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Introduction

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)
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[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. @



High Resource vs Low Resource Languages
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* 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.

[3] Lankford, S., Afli, H., & Way, A. (2023). adaptmlim: Fine-tuning multilingual language models on low-resource languages with integrated llm playgrounds.

[2] https://medium.com/neuralspace/low-resource-language-what-does-it-mean-d067ec85deab
Information, 14(12), 638.



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

lo Improve language modadel performance for these low-resource

languages?



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.



Language specific models

 Typhoon Thai Language models: Continued pre -training of Mistral -7b [4]

« Swedish models: Translated English instruction datasets into Swedish [5]
« SambalLingo: The vocabularies were extended to include language  -specific tokens

and further pre -trained in 10 languages. [0]

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

[4] K. Pipatanakul et al., ‘Typhoon: Thai large language models’, arXiv preprint arXiv:2312. 13951, 2023.

[5] O. Holmstrom, 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. a
[6] Z. Csaki et al., ‘Sambalingo: Teaching large language models new languages’, arXiv preprint arXiv:2404. 05829, 2024.



Possible techniques to enhance cross
capabilities

Apossible solution to enhance cross-lingual capabilities is to choose an existing model
and identify the best techniques for different languages.

-lingual
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[7] Toraman, C. (2024). LlamaTurk: Adapting Open-Source Generative Large Language Models for Low-Resource Language. arXiv preprint
arXiv:2405.07745.



Pre-training

Monolingual
data

Continual

Pre-training CEIREE

Base LLM >

* 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

[8] Pipatanakul, K., Jirabovonvisut, P., Manakul, P., Sripaisarnmongkol, S., Patomwong, R., Chokchainant, P., & Tharnpipitchai, K. (2023). Typhoon:
Thailarge language models. arXiv preprint arXiv:2312.13951.. 1 O
[9] Csaki, Z., Pawakapan, P., Thakker, U., &Xu, Q. (20 23). Efficiently adapting pretrained language models to new languages. arXiv preprint
arXiv:2311.05741.



Adapting the tokenizer

good morning to you

« Extension: The tokenizer ofthe original modelis augmented with new
tokens where the corresponding embeddings are mitialized from
scratch. Ex: MaLA-500[11]

 Replacement. The Iecast important non overlapping tokens from the
original tokenizer are replaced with the new ones. Ex: Hungarian LILM [9]

[11] P. Lin, S. Ji, J. Tiedemann, A. F. T. Martins, and H. Schutze, ‘Mala-500: Massive language adaptation of large language models’, arXiv preprint arXiv:2401.

[10] OpenAl. (n.d.). Tokenizer. OpenAl. Retrieved September 25, 2024, from https://platform.openai.com/tokenizer
13303, 2024.


https://platform.openai.com/tokenizer

Post-training

* Instruct tuning (Supervised Finetuning)
* Preference Optimization

: Preference
Prompt engineering Fine-tuned i .
Base Model |— > DPO » optimized
PEFT model
ODPO model

(12)



Instruction tuning (Supervised Finetuning)

LLM fine-tuning at a high level

LLM fine-tuning
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* Instruction tuning an LLM involves training it to follow explicit user

instructions on a dataset of prompts paired with desired responses.
 This improves its ability to understand and execute specific tasks based on

user mput.
Ex: AIRAVATA[12]

[12]). Gala et al., ‘Airavata: Introducing hindiinstruction-tuned llm’, arXiv preprint arXiv:2401.15006, 20 24. @



Instruction Finetuning - PEFT

 PEFT(Parameter Efficient Finetuning) methods

fine -tune only a small subset of (additional) Weight update in regular finetuning Weight update in LoRA
model parameters while keeping most of the Outputs | Outputs
pre -trained LLM parameters frozen. / " \ / " ‘\

o LORA transforms the model parameters into a — o revames| 8\
lower rankdimension, reducing the number of s Y s \LI
tramable parameters.

o QLORA, quantize weight parameters to 4-bit \ / \ /

Inputs Inputs x

precision.
o DORA,decompose their weights into magnitude

and directional components

[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.



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)



Reinforcement Learning With Human

Feedback(RLHF)

Limitation

* High Comﬁutational

Requirements

* Costly and Time-Consuming
Feedback

* Bias in Feedback
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[14] Xu, N., Zhao,J., Zu, C., Gui, T., Zhang, Q., &Huang, X. (2024). Advancing Translation Preference Modeling with RLHF: A Step Towards Cost-

Effective Solution. arXiv preprint arXiv:2402.11525.



Direct Performance Optimization(DPO)

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

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
M: WIie me a poem about X TWrite me a poem about
the H:mr::r-,-p;rja:-z' 4 label rewards = the |"I'5|[-!Ir'|.'[:'.l1 jazz" .
H{ ! : /,.—----..“ ? _ -
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[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.




In-context Learning

* Alarge language modellearns to perform a taskby being given examples or

instructions in the mmput prompt without further traming.

‘ Review: Delicious food! Sentiment: Positive
k Demonstration Review: The food 1s awiul. Senfiment: Negative
Examples
Tem,;lj\late New Revi.ew: Terrible dishes! Sem:imeﬂt: Negative
Review: [Text] Query { Review: Good meal! Sentiment:
Sentiment: [Label] l Input
p
TextT Label Large Language Model
Delicious food! 1 Parameter Freeze
The food 1s awful. 0 .
Terrible dishes! 0 J, Output
Positive

[16] Dong, Q., Li, L., Dai, D., Zheng, C., Wu, Z., Chang, B., ... &Sui, Z. (2022). Asurvey on in-context learning. arXiv preprint arXiv:2301.00234.
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Dataset Selection

Classification Summarization NER Transaltion

NLPC-UOM/Sentiment Tagger[17]
Sinhala NLPC-UOM/ Writing Style Classification[18] XLSum - Si[20] Sinhala NER -
NLPC-UOM/Sinhala News Category[18]
. IndicXNLI - Ta[19 NLPC-UOM/English-
Tamail N al19] surtya7/Tamil-Summarization Wikiaan PAN-X- Ta[23] , nets
XCOPA - Ta Tamil-Parallel-Corpus[22]
Punjabi News Dataset Wiki PAN-X- Pa[23]
. . laan -X- Pa
PunJab1 IndicXNLI- Pa[19] XLSum - Pa[20] Samanantar[21]
: Namapadam
IndicXParaphase
[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 ,2022.

[19]D. Aggarwal, V. Gupta, and A. Kunchukuttan, ‘Indic XNLI: Evaluating Multilingual Inference for Indian Languages’. arXiv, 20 22.

[20 ]T. Hasan et al., ‘XL-Sum: Large-Scale Multilingual Abstractive Summarization for 44 Languages’, in Findings of the Association for Computational Linguistics: ACL-1J CNLP
2021,2021,pp.4693-4703.

[21]G. Ramesh et al., ‘Samanantar: The Largest Publicly Available Parallel Corpora Collection for 11 Indic Languages’, arXiv [cs.CL]. 20 21.

[22]Fernando, A., Ranathunga, S., &Dias, G. (2020). Data Augmentation and Terminology Integration for Domain-Specific Sinhala-English-Tamil Statistical Machine Translation.
arXiv preprint arXiv:2011.02821.

[23]X Pan, B. Zhang,J. May,J. Nothman, K. Knight, and H. Ji, ‘Cross-lingual Name Tagging and Linking for 282 Languages’, in Proceedings of the 55th Annual Meeting of the
Association for Computational Linguistics (Volume 1: Long Papers), 2017, pp. 1946-1958.
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answer in one word.




Benchmarking

Baseline
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
Finetune
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




Post-training techniques for model enhancement

English Instruction:

(Alpaca-10011) Come up with a word that rthymes with “fine’.
. 1 1 English Output: One word that rhymes with *fine’ is *mine’.
o
Cro S S lln gu a 1 1n S t ru C t 10 n S (Alpaca-10011) [: “fine’ and *mine’ sound similar in English.)

Tr ate

Urdu Instruction: 2GS i s S S ga il g S kel

* Romanized representations UrduOuput: 1 e S5 s

lx:‘—"ﬁ—“ and *' =" sound different in Urdu.)

(a) Instruction sample translated from English.

* Code Switching

. ] Come up with a word pronounced with *city”.
English Instruction: .
Answer in Urdu.

Generfite
Y PR ¥ 5 J LT B LW
Urdu Corpus: ':‘1_ R
('City’ and "honey' are pronounced the same.)

(b) Cross-lingual instruction sample excavated.

<s> TRl G{:EER'F-EF?H Hc:]ﬁiﬂf?r a’?_;{;rmg:\r__; 5 HoRd- [ G{:EEI?FST:FQH GF[_,,?I YT T T<BXER><OXAL><OxAB>T (<BXE@><BxA4>
<ox87>W) &1 A RED F g wualyr 70 IS 90 @ ® T olexea> (130 tokens)

<s> chaaron antariksh yaatree bengaluru mein bhaarateey antariksh anusandhaan sangathan (isaro) kee antariksh ya

atree suvidha mein prashikshan le rahe hain.<@xeA> (63 tokens)

[24]L1, C., Yang, W., Zhang,J., Lu,J., Wang, S., &Zong, C. (2024). X-Instruction: Aligning Language Model in Low-resource Languages with Self-curated Cro
lingual Instructions. arXiv preprint arXiv:2405.19744.



Timeline

Activity Apr |May | Jun | Jul | Aug | Sep | Oct |Nov | Dec | Jan | Feb | Mar
Project planning and Initial

Research

Existing Multilingual LLM

evaluation

Implementation

Finalization

Documentation

YA



Feasibility

Available Resources and Strengths

« GPU Availability: single NVIDIA V100 GPU with 32GB
memory provided by our supervisor, Dr. Rishemit.

* Availability of Open -Source Multilingual LLMs

 Availability of datasets in Sinhala, Tamil, and Punjabi.

- Manageable timeline

» Great supervisors

Limitation

S
* Loading Large Models

* APl request Rate
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