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• The SoTA technology for almost every known NLP task.
• These are typically decoder transformer[1] models.
• Autoregressive - generate text based on previously generated text
• Trained in a self-supervised manner using large amounts of data(mostly HR languages)

Introduction 

[1] Zhao, W. X., Zhou, K., Li, J., Tang, T., Wang, X., Hou, Y., ... & Wen, J. R. (2023). A survey of large language models. arXiv preprint arXiv:2303.18223.



[2] https://medium.com/neuralspace/low-resource-language-what-does-it-mean-d067ec85dea5
[3] Lankford, S., Afli, H., & Way, A. (2023). adaptmllm: Fine-tuning multilingual language models on low-resource languages with integrated llm playgrounds. 
Information, 14(12), 638.

• While LLMs perform exceptionally well for high-resource languages due to abundant training 
data, they struggle with low-resource languages [3] like Sinhala, Tamil, and Punjabi. 
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High Resource vs Low Resource Languages



Problem Statement

How can the underrepresentation of languages like Sinhala, Tamil, 

and Punjabi in foundation models be addressed by investigating the 

limitations of existing approaches and exploring new methodologies 

to improve language model performance for these low-resource 

languages?
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Objectives

• Improve the cross -lingual capabilities of low -resource 
languages by introducing improved fine -tuning methods 
and preference optimization techniques.

• Develop benchmarks for Low -resource languages such 
as Sinhala, Tamil, and Punjabi. 
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Language specific models 
• Typhoon  Thai Language models: Continued pre -training of Mistral -7b [4]

• Swedish models: Translated English instruction datasets into Swedish [5]

• SambaLingo: The vocabularies were extended to include language -specific tokens 

and further pre -trained in 10 languages. [6]

But there are limitations:

• Need a good GPU setup

• Can’t use across languages (cross -lingual capabilities) needed for some tasks s.a. 

Machine Translation
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[4] K. Pipatanakul et al., ‘Typhoon: Thai large language models’, arXiv preprint arXiv:2312. 13951, 2023.
[5] O. Holmström, J. Kunz, and M. Kuhlmann, ‘Bridging the resource gap: Exploring the efficacy of English and multilingual LL Ms for Swedish’, in 
Proceedings of the Second Workshop on Resources and Representations for Under -Resourced Languages and Domains (RESOURCEFUL -2023) , 2023, 
pp. 92 –110.
[6] Z. Csaki et al., ‘Sambalingo: Teaching large language models new languages’, arXiv preprint arXiv:2404. 05829, 2024.
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A p oss ib le  so lu t ion  t o  e nhance  c ross -lingua l cap ab ilit ie s  is  t o  choose  an  e xis t ing m od e l 
and  id e n t ify t he  b e s t  t e chn iq ue s  fo r d iffe re n t  language s .

Possible techniques to enhance cross -lingual 
capabilities

[7] Toram an , C. (20 24). Llam aTurk: Ad ap t ing Op e n-Source  Ge ne ra t ive  Large  Language  Mod e ls  fo r Low-Re source  Language . a rXiv p re p rin t  
a rXiv:240 5.0 7745.



• Provide  essential  knowledge  in  the  target  language  for  better  understanding .
• Enhance  fluency  and  alignment  between  the  target  language  and  English .
• Use continual  pre -training  to  update  models  with  new  data  instead  of  retraining  

from  scratch,  reducing  costs  and  improving  efficiency .
           ex:- Thai[ 8] and  Hungarian[ 9] models
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Pre-training

[8] Pip a t anakul, K., J irab ovonvisu t , P., Manakul, P., Srip a isa rnm ongko l, S., Pa t om wong, R., Chokcha inan t , P., & Tharnp ip it cha i, K. (20 23). Typ hoon : 
Tha i la rge  language  m od e ls . a rXiv p re p rin t  a rXiv:2312.139 51..
[9 ] Csaki, Z., Pawakap an , P., Thakke r, U., & Xu, Q. (20 23). Effic ie n t ly ad ap t ing p re t ra ine d  language  m od e ls  t o  ne w language s . a rXiv p re p rin t  
a rXiv:2311.0 5741.
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• Extension:  The  t oke n ize r o f t he  o rigina l m od e l is  augm e n t e d  wit h  ne w 
t oke ns  whe re  t he  co rre sp ond ing e m b e d d ings  a re  in it ia lize d  from  
scra t ch . Ex: MaLA-50 0 [11]

• Replacement:  The  le as t  im p ort an t  non  ove rlap p ing t oke ns  from  t he  
o rigina l t oke n ize r a re  re p lace d  wit h  t he  ne w one s . Ex: Hungarian  LLM [9 ]

Adapting the tokenizer

[10] OpenAI. (n.d.). Tokenizer. OpenAI. Retrieved September 25, 2024, from https://platform.openai.com/tokenizer
[11] P. Lin, S. Ji, J. Tiedemann, A. F. T. Martins, and H. Schütze, ‘Mala-500: Massive language adaptation of large language models’, arXiv preprint arXiv:2401. 
13303, 2024.

https://platform.openai.com/tokenizer
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Post -training

• Instruct tuning (Supervised Finetuning)
• Preference Optimization
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Instruction tuning (Supervised Finetuning)

• Ins t ruc t ion  t un ing an  LLM invo lve s  t ra in ing it  t o  fo llow e xp lic it  use r 
in s t ruc t ions   on  a  d a t ase t  o f p rom p t s  p a ire d  wit h  d e s ire d  re sp onse s . 

• This  im p rove s  it s  ab ilit y t o  und e rs t and  and  e xe cut e  sp e c ific  t asks  b ase d  on  
use r inp ut .

Ex: AIRAVATA[12]

[12]J . Ga la  e t  a l., ‘Airava t a : In t rod ucing h ind i in s t ruc t ion -t une d  llm ’, a rXiv p re p rin t  a rXiv:240 1. 150 0 6 , 20 24.



• PEFT(Parameter Efficient Finetuning) methods 
fine -tune only a small subset of (additional) 
model parameters while keeping most of the 
pre -trained LLM parameters frozen.
⚬ LoRA t ransfo rm s t he  m od e l p a ram e t e rs  in t o  a  

lowe r rank d im e ns ion , re d uc ing t he  num b e r o f 
t ra inab le  p aram e t e rs .

⚬ QLoRA, q uan t ize  we igh t  p a ram e t e rs  t o  4-b it  
p re c is ion .

⚬ DoRA , d e com p ose  t he ir we igh t s  in t o  m agn it ud e  
and  d ire c t iona l com p one n t s

[13] Parthasarathy, V. B., Zafar, A., Khan, A., & Shahid, A. (2024). The Ultimate Guide to Fine-Tuning LLMs from Basics to Breakthroughs: An Exhaustive 
Review of Technologies, Research, Best Practices, Applied Research Challenges and Opportunities. arXiv preprint arXiv:2408.13296.​ 14

Instruction Finetuning - PEFT



Preference Optimization

What is preference optimization? 
• Fine-tuning the model to align its outputs more closely with human 

preferences or specific criteria

Examples
• Reinforcement Learning With Human Feedback(RLHF)
• Direct Performance Optimization(DPO)
• Direct Preference Optimization with an Offset(ODPO)
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Reinforcement Learning With Human 
Feedback(RLHF)

Limitation
s• High  Com p ut a t iona l 

Re q uire m e n t s
• Cost ly and  Tim e -Consum ing 

Fe e d b ack
• Bias  in  Fe e d b ack

[14] Xu, N., Zhao , J ., Zu , C., Gui, T., Zhang, Q., & Huang, X. (20 24). Ad vancing Trans la t ion  Pre fe re nce  Mod e ling wit h  RLHF: A St e p  Toward s  Cos t -
Effe c t ive  So lu t ion . a rXiv p re p rin t  a rXiv:240 2.11525.



Direct Performance Optimization(DPO)

• Bypasses the reward modeling step and directly optimizes a language model 
using preference data.

[15] Rafailov, R., Sharma, A., Mitchell, E., Manning, C. D., Ermon, S., & Finn, C. (2024). Direct preference optimization: Yo ur language model is 
secretly a reward model. Advances in Neural Information Processing Systems, 36. 17
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In-context Learning
• A la rge  language  m od e l le a rns  t o  p e rfo rm  a  t ask b y b e ing give n  e xam p le s  o r 

in s t ruc t ions  in  t he  inp ut  p rom p t  wit hout  furt he r t ra in ing.

[16 ] Dong, Q., Li, L., Da i, D., Zhe ng, C., Wu, Z., Chang, B., ... & Sui, Z. (20 22). A surve y on  in -con t e xt  le a rn ing. a rXiv p re p rin t  a rXiv:230 1.0 0 234.



Methodology
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Classification​ Summariza tion ​ NER​ Trans a ltion ​

Sinha la ​
NLPC-UOM/Se ntime nt Tagge r[17]
​NLPC-UOM/ Writing  Style  Clas s ifica tion[18]​ 
NLPC-UOM/Sinha la  Ne ws  Ca te gory​[18 ]

XLSum -  Si​[20 ] Sinha la  NER​​ -

Tamil Ind icXNLI -  Ta [19 ]
XCOPA -  Ta

s uriya7/Tamil-Summariza tion Wikiaan PAN-X -  Ta [23 ]
NLPC-UOM/Englis h-
Tamil-Pa ra lle l-Corpus [22]

Punjab i​
Punjab i Ne ws  Da tas e t
​Ind icXNLI​ -  Pa [19 ]
Ind icXParaphas e ​

XLSum -  Pa ​[20 ]
Wikiaan PAN-X​ -  Pa [23 ]
Namapadam​

Samananta r​[21]

Dataset Selection

[17] Ranathunga, S., & Liyanage, I. U. (2021). Sentiment Analysis of Sinhala News Comments. Transactions on Asian and Low -Resour ce Language Information Processing, 20(4), 
1-23.
[18]V. Dhananjaya, P. Demotte, S. Ranathunga, and S. Jayasena, ‘BERTifying Sinhala --A Comprehensive Analysis of Pre -trained Lang uage Models for Sinhala Text 
Classification’, arXiv preprint arXiv:2208. 07864 , 20 22.
[19 ]D. Aggarwal, V. Gup t a , and  A. Kunchukut t an , ‘Ind icXNLI: Eva lua t ing Mult ilingua l In fe re nce  fo r Ind ian  Language s’. a rXiv, 20 22.
[20 ]T. Hasan  e t  a l., ‘XL-Sum : Large -Sca le  Mult ilingua l Ab st rac t ive  Sum m ariza t ion  fo r 44  Language s’, in  Find ings  o f t he  Associa t ion  fo r Com p ut a t iona l Linguis t ics : ACL-IJ CNLP 
20 21, 20 21, p p . 46 9 3–470 3.
[21]G. Ram e sh  e t  a l., ‘Sam anan t a r: The  Large s t  Pub lic ly Ava ilab le  Para lle l Corp ora  Colle c t ion  fo r 11 Ind ic  Language s’, a rXiv [cs .CL]. 20 21.
[22]Fe rnand o , A., Rana t hunga , S., & Dias , G. (20 20 ). Da t a  Augm e n t a t ion  and  Te rm ino logy In t e gra t ion  fo r Dom ain -Sp e cific  Sinha la -English -Tam il St a t is t ica l Mach ine  Trans la t ion . 
a rXiv p re p rin t  a rXiv:20 11.0 2821.
[23]X. Pan , B. Zhang, J . May, J . Not hm an , K. Kn igh t , and  H. J i, ‘Cross-lingua l Nam e  Tagging and  Linking fo r 282 Language s’, in  Proce e d ings  o f t he  55t h  Annua l Me e t ing o f t he  
Associa t ion  fo r Com p ut a t iona l Linguis t ics  (Volum e  1: Long Pap e rs), 20 17, p p . 19 46 –19 58.
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You are an NLP assistant whose purpose 
is to solve Sentiment Analysis problems. 

Sentiment Analysis is the task of 
determining whether the sentiment, 

opinion or emotion expressed in a textual 
data is. Does the following Sinhala 

sentence have a POSITIVE, NEGATIVE or 
NEUTRAL sentiment? Give only the 

POSITIVE, NEGATIVE or NEUTRAL as the 
answer in one word.
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Model Selection

Multilingualism
Parameter Size

Representation of Indo -Aryan 
Languages

 Performance Zero -shot experiments



Dataset Name Test set size Full dataset size Task Language Accuracy Precision Recall F1

Writing-style-classification 1252 12514 Classification si 20.926 24.07 15.935 18.281

Sentiment Tagger 905 9059 Classification si 38.011 31.133 31.259 28.582

Sinhala-News-Category-classification 333 3327 Classification si 18.918 17.079 16.09 14.859

NER-Sinhala 9611 96102 NER si 3.309 1.705 0.0882 0.168

Dataset Name Test set size Full dataset size Task Language Accuracy Precision Recall F1

Writing-style-classification 2050 12514 Classification si 40.175 65.99 40.176 44.604

Sentiment Tagger 1812 9059 Classification si 57.285 42.748 43.151 40.472

Sinhala-News-Category-classification 664 3327 Classification si 39.64 28.897 27.794 27.375

NER-Sinhala 9611 96102 NER si 74.09 81.791 74.09 77.594

Benchmarking
Baseline

Finetune
d
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Post -training techniques for model enhancement

• Cross  lingua l in s t ruc t ions

• Rom an ize d  re p re se n t a t ions

• Cod e  Swit ch ing

[24]Li, C., Yang, W., Zhang, J ., Lu , J ., Wang, S., & Zong, C. (20 24). X-Ins t ruc t ion : Align ing Language  Mod e l in  Low-re source  Language s  wit h  Se lf-cura t e d  Cross -
lingua l In s t ruc t ions . a rXiv p re p rin t  a rXiv:240 5.19 744.



Timeline

Activity Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May

Project planning and Initial 
Research

Existing Multilingual LLM 
evaluation

Implementation

Finalization

Documentation
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Feasibility
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• GPU Availability:  s ingle  NVIDIA V10 0  GPU wit h  32GB 
m e m ory p rovid e d  b y our sup e rviso r, Dr. Rishe m jit .

• Availability of Open -Source Multilingual LLMs
• Availability of datasets in  Sinha la , Tam il, and  Pun jab i.
• Manageable timeline
• Great supervisors

Limitation
s

• Loading Large Models
• API request Rate

Available Resources and Strengths
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Thank you
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