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1 Research interests

General-purpose Large Language Models (LLMs) have
demonstrated exceptional performance in diverse NLP
tasks by leveraging massive datasets and computational
resources, followed by fine-tuning or prompt-tuning for
specific tasks Team et al. (2023); Dubey et al. (2024);
Team et al. (2024). While many leading models are
closed-source and heavily biased toward high-resource
languages, particularly English, open-source alternatives
have emerged with comparable performance. However,
low-resource languages continue to face challenges due
to limited pretraining data, high costs of creating linguis-
tically rich corpora, and inefficiencies in tokenization and
vocabulary. My main goal is to explore and find efficient
approaches to training LLMs for low-resource lan-
guages. My previous research includes work on data-to-
text generation, abstractive summarization, and linguistic
entrainment in dialogue generation.

1.1 Building LLMs for Low-Resource Languages

My current research focuses on developing novel meth-
ods for training language models in low-resource lan-
guage settings. I am particularly interested in designing
generalizable approaches for training LLMs with limited
data. One of my current works explores a modular train-
ing strategy that adapts multilingual models into mono-
lingual ones.

In this work, we hypothesize that full model tuning
is often unnecessary and propose a more modular ap-
proach. Specifically, our method involves first training
a language-specific tokenizer and creating corresponding
embeddings, followed by tuning only the non-embedding
parameters. We conduct a comprehensive analysis
across multiple scenarios, including multilingual-to-
monolingual transfer and adaptation from high-resource
to low-resource monolingual models. When applied to
multilingual models, our method significantly reduces
the number of tunable parameters and overall train-
ing time. Evaluation on natural language understand-
ing (NLU) tasks shows that our approach improves per-
formance when adapting mBERT to low-resource lan-
guages. Specifically, we use POS-tagging Nivre et al.

(2020), NER Rahimi et al. (2019), and mask-filling task
to evaluate our approach. We notice an increase of 1.5x
in the mask-filling scores for our modular approach over
full-tuning of the model, in the case of Scottish Gaelic
language. The scores stay almost stagnant on the other
two evaluation metrics. Additionally, we also experi-
ment with replacing the embeddings with custom Fast-
Text embeddings, however, the results stay similar to the
default configuration with mBERT embeddings. We per-
form similar experiments with Irish as well, which, unlike
Scottish Gaelic, is present in the pre-training languages
of mBERT. Consequently, using a randomly initialised
transformer, we plan to investigate if the inclusion of a
language in pretraining dataset helps with better initial-
isation of non-embedding representations for our mod-
ular training. We plan to further validate our method on
decoder-based as well. We choose paraphrasing and sum-
marization tasks to evaluate the models on their language
generation capability. Since there is no gold data avail-
able, we plan to create silver test data using the NMT sys-
tem and the available monolingual corpora. Specifically,
for each data instance in the monolingual corpus, we will
create its corresponding synthetic input using NMT sys-
tems and state-of-the-art English LLMs, depending on
the downstream task.

1.2 Parameter-efficient training with Artificial
Language Initialisation

In parallel, I am also working on parameter-efficient
training methods through artificial language-based pre-
training strategies. Prior studies Papadimitriou and Juraf-
sky (2020); Chiang and yi Lee (2022) demonstrate that
models pretrained on non-linguistic data can achieve per-
formance comparable to those trained on English sen-
tences. We adapt the best performing approach followed
by a parameter-efficient pretraining for language acquisi-
tion from limited data.

Our method initializes the model using token embed-
dings trained with a shallow model, followed by tun-
ing only the non-embedding parameters on non-linguistic
data to introduce structural biases. To initialize the model
with structural biases, we experiment with pretraining on
two artificial languages proposed by Papadimitriou and
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Jurafsky (2023): the nested parentheses language (NEST)
and the crossing parentheses language (CROSS). Subse-
quently, the model is frozen and further pretrained on
the 10M-token BabyLM corpus using LoRA adapters.
Experiments on small-scale dataset show that this ap-
proach leads to faster convergence while maintaining per-
formance comparable to classic full-model pretraining.

1.3 Future Research
For my future research, I plan to enhance these ap-
proaches with linguistically informed curriculum train-
ing. A slightly more ambitious goal of my research plan
is to develop multilingual language generation models
by swapping the embeddings using existing embedding
alignment approaches. Specifically, the non-embedding
model parameters are treated as a universal language rep-
resentation, while injecting language-specific informa-
tion using just the embeddings. Additionally, I plan to
experiment with Direct Preference Optimization (DPO)
Rafailov et al. (2024) and delexicalized pretraining to fur-
ther improve training efficiency in low-resource scenar-
ios.

2 Questions for Senior Researchers
• How to land an internship and how to prepare for the

interviews

• How should one usually decide whether a research
idea should be pursued further, or when it’s better to
move on?

• Where do you think NLG research is heading in the
next few years, and what areas seem most promis-
ing, especially in the era of LLMs?

3 Suggested topics for discussion
• Multilingual Text Generation: How important is the

role of tokenization and vocabulary extension? How
can we efficiently adapt the large vocabulary from a
multilingual model to a language-specific monolin-
gual model? How do we address catastrophic for-
getting while finetuning a multilingual model on a
lower-resource language?

• Data-efficient training of NLG systems: How reli-
able is training using synthetic data? How is the per-
formance comparable to the gold data? How do we
address problems for low-resource languages that
are linguistically distant from any higher resource
language? How can we evaluate NLG models for
languages with minimal resources?
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