழகம, சிᾱகᾺᾘ᾽ 
 
ஆᾼᾫᾲᾆᾞᾰகΆ 

இᾸத ஆᾼᾫᾰக᾵ᾌைர தமிழி᾿ வᾁᾺபைறயி᾿ இடΆெபᾠΆ ேபᾲᾆᾷதரைவ ஆᾜΆ வைகயி᾿ 
அைமᾸᾐ῀ளᾐ. எᾨᾷᾐ தமி῁, ேபᾲᾆᾷ தமி῁, இᾸத இரᾶᾌ வைகையᾜΆ தᾹᾔ῀ ெகாᾶட வைக,  

ஆᾱகிலᾺபயᾹபாᾌ, பிற ெமாழிᾺபயᾹபாᾌ என அைமᾸத வᾁᾺபைறᾺ ேபᾲᾆ எῂவாᾠ 

அைமᾸᾐ῀ளᾐ,  அᾐ எᾷதைகய ᾂᾠகைளᾷ தᾹᾔ῀  ெகாᾶᾌ῀ளᾐ, இவιைறᾰெகாᾶᾌ தரᾫ 

வᾱகி அைமᾺபதி᾿  எதி᾽ ேநாᾰகிய சிᾰக᾿க῀ யாைவ,  அைவ ᾁறிᾷத அᾌᾷத க᾵ட ᾙயιசிக῀ 
யாைவ எᾹᾠ ேநாᾰᾁΆ வைகயி᾿ க᾵ᾌைர அைமகிறᾐ. சிᾱகᾺᾘைரᾺ ேபாᾹற நா᾵ᾊ᾿ தரᾫ 
வாᾱகி ᾙயιசி ஏιபᾌᾷதᾰᾂᾊய தாᾰகᾷைதᾜΆ தரᾰᾂᾊய பயᾹகைளᾜΆ க᾵ᾌைர எᾌᾷᾐᾰᾂᾠΆ, 

ᾙᾰகிய ெசாιக῀: தரᾫ வᾱகி, தமிைழ இரᾶடாΆ ெமாழியாக கιற᾿, கιபிᾷத᾿, தரமான ேபᾲᾆᾷ 

தமி῁,  சவா᾿க῀ 

சிᾱகᾺᾘாி᾿ இᾸதிய இ᾿லᾱகளி᾿ 1980-1990௧ளி᾿ ᾁைறᾸᾐவᾞΆ தமி῁ ெமாழியிᾹ 
பயᾹபா᾵ைட(Ramiah, 1991; Kuo & Chan, 2016)  அதிகாிᾰᾁΆவைகயி᾿ வᾁᾺபைறயி᾿ தரமான 
ேபᾲᾆᾷதமி῁ )Schiffman, 1995, 1998)   ேதைவ எᾹᾠ 1996இ᾿(Mahizhnan, 1996) உணரᾺப᾵டᾐ; 
பாிᾸᾐைரᾰகᾺப᾵டᾐ. 2005இ᾿ இடΆெபιற க᾿வி அைமᾲசிᾹ தமி῁ ெமாழிᾺ பாடᾷதி᾵டΆ, 
கιபிᾷத᾿ ᾁறிᾷத மᾠ ஆᾼᾫᾰᾁᾨ பாிᾸᾐைரᾷத தரமான ேபᾲᾆᾷதமி῁ வᾁᾺபைறயி᾿ 
அறிᾙகᾺபᾌᾷதᾺப᾵டᾐ(MOE, 2005). சிᾱகᾺᾘாி᾿ தரமான ேபᾲᾆᾷ தமி῁ எᾹபᾐ தιேபாᾐ தமி῁ᾰ 
க᾿வியிᾤΆ, ஆசிாிய᾽ பயிιசியிᾤΆ ெபாᾐᾷ ெதாட᾽ᾗᾲ சாதனᾱகளிᾤΆ பயᾹபᾌᾷதᾺப᾵ᾌ 
வᾞகிறᾐ. இᾸதᾷ தரமான ேபᾲᾆᾷ தமி῁ வைக வᾁᾺபைறயி᾿ எῂவாᾠ இᾞᾰகிறᾐ எᾹᾠ ஓ᾽ 
ஆᾼᾫ ேமιெகா῀ளᾺப᾵டᾐ. தரமான ேபᾲᾆᾷ தமிழிᾹ தாᾰகᾷைதᾺ ᾗலனாᾜΆ வைகயி᾿ தமிழி᾿ 
தரᾫ வᾱகிைய உᾞவாᾰᾁதᾤΆ சிᾱகᾺᾘாி᾿ தமிழாசிாிய᾽கᾦᾰᾁᾷ தரமான ேபᾲᾆᾷ தமி῁ ᾁறிᾷத 
ஆசிாியவிய᾿ வழிகா᾵ᾌதைல வழᾱᾁதᾤΆ (DEV03/15SL) எᾹற தைலᾺபிலான ஆᾼᾫᾷதி᾵டΆ 
ஒᾹைற  ேமιெகாᾶேடாΆ.. வᾁᾺபைறᾰ கιற᾿ கιபிᾷத᾿ ெதாட᾽பான இᾸத ஆᾼவி᾿  தமி῁ 
ெமாழி கιபிᾷதᾢ᾿ தமி῁ ெமாழிᾺ பயᾹபாᾌ, ஆசிாிய᾽-மாணவ᾽ ெமாழிᾺ ᾗழᾰகΆ ᾁறிᾷᾐΆ, 
தரமான ேபᾲᾆᾷதமிழிᾹ (Schiffman 1995, 1998) தாᾰகΆ ᾁறிᾷᾐΆ அைமᾸᾐ῀ள இᾸத ஆᾼவி᾿, 
இᾱᾁ சில ஆரΆப நிைல ᾙᾊᾫக῀ (Preliminary findings) ᾁறிᾷᾐΆ ஆᾼᾫᾰᾁᾨ எதி᾽Ὰப᾵ட 
சவா᾿க῀ ᾁறிᾷᾐΆ ேமேலா᾵டமாக ேநாᾰகᾺபᾌகிறᾐ.  
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ஆᾼᾫ எதιᾁ? எᾺபᾊ இடΆ ெபιறᾐ? 

இᾸத ஆᾼᾫ சிᾱகᾺᾘாி᾿ ெதாடᾰக நிைல ஒᾹᾠ ᾙத᾿ உய᾽நிைல ஐᾸᾐ வைர வᾁᾺᾗᾷ தரநிைலᾰᾁ 
ஒᾹᾠ எᾹற நிைலயி᾿ இடΆெபιற வாசிᾺᾗ சா᾽Ᾰத பாடᾱகைள ஒᾢ, ஒளிᾺபதிᾫ ெசᾼᾐ ஒᾢ 

ெபய᾽ᾺᾗΆ ெமாழி ெபய᾽ᾺᾗΆ ெசᾼᾐ தரᾫ வᾱகியாக உᾞவாᾰᾁத᾿ எᾹற ᾙைறயி᾿ அைமᾸதᾐ.  
இᾸத தரᾫ இதιᾁ ᾙᾹᾗ ேமιெகா῀ளᾺப᾵ட ஆᾼᾫகளிᾢᾞᾸᾐ ெபறᾺப᾵ட தரᾫகᾦடᾹ 

ஒᾺபிᾌΆேபாᾐ ஒᾞ ᾙᾨைமயான அதாவᾐ எ᾿லா நிைல வᾁᾺᾗகளிᾤΆ ெபறᾺப᾵ட தரᾫᾷ 
ெதாᾁᾺᾗ எᾹᾠ ᾂறᾙᾊᾜΆ. இைத பயᾹபᾌᾷதி ஆசிாிய᾽கᾦᾰᾁᾺ பயிιசி ெகாᾌᾺபதிᾤΆ 
பாடᾺᾗᾷதகᾱகைள எᾨᾐவதிᾤΆ ᾂᾌத᾿ பயᾹகைளᾰ ெகாᾶᾌ வரலாΆ; தாᾰகᾷைதᾜΆ 

உᾞவாᾰகலாΆ. 
ஆசிாியᾞைடய ேபᾲᾆ, மாணவ᾽கᾦைடய ேபᾲᾆ பιறிᾜΆ, ஆசிாிய᾽ மாணவ᾽களிைடேய 

வினாᾰக῀ ேக᾵ᾁΆேபாᾐ, மாணவ᾽க῀ பதிலளிᾺபதιᾁாிய வசதிகைள எῂவாᾠ ெசᾼகிறா᾽ 
எᾹபᾐ பιறிᾜΆ,  தமி῁ வᾁᾺபி᾿ பிற ெமாழிᾺபயᾹபாᾌ, தமி῁ வᾁᾺபைறயி᾿ இடΆெபᾠΆ 

ெசாιேகாைவ, வாᾰகிய பயᾹபாᾌக῀ ஆகியன ᾁறிᾷᾐΆ இᾸத ஆᾼᾫ அலசி ஆராய வழி வᾁᾰᾁΆ. 

இதனா᾿ எᾹன பயᾹ எᾹறா᾿, எதி᾽காலᾷ தமிழாசிாிய᾽கᾦᾰᾁᾷ தரᾫ அᾊᾺபைடயி᾿ 
பயிιசிகைளᾷ தᾸᾐ அவ᾽கைளᾜΆ அவ᾽களᾐ ப᾵டᾷெதாழி᾿ திறᾹகைளᾜΆ ேமΆபᾌᾷதலாΆ. 
சிᾱகᾺᾘாி᾿ தமி῁  ெமாழியிᾹ ெதாட᾽ᾲசிையᾜΆ ᾗழᾰகᾷேத᾽ᾲசிையᾜΆ நீᾊᾷத பயᾹபா᾵ைடᾜΆ 
இᾹᾔΆ ᾂᾌதலாக உᾠதி ெசᾼயலாΆ. அᾸத ஆᾼைவᾺ பா᾽ᾰᾁΆேபாᾐ இᾱᾁ மாணவ᾽க῀ 
தιேபாᾐ ஓரளவிιᾁ அைத நᾹறாகேவ பயᾹபᾌᾷᾐகிறா᾽க῀ எᾹபைதᾜΆ, அைதᾺ 

பயᾹபᾌᾷᾐவைத   அவ᾽க῀ இலᾁவாக உண᾽வைதᾜΆ அறிய ᾙᾊகிறᾐ.  

இᾸத மாணவ᾽க῀ தரமான ேபᾲᾆᾷதமிைழ வᾁᾺபி᾿ ேபᾆΆேபாᾐ அவ᾽க῀ அதாவᾐ 
தமி῁ெமாழிையᾲ சிᾸைதயிᾢᾞᾸᾐ ெபιᾠ அைதᾺ பயᾹபᾌᾷᾐΆ பᾊநிைலயி᾿ அதிகΆ ேயாசிᾷᾐᾺ  
ேபசேவᾶᾊய ஒᾞ நிைல இ᾿லாம᾿  இய᾿பாகேவ,  அவ᾽க῀ தாேம தᾱகᾦைடய கᾞᾷைதᾺ 

பாிமாᾠவதιᾁ  இᾸதᾺ ேபᾲᾆᾷதமி῁ உதவியாக இᾞᾰகிறᾐ எᾹபைத அறிய ᾙᾊகிறᾐ. 

அᾐம᾵ᾌம᾿லாம᾿ அவ᾽க῀ அதிகமாக ஆᾱகில வா᾽ᾷைதகைளᾺ பயᾹபᾌᾷᾐவைதᾰ ᾁைறᾰகᾫΆ 
ேபᾲᾆᾷதமி῁ வழி ெசᾼகிறᾐ. தιேபாᾐ மᾰக῀ ெதாட᾽ᾗᾲ சாதனᾱக῀, வாெனாᾢ பாட᾿க῀, 

திைரᾺபடᾺ பாட᾿க῀, பிறᾁ நைகᾲᾆைவᾷ ᾐᾎᾰᾁக῀ ஆகிய இைவᾜΆ அதிகமாகᾺ பிற 

நாᾌகளி᾿ இᾞᾸᾐ ேபᾲᾆᾷதமிேழாᾌ இைணᾸᾐ வᾞவதா᾿, இவ᾽கᾦைடய ேபᾲᾆᾷ தமிெழᾹபᾐ 

சிᾱகᾺᾘாி᾿ ம᾵ᾌேம வᾁᾺபைறயி᾿ பயᾹபᾌᾷதᾰ ᾂᾊய ஒᾞ வைக எᾹᾠΆ சிᾸதிᾰகாம᾿ 
பரவலாகᾺ பயᾹபᾌᾷதᾺப᾵ᾌ வᾞΆ ஒᾞ வைக எᾹᾠΆ, ᾗலΆ ெபய᾽Ᾰத நாᾌகளிᾤΆ 

பயᾹபᾌᾷதᾺப᾵ᾌ வᾞΆ ஒᾞ வைக எᾹᾠΆ, அவ᾽க῀ உணᾞΆ வைகயி᾿ இᾸதᾷ தரமான ேபᾲᾆᾷ 
தமி῁  இᾞᾰகிறᾐ. அᾐம᾵ᾌம᾿லாம᾿ இᾺெபாᾨᾐ தமி῁ெமாழி மாதΆ, தமி῁ெமாழி விழாᾰக῀ 

எᾹᾠ நடᾷᾐΆெபாᾨᾐ அᾱᾁΆ தமி῁ெமாழி அதிகமாகᾺ பயᾹபᾌᾷதᾺபᾌவதா᾿  
மாணவ᾽கᾦᾰᾁᾷ தமிைழᾰ ேக᾵பேதா வாசிᾺபேதா, ேபᾲᾆᾷ தமிழி᾿ அைதᾺ பιறிᾰ 
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கᾞᾷᾐைரᾺபேதா சிரமமான ஒᾹறாகᾷ ெதாியவி᾿ைல. அதனா᾿ அவ᾽க῀ அைத நᾹறாகேவ 

பயᾹபᾌᾷᾐகிறா᾽க῀ எᾹᾠ நாΆ ெசா᾿லலாΆ.   

ேமᾤΆ இᾸதᾺ ேபᾲᾆᾷதமி῁ எᾹᾠ வᾞΆெபாᾨᾐ அவ᾽க῀ பல கᾞᾷᾐகைள இய᾿பாக 
ேயாசிᾷᾐᾲ  ெசா᾿வதιᾁ ம᾵ᾌம᾿ல, மாணவ᾽களிᾹ ᾪᾌகளிᾤΆ தமிைழᾺ ᾗழᾱᾁவதா᾿ அைத 

அவ᾽க῀ ᾂᾌத᾿ ெசாιகᾦடᾹ பயᾹபᾌᾷᾐவைத நᾹறாக உணரᾙᾊகிறᾐ. அᾐ சிறᾺபான 

ஒᾹறாக இᾺெபாᾨᾐ ெதாிகிறᾐ. ஏெனᾹறா᾿   ஒᾞகாலᾷதி᾿ ஒᾞ வா᾽ᾷைத அ᾿லᾐ இரᾶᾌ 

வா᾽ᾷைத ம᾵ᾌேம ேபᾆவᾐ அ᾿லᾐ  தைலைய ம᾵ᾌேம  அைசᾺபᾐ / ஆ᾵ᾌவᾐ அ᾿லᾐ ஆΆ 

எᾹᾠ ெசா᾿வᾐ அ᾿லᾐ இ᾿ைல எᾹᾠ ெசா᾿வᾐ அ᾿லᾐ அதிகΆ ேபசாம᾿ இᾞᾺபᾐ எᾹற 
நிைல மாறி, இᾺெபாᾨᾐ மாணவ᾽க῀ அதிகமாகᾺ ேபᾆகிறா᾽க῀. ஆசிாிய᾽க῀ ேக῀வி ேக᾵டா᾿ 

அைதᾺ பιறிᾰ கᾞᾷᾐᾲ ெசா᾿ல ᾙᾊகிறᾐ அ᾿லᾐ அவ᾽களாகேவ வᾁᾺபி᾿ ஆசிாிய᾽ ஏதாவᾐ 
ேக᾵ᾁΆ ᾙᾹேப தᾱகᾦைடய கᾞᾷᾐகைளᾲ ெசா᾿ᾤΆ வைகயி᾿ இᾞᾰகிᾹறᾐ.  

இᾸத நிைல ஒᾞ வரேவιகᾷதᾰக ஒᾞநிைல எᾹபᾐடᾹ, ஆᾼᾫ எᾹᾠ ேநாᾰᾁΆேபாᾐ இᾐ 

ஒᾞ சிறᾺபான ஒᾞ நிைலயாக அதாவᾐ சிறᾺபான ஒᾞ மாιறமாக, ᾙᾹேனιறமாக நாΆ 

கᾞᾐவதιᾁ வழி வᾁᾰகிறᾐ. ேமᾤΆ "இᾹᾠ மாணவ᾽க῀ இᾞபᾷேதாராΆ ᾓιறாᾶᾌ 

மாணவ᾽க῀ எᾹபதா᾿ அவ᾽கᾦைடய பைடᾺபாᾰகᾷ திறᾹ, ᾗᾷதாᾰகᾷ திறᾹ, ெமᾹதிறᾹ, 

வழᾰகᾷதிιᾁ மாறாக ᾗதிய வைகயி᾿ சிᾸதிᾷத᾿, எைதᾜΆ ஏᾹ? எதιᾁ? எᾺபᾊ? எᾹற கᾞᾷதாᾼᾫ 

நிைலயி᾿ சிᾸதிᾷத᾿” எᾹᾠ க᾿வியைமᾲᾆ தᾹᾔைடய 2015 ஆΆ ஆᾶᾌ ெவளியி᾵ᾌ῀ள 

பாடᾷதி᾵டᾺ ᾗᾷதகᾷதி᾿)ப. 43)  ᾁறிᾺபி᾵டᾐ ேபால  அவ᾽க῀ பல நிைலகளி᾿ சிறᾺபாகᾲ  ᾆய 
காᾢ᾿ நிιக ேவᾶᾊயவ᾽களாக இᾞᾰᾁΆேபாᾐ இᾸதᾺ ேபᾲᾆᾷதமி῁ அவ᾽கᾦைடய 
ெதாட᾽ᾗᾷதிறᾹகைள வள᾽ᾰகᾺ ெபாிᾐΆ  உதᾫகிறᾐ. ஒᾞ தமிழைரᾺ பா᾽ᾷதா᾿ மιெறாᾞ தமிழ᾽ 

இய᾿பாகᾺ ேபசᾰᾂᾊய ஒᾞ நிைல இᾞᾰகிறᾐ. தமி῁நா᾵ᾊ᾿ உ῀ள ஒᾞ தமிழᾞடᾹ ேபᾆவதιᾁ 

இᾸத மாணவ᾽களா᾿ இய᾿பாக ᾙᾊᾜΆ எᾹᾠ ᾂᾠΆ அளவிιᾁᾺ ெபᾞΆபாலான மாணவ᾽க῀ 
வᾁᾺபைறயி᾿ ேபᾆவைத இᾸத ஆᾼᾫ எᾌᾷᾐᾰ கா᾵ᾌகிறᾐ  ) அ᾵டவைண 1.( 

. அ᾵டவைண 1: ஆசிாிய᾽ - மாணவ᾽ ேபᾲᾆ 

ேபᾆபவ᾽ ேபᾲᾆ 

 
ஆசிாிய᾽ பளிᾲᾆᾔ இᾞᾰகற மாதிாி நிறᾱகள ேபா᾵ᾌᾞᾺபாᾱக.. சாி ேவற? 
மாணவ᾽ இᾸத இᾸத ச᾵ைடலாΆ இᾸத இᾸத மாாி ச᾵ைடலாΆ fold.. 
ஆசிாிய᾽ Ά.. அᾐ எᾹனᾐ? 
மாணவ᾽ மᾊᾲசி 
 
அᾐம᾵ᾌம᾿ல இᾸத மாணவ᾽கᾦᾰᾁ அᾸதᾺ பாடᾱக῀ அவ᾽கᾦᾰᾁᾺ பிᾊᾷதமான 

ᾙைறயி᾿ அவ᾽கᾦைடய வா῁ᾰைகேயாᾌ ெதாட᾽ᾗ῀ள ᾙைறயி᾿, இᾹᾔΆ ெசா᾿லᾺேபானா᾿ 

சிᾱகᾺᾘ᾽ சா᾽Ᾰத ᾙைறயி᾿ இᾞᾸதா᾿ இᾹᾔΆ எளிைமயாக இᾞᾺபைத அறிய ᾙᾊகிறᾐ. 
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ஏெனᾹறா᾿ அவ᾽கᾦᾰᾁ அᾸதᾺ பாடΆ ெதாட᾽ᾗைடய ெசாιக῀, அதᾹ பிᾹனா᾿ உ῀ள 

கᾞᾷதைமᾫக῀ (concepts) ஆகியனதாΆ காரணΆ எᾹᾠ ᾂறᾙᾊᾜΆ. 

தமி῁ வᾁᾺபி᾿ ᾗதியன கᾶடறிᾜΆ திறᾹ, மாணவ᾽க῀   அதிகΆ ேபச வழி  வᾁᾰᾁΆ 

அᾎᾁᾙைற, கᾞᾷதைமᾫ அᾊᾺபைடயிலான பாடᾰகைலᾷ தி᾵டᾙΆ/ பாடᾷ தி᾵டᾙΆ 

அᾎᾁᾙைறᾜΆ (Little, 2017, 2017) கᾞᾷதைமᾫ அᾊᾺபைடயி᾿ கιபிᾷதᾤΆ ஆகிய பாிᾸᾐைரக῀ 

மாணவ᾽க῀ இᾹᾔΆ ᾂᾌதலாகᾺ ேபச வழிவᾁᾰᾁΆ எᾹᾠ ᾂறᾺப᾵டᾐ. 

ஆசிாிய᾽க῀ பாடᾷைதᾰ கιபிᾰᾁΆேபாᾐ மாணவ᾽கᾦᾰᾁᾺ பாடΆ ெதாட᾽பாகᾰ ᾂᾌத᾿ 
ெசᾼதிக῀ கிைடᾰᾁΆ வைகயி᾿ அவரᾐ விளᾰகᾺேபᾲᾆ(Explanatory Talk) அதிகாிᾰக ேவᾶᾌΆ. 

இᾐ மாணவ᾽க῀ தமி῁ᾲ ெசாιகைளᾜΆ ெமாழிையᾜΆ நீᾶட கால நிைனᾫᾺெப᾵டகᾷதி᾿ 
ேசமிᾷᾐ ைவᾰகᾫΆ, ேசமிᾷத ெமாழிைய இய᾿பாகᾺ பயᾹபᾌᾷதிᾷ தᾱக῀ நᾶப᾽கᾦடᾹ 
உைரயாடᾫΆ வழி கிைடᾰᾁΆ. மாணவ᾽க῀ ேபᾆΆேபாᾐ ஓாிᾞ ெசாιகᾦᾰᾁᾺ பதிலாகᾰ ᾂᾌத᾿ 

ெசாιகைளᾺ பயᾹபᾌᾷதிᾺ ேபᾆவᾐ அவ᾽கᾦைடய ெமாழிᾲ ெசய᾿பா᾵ைடᾜΆ 
எᾌᾷᾐᾰகா᾵ᾌவைத அறிய ᾙᾊᾸதᾐ  ) அ᾵டவைண 2). 

அ᾵டவைண 2: மாணவ᾽ ேபᾲᾆ 

ேபᾆபவ᾽ ேபᾲᾆ 

 
மாணவ᾽ ᾙதவா᾵ᾊ இத பா᾽ᾰᾁΆ ேபாᾐ ேசாகமான பா᾵ᾌமாதிாி இᾞᾰᾁ ஏᾹனா 

எ᾿லாᾞΆ அழ ஆரமிᾲசி᾵டாᾱக 
மாணவ᾽ “ஆசிாிய᾽, கᾨᾷᾐ உடᾴசிᾞமா? 
மாணவ᾽ இᾐ வᾸᾐ தினᾙΆ வᾸᾐ ேபாடலாமா? இ᾿ைல வᾞஷᾷதிιᾁ ஒᾞ 

ᾁறிᾺபி᾵ட நாᾦேல ேபாடலாமா?” 

 
ஆசிாியᾞΆ மாணவ᾽கᾦΆ தமிைழᾺ பயᾹபᾌᾷதிᾺ ேபசினாᾤΆ  தΆ ேதைவᾰேகιபᾫΆ சில 

சமயᾱகளி᾿ வᾢᾸᾐΆ இைடயி᾿ ஆᾱகிலᾷைதᾜΆ, பயᾹபᾌᾷᾐΆ நிைலᾜΆ வᾁᾺபைறயி᾿ இடΆ 
ெபᾠகிறᾐ (அ᾵டவைண 3).  

அ᾵டவைண 3: தமிᾨடᾹ சில இடᾱகளி᾿ ஆᾱகிலᾙΆ இடΆெபᾠΆ நிைல 
 

ேபᾆபவ᾽ ேபᾲᾆ 

 
ஆசிாிய᾽ அவ᾽ தᾹைனᾷதாேன ெநாᾸᾐᾰகிறா᾽. வயசாகீ᾵டாேல, கᾶᾎ சாியா 

ெதாியமா᾵ேடᾱᾁᾐ, காᾐ சாியா ேக᾵கமா᾵ேடᾱᾁᾐ, ᾙ᾵ᾊ வᾢᾰᾁᾐ, 
நடᾰக ᾙᾊயல, அᾐ இᾞᾰᾁ, இᾐ இᾞᾰᾁ, வயசானாேல இᾺபᾊᾷதாᾹ 
இᾞᾰᾁΆᾔ தᾹைனᾷதாேன ᾗலΆபிᾰகி᾵ᾌ  ெநாᾸᾐᾰகிறா᾽. 
ச᾵ைடᾺைபயில எᾹன வᾲசிᾞᾸதாᾞ,  கᾶணாᾊைய  
எᾌᾷᾐᾺேபா᾵ᾌᾰகிறா᾽, யாேரா ஒᾞ ெதாிᾴச ஆ῀ மாதிாி ெதாிᾜᾐ, ஆனா  
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ெதளிவாᾷ ெதாியமா᾵ேடᾱᾁ. வ᾽றவᾹ ᾆᾺபிரமணி மாதிாி ெதாிᾜᾐ, 
அவᾸதானாᾹᾔ ெதாியைல, சாி வயசானாேல கᾶᾎ இᾺபᾊᾷதாᾹ 
இᾞᾰᾁΆேபாலᾹᾔ ெநைனᾲசி உடேன கᾶணாᾊ 
எᾌᾷᾐᾺேபா᾵ᾌᾰகிறாᾞ, யாᾞᾹᾔ பாᾰகறᾐᾰகாக ச᾵ைடᾺ ைபயில 
இᾞᾸᾐ கᾶணாᾊ எᾌᾷᾐᾺ ேபா᾵ᾌᾺ பா᾽ᾰகிறாᾞ. சாி  இᾸதᾺபᾁதியில 
நாᾹ ஒᾞ விளᾰகΆ ெசா᾿லᾕᾹᾔ நிைனᾰகிேறᾹ. இᾸத வா᾽ᾷைதய 
பாᾞᾱக. 

மாணவ᾽ 1: ᾚᾰᾁᾰகᾶணாᾊ 

ஆசிாிய᾽ ஆ இᾐ நிᾲசயமா ெதாிᾴசிᾞᾰᾁ இ᾿ல? கᾶணாᾊ, இᾸத வா᾽ᾷைதேயாட 
பைழய அ᾽ᾷதᾷத ெசா᾿லᾺ ேபாேறᾹ. இᾺப கᾶணாᾊᾹனா எத 
ெசா᾿ேவாΆ?  

மாணவ᾽ 1: )ெதளிவாக இ᾿ைல) கᾶணாᾊ 

ஆசிாிய᾽ அᾺப கᾶணாᾊ இᾞᾰᾁ, ஜᾹன᾿ல கᾶணாᾊ இᾞᾰᾁ, இᾺப அத 
ெசா᾿றᾐᾰᾁ additionalலா வா᾽ᾷைதᾱக ேதவᾺபᾌᾐ. ஆனா, பைழ 
காலᾷᾐல ஆᾊᾹᾔ ெசாᾹனாேல mirrorᾹᾔ அ᾽ᾷதΆ. ஆᾊ, car ேபᾞ 
இ᾿ல. ஆᾊனாᾰகா, mirror ᾙகΆ பாᾰகற கᾶணாᾊ 

மாணவ᾽ 1: ஆᾊ மாதΆ   

ஆசிாிய᾽ ΆΆ அᾐᾰᾁΆ அேத spelling தாᾹ. 

மாணவ᾽ 1: அᾺப ஆᾊ (ெதளிவாக இ᾿ைல) 

ஆசிாிய᾽ இᾞ இᾞ இᾐᾰᾁ வ᾽ேறᾹ,  ஒᾹெனாᾹனா clear பᾶணி᾵ᾌ 
ேபாயிᾌேவாΆ. ஆᾊல ᾙகΆ பா᾽ᾷதாᾱகᾹனா கᾶணாᾊல ᾙகΆ 
பாᾷதாᾱகᾹᾔ அ᾽ᾷதΆ பைழய காலᾷᾐல. இᾺப ᾗாியாᾐ. அᾸத ஆᾊ 
ேபாயி அᾺᾗற இᾸத ஆᾊ வர ஆரΆபிᾲசᾐ. அᾐᾰᾁΆ இᾐᾰᾁ எᾺபᾊ 
மாᾷதறᾐ? அᾺப இத differ பᾶறᾐᾰகாக எᾹன பᾶணாᾱக, 
கᾶணாᾊᾹᾔ ஆᾰகனாᾱக. கᾶ plus ஆᾊ எᾺபᾊ வᾸᾐᾌΆ?  

மாணவ᾽ 1: கᾶணாᾊ 

 
இᾸத ஆᾼவி᾿ ஈᾌபᾌΆேபாᾐ சில சவா᾿கைளᾜΆ சிᾰக᾿கைளᾜΆ எதி᾽ேநாᾰகிேனாΆ. 

அைவ ஆᾼவிᾹ பிιபᾁதியி᾿ சிறிᾐ தாமதΆ ஏιபடᾰ காரணமாயின எனலாΆ. இῂவைகயிலான 
சவா᾿கᾦΆ சிᾰக᾿கᾦΆ வᾞமாᾠ; 

• ஏιற தமி῁-ஆᾱகிலΆ ெதாிᾸத ஆᾼᾫ உதவியாளைரᾷ ேதᾊᾰ கᾶᾌபிᾊᾷத᾿  
• அῂவாᾠ கிைடᾷதாᾤΆ தமிைழ வா῁நா῀ ெதாழிலாக அவ᾽ ஏιᾁΆ நிைலயி᾿ 

இ᾿லாத /  இயலாத பிᾹனணி 
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• ஆᾼᾫ உதவியாளᾞᾰᾁ ஆᾼᾫ ேநாᾰகிய திறᾹகைள ேமΆபᾌᾷᾐத᾿, அவᾞᾰᾁ 

ஆᾼᾫ சா᾽Ᾰத ெதாட᾽ᾲசியி᾿ உ῀ள நΆபிᾰைக, அைதᾷெதாட᾽Ᾰᾐ 

ெவளிᾺபᾌᾷᾐவதி᾿ இᾞᾸத ெதாைலேநாᾰᾁ ஆகியன 
• ஆᾼᾫ உதவியாள᾽ கிைடᾷதாᾤΆ ஆரΆபᾷதி᾿ தரᾫ ேசகாிᾺபதιகான  ப῀ளிக῀ 

கிைடᾺபதி᾿ ᾆணᾰகΆ 
• ப῀ளிக῀ கிைடᾷதாᾤΆ தவி᾽ᾰக இயலாத நிைலயி᾿ தரᾫ ேசகாிᾺபதி᾿ ெதᾹப᾵ட 

ேநர ெமᾐவைடᾫ  
• தரைவ ஒᾢெபய᾽ᾷᾐ ᾙᾊᾰᾁᾙᾹ ஆᾼᾫ உதவியாளாிᾹ ஒᾺபᾸதΆ நிைறᾫ ெபᾠΆ 

நிைல 
• ஒᾢ ெபய᾽ᾺபிᾤΆ ெமாழி ெபய᾽ᾺபிᾤΆ ேத᾽ᾲசி ெபιற பᾁதி ேநர ஆᾼᾫ 

உதவியாள᾽க῀ கிைடᾺபதிᾤΆ சீாிய ெசய᾿பா᾵ைடᾺ ெபᾠவதிᾤΆ ெதᾹப᾵ட 
சிரமᾱக῀ 

• கணினியி᾿ ஆᾼᾫᾷ தரைவᾷ தரᾫ வᾱகியாக ேமΆபᾌᾷᾐவதி᾿ ெமᾹெபாᾞ῀ தᾸத 
ெதாட᾽ᾲசிᾜΆ நீ᾵சிᾜΆ இ᾿லா நிைல  

• இதனா᾿ இயᾸதிரᾷைத விட மீᾶᾌΆ மனித வழியி᾿ தரைவ ஒᾨᾱᾁபᾌᾷதிᾲ 
ேசமிᾰக ᾙைனத᾿  

• தரைவᾲ சிᾱகᾺᾘாிேலேய பᾁᾺபாᾼᾫ ெசᾼவதιᾁ ஏιற காலΆ கிைடᾰகாைம 
• தரைவᾲ சிᾱகᾺᾘாிேலேய பᾁᾺபாᾼᾫ ெசᾼவதιᾁ வசதியாக இᾱேகேய 

பணிᾗாியᾰ ᾂᾊய, தᾁதி வாᾼᾸத தமி῁ இைளயைர அைடயாளΆ காண இயலாைம  

• உடனᾊயாகᾺ  பயிιசி அளிᾰகᾫΆ இயலாத இᾰக᾵டான நிைல   
• ெமᾹெபாᾞ῀ கிைடᾺபதிᾤΆ சிறிᾐ பிᾹனைடᾫ 
• ஆᾱகிலᾷதி᾿ ெசᾼத அளவிιᾁᾷ தமிழி᾿ இᾷதᾁ ேமΆபாᾌ அ᾿லᾐ அᾐ ᾁறிᾷத 

பரவலான தகவ᾿க῀ கிைடᾰகாைம  
• இதனா᾿ ஆᾼᾫᾰகான காலᾷைத நீ᾵ᾊᾰக அᾔமதி ேகார᾿  
• அய᾿ நா᾵ᾌ ஆᾼவறிஞைரᾲ சிᾱகᾺᾘᾞᾰᾁ வரவைழᾺபதி᾿ எதி᾽பாராᾐ 

இடΆெபιற ஒᾞ சிரமΆ. 
• விᾞᾺபΆ இᾞᾸᾐΆ தᾹᾙைனᾺᾗ இᾞᾸᾐΆ ஏιற ேநரΆ கிைடᾰகாைம 

 

இைவ ெவᾠΆ ெதாழி᾿ நிைல சவா᾿கᾦΆ சிᾰக᾿கᾦΆ ம᾵ᾌΆதாᾹ. ஆᾼᾫᾷதரைவᾲ 
ேசகாிᾺபᾐ ம᾵ᾌΆ ெபாித᾿ல. அைத ஒᾨᾱᾁபᾌᾷதி வᾊவைமᾺபᾐΆ ஓ᾽ இᾹறியைமயாᾺ 
பᾊநிைல. எதி᾽காலᾷᾐᾰகாக அைதᾲ ெசΆைமᾺபᾌᾷதி ைவᾺபᾐΆ இᾱᾁ இᾹறியைமயா ஒᾞ 
பᾊநிைல, எனிᾔΆ ᾙᾊவி᾿ எᾱகளᾐ ஆᾼᾫᾰᾁᾨவி᾿ ஒᾞᾱகிைணᾺபாளராக இᾞᾰᾁΆ ᾙைனவ᾽ 
வாᾆ அரᾱகநாதᾹ கா᾵ᾊய தரᾫ ஒᾨᾱᾁபᾌᾷᾐΆ வழிைய இᾺேபாᾐ ெசய᾿பᾌᾷதிᾺ பா᾽ᾰᾁΆ 
நிைலயி᾿ உ῀ேளாΆ.  

 
வᾁᾺபைறயி᾿ திர᾵டᾺப᾵ட தரᾫகைள ஆராᾼᾸᾐ அைதᾺ பயᾹபᾌᾷதிᾺ பல 

க᾵ᾌைரகைள எᾨᾐவᾐ மிகᾫΆ அவசியΆ. அᾐ ᾁறிᾷத சில ெசய᾿பாᾌக῀ ெதாட᾽Ᾰᾐ இடΆ 
ெபᾠகிᾹறன. இᾷதᾁ ஆᾼᾫக῀ ᾗலΆ ெபய᾽Ᾰத தமிழ᾽கᾦᾰᾁΆ ேபᾞதவியாக அைமபைவ.  
நிதிᾜதவிᾜடᾹ ᾂᾊய பல ஆᾼᾫᾷதி᾵டᾱகைள வழி நடᾷதியᾐடᾹ அவιறி᾿ ஐΆபᾐᾰᾁΆ 
ேமιப᾵ட க᾿வியாள᾽கᾦடᾔΆ ஆᾼவறிஞ᾽கᾦடᾹ ேவைல ெசᾼத அᾔபவΆ ெபιறிᾞᾸதாᾤΆ 
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அῂவᾺேபாᾐ மிᾁᾸத மன வᾞᾷதΆ உᾶடானாᾤΆ ெதாட᾽Ᾰᾐ ஈᾌபᾌவதி᾿ க᾵ᾌைரயாளᾞᾰᾁ 
விᾞᾺபᾙΆ ஈᾌபாᾌΆ அதிகமாக இᾞᾺபᾐ ᾁறிᾺபிடᾷதᾰகᾐ.  

எதி᾽பா᾽ᾺᾗகᾦΆ சாᾷதியமாகᾰᾂᾊய தீ᾽ᾫகᾦΆ 

சவா᾿க῀ எᾺேபாᾐΆ தீ᾽ᾰகᾙᾊயாᾲ சிᾰக᾿கள᾿ல; அைவ சிறᾸத தீ᾽ைவᾜΆ ᾙᾹேனιறᾷைதᾰ 

கா᾵ᾌΆ கலᾱகைர விளᾰகᾱக῀. அῂவைகயி᾿ சில ᾂᾠக῀ ᾁறிᾷᾐ ஆழமாகᾲ சிᾸதிᾰகலாΆ: 
• மாணவ ஆசிாிய᾽கᾦᾰᾁ கணினியிᾹ வழிேய ெமாழியியைலᾰ கιபிᾰகலாΆ 
• தரᾫ வᾱகி ᾁறிᾷத ஆᾼᾫᾷதி᾵டᾱகைளᾰ ெகாᾌᾰகலாΆ 
• தரᾫ வᾱகி ᾁறிᾷத விழிᾺᾗண᾽ைவᾰ ெகாᾌᾷᾐ, அைத ெம᾿ல அதிகாிᾰகலாΆ 
• திறைமயான இளΆ கணினி ெமாழியியலாள᾽கைள இᾱᾁ உᾞவாᾰகி இᾱᾁ அதிகமாகᾲ 

ெசய᾿பட வழி வᾁᾰகலாΆ. 
 

ᾙᾊᾫைர 

சிᾱகᾺᾘாி᾿ தமி῁ வᾁᾺபைறகளி᾿ தமி῁ெமாழியிᾹ பயᾹபாᾌ கடᾸத 2003 ᾙத᾿ 2018 வைர 
எῂவாᾠ அைமᾸᾐ῀ளᾐ எᾹபைத பல ஆᾼᾫᾷதி᾵டᾱக῀ வழிேய தரᾫகளாகᾰ 
ெகாᾌᾷதிᾞᾰகிேறாΆ. தιேபாᾐ பால᾽ ப῀ளியிᾤΆ இᾷதைகய தரᾫக῀ எῂவாᾠ அைமᾸᾐ῀ளன 
எᾹᾠ ேநாᾰᾁவᾐ இடΆ ெபιᾠ வᾞகிறᾐ. அῂவைகயி᾿ இᾐ ᾁறிᾺபிடᾷதᾰக ஒᾞ வாᾼᾺபாᾁΆ. 

தரᾫ வᾱகி எᾹபᾐ ஒᾞ ெமாழியிᾹ, சᾚகᾷதிᾹ, நா᾵ᾊᾹ வரலாιைறᾜΆ அᾐ சா᾽Ᾰத 
பᾶபா᾵ᾌᾰᾂᾠகைளᾜΆ எᾌᾷᾐ ᾂᾠΆ ஆவணΆ. அதிᾤΆ வᾁᾺபைற சா᾽Ᾰத உயிேரா᾵டமான 
இᾷதᾁ ஆவணᾷைத ᾙைறயாᾼ ஆராᾼᾸᾐ ேமΆபாᾌகைளᾜΆ வள᾽ᾲசிையᾜΆ அறிᾙகᾺபதி 
ெசயιபᾌᾷᾐவᾐ அவசியΆ. அᾷᾐடᾹ எதி᾽கால ஆராᾼᾲசிᾰᾁ வழி கா᾵ᾌΆ வைகயி᾿ ᾙைறயாக 
ேசமிᾷᾐ ைவᾺபᾐΆ இᾹᾔΆ ெபᾞΆ பயைன வரவிᾞᾰᾁΆ பல ᾓιறாᾶᾌகளி᾿, அᾺேபாᾐ 
வாழவிᾞᾰᾁΆ பல தைலᾙைறகᾦᾰᾁΆ உதவியாக இᾞᾰᾁΆ. மனித ᾁலᾷதிιᾁ உதᾫΆ அᾸத 
அιᾗதமான  நΆபிᾰைகதாᾹ ஆᾼᾫலைகᾷ ெதாட᾽Ᾰᾐ ேமΆபᾌᾷதி வᾞகிறᾐ எᾹறா᾿ மிைக 
இ᾿ைல. 
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Dr. Ganesan Ambedkar 

Dravidian University 
Kuppam – 517 426 

 

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:  

 

1) "vāḻntā avaṉ mātiri vāḻaṉum" eṉṟu poṟumikkoṇṭāṉ. 
2) "tāyaip pōla piḷḷaiṉṉu” coṉṉatu caritāṉ.  
3) "nī eṉṉa avaṉaiviṭa periya āḷā?" eṉṟatum rājaṉiṉ mukam curuṅkiyatu. 
4) "eṉ taṅkacci avaḷukku mēla yārum varakkūṭātuṉṉu irukkaṟava" 
5) avaruṭaiya aṟivukku muṉṉāl uṉ aṉupavam vēlaikkākātu 
6) avaṉukku eppaṭi aṟivu vantatu? 
7) tavaḷaikkum kaḻutaikkum kalyāṇam. 
8) pēṭṭaiyaik kāṭṭilum vicuvācattiṟku vacūl atikamā? 
9) vijay cētupatikku patilā pacupati naṭiccā nallāyiruntirukkumō? 
10) aṇṇaṇōṭa tampiyai kampēr paṇṟatu, nallavāyirukku? 
11) ṭuleṭ. itukku mēla evaṉāvatu irāṉ paṭam, koriya paṭamṉṉu vantīṅka.... 
12) uṅkappā muṉṉāla nī emmāttiram. avarukku nī camamā? 
13)  iru kuḻantaikaḷai oppiṭātē 
14)  karuṇānitikku kīḻa yārum vaḷara muṭiyātāmē? 

 

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 

1) ṭāṭṭāvukku mēla evaṅkiṭṭa paṇamirukku? 
2) viyāparattila, putup paṇakkāraṉ tāṉ taṉakku mēl evaṉum varakkūṭātuṉṉu  naṭappāṉ. 

āṉā, ṭāṭāvai pāru, pirlāvai pāru. eṉṉa oru aṭakkam. 
3) amiḻtukku mēla eṉṉayirukku? 
4) kaṭaṉukku mēla kaṭaṉ vāṅkiṉā, curukku tāṉ ... 
5) vāṉattukku mēla eṉṉappā eṉṟu makaḷ kēṭṭatum, curukkeṉṟatu maṉam 

2 
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1) icaiyil iḷaiyarājāvukku nikar iḷaiyarājāvē 
2) timukāviṉ mumperum talaivarkaḷil, karuṇānitikku camam karuṇānitiyē.  periyārum 

aṇṇāvum vēṟa leval. oppiṭakkūṭātu. 
3) civakōttirattiṟku iṇaiyāṉa cāmikōttiraṅkaḷ 
4) naṭippil civājikku nikar civājiyē.  

      3 

1) nāykku kīḻayiruntā ,vālai pārttappellām, āṭṭittāṉ kāriyam cātikkaṇum 
2) kuraṅkukkum maṉucaṉukkum naṭuvil varṟavaṉaip patti eṉakkeṉṉa? 
3) kāllukku kīḻ cūttirarkaḷ 

 

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, `-
pōla]suf.’ and `-mātiri]suf.’ 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 -pōla]suf. and -mātiri]suf.  

I  

1) civāji mātiri naṭikka vēṇṭām. 
2) rajiṉi mātiri pēca vēṇṭām. 
3) kuḻantai uṅkammā mātiriyirukku eṉṟavuṭaṉ cirippalai eḻuntatu. 
4) nāy mātiri kulaikkātē eṉṟu captamāka tiṭṭiṉāḷ 
5) caṉ ṭivi mātiri pāppular ṭivi eṅkēyirukku? 

II 

6) civājiyaip pōla naṭikka vēṇṭām. 
7) rajiṉiyaip pōla pēca vēṇṭām 
8) kuḻantai uṅkammāvaip pōlayirukku eṉṟavuṭaṉ cirippalai eḻuntatu. 
9) nāyai pōla kulaikkātē eṉṟu captamāka tiṭṭiṉāḷ 
10) caṉ ṭiviyai pōla pāppular ṭivi eṅkēyirukku? 

 

From these two sets of same data, one can surmise and show that 1) these two tokens are mutually 
replaceable, 2) -pōla]suf. is phonologically conditioned, 3) -mātiri]suf. has more frequency in spoken variety of 
Tamil and 4)  -pōla]suf. 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 `-mātiri]suf  appears, predominantly, after nouns and verbal adjectives, as in the examples below:  

 

1) āccariyappaṭṭa]v.adj  mātiri]suf      
2) accaṭicca]v.adj  mātiri]suf                    
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3) acaikiṟa]v.adj  mātiri]suf                    
4) acainta]v.adj mātiri]suf 
5) mukkāṭu]n mātiri]suf 

 

Note, the use of same set of examples of `-mātiri’]suf  on `-pōla’]suf generates ungrammaticality in the examples 
bearing numbers from (1) to (4) and , grammaticality in the example bearing number (5). 

 

1) *āccariyappaṭṭa]v.adj pōla]suf.      
2) *accaṭicca]v.adj  pōla]suf. 
3) *acaikiṟa]v.adj  pōla]suf. 
4) *acainta]v.adj pōla]suf 
5)  mukkāṭu]n pōla]suf  

 

Based on the above examples, a surmise can be drawn: the suffix ‘-pōla]suf.’ 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 pōla]suf and mātiri]suf  do not appear, either. Illustrative examples are below: 

 

             1) *avaṉai aṭutta mātiri pārkkavillai 

  2) *avaṉai aṭutta pōla pārkkavillai 

  3) *avaṉaic cuṟṟi mātiri ētuvumillai 

  4) *avaṉaic cuṟṟi pōla ētuvumillai 

  5) *avaṉaik kaṇṭu mātiriyillai 

  6) *avaṉaikkaṇṭu pōlavillai 

  7) *avaṉaimīṟi mātiriyillai 

  8) *avaṉaimīṟi pōlaētumillai 

 

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_aṭutta, 3)  *-ai_aṭuttu, 4)   *-ai_eṅkēyō, 5)   *-ai_cuṟṟi, 6)   *-ai_kaṇṭu, 7) *-ai_mīṟi, 8)  *-
ai_nōkki, 9)  *-ai_toṭarntu, 10)  *-ai_viṭṭu, 11)  *-arukil, 12)  *-arukiliruntu, 13)  *-aṭiyil, 14)  *-aṭiyiliruntu, 
15)  *-etir, 16)  *-etiriliruntu, 17)  *-etiril, 18)  *-iṭaiyē, 19)  -iṭam, 20)  *-iṭamiruntu, 21)  *-iṭattil, 22)  *-
iṭattiliruntu, 23)  *-kāṭṭi, 24) *-kaṭaiciyil, 25)  *-kaṭaicikku, 26)  *-kaṭaicikkuḷ, 27)  -kīḻ, 28)  *-kīḻē, 29)  *-
kīḻiruntu, 30) -kkāṉa, 31)  *-kku-arukāmaiyil, 32)  *-kku-antap-pakkam, 33) *-kku_arukil, 34) *-
kku_pakkattil, 35) *-kku_aṭutta, 36) *-kku_aṭuttu, 37)  *-kku_etirāka, 38)  *-kku_etiril, 39) *-
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kku_etiriliruntu, 40)  *-kku_intap_pakkam, 41)  *-kku_iṭaiyē, 42)  *-kku_iṭaiyil, 43) *-kku_iṭaiyiliruntu, 44)  
*-kku_kīḻē, 45) *-kku_mēliruntu, 46) *-kku_mīṟi, 47)  -kku_nēr, 48) -kku_nēr_etir, 49) *-
kku_nēr_etiriliruntu, 50)  *-kku_nēril, 51)*-kku_pakkam, 52) *-kku_pakkattil, 53) *-kku_pakkattiliruntu, 54)  
*-kku_puṟampāṉa, 55)  *-kku_veḷiyē, 56) *-kkaṭiyil, 57)  *-kkum_mattiyil, 58)  *-kuṟukkē, 59)  *-
kuṟukkēyirunta, 60)  *-kūṭa, 61) *-mattiyiliruntu, 62)  *-mattiyil, 63)  *-mēl, 64)  *-mītu, 64)  *-mītiruntu, 65)  
*-mūlamāka, 66) *-naṭuvil, 67)  *-naṭuviliruntu, 68)  -nēr_etir, 69)  *-nēr_etirāka, 70)  *-nēr_etiril, 71)  *-
nēr_etiriliruntu, 72)  *-neṭuka, 73)  *-nōkki, 74)  *-ōramāka, 75)  *-orattil, 76)  *-ōrattiliruntu, 77)  *-
pakkattil, 78)  *-pakkattiliruntu, 79)  *-piṉṉāliruntu, 80)  *-uḷ, 81)  *-uḷḷiruntu, 82)  *-ūṭē, 83)  *-vaḻiyāka, 84)  
*-vaḻiyil, 85)  *-vaḻiyiliruntu, 86)  *-veḷiyē, 87)  *-veḷiyil, 88)  *-veḷiyiliruntu, 89)  *-āka, 90)  *-mutalil, 91)  
*-mutaliliruntu, 92)  *-piṉpu, 93)  -pōtu, 94)  -um_pōtu, 95)  *-um_pōtiliruntu, 96)  -um_varai, 97)  *-
ai_etirpārttu, 98)  *-ai_kaṭantu, 99)  *-ai_tāṇṭi, 100)  *-il, 101)  *-illiruntu, 102)  *-kkāka, 103)  -kku, 104)  *-
kku_appāl, 105)  *-kku_naṭuvil, 106)  *-kku_piṟaku, 107)  *-kku_appuṟam, 108)  *-kku_muṉpāka, 109)  *-
kku_piṉpu, 110)  *-kkuḷ, 111)  *-kku_mēl, 112)  *-kkum, 112) *-kku_muṉṉāl, 113)  *-kku_muṉpu, 114)  *-
kku_piṉ, 115)  *-kku_piṉṉāl, 116)  -muṉ, 117)  -muṉṉāl, 118)  -muṉpu, 119)  *-mutal, 120)  -muḻuvatum, 
121)  *-ōṭu, 122)  *-piṉṉāl, 123)  *-uṭaṉ, 124)  *-varai, 125)  *-āka, 126)   *-āl,  127)  *-ālāṉa, 128)  *-āṉa, 
129)   *-iṉ, -130)  *-uṭaṉ,  131)  *-uṭaṉirunta, 132)  *-uṭaiya, 133)  -um, 134)  *-umcērntu, 135)  *-um_viṭa, 
136)  *-uḷpaṭa, 137)  *-ai_kāṭṭilum, 138)  *-ai_koṇṭu, 139)  *-ai_tavira, 140)  *-ai_pōl, 141) *-ōṭu, 143)  *-
ōramāka, 144)  *-kku_ātaravāka, 145)  *-kku_iṇaṅka, 146)  -kku_ēṟṟa, 147)  -kku_ēṟpa, 148) *-kkāṉa 

 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) kuḻantai mātiri pūṉai kattuccu. 

  2) kuḻantaiyaip pōla pūṉai kattuccu 

  3) ammā mātiri eppaṭiṭā irukkamuṭiyum? 

  4) ammāvaip pōla eppaṭiṭā irukkamuṭiyum? 

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) tāyaippōla piḷḷai. nūlaippōla cēlai 

  2) vāṉattaip pōla maṉam paṭaitta maṉṉavaṉē 

 

These above examples give evidence to illustrative comparison. In these illustrative comparison examples, 
note that the suffix -pola]suf 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 -pōla]suf.  

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 -pōla is acceptable.  
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 Where as, out of many qualities, similarities to maximum number of qualities can be found through 
the suffix -mātiri]suf. The evidence for such crucial distinction comes from the ungrammaticality of the below 
sentences: 

                  1) *tāy (ai) mātiri piḷḷai. *nūl mātiri cēlai 

  2) *vāṉam mātiri maṉam paṭaitta maṉṉavaṉē 

 

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

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

  3) maṉam pōla vāḻkkai 

  4) *maṉam mātiri vāḻkkai 

  5) pāl pōla maṉam 

  6) *pāl mātiri maṉam 

3. Conclusion 

From the above sections, one may surmise with evidence that there are qualitative usage differences between 
these two suffixes. The suffix -mātiri]suf is used for comparison of mapping between more against most, and 
the suffix -pōla]suf is 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 (அஃக), 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 (உயி᾽ - Soul)  அ - ஔ   012 letters 

Consonants(ெமᾼ - body)  ᾰ - Ᾱ   018 letters 

Compound letters  க - ெனௗ  216 letters 

One Single letter   ஃ   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, 

(ெமாழிᾰᾁ ᾙதᾢ᾿ வᾞΆ எᾨᾷᾐᾰக῀) 
பᾹனீ ᾞயிᾞᾱ கசதந பமவய 
ஞஙᾪ ைரᾸᾐயி᾽ ெமᾼᾜ ெமாழிᾙத᾿. 102 

(வகரΆ) 

உஊ ஒஓ வலெவாᾌ வΆᾙத᾿. 103 

(யகரΆ) 

அஆ உஊ ஓஒள யΆᾙத᾿. 104 

(ஞகரΆ) 

அஆ எஒῂேவா டாᾁ ஞΆᾙத᾿. 105 

(ஙகரΆ) 
ᾆ᾵ᾊயா ெவகர வினாவழி யῂைவ 
ெயா᾵ᾊ ஙῂᾫ ᾙதலா ᾁΆேம. 106 
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From the above rules we can construct the table below which shows the starting letters of a word. 

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 ராம᾽ it is not rooted from 
tamil origin. Because the letter ரா is not standing at the beginning of a Tamil word. So that Kampar add the 
extra letter இ front with the word so the ராம᾽ word becomes இராம᾽ 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, 

(ெமாழிᾰᾁ இᾠதியி᾿ வᾞΆ எᾨᾷᾐᾰக῀) 
ஆவி ஞணநமன யரலவ ழளெமᾼ 
சாᾜ ᾙகரநா லாᾠ மீேற. 107 

(சிறᾺᾗ விதி) 
ᾁιᾠயி ரளபி னீறா ெமகர 
ெமᾼெயா ேடலாெதாᾸ நῂெவா டாெமௗᾰ 
ககர வகரேமா டாᾁ ெமᾹப. 108 

(எᾨᾷதிᾹ ᾙதᾤΆ ஈᾠΆ) 

நிᾹற ெநறிேயᾜயி᾽ ெமᾼᾙத ᾣேற. 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 மா᾽ᾲ this word ending with the letter ᾲ, 
as per the tamil grammar rule a word not ending with the letter ᾲ. So that word is not tamil origin. If we try to 
make the word மா᾽ᾲ to tamil grammar accepted format means we can add ᾆ at the end of the word (ie. 
மா᾽ᾲᾆ) 

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 

ஜ, ஷ, ஸ, ஹ ,ᾀ, ᾯ 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 [l1,l2,..,ln-1,ln] 
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2. Assign WordLen = length([l1,l2,..,ln-1,ln]) 
3. Assign i = 0, n = 0 
4. FOR EACH letters in [l1,l2,..,ln-1,ln] 

4.1. n = i 
4.2. IF ln == Kha or ga or Gha then 

4.2.1. ln = க 

4.3. ELSE IF ln == tha or da or dha then 
4.3.1. ln = ட 

4.4. ELSE IF ln == ttha or ddha or dhaa then 
4.4.1. ln = த 

4.5. ELSE IF ln == pha or ba or bha then 
4.5.1. ln = ப 

4.6. ELSE IF ln == Chha Then 
4.6.1. ln = ச 

4.7. ELSE IF ln == Ja Then 
4.7.1. ln = ய 

4.8. ELSE IF ln == Jha Then 
4.8.1. ln = ச 

4.9. ELSE IF ln == ஸ Then 

4.9.1. ln = ச 

4.10. else Calculate n position 
4.10.1. if n is 0 then 

4.10.1.1. if ln == Sa Then 
4.10.1.1.1. ln = ச 

4.10.1.2. ELSE IF ln == ஷ Then 

4.10.1.2.1. ln = ச 

4.10.1.3. ELSE IF ln == ஹ Then 

4.10.1.3.1. ln = அ 

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

4.10.2.1.1. ln = ச 

4.10.2.2. ELSE IF ln == ஷ Then 

4.10.2.2.1. ln = ட 

4.10.2.3. ELSE IF ln == ஹ Then 

4.10.2.3.1. ln = க 

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

4.10.3.1.1. ln = ச 
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4.10.3.2. ELSE IF ln == ஷ Then 

4.10.3.2.1. ln = ட 

4.10.3.3. ELSE IF ln == ஹ Then 

4.10.3.3.1. ln = க 

4.11. i++ 
5. END FOR 

 

Android dictionary and essay, book reader: 

Also our next generation application for tamil dictionary called Akga (அஃக) 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 /அகராதிக῀ In paticularly we should give credits 
to the authors of dictionary  namely, 

● Automic based dictionary by Jayabharathan, Canda 
● Medical terms dictionary by KanmaniGaneshan and Pugalendhipandiyan 
● 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, 

1. User download Akga dictionary application from this link  அஃக ௨௮௭ - Download for Android 
2. User Download the particular distributed book on the books page. 
3. Click refresh button on the android application 
4. 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. 
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Annexure A: 

 

 

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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உᾞவாᾰகிய ᾙத᾿ ᾗதிய ெசா᾿ ᾑகᾹ!? 

● ᾑ எᾔΆ ᾙத᾿ எᾨᾷைத அᾨᾷதிேனᾹ (1 - இடᾷதிᾢᾞᾸᾐ). 

பல ெசாιக῀ வᾸதன. நாᾹ அᾌᾷத எᾨᾷᾐ க இᾞᾰகலாΆ என எᾶணிேனᾹ (2 - இடᾷதிᾢᾞᾸᾐ). 

 

● ᾑகΆ எᾹறா᾿ காιᾠ என களᾴசியΆ பாிᾸᾐைரᾰகிறᾐ. எனேவ ஒᾞ ெசா᾿காιைற ேபால 

ேவகமானவᾹ எᾹᾔΆ ெபாᾞளி᾿ Ᾱ என பாிᾸᾐைரᾰᾁΆ எᾨᾷைத 3 - Ά இடᾷதிᾢᾞᾸᾐ 

ேத᾽ᾸெதᾌᾷேதᾹ. ᾑகᾹ எᾔΆ ெசா᾿ உᾞவானᾐ. 
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Annexure B: 

 

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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கணினிவழி தமி῁ெமாழி கιற᾿ கιபிᾷதᾢ᾿ Quizziz எᾹᾔΆ 
இைணயᾷதளᾷதிᾹ பயᾹபாᾌ 

Magah Letchimi, Karpagam Manickavasagam and Arul Jothy Ravindran 
MOE Jurong West Secondary School 

Singapore 

 

ᾙᾹᾔைர 

இᾹைறய 21-ஆΆ ᾓιறாᾶᾊ᾿ தகவ᾿ ெதாட᾽ᾗ ெதாழி᾿ ᾒ᾵பᾷதிᾹ ᾐாித வள᾽ᾲசி க᾿விᾷ 
ᾐைறயி᾿ மிகᾺ ெபᾞΆ மாιறᾷைத ஏιபᾌᾷதி உ῀ளᾐ. பால᾽ ப῀ளி ᾙத᾿  உய᾽க᾿வி 
கழகᾱக῀ வைர கணினி மιᾠΆ இைணயᾷதிᾹ ஆதிᾰகேம ைகேயாᾱகி இᾞᾰகிறᾐ. அறிᾫᾺ 
ெபᾞᾰகᾷதிιᾁᾷ ᾐைணᾗாிᾜΆ இைணயΆ சா᾽Ᾰத ெமᾹெபாᾞ῀கᾦΆ நᾪன ஊடகᾰ 
கᾞவிகளிᾹ பயᾹபாᾌΆ அதிகாிᾷᾐவி᾵டன. நாெளாᾞ ேமனிᾜΆ ெபாᾨெதாᾞ வᾶணᾙΆ 
ᾗᾐᾺᾗᾐ கᾞவிகᾦΆ அவιறி᾿ இயᾱᾁΆ ெசயᾢகᾦΆ வᾸதவாᾠ உ῀ளன. இᾷதைகய 
ᾇழᾢ᾿ வᾁᾺபைறᾰ கιற᾿ கιபிᾷதᾢᾤΆ தகவ᾿ ெதாழி᾿ ᾒ᾵பᾷதிᾹ பயᾹபாᾌ 
இᾹறியைமயாததாகிவி᾵டᾐ.  

சிᾱகᾺᾘாி᾿ தமி῁ᾰ கιற᾿ கιபிᾷத᾿  

சிᾱகᾺᾘ᾽ ப῀ளிகளி᾿ ெமாழியிᾹ அᾊᾺபைடᾷ திறᾹகளான ேக᾵ட᾿, ேபᾆத᾿, பᾊᾷத᾿, 
எᾨᾐத᾿ ஆகியவιேறாᾌ மாணவ᾽களிைடேய இᾞவழிᾰ கᾞᾷᾐᾺ பாிமாιறᾷ திறᾹகளான 
ேபᾲᾆவழிᾰ கᾞᾷᾐᾺபாிமாιறᾙΆ எᾨᾷᾐவழிᾰ கᾞᾷᾐᾺபாிமாιறᾙΆ வள᾽ᾰᾁΆ கιபிᾷத᾿ 
ᾙைறக῀ பிᾹபιறᾺப᾵ᾌ வᾞகிᾹறன. ெமவா῁ᾰைகᾲ சவா᾿கைளᾲ சᾸதிᾺபதιᾁΆ 
எதி᾽ெகா῀வதιᾁΆ 21-ஆΆ ᾓιறாᾶᾌᾷ திறᾹகᾦᾰᾁΆ ᾙᾰகியᾷᾐவΆ 
அளிᾰகᾺபᾌகிᾹறன. இᾷதிறᾹகைளᾷ தனிᾷᾐᾰ கιபிᾰகாம᾿ ெமாழிᾺ பாட 
நடவᾊᾰைககேளாᾌ இைணᾷᾐᾰ கιபிᾺபதιᾁᾷ தகவ᾿ ெதாட᾽ᾗ ெதாழி᾿ᾒ᾵பΆ 
ᾐைணᾗாிகிறᾐ.  

“தமி῁ வழᾱᾁΆ ேவᾠ எᾸத நா᾵ைடᾜΆ விடᾲ சிறᾸத ᾐைணᾰ கᾞவிகைளᾜΆ, நᾪன 
சாதனᾱகைளᾜΆ பயᾹபᾌᾷதிᾷ தமி῁ கιபிᾰகᾰᾂᾊய வாᾼᾺᾗ வசதிக῀ சிᾱகᾺᾘாி᾿ 
மிᾁதியாக உ῀ளன” (கா. இராணமயா, ப. 101) சிᾱகᾺᾘ᾽ᾲ ᾇழᾤᾰᾁΆ வள᾽ᾸᾐவᾞΆ 
ெதாழி᾿ᾒ᾵பᾷதிιᾁΆ ஏιப மாணவ᾽கைள ஆᾰகᾘ᾽வமான ெமாழி நடவᾊᾰைககளி᾿ 
ஈᾌபᾌᾷᾐΆ வைகயி᾿ ெதாழி᾿ᾒ᾵ப வசதிக῀ ைகᾰெகாᾌᾰகிᾹறன. அᾸத வைகயி᾿, 
ஒῂெவாᾞ வᾁᾺபைறயிᾤΆ நᾪன ெதாழி᾿ᾒ᾵ப கᾞவிகᾦΆ ப᾿ᾥடக வளᾱகᾦΆ 
இைணᾰகᾺப᾵ᾌ அவιறிᾹவழி சிᾱகᾺᾘாி᾿ தமி῁ெமாழி கιற᾿ கιபிᾷத᾿ நிக῁கிறᾐ. 

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 - 

தமி῁ெமாழி கιற᾿ கιபிᾷதᾢ᾿ ‘ᾁவிசிῄ இைணயᾷதளΆ – ெமᾼநிக᾽ ᾂக᾿ வᾁᾺபைறᾰ 
கιற᾿ கιபிᾷத᾿ 

Quizziz  எᾹᾔΆ இைணயᾷதளΆ மிகᾫΆ எளிைமயாகᾺ பயᾹபᾌᾷதᾰᾂᾊய 

விைளயா᾵ᾌᾷ தளமாக அைமகிறᾐ.  மாணவ᾽க῀ தᾱகளிᾹ ᾆயᾰ கιறᾤᾰᾁΆ தᾱகளிᾹ 
கιறைல மதிᾺᾖᾌ ெசᾼவதιᾁΆ இᾰகιற᾿ தளΆ ெபாிᾐΆ ᾐைணᾺᾗாிகறᾐ. இᾷதளᾷதி᾿ 
மாணவ᾽க῀ விைளயா᾵ᾌ ᾙைறயி᾿ தᾱகளிᾹ கιறᾤᾰᾁᾺ ெபாᾠᾺᾗ ஏιகிᾹறன᾽. ‘ᾁவிῄ’ 

(Quiz) அதாவᾐ ᾗதி᾽ ᾙைறயி᾿ மாணவ᾽க῀ ேக῀விகᾦᾰᾁᾺ பதி᾿ வழᾱᾁΆேபாᾐ 

தᾱகளிᾹ கιற᾿ அைடᾫ நிைலகைள விைளயா᾵ᾌ ᾙைறயி᾿ கᾶடறியலாΆ. தாᾱக῀ 
ெசᾼᾜΆ பிைழகைளᾷ திᾞᾷதிᾰெகாளவதιᾁΆ ேக῀விகைள மீ῀பா᾽ைவ ெசᾼவதιᾁΆ 
Quizziz வழிெசᾼகிᾹறᾐ, இᾷதளΆ விைளயா᾵ᾌ ᾙைறயி᾿ அைமᾰகᾺெபιறதா᾿ 

மாணவ᾽க῀ தாᾱக῀ ᾗதிாிᾹ இᾠதியி᾿ ெபறᾰᾂᾊய ᾗ῀ளி விவரᾱகைள (Leader board) 

வாயிலாகᾫΆ பா᾽ᾰகலாΆ. இᾐ இᾸத விைளயா᾵ᾌ இைணயᾷதளᾷதிᾹ ஒᾞ ᾙᾰகிய ᾂᾠ 
ஆᾁΆ. 

Host Game Feature (ேநரᾊ இைணயᾷதள விைளயா᾵ᾌ) 

அவ᾽க῀ தᾱகᾦᾰᾁ வழᾱகᾺப᾵ᾊᾞᾰᾁΆ ᾗதி᾽ விைளயா᾵ைடᾷ தᾱகளிᾹ சக 
மாணவ᾽கᾦடᾹ ஒேர ேநரᾷதி᾿ ேநரᾊ இைணயᾷதள விைளயா᾵டாக (Live Host Game) 

விைளயாᾌΆ வாᾼᾺᾗ ᾁவிசிῄயி᾿ உ῀ளதா᾿ மாணவ᾽க῀ ெபாிᾐΆ கιற᾿ கιபிᾷதᾢ᾿ 
ஈ᾽ᾰகᾺபᾌகிᾹறன᾽.  

பல வசதிகைளᾰ ெகாᾶட Quizziz இைணயᾷதளΆ 

ᾁவிசிῄ இைணயᾺபᾰகΆ Smart (திறᾹ) சாதனᾱகளிᾤΆ கணினிகளிᾤΆ (Microsoft & iMac) 
இயᾱகவ᾿லᾐ. ேதைவயான வளᾱகைள மிக இலᾁவாகᾫΆ ᾁவிசிῄ-இ᾿ உᾞவாᾰகி 
நி᾽வகிᾰக ᾙᾊᾜΆ. வளᾱக῀ எᾹᾠ ᾂᾠΆேபாᾐ, ᾗதிᾞᾰகான ேக῀விகைளᾷ தயாாிᾺபᾐ 
ஆᾁΆ. ᾁவிசிῄ இைணயᾺபᾰகΆ ஆᾱகிலΆ மιᾠΆ தமி῁ ெமாழிகைள ஆதாிᾰᾁΆ வசதிையᾰ 
ெகாᾶடᾐ. (multi lingual function)  Windows, Mac, iPad, iPhone, Android ேபாᾹற ெதாழி᾿ᾒ᾵ப 
சாதனᾱகளிᾹ வழியாகᾫΆ ஆசிாியரா᾿ தயாாிᾷᾐ ெவளிᾛᾌ ெசᾼயᾺப᾵ட விைளயா᾵ᾌᾺ 
ᾗதி᾽க῀ மாணவ᾽கᾦᾰᾁ ஒᾺபைடᾺபாக வழᾱகலாΆ. ᾁவிசிῄ-இ᾿ ெபறᾰᾂᾊய சில சிறᾺᾗ 
வசதிகைள இᾺேபாᾐ காணலாΆ. 

1. எளிைம சா᾽Ᾰத விைளயா᾵ᾌᾷ தளᾷதி᾿ கιற᾿ மதிᾺᾖᾌ பாடᾱகைள மீ῀பா᾽ைவ 
ெசᾼவதιᾁᾺ பயᾹபᾌத᾿, விᾌᾙைற ᾪ᾵ᾌᾺபாடமாகᾫΆ வᾁᾺபைற கιற᾿ 
கιபிᾷதᾤᾰᾁΆ பயᾹபᾌᾷத᾿. 

2. மιற ஆசிாிய᾽க῀ தயாாிᾷத ᾗதி᾽கைளᾺ பா᾽ைவயிᾌத᾿,வளᾱகளிᾹ ெபᾞᾰகΆ 

எளிதாக ஆசிாிய᾽க῀ தᾱகᾦᾰெகᾹᾠ ஒᾞ வினா வᾱகிையᾷ ெதாᾁᾰக ᾙᾊᾜΆ. 
இᾐ நிᾲசயமாக வளᾱகைள அதிகாிᾰகிᾹறᾐ, தமி῁ ஆசிாிய᾽கᾦΆ இᾷதளᾷைதᾺ 
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பயᾹபᾌᾷதி வᾞவᾐ ᾁறிᾺபிடᾷதᾰகᾐ. இᾸத வசதி, நிᾲசயமாக ேநரᾷைத 
மிᾲசᾺபᾌᾷᾐவதιᾁᾰ ைகᾰெகாᾌᾰகிᾹறᾐ. 

3. மாணவ᾽க῀ Leader board வசதி மιᾠΆ விைடகைளᾰ காᾶபிᾷத᾿ விைளயா᾵ᾌ 
எᾹᾠ வᾸதாேல மாணவ᾽கᾦᾰᾁᾰ கιற᾿ நடவᾊᾰைகயி᾿ ஒᾞ தனி ஆ᾽வΆ 
ᾂᾌகிᾹறᾐ. விைளயா᾵ᾊ᾿ மιற மாணவ᾽களிᾹ ெசய᾿பாᾌ இᾸத Leader board 
வசதி வாயிலாக அறியலாΆ. இᾸத வசதியி᾿ ஒῂெவாᾞ மாணவᾞΆ விைளயா᾵ᾌ 
எᾹற அைமᾺᾗ ᾙைறயி᾿ தᾱகᾦᾰெகᾹᾠ ஒᾞ தᾹᾷᾐவΆ வாᾼᾸத ெபய᾽ 
ஒᾹைறᾺ பதிᾫ ெசᾼவேதாᾌ தᾱக῀ கιற᾿ கιபிᾷதைல மதிᾺᾖᾌ ெசᾼவதιᾁ 
post game வழி விைடகைள மீ῀ பா᾽ைவ ெசᾼயலாΆ. 

ேமᾤΆ, ᾁவிசிῄ gamification அைமᾺᾗ ᾙைறயி᾿ இயᾱᾁகிறᾐ. ᾗதிᾞᾰகான 
ேக῀விகைளᾷ தயாாிᾰᾁΆ எᾶணிᾰைகᾰᾁ அளவி᾿ைல. 

4. Memes பயᾹபாᾌ –Trendy feature for students to give feedback after each question 

Quizziz -இ᾿ ப᾿ேவᾠ ேகாᾺᾗ வᾊவᾱகைள இைணᾰᾁΆ வசதி உᾶᾌ.ᾁறிᾺபாக 
மாணவ᾽களிᾹ ெசய᾿பா᾵ᾌᾰᾁ மதிᾺᾖᾌ வழᾱᾁவதιᾁ Memes 
பயᾹபᾌᾷதலாΆ. இᾸத வசதி மாணவ᾽கைளᾺ ெபாிᾐΆ கவரᾰᾂᾊய வசதியாக 
அைமகிᾹறᾐ. மாணவ᾽க῀ சிறᾺபாகᾲ ெசᾼதா᾿ அதைன Memes-இ᾿ தயா᾽ 
ெசᾼᾐ மாணவ᾽கᾦᾰᾁ வழᾱகலாΆ. 

5. Quizziz ெசயᾢயாகᾷ திறᾹ ேபசிகளி᾿ இயᾱᾁΆ வசதி  

(Quizziz online & mobile app)  

Quizziz-ஐ எᾱᾁ ேவᾶᾌமானாᾤΆ பயᾹபᾌᾷதலாΆ. கணினிகளி᾿ ம᾵ᾌம᾿லாᾐ 
திறᾹ ேபசிகளிᾤΆ இைணயᾷதிᾤΆ Quizziz இயᾱᾁΆ.  

எᾹற இைணயᾺபᾰகᾷதிᾹவழி நாΆ எளிதாகᾰ விைளயா᾵ᾌᾺ ᾗதி᾽கைளᾷ தயா᾽ 
ெசᾼᾐ மாணவ᾽களிᾹ ெசயιபா᾵ைட Reports (தரᾫக῀) வழியாகᾺ பா᾽ைவஇட 
ᾙᾊᾜΆ. திறᾹ ேபசியிᾤΆ இலவசமாகᾰ ᾁவிசிῄ ெசயᾢையᾷ தரவிறᾰகΆ ெசᾼᾐ 
பயᾹபᾌᾷதலாΆ. ᾁவிசிῄ இைணயᾺபᾰகΆ மιறΆ ெசயᾢைய எ᾿லா 
ᾐைறகᾦᾰᾁΆ (எ-ᾌ விைளயா᾵ᾌ, ெதாழி᾿, க᾿வி) எளிைமயாகᾺ பᾌᾷதலாΆ. 

ேநாᾰகᾱக῀ 

இᾐவைர ᾁவிசிῄ-இ᾿ உ῀ள சிறᾺᾗ அΆசᾱகைளᾺ பா᾽ᾷேதாΆ. மாணவ᾽க῀ 
ஆᾰகᾘ᾽வமான ெமாழி நடவᾊᾰைககளி᾿ ஈᾌப᾵ᾌ ெமாழிையᾷ திறΆபடᾰ கιக ேவᾶᾌΆ. 
அவ᾽க῀ ᾆயᾙைனᾺᾗடᾔΆ உடனிைணᾸᾐΆ ெசய᾿ப᾵ᾌ ெமாழிைய ஆ᾽வᾷᾐடᾹ கιக 
ேவᾶᾌΆ. ெதாழி᾿ᾒ᾵பΆ கιபிᾷதᾤᾰᾁᾲ ᾆைமயாக இ᾿லாம᾿ எளிதாகᾺ ெபιᾠᾺ 
பயᾹபᾌᾷதᾰᾂᾊய ஒᾹறாக இᾞᾰக ேவᾶᾌΆ. இᾸத ேநாᾰகᾱகᾱகைளᾰ கᾞᾷதி᾿ ெகாᾶᾌ  
ᾊஜுட᾿ ᾁறிᾺேபடாக விளᾱᾁΆ ᾁவிசிῄ-ஐᾰ கιற᾿ கιபிᾷதᾤᾰᾁ எῂவாᾠ 
பயᾹபᾌᾷதலாΆ எᾹபைதᾺபιறி சிᾸதிᾷேதாΆ. 

ᾁவிசிῄ-இ᾿ உ῀ள வசதிகைளᾺ பயᾹபᾌᾷதி மாணவ᾽கᾦᾰᾁ ஒᾞ ᾙᾨைமயான 
பாடᾷ ெதாᾁᾺைப (lesson package) வழᾱᾁΆ சிᾠ ᾙயιசியி᾿ ஈᾌப᾵ேடாΆ. பாடᾷதிιᾁாிய 
ேநாᾰகᾱக῀, விளᾰகᾱக῀, ᾐைண வளᾱக῀, தி᾵ட ேவைலக῀, ᾪ᾵ᾌபாடᾱக῀ ஆகியைவ 
ெதாᾁᾰகᾺப᾵ᾌ ஒᾞ பாடமாகᾰ ᾁவிசிῄ-இ᾿ தயாாிᾰகᾺப᾵டᾐ. மதிᾺᾖ᾵ᾊιᾁ வழிெசᾼᾜΆ 
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வைகயிᾤΆ பாடΆ அைமᾰகᾺப᾵டᾐ. மாணவ᾽க῀ விᾌᾙைற ᾪ᾵ᾌᾺபாடமாகᾷ தᾱகளிᾹ 
ᾆய கιற᾿ நடவᾊᾰைகைய ᾁவிசிῄ-இ᾿ ᾗதி᾽ நடவᾊᾰைகயாக ேமιெகாᾶடன᾽. இᾺᾗதி᾽ 
மாணவ᾽களிᾹ கιற᾿ நடவᾊᾰைகயி᾿ ஒᾞ மதிᾺᾖடாக இடΆெபιறᾐ.  ᾗதி᾽ ெதாிᾫ 
விைடகளிᾹ அைமᾺᾗ ᾙைறயி᾿ வழᾱகᾺப᾵டᾐ. ஒᾞ ᾁறிᾺபி᾵ட பாடᾷ தைலᾺᾗ (எ-ᾌ 
மரᾗᾷெதாட᾽க῀) ஒ᾵ᾊ ᾗதி᾽ தயாாிᾰகᾺப᾵ᾌ மாணவ᾽கᾦᾰᾁ assign ெசᾼயᾺப᾵டᾐ. ᾗதிைர 
வழᾱᾁΆேபாᾐ காலவைரயைறையᾜΆ நி᾽ணயΆ ெசᾼயலாΆ.  

Google classroom –Newly added feature 

 

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. 

 

Figure 1 (Setting of deadline)                                Figure 2 (Assign game using Google classroom) 
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கιற᾿ கιபிᾷதᾢ᾿ ᾁவிசிῄ பயᾹபாᾌ 

கιற᾿ நடவᾊᾰைககைள ᾁவிசிῄ-இ᾿ உᾞவாᾰᾁவதιᾁ ᾙᾹ நᾹᾁ தி᾵டமிட ேவᾶᾌΆ. 
கᾞᾺெபாᾞ῀, ᾐைணᾰகᾞᾺெபாᾞ῀, மாணவ᾽களிைடேய வள᾽ᾰக விᾞΆᾗΆ ெமாழிᾷ 
திறᾹக῀, பாட ேநாᾰகᾱக῀ ேபாᾹற சில அᾊᾺபைட ᾂᾠகைள ᾙதᾢ᾿ ᾙᾊᾫ ெசᾼய 
ேவᾶᾌΆ. பிᾹ ேக῀விகைளᾺ ᾗதி᾽ விைளயா᾵ᾌ அைமᾺᾗ ᾙைறயி᾿ தயாாிᾰக ேவᾶᾌΆ. 
மιறவ᾽க῀ இᾸதᾷ தளᾷதி᾿ வளᾱகளாகᾺ பகி᾽Ᾰᾐெகாᾶட ேக῀விகைளᾺ பா᾽ைவயி᾵ᾌΆ 
பிரதி எᾌᾷᾐΆ ᾂட ᾗதிைரᾷ தயாாிᾰகலாΆ. 

 

 

 

இῂவாᾠ ᾁவிசிῄ-இ᾿ பல விைளயா᾵ᾌᾺ ᾗதி᾽கைளᾲ ᾆலபமான ᾙைறயி᾿ 
தயாாிᾰகலாΆ.  

ᾁவிசிῄ-இ᾿ தயாாிᾷத ᾗதிைரᾺ பகி᾽Ᾰᾐ ெகா῀ᾦத᾿  
ஆசிாிய᾽ உᾞவாᾰகிய ᾗதி᾽ ேக῀விகைள அᾌᾷதᾺ பᾊநிைலயாக மாணவ᾽கᾦடᾹ பகி᾽Ᾰᾐ 
ெகா῀ᾦத᾿ அவசியமாᾁΆ. இதைன ᾚᾹᾠ வழிகளி᾿ ேமιெகா῀ளலாΆ. ᾙதᾢ᾿  Live 
Game , இரᾶடாவதாக Homework (ᾪ᾵ᾌᾺபாடΆ),ᾚᾹறாவதாக (Solo Game) தனி 
நிைலயி᾿ பகி᾽Ᾰᾐ ெகா῀ளலாΆ. 

1. மாணவ᾽க῀ account உᾞவாᾰகᾷ ேதைவயி᾿ைல join.quizziz.com எᾹற 
இைணயᾺபᾰகᾷதிιᾁᾲ ெசᾹᾠ ேநரᾊயாகேவ ᾗதிைர Game pin எᾹற எᾶைணᾰ 
ெகாᾶᾌ ᾗதி᾽ விைளயா᾵ைட ேநரᾊயாக வᾁᾺபைறயி᾿ ேமιெகா῀ளலாΆ. 

2. Homework, அதாவᾐ ᾪ᾵ᾌᾺபாட வசதிᾰᾁ ஆசிாிய᾽ virtual classroom ஒᾹறிைன 
அைமᾷத᾿ அவசியΆ. மாணவ᾽க῀ விைளயா᾵ᾌᾺ ᾗதிைர ᾪ᾵ᾌᾺபாடமாக 
ேமιெகா῀வதιᾁ மாணவ᾽களிᾹ ெதாᾁᾰகᾺப᾵ட மிᾹனᾴச᾿ ᾙகவாிக῀ 
ேதைவᾺபᾌΆ. மாணவ᾽களிᾹ google gmail account ைவᾷᾐ Google classroom 
அ᾿லᾐ google அ᾿லாத மιற மிᾹனᾴச᾿ ᾙகவாிைய ைவᾷᾐ new classroom 

எᾌᾷᾐᾰகா᾵ᾌ 
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ஒᾹறிைனᾜΆ ஆசிாியர அைமᾰகலாΆ. பிᾹ உᾞவாᾰகᾺப᾵ட வᾁᾺபைற வாயிலாக 
மாணவ᾽கᾦᾰᾁ எளிதாகᾺ ᾗதி᾽ விைளயா᾵ைட assign ெசᾼயலாΆ. 

மாணவ᾽க῀ ᾪ᾵ᾊ᾿ இᾞᾸதபᾊேய வசதியாகᾷ தᾱகளிᾹ கணினி, மᾊᾰ கணினி 
அ᾿லᾐ திறᾹேபசியிᾹ வழி ஆசிாிய᾽ பகி᾽Ᾰᾐெகாᾶட விைளயா᾵ைடᾺ பா᾽ைவயி᾵ᾌᾺ 
ᾗதி᾽ விைளயா᾵ைட நிைறᾫ ெசᾼயலாΆ  ஆசிாிய᾽ மாணவாிᾹ ெசயιபா᾵ைட 
Report,அதாவᾐ தரᾫக῀ வாயிலாகᾰ கᾶகாணிᾰகலாΆ.இᾸதᾷ தரᾫகைள ஆசிாியேராᾌ 
ெபιேறாᾞΆ கᾶகாணிᾷᾐ தᾱகளிᾹ பி῀ைளகளிᾹ கιற᾿ அைடᾫகைளᾺ பா᾽ைவயி᾵ᾌᾰ 
கᾞᾷᾐ ெதாிவிᾰகலாΆ. 

சவா᾿கᾦΆ தீ᾽ᾫகᾦΆ 

இΆெமᾹெபாᾞைளᾺ பயᾹபᾌᾷᾐவᾐ மிகᾫΆ எளிᾐ. ஆதலா᾿ எதி᾽ெகாᾶட பிரᾲசிைனக῀ 
ெவᾁசிலேவ. அைனᾷᾐ மாணவ᾽களிடᾙΆ திறᾹ ேபசிக῀ உ῀ளதா᾿ மாணவ᾽க῀ வᾁᾺபி᾿ 
இῂவிைளயா᾵ைட ேமιெகா῀ᾦΆேபாᾐ தᾱகளிᾹ திறᾹ ேபசிகைளᾺ பயᾹபᾌᾷதின᾽. 
விைளயா᾵ᾌ ᾙைறயி᾿ ேக῀விகᾦᾰகான பதி᾿கைளᾷ ெதாிᾫக῀ அைமᾺᾗ ᾙைறயி᾿ 
கᾶடறிᾸதன᾽. விைளயா᾵ᾊᾹ ᾙᾊவி᾿ மாணவ᾽க῀ தᾱக῀ சக மாணவ᾽கᾦடᾹ ேச᾽Ᾰᾐ 
ெபιற ᾗ῀ளிகைள ஒᾺபிட ᾙᾊᾸதᾐ. இᾐ நிᾲசயமாக மகி῁ᾬ᾵ᾌΆ கιற᾿ கιபிᾷதᾤᾰᾁ 
வழிெசᾼகிᾹறᾐ. இᾞᾺபிᾔΆ மாணவ᾽கᾦᾰகாக இῂவிைளயா᾵ᾌ இைணயᾷதளᾷதி᾿ 
ேக῀விகைளᾷ ெதாிᾫக῀ வᾊவைமᾺபி᾿ ம᾵ᾌேம தயாாிᾰக ᾙᾊᾜΆ. மாணவ᾽க῀ தᾱகளிᾹ 
விைடகைளᾷ த᾵டᾲᾆ ெசᾼய இயலாᾐ. 

இῂவாறாக, விைளயா᾵ᾌ வழியி᾿, கணினி மιᾠΆ திறᾹ ேபசி வாயிலாக எᾱக῀ 
ப῀ளியி᾿ உ῀ள தமி῁ ஆசிாிய᾽க῀ ம᾵ᾌம᾿லாᾐ மιற ெமாழி ஆசிாிய᾽கᾦΆ ᾁவிசிῄ 
இைணயᾺ பᾰகᾷதிைனᾰ கιற᾿ கιபிᾷதᾤᾰᾁΆ மதிᾺᾖ᾵ᾊιᾁΆ பயᾹபᾌᾷதிᾷ தᾱகளᾐ 
கιற᾿ கιபிᾷத᾿ ேநாᾰகᾱகைளᾺ பᾊᾺபᾊயாக நிைறேவιறி வᾞகிறா᾽க῀. 

ᾙᾊᾫைர 
தாᾼெமாழி வாᾨΆ ெமாழியாகᾷ திகழ மாணவ᾽க῀ ெமாழிையᾷ திறΆபட பயᾹபᾌᾷத 
ேவᾶᾌΆ. இᾐ மாணவ᾽க῀ தமி῁ ெமாழிைய ஆ᾽வᾷᾐடᾹ கιறாெலாழிய சாᾷதியமி᾿ைல. 
ெமாழியிᾹ மீᾐ ஆ᾽வᾷைத வள᾽ᾰக ᾁவிசிῄ இைணயᾺ பᾰகᾷதிைனᾺ கணினிᾷ 
ᾐைணᾰகᾞவியாகᾺ பயᾹபᾌᾷᾐகிᾹறன᾽, அᾸத வைகயி᾿  ᾁவிசிῄ ஓ᾽ அᾞைமயான 
தகவ᾿ ெதாழி᾿ᾒ᾵ப ᾐைணᾰகᾞவியாக அைமகிறᾐ எனி᾿ அᾐ ெவ῀ளிைடமைல. 
மாணவ᾽களிᾹ கιற᾿ அைடᾫ நிைலகைளᾰ கᾶடறிᾸᾐ மதிᾺபிᾌ ெசᾼவதιᾁΆ, கιற᾿ 
ேநாᾰகᾱகைள மீ῀பா᾽ைவ ெசᾼவதιᾁΆ, ᾂᾊᾰகιபதιᾁΆ ᾆயமாகᾰ கιபதιᾁமான 
வாᾼᾺᾗகைள உᾞவாᾰகிᾷ தᾞΆ ᾁவிசிῄ இைணயᾷதளΆ, தமி῁ கιற᾿ கιபிᾷதᾢ᾿ ஒᾞ 
ைம᾿க᾿ எᾹபᾐ திᾶணΆ. ᾁவிசிῄ இைணயᾷதளΆ ஆகெமாᾷதᾷதி᾿, ᾁவிசிῄ 
இைணயᾷதளᾷதிᾹ பயᾹபா᾵ைட ஆசிாிய᾽ மιᾠΆ மாணவ᾽ நிைலயி᾿ மதிᾺᾖᾌ ெசᾼதா᾿, 
10-ᾷதிιᾁ 8 ந᾵சᾷதிரᾱக῀ வழᾱகலாΆ. 
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ᾙைறசாரா மதிᾺᾖ᾵ைடᾷ தகவ᾿ ெதாழி᾿ᾒ᾵பᾷᾐடᾹ 
ஒᾞᾱகிைணᾷᾐᾷ தமி῁ᾰ கιற᾿, கιபிᾷதᾤᾰᾁᾺ பயᾹபᾌᾷᾐத᾿  

ெச மதிவாணᾹ – விᾰேடாாியா ப῀ளி, 

மா அ᾽ᾲᾆனᾹ – ெசயிᾶ᾵ ேப᾵ாிᾰῄ ப῀ளி, சிᾱகᾺᾘ᾽ 

Abstract. சிᾱகᾺᾘ᾽Ὰ ப῀ளிகளி᾿ தமி῁ெமாழி இரᾶடாΆ ெமாழியாகᾰ கιபிᾰகᾺபᾌகிறᾐ. 
ப᾿ᾢன சᾚகᾺ பிᾹᾗலᾷதிᾢᾞᾸᾐ வᾞΆ மாணவ᾽க῀ தமி῁ெமாழிைய வᾁᾺபைறகளி᾿ ம᾵ᾌேம 
பயᾹபᾌᾷᾐகிᾹறன᾽. ெபᾞΆபாலான மாணவ᾽க῀ ᾪ᾵ᾌᾲ ᾇழᾢ᾿ தᾱக῀ தாᾼெமாழியான 
தமிைழᾺ ேபᾆவதி᾿ைல. இதιᾁᾺ ப᾿ேவᾠ ᾇழ᾿க῀ காரணᾱகளாக இᾞᾰகிᾹறன. 
இΆமாணவ᾽கᾦᾰᾁ ெமாழிᾺபாடᾷைதᾰ கιபிᾰᾁΆ தமிழாசிாிய᾽க῀ அவ᾽களிᾹ ெமாழிᾷ 
திறᾹகைள (ேக᾵ட᾿, ேபᾆத᾿, வாசிᾷத᾿, எᾨᾐத᾿) ேமΆபᾌᾷᾐவᾐடᾹ தமி῁ெமாழியிᾹபா᾿ 

ஆ᾽வᾷைத ஏιபᾌᾷᾐΆ வைகயி᾿ கιபிᾷத᾿ நடவᾊᾰைககைள ேமιெகாᾶᾌ வᾞகிறா᾽க῀. 
ஆசிாிய᾽க῀ இᾷதைகயᾰ கιற᾿ கιபிᾷத᾿ நடவᾊᾰைககைள ேமιெகா῀வதιᾁᾷ தகவ᾿ 
ெதாழி᾿ᾒ᾵ப வளᾱக῀ ேபᾞதவி ᾗாிகிᾹறன. அᾷதைகய வளᾱகᾦ῀ ஒᾹறான காஹூ᾵ 
(Kahoot – Game based learning tool) எᾹற விைளயா᾵ᾌ அᾊᾺபைடயிலான கιற᾿ தளΆ 

ᾙைறசாரா மதிᾺᾖ᾵ᾌ ᾙைறகைள ெசய᾿பᾌᾷᾐΆ வᾶணΆ வᾊவைமᾰகᾺப᾵ᾌ῀ளᾐ. இதைன 
எᾱக῀ ப῀ளிகளி᾿ தமி῁ெமாழிᾰ கιற᾿ கιபிᾷதᾤᾰகாக எᾺபᾊᾺ பயᾹபᾌᾷதிேனாΆ 
எᾹபைதᾰ ᾁறிᾷத பகி᾽வாக இᾰக᾵ᾌைர அைமகிறᾐ.  

ᾙைறசாரா மதிᾺᾖᾌ 

“ᾙைறசா᾽Ᾰத மதிᾺᾖᾌ (Summative assessment) எᾹபᾐ கιறைல மதிᾺபிᾌதலாᾁΆ. ᾙைறசாரா 
மதிᾺᾖᾌ (Formative assessment) எᾹபᾐ கιறᾤᾰகான மதிᾺᾖடாᾁΆ. இῂவிரᾶᾌ மதிᾺᾖ᾵ᾌ 
ᾙைறகைளᾜΆ சமᾲசீராகᾺ பயᾹபᾌᾷᾐΆேபாᾐ மதிᾺᾖᾌ அ᾽ᾷதᾙ῀ளதாக அைமகிறᾐ. சிᾱகᾺᾘ᾽ 
உய᾽நிைலᾺப῀ளிகளி᾿ ᾙைறசாரா, ᾙைறசா᾽Ᾰத மதிᾺᾖ᾵ᾌகளிᾹ வழி வாசிᾷத᾿, ேக᾵ட᾿, 
ேபᾆத᾿, எᾨᾐத᾿ திறᾹகைள ேமΆபᾌᾷத உதᾫΆ வைகயி᾿ மதிᾺᾖᾌ அைமகிறᾐ”[1]. “கιற᾿ 
கιபிᾷதᾢ᾿ ஒᾞ ᾙᾰகிய ᾂறாக விளᾱᾁவᾐ மதிᾺᾖᾌ ஆᾁΆ. அதி᾿ ᾙைறசாரா மதிᾺᾖ᾵ᾊᾹ பᾱᾁ 
ᾙᾰகிய இடᾷைதᾺ ெபᾠகிறᾐ. ᾙைறசாரா மதிᾺᾖᾌ வᾁᾺபைறயி᾿ எ᾿லா ேநரᾱகளிᾤΆ 
நைடெபᾠவேதாᾌ, கιற᾿ கιபிᾷதேலாᾌΆ ஒᾹறிᾺ ேபாᾼவிᾌகிறᾐ. ᾙைறசாரா மதிᾺᾖᾌ, 
கιᾠᾤᾰᾁᾷ ᾐைணᾗாிவேதாᾌ மாணவ᾽களிᾹ கιற᾿ வள᾽ᾲசி, கιறைலᾺ பιறிய விᾨமியᾱக῀, 
சாதகமான மனᾺேபாᾰᾁ ᾙதᾢயவιறிιᾁΆ விᾷதிᾌகிறᾐ”[2]. சிᾱகᾺᾘ᾽ மாணவ᾽களிைடேய 
தமி῁ெமாழிᾰ கιற᾿ கιபிᾷதᾢ᾿ சாதகமான மனᾺேபாᾰைக உᾞவாᾰᾁவதιᾁ இᾸத ᾙைறசாரா 
மதிᾺᾖᾌ ெபாிᾐΆ உதᾫகிறᾐ.  

காஹூ᾵ -  Kahoot (https://kahoot.com)  

“ெதாழி᾿ᾒ᾵பᾷதிᾹ உதவிேயாᾌ விைளயா᾵ᾌ அᾊᾺபைடயிலான கιற᾿, கιபிᾷத᾿ ᾙைறகைளᾺ 
பயᾹபᾌᾷᾐவᾐ ெதாட᾽பான ஆ᾽வநிைல இᾹᾠ க᾿வியாள᾽களிைடேய மிகᾫΆ ெச᾿வாᾰᾁ 
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ெபιᾠ வᾞகிறᾐ. க᾿வி சா᾽Ᾰத ெதாழி᾿ᾒ᾵ப விைளயா᾵ᾌக῀ வᾁᾺபைறᾺ பாடᾱகளி᾿ 
மாணவ᾽களிᾹ ஆ᾽வநிைலைய அதிகாிᾺபேதாᾌ அதைனᾷ தᾰகைவᾰகᾫΆ உதᾫகிறᾐ. 
இைணயᾷதி᾿ இᾹᾠ க᾿வியாள᾽கᾦᾰகாகᾫΆ மாணவ᾽கᾦᾰகாகᾫΆ பலதரᾺப᾵ட விைளயா᾵ᾌ 
வழிᾰ கιற᾿ தளᾱக῀ உ῀ளன. அவιᾠ῀ ஒᾹறான காஹூ᾵ (Kahoot), வᾁᾺபைறᾰ கιற᾿ 
கιபிᾷதᾢ᾿ ெபாᾞᾷதமாகᾺ பயᾹபᾌᾷதᾺபᾌΆேபாᾐ அᾐ மாணவ᾽களிᾹ ஆ᾽வநிைலைய 
அதிகாிᾺபேதாᾌ அவ᾽களᾐ கιறைலᾜΆ ேமΆபᾌᾷᾐகிறᾐ”[3]. இதிᾤ῀ள கιற᾿ விைளயா᾵ᾌக῀ 
‘காஹூ᾵ῄ’ (Kahoots) எனᾺபᾌகிᾹறன. காஹூ᾵ தளᾷதிᾹ வᾊவைமᾺᾗ ᾙைறசாரா மதிᾺᾖ᾵ᾌ 
ᾙைறகைளᾺ பயᾹபᾌᾷᾐவதιᾁ ஏᾐவாக அைமᾰகᾺப᾵ᾊᾞᾺபதா᾿ அᾐ மாணவ᾽களிᾹ 
கιறைலᾲ ேசாதிᾺபதιᾁᾺ ெபாிᾐΆ உதᾫகிᾹறᾐ. மாணவ᾽க῀, மரபா᾽Ᾰத வᾁᾺபைறᾰ கιற᾿ 
நடவᾊᾰைககளிᾢᾞᾸᾐ விᾌப᾵ᾌ உιசாகᾷᾐடᾹ கιறᾢ᾿ ஈᾌபட இᾷதளΆ வழிவᾁᾰகிறᾐ.  

“காஹூ᾵ தளᾷதிᾹ வᾊவைமᾺᾗ ஒᾞ சᾚகமாக இைணᾸᾐ கιபதιᾁᾷ ᾐைணᾗாிவதாக 
இᾞᾰகிறᾐ. அதாவᾐ, மாணவ᾽க῀ ஒᾞ ᾁᾨவாக ஒᾹறிைணᾸᾐ கιபதιᾁΆ தனிநிைலயி᾿ 
கιபதιᾁΆ ஏιறதாக இதᾹ வᾊவைமᾺᾗ அைமᾸᾐ῀ளᾐ. ேமᾤΆ, இதᾔைடய விைளயா᾵ᾌ 
அைமᾺᾗᾙைற ஆ᾽வᾚ᾵ᾌΆ வைகயிᾤΆ பயனீ᾵டாள᾽ எளிதாகᾺ பயᾹபᾌᾷᾐΆ வைகயிᾤΆ 
(User friendly) உᾞவாᾰகᾺப᾵ᾊᾞᾰகிறᾐ. இᾸதᾰ கιற᾿ தளᾷைதᾺ பயᾹபᾌᾷᾐேவா᾽ திைரயி᾿ 
ெதாிᾜΆ Game Pin ᾚலΆ ஆசிாிய᾽ ேசாதிᾰக விᾞΆᾗΆ பᾁதிᾰகானᾺ பᾰகᾷதி᾿ ஒᾹறிைணவ᾽. 
ஆசிாிய᾽, தாᾹ கιபிᾷத பாடΆ ெதாட᾽பாக ஏιகனேவ உᾞவாᾰகி ைவᾷதிᾞᾰᾁΆ வினாᾰகைளᾰ 
காஹூ᾵ தளᾷதி᾿ உ῀ள Quiz அைமᾺபிேலா அ᾿லᾐ Jumbled அைமᾺபிேலா உ῀ளீᾌ ெசᾼᾐ 
மாணவ᾽கைளᾲ ேசாதிᾰகலாΆ. மாணவ᾽க῀ தᾱக῀ ைகᾷெதாைலேபசிகளிᾹ வழியாக அதιகான 
விைடகைள உ῀ளீᾌ ெசᾼவ᾽. சாியான பதி᾿கᾦᾰᾁ உடᾔᾰᾁடᾹ ᾗ῀ளிக῀ வழᾱகᾺபᾌΆ. 
ேமᾤΆ மாணவ᾽க῀ தᾱக῀ விைடக῀ சாியானைவதானா எᾹபைத ஒῂெவாᾞ வினாவிᾹ 
ᾙᾊவிᾤΆ ெகாᾌᾰகᾺபᾌΆ சாியான விைடகைளᾰ ெகாᾶᾌΆ அவ᾽கᾦᾰᾁᾰ கிைடᾰᾁΆ ᾗ῀ளிக῀ 
ᾚலᾙΆ உடᾔᾰᾁடᾹ அறிவ᾽. ஒῂெவாᾞ வினாவிᾹ ᾙᾊவிᾤΆ மாணவ᾽க῀ எᾸத நிைலயி᾿ 
உ῀ளன᾽ எᾹற தரவாிைசையᾜΆ திைரயி᾿ காᾶப᾽”[4].    

ᾙைறசாரா மதிᾺᾖᾌΆ காஹூ᾵ᾌΆ 

“ᾙைறசாரா மதிᾺᾖᾌ – கιறᾤᾰகான மதிᾺᾖᾌ, மாணவ᾽களிᾹ கιறᾤᾰᾁᾷ ᾐைணᾗாிய வ᾿லᾐ. 
இᾐ மாணவ᾽க῀ கιற᾿ ᾁறிᾰேகா῀கைள அைடய உதᾫகிறᾐ. கιபிᾷதேலாᾌ பிᾹனிᾺ பிைணᾸத 
ஒᾞ ெசயιபாடாகᾫΆ எ᾿லா ேநரᾱகளிᾤΆ பயᾹபᾌᾷதᾰ ᾂᾊயதாகᾫΆ உ῀ளᾐ. இῂவைக 
மதிᾺᾖᾌ நிக῁வதιᾁᾰ கιபவைர ைமயமாகᾰ ெகாᾶட அᾎᾁᾙைற ேதைவᾺபᾌகிறᾐ”[1]. 
காஹூ᾵ – விைளயா᾵ᾌவழிᾰ கιற᾿ தளΆ, இῂவைக அᾎᾁᾙைறையᾲ ெசய᾿பᾌᾷᾐவதιᾁ 
ஏιற ஒᾞ தளமாக விளᾱᾁகிறᾐ.  

ᾙைறசாரா மதிᾺᾖ᾵ᾌ ᾙைற மாணவ᾽கᾦᾰᾁ அᾲசᾷைத ஏιபᾌᾷதாᾐ எᾹபதா᾿ 
ெமாழிᾺபாடΆ கιறᾢ᾿ ᾙைறசாரா மதிᾺᾖ᾵ᾌ ᾙைறகைள எᾱக῀ தமி῁ வᾁᾺᾗகளி᾿ 
பிᾹபιᾠகிேறாΆ. இᾹைறய மாணவ᾽க῀ தகவ᾿ெதாழி᾿ᾒ᾵ப வளᾱகᾦடᾹ 
ெதாட᾽ᾗபᾌᾷதᾺப᾵ட பாடᾱகைள ஆ᾽வᾷᾐடᾹ கιபதா᾿ அவ᾽கᾦᾰᾁᾷ ெதாிᾸத வழியி᾿ ெசᾹᾠ 
ெதாியாதைதᾰ கιᾠᾰெகாᾌᾰக எᾌᾰᾁΆ ᾙயιசியாகேவ இᾸத ᾙைறைய நாᾱக῀ அᾎகிேனாΆ. 
இதιᾁ ᾙைறசாரா மதிᾺᾖ᾵ᾌ ᾙைறைய உ῀ளடᾰகிய விைளயா᾵ᾌ வழிᾰ கιற᾿ தளமான 
காஹூ᾵ எᾱகᾦᾰᾁᾺ ெபாிᾐΆ ைகெகாᾌᾷதᾐ.  
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அகᾹற வாசிᾺᾗ (Extensive Reading) – மாணவ᾽கைள ஊᾰகᾺபᾌᾷத உதவிய 
காஹூ᾵: 

இᾹைறய நᾪன ெதாழி᾿ᾒ᾵பΆ சா᾽Ᾰத உலகி᾿ வாசிᾺᾗᾺபழᾰகΆ ெபாᾐவாக அைனᾷᾐᾷ 
தரᾺபினாிடᾙΆ ᾁைறᾸᾐ வᾞகிறᾐ எᾹபᾐ வᾞᾷதᾷதிιᾁாிய ஒᾞ ெசᾼதியாᾁΆ. இᾺபᾊயிᾞᾰக 
பᾹெமாழிᾲᾇழᾢ᾿ தமிைழ இரᾶடாΆ ெமாழியாகᾺ பயிᾤΆ மாணவ᾽களᾐ வாசிᾺᾗᾺபழᾰகΆ 
பιறி நாᾱக῀ ᾂறேவᾶᾊய அவசியΆ இ᾿ைல. வாசிᾺᾗᾺ பழᾰகΆ மிகᾫΆ ᾙᾰகியΆ; எனேவ, 

மாணவ᾽கᾦᾰᾁ வாசிᾺபி᾿ ஆ᾽வᾷைத ஏιபᾌᾷத ᾙதᾢ᾿ அவ᾽கᾦᾰᾁ ஊᾰᾁவிᾺᾗ மிகᾫΆ 
அவசியமாக இᾞᾸதᾐ. “ஒᾞ பாடᾷைத விைளயா᾵ᾌவழி கιᾁΆேபாᾐ அᾺபாடᾷதிᾹ மீதான 

மாணவ᾽களᾐ ஊᾰகநிைல அதிகாிᾰகாிᾰகிறᾐ”[5]. ேமᾤΆ, “விைளயா᾵ᾌவழிᾰ கιற᾿ ஆசிாியைர 

ைமயமாகᾰ ெகாᾶட மரபா᾽Ᾰத வᾁᾺபைறᾲ ᾇழᾢ᾿ இᾞᾸᾐ மாணவ᾽கைள ைமயமாகᾰ ெகாᾶட 
வᾁᾺபைறᾲ ᾇழலாக மாᾠகிறᾐ”[6]. இதைனᾰ கᾞᾷதிιெகாᾶᾌ காஹூ᾵ – விைளயா᾵ᾌவழிᾰ 

கιற᾿ தளᾷதிᾹவழி நாᾱக῀ மாணவ᾽களிைடேய வாசிᾺᾗᾺபழᾰகᾷைத ஊᾰᾁவிᾺபதιᾁ 
ேமιெகாᾶட ᾙயιசியிைன விளᾰᾁகிேறாΆ.   

சிᾱகᾺᾘ᾽Ὰ ப῀ளிகளி᾿ உய᾽நிைல மாணவ᾽கᾦᾰᾁ ஒῂெவாᾞ பாடᾷதிᾹ ᾙᾊவிᾤΆ 
கைதᾺபᾁதி ஒᾹᾠ அகᾹறவாசிᾺᾗᾺ பᾁதியாகᾺ பாடᾷதி᾵டᾷதி᾿ ெகாᾌᾰகᾺப᾵ᾌ῀ளᾐ. 
மாணவ᾽க῀ கைதகைள அவ᾽களாக வாசிᾺபதி᾿ைல; ஆசிாிய᾽களிᾹ வιᾗᾠᾷதᾢனாᾤΆ 

பயிιசிᾓᾢ᾿ உ῀ள பயிιசிையᾲ ெசᾼவதιகாகᾫΆ ம᾵ᾌேம வாசிᾺப᾽. இᾺபᾊ வாசிᾺபᾐ 
அவ᾽களᾐ ஆ᾽வநிைலைய எῂவிதᾷதிᾤΆ ᾑᾶடவி᾿ைல எᾹபைத உண᾽ᾸேதாΆ. இைத ேவᾠ 
எᾺபᾊᾲ ெசᾼயலாΆ எᾹᾠ சிᾸதிᾷதேபாᾐ வாசிᾷதᾺ பᾁதிகைள ᾙைறசாரா மதிᾺᾖ᾵ᾌᾰᾁ 
உ᾵பᾌᾷᾐவᾐ எᾹᾠ ᾙᾊெவᾌᾰகᾺப᾵டᾐ. அΆமதிᾺᾖᾌ அவ᾽களᾐ ஆ᾽வᾷைதᾷ ᾑᾶᾌΆ 
வᾶணΆ அைமவᾐ ᾙᾰகியΆ எᾹபᾐΆ கᾞᾷதி᾿ ெகா῀ளᾺப᾵டᾐ. 

உய᾽நிைல 1 மιᾠΆ 2 ஆகிய வᾁᾺᾗகளி᾿ உய᾽தமி῁ பயிᾤΆ மாணவ᾽கைள 

இᾷதி᾵டᾷதி᾿ ஈᾌபᾌᾷதிேனாΆ. ஜூᾹ மாத விᾌᾙைறயி᾿ மாணவ᾽க῀ “வாᾨΆ ெமாழி வாᾨΆ 

மரᾗ” எᾹற ᾓைலᾺ பᾊᾷᾐவᾞமாᾠ அறிᾫᾠᾷதிேனாΆ. ப῀ளி திறᾸதᾐΆ அதி᾿ வினாᾊவினா 

நடᾷதᾺபᾌΆ எᾹᾠΆ ᾙத᾿ ᾚᾹᾠ நிைலயி᾿ வᾞபவ᾽கᾦᾰᾁᾺ பாிᾆக῀ வழᾱகᾺபᾌΆ எᾹᾠ 
மாணவ᾽கைள ஊᾰᾁவிᾰᾁΆ விதமாக அறிவிᾷேதாΆ. இῂவினாᾊவினாைவ விைளயா᾵ᾌவழிᾰ 
கιற᾿ தளமாக காஹூ᾵ வழி நடᾷᾐவᾐ என தீ᾽மானிᾰகᾺப᾵ᾌ, அதιகான வினாᾰகைள 

உᾞவாᾰகிேனாΆ.  

ஜூᾹ மாத விᾌᾙைற ᾙᾊᾸᾐ வᾸத மாணவ᾽க῀ இᾸத ᾙைறசாரா மதிᾺᾖᾌ – வினாᾊ 

வினா அᾱகᾷதி᾿ மிᾁᾸத ஆ᾽வᾷᾐடᾹ பᾱெகᾌᾷதன᾽. ᾙத᾿ ᾚᾹᾠ நிைலயி᾿ யா᾽ வᾞவᾐ 
எᾹபதி᾿ மிᾁᾸத ேபா᾵ᾊ இᾞᾸதைத உணர ᾙᾊᾸதᾐ. மாணவ᾽களிைடேய இᾸத ஆ᾽வᾷைத 
ஏιபᾌᾷᾐவதιெகன நாᾱக῀ ேத᾽Ᾰெதᾌᾷத காஹூ᾵ வினாᾊ வினா அᾱகΆ மாணவ᾽களிைடேய 
ெபᾞΆ வரேவιைபᾺ ெபιறᾐ. 

இதைனᾷ ெதாட᾽Ᾰᾐ பாடᾷதி᾵டᾷதி᾿ ெகாᾌᾰகᾺப᾵ᾌ῀ள அகᾹற வாசிᾺᾗᾺ பᾁதிைய 
இΆᾙைறயி᾿ மாணவ᾽கைள வாசிᾰகᾲ ெசᾼᾐ வᾞகிேறாΆ. இதிᾤΆ மாணவ᾽கᾦᾰᾁᾺ ᾗறΆசா᾽Ᾰத 
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ஊᾰᾁவிᾺᾗ ேதைவᾺப᾵டᾐ. ஒᾞ பயிιசி ᾓᾢ᾿ 5 ᾙத᾿ 6 கைதக῀ இᾞᾰᾁΆ. ஒῂெவாᾞ வாரᾙΆ 

ஒᾞ கைதைய மாணவ᾽க῀ பᾊᾷᾐ வᾞவ᾽. அῂவாரᾷதி᾿ வᾞΆ ᾙத᾿ தமி῁ வᾁᾺபி᾿ ஆசிாிய᾽ 
அῂவாரᾰ கைதᾰகான வினாᾊவினாைவ காஹூ᾵ வழி நடᾷதி ᾙத᾿ ᾚᾹᾠ நிைலயி᾿ வᾞΆ 
மாணவ᾽களிᾹ ெபய᾽கைளᾰ ᾁறிᾷᾐᾰெகா῀வா᾽. இᾺபᾊேய அᾺபயிιசிᾓᾢ᾿ உ῀ள கைதக῀ 
அைனᾷைதᾜΆ மாணவ᾽க῀ பᾊᾷᾐ ᾙᾊᾺப᾽; அᾰகைதகைள மாணவ᾽க῀ ᾗாிᾸᾐெகாᾶᾌ 

வாசிᾷதா᾽களா எᾹபைத அறிய காஹூ᾵ வழி நடᾷதᾺபᾌΆ வினாᾊவினாவிᾤΆ ஈᾌபᾌவ᾽. 
எ᾿லாᾰ கைதகளிᾤΆ சிறᾺபாகᾲ ெசᾼத மாணவ᾽களிᾹ ெபய᾽கைள ஆசிாிய᾽க῀ ᾁறிᾷᾐ 
ைவᾷதிᾞᾺபா᾽. ஒῂெவாᾞ பᾞவᾷதிᾹ இᾠதியிᾤΆ ᾙத᾿ ᾚᾹᾠ நிைலயி᾿ வᾸத மாணவ᾽கᾦᾰᾁᾺ 
பாிᾆக῀ வழᾱகᾺப᾵ᾌ ஊᾰᾁவிᾰகᾺப᾵டன᾽.  

 இῂவாᾠ மாணவ᾽க῀ அகᾹற வாசிᾺᾗᾺ பᾁதியி᾿ வாசிᾷத கைதகைள ᾙைறசாரா 
மதிᾺᾖ᾵ᾌᾰᾁ உ᾵பᾌᾷதி அவιைறᾷ தகவ᾿ ெதாழி᾿ᾒ᾵ப கᾞவிகளிᾹ வாயிலாகᾲ ேசாதிᾷதா᾿ 
மாணவ᾽களிடΆ ᾙதᾢ᾿ ᾗறΆசா᾽Ᾰத ஊᾰᾁவிᾺைபᾜΆ (Extrinsic motivation) பிறᾁ அகΆசா᾽Ᾰத 

ஊᾰᾁவிᾺைபᾜΆ (Intrinsic motivation) ஏιபᾌᾷத ᾙᾊᾜΆ எᾹற ேநாᾰகᾷᾐடᾹ நாᾱக῀ எᾱக῀ 

ப῀ளிகளி᾿ இΆᾙயιசிையᾲ ெசᾼᾐ வᾞகிேறாΆ. எᾱகளிᾹ அᾌᾷத க᾵ட ᾙயιசியாக பலதரᾺப᾵ட 
வாசிᾺᾗகைள மாணவ᾽களிைடேய அறிᾙகᾺபᾌᾷதவிᾞᾰகிேறாΆ. தமிழி᾿ வாசிᾺᾗᾺ பழᾰகᾷைத 
எᾱக῀ மாணவ᾽க῀ ைகᾰெகாᾶᾌ பயᾹெபறேவᾶᾌΆ. அதιகாக நாᾱக῀ ெதாடᾱகிய 
ᾗறΆசா᾽Ᾰத ஊᾰᾁவிᾺᾗ ெதாடᾞΆ. அᾐ அவ᾽களிைடேய அகΆசா᾽Ᾰத ஊᾰᾁவிᾺபாக மாᾠΆ எᾹற 
நΆபிᾰைகயி᾿ ெசய᾿ப᾵ᾌ வᾞகிேறாΆ.  

மரᾗᾷெதாட᾽க῀ – மகி῁ᾬ᾵ᾌΆ கιறᾤᾰᾁ (Joyful learning) உதவிய காஹூ᾵ 

சிᾱகᾺᾘ᾽ᾷ தாᾼெமாழிᾺ பாடᾷதி᾵ட அைமᾺபி᾿ உ῀ள கᾞᾺெபாᾞ῀கᾦ῀ ஒᾹᾠ மரᾗΆ 
பᾶபாᾌΆ எᾹற ᾂறாᾁΆ. பᾹெமாழிᾲᾇழ᾿, பல இனமᾰக῀ வாᾨΆ சிᾱகᾺᾘாி᾿ மாணவ᾽க῀ 
தாᾼெமாழிையᾰ கιᾁΆ அேத ேவைளயி᾿ தᾷதΆ மரᾗகைள அறிᾸதிᾞᾰகேவᾶᾌΆ; தΆ மரபிᾹ 
ெபᾞைமகைளᾜΆ பᾶபா᾵ᾌᾰ ᾂᾠகைளᾜΆ கιᾠᾰெகா῀ள ேவᾶᾌΆ எᾹற ேநாᾰகᾷதி᾿ 
இᾰகᾞᾺெபாᾞ῀ பாடᾷதி᾵டᾷதி᾿ இடΆெபιᾠ῀ளᾐ. இதைனᾰ கᾞᾷதி᾿ ெகாᾶேட தமி῁ெமாழிᾺ 
பாடᾷதி᾵டᾷதி᾿ மரᾗᾷெதாட᾽க῀, இைணெமாழிக῀ இைணᾰகᾺப᾵ᾌ῀ளன.  

தாᾼெமாழிᾺ ᾗழᾰகேம இ᾿லாத ᾇ῁நிைலயி᾿ இᾞᾸᾐ வᾞΆ மாணவ᾽கᾦᾰᾁ ெமாழிையᾰ 
கιᾠᾰெகாᾌᾺபேத சவலான காாியΆ; அதிᾤΆ, மரᾗᾷெதாட᾽கைளᾰ கιᾠᾰெகாᾌᾷᾐ 
அவ᾽கᾦᾰᾁᾺ ᾗாிய ைவᾺபᾐ எᾹபᾐ இᾹᾔΆ சவாலான காாியΆ ஆᾁΆ. இைதᾰ கᾞᾷதி᾿ 
ெகாᾶᾌ மரᾗᾷெதாட᾽கைளᾰ கιᾠᾰெகாᾌᾰக ஆ᾽வᾚ᾵ᾌΆ வைகயி᾿ நடவᾊᾰைககைள 
அைமᾺபᾐ அவசியமாகᾺப᾵டᾐ.  

இᾱᾁ῀ள மாணவ᾽க῀ தமி῁ெமாழிையᾺ ேபᾆவதி᾿ தயᾰகΆ கா᾵ᾊனாᾤΆ 
தமி῁ᾷதிைரᾺபடᾱகளி᾿ வᾞΆ நைகᾲᾆைவᾰ கா᾵சிகைள விᾞΆபிᾺ பா᾽ᾰகிᾹறன᾽. இைத 
உண᾽Ᾰத நாᾱக῀ மரᾗᾷெதாட᾽கைளᾰ கιᾠᾰெகாᾌᾰக நைகᾲᾆைவᾰ கா᾵சிகைளᾺ 
பயᾹபᾌᾷதலாΆ என ᾙᾊெவᾌᾷேதாΆ. அதைனᾰ காஹூ᾵ – விைளயா᾵ᾌ வழிᾰ கιற᾿ தளᾷதிᾹ 
ᾐைணெகாᾶᾌΆ ᾙைறசாரா மதிᾺᾖ᾵ைடᾜΆ ஒᾞᾱகிைணᾷᾐᾰ கιபிᾷதா᾿ அᾐ மாணவ᾽கᾦᾰᾁ 
மகி῁ᾬ᾵ᾌΆ கιறலாக அைமᾜΆ எᾹபதா᾿ இΆᾙயιசிைய ேமιெகாᾶேடாΆ.  
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காஹூ᾵ᾊᾹ வழி மரᾗᾷெதாட᾽கைளᾰ கιபிᾰக உய᾽நிைல ஒᾹறாΆ வᾁᾺபி᾿ பᾊᾰᾁΆ 
மாணவ᾽க῀ ேத᾽ᾫ ெசᾼயᾺப᾵டன᾽. இதιᾁ ஒᾞ காரணΆ இᾞᾰகிறᾐ. ெதாடᾰகᾺப῀ளியிᾞᾸᾐ 
உய᾽நிைலᾺப῀ளிᾰᾁ வᾞΆ மாணவ᾽க῀ மரᾗᾷெதாட᾽கைள ᾙதᾹᾙதலாகᾺ பᾊᾰகᾷ 
ெதாடᾱᾁகிᾹறன᾽. உய᾽நிைலᾺ ப῀ளியி᾿ ெதாட᾽Ᾰᾐ நாᾹகாᾶᾌக῀ மாணவ᾽க῀ ெவῂேவᾠ 
மரᾗᾷெதாட᾽கைளᾺ பᾊᾰகேவᾶᾌΆ. ஒῂேவாராᾶᾌΆ ᾁைறᾸதᾐ பதிைனᾸᾐ மரᾗᾷெதாட᾽கைள 
மாணவ᾽க῀ கιᾠᾰெகா῀வ᾽. ேமᾤΆ, மரᾗᾷெதாட᾽க῀ ப῀ளி மιᾠΆ ேதசியநிைலᾷ ேத᾽ᾫகளி᾿ 
ேசாதிᾰகᾺபᾌகிᾹறன. அதனா᾿, உய᾽நிைல ஒᾹறாΆ வᾁᾺபிேலேய மரᾗᾷெதாட᾽கைளᾰ 
கιᾠᾰெகா῀வதி᾿ அவ᾽கᾦᾰᾁ῀ ஆ᾽வᾷைத ஏιபᾌᾷதிவி᾵டா᾿ நாᾹகாᾶᾌகᾦΆ அவ᾽க῀ 
மரᾗᾷெதாட᾽கைள விᾞΆபிᾰ கιᾠᾰெகா῀வ᾽. ேமᾤΆ, மரᾗᾷெதாட᾽கைள நΆ ᾙᾹேனா᾽க῀ 
பயᾹபᾌᾷதிய விதᾷைதᾜΆ அதιகானᾺ ெபாᾞைளᾜΆ எளிதாகᾫΆ அறிᾸᾐெகா῀வ᾽ எᾹற 
ேநாᾰகᾷᾐடᾹ இதைன அᾎகிேனாΆ.  

மாணவ᾽கᾦᾰᾁᾷ தமி῁ᾷதிைரᾺபடᾱகளி᾿ வᾞΆ நைகᾲᾆைவᾰ கா᾵சிகᾦᾰᾁᾺ 
ெபாᾞᾷதமான மரᾗᾷெதாடைரᾜΆ அᾸத மரᾗᾷெதாடைரᾲ சாியாகᾺ ᾗாிᾸᾐெகாᾶᾌ ேத᾽Ᾰெதᾌᾰக 
ேமᾤΆ ᾚᾹᾠ ெதாிᾫகᾦΆ காஹூ᾵ விைளயா᾵ᾊᾹ ᾚலΆ ெகாᾌᾰகᾺப᾵டᾐ. மாணவ᾽க῀ 
அᾸதᾰ கா᾵சிையᾷ திைரயி᾿ பா᾽ᾷᾐ அᾱᾁᾰ ெகாᾌᾰகᾺப᾵ᾊᾞᾰᾁΆ ெதாிᾫகளி᾿ சாியான 
விைடையᾷ தᾱக῀ ைகᾷெதாைலேபசி ᾚலΆ உ῀ளீᾌ ெசᾼதன᾽. இதιᾁᾰ கால அளᾫ உᾶᾌ. 
அதιᾁᾷ தᾁᾸதாιேபா᾿ அவ᾽கᾦᾰᾁᾺ ᾗ῀ளிக῀ வழᾱகᾺப᾵டᾐ. வாரᾷதிιᾁ ஒᾞᾙைற 
மரᾗᾷெதாட᾽கைளᾰ கιபிᾺபதιெகன இᾸத காஹூ᾵ வᾁᾺᾗ நடᾷதᾺப᾵டᾐ. மாணவ᾽க῀ 
ஆ᾽வᾷᾐடᾔΆ அேத சமயΆ இைணயᾷதிᾹ வழியாக மிᾁᾸத ஊᾰகᾙடᾔΆ இᾺபயிιசிகைளᾲ 
ெசᾼதன᾽. ஒῂெவாᾞ பாடேவைள இᾠதியிᾤΆ மாணவ᾽க῀ ᾁறிᾺபி᾵ட சில மரᾗᾷெதாட᾽கைளᾰ 
கιᾠᾰெகாᾶடன᾽.  

  கιபிᾷத᾿ நிக῁Ᾰதேபாᾐ மாணவ᾽க῀ மரᾗᾷெதாடைரᾰ கιᾠᾰெகாᾶடேதாᾌ சிᾸதிᾷத᾿ 
திறᾹகளிᾤΆ ேமΆப᾵ᾌ விளᾱகின᾽. ‘ᾙதᾢ᾿ நாᾹ ெசᾼகிேறᾹ, அᾌᾷᾐ நீ ெசᾼ, பிறᾁ நாΆ 

ேச᾽Ᾰᾐ ெசᾼேவாΆ’ எᾹற உᾷதியிᾹ வழி மாணவ᾽க῀ சாியாகᾲ சிᾸதிᾰகᾰ கιᾠᾰெகா῀வᾐடᾹ 

சாியான விைடையᾜΆ கᾶᾌபிᾊᾷதன᾽. ேமᾤΆ ஒῂெவாᾞ மரᾗᾷெதாட᾽கᾦᾰᾁΆ ஆசிாிய᾽ 
ெகாᾌᾰᾁΆ விளᾰகᾱகைள ைவᾷᾐ மாணவ᾽க῀ எளிதாக தᾱக῀ பாரΆபாிய 
பழᾰகவழᾰகᾱகைளᾜΆ பᾶபா᾵ᾌᾰ ᾂᾠகைளᾜΆ கιᾠᾰெகாᾶடன᾽. கιபிᾷத᾿ ேநாᾰகΆ 
எளிதாக நிைறேவᾠவதιᾁᾰ காஹூ᾵ விைளயா᾵ᾊᾹவழிᾰ கιற᾿ மிக எளிதாகᾰ 
ைகெகாᾌᾷதᾐடᾹ மாணவ᾽களிᾹ மகி῁ᾬ᾵ᾌΆ கιறᾤᾰᾁΆ வழிவைக ெசᾼதᾐ.  

இᾹᾠ மாணவ᾽க῀ காஹூ᾵ வᾁᾺைப வாரᾷதிιᾁ இᾞᾙைற நடᾷதᾲ ெசா᾿ᾢ 
வιᾗᾠᾷᾐகிᾹறன᾽. ேமᾤΆ தமி῁ வᾁᾺபிιᾁ மிக ஆ᾽வமாக மாணவ᾽க῀ வᾞவைதᾺ பா᾽ᾰக 
ᾙᾊகிறᾐ. பாடᾷதி᾵டᾷதி᾿ உ῀ள இᾹᾔΆ ேவᾠசில ᾂᾠகைளᾰ காஹூ᾵ᾊᾹவழி 
மாணவ᾽கᾦᾰᾁ ஆ᾽வᾚ᾵ᾌΆ வᾶணΆ கιபிᾰக இயᾤΆ. அᾐ ெதாட᾽பான ᾙயιசிகளி᾿ நாᾱக῀ 
ஈᾌப᾵ᾌ வᾞகிேறாΆ.  

பாிᾸᾐைரக῀ 

•தமிைழ இரᾶடாΆ ெமாழியாக பᾊᾰᾁΆ மாணவ᾽கᾦᾰᾁ ெமாழியிᾹேம᾿ ஆ᾽வᾷைத ஊ᾵ட 

ᾙைறசாரா மதிᾺᾖ᾵ᾌ ᾙைறகைள – கιறᾤᾰகான மதிᾺᾖ᾵ᾌ ᾙைறகைள, இைணய ெதாழி᾿ᾒ᾵ப 

வளᾱகᾦடᾹ ஒᾞᾱகிைணᾷᾐᾰ கιபிᾰகலாΆ.    



137 

 

• தமிழாாிசிய᾽க῀ காஹூ᾵ ேபாᾹᾠ இைணயᾷதி᾿ இலவசமாகᾰ கிைடᾰᾁΆ 

விைளயா᾵ᾌவழிᾰ கιற᾿ தளᾱகைளᾰ தᾱக῀ கιற᾿, கιபிᾷதᾤᾰᾁᾺ பயᾹபᾌᾷதிᾰெகா῀ளலாΆ. 

• உலெகᾱᾁΆ உ῀ள தமிழாசிாிய᾽க῀ காஹூ᾵ – விைளயா᾵ᾌவழிᾰ கιற᾿ தளᾷைத 

பயᾹபᾌᾷதி தமி῁ கιற᾿, கιபிᾷதᾤᾰᾁ என தரமான வளᾱகைள உᾞவாᾰகி அைனவᾞᾰᾁΆ 

பகிரலாΆ. 
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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 ∅ ∅ 
Accusative -ni/-nu -ai 
Dative -ki/-ku -(u)kku/-ku 
Instrumental -tō -āl 
Associative -tō(pāṭu) -ōṭu/uṭaṉ 
Locative -lō/daggara -il/-iṭam 
Ablative -nuMḍi/-nuMci -il iruntu/- iṭam iruntu 
Genitive ∅/-yokka -iṉ/-uṭaiya/-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. rāmuḍui ikkaḍi- ki  vacc- ā- ḍui. 
  Ram.NOM here- DAT  come- PST- 3.SG.M. 
 Ta. rāmaṉi iṅkē  va- nt- āṉi. 
  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. nēnu ī pani  ceyy-a gala-nu  
  I.NOM this work do-INF can-1.SG.  
 Ta. eṉṉ-āl inta vēlai-ai ceyy-a muṭiy-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 cēta `by means of' in 
Telugu and by the accusative case marker in Tamil as shown in (3). 
 

(3) Te. nēnu vāḍi- cēta iMṭi panu- lu cēy- iMc- ā- nu.   
  I.NOM he- by  house.OBL task- PL do- CAUS- PST- 1.SG.   
 Ta. nāṉ avaṉ- ai vīṭṭu vēlai.(y- ai) ceyy- a- vai- tt- ēṉ.  
  I.NOM 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. nēnu vāḍi- ni [rāyi- ni/ maniṣi- ni] cēs- ā- nu.  
  I he- ACC [stone- ACC/ human- ACC do- PST- 1.SG.  
 Ta. nāṉ avaṉ- ai [kal/ maṉitaṉ] ākk- iṉ- ēṉ    
  I 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= “ākku” ‘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. nā-ku vāḍu telusu    
  I-DAT he-NOM know    
 Ta. eṉa-kku avaṉ-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. gōḍa-ku kiṭiki uMdi    
  wall-DAT window.NOM be    
 Ta. cuvaṟṟ-il jaṉṉal uḷḷatu    
  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. ( ([NN]) ([PSP]+[DAT]) ) ! Ta. ( ([NN]+[DAT/GEN]) ([PSP]) ) 
 

 (7) Te. kumāru iMṭi- lōpali-ki veḷḷ- ā- ḍu. 
  Kumar house- Inside-DAT go- PST- 3.SG.M. 
 Ta. kumār vīṭṭ-ukku uḷḷē pō- ṉ- āṉ. 
  Kumar horse-DAT inside go- PST- 3.SG.M. 
  `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. nēnu vāḍi- tō/ -ki ā viṣayaM cepp- ā- nu.    
  I he- INS/ DAT that matter tell- PST- 1.SG.    
 Ta. nāṉ avaṉ- iṭam anta viṣayatt-ai.c co- ṉṉ- ēṉ    
  I he- LOC that matter-ACC tell- PST- 1.SG.    
  ‘I told him the matter'  
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Nouns[+place, +generic] such as akkaḍa ‘there’, ikkaḍa ‘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 uḷḷa ‘to be’  is inserted between nouns as shown in (9). 
 
 

(9) Te. akkaḍi prajalu     
  there.OBL people     
 Ta. aṅk-uḷḷa makkaḷ     
  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. If languages 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. 
 

       
Table (2): Quantification of  Case Divergence between Telugu and Tamil 

 
 

Case Marker
  

Similar  
Functions 

Divergent  
functions 

Divergent Levels Percentage of  
Divergence L1 L2 L3 L4 L5 

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% 
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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 
bidirectional MT systems for giving me an opportunity in building Telugu-Tamil MT systems. 
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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{Qr1, Qr2, Qr3, Qr4}, where Qr1, Qr2, Qr3, Qr4 are the quad portions of the image IM. 

In the tree formation, Root  (IM) and Leaf (IM)  {Qr1, Qr2, Qr3, Qr4}. 

Represented the image (IM) as the root (IM) and the sub-quads (Qr1, Qr2, Qr3, Qr4) as a leaf node of the tree 
as shown in the following figure (figure 2) 
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Figure. 2.  Quad representation in an image 

 

Feature Representation: 
Let, quadrant Qr1 " Sub-root of the root IM in the tree. In the quadrant Qr1, 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 Qr1. If the white 
pixels are found in the quadrant Qr1, then the condition (equation 1) must be 1. 

 

  where,   - (1) 

 
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. 

   - (2) 

where, 

 

 

 
 
Here, N= 8, denoting the eight neighbors of the particular valid pixel and RMi,j, LMi,j, TMi,j and BMi,j 

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 Qr1 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, ., where 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 
( then two points are noted in the right margin (  which are 

perpendicular to the point (  Further, the distance between those locations and marginal 

points are calculated by using equation 3 and 4. 
 

 = X1   – (3) 

= X2  – (4) 

 
If X1 > X1, then a perpendicular line has been drawn between the left margin and the right margin of the 
quadrant (Qr1) towards the point . Else, the line has been drawn towards the point . 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 Qr1. 

If counter=1, then there is only one valid pixel point found with one neighbor ( . So, a perpendicular 
line has been drawn from left margin to right margin towards the point 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 Qr1 
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. 

 
,   - (5) 

where,   

 
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 

, the same procedures that are discussed in condition1 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 Qr1 as shown in figure 3. 
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Figure. 3.  KD Tree representation for Quad 1(Qr1). 

 
Condition 3: Two neighbor pixels. 

If both conditions fail, the following condition (equation 6) is experimented without initializing the counter, 

 
  - (6) 

where, 

 

 
 
This testing, analyses whether any valid pixel locations are available with two neighbors except on each 
border on the quadrant Qr1. If the condition (equation 6) is true, then the two endpoints of the right margin are 
noted (Ti,j, and Bi,j). The mid-point of the margin has been calculated by using those points in equation 7. 

 
 = X3    – (7) 

 
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. 

 
   - (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 . The perpendicular line is 
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 
(Qr1 " 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 (Qr1) and the same has been represented in the tree 
as shown in figure 3. 

Furthermore, the same procedure is applied to the next quadrant (Qr2) 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 Qr2. In the Qr3, 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. 

 

 
Figure 4. KD Tree representation for Quad 2(Qr2) 

 
In the final Quad (Qr4), 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. 

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.  

 

 
 

Figure. 6. KD Tree – extracted from the image IM. 

3.2 Directional Pixel Location 

The character image (IM) subdivided into four equal quads (Qr1, Qr2, Qr3, and Qr4) as discussed in the 
previous section. The following condition (equation 9) is used for finding the midpoint of the image to do the 
same. 

 
    -  (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 (O1_R + 0,  O1_C + 1) and (O1_R – 1,  O1_C + 1), (O1_R – 1,  O1_C + 1) and (O1_R – 1,  
O1_C + 0), (O1_R – 1,  O1_C + 0)  and (O1_R – 1,  O1_C – 1), (O1_R – 1,  O1_C – 1) and (O1_R – 0,  O1_C – 
1), (O1_R – 0,  O1_C – 1) and (O1_R + 1,  O1_C – 1), (O1_R + 1,  O1_C – 1) and (O1_R + 1,  O1_C + 0), 
(O1_R + 1,  O1_C + 0) and (O1_R + 1,  O1_C + 1 in Qr1). The same procedure is continued in all quads (Qr2, 
Qr3, and Qr4) 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, O_C + 1), (O_R – 1, O_C + 
0), (O_R – 0, O_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). 

 
  " O1   - (10) 

  " O2   - (11) 

  " O3   - (12) 

  " O4   - (13) 

 
From each centre point of the quad (O1, O2, O3, O4), eight directions (In quad O1, (O1_R + 0,  O1_C + 1), 
(O1_R – 1,  O1_C + 1), (O1_R – 1,  O1_C + 0), (O1_R – 1,  O1_C – 1), (O1_R – 0,  O1_C – 1), (O1_R + 1,  
O1_C – 1), (O1_R + 1,  O1_C + 0) and (O1_R + 1,  O1_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 Qr1. 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 (Ψ). 

4. Feature Formations 

In the KD Tree Process, 23 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 × 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 Wt X + b, where b is the bias and W is a weight factor. The decision must be in the condition of Wt 
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/||w|| = 2/ .  

So, maximize the marginal division 2/||w|| is equal to minimizing ||w||2 

Based on the Karush Kuhm Tucker Theory, the optimization of SVM is 

 
Yi =  – (14) 

 
Where, k(xi,xk) = xi(k) = exp (-||xi-xk||2 / ), 

(xi,ti) are training data, i = 1,2, …, N 

αi is Lagrange multiplayer 

and, (xi, xk) is Radial basis function xi(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 க series, three set of combination characters (க, ங, ச, 

ஞ, ட, ண, த, ந, ப, ம, ய, ர, ல, வ, ழ, ள, ற, ன, கி, ஙி, சி, ஞி, ᾊ, ணி, தி, நி, பி, மி, யி, ாி, ᾢ, வி, ழி, 

ளி, றி, னி, கீ, ᾃ, சீ, ஞீ, ᾋ, ணீ, தீ, நீ, ᾖ, மீ, ᾛ, ாீ, ᾣ, ᾪ, ழீ, ளீ, றீ, னீ, ᾁ, ᾄ, ᾆ, ᾈ, ᾌ, ᾎ, ᾐ, ᾒ, ᾗ, 

ᾙ, ᾜ, ᾞ, ᾤ, ᾫ, ᾨ, ᾦ, ᾠ, ᾔ அ, ஆ, இ, ஈ, உ, எ, ஏ, ஐ, ஒ, ஓ) 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 (table1). 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 ஒ and ஓ, where numerous numbers of writers are missing the circle on 
the bottom part character ஓ. This algorithm is sensitive to locate this, but sometimes it failed. The same issue 
occurs among characters எ and ஏ. In க series and combinational characters, the failures are as a result of 
personalized writing styles of individual writers. The issues continued highly on the characters ல and வ, the 
main reason behind this is the handwriting style of வ looks like ல. The graph (figure 9) represents the 
resulting discussion of the group G1 

 
Table 1.  Success rate analysis of group1 

Group Character 
set 

Testing 
Samples 

Success 
Rate 1 

Success 
Rate 2 

Success 
Rate 3 

G1 Vowels 100 90.6 92.7 94 

 
க series 100 92.05 94.3 95.1 
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கி to ன/ 100 92.22 94.67 93.5 

கீ to ன1 100 93.94 94.78 93.89 

2 to 3 100 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 
‘ட’, ‘ப’, ‘ழ’, and the same combination with other groups also are providing a success rate well above 95%. 

The characters ண, ணி, ணீ, and ᾎ are successfully recognized here since all samples of these characters 

are independent. Occasionally this series is misclassified with ன since writers write the character ண like ன. 

Table 2.  Success rate analysis of group2 

Group Character 
set 

Testing 
Samples 

Success 
Rate 1 

Success 
Rate 2 

Success 
Rate 3 

G2 

Vowels 100 83.3 82.7 86 

க series 100 85.2 85.67 85.83 

கி to ன$ 100 84.89 84.17 85.06 

கீ to ன& 100 84.06 84.78 84.72 

' to ( 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 தீ, நீ, றீ, தி, நி, றி, because when writers are writing நீ like றீ and நி like றி. A minor 

shape’s location varies on the right top portion of the ற may be confused with ந. Some writers write the 
character தீ like நீ 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 group1 and group2 

Group Character 
set 

Testing 
Samples 

Success 
Rate 1 

Success 
Rate 2 

Success 
Rate 3 

G1 and 
G2 Vowels 200 89.45 88.1 87.85 

 

க series 200 89.72 89.44 88.78 

கி to னி 200 88.28 88.25 87.97 
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கீ to னீ 200 88.5 89.39 89.42 

ᾁ to ᾔ 200 88.89 89.5 89.22 

 

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 

G1 92.88 94.38 94.29 

G2 84.68 84.63 85.56 

G1 and G2 88.92 89.02 88.73 

 

Table 5. Results comparison among the various Tamil handwritech characters recognition works 

Paper Ref Algorithm Used Characters 
Count Results 

Ref –[25] (Rajashekararadhya et al.) Zoning, Neural 
network classifier 10 Nos 96% 

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% 

Ref - [12] (Sigappi et al.) Vertical and word 
profile, HMM Words-40 Nos 90% 

Proposed KD-Tree 
Drectioanl, SVM 82 Nos 88- 89% 
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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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கணினிவழிᾷ தமி῁ கιற᾿ மιᾠΆ கιபிᾷத᾿ ᾁறிᾷதான ஆᾼᾫ 
தகவ᾿ ெதாழி᾿ᾒ᾵பᾷதிᾹ ᾐைணᾜடᾹ ெசᾼதிᾷ தயாாிᾺபி᾿ 

மாணவ᾽கைள ஈᾌபᾌᾷᾐவதᾹவழி இᾞவழிᾰ கᾞᾷᾐᾺபாிமாιறᾷ 
திறைன ேமΆபᾌᾷத᾿ 

திᾞமதி பாῄகரᾹ கᾱகா ᾚᾷத ஆசிாிய᾽, தமி῁ᾷᾐைற, ᾆவா ᾇ காᾱ உய᾽நிைலᾺ 
ப῀ளி, சிᾱகᾺᾘ᾽ 

திᾞ அᾸேதாணி ராᾳ ேஜாசᾺ, தமிழாசிாிய᾽, தமி῁ᾷᾐைற, ᾆவா ᾇ காᾱ உய᾽நிைலᾺ 
ப῀ளி 

ᾙᾹᾔைர 

உ῀ளᾱைகயி᾿ உலகΆ ᾆᾞᾱகிவி᾵டᾐ எᾹᾠ ᾂᾠΆ அளவிιᾁᾷ தகவ᾿ ெதாழி᾿ᾒ᾵பΆ நΆைம 
ஆளᾷ ெதாடᾱகிவி᾵டᾐ ேமᾤΆ,  21- ஆΆ ᾓιறாᾶᾊ᾿ வாᾨΆ மாணவ᾽கᾦΆ மிᾹனிலᾰகவழிᾰ 
கιேபாராக இᾞᾰகிᾹறன᾽ .எனேவ, தகவ᾿ ெதாழி᾿ᾒ᾵பᾷைதᾜΆ மாணவ᾽கைளᾜΆ இைணᾷᾐᾰ 
க᾿வி கιபிᾰக ேவᾶᾊய அவசியΆ இᾹைறய தாᾼெமாழி ஆசிாிய᾽கᾦᾰᾁ உᾶᾌ எᾹᾠ ᾂறினா᾿ 
அᾐ மிைகயᾹᾠ.  சிᾱகᾺᾘ᾽ᾰ க᾿வி அைமᾲᾆ அைனᾷᾐᾺ பாடᾱகளிᾤΆ 21-ஆΆ ᾓιறாᾶᾌᾷ 
திறᾹகைள ஒᾞᾱகிைணᾷᾐᾰ கιபிᾰᾁமாᾠ ஆசிாிய᾽கைள ஊᾰᾁவிᾰகிறᾐ. ேமᾤΆ 
ெதாடᾰகᾺப῀ளியிᾢᾞᾸேத  மாணவ᾽களிᾹ எᾨᾷᾐ வழி, ேபᾲᾆவழி கᾞᾷᾐ பாிமாιறᾷத 
திறᾹகைள வள᾽ᾰᾁΆ வைகயி᾿ 2015 ᾙத᾿ பாடᾷதி᾵டᾱக῀ வᾊவைமᾰகᾺப᾵ᾌ῀ளன .  

மாணவ᾽களிᾹ ேதைவ, ஆ᾽வᾷதிᾹ அᾊᾺபைடயி᾿ எᾱக῀ ப῀ளியி᾿ தாᾼெமாழிᾷ ᾐைற 
தகவ᾿ ெதாட᾽ᾗᾷ ெதாழி᾿ᾒ᾵பᾷதிைன ஒᾞ ᾙᾰகிய கιபிᾷத᾿ கᾞவியாகᾰெகாᾶᾌ 
ேபᾲᾆᾷதிறைன ேமΆபᾌᾷᾐΆ ᾙயιசியி᾿ இறᾱகி ெவιறிᾰ கᾶடᾐ. கᾞᾷᾐᾺ பாிமாιறΆ, 
உடனிைணᾸᾐᾰ ெசயலாιᾠத᾿, தகவ᾿ திறᾹக῀ ஆகிய ᾂᾠகைள உ῀ளடᾰகிய எᾱக῀ 
பாடᾱகைள வᾊவைமᾷேதாΆ. 

சிᾰகᾤΆ ேநாᾰகᾙΆ: 

நΆ சிᾱைகயி᾿ உய᾽நிைலᾺ ப῀ளியி᾿ தமி῁Ὰ பயிᾤΆ மாணவ᾽களிடΆ தமி῁ெமாழி ᾗழᾰகΆ 
ᾁைறவாகேவ உ῀ளᾐ. அதιᾁ, மாணவ᾽க῀ சிலாிᾹ தாᾼெமாழிᾷ தமி῁ெமாழியாக  இ᾿லாம᾿ 
இᾞᾺபᾐΆ, கலᾺᾗᾷ திᾞமணᾱகளிᾹ விகிதΆ அதிகாிᾺபᾐΆ, ᾪ᾵ᾊ᾿ ஆᾱகில ெமாழி ᾗழᾰகΆ 
அதிகாிᾷᾐ இᾞᾺபᾐΆ காரணᾱகளாக இᾞᾰகலாΆ. எனேவ, எᾱக῀ ப῀ளியி᾿ தாᾼெமாழியி᾿ 
ேபசᾲ சிரமᾺபᾌΆ மாணவ᾽களிᾹ ஆ᾽வᾷைதᾷ ᾑᾶᾊ தாᾼெமாழியி᾿ அவ᾽கைளᾲ சரளமாகᾺ ேபச 
ைவᾺபதιகான வழிᾙைறகைள ேயாசிᾷதᾺேபாᾐ தகவ᾿ ெதாழி᾿ ᾒ᾵பΆ அதιᾁ ஒᾞ சிறᾸத 
கᾞவியாக உதᾫΆ எᾹபைத உண᾽ᾸேதாΆ. தகவ᾿ ெதாழி᾿ ᾒ᾵பᾷைத ெமாழி கιபிᾰக ம᾵ᾌேம 
பயᾹபᾌᾷᾐவைதவிட மாணவ᾽கைள ஒᾞ ெசᾼதி நிᾞபராக உᾞவாᾰக இᾷதகவ᾿ ெதாழி᾿ ᾒ᾵பΆ 
உதᾫΆ எᾹᾠ எᾶணிேனாΆ. ேமᾤΆ, இᾐ மாணவ᾽களிᾹ ெமாழிவளᾷைதᾺ ெபᾞᾰᾁவேதாᾌ 
மாணவ᾽க῀ எᾨᾷᾐவழி, ேபᾲᾆவழி தᾱக῀ கᾞᾷᾐகைளᾷ தᾱᾁதைடயிᾹறிᾷ தமிழி᾿ ெவளியிட 
ᾐைணயாக இᾞᾰᾁΆ எᾹᾠ நΆபிேனாΆ.  மாணவ᾽கைளᾲ ெசᾼதி நிᾞபராக ம᾵ᾌமிᾹறி ஒᾞ 
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ெசᾼதிைய எᾺபᾊ மᾰகளிடΆ ெகாᾶᾌ ேச᾽Ὰபᾐ, அதιகான தரᾫகைள எᾺபᾊ திர᾵ᾌவᾐ, 
காெணாளி கா᾵சிகைள உᾞவாᾰᾁΆ வழிᾙைறக῀ யாைவ எᾹபᾐ பιறிᾜΆ மாணவ᾽கᾦᾰᾁᾰ 
கιᾠᾰ ெகாᾌᾷேதாΆ. 

இதιᾁ எᾱகᾦᾰᾁᾷ  தமிழாசிாிய᾽ பணிᾷதிறᾹ ேமΆபா᾵டகᾷதிᾹ ேபᾲᾆவழிᾰ 
கᾞᾷᾐᾺபாிமாιறᾷ திறᾹ ேமΆபா᾵ᾊιகான ச᾵டகᾙΆ  )பிᾹனிைணᾺᾗ 1 ( க᾿வி ெதாழி᾿ ᾒ᾵பᾺ 
பிாிவிᾹ கιபிᾷதᾢய᾿ சா᾽Ᾰத ஆதரᾫ ச᾵டகᾙΆ  )பிᾹனிைணᾺᾗ 2 ( ெபாிᾐΆ ᾐைணயாக 
அைமᾸதன.  

ெசᾼதிᾷ தயாாிᾺபி᾿ மாணவ᾽கைள அᾔபவᾺᾘ᾽வமாக ஈᾌபᾌᾷதி அவ᾽களிᾹ இᾞவழிᾰ 
கᾞᾷᾐᾺபாிமாιறᾷ திறைன ேமΆபᾌᾷத᾿ – இᾐேவ எᾱக῀ ஆᾼவிᾹ தைலᾺᾗ.  

பிரᾲசிைன அᾊᾺபைடயி᾿ நிகᾨΆ கιற᾿ அᾎᾁᾙைறயி᾿ பாடᾷைத ஆரΆபிᾺபதιᾁᾙᾹ 
கவனᾷதிιெகா῀ள ேவᾶᾊயைவ. 

• மாணவ᾽களிடΆ ஒᾞ பிரᾲசிைனைய ᾙᾹ ைவᾷத᾿. 
• பிரᾲசைன, உலக நடᾺᾗகைள ஒ᾵ᾊᾜΆ அவ᾽கைள ஈ᾽ᾺபதாகᾫΆ இᾞᾰᾁΆ வைகயி᾿ 

அைமᾷத᾿. 
• கιற᾿ ேதைவகᾦᾰᾁΆ பᾶபிய᾿ᾗகᾦᾰᾁΆ ெதாட᾽ᾗைடயதாக இᾞᾷத᾿. 

மாணவ᾽வகளிடΆ ஒᾞ பிரᾲசிைனையᾷ தᾞவᾐடᾹ அவ᾽கᾦᾰᾁ உதவ ெமாழி ஆதரᾫ, 

பாடᾺெபாᾞ῀ ஆதரᾫ, உᾷதிᾙைற ஆதரᾫ ேபாᾹறவιைற வழᾱகிேனாΆ . 

கιறைலᾷ ᾑᾶᾌத᾿  

• மாணவ᾽க῀, தᾱக῀ ᾂᾁ῀ வᾁᾺபி᾿ சில கᾞᾺெபாᾞ῀கைளᾰ ெகாᾌᾷᾐ அவιᾠடᾹ 
ெதாட᾽ᾗைடய பிரᾲசிைனக῀ ᾁறிᾷᾐ மாணவ᾽கைளᾰ ᾁᾨநிைலயி᾿ கலᾸᾐைரயாடᾲ 
ெசᾼேதாΆ. கᾞᾺெபாᾞைளெயா᾵ᾊᾲ சில தைலᾺᾗகைளᾷ ேத᾽Ᾰெதᾌᾷᾐ அவιைறᾰ 
ᾁறிᾷத தரᾫகைளᾲ ேசகாிᾰக மாணவ᾽கைள ஊᾰகᾺபᾌᾷதிேனாΆ.  

 

சிᾸதிᾷதைலᾜΆ கலᾸᾐைரயாடைலᾜΆ ஊᾰᾁவிᾷᾐ வள᾽ᾷத᾿  

• மாணவ᾽க῀ கᾞᾺெபாᾞ῀ அᾊᾺபைடயி᾿ சில தைலᾺᾗகைளᾷ ேத᾽Ᾰெதᾌᾷதன᾽, பிᾹன᾽ 
அᾷதைலᾺᾗᾰ ᾁறிᾷத பிரᾲசிைனக῀, அᾺபிரᾲசிைன எதனா᾿ உᾞவாகிᾹறᾐ ேபாᾹற 
விவரᾱகைள இைணயᾺ பᾰகᾷதிιᾁᾲ ெசᾹᾠ ேசகாிᾷதன᾽  .பிᾹன᾽ .தᾱக῀ ᾂᾁ῀ 
வᾁᾺபி᾿ தᾱக῀ ᾁᾨவினᾞடᾹ பகி᾽Ᾰᾐெகாᾶடன᾽. தᾱக῀ கᾞᾷᾐகைளெயா᾵ᾊ 
விவாதிᾷᾐ மதிᾺᾖᾌகைளᾜΆ வழᾱகின᾽.  )தைலᾺᾗக῀ 1 . ைகᾷெதாைலேபசியி᾿ அதிக 
ேநரΆ ஈᾌபᾌவதா᾿ விைளᾜΆ தீைமக῀,  2 . இைணய மிர᾵ட᾿,  3 . உட᾿ எைடைய 
அளᾫᾰகதிᾰகமாகᾰ ᾁைறᾺபᾐ,  4 . பி῀ைளகளிடΆ க᾿வி ᾙᾹேனιறΆ ᾁறிᾷத 
ெபιேறா᾽களிᾹ அதிக எதி᾽பா᾽Ὰᾗ,  5  . ᾪ᾵ᾌᾺபாடᾱக῀ அதிகΆ எᾶணி மன உைளᾲச᾿ 
அைடத᾿)  
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• ஆசிாிய᾽கᾦΆ மாணவ᾽களிᾹ கᾞᾷᾐகைளெயா᾵ᾊ தᾱக῀ கᾞᾷᾐகைளᾜΆ 
மதிᾺᾖᾌகைளᾜΆ ᾂᾁ῀ வᾁᾺபைறயி᾿ பகி᾽Ᾰᾐெகாᾶடன᾽. இதᾹᾚலΆ மாணவ᾽க῀ 
பிரᾲசைனைய ஆராᾼᾸᾐ அதιகான தீ᾽ᾫகைளᾜΆ அறிய வாᾼᾺᾗ அளிᾰகᾺப᾵டன . 

 

கιறᾢᾹ ெவளிᾺபா᾵ᾊைன வழிநடᾷᾐத᾿    

• மாணவ᾽களிடΆ நிᾞப᾽களிᾹ பணிையᾰ ᾁறிᾷத தகவ᾿கைளᾺ பகி᾽ᾸᾐெகாᾶேடாΆ. 
நிᾞப᾽ எᾹபவ᾽ யா᾽, அவ᾽ எᾺேபாᾐΆ விழிᾺᾗ நிைலயி᾿ இᾞᾰக ேவᾶᾊயதᾹ அவசியΆ 
எᾹன, ெசᾼதிகளிᾹ நΆபகᾷதᾹைமைய எῂவாᾠ அறிவᾐ, ெசᾼதிைய மᾰகளிடΆ ெகாᾶᾌ 
ேச᾽ᾰᾁΆேபாᾐ எவιைற கவனᾷதி᾿ ெகா῀வᾐ என மாணவ᾽கᾦᾰᾁ வᾁᾺபி᾿ 
விளᾰகிேனாΆ. 

• மாணவ᾽க῀ தாᾱக῀ ெதாᾁᾷத கᾞᾷᾐகளிᾹ அᾊᾺபைடயி᾿ அவιைற எῂவாᾠ 
ெசᾼதியாக வழᾱᾁவᾐ எᾹᾠ தி᾵டமி᾵டᾐடᾹ தாᾱக῀ பாகேமιᾠ῀ள 
பாᾷதிரᾱகᾦᾰேகιற வசனᾱகைளᾰ ᾂᾁ῀ வᾁᾺபைறயி᾿ த᾵டᾲᾆᾲ ெசᾼதன᾽  .ᾁᾨ 
உᾠᾺபின᾽க῀ தᾱக῀ ஆேலாசைனகைள அᾱᾁ வழᾱகியᾐடᾹ திᾞᾷதᾱகைளᾜΆ 
ெசᾼதன᾽.  

• அᾷᾐடᾹ ெசᾼதிᾰᾁ வᾤᾲ ேச᾽ᾰᾁΆ வைகயி᾿ எᾺபᾊ ஒளிᾰகா᾵சிைய அைமᾺபᾐ, எᾸதᾰ 
ேகாணᾱகளி᾿ இᾞᾸᾐ கா᾵சிகைள ஒளிᾺபதிᾫ ெசᾼவᾐ, ஒளிᾰகா᾵சியிᾹேபாᾐ அதி᾿ 
இடΆெபற ேவᾶᾊய ᾙᾰகிய ᾂᾠக῀ ஆகியவιைறᾜΆ நாᾱக῀ கιᾠᾰ ெகாᾌᾷேதாΆ.   

• மாணவ᾽கைளᾰ கணினிᾰᾂடᾷதிιᾁ அைழᾷᾐᾲ ெசᾹᾠ ஒளிᾺபதிᾫ ெசᾼத பிறᾁ 
அᾰகா᾵சிகைள எᾺபᾊ ெவ᾵ᾌவᾐ, ெபய᾽கைள இைணᾺபᾐ, பதிᾫ ெசᾼத ᾁர᾿கைளᾲ 
ேச᾽Ὰபᾐ ேபாᾹற ெதாழி᾿ ᾒ᾵பᾰᾂᾠகைளᾜΆ கιᾠᾰ ெகாᾌᾷேதாΆ.  இைவ அைனᾷᾐΆ 
ஆரΆப நிைலயிேலேய கιᾠᾰ ெகாᾌᾺபᾐ அவசியமாᾁΆ. அᾺேபாᾐதாᾹ மாணவ᾽க῀ 
தாᾱக῀ ெசᾼயவிᾞᾰᾁΆ தி᾵டேவைல ᾁறிᾷத ᾙᾨைமயான அறிைவᾺ ெபᾠவ᾽.   

• இᾠதியி᾿ ᾁᾨவி᾿ இᾞᾸᾐ ஒᾞவ᾽ ெசᾼதி நிᾞபராகᾫΆ மιெறாᾞவ᾽ அᾲெசᾼதிᾜடᾹ 
ெதாட᾽ᾗைடய மாᾸதராகᾫΆ, ேவெறாᾞவ᾽ அᾰகா᾵சிகைள ஒளிᾺபதிᾫ ெசᾼபவராகᾫΆ 
தாᾱக῀ ேத᾽Ᾰெதᾌᾷத பாகᾷதிιேகιப ெகாᾌᾰகᾺப᾵ட ஒᾺபைடᾺைப ெவιறிᾰகரமாகᾲ 
ெசᾼᾐ ᾙᾊᾷதன᾽. 
 

கᾶகாணிᾺᾗΆ கᾞᾷᾐைரᾺᾗΆ 

• மாணவ᾽க῀ வᾁᾺபைறயி᾿ தᾱகᾦைடய காெணாளி கா᾵சிையᾺ ஒளிᾺபரᾺபியᾐடᾹ 
இᾸதᾷ தி᾵டேவைல ெதாடᾱகியᾐ ᾙத᾿ இᾠதி வைர தᾱகᾦᾰᾁ ஏιப᾵ட அᾔபவᾱகைள 
சக மாணவ᾽கᾦடᾹ பகி᾽Ᾰᾐெகாᾶடன᾽.  

• மாணவ᾽க῀ தகவ᾿ ெதாட᾽ᾗᾷ ெதாழி᾿ᾒ᾵பᾷைதᾺ பயᾹபᾌᾷதிய ᾙைற, அதᾹவழி 
கᾞᾷᾐகைளᾺ பாிமாறிᾰெகாᾶட வழிᾙைறக῀, ேபᾆΆ திறᾹ, தனி நிைல, இைண 
நிைலயி᾿ அவரகளிᾹ பᾱகளிᾺᾗ ஆகியவιறிᾹ அᾊᾺபைடயி᾿ ஆசிாிய᾽க῀, 
மதிᾺெபᾶக῀ வழᾱகினா᾽க῀. 
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தி᾵டேவைலயி᾿ பᾱᾁ ெபιற மாணவ᾽க῀ பιறிய விவரᾱக῀ 

• உய᾽நிைல இரᾶᾊ᾿ பயிᾹற மாணவ᾽க῀ 
• பதிᾚᾹᾠ வயᾐ நிரΆபிய மாணவ᾽க῀ 
• உய᾽தமி῁, விைரᾫ, வழᾰக நிைலயி᾿ பயிᾹற 25 மாணவ᾽க῀  

தி᾵டேவைலᾰகான கால வரΆᾗ  

• தவைண இரᾶᾌ – பᾷᾐ வாரᾱக῀ 
• வாரΆ இரᾶᾌ வᾁᾺᾗக῀ – இரᾶᾌ மணி ேநரΆ 

மாணவ᾽க῀  எᾌᾷᾐᾰெகாᾶட தைலᾺᾗக῀ 

இைளய᾽க῀ எதி᾽ேநாᾰᾁΆ பிரᾲசிைனக῀ 

• ைகᾷெதாைலᾺேபசிைய அதிகΆ பயᾹபᾌᾷᾐத᾿ 
• மன அᾨᾷதΆ 
• வᾹᾙைற 
• உட᾿ பᾞமᾹ 
• நᾶப᾽களிᾹ ேபᾲைசᾰ ேக᾵பᾐ   
• ᾁழᾸைத வᾹᾙைற 
• பி῀ைளகளிடΆ ெபιேறா᾽களிᾹ அளᾫகடᾸத எதி᾽பா᾽Ὰᾗ  
• க᾿வி 

 

மாணவ᾽க῀ தᾱக῀ தி᾵டேவைலᾰகாக ᾂᾁ῀ இைணயᾺ பᾰகΆ, வைலᾺᾘ, ᾝᾊᾜᾺ ஆகிய 

பᾰகᾱகளி᾿ கᾞᾷᾐகைளᾷ திர᾵ᾊன᾽  .ஆᾱகிலΆ , தமி῁ என இᾞெமாழிகளிᾤΆ அவ᾽க῀ 

இைணயᾷதி᾿ தᾱக῀ தி᾵டேவைலᾰகான கᾞᾷᾐகைளᾷ ேதᾊᾷ ெதாᾁᾷதன᾽. 

மாணவ᾽களிᾹ கᾞᾷᾐக῀ 

1.1 தி᾵ட ேவைல ᾁறிᾷᾐ எᾹன நிைனᾰகிறீ᾽க῀? தி᾵டேவைலயி᾿ உᾱகᾦᾰᾁᾺ பிᾊᾷத ᾂᾠக῀ 
ᾁறிᾷᾐ உᾱக῀ கᾞᾷᾐகைளᾰ ᾂறᾫΆ. 

1) ᾁᾨ நிைலயி᾿ இைணᾸᾐ ெசயலாιᾠவᾐ, வᾁᾺᾗ மாணவ᾽கᾦடᾹ கலᾸᾐைரயாᾌவᾐ 
பயᾹமிᾰகதாக இᾞᾸதᾐ. 

2) பிரᾲசிைனᾰᾁாிய தைலᾺைபᾷ ேத᾽ᾸெதᾌᾰᾁΆ ᾆதᾸதிரΆ தᾸதᾐ மகி῁ᾲசிையᾷ தᾸதᾐ. 
3) ெகாᾌᾰகᾺப᾵ட தᾁதிநிைல விளᾰகᾰ ᾁறிᾺᾗக῀ தி᾵டேவைலைய எளிதாகᾲ ெசᾼய உதவின. 
4) ஒளிᾰகா᾵சிையᾺ பதிᾫ ெசᾼவᾐ, ேதைவயி᾿லா கா᾵சிகைள நீᾰᾁவᾐ, ஒᾢᾺபதிᾫ ெசᾼத 

ᾁரைல இைணᾺபᾐ ேபாᾹற நடவᾊᾰைகக῀ ᾗᾷᾐண᾽ᾲசி ஊ᾵ᾊன. 
5) ஒῂெவாᾞவாிᾹ கιᾁΆ ᾙைற, தனிᾷᾐᾲ ெசய᾿பᾌΆ திறᾹ பιறி அறியᾙᾊᾸதᾐ. 
6) தᾹனΆபிᾰைகᾜடᾹ சரளமாகᾺ ேபச உதவியᾐடᾹ ஏேதா சாதிᾷத உண᾽ைவ வழᾱகியᾐ. 
7) தி᾵ட ேவைலையᾰ ெகாᾌᾷத காலᾰெகᾌவிιᾁ῀ ᾙᾊᾺபᾐ சாᾷதியமா எᾹற வினா எᾨᾸதாᾤΆ 

ᾙயᾹறா᾿ ᾙᾊᾜΆ எᾹற உᾠதிைய உᾶடாᾰகியᾐ. 
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8) ஒளிᾺபதிᾫ ெசᾼவᾐ, நᾊᾺபᾐ, காெணாளி தயாாிᾺபᾐ என அைனவᾞᾰᾁΆ தி᾵டேவைலயி᾿ 
பᾱகளிᾰக வாᾼᾺபளிᾰகᾺப᾵டᾐ, 

1.2 தி᾵டேவைலயி᾿ உᾱகᾦᾰᾁᾺ பிᾊᾰகாத ᾂᾠக῀ ᾁறிᾷᾐ உᾱக῀ கᾞᾷᾐகைளᾰ ᾂறᾫΆ.  

1) ெசᾼதிைய ஒளிᾺபதிᾫ ெசᾼவᾐ ேபா᾿ இ᾿லாம᾿ ெசᾼதி வாசிᾺபᾐ ேபா᾿ 
அைமᾸதிᾞᾰகலாΆ .  

 

இᾸத அᾎᾁᾙைற பிᾊᾷததιகான காரணᾱகைளᾰ ᾂறᾫΆ2.1.  

1) இᾸதᾷ தி᾵டேவைல விᾷதியாசமான கιற᾿ அᾎᾁᾙைறையᾰ ெகாᾶᾊᾞᾸதᾐ. 
2) வழᾰகமான தி᾵டேவைலயிᾢᾞᾸᾐ மாᾠப᾵ᾌ இᾞᾸததா᾿ எᾱகைள மிகᾫΆ கவ᾽Ᾰதᾐ. 
3) தி᾵டேவைல ᾙதᾢ᾿ கᾊனமாக இᾞᾸதாᾤΆ ஆசிாிய᾽க῀ நᾹᾁ விளᾰகியதா᾿ சிறᾺபாக 

ᾙᾊᾷேதாΆ. 
4) வசனᾱக῀ எᾨத, ஒளிᾰகா᾵சிᾷ தயாாிᾰகᾰ கιᾠᾰெகாᾶேடாΆ. 
5) ஒᾞ பிரᾲசிைனைய ஒேர ேகாணᾷதி᾿ பா᾽ᾰகாம᾿ ப᾿ேவᾠ ேகாணᾷதி᾿ பா᾽ᾰகᾰ கιᾠᾰ 

ெகாᾶேடாΆ. 
6) ᾁᾨᾰகளாகᾲ ெசய᾿ப᾵டதா᾿ ெமாழி வளΆ, ெசா᾿ வளΆ ெபᾞகியᾐ. 
7) ᾆய ᾙைனᾺᾗடᾹ கιᾁΆ திறᾹ ெபᾞகியᾐ. 

 
.2 2 இᾸத அᾎᾁᾙைற பிᾊᾰகாததιகான காரணᾱகைளᾰ ᾂறᾫΆ. 

1) ேநரΆ அதிகΆ எᾌᾷᾐᾰ ெகாᾶடᾐ. 
2.3இᾞவழி கᾞᾷᾐᾺ பாிமாιறᾷதிιகாகᾲ ெசᾼதி தயாாிᾺᾗ எᾹற உᾷதிையᾺ 

பயᾹபᾌᾷதியதᾹ நᾹைமகளாக நீᾱக῀ கᾞᾐபைவ. 

1) தமி῁ெமாழியி᾿ கᾞᾷᾐகைள ெவளிᾺபᾌᾷத உதவியᾐ. 
2) ஒளிᾺபதிᾫ ெசᾼத᾿, ஒளிᾰகா᾵சி தயாாிᾷத᾿ ேபாᾹற ெதாழி᾿ᾒ᾵பᾷ திறᾹகைளᾰ கιᾠᾰ 

ெகாᾶேடாΆ. 
3) ᾁᾨவாக இைணᾸᾐ பணியாιறᾰ கιᾠᾰ ெகாᾶேடாΆ. 
4) பாᾷதிரᾱகளாகᾺ பாகேமιᾠ நᾊᾰᾁΆேபாᾐ அᾺபாᾷதிரமாகேவ உண᾽Ᾰᾐ நᾊᾰகᾰ கιᾠᾰ 

ெகாᾶேடாΆ. 
5) ᾂᾊᾰகιற᾿ அᾎᾁᾙைற, ᾆய ᾙைனᾺᾗடᾹ கιற᾿ ஆகியவιறிᾹ அவசியᾷைத 

உண᾽ᾸேதாΆ. 
6) மιறவ᾽களிᾹ கᾞᾷᾐᾰᾁΆ ᾙᾰகியᾷᾐவΆ தர ேவᾶᾌΆ எᾹᾠ கιᾠᾰெகாᾶேடாΆ. 
7) ஒᾞ ெசᾼதி நிᾞபராக ᾙதᾹᾙதᾢ᾿ பணியாιᾠΆ அᾔபவΆ ெபιேறாΆ. 

 

2.4 இᾸதᾷ தி᾵டேவைலைய ேமιெகா῀ᾦΆேபாᾐ எதி᾽ெகாᾶட சிரமᾱகைளᾰ 

ᾂறᾫΆ. 

1) ெதாழி᾿ᾒ᾵பᾷதிறᾹ அதிகΆ இ᾿லாததா᾿ ஒளிᾺபதிᾫ ெசᾼவதி᾿ சிரமΆ உᾶடானᾐ. 



164 

 

2) ேநர நி᾽வாகᾷதி᾿ சிரமΆ ஏιப᾵டᾐ. 
3) ᾁᾨவி᾿ சில உᾠᾺபின᾽க῀ அதிகΆ பᾱகளிᾰகாதᾐ சிரமᾷைத உᾶடாᾰகியᾐ. 
4) ஒளிᾺபதிᾫ ெசᾼᾜΆேபாᾐ தடᾱகᾦΆ தᾌமாιறᾙΆ ஏιப᾵டன. 
5) ᾁᾨவினாிைடேய ᾗாிᾸᾐண᾽ᾫ ஏιபட தாமதமானᾐ. 

மாணவ᾽களிடΆ ஆசிாிய᾽க῀ கᾶட ேமΆபாᾌ 

ேமιᾁறிᾺபி᾵ட நடவᾊᾰைககளிᾹ ᾚலΆ மாணவ᾽க῀... 

• பல ᾗதிய தகவ᾿கைளᾺ ெபιறன᾽. 
• தᾱக῀ ெசா᾿வளᾷைதᾺ ெபᾞᾰகிᾰெகாᾶடன᾽. 
• தᾹனΆபிᾰைகᾜடᾹ ேபசின᾽. 
• பிரᾲசைனக῀ ᾁறிᾷᾐ ᾒ᾵பமாக ஆராᾼᾸᾐ அதιகான தீ᾽ᾫ காᾎΆ திறᾹ ெபιறன᾽. 
• ᾁᾠΆபடᾱக῀ தயாாிᾰᾁΆ திறᾹ ெபιறன᾽. 
• மாணவ᾽க῀ வாᾼெமாழிᾷ ேத᾽ைவᾷ திறΆபட அᾎகின᾽. 
• கᾞᾷᾐ வளΆ ெபᾞகியதா᾿ மாணவ᾽க῀ க᾵ᾌைரᾺ பாடᾷதிᾹேபாᾐ கᾞᾷᾐகைளᾷ 

திறΆபடᾷ ெதாᾁᾷᾐ எᾨதின᾽. 

பிரᾲசிைனகைள கைளᾜΆ ᾙைற 

1) மாணவ᾽க῀ தி᾵டேவைலயிᾹ ெதாடᾰகᾷதிேலேய தᾱக῀ பிரᾲசிைனக῀ ᾁறிᾷᾐ 
ஆசிாியᾞடᾹ பகி᾽Ᾰᾐெகா῀ளலாΆ. 

2) மாணவ᾽க῀ அவரவ᾽ திறᾹ அறிᾸᾐ தᾱக῀ பணிகைளᾺ பிாிᾷᾐᾰ ெகா῀ளலாΆ. 
3) மாணவ᾽க῀ ஒᾞவைரெயாᾞவ᾽ ᾗாிᾸᾐெகாᾶᾌ மιறவ᾽க῀ தᾱக῀ பணிகைளᾲ ெசᾼய 

சிரமᾺபᾌΆேபாᾐ தாᾱகளாகேவ ᾙᾹவᾸᾐ உதவலாΆ .  
பாிᾸᾐைரக῀  

1) மாணவ᾽கைள சᾚக நிக῁ᾫகᾦᾰᾁ அைழᾷᾐᾲ ெசᾹᾠ ேநரᾊயாக நிக῁ᾲசிகைள 
ஒளிᾺபதிᾫ ெசᾼᾐ அᾐ ᾁறிᾷத ஒளிᾰகா᾵சிகைளᾷ தயாாிᾰக ஊᾰகᾺபᾌᾷதலாΆ. 

2) ெசᾼதி நிᾞப᾽கைள வரவைழᾷᾐ அவ᾽களிᾹ அᾔபவᾱகைளᾺ பகி᾽Ᾰᾐெகா῀ள 
ெசᾼயலாΆ. இதᾹᾚலΆ மாணவ᾽க῀ ெசᾼதி நிᾞப᾽களிᾹ பணி ᾁறிᾷத அதிகᾺபᾊயான 
தகவ᾿கைள அறிᾸᾐெகா῀வ᾽. 

3) ெதாைலᾰகா᾵சி அைலவாிைச நிᾠவனᾷ தைலவᾞடᾹ கலᾸதாேலாசிᾷᾐ  
மாணவ᾽கᾦᾰᾁᾲ ெசᾼதி நிᾞபᾞடᾹ இைணᾸᾐ பணியாιற வாᾼᾺᾗ ந᾿கலாΆ. 

ᾙᾊᾫைர 

மᾰகᾦடᾹ ேந᾽காண᾿ நிக῁ᾷᾐவᾐ மாணவ᾽க῀ ேபᾆΆ திறைன வᾁᾺபி᾿ ம᾵ᾌம᾿லாᾐ 
ெவளிᾺᾗறᾷதிᾤΆ நடᾷᾐவதιகான வாᾼᾺைப வழᾱᾁகிறᾐ, ேமᾤΆ அவ᾽கைளᾲ 

சᾚகமயமாᾰகᾢ᾿ உதᾫகிறᾐ .ேந᾽காண᾿கᾦᾰᾁᾺ பிறᾁ, ஒῂெவாᾞ மாணவᾞΆ மிகᾫΆ 

ᾆவாரῄயமான ெசᾼதிகைளᾰ கᾶடறிᾸᾐ தᾱக῀ நᾶப᾽கᾦᾰᾁᾷ ெதாிவிᾰக ᾙᾊᾜΆ எᾹற 
கᾞᾷᾐΆ எᾱக῀ ஆᾼᾫᾰᾁ வᾤ ேச᾽ᾷதᾐ . ) ேகᾼ, 2006). இதιᾁᾷ தி᾵ட ேவைலயிᾹ ஆ᾽வᾷேதாᾌ 

ஈᾌப᾵ட எᾱக῀ மாணவ᾽களிᾹ பᾱகளிᾺேப சாᾹறாᾁΆ  .எனேவ , மாணவ᾽க῀ தமி῁ெமாழி கιற᾿ 

கιபிᾷதᾢ᾿ ஆ᾽வᾷᾐடᾹ ஈᾌபட தகவ᾿ ெதாட᾽ᾗᾷ ெதாழி᾿ᾒ᾵பΆ ெபாிᾐΆ ᾐைணᾗாிகிறᾐ 
எᾹபᾐ எᾱக῀ ஆᾼவிᾹ கᾶᾂடான ᾙᾊவாᾁΆ.  
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நᾹறி 

• ᾙத᾿வ᾽, ᾐைண ᾙத᾿வ᾽க῀, தாᾼெமாழிᾷ ᾐைற ஆசிாிய᾽க῀, மாணவ᾽க῀, 
ெபιேறா᾽க῀ - ᾆவா ᾇ காᾱ உய᾽நிைலᾺ ப῀ளி. சிᾱகᾺᾘ᾽ 

• திᾞமதி மᾴᾆளா, ᾙதᾹைம ஆசிாிய᾽, சிᾱகᾺᾘ᾽ ஆசிாிய᾽ கைலᾰகழகΆ, க᾿வி அைமᾲᾆ. 
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ப᾵ᾌᾺᾗᾨ வள᾽Ὰᾗ விவசாயிகளிᾹ வᾞமானᾷைதᾺ ெபᾞᾰக தமி῁ வழி 
இைணயதள ப᾿ᾥடக மிᾹகιற᾿ க᾵டைமᾺᾗ 

சரவணᾹ ᾟபத᾽ஷினி1, நடராஜᾹ ராஜா2 அழேகசᾹ தᾱகமல᾽3 மιᾠΆ  
ெசᾸதா ெவᾱகடாᾲசாாி கிᾞῃணᾚ᾽ᾷதி4 

1-4Ά ஆᾶᾌ இளΆஅறிவிய᾿ (ப᾵ᾌᾺᾗᾨவிய᾿) மாணவி,  
2-ᾐைணᾺ ேபராசிாிய᾽ (கணிᾺெபாறி அறிவிய᾿),  

3-உதவியாசிாிய᾽ (ப᾵ᾌᾺᾗᾨவிய᾿), 
4-ேபராசிாிய᾽ மιᾠΆ தைலவ᾽, ப᾵ᾌᾺᾗᾨவிய᾿ ᾐைற  

வனᾰக᾿ᾥாி மιᾠΆ ஆராᾼᾲசி நிைலயΆ,  
தமி῁நாᾌ ேவளாᾶைம ப᾿கைலᾰகழகΆ, ேம᾵ᾌᾺபாைளயΆ. 

 
 ஆᾼᾫᾲᾆᾞᾰகΆ 
       இᾹைறய சᾚகΆ அᾊᾺபைட கιற᾿ ᾙைறயிᾢᾞᾸᾐ  மாறி இைணய வழி கιறᾢ᾿ 
பாிணமிᾰகிறᾐ. ேமιபᾊ கιற᾿ ᾙைறயி᾿ ப῀ளிᾺபாடΆ ᾙத᾿ அறிᾫசா᾽ ஆராᾼᾲசி கιற᾿ வைர 
இைணயᾷதிᾹ பயᾹபாᾌ ெபᾞகி வᾞகிறᾐ. ெபᾞΆபாலான விவசாயிக῀ இைணயᾷதள மιᾠΆ  
ைகேபசி சா᾽Ᾰத ெசயᾢக῀ வாயிலாக ேவளாᾶ ெதாழி᾿ ᾒ᾵பᾱகைள ᾗைகᾺபடΆ மιᾠΆ 
காெணாளிᾰகா᾵சிக῀ ᾚலΆ ᾆயமாக கιᾠ நைடᾙைறᾺபᾌᾷதி ேவளாᾶ மιᾠΆ ேவளாᾶ சா᾽Ᾰத 
ெதாழி᾿களி᾿ இலாபΆ ஈ᾵ட ᾙᾊᾜΆ. இῂவிைணயᾲ  ெசயᾢᾷ ெதாᾁᾺᾗ தமி῁  வழியி᾿  
ப᾵ᾌᾺᾗᾨ வள᾽Ὰᾗ  சா᾽Ᾰத ᾁᾠᾸதகவ᾿க῀, ᾗைகᾺபடΆ மιᾠΆ காெணாளிᾰகா᾵சிகைள 
உ῀ளடᾰகி க᾵டைமᾰகᾺப᾵ᾌ῀ளதா᾿  எளிதி᾿ விவசாயிக῀ மιᾠΆ  ப᾵ᾌ  உιபᾷதி  ெதாழி᾿  
ᾙைனேவாᾞᾰᾁ  ெசய᾿ᾙைறᾺபᾌᾷᾐΆ  வᾶணΆ அைமகிறᾐ. இΆமிᾹ-கιற᾿ ெதாᾁᾺபி᾿ 
ப᾵ᾌᾺᾗᾨ வள᾽ᾺபிᾹ சாராΆசᾱக῀ ᾙᾨைமயாக ெதாᾁᾰகᾺப᾵ᾌ῀ளன. தரமான ெவᾶப᾵ᾌ 
உιபᾷதியி᾿ தமி῁நாᾌ ᾙதᾹைம ெபιᾠ விளᾱᾁகிறᾐ. தமி῁நாᾌ ப᾵ᾌᾺᾗᾨ வள᾽Ὰᾗ 
விவசாயிக῀ அதிக அளவி᾿  இர᾵ைட கலᾺபினமான கிᾞῃணராஜா (சி.எῄஆ᾽2 X சிஎῄஆ᾽.27) 
X (சிஎῄ.ஆ᾽.6 X சிஎῄ.ஆ᾽.26) இரகᾷதிைன வள᾽ᾷᾐ வᾞகிᾹறன᾽. ப᾵ᾌᾺᾗᾨ வள᾽Ὰபிைன, 
இளΆᾗᾨ வள᾽Ὰᾗ மιᾠΆ வள᾽Ᾰத ᾗᾨ வள᾽Ὰᾗ எᾹᾠ இரᾶᾌ நிைலகளாக உιபᾷதி 
ேமιெகாᾶᾌ வᾞகிᾹறன᾽. அவιறி᾿  ᾙத᾿ இரᾶᾌ ᾗᾨ பᾞவᾱகைள (10 நா᾵க῀) வள᾽Ὰᾗ 
ேமιெகா῀வᾐ “இளΆᾗᾨ வள᾽Ὰᾗ” எனᾺபᾌகிறᾐ. இதைன ேமιெகா῀ᾦΆ விவசாயிக῀ 
இளΆᾗᾨ வள᾽Ὰᾗ விவசாயிக῀ என அைழᾰகᾺபᾌகிᾹறன᾽. இதιᾁ 13 அᾊ உயரᾙ῀ள 1500 
சᾐரᾊ அளᾫ῀ள ᾙᾨ வள᾽Ὰᾗ அைற ேதைவᾺபᾌகிறᾐ. ேமᾤΆ 1-1.25 ஏᾰக᾽ அளᾫ῀ள 
ᾙᾆᾰெகா᾵ைட பயி᾽  ேதா᾵டᾷதிᾢᾞᾸᾐ 5000 ேநாயιற ᾙ᾵ைடᾷ ெதாᾁதியாக வள᾽ᾰகிᾹறன᾽. 
இதைன மாதᾷதிιᾁ 3 தவைணகளாக வᾞடᾷதிιᾁ ெமாᾷதΆ 36 தவைணகளாக இளΆᾗᾨ 
வள᾽ᾰகᾺப᾵ᾌ ᾙதி᾽Ᾰத ᾗᾨ வள᾽Ὰᾗ விவசாயிகᾦᾰᾁ விநிேயாகிᾰகᾺப᾵ᾌ வᾞகிறᾐ. இῂவாᾠ 
வᾞடᾷதிιᾁ 60,000 ᾙ᾵ைடᾷ ெதாᾁதி இளΆᾗᾨᾰக῀ 9000 விவசாயிகᾦᾰᾁ  வழᾱகᾺபᾌகிᾹறன. 
ப᾵ᾌᾺᾗᾨ வள᾽Ὰபி᾿ வᾞமானமாக ᾟ.50,000  ஈ᾵ᾌகிறா᾽க῀. ேமᾤΆ அவᾞைடய வரᾫ 
ெசலவிைன விகிதΆ ᾙைறேய 1:1.8 எᾹற அளவி᾿ கிைடᾰகிறᾐ. ேமᾤΆ வᾞடᾷதிιᾁ 420 
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நப᾽கᾦᾰᾁ  ேவைலவாᾼᾺபிைன  அளிᾰகிறᾐ. இரᾶடாவᾐ நிைலயாக ᾚᾹறாΆ ᾗᾨ 
பᾞவᾷதிᾢᾞᾸᾐ ப᾵ᾌᾰᾂᾌ உιபᾷதி ேமιெகா῀வதைன வள᾽Ᾰத ᾗᾨ வள᾽Ὰᾗ எனᾺபᾌகிறᾐ. 
இதைன ேமιெகா῀ᾦΆ விவசாயிகைள வள᾽Ᾰத ᾗᾨ வள᾽Ὰᾗ விவசாயிக῀ என 
அைழᾰகᾺபᾌᾰகிᾹறன᾽. இதιᾁ 13 அᾊ உயரᾙ῀ள 1000 சᾐரᾊ அளᾫ῀ள வள᾽Ὰᾗ அைற 
ேதைவᾺபᾌகிறᾐ. ப᾵ᾌᾺᾗᾨ வள᾽Ὰபி᾿ ஈᾌபாᾌைடய ᾚᾹᾠ ᾁᾌΆப உᾠᾺபின᾽க῀ ெகாᾶட 
விவசாயி மாத வᾞமானமாக ᾟ.30,000 ஈ᾵ᾌகிᾹறன᾽. ேமᾤΆ அவᾞைடய வரᾫ ெசலᾫ விகிதΆ 
ᾙைறேய 1:3 ᾙைற அளவி᾿ கிைடᾰகிறᾐ. இதᾹ ᾚலΆ வᾞடᾷதிιᾁ 360 நப᾽கᾦᾰᾁ ேவைல 
வாᾼᾺபிைன அளிᾰகிறᾐ. இதேனாᾌ இளΆᾗᾨ மιᾠΆ வள᾽Ᾰத ᾗᾨ வள᾽Ὰᾗ விவசாயிக῀ 
ப᾵ᾌᾺᾗᾨᾰ கழிᾫ, மᾶᾗᾨ உரΆ, ேகாழி, ஆᾌ மιᾠΆ மாᾌ வள᾽Ὰᾗகைள ேமιெகா῀வதᾹ ᾚலΆ 
ப᾵ᾌᾺᾗᾨ வள᾽Ὰᾗ கழிᾫகைள திறΆபட ᾆழιசி ᾙைறயி᾿ ேமலாᾶைம ெசᾼᾐ ெசலᾫகைள 
ᾁைறᾷᾐ 10-35% அதிகமாக இலாபΆ ஈ᾵ᾌகிᾹறன᾽. 

ᾆᾞᾰகᾲெசாιக῀: ᾙᾆᾰெகா᾵ைட பயி᾽, ப᾵ᾌᾺᾗᾨ வள᾽Ὰᾗ, ப᾿ᾥடகΆ, இைணயதள ெமᾹெபாᾞ῀ 

க᾵டைமᾺᾗ, தமி῁வழி மிᾹ-கιற᾿, மιᾠΆ ᾂᾁ῀ இைணயதளΆ.      

 

1.அறிᾙகΆ 

ேவளாᾶைம, அறிவிய᾿, க᾿வி, ெபாᾞளாதாரΆ ,மᾞᾷᾐவΆ, விைளயா᾵ᾌ  ேபாᾹற  ப᾿ேவᾠ  
சᾚக  ேமΆபா᾵ᾌ  ᾐைறகளிᾹ  வள᾽ᾲசிᾰᾁ  தமி῁வழி இைணயதள ப᾿ᾥடக மிᾹகιற᾿ 
க᾵டைமᾺᾗ கιற᾿ ᾙைற  மிகᾫΆ  உᾠᾐைணயாகᾫΆ, மᾢவாகᾫΆ, எளிதி᾿ நΆ  ைகயடᾰகᾷதி᾿  
ெபιᾠᾰ  ெகா῀ள  ஏᾐவாகᾫΆ  விளᾱᾁகிறᾐ .  

அᾸத  வைகயி᾿  ப᾵ᾌᾺᾗᾨ  வள᾽Ὰᾗ  சா᾽Ᾰத   சிறᾸத  ேவளாᾶ  ெதாழி᾿ᾒ᾵பᾱகைள  
ᾗைகᾺபடᾱக῀, காெணாளிᾰகா᾵சிக῀, தகவ᾿க῀,  விளᾰகᾱக῀ மιᾠΆ  தகவ᾿  பாிமாιறᾱக῀ 
வாயிலாக  விவசாயிகᾦᾰᾁ  மிகᾫΆ  எளிதாகᾫΆ,  ᾐாிதமாகᾫΆ   கιᾠ  ᾗாிᾸᾐ  ெகா῀ᾦΆ  
வைகயிᾤΆ   தமி῁ வழி இைணயதள ப᾿ᾥடக மிᾹகιற᾿ க᾵டைமᾺᾗ ᾙைற   
அைமᾰகᾺப᾵ᾌ῀ளᾐ. 

ேமιபᾊ இᾸத ᾂᾁ῀ தமி῁ வழி இைணயதள ப᾿ᾥடக மிᾹகιற᾿ க᾵டைமᾺᾗ 
இைணயதள ᾗதிய பாிமாண வசதியிᾹ ᾙதᾹைம பᾰகΆ ᾙᾆᾰெகா᾵ைட பயிாிᾌத᾿, இளΆᾗᾨ 
வள᾽Ὰᾗ, மιᾠΆ ᾙதி᾽ᾗᾨ வள᾽Ὰᾗ, ஆகிய வைலᾺபᾰகᾱகைள ெகாᾶᾌ῀ளᾐ. பயனாளியிᾹ 
தகவ᾿கைள பதிᾫ ெசᾼய ᾂᾁ῀ மிᾹ பᾊவΆ பயᾹபᾌᾷதᾺப᾵ᾌ῀ளᾐ. ேமᾤΆ ᾙதᾹைம 
பᾰகᾷதிᾢᾞᾸᾐ எᾸதெவாᾞ வைலᾺபᾰகᾷைதᾜΆ ெசாᾌᾰகி  உ῀ேள ெச᾿லᾙᾊᾜΆ. அῂவாᾠ 
உ῀ெசᾹᾠ ேமιபᾊ ப᾵ᾌᾺᾗᾨவிய᾿ தைலᾺᾗ சா᾽Ᾰத தகவ᾿கைளᾺ ெபறᾙᾊᾜΆ. 
     ப᾵ᾌ  உιபᾷதி  மιᾠΆ பயᾹபாᾌ  பல  ᾓιᾡᾶᾌகᾦᾰᾁ  ᾙᾹபிᾞᾸேத  நமᾐ  
கலாᾲசாரᾷᾐடᾹ ஒᾹறிைணᾸᾐ  உ῀ளᾐ. அதᾹ  ேதைவ  அதிகமாக  இᾞᾸதாᾤΆ  உιபᾷதி  
ᾁைறவாகேவ  உ῀ளᾐ . உιபᾷதிைய  அதிகாிᾰக  பல  ᾙைறக῀  இᾞᾸதாᾤΆ  அைவ  
விவசாயிகைள  சாியான  ேநரᾷதி᾿  அைடவதி᾿ைல, மிᾹ  கιற᾿  ᾚலΆ   ப᾵ᾌᾺᾗᾨ  வள᾽Ὰᾗ  
பιறிய  ெதளிவான  தகவ᾿க῀, ᾁறிᾺᾗக῀ ெசய᾿ ᾙைறக῀, பாிᾸᾐைரக῀ ஆகியைவ  
விவசாயிகᾦᾰᾁ  உடᾔᾰᾁடᾹ  கிைடᾰகிறᾐ . அᾐ  ம᾵ᾌமி᾿லாᾐ  கιேபாᾞᾰᾁ  கιறைல  
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எளிதாᾰᾁவேதாᾌ  ஆ᾽வᾷைதᾜΆ  ᾑᾶᾌகிறᾐ, விவசாயிக῀ மιᾠΆ ெதாழி᾿ 
ᾙைனேவா᾽கᾦᾰᾁΆ   கιறைல எளிதாᾰᾁவேதாᾌ ᾗᾐ  ெதாழிι ᾒ᾵பᾱகைள  ெதாிᾸᾐ  ெகாᾶᾌ  
ஆராயᾫΆ  பயᾹபᾌகிறᾐ.  

 

2. இலᾰகிய கணᾰெகᾌᾺᾗ 

அேரபியாவி᾿  க᾿ᾥாி  பயிᾤΆ  மாணவ᾽க῀  ப᾿கைலᾰகழᾱகளி᾿ ேச᾽Ᾰᾐ  பயிᾤΆ  
வாᾼᾺபிைன  இைணய தளΆ  வாயிலாக  உய᾽க᾿வி  கιᾁΆ  வாᾼᾺபிைன  ெபற  ᾙᾊகிறᾐ[1]. 
ேமᾤΆ  ரசியாவி᾿  அறிவிய᾿  ஒᾢΆபியா᾵   பயிιசி[2],  நீரழிᾫ  ேநாᾼ பιறிய  விழிᾺᾗ  உண᾽ᾫ  
க᾿வி  [3] மιᾠΆ ᾆιᾠᾇழ᾿  பιறிய  அறிவிய᾿ [4]  ேபாᾹற   ப᾿ேவᾠ  தகவ᾿கைள  இைணய  
தள  வாயிலாக  கιᾠ  வᾞகிᾹறன᾽ . இᾸதியாவி᾿ இைணய பயனாள᾽களிᾹ எᾶணிᾰைக 500 
மி᾿ᾢயனிᾢᾞᾸᾐ 2019-᾿ 627 மி᾿ᾢயனாக ேவகமாக அதிகாிᾷᾐ῀ளᾐ.  

 

3. தιேபாᾐ῀ள அᾊᾺபைட கιற᾿ அைமᾺபிᾹ சவா᾿க῀ 

அᾊᾺபைட கιற᾿ ᾙைறயானᾐ ᾁறிᾺபி᾵ட  ᾗவியிய᾿  மιᾠΆ ᾗலΆ  சா᾽Ᾰத கιற᾿ ஆ᾽வல᾽கைள 
ம᾵ᾌேம  கιபதιᾁ  வழி ேகாᾤகிᾹறᾐ. ேமᾤΆ  பாடᾷதி᾵டΆ க᾵டைமᾺᾗ, கால  ேமலாᾶைம, 
கιᾁΆ  எளிைம மιᾠΆ ெமாழி-கலாᾲசார  தைடகளா᾿  உலகளாவியளவி᾿ கιறைல 
ெசய᾿ᾙைறᾺபᾌᾷᾐவதி᾿ சிரமᾱகைளᾰ ெகாᾶᾌ῀ளᾐ.  

4. ᾙᾹெமாழியᾺப᾵ட ᾙைற - ᾂᾁ῀ தமி῁ வழி இைணயதள ப᾿ᾥடக மிᾹகιற᾿ 

க᾵டைமᾺᾗ 

மிᾹ-கιற᾿ ᾆιᾠᾲᾇழ᾿ அைமᾺᾗகளிᾹ சாியான காரணிகைளᾜΆ, ெசய᾿பᾌᾷதைலᾜΆ ஆதாிᾰக 
ஒᾞ க᾵டைமᾺᾗ ᾙைறைய ᾙைறᾺபᾌᾷᾐவதாᾁΆ.   இதιᾁ ᾂᾁ῀  இைணய  தள  வசதி  ஒᾞ 
சிறᾸத  உதாரணΆ  ஆᾁΆ. ᾂᾁ῀  இைணய  தளᾷதி᾿  ேமιபᾊ  பாடᾷ தரᾫகளான ᾗைகᾺபடᾱக῀, 
காெணாளிᾰகா᾵சிக῀ , தகவ᾿க῀,  விளᾰகᾱக῀,  தகவ᾿ பாிமாιறᾱக῀ மιᾠΆ   எᾨᾷᾐ  
வᾊவமாக  நி᾽ணயிᾰகᾺப᾵ᾌ  கιேபாᾞᾰᾁ  ஏᾐவாக  அைமᾰகᾺப᾵ᾌ῀ளᾐ .  

ேமᾤΆ இᾸத தமி῁ வழி இைணயதள ப᾿ᾥடக மிᾹகιற᾿ க᾵டைமᾺᾗ இைணய வசதிைய  
https://sites.google.com/s/1uKCj5Q26ffKPR2FISYURNN2uweaKarLk/p/1lwYQ6ym2S71h8rnFEi9Sg8yeL
O3yuP6U/edit எᾹற  இைணய  ᾙகவாியி᾿ ெசாᾌᾰகி  பயᾹபᾌᾷத ᾙᾊᾜΆ.  
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படΆ. 1 ᾙகᾺᾗ பᾰகΆ 

 
 
5. ᾙᾊᾫகளிᾹ விவாதΆ 

தமி῁ வழி இைணயதள ப᾿ᾥடக மிᾹகιற᾿ க᾵டைமᾺபிᾹ  ᾙத᾿ பᾰகΆ  ப᾵ᾌᾺᾗᾨ  
வள᾽ᾺபிᾹ  ப᾿ேவᾠ  கᾞᾷᾐ வைலᾺபᾰகᾱகைள கா᾵ᾌகிறᾐ. அதி᾿ ᾙᾰகியமான  ᾙᾆᾰெகா᾵ைட  
வள᾽Ὰᾗ, ப᾵ᾌᾺᾗᾨ  வள᾽Ὰᾗ ஆகியைவ  தனிᾷதனியாᾼ  தரᾺப᾵ᾌ῀ளᾐ. 

 

 

படΆ.2  ᾙᾆᾰெகா᾵ைட சாᾁபᾊ 
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படΆ.3  ᾙᾆᾰெகா᾵ைட இரகᾱக῀ ேத᾽ᾫ 

ᾙᾆᾰெகா᾵ைடயி᾿  ப᾿ேவᾠ ரகᾱக῀ உ῀ளன . அவιறி᾿  பல  அதிக  மகᾇ᾿  தᾞΆ  ரகᾱகᾦΆ, 
ெவ᾿ேவᾠ  ᾇ῁நிைலᾰᾁ  தᾁᾸத  ரகᾱகᾦΆ, ேநாᾼᾰᾁ  எதிரான  ரகᾱகᾦΆ  உ῀ளன. 

 

படΆ.4 ᾙᾆᾰெகா᾵ைட நாιறᾱகா᾿ அைமᾷத᾿ 

ᾙᾆᾰெகா᾵ைடயானᾐ  நாιறᾱகா᾿ ᾚலேம  வள᾽ᾰகᾺபᾌகிறᾐ . அேதாᾌ அᾐ  விவசாயிகᾦᾰᾁ  
எளிதாகᾫΆ , கால ேநரᾷைத  ᾁைறᾺபதாகᾫΆ உ῀ளᾐ. 

 

படΆ.4 ᾙᾆᾰெகா᾵ைட நடᾫ ᾙைற 

ᾙᾆᾰெகா᾵ைடயானᾐ  ப᾿ேவᾠ  நிலᾱகளி᾿  வள᾽ᾰகᾺபᾌகிறᾐ . ஆனா᾿  சில  நிலᾱகளி᾿  
ம᾵ᾌேம நᾹறாக  வள᾽கிறᾐ. அதιᾁ தᾁᾸத  நிலᾷதி᾿ ப᾿ேவᾠ  உᾷதிᾙைறக῀  ேதைவ. 
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படΆ.5 உரேமலாᾶைம 

ᾙᾆᾰெகா᾵ைடயிᾹ  வள᾽ᾲசிைய  அதிகாிᾰக  உரமானᾐ  ப᾿ேவᾠ நிைலகளி᾿ ,சாியான 
அளᾫகளி᾿  இட  ேவᾶᾌΆ 

 

படΆ.6  ேநாᾼ ேமலாᾶைம 

அᾺபᾊ வள᾽ᾰᾁΆ ேபாᾐ  ᾙᾆᾰெகா᾵ைடயானᾐ  ப᾿ேவᾠ ேநாᾼகளா᾿    பாதிᾰகᾺபᾌகிறᾐ 
.அவιைற  க᾵ᾌᾺபᾌᾷத சில  ᾙைறக῀ உ῀ளன. 
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படΆ.7  நீ᾽ ேமலாᾶைம 

தாவரᾷதிᾹ வள᾽ᾲசிᾰᾁ  நீ᾽  மிகᾫΆ  ᾙᾰகியமான   ஆதாரΆ ஆᾁΆ. நீைர  சிᾰகமானமாகᾫΆ , 
தாவரᾷதிᾹ  வள᾽ᾲசிைய பாதிᾰகாதவாᾠΆ   பயᾹபᾌᾷத  ேவᾶᾌΆ.   

 

படΆ.8  கவாᾷᾐ ெசᾼத᾿ 

தாவரᾷதிᾹ  வள᾽ᾲசிைய  அதிகாிᾰகᾫΆ , ப᾵ᾌᾺᾗᾨ  வள᾽Ὰᾗᾰᾁ  ஏιறவாᾠ  அதைன மாιறᾫΆ 
கவாᾷᾐ  ᾙᾰகியமானᾐ. 

இேத ேபாᾹᾠ ᾙᾆᾰெகா᾵ைட சாᾁபᾊᾰகான அைனᾷᾐ  
ெதாழி᾿ᾒ᾵பᾱக῀,ᾙᾆᾰெகா᾵ைட சாᾁபᾊᾰகான வரᾫ ெசலᾫᾺப᾵ᾊய᾿,இளΆᾗᾨ 
வள᾽Ὰபிιகான ெதாழி᾿ᾒ᾵பᾱக῀ மιᾠΆ அதιகான உιபᾷதிᾲ  ெசலᾫ மιᾠΆ வள᾽Ᾰத ᾗᾨ 
வள᾽Ὰபிιகான ெதாழி᾿ᾒ᾵பᾱக῀ மιᾠΆ உιபᾷதிᾰகான வரᾫ ெசலᾫᾺ  ப᾵ᾊய᾿ ேபாᾹறைவ 
இῂவிைணயதளப᾿ᾥடக மிᾹகιற᾿ க᾵டைமᾺபி᾿ பதிேவιறᾺப᾵ᾌ῀ளᾐ. 

ᾙᾊᾫைர 
ப᾵ᾌᾺᾗᾨவிய᾿ சா᾽Ᾰத தமி῁ வழி இைணயதள ப᾿ᾥடக மிᾹகιற᾿ க᾵டைமᾺᾗ எளிதி᾿ 

பயᾹபᾌᾷᾐΆ வைகயி᾿ ᾂᾁ῀ இைணயதள வசதியி᾿ க᾵டைமᾰகᾺப᾵ᾌ῀ளᾐ. ேமᾤΆ 
இῂவசதிைய ப᾿ேவᾠப᾵ட பயனாளிகளான  மாணவ᾽க῀, விவசாயிக῀, விᾴஞானிக῀, 
ெதாழி᾿ᾙைனேவா᾽, மιᾠΆ ஆ᾽வᾙ῀ள ெபᾶக῀ கιᾠ பயᾹெபᾠΆ வைகயி᾿ 
க᾵டைமᾰகᾺப᾵ᾌ அவ᾽களிᾹ வா῁வாதாரᾷைத ேமΆபᾌᾷத பயᾹபᾌΆ எᾹᾠ 
எதி᾽பா᾽ᾰகᾺபᾌகிறᾐ. இᾐ ᾙᾊவιற ெதாட᾽ᾲசியான ᾗᾐᾺᾗᾐᾷ தகவ᾿கைள பதிேவιறΆ ெசᾼᾜΆ 
விதᾷதிᾤΆ பயனாளிகᾦᾰᾁ தᾱகைளᾺபιறிய விவரᾱகைளᾜΆ ேதைவகைளᾜΆ 
எதி᾽பா᾽ᾺᾗகைளᾜΆ ேநரᾊயாக பதிேவιறΆ ெசᾼᾐ தகவ᾿கைள எளிதி᾿ பாிமாιறΆ ெசᾼᾜΆ 
வைகயி᾿ அைமவேதாᾌ ேதைவᾰேகιப ᾗதிய ெதாழி᾿ ᾒ᾵பᾱகைள ெதாட᾽Ᾰᾐ 
அளிᾰகᾰᾂᾊயதாகᾫΆ இῂவிைணயதளΆ அைமயவிᾞᾺபதா᾿ இᾐ ெதாட᾽Ᾰᾐ ᾗᾷதΆᾗதிதாக 
மிᾢᾞᾸᾐ ெகாᾶேட இᾞᾰᾁΆ.    
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Algorithms for certain classes of Tamil Spelling correction 
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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. ெதᾹற᾿காιᾠ = ெதᾹற᾿ + காιᾠ 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 NC2 x 323 x 323 options or  NC3  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[1:] 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 

ெசா᾿திᾞᾷதியி᾿ கணினி நிர᾿ ெசᾼயேவᾶᾊயᾐ இᾐேவ: 
1. உ῀ளீᾌ ெகாᾌᾰகப᾵ட ெசா᾿ சாியானதா, அ᾿லᾐ தவறானதா ? 
2. தவறான ெசா᾿ எᾹற ப᾵சᾷதி᾿ அதᾹ மாιறᾱக῀ எᾹெனᾹன ? 

 
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 

தமிழி᾿ உ῀ள மயᾱெகாᾢ எᾨᾷᾐக῀  நாᾹᾁ வாிைசயி᾿ அைமᾰகலாΆ [9], 

● ல, ழ, ள வாிைச. 

● ர, ற வாிைச. 

● ந, ன, ண வாிைச. 

● ங, ஞ, வாிைச. 

ெசா᾿திᾞᾷதியி᾿ கணினி நிர᾿ ெசᾼயேவᾶᾊயᾐ இᾐேவ: 

1. உ῀ளீᾌ ெகாᾌᾰகப᾵ட ெசா᾿ சாியானதா, அ᾿லᾐ தவறானதா? 

2. தவறான ெசா᾿ எᾹற ப᾵சᾷதி᾿ அதᾹ மாιறᾱக῀ எᾹெனᾹன? 

 

ᾙத᾿ பᾊைய எளிதாக ஒᾞ ைகயகராதிைய ெகாᾶᾌ ெசய᾿பᾌᾷதலாΆ. இதைன ஓபᾹ-தமி῁ (open-

tamil) solthiruthi ெதாᾁᾺபி᾿ Tamil VU மிᾹ அகராதிைய ெகாᾶᾌ ெசய᾿பᾌᾷதிᾜ῀ேளாΆ. சாியான 

ெசாιக῀, அதாவᾐ ேவ᾽ எᾌᾷத, ᾗண᾽ᾲசி மιᾠΆ சாᾸதி பிாிᾰகᾺப᾵ட ெசாιக῀ அைனᾷᾐΆ  

சராசாி மிᾹஅகராதியி᾿ காணலாΆ. இᾐேவ எளிதான பᾊ. 

 

இரᾶடாவᾐ பᾊதாᾹ ஒᾞ ெசா᾿திᾞᾷதியிᾹ சிறᾺபிιᾁΆ, தரᾷதிιᾁΆ,  ᾙᾰகியமானᾐ; 

இᾸத பதிவி᾿ எᾺபᾊ மயᾱெகாᾢ எᾨᾷᾐ பிைழகைள திᾞᾷதலாΆ எᾹᾠ சில எᾶணᾱகைள 
சம᾽ᾺபிᾰகிேறᾹ. உதாரணΆ உைரயிᾹ ெசா᾿ “பளΆ” எᾹபᾐ பிைழ எᾹᾠ கᾶடறியᾺப᾵டᾐ. இᾐ 

ப῀ளΆ, அ᾿லᾐ பழΆ எᾹᾠ இᾞ மாιறᾱகைள எᾨᾷதாள᾽ நிைனᾷதாᾤΆ இதைன பிைழயாக 

உ῀ளீᾌ ெசᾼᾐ῀ளா᾽. இᾱᾁ ள-ல-ழ மயᾰகΆ காணᾺபᾌகிறᾐ. இதைன கணினி “பலΆ”, “பழΆ” 

எᾹᾠΆ மாιᾠகைள உᾞவாᾰகி இதி᾿ அகராதியி᾿ உ῀ளவιைற ம᾵ᾌேம வᾊக᾵ᾊ 
எᾨᾷதாளᾞᾰᾁ பாிᾸᾐைர ெசᾼயேவᾶᾌΆ. 
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இதைன ெகாᾶᾌ அைணᾷᾐ மயᾱெகாᾢ பிைழகைள திᾞᾷᾐΆ ஒᾞ தᾹைம ெகாᾶட 
ெசா᾿திᾞᾷதிைய உᾞவாᾰகலாΆ. உதாரணΆ, 

வள᾽ᾲசி நிைலயி᾿ உ῀ள, தιேபாᾐ ெமᾹெபாᾞ῀ வᾊவைமᾺபி᾿ உ῀ள ெசா᾿திᾞᾷதி ஓபᾹ-தமி῁ 

ெதாᾁᾺபி᾿ காணலாΆ: [எᾲசாிᾰைக: இᾐ இᾹᾔΆ ெபாᾐ பயᾹபா᾵ᾊιᾁ ெபாᾞᾷதமானத᾿ல] 

:~/devel/open-tamil$ ./spell.sh -i  

>> பளΆ 

ெசா᾿ “பளΆ” மாιறᾱக῀ 

(0) பΆ, (1) பளᾁ, (2) உளΆ, (3) ப῀, (4) அளΆ, (5) ஆளΆ, (6) பழΆ 

 

இதᾹ ெசய᾿ᾙைற கீ῁கᾶடவாᾞ ைபᾷதᾹ  ெமாழியி᾿ அைமᾜΆ (இடΆ ᾆᾞᾰகᾷதிᾹ காரணமாக 

constructor மιᾠΆ சில comment/ᾁறிᾺᾗக῀ தரᾺபடவி᾿ைல: 
 

class Mayangoli: 
    varisai = [[ u"᾿", u"῁",u"῀"],[u"᾽", u"ι"],[u"Ᾰ",u"Ᾱ",u"ᾶ"],[u"ᾱ",u"ᾴ"]]#வாிைச. 

    @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] 
                idx += 1 
            word_alt = u''.join(alt_letters) 
            self.alternates.append(word_alt) 
        return True 

4. Algorithm For Conjoined Word Recognition 

[ெதᾹற᾿காιᾠ = ெதᾹற᾿ + காιᾠ ] இᾞ ெசாιகᾦΆ ெசா᾿ அகராதியி᾿ இᾞᾸதாᾤᾹ ᾂட 

இைனᾸத ெசா᾿ அகராதியி᾿ இᾞᾰகாᾐ. இதைன தιகாᾢக ெசா᾿திᾞᾷதிக῀ பிைழ எᾹᾠ 

ெசா᾿ᾤΆ. ஆனா᾿ இᾸத ெசய᾿ᾙைறயினா᾿ நாΆ இவιைற பிாிᾷᾐᾺ பா᾽ᾷᾐ சாியாᾹ ெசா᾿ 

எᾹᾠ கᾶடறியலாΆ. 

இᾸத ெசய᾿ᾙைற ஓᾺபᾹ தமி῁ ெதாᾁᾺபி᾿ இῂவாᾠ: 

 
class OttruSplit: 
    """ யாாிக῁Ᾰᾐ = [ᾼ  + ஆாிக῁Ᾰᾐ], [யா᾽, இக῁Ᾰᾐ] ,[யாாிᾰ, அ῁Ᾰᾐ], [யாாிக῁Ᾰᾷ,உ]""" 
    def run(self,lexicon): 
        self.generate_splits() 
        return self.filter(lexicon) 
    def generate_splits(self): 
        """ 

            யாாிக῁Ᾰᾐ = 

                [['ᾼ', 'ஆாிக῁Ᾰᾐ'], 

                 ['யா᾽', 'இக῁Ᾰᾐ'], 

                 ['யாாிᾰ', 'அ῁Ᾰᾐ'], 

                 ['யாாிக῁Ᾰᾷ', 'உ']] 

        """ 
        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 

 
    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 

அதாவᾐ தமிழி᾿ தமி῁99 அ᾿லᾐ அᾴச᾿ ேபாᾹற விைசகளிᾹ வழி உ῀ளீᾌ ெசᾼைகயி᾿ 

எᾨᾷᾐᾺபிைழக῀ வᾸᾐவிᾌΆ. இதைன எᾺபᾊ சாிபாᾺபᾐ ? சில ெசய᾿ᾙைறகைள இதιகாக 

ைகயாளலாΆ. இதᾹ விாிவாᾹ க᾵ᾌைரைய இᾱᾁ காணலாΆ [10]. 

 
 

Figure: (left) confusion matrix for Tamil-99 keyboard, (right) Keyboard layout - Tamil-99. 
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இᾸத அ᾿ேகாாிதᾷதிᾹ நிரலாᾰகΆ இᾱᾁ ஓᾺபᾹ தமி῁ திர᾵ᾊ᾿ ேச᾽ᾰகᾺப᾵டᾐ. இதைன நீᾱக῀ 

ᾙᾨேதடᾢ᾿ இடΆ ெகாᾌᾷதா᾿ 2398 விைடக῀ கிைடᾰᾁΆ – அதாவᾐ ᾙᾨ 4-எᾨᾷᾐ ெசா᾿ᾢᾹ 

4-எᾨᾷᾐ ெதாைலவி᾿ உ῀ள திᾞᾷதᾱக῀ எ᾿லாவιைறᾜΆ ேதᾌவதா᾿ உᾶடாᾁΆ தகவ᾿ 

ெவ῀ளᾺெபᾞᾰᾁ; சாதாரணமாக 1 அ᾿லᾐ 2 எᾨᾷᾐᾺபிைழக῀ ம᾵ᾌேம உ῀ளன எᾹபᾐ 

அறிவியலாள᾽க῀ கணிᾺᾗ. இைத நாΆ ெசய᾿பᾌᾷᾐΆ ‘tree pruning search‘ அ᾿ெகாாிதΆ 

வைகயினா᾿ நாΆ 56 மாιறᾱகᾦᾰᾁ῀ ம᾵ᾌேம ேதட᾿கைள நடᾷதி இᾸத த᾵டᾲᾆ ைகவிர᾿ 

தவரான உ῀ளீ᾵ᾊιᾁ தீ᾽ᾫ காணலாΆ.  

இதᾹ சிᾰக᾿ அளᾫ [computational complexity] எᾹபᾐ, ஒᾞ n-எᾨᾷᾐ ெசா᾿ எᾹᾠ ெகாᾶடா᾿, 

O(k1 x k2 x k3 … kn ) = O( kn ) எᾹᾠ அதிக ப᾵சமாக இᾞᾰகலாΆ எᾹᾠ [ஏேதா ஒᾞ k > 0 எᾶணா᾿] 

எᾹᾠ நΆமா᾿ கா᾵டᾙᾊᾜΆ. 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=1,level=0,pos=0,candidates=None): 
    """ 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): 
    """ 
    @input: word_in - input word 
         dictionary - dictionary/lexicon 
         keyboard_cm - confusion matrix for keyboard in question 
    """ 
    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/Ml 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.I. 
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) அᾹேப சிவΆ. 2) அᾹேப சவΆ 
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 use 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 சவΆ is not a highly probable 
successor to 'அᾹேப' 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 AI 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. 
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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 “இᾞᾸதᾐ” (irunthathu). 
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இᾞᾸதᾐ (irunthathu) =  இᾞ (iru) (Root Verb)  + Ᾰதᾐ (inthathu) (suffix)  

Ᾰதᾐ (inthathu) (Suffix)  =  Ᾰᾷ (inthth) (Past Tense Marker) + உ (u) (Verbal Participle  

        Suffix) + அᾐ (athu) (Genitive Case) 

இᾞᾸதᾐ (irunthathu)  = இᾞ (iru) (Root Verb) + Ᾰᾷ (inthth) (Past Tense Marker) +       

உ (u) (Verbal Participle Suffix) + அᾐ (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. 
 
 

 
 
Figure 1: Graphical User Interface of our Tamil Morphological Generator Tool using the Word “ேபᾆ “ 
(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 



189 

 

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 
words 

Sense Admissible 
words 

Sense 

அவᾹ 
(avan) (he) 

Third party, Male, human நாᾹ (nān) 
(I) 

First Party, 
Singular, Human 

அவ῀ (aval) 
(she) 

Third party, Female, Human நாᾱக῀ 
(nāngal) 
(we) 

First party, Plural, 
Human 

அவ᾽ (avar) 
(he/she) 

Third party, Singular,  gender 
neutral, human 

நீ (nī) (you) Second Party, 
Singular, Human 

அவ᾽க῀ 
(avargal) 
(they) 

Third party, Plural, Human நீᾱக῀ 
(nīngal) 
(you) 

Second party, 
Plural, Human 

அᾐ (athu) 
(it) 

Third Party, Singular, dead, non-
viable and all living beings 
except human 

ேநιᾠ 
(nētru) 
(yesterday) 

Past Tense marker 

அைவ 
(avai) (they) 

Third Party, Plural, dead, non-
viable and all living beings 
except human 

இᾹᾠ 
(inru) 
(today) 

Present Tense 
marker 

  நாைள 
(nālai) 
(tomorrow) 

Future Tense 
marker 

 
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 “ேபᾆ” (pesu). 
Table 7: Results for the root verb “ேபᾆ” (pesu)(speak) from our Morphological generator for all 30 forms. 
 

Gender / 
Tense ேநιᾠ(netru)-

Yesterday 
இᾹᾠ(intru)-Today நாைள(netru)-Tomorrow 

அவᾹ 
(avan)(he) 

ேபசினாᾹ 
(pēasinan) 

 ேபᾆகிᾹறாᾹ 

 (pēasukinrān) 
 ேபᾆவாᾹ (pēasuvān) 

அவ῀ 
(aval)(she) 

ேபசினா῀ 
(pēasinal) 

 ேபᾆகிᾹறா῀ 

 (pēasukinrāl) 
 ேபᾆவா῀ (pēasuvāl) 

அவ᾽ 
(avar)(he/she
) 

ேபசினா᾽ (pēasinār) 
 ேபᾆகிᾹறா᾽ 

 (pēasukinrār) 
 ேபᾆவா᾽ (pēasuvār) 

அவ᾽க῀ 
(avargal) 

(they) 
ேபசின᾽ (pēasinar) 

 ேபᾆகிᾹறன᾽ 

 (pēasukinranar)  ேபᾆவ᾽ (pēasuvar) 

அᾐ 
(athu)(it) 

ேபசியᾐ 
(pēasiyathu) 

 ேபᾆகிᾹறᾐ 

 (pēasukinrathu) 
 ேபᾆΆ (pēasum) 

அைவ 
(avai)(them) 

- - - 

நாᾹ (nān)(I) ேபசிேனᾹ 
(pēasinen) 

 ேபᾆகிேறᾹ 

 (pēasukiren) 
 ேபᾆேவᾹ (pēasuven) 

நாᾱக῀ 
(nāngal)(we) 

ேபசிேனாΆ 
(pēasinōm)  

 ேபᾆகிேறாΆ 

 (pēasukirom) 
 ேபᾆேவாΆ (pēasuvōm) 

நீ (nī) 
(you - 
singular) 

- 
 ேபᾆகிறாᾼ 

 (pēasukirāi) 
- 

நீᾱக῀ 
(nīngal) 

(You - plural) 

ேபசினீ᾽க῀(pēasine
rrkal) 

 ேபᾆகிறீ᾽க῀ 

 (pēasukireerkal) - 

 
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 “ேபᾆ” (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: 

                                        
 

 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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Sd1 is the standard deviation of the samples in English words present in the Dataset 
Sd2 is the standard deviation of the samples in Tamil words present in the Dataset 
X1 is the mean average of the English words in the Dataset 
X2 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: H0 = µ1 = µ2 

      Where µ1 is the Mean of Group 1 and µ2 is the Mean of  Group 2 
H0 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 

i.e., µ2 < µ1. 
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 = µ1 ≠ µ2 

               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 = அனைத்து, முழுனையாை 
Length of Tamil Word அனைத்து = 4 
Length of Tamil Word முழுனையாை = 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 
Alphabets 

Length of the  
English word 

Equivalent Tamil  
Meaning 

Length of 
the Tamil 
word 

1 Arm 3 னை 1 

2 Art 3 ைனை 2 

3 Aye 3 ஆம் 2 

4 Act 3   நடிப்பு,  செயல் 4, 3 

5 Add 3 கூட்டு 3 

6 Ago 3 முன்பு 3 

7 Aid 3 உதவி 3 

8 Axe 3 கைாடாரி 3 

9 Ail 3 வருந்து 4 

10 Aim 3 கநாக்ைம் 4 

11 Any 3 யாராவது 4 

12 Awl 3   குத்தூெி 4 
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13 All 3  அனைத்து, முழுனையாை 4,5 

14 Ask 3 கைளுங்ைள் 5 

15 Apt 3 ச ாருத்தைாை 6 

 
The mathematical formula for calculating the average of English word length is given by:  
 

µ1 =  1
𝑛

∗  
𝑁

𝛴  𝑥𝑖
𝑖 = 1

                       

 
µ1 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:  
 

µ2 =  
1
𝑛

∗  
𝑁

𝛴  𝑥𝑗
𝑖 = 1

 

 
µ1 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. 
µ2 is the mean word length of the Tamil words. 
 
 After calculations, it is observed that the average of English word for length µ1  is 3 and its Equivalent Tamil 
word µ2 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 
Alphabets 

Length of 
the English 
word 

Equivalent Tamil 
Meaning 

Length of the 
Tamil word 

1 Achievement 11 ொதனை 3 

2 Affiliation 11 சதாடர்பு 4 

3 Arrangement 11 ஏற் ாடு 4 

4 Accommodate 11 இடங்சைாடு 5 

5 Affirmation 11 உறுதிசைாழி 5 

6 Agriculture 11 விவொயம் 5 

7 Anniversary 11 ஆண்டு விழா 5 

8 Appointment 11 நியைைம் 5 

9 Appropriate 11 அதற்ைாை 5 

10 Archaeology 11 சதால்ைியல் 5 

11 Adventurous 11 ொைெங்ைள் 6 

12 Altercation 11 வாய்ச்ெண்னட 6 

13 Archipelago 11 தீவுக்கூட்டம் 7 
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14 Aristocracy 11  ிரபுத்துவம்  7 

15 Anesthesia 11 ையக்ை ைருந்து 8 

16 Ameliorate 11 ெீர் டுத்து 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.  
 

 
 

Fig1.  Graph for English and Tamil word length Average values Calculated from the dataset 
 

 
7. STATISTICAL ANALYSIS OF ENGLISH WORDS LENGTH OVER TAMIL 

 
It is observed from the Table 3 that  µ2   < µ1 ,   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’.  
µ2   > µ1,   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     µ1 

 
       µ2 SD1 SD2 T 

VALUE 
H0 = µ1 - µ2 

 
HA ≠ µ1 - 
µ2 

 

P Value 

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 4.42 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 0 2.683 12.6  Accepted Less than 0.0001 

11 6 12 6 0 0.5774 5.5  Accepted Less than 0.0001 

12 4 13 4.5 0 0.5774 29.4  Accepted Less than 0.0001 

13 1 15 15 0 4 -  Accepted  

 
µ1   -   Average Mean length of English words in the dataset 
µ2   -   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 
Alphabet A 
              

Tamil Equivalents 
words from English 
Alphabet “A” 

Total No. of words,  N 524 524 
Mean µ1    = 7.185 µ2   = 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 
ைின்னுவசதல்ைாம் ச ான்ைல்ை. 

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  
ஒகர ஒரு ைரம்  ழத்கதாட்டம் ஆைாது 

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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     கணினி வழி தமிழ் மமொழி கற்றல் - கற்பித்தல்

(Computer-Aided Learning and Teaching of Tamil)

   தமிழ் இ�ணய மொநொ� - ௨௦௧௯

�.   ஆனந்த பொரதி (இநத்ியொ)

�ன்��ர:-

                மதொன்�ம�ம் மதொடர்ச்சி�ம் வளர்சச்ி�ம் உ�டய தமிழ்மமொழியொன" தமிழ்நொ�,  இலங்�க,
ம$லசியொ,     சிங்கப்%ர் ஆகிய நொ�களில் தொய்மமொழியொக,  �தல்மமொழியொகக்
கற்&க்மகொ�க்கப்பட்�வ'கிற".   தற்$பொ" மமொரீஷியஸ்,      பிஜி $பொன்ற நொ�களி,ம் அங். வொ/ம்

    தமிழர்கள் தமிழ்க் கல்விக். �க்கியத்"வம் அளித்"வ'கின்றனர்.  அமமரிக்கொ,   ஐ$ரொபப்ிய நொ�களி,ம்
       1லம்மபயரந்்த தமிழர்கள் தங்கள் .ழந்�தக2க்.த் தமி�ழக் கற்பிக்கப் பல்$வ& �யற்சிக�ள

$மறம்கொண்�வ'கின்றனர். 

              தமிழ்மமொழியொன" இவ்வொ& �தலம்மொழியொக3ம்,இரண்டொம்மமொழியொக3ம்,   4ன்றொம் அலல்"
  அந்நியமமொழியொக3ம் உலமகங்.ம் கற்பிக்கப்பட்�வ'கிற".    ஒ' மமொழி�ய �தல்மமொழியொகக்

     கற்பிப்பதற்.ம் இரண்டொமம்மொழியொகக் கற்பிப்பதற்.ம் 4ன்றொமம்மொழியொகக் கற்பிப்பதற்.ம் இ�டயில்
 $வ&பொ�கள் உண்�.     தமிழ்மமொழிக் கல்விக்கொன பொடதத்ிட்டம் தயொரிப்பதி,ம்,   அவற்�றக் கற்பிக்.ம்

    $பொ"ம் இநத் $வ&பொடொன" மனதில் மகொள்ளப்பட$வண்�ம்.

  மமொழிதம்தொழில்6ட்பம் ( Language Technology):-

                 ச4க வொழ்க்�கயில் நொம் நம" உணர்3க�ள�ம் க'த்"க�ள�ம் $த�வக�ள�ம் பிறர்க்.ப்
   1லப்ப�த்"வ" மிகத் $த�வயொன ஒன்றொ.ம்.    இந்தப் 1லப்ப�த்தச் மசயலப்ொட்7ன்

(Communication  )       ஊ$ட நொம் வொ/ம் இயற்�க�ய�ம் ச4கத்�த�ம் 1ரிந்"மகொண்�,  நமக்.த்
  $த�வயொன வ�கயில் மொற்றி,பயன்ப�தத்ிக்மகொள்கி$றொம்.   மசயல்��னப்1ள்ள இக்க'த்"ப் 1லபப்�த்தச்
  மசயல்பொ$ட க'த்தொடல் ( Discourse)  என்ற�ழக்கப்ப�கிற".      நொம் $மறம்கொள்கிற க'தத்ொடலில் மிகப்

     மபரிய பங். ஆற்&வ" நம" இயற்�கமமொழி$ய ஆ.ம்.   இயற்�கமமொழி$யொ� (Verbal)   நம" உடல்
அ�ச3கள்,  �கத்$தொற்றங்கள்,  �ச�ககள்,  .றியீ�கள்,     படங்கள் $பொன்ற மமொழிசொரொக் :&க2ம்
( non-verbal )   நம" க'த்தொடலில் பங்$கற்கின்றன.

                 $பச்�மமொழியொக இ'ந்த பல மமொழிகள் தம" வரலொற்றில் எ/த்"மமொழிகளொக3ம் வளரந்்தன.
   மனிதன் தன" க'த்"க�ளக் கொலம்,       இடம் கடந்" நீ7ப்பதற்கொக எ/த்"கள்4லம் பதி3 மசய்யத்

   மதொடங்கிய�தமயொட்7 எ/த்"வழக்.கள் $தொன்றி வளரந்்தன.  கல்மவட்�கள்,  ஓ�லச்�வ7கள்,
      இன்�றய அச்�ப் ப�டப்1கள் அ�னத்"$ம நம" க'த"்க�ளப் பதி3மசய்",  கொலம்,   இடம் கடந்"
      பிற'க்.த் மதரிவிப்பதற்கொக நொம் உ'வொக்கிய மமொழித் மதொழில்6ட்பங்க$ள (  Passive  Language

Technology)  ஆ.ம்.

  மதொழில்6ட்ப�ம் அறிவிய,ம் ( Technology and Science):-

                 மதொழில்6ட்பக் க'விகள் என்ப�வ நம" இயற்�கத் திறன்களின் மசயல்பொ�க�ள மமன்$ம,ம்
   விரிவொக்.ம் க'விக$ள ஆ.ம் ( enhancement of human abilities) .     நம" கண் பொர்�வத் திற�ன
   விரிவொக்.ம் க'விக$ள 6ண்$நொக்கி ( Microscope) , மதொ�ல$நொக்கி( Telescope)  ஆகிய�வ ஆ.ம்.

         நம" வொய் 4லம் உ'வொக்.ம் ஒலிக�ள வ,ப்ப�தத்3ம் மந�ந்<ரம் எ�த்"ச் மசல்ல3ம் பயன்ப�ம்
 க'விக$ள ஒலிமப'க்கி,  மதொ�ல$பசி,    அ�ல$பசி ஆகிய�வ ஆ.ம்.   $வகமொக3ம் வி�ரவொக3ம்
     இடம்விட்� இடம்மபயர நமக்.ப் பயன்ப�ம் மபொறிக$ள மிதிவண்7,  $ப'ந்",  மதொடரவ்ண்7 ஆகிய�வ

ஆ.ம்.        பற�வ$பொன்& வொனத்தில் பறந்"மசல்ல நொம் உ'வொக்கிய மபொறி$ய விமொனமொ.ம்.அறிவியல்
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      அறிந்":&கிற உண்�மகளின் அ7ப்ப�டயில் மதொழில்6ட்பம் நமக். பலவ�கக் க'விக�ள�ம்
  மபொறிக�ள�ம் உ'வொக்கித் த'கிற".

              இயற்�கயின் பண்1க�ள அறிந்" :&ம் இயற்பியல்,  $வதியியல்,  உயிரியல் $பொன்ற
          அறிவியல்"�றகள் $பொன்ற$த நம" இயற்�கமமொழித் திற�னப் பற்றிக் :&ம் மமொழியியல் "�றயொ.ம்

( Linguistics) .  அ"$பொன்& ,       நம" இயற்�கமமொழித் திற�ன $ம,ம் விரிவொக்க அல்ல" வளர்த்மத�க்க
      நொம் உ'வொக்கிய மமொழிதம்தொழில்6ட்ப$ம �ன்னர் .றிப்பிட்ட எ/த்"மமொழி,  கல்மவட்�,  ஓ�லச்�வ7,
  அச்� ஆகிய�வ ஆ.ம்.

  மசயல்��னப்1ள்ள மபொறிகள் ( Active Technology oriented Machines):-

            இன்�றய அறிவியல் ,     மதொழில்6ட்பம் ஒ' அ�த்த கட்ட,    உயர் வளர்ச்சி�ய எட்7�ள்ள".  நொம்
        உ'வொக்.கிற க'விக2ம் மபொறிக2ம் நம" கட்ட�ளக�ள ஏ$தொ ஒ' வ�கயில் 1ரிந்"மகொண்�, நம"

  இ�கிற கட்ட�ளக�ளச் மசயலப்�த்"கின்றன.      ஒ' .றிப்பிட்ட இயற்பியல் <ண்�த,க். ஒ' .றிப்பிட்ட
     மசய�லப் மபொறிகள் $மறம்கொள்கின்றன அல்ல" த'கின்றன ( Stimulus - Response ).   நம" 1வியில்

     இ'ந்"மகொண்$ட மசவவ்ொய்க் கிரகத்திற். ஆய்3க் க'விக�ள அ�பப்ி,    நொம் மசய்ய வி'ம்1கிற
  பணிக�ள அவற்றிற்.ப் 1லப்ப�த்தி,    அவற்�றச் மசயல்பட �வக்கி$றொம்.   1ரிந"்மகொள்2ம் திறனற்ற
 மபொறிகள் (  Passive  Technology  Machines)    என்ற நி�லமொறி,   இன்& 1ரிந்"மகொண்� மசயல்ப�ம்
 மபொறிகள் (  Active  Technology  Machines)   -   $ரொ$பொட்கள் -    என்ற வளரச்்சிநி�ல�ய நம"

 மதொழில்6ட்பம் மபற்&ள்ள".

              1ரிந்"மகொண்� மசயல்ப�ம் மபொறிகள் என்& :&ம்$பொ",    எவவ்ொ& 1ரிந்"மகொள்கின்றன என்ற
   வினொ நம் �ன் நிற்கிற".  ஒலி,   ஒளி ,   மின்$னொட்டம் ,     மின்த�ட $பொன்ற இயற்பியல் (Physical)

   :&க�ளக் 1லப்ப�த்தக் :&களொகக் மகொண்�,   பல க'விகள்,   மபொறிகள் மசயலப்�கின்றன.  ஆனொல்
 இன்�றய அறிவியல்,       மதொழில்6ட்ப வளர்ச்சி அ�த்த கட்ட நி�ல�ய எட்7�ள்ள".  இயற்பியல்

:&க$ளொ�,     நொம் பயன்ப�த்"ம் இயற்�கமமொழிக�ள�ம் (Natural  languages)    நம்�மப் $பொன்$ற
   1ரிந்"மகொண்� மசயல்ப�ம் மபொறிகள் உ'வொக்கப்பட்�வ'கின்றன.

  கணினியில் மமொழித்மதொழில்6ட்பம் ( Language Technology in Computer):-

                இநத் உயர்நத் கட்ட வளர்ச்சிக். அ7ப்ப�டயொன"தொன் கணினியியல் "�றயொ.ம்.  கணினி என்ப"
       நம" கட்ட�ளக�ள மமொழிகள் வொயிலொகப் 1ரிந்"மகொண்� மசயல்ப�ம் ஒ' மபொறியொ.ம்.   இன்& இநத்

    மமொழிகள் கணினிக்மகன்& உ'வொக்கப்ப�கிற மசயற�்கமமொழிகளொக (  சி,  சி+,  ஜொவொ, �பத்தொன்
 $பொன்ற மமொழிகளொக)  அ�மந்"ள்ளன.       இ'ப்பி�ம் இந்தச் மசயற�்கமமொழிகள் வொயிலொக நொம் இ�கிற

   கட்ட�ளக�ளக் கணினிப் மபொறி 1ரிந்"மகொண்�,     நொம் இ�கிற பணிக�ள நி�ற$வற்&கின்றன.  என$வ
    இ" கணினிக்மகன்& உ'வொக்கப்பட்�ள்ள மசயற�்கமமொழித் மதொழில்6ட்பமொ.ம்.

             அ�த்த கட்ட வளர்சச்ியொக ,      நம" இயற்�கமமொழிகளின் வொயிலொக$வ நம" கட்ட�ளக�ளக்
    கணினி 1ரிந்"மகொண்� மசயலப்�வதற்.த் $த�வயொன அறிவிய,ம்,   மதொழில்6ட்ப�ம் இன்&

வளர்ந்"வ'கின்றன.       கணினியியல் $நொக்கில் நம" இயற்�கமமொழிக�ள ஆரொ�ம் அறிவிய$ல
 கணினிமமொழியியலொ.ம் (Computational  Linguistics).    அதன் அ7பப்�டயில் உ'வொக்கப்ப�கிற

   மதொழில்6ட்ப$ம கணினிக்$கற்ற மமொழிதம்தொழில்6ட்பமொ.ம் ( Active Language Technology ).

 1தியவ�க மமொழித்மதொழில்6ட்பம்:-

             நொம் �ன்னர் .றிப்பிட்ட கல்மவட�், ஓ�லச்�வ7,   அச்� $பொன்ற�வ�ம் மமொழிதம்தொழில்6ட்பங்க$ள
      என்றொ,ம் அவற்றிற்.ம் கணினிவழி மமொழித்மதொழில்6ட்பத்திற்.ம் அ7ப்ப�ட $வ&பொ� உள்ள".

      �ந�்தய மமொழிதம்தொழில்6ட்பங்கள் எலல்ொம் நம" மமொழிவழிக் க'த்"க�ளப் பதிந்"�வக்.ம்
 மதொழில்6ட்பமொக$வ (Passive Language Technology)  அ�மகின்றன.  பதிந்"�வக்கிற க'த்"க�ளப்

    1ரிந்"மகொண்� மசயல்ப�ம் மமொழிதம்தொழில்6ட்பம் அல்ல அ�வ.   ஆனொல் கணினிவழி
      மமொழிதம்தொழில்6ட்பத்தின் அ7ப்ப�ட$ய நொம் மமொழிவழி மதரிவிக்கிற க'த்"க�ளப் 1ரிந்"மகொண்�,

      மசயல்ப�ம் மசயல்��னப்1ள்ள மமொழித்மதொழில்6ட்பமொ.ம் (Active Language Technology) .
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               நொம் நம" இயற்�கமமொழிவொயிலொக �ன்�வக்கப்ப�கிற க'த்"க�ளப் 1ரிந்"மகொண்�
மசயல்ப�வ"$பொல,    கணினி�ம் 1ரிந"்மகொண்� மசயல்பட$வண்�ம்.   $பச்� வழியொக$வொ

   எ/த்"வழியொக$வொ நொம் க'த்"க�ள �ன்�வக்.ம்$பொ",  கணினியொன" மமொழிதம்தொடர்க�ள
ஆய்ந்",     க'த"்க�ளப் பிரிதம்த�க்.ம் திற�னப் (  Natural  Language  Processing  -  NLP)
மபற$வண்�ம்.     நம்�மப் $பொன்$ற மமொழிவழிச் மசயல்பொ�க�ள $மறம்கொள்ள$வண்�ம்.

   கணினித்தமிழ் வளர்சச்ியில் இரண்� கட்டங்கள்:-

             $மற்:றிய க'த்"களின் அ7ப்ப�டயில் $நொக்கினொல்,    கணினித்தமிழ் என்ப" தமிழ்மமொழி�யக்
    கணினி $பொன்ற மின்ன> சொதனங்கள் கற்&க்மகொண்�,     அதன7ப்ப�டயில் நொம் தமிழில் இ�கிற

   கட்ட�ளக�ளப் 1ரிந்"மகொண்� மசயலப்�வ$த ஆ.ம்.

            கணினித்தமிழின் �தல் கட்டம்,   தமிழ்மமொழி�யக் கலம்வட்�,ஓ�லச்�வ7,   அச்� ஆகியவற்றில்
பதிவ"$பொல,    கணினியில் பதி3 மசய்வதொ.ம்.   தமிழ் எ/த்"'க்க�ள
உ'வொக்.வ".  வி�சப்பல�கக�ள உ'வொக்.வ",  இ�ணயதளம்,  மின்னஞ்சல்,  வ�லப்%க்கள்,

     விக்கிபீ7யொ $பொன்றவற்றில் தமி�ழ இடம்மபறச்மசய்வ" $பொன்ற மசயல்க�ள
$மறம்கொள்வதொ.ம்.      இவற்றில் தற்$பொ" நொம் .றிப்பிட்ட அள3 மவற்றிய�டந்"ள்$ளொம்.   இந்த மவற்றியில்

 ஒ'ங்.றி ( Unicode) வ'�க,      வி�சப்பல�க தரப்ப�த்தம் ஆகிய�வ நமக். மபரி"ம் உதவி�ள்ளன.

             கணினித்தமிழின் அ�த்த உயர்நத் கட்டம்,   கணினிக்.த் தமிழ்மமொழி�யக் கற்&க்மகொ�த்", நம"
    பல$்வ& மமொழித் மதொழில்6ட்பத் $த�வக�ள நி�ற$வற்றிக்மகொள்வதொ.ம்.  மசொல்தி'தத்ி,  இலக்கணத்
 தி'தத்ி ,  எ/த்" -  $பச்�மொற்றி ( Text to Speech - TTS ) ,  $பச்� -  எ/த"்மொற்றி ( Automatic Speech

Recognizer  -  ASR  ),    ஒளிவழி எ/த்தறிவொன் (  Optical  Character  Recognizer  -
OCR  ),  இயந்திரமமொழிமபயரப்்1 (  Automatic  Machine  Translation  -  MT  )  $பொன்ற

  மமொழிதம்தொழில்6ட்பங்கள் தமிழில் மப'க$வண்�ம்.  

   கணினிக்.த் தமிழ் கற்பிதத்ல் ( Teaching Tamil to Computer):-

            இதற். �தல் அ7ப்ப�ட,    தமிழ்மமொழி அறி�வக் கணினிக்.க் மகொ�ப்ப$தயொ.ம். மனித4�ள
 இயற்�கமமொழி�யக் கற்&க்மகொண்�,  பயன்ப�த்"வதற்.ம்,  கணினி

கற்&க்மகொண்�,   பயன்ப�த்"வதற்.ம் $வ&பொ�கள் உண்�.    மனித4�ள ஒ' உயிரி-$வதியியல்
 உ&ப்பொ.ம் (bio  -  chemical  organ).   கணினி அப்ப7ப்பட்டதலல்.    அ" மின்ன>வியல் அ7ப்ப�டயில்

   அ�மந்"ள்ள ஒ' மபொறி$யயொ.ம் (  Electronic  Chip)  .    என$வ ஒ' இயற்�கமமொழி�ய
   மனித4�ளக்.க் கற்&க்மகொ�ப்பதற்கொக உ'வொக்கப்ப�கிற இலக்கணம்,   அகரொதி $பொன்றவற்�ற

  அப்ப7$ய கணினிக்.க் மகொ�த்",    அ�தக் கற்&க்மகொள்ளச் மசய்ய�7யொ".கணினியின்
     திற�க்$கற்றவொ& மமொழி�யக் கற்&க்மகொ�ப்பதில் இரண்� க'த்"க�ளக் கவனத்தில்

மகொள்ள$வண்�ம்.  

 ஒன்&,     தமிழ்மமொழி இலக்கணத்�தக் கணினிக்$கற்ற கணிதவொய்பொ�களொக
(  mathematical  formulae)    மொற்றிக் மகொ�ப்பதொ.ம்.  �ழியம்,    ஒன்& என்ற இரண்�

     எண்களின் அ7ப்ப�டயில்தொன் கணினி எந்தமவொ' அறி�வ�ம் மபற்&க்மகொள்கிற".
      இந்த இரண்� எண்க�ளப் பலவ�ககளில் �கயொ2வதன்4ல$ம கணினி தனக்.

   இடப்ப�கிற எந்தமவொ' கட்ட�ள�ய�ம் மசயல்ப�த்"கிற".    மமொழி அறி3ம் எண்களின்
    அ7ப்ப�டயில் அ�மகிற கணினி வொய்பொ�களொக அ�ம�ம்$பொ"தொன்,  கணினியொல்

 அ�தக் �கயொள�7�ம்.    என$வ மனித 4�ளக்கொக உ'வொக்கப்பட்�ள்ள
மதொல்கொப்பியம்,      நன்@ல் $பொன்ற இலக்கண Aல்க�ளக் கணினிக்$கற்ற கணிதவழி

 இலக்கணமொக (  Computational  Tamil  Grammar  )  மொற்றிக்,  கணினிக்.
அளிக்க$வண்�ம். 

 மற்மறொன்&,     நொம் நம" மமொழி�யக் �கயொ2ம்$பொ",   உலகத்�தப்பற்றிய நம" பின்1ற
 அறி3 (  Pragmatic  Knowledge  )  மிக3ம் உத3கிற".   அதன் பயனொக,  மசொல்லி$லொ

    அல்ல" மதொடரி$லொ மபொ'ள் மயக்கம் (  Word  Sense  Ambiguity  )
ஏற்பட்டொல்,  $பசப்ப�கிற மபொ'ள்,      $ப�ம் Bழல் $பொன்ற�வ நமக். உதவி மசய்", மபொ'ள்
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  மயக்கத்�தத் தவிர்க்கின்றன (  Disambiguation  )  .   கணினிக். இ"$பொன்ற பின்1ல
  அறி3 இன்& அ�மயவில்�ல.என$வ,     அதனொல் நம்�மப்$பொன்& மபொ'ள் மயக்கத்�தத்

தவிர்க்க�7யொ".      இச்Bழலில் மபொ'ள் மயக்கத்�தத் தவிர்ப்பதற்.க் கணினிக்.ப்
  பலவ�ககளில் நொம் உதவ$வண்�ம்.

       $மற்:றிய இரண்�ட�ம் �கயொ2வதற்கொன உத்திக�ளத் த'வ$த கணினிமமொழியியல் என்ற ஒ'
 அறிவியல் "�றயொ.ம்.      இந்த அறிவியல்"�றயின் அ7ப்ப�டயில் தமிழ்மமொழி அறி3 (இலக்கணம்,

  மசொற்களஞ்சிய அறி3 $பொன்ற�வ)     கணினிக்$கற்ற தமிழ்மமொழி அறிவொக மொற்றிய�மக்கப்பட$வண்�ம்.
  இ"$வ கணினித்தமிழ் இலக்கணமொ.ம்.

   கணினிவழித் தமிழ் ஆய்3 ( Computational Tamil Research ):-

          $பசம்சொலி,  எ/த்",  மசொல்,  மதொடர்,  ப�வல்,      மபொ'ண்�ம என்& பல நி�லகளில் தமிழ்மமொழி
   அ�மப்1 கணினிமமொழியியல் $நொக்கில் ஆரொயப்பட$வண்�ம்.   அப்$பொ"தொன் தமிழ்மமொழி�யக்

  கணினிக்.க் கற்&க்மகொ�க்க �7�ம்.    இவ்வொ& கற்&க்மகொ�க்.ம் $பொ"தொன்,  அதன7பப்�டயில்
    நமக்.த் $த�வயொன தமிழ்மமொழித் மதொழில்6ட்பங்க�ள (  Tamil  Language Technology )  நம்மொல்

உ'வொக்க�7�ம்.   தமிழ் மமன்மபொ'ள்கள் உ'வொ.ம்.

              $மற்:றிய கணினித்தமிழ் இலக்கண உ'வொக்கப்பணிகளில் �தலொவ",  தர3மமொழியியல்
( Corpus Linguistics )   அ7பப்�டயிலொன தமிழ் ஆய்வொ.ம்.     சங்கத் தமிழிலி'ந்" இன்�றய தமிழ்வ�ர ,

     தமிழின் இலக்கணத்�த�ம் மசொற்களஞ்சியத்�த�ம் மப&வதற்.த் தமிழ்த்தரவகம் (  Tamil  Corpus )
உ'வொக்கப்பட$வண்�ம்.        உ'வொக்கப்பட்ட தமிழ்த் தரவகத்தின் அ7ப்ப�டயில் தமிழ்மமொழியின் அ�மப்1 (
இலக்கணம்)  எ/த"்,  மசொல்,      மதொடர் $பொன்ற அ�னத்" நி�லகளி,ம் ஆரொயபப்ட$வண்�ம்.  உ'பன்

 ப.ப்பொய்வி ( Morphological Parser ),   மதொடரன் ப.ப்பொய்வி ( Syntactic Parser )    $பொன்ற பல ஆய்3க்
  க'விகள் தமி/க். உ'வொக்கப்பட$வண்�ம்.

               கணினிமமொழியியல் அ7ப்ப�டயில் இன்�றய எ/த்"த் தமி�ழ எ/த்",   மசொல் நி�லகளில்
   ஆரொ�ம் உ'பன் ப.பப்ொய்வி�ய $பரொசிரியர்.ந.      மதய்வ�ந்தரம் மற்&ம் அவர்தம் ./வினர்கள் இ�ணந்"

உ'வொக்கி�ள்ளொர்.          அதன் பயனொக இன்& சில மமொழி பதிப்1க் க'விக�ள உ'வொக்க �7ந்"ள்ள".
.றிப்பொக,  மசொறப்ி�ழதி'த்தி,   சந்திப்பி�ழதி'தத்ி ,     அயல்மமொழிச்மசொல் தவிரப்்1 $பொன்ற சில

    தமிழ்மமொழிக்கொன மமன்மபொ'ள் க'விக�ள உ'வொக்க �7ந்"ள்ள".    தமிழ் உ'பன் ப.ப்பொய்வி�யத்
மதொடர்ந்",      தமிழ்தம்தொடரன் ப.ப்பொய்வி உ'வொக்.ம் �யற்சி $மறம்கொள்ளப்பட்�வ'கிற".  இந்த �யற்சி
மவற்றிய�ட�ம்$பொ",       தமிழ்தம்தொடரியல் அ7ப்ப�டயில் மதொடர் இலக்கணப் பி�ழக�ளத் தி'த்"ம்

 மமொழிக்க'வி�ம் உ'வொக்க�7�ம்.

              தமிழ்ச்மசொற்களஞ்சிய அறி�வ�ம் கணினிமமொழியியல் அ7ப்ப�டயில் கணினிக்.
அளிக்கப்பட$வண்�ம்.  அத்$தொ�,       தமிழ்மமொழியின் ஒலியியல் அ7ப்ப�டக�ளப் பற்றிய ஆரொய்ச்சி மிக
�க்கியமொனதொ.ம்.       தமிழ் எ/த்"க�ளப் $பசம்சொலிகளொக மொற்றி வொசித"்க்கொட்�ம் திற�ன�ம்,

     அ"$பொன்& நம" $பச்�சக் கணினி $கட்� ,      அ�த எ/த்தில் எ/திக்கொட்�ம் திற�ன�ம் கணினிக்.
   அளிப்பதற். இந்த ஆய்3 $த�வயொ.ம்.

                $மற்:றிய அ7பப்�ட தமிழ்மமொழி ஆரொய்சச்ிப் பணிகள் மவற்றிகரமொக �7வ�டவ�தமயொட்7$ய,
  தமிழ்மமொழிக்கொன கணினிமமொழித்மதொழில்6ட்பம் வளர்ச்சிய�டய�7�ம்.

  கணினிவழி தமிழ்க்கல்வி ( Computer Assisted Tamil Language Teaching ):-  

                கணினியில் மமொழித்மதொழில்6ட்பம் மபற்&ள்ள வளரச்்சியின் பயனொக இன்& மொணவர்க2க்.த்
     தமிழ்மமொழி கற்பிதத்லில் கணினிக்.க் .றிப்பிடத்தக்க பங். உள்ள".   தமிழ் இலக்கணத்�த�ம்

     மசொற்களஞ்சியத்�த�ம் மொணவர்க2க்.க் கற்&க்மகொ�ப்பதில் ஆசிரிய'க்.த் "�ணயொகக் கணினி
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மசயல்பட�7�ம்.       மமொழி கற்றலில் இடம்மப&ம் பல்$வ& மசயல்பொ�களில் கணினியொன" மொணவர்க$ளொ�
 ஊடொட்டம் (  Interaction  )   1ரிந்",   அவர்க2க். உதவ�7�ம்.   இரண்�வ�ககளில் கணினி�யப்

பயன்ப�தத்லொம்.  ஒன்&,      தமிழ் இலக்கணத்�த $நர7யொகக் கற்&க்மகொ�க்க3ம் பயன்ப�த்தலொம்.
மற்மறொன்&,     அவவ்ொ& ஆசிரியர் மொணவ'க்.க் கற்&க்மகொ�த்தபிற.,   மொணவரின் மமொழிப்

  பயன்ப�தத்த்�த வளர்ப்பதற்கொக3ம் பயன்ப�த்தலொம்.

             $மற்:றிய இரண்� பயன்பொ�க2க்.ம் $பரொசிரியர்.ந.   மதய்வ�ந்தரம் அவர்கள் சில
 மமன்மபொ'ள்க�ள உ'வொக்கி�ள்ளொர்.      மமன்தமிழ் ஆய்3த் "�ணவன் (  Mentamizh  Research

Companion  )        என்ற தமிழ் மமன்மபொ'ள் மொணவ'க்.த் தமிழின் எ/த்",  அ�ச,   மசொல் ,  சந்தி
       ஆகிய�வபற்றிய இலக்கணத்�த�ம் தமிழ்ப் ப�வல்களில் மசொற்கள் பயன்ப�ம் ��ற பற்றி�ம்

   கற்&க்மகொ�க்.ம் ஒ' மமன்மபொ'ள் ஆ.ம்.     தமிழ்மமொழி ஆய்வொளர்க2க்.ம் பல வ�ககளில்
  பயன்ப�ம் மமன்மபொ'ளொ.ம் இ".       அதன் அ7ப்ப�டயில் மொணவர்கள் தங்கள" எ/"ம் திற�ன

   வளர்த்"க்மகொள்ளக் கணினிவொயிலொக உ�ரக�ளத் தயொரிக்.ம்$பொ",    அவர்க2க். உத3ம் மசொறப்ி�ழ
தி'தத்ி, சநத்ிப்பி�ழதி'த்தி, அயறம்மொழிசம்சொல்�ட்7,     அகரொதிகள் $பொன்ற பல க'விக�ள உள்ளடக்கிய

    மமன்தமிழ் என்ற ஒ' தமிழ்ச்மசொலல்ொள�ர�ம் (Tamil Wordprocessor) உ'வொக்கி�ள்ளொர்.

   இக்கட்��ரயில் மமன்தமிழ்ச் மசொல்லொள�ரப் பயன்ப�த்தி,   எவ்வொமறல்லொம் மொணவர்கள் தங்கள்
    எ/"ம்திற�ன வளர்த"்க்மகொள்ளலொம் என்ப"பற்றி விளக்கம் அளிக்கப்ப�கிற".

1.     தமிழில் மொணவர்க2க். ஒலி ஒற்&�ம��டய ல,ள,  ழ எ/த்"கள்,  ந,ன,  ண எ/த்"கள்,  ர,ற
    எ/த்"கள் ஆகியவற்�றப் பயன்ப�த்"வதில் .ழப்பங்கள் ஏற்படலொம்.   அப$்பொ" அவர்க2க்.
    உதவிமசய்ய மயங்மகொலிசம்சொல் அகரொதி ஒன்& மகொ�க்கப்பட்�ள்ள".  மணம்,   மணம் என்ற

  இரண்� மசொற்க2$ம தமிழ்ச்மசொற்கள்தொன்.     ஆனொல் மபொ'ள்$வ&பொ� உ�டய இ'$வ&
 மசொற்கள் அ�வ.    அ�த எ�த"்க்கொட்�ம்வ�கயில் அகரொதி அ�மந்"ள்ள".

2. அ�த்",        சில மசொற்களில் சரியொன எ/த"்க2க்.ப் பதிலொக தவறொன எ/த"்க�ள மொணவர்கள்
பயன்ப�தத்லொம்.      அப$்பொ" அ" தவ& என்ப�த எ�த்"க்:றி,   அசம்சொல்�லத் தி'த்த

 மமன்தமிழ் உத3ம்.  எ�த்"க்கொட்டொக,  தமிள்,  ஆங்கிளம்,   மளொயொஎன்& தவறொக
எ/தப்பட்7'நத்ொல்,   மமன்தமிழ் அவற்�றத் தமிழ், ஆங்கிலம்,    மலொயொ என்& தி'த்தி அளிக்.ம்.

3.    $ம$ல .றிப்பிட்�ள்ள மசொற்கள் $வரச்்மசொற்கள்.    அவற்றில் வி.திகள் இல்�ல.   ஆனொல் வி.தி
       ஏற்ற மசொற்களில் தவ&கள் இ'ந்தொ,ம் அவற்�ற�ம் மமன்தமிழ் தி'த்தி உத3ம்.  தமி2க்.

,  ஆங்கிளத்தில்தொண் ,        மலொயொவிளி'ந்" என்& வி.தி ஏற்ற மசொற்களில் எ/த்"ப் பி�ழகள்
கொணப்பட்டொ,ம்,    அவற்�ற�ம் மமன்தமிழ் தி'தத்ித் த'ம்.  

4.        தமிழில் மசொற்க2க்.ள் உயிர் எ/த்�த அ�த்" உயிர் எ/த்" வரக்:டொ".  அவவ்ொ& வ'ம$்பொ",
  அவற்றிற்கி�டயில் உடம்ப�மமய் $தொன்&ம்.     இதற். அ7ப்ப�ட தமிழ் அ�சயின்

அ�மப்1விதிக$ளயொ.ம்.     இதில் மொணவர்கள் தவ& மசய்தி'ந்தொல்,  மமன்தமிழ் தவ&க�ளத்
 தி'தத்ித் த'ம்.  மத'ஆ,      இ�லஆ என்& மசொற்கள் தவறொகக் கொணப்பட்டொல்,  மமன்தமிழ்

அவற்�றத்மத'வொ,    இ�லயொ என்& தி'த்தித் த'ம். 
5.        தமிழில் மகர ஒற்& இ&தி மபயர்ச்மசொற்கள் $வற்&�ம வி.திக�ள ஏற்.ம்$பொ",  இ�டயில்

  அத்"ச் சொரி�ய $தொன்&ம்.      அ"$பொன்& மந7லம்தொடர் .ற்றிய,கரச் மசொற்கள் $வற்&�ம
       வி.திகள் ஏற்.ம்$பொ" இ&தி .ற்றிய,கரம் பயின்&வ'கிற வல்லின எ/த்" இரட்7க்.ம். இநத்
   விதிகளில் மொணவர்கள் தவ& மசய்தி'நத்ொல்,     மமன்தமிழ் அவற்�றத் தி'தத்ித் த'ம்.  மர�ம

,  தர$மொ� ,     வளமில் என்ப�த மரத்�த ,  தரத்$தொ�,     வளதத்ில் என்&ம் நொ�ட ,  கொ7ல்,  ஆ$டொ�
 என்ப�த நொட்�ட, கொட்7ல்,     ஆட்$டொ� என்& மமன்தமிழ் தி'த்தித் த'ம்.

6.    தமிழ்ச்மசொற்களில் அ7சம்சொல்$லொ� வி.திகள் இ�ண�ம்$பொ",   அகச்சந்தி என்ற�ழக்கப்ப�ம்
   1ணர்ச்சி விதிகள் சரியொகக் �கயொளப்பட$வண்�ம்.    இல்�லமயன்றொல் மபொ'$ள மொறிவி�ம்.

எ�த்"க்கொட்டொக,  க�ட+    கள் என்ப�த க�டகள் (      இங். கள் என்ப" பன்�மவி.தி )  என்&
  எ/தினொல் ஒ' மபொ'ள்.  க�டக்கள்(      இங். கள் என்ப" ஒ' $வரச்்மசொல்)   என்& எ/தினொல்

 மற்மறொ' மபொ'ள்.      என$வ அகச்சநத்ிகளில் மொணவர்கள் தவ& மசய்யக்:டொ".  அவவ்ொ&
 தவ&கள் மசய்யப்பட்7'ந்தொல்,     மமன்தமிழ் அவற்�றத் தி'த்தித் த'ம்.  ப�கள்,  பலொகள்,
     மத'கள் என்& தவறொக எ/தப்பட்7'ந்தொல் அவற்�றப் ப�க்கள்,  பலொக்கள்,  மத'க்கள்என்&
 தி'தத்ித் த'ம்.        இரண்� மசொற்கள் இ�ணந்" வ'ம் மதொ�ககளில் நிக/ம் சந்திப் பி�ழக�ளத்
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    தற்$பொ" மமன்தமிழ் மமன்மபொ'ளொல் தி'தத் இயலொ".   அதற்கொன �யற்சிகள்
$மறம்கொள்ளப்பட்�வ'கின்றன.

7.    தமிழில் ஒ' மசொல்,க்.ம் (நி�லமமொழி)     அதற். அ�த்த மசொல்,க்.ம் (வ'மமொழி)  இ�டயில்
 எ/த்"கள் $தொன்&வ"ம்,  திரித,ம்,  ம�றத,ம் உண்�.    இ"$வ 1றச்சநத்ிகள் என்&

அ�ழக்கப்ப�கின்றன.     1றசச்ந்தியில் மொணவர்கள் தவ& மசய்தொல்,   மமன்தமிழ் பி�ழக�ளத்
  தி'த"்வதில் மொணவர்க2க். உத3ம்.   ப7த்" பொர்த்தொன்,   ப7க்க பொர்த்தொன்,   அவ�ன பொர்,

 அவ�க். மகொ�,        மிக மபரிய $பொன்ற தவறொன மதொடர்க�ளப் ப7த்"ப் பொர்தத்ொன்,  ப7க்கப்
பொரத்்தொன்,   அவ�னப் பொர்,   அவ�க்.க் மகொ�,      மிகப் மபரிய என்& மமன்தமிழ் தி'த்திக்
மகொ�க்.ம்.        தவறொக ஒற்&க�ள மொணவர்கள் இட்7'ந்தொ,ம் மமன்தமிழ் அவற்�றத் தி'த்தித்
த'ம்.   ப7த்தப் �பயன்,       வந்"ப் பொர்தத்ொன் என்& தவறொக மொணவர்கள் எ/தியி'ந்தொல்

   மமன்தமிழ் அவற்�றப் ப7த்த �பயன்,     வந"் பொர்த்தொன் என்& தி'த்தித் த'ம்.
8.   மொணவர்கள் தமிழில் எ/"ம்$பொ",    பிறமமொழிச்மசொற்க�ளக் கலந்" எ/தியி'ந்தொல் அவற்�ற�ம்

     தி'தத்ித் த'ம் வசதி மமன்தமிழில் இடம் மபற்&ள்ள".   $வரச்்மசொற்கள் மட்�மலல்ொமல் வி.திகள்
      ஏற்ற மசொற்களொக இ'நத்ொ,ம் மமன்தமிழ் அவற்�றத் தி'த்தித் த'ம்.

    அயல்மமொழிச் மசொல் கலந்த உ�ர :

   நொன் பஸ்ஸில் ஸ்:,க்.ச் மசன்$றன்.    அங். Cசச்�ரப் பொர்த$்தன்.    பின்1 $கண்Cனில் 7பன்
சொபப்ிட்$டன்.    அங்கி'ந்"ட்மரயினில் �னிவர்சிட்7க்.ப் $பொ$னன்.  அங்.
1ரமபச�ரப்பொரத்்$தன்.

  மமன்தமிழ் தி'த்திய உ�ர:

   நொன் $ப'ந்தில் பள்ளிக்.ச் மசன்$றன்.    அங். ஆசிரிய�ரப் பொர்த்$தன்.   பின்1 உண்பகத்தில்
 சிற்&ண்7 உண்$டன்.     அங்கி'ந்" மதொடர்வண்7யில் பல்க�லக்கழகத்"க்.ப் $பொ$னன்.

  அங். $பரொசிரிய�ரப் பொரத்்$தன்.

9.          $ம,ம் எண்க�ளத் தமிழ் எ/த்தில் எ/திக் கொட்�ம் க'வி�ம் மமன்தமிழில் இடம் மபற்&ள்ள".
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   மதொண்Dற்மறட்டொயிரத்" எ/Aற்& எண்பத்மதொன்ப",  நொன்.இலட்சத்"
   ஐம்பத்தொறொயிரத"் �ந்Aற்& நொறப்த்தொ&.

10.    உ�ரயில் உள்ள மசொற்க�ள அகரவரி�சப்ப�த்த3ம்,   னகரவரி�சப்ப�த்த3ம் மமன்தமிழில்
 வசதிகள் உண்�.   $ம,ம் மசொல்ல�ட3ம் தயொரிக்கலொம்.

11.  தமிழ் -   ஆங்கில அகரொதி,   ஆங்கிலம் -    தமிழ் அகரொதி ,     அயல்மமொழிச்மசொல் அகரொதி என்& பல
     வ�க அகரொதிக2ம் மொணவர்க2க்.ப் பயன்ப�ம் வ�கயில் தயொரிக்கப்பட்�ள்ளன.

�73�ர:-

               இன்�றய கணினி உலகில் தமிழ்மமொழி�ய மொணவர்கள் கற்.ம்$பொ",   அவர்க2க். உதவியொகப்
     பயன்ப�ம் வ�கயில் மமன்தமிழ் மமன்மபொ'ள் உ'வொக்கப்பட $வண்�ம்.    இன்�றய எ/த்"த் தமிழின்

     இலக்கணத்�தக் கணினிக். மமன்மபொ'ள் வொயிலொக மமன்தமிழ் அளித்"ள்ள".   அதன் அ7பப்�டயில்
   மொணவர்கள் பி�ழகள் ஏ"ம் மசய்தி'நத்ொல்,     கணினியொன" மசயல்��னப்1டன் அவற்�றத் தி'த்தித்

த'ம்.            அவர்கள் நல்ல தமிழில் எ/தப் பயிற்சி அளிக்க மமன்தமிழ் $பொன்ற தமிழ் மமன்மபொ'ள்கள்
பயன்ப�ம்.         மமன்தமிழ் $பொன்ற பல பயன்த' மமன்மபொ'ள்கள் மவளிவர இ�ளய த�ல��றயின�ர

 ஊக்.விக்க $வண்�ம்.         தமிழ் இலக்கண அறி�வ �/�மயொகக் கணினிக்.க் மகொ�ப்பதில் $ம,ம் பல
 ஆரொய்சச்ிகள் $மறம்கொள்ள$வண்7�ள்ள".    அதன7ப்ப�டயில்தொன் மமன்தமிழ் மமன்மபொ'ளின்

 மசயல்பொ�ம் வளர்ச்சிய�ட�ம்.  

204






