EXPLOITING ADAPTERS FOR QUESTION
GENERATION FROM TAMIL TEXT IN
A ZERO-RESOURCE SETTING

Shanmukanathan Purusanth

(209367E)

Degree of Master of Science in Computer Science

Department of Computer Science and Engineering

Faculty of Engineering

University of Moratuwa

Sri Lanka

October 2022



EXPLOITING ADAPTERS FOR QUESTION
GENERATION FROM TAMIL TEXT IN
A ZERO-RESOURCE SETTING

Shanmukanathan Purusanth

(209367E)

This dissertation submitted in partial fulfillment of the requirements for the Degree of

MSc in Computer Science specializing in Data Science

Department of Computer Science and Engineering

Faculty of Engineering

University of Moratuwa

Sri Lanka

October 2022



DECLARATION

| declare that this is my own work, and this dissertation does not incorporate without
acknowledgment, any material previously submitted for a Degree or Diploma in any other
University or institute of higher learning and to the best of my knowledge and belief it does
not contain any material previously published or written by another person except where the

acknowledgment is made in the text.

Also, I hereby grant to the University of Moratuwa, the non-exclusive right to reproduce and
distribute my dissertation, in whole or in part in print, electronic, or another medium. | retain

the right to use this content in whole or part in future works (such as articles or books).

Signature: Date:

| certify that the declaration above by the candidate is true to the best of my knowledge and

that this report is acceptable for the evaluation of a Master's thesis.

Name of the Supervisor: Dr. Surangika Ranathunga

Signature of the supervisor: Date



ACKNOWLEDGEMENTS

I would like to express my deep and sincere gratitude to Dr. Surangika Ranathunga for
guiding me to initiate, finding a great research topic to conduct the research, and for
continuing support and encouragement. Her supervision greatly helped me in setting goals

and engaging in the research.

I would like to express my greatest gratitude to the Department of Computer Science and
Engineering, the University of Moratuwa for providing the support to overcome this
effort. Last but not least, my heartfelt gratitude goes to my parents and friends who

supported me throughout this effort.



ABSTRACT

Automatic Question Generation focuses on generating questions from a span of text is a
significant problem in Natural Language Processing (NLP). Question generation in low-
resource languages is under-explored compared to high-resource languages. In the earlier
work, all the parameters of a pre-trained multilingual language model were fine-tuned to
perform a zero-shot question generation and other sequence-to-sequence (S2S) generation
tasks. However, such full model fine-tuning is not computationally efficient. Recent
research introduced a neural module called adapter to each Transformer layer of a pre-
trained language model and fine-tuned only the adapter parameters to mitigate this issue.
In this study, we explored single task adapter and adapter fusion on the pre-trained
multilingual model mBART to generate questions from Tamil text. Our best model
produced a Rough-1 (F1) score of 16.9. Furthermore, we obtained a similar result with
two variants of adapters called Houlsby adapter [1] and Pfeifer adapter [1], which resemble
the result of adapters for other S2S tasks[2].

Keywords:  Automatic Question Generation, Pre-trained language models,
Adapters, Tamil.
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1 CHAPTER 1: INTRODUCTION

1.1 Background

Automated question generation from a given span of text is helpful in the automation of
reading comprehension assessment, intelligent tutoring systems, chat-bot applications,
dataset development for question answering, and system authentication [2], [3], [4]. For
example, in an authentication system, rather than using a fixed set of questions, generating
questions from a user-given context is more secure since little or no prior knowledge of
the user’s context makes it hard for a hacker to answer those questions [4]. Table 1.1
shows an example question generated by humans and a MulQG [5] (discussed later) given

the context and answer as input.

Context:

Paragraph A: House of Many Ways is a young adult fantasy novel written by Diana
Wynne Jones. The story is set in the same world as “Howl’s Moving Castle” and “Castle
in the Air”.

Paragraph B: Howl’s Moving Castle is a fantasy novel by British author Diana Wynne
Jones. ... In 2004 it was adapted as an animated film of the same name, which was
nominated for the academy award for the best-animated feature.

Answer: academy award for best-animated feature

The question generated by MulQG: what award was the author of the book house of
many ways nominated for?

Human-generated question: house of many ways is a young adult fantasy novel
set in the same world as a novel that was adapted as an animated film of the same
name and nominated for what?

Table 1.1: Example question generated by MulQG
Source: [5]

1.2 Research problem

Automated question generation is not newborn research in Natural language processing

(NLP). Initial work of Deep Learning based approaches used RNN to generate questions



[6]. Then, They were improved with an attention mechanism, copying mechanism, answer
embedding, POS tag embedding, and NER embedding [6]. Although these techniques
improved the performance, the complexity of the model increased drastically [6]. The
major limitation of RNN-based models is that they cannot process a long context even
though theoretically they can. On the other hand, pre-trained Transformer models
provided outcomes comparable to sequence-to-sequence (S2S) models despite being a

single model [6].

There is many research focused on question generation for high resource languages, but a
limited number of works focused on generating questions in low-resources languages. The
lack of annotated and unlabelled data is a remarkable challenge in developing an NLP
system for low-resource languages. To the best of our knowledge, only Vignesh et al [7]
focused on generating questions in Tamil. Their approach tagged each word in the
sentence into a predefined set of tags and replaced a word with a specific tag with a
corresponding question word to generate the question. However, this method of
generating questions is confined to a specified kind of questions that are easy to answer
and are not fully automated. Hence, it is essential to see how pre-trained Transformer
models can be tailored for low resource languages. Many research has studied S2S pre-
trained language models such as T5 [7], and MT5 [8], and encoder-only models such as
BERT [9]. However, to the best of our knowledge, no study has used sequence-to-

sequence models such as mMBART for question generation.

1.3 Research Questions

The main research question in this research is formulated as follows: Under limited
computational resources, how can we fine-tune a pre-trained multi-lingual model for

guestion generation?

1.4 Objective

The objective of this research is to exploit adapters to fine-tune a pre-trained language

model in a limited resource setting to generate questions from Tamil text.



1.5 Thesis Structure

The rest of the thesis contains six chapters. A brief description of the related work done
previously is discussed in Chapter 2. Next, Chapter 03 will explain the methodology
proposed in this research. Next, Chapter 04 will discuss the evaluation methods and
findings from our research. Finally, Chapter 05 will discuss the conclusion and future

work.



CHAPTER 2: LITERATURE REVIEW

2.1 Overview

Prior work of automatic question generation can be categorized into rule-based and
Machine Learning. Machine Learning-based approaches can further be categorized into
single-hop question generation and multi-hop question generation. In this chapter, we will
discuss the prior work in question generation using these techniques, Datasets used in
previous studies, and S2S pre-trained language models.

2.2 Datasets

Many large-scale question-answering datasets are available, which can be repurposed for
question generation in English [6]. SQUAD [11], RACE [2], and HotpotQA [5] are some
of such question-answering datasets repurposed for question generation. The SQUAD is
made up of 100,000 questions annotated by crowd workers from Wikipedia articles, where
answer to each question is a section of the text from the article. HotpotQA is also
generated from the Wikipedia articles; however, it requires complex reasoning to answer

or generate the question. On the other hand, RACE is collected from real exams.

2.3 Rule-based Approaches

The earlier studies of question generation used rule-based approaches to generate
questions. While rule-based approaches are labor-intensive, domain-specific and limited
to a few styles of questions, they have strengths over the Neural Network models since
they are easy to interpret and allow the developer to have greater control over the model
behavior. Furthermore, they typically require fewer data to generate questions than the
complex Neural Network to achieve the same level of performance [10]. On the other
hand, the usefulness of this approach depends on the quality of the rules, which is often

dependent on extensive knowledge about the domain.

Vignesh et al. [10] tagged each word in the sentence into a set of tags and replaced words

having a specific tag with their corresponding question words to generate a question. This



is the only study that investigates question generation in Tamil to the best of our
knowledge. Since it replaces a single word with a single question word, it produces
syntactically and semantically correct questions. However, a question generated from a
single sentence is easy to answer and limits the real word application like reading
comprehension assessments where it is required to generate questions that require
complex reasoning to answer. Dhole et al. [13] developed the Syng-QG model, where the
raw declarative sentence is transformed into a question-answer pair using shallow
semantic parsing, transparent syntactic rules, and lexical resources. PropBank argument
descriptions and VerbNet state predicates to exploit shallow semantics and custom rule to
generate questions, enabling them to generate a wide range of questions; this is not the
case in [10]. Moreover, questions generated by Syng-QG are not suitable for applications
that require complex reasoning to answer, as in [10]. However, questions generated by the
approaches proposed in Vignesh et al. [10], and Dhole et al. [13] can be used to augment
the question answering datasets because generated questions are syntactically, and

semantically correct.

2.4 Machine Learning Approaches

Neural Network models can be trained end-to-end to generate questions [13]. The choice
of Neural Network architecture should have the capacity to process sequence data because
this is a S2S generation problem. The typical choices of building blocks are RNN [13] and
Transformers [14]. In the earlier stage of neural question generation, two modules of the
RNN networks work together to perform an end-to-end question generation. These end-
to-end models do not depend on human-generated heuristics. However, they can not
process long contexts [14], [17], [3]. The self-attention mechanism enables pre-trained
Transformer models to learn a long context better and produces SOTA results in many
NLP tasks [6]. Though it produces excellent results, it requires a lot of data and
computational power to train. Therefore, categorizing the works in the Neural Network
based approaches as single-hop question generation and multi-hop question generation is

worth it.



In single-hop question generation, questions are generated from a single sentence or a
paragraph. Since this is a moderately easy problem to solve compared to multi-hop
question generation, the majority of work in the literature is focused on generating
questions from a single-hop [14], [17], [3].

2.4.1 Single-hop Question Generation

Unlike multi-layer perceptrons, recurrent Neural Networks use their internal state to
process a sequence of input. Hence, it makes them applicable to many NLP applications.
Many kinds of recurrent Neural Networks have been proposed to address the vanishing

gradient and exploding gradient drawbacks of basic Recurrent Neural Networks.

One of the significant contributions to automated question generation literature is the max-
pointer approach introduced by Zhao et al. [14]. Prior to this study, many studies
concentrated on generating questions from a single sentence, and inferior results were
reported when a complete paragraph was used as input [14]. However, it is often
necessary to use the entire paragraph to produce high-quality questions. Upon its
publication, many researchers employed the max-pointer mechanism as part of their
models. The limitation of this study is that from a paragraph, we can generate many
questions, but as ground truth, we have a single question focused on a given answer.
Therefore, a mechanism to quantify the interaction of answer and passage is essential to
make a reasonable evaluation of question generation. Most of the prior work used a bit or
additional word embedding to incorporate the answer focus into the model. In contrast,
Song et al. [17] proposed an explicit mechanism to measure the interaction between the

answer and the passage.

Table 2.4.1 shows the distribution of question words from SQUAD and MARCO.
Unfortunately, the question word type is skewed and difficult to predict accurately. To
mitigate this challenge, Zhon et al. [18] first generate question words from an answer-
focused context enriched by lexical embedding and use the generated question type to

steer the question generation. On the other hand, Sun et al. [3] incorporate relative distance



between the answer and context word as an additional technique to avoid copying the
context word that is far and irrelevant to the answer. This modeling is done with the
intuition that the context close to the answer can be the best source of information to
generate question words. However, such intuition may not apply in all circumstances,
particularly in phrases that include complicated answer-relevant relationships. Li et al.
[19] address this difficulty by concurrently learning the unstructured sentence and

structured answer relevant connection.

TYPE SQUAD MARCO
what 43.26% 44.29%
Who 9.39% 1.47%
How 9.12% 16.28%
When 6.26% 16.28%
Which 4.78% 1.11%
Where 3.76% 4.16%
Why 1.37% 1.88%
Others 21.83% 29.29%

Table 2.4.1: Distribution of question words in SQURD [18] and
MARCO[19] dataset

Source: [3]

In all the above studies, representation of the text is learned with the single objective of
generating a question. In contrast to that Zhou et al [22] proposed a hierarchical multi-
task learning model that learns the representation of the text at multiple levels, and it
helped the model outperform the pointer generator that enriches with features on the
SQUuURD dataset.

Chan et al. [23] proposed a restructure of the BERT deployment to incorporate teacher

force learning for the question generation. The proposed model is shown in Figure 2.4.7
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Figure 2.4.1: BERT-SQG architecture
Source:[19]

On top of having the benefit of contextual embedding, Scialom et al. [14] explored the
copying mechanism, placeholder, and contextual word embedding to mitigate the

challenges except for the given vocabulary words.

2.4.2 Multi-hop Question Generation

The intuition for multi-hop questions comes from the human process of generating multi-
hop questions. We begin by skimming the material to gain a broad comprehension of it
based on the provided answers and context. Then, given the context, we look for entities
included in or connected to the answers and assess related phrases to extract helpful
evidence. Finally, we aggregate the knowledge gained in earlier rounds and begin

developing questions.

Su et al. [5] proposed a question-generating network based on a multi-hop encoder fusion
network (MulQG). It employs a graph convolutional network to perform answer-aware
entity embedding in multi-hops, and it is the first study to focus on multi-hop question
synthesis. The effectiveness of this approach depends on how well the graph was created,
but they used simple rules to make it. Therefore improving the graph construction may
lead to better performance. On the other hand, A rich form of the questions with structure
patterns on syntax and semantics is used to generate questions in [9]. A neural semi-hidden
Markov model uses latent variables to estimate these patterns.

2.5 Pre-trained sequence-to-sequence modes

Fine-tuning a model that has been pre-trained on a large amount of unlabeled data



produced a SOTA result for many NLP tasks. The intuition behind such a transfer learning
approach is that pre-training enables the model to learn common knowledge about the
language, and fine-tuning enables the model to learn about the task-specific knowledge.
There are encoder only, the decoder only, and encoder-decoder Transformer models pre-
trained on a single language or many languages. BART [24], mBART [25], T5 [7], mT5
[8] are some of the encoder-decoder models that are suitable for sequence-to-sequence
generation tasks. However, they have a huge number of parameters and require a lot of
computation power to fine-tune [1].

2.5.1 Adapters and Adapter Fusion

Recently adapters have been introduced as a lightweight alternative to the full model fine-
tuning that delivers comparable performance [1]. The adapter has several advantages over
fine-tuning a model, including scalability, modularity, and composition [1]. Houlsby
adapter [1], and Pfeifer adapter [1] are two popular variants of adapters where the former
has two modules of trainable parameters while the latter has a single module of trainable
parameters. However, the performance of the Pfeifer adapter is similar to Houlsby.
Figures 2.5.1 and 2.5.2 below the Houlsby adapter [1] and Pfeifer adapter [1].
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Figure 2.5.1 Houlsby adapter Figure 2.5.2 Pfeifer adapter
Source: [1] Source:[1]

Multi-task learning and sequential fine-tuning are two approaches for incorporating



perception from many NLP tasks. Pretrained sequence-to-sequence models are explored
for multi-task learning. However, they struggle with catastrophic forgetting and data
balance issues. Adapter Fusion [26], a new two-stage learning algorithm that uses
knowledge from multiple tasks, is proposed to address this problem. Figure 2.5.3 below

shows the architecture within a Transformer layer.
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Figure 2.5.3: Architecture of Adapter fusion inside a Transformer layer.
Source: [26]

2.6 Summary

Rule-based approach can be used to generate syntactically and semantically correct but
limited types of questions. On the other hand, RNNs are capable of generating a wide
variety of questions. There are many techniques along with RNN used to process the long
context effectively. Fine-tuning a pre-trained S2S model for text generation produced
SOAT results. However, such fine-tuning is not possible in a computational resource-
limited setting. Recently, adapter fine-tuning, and adapter fusion were proposed as an

alternative for full model fine-tuning.
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CHAPTER 3: METHODOLOGY

We exploit adapter modules to fine-tune pre-trained S2S models. Exploiting adapters
enables the model to learn the target task with fewer parameters, reducing the
computational complexity. Moreover, we train adapters in an end-to-end fashion. Hence,

it does not require any heuristic defined by humans.

3.1 Experiment Setup

Many questions can be generated from a given paragraph. Generating a question focused
on a given answer is essential to measure the quality of the generated question. In order
to generate a question that focused on the given answer, we pre-pad the answer token to
the context. Table 3.1.1 shows an example of formatted input and its formatted target for
MBART-based models and Table 3.1.2 shows a formatted input and formatted target for
the mT5-based model.

Input [SEP]eUITLOM[SEP]2_6ITET L& & 1D: HausSw
QUITESH ST 6L HELSH 6 SFL0 CLITSH SIS 6T
QUITSIEUTS GUITLOIT 6T6OTMI
PEHELILGSHMTISHET. SCLTIT LDMHMID
PS5 epeuld Wesor(HID LM &8 Gauetor(HlLh
6T6OTM LDEOTLILLTEULNTE STL0Meo158
GUITLDIT, LIGL (LD6DM, CUMTRFSHAIT FLSSHMSS
QSITLE, SI6V& 6TeoTm

O P&HELILGS MTF.[SEP]

Target [SEPIHOUSHW LSS SSSe0 b flwifledr
@UIWIT eTedT60T?[[SEP]

Table 3.1.1: Example of formatted input and its formatted target for nBART

Target [SEP]U@G.U 1 6UITLOIT [SEP] 2 GTETL &6 LD:
HOLHHW QLTES5T 0L HALISHE S0
CUMEH&HIGHET GILIMSIEUTS 6VITLO 6TedTMI
PEHELILGGHMTISHET. SCLTIT LDMHMID
PS5 eneuld Wesor(HID LM &8 Gauetor(HiLh
GTEOTMI L0GOTLILLTAILDNTS STINMeS6 5
GUITLDIT, LIGL (LD6DM, CUIMTHFSHAIT FLSSMSS
QBTLI, &6V 6T

M P&HELILGS MTF.[SEP]

Target [SEPIBIQUEHIW LSS 055560 b8 iflwifledr
@UIWIT 6T60T6OT?[SEP]

Table 3.1.2: Example of formatted input and its formatted target for mT5
Rest of this chapter, we discuss the implementation details of our baselines and proposed

models.
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3.2 Baseline

Since only one prior work studied question generation in Tamil and does not report any
of the automatics evaluation metrics, we developed standard approaches used in S2S
generation as baselines. The following subsection will describe each of these techniques

in detail.

3.2.1 Full Model Fine-tuning (IMBART50)
A mBART50 model having 610M parameters is prepared to fine-tune on a translated

Tamil training data set to generate questions.

3.2.2 Language Model Fine-tuning (T5)

A T5 base model is fine-tuned on a translated Tamil training dataset to generate questions.

3.2.3 Freeze Token Embedding and Position of mMBART50
Token embedding and position embedding of the mBart50 pre-trained model’s encoder

and decoder is frozen, while other parameters are trainable

3.2.4 Zero-shot Questions Generator
A Houslby adapter with the bottleneck layer size of 264 is added to the pre-trained
mBART50 and fine-tuned to generate English questions. Model performance is evaluated

on a Tamil test set to measure Zero-Shot question generation.

3.2.5 Multiple Adapters for Cross-lingual Transfer Learning

It follows the MAD-X approach proposed in [26]. In the first stage, English and Tamil
language adapters are learned parallelly with a Houslby adapter with a bottleneck size of
254. In the second stage, the English adapter and another newly added adapter called
"question generator” are loaded to the model, and only the parameters of the "question
generator"” are fine-tuned to generate questions in English. After fine-tuning, the English
language adapter is replaced by the Tamil language adapter to generate the question

Tamil.

12



3.2.6 Prefix Tuning

Prefix Tuning is a shallow substitute for full language model fine-tuning. It freezes all the
pre-trained language model parameters and introduces continuous task-specific vectors
called Prefix. by optimizing 0.1% of the parameters, obtained SOTA results in a low

resource setting [ 28].

3.3 Proposed Method

In this section we will discuss the implementation of our proposed models.

3.3.1 Adapter Fine-tuning with Houlsby Adapter
For adapter fine-tuning, we added Houslby adapters with a bottleneck layer size of 254 to
the pre-trained MBARTS50 and fine-tuned it on the Translated Tamil dataset to generate

questions in Tamil.

3.3.2 Adapter Fine-tuning with Pfeiffer Adapter
For the adapter fine-tuning, we added Pfeiffer adapters with a bottle layer size of 64 to the
pre-trained MBART50 and fine-tuned it on the Translated Tamil dataset to generate

questions in Tamil.

3.3.3 Adapter Fusion
In the first stage of the adapter fusion, the following adapters are trained parallelly.

1. English to Tamil translation adapter: A Houslby adapter with the bottleneck
layer size of 264 is added to the pre-trained Transformer. Adapter weights are
learned to translate text from English to Tamil.

2. English question generation adapter: A Houslby adapter with a bottleneck layer
size of 254 is added to the pre-trained mBART50, and adapter weights are
optimized to generate questions in English.

3. Tamil question generation adapter: A Houslby adapter with a bottleneck layer
size of 254 is added to the pre-trained mMBART50, and adapter weights are
optimized to generate questions in Tamil

In the second stage, all the above three adapters are fused to generate questions in Tamil.

13



CHAPTER 4: EVALUATION AND RESULT

This research Rouge metric to evaluate the proposed approaches. Next section variants
of Rouge metrics that are appropriate to quantify the model quality.

4.1 Evaluation Metrics

To measure the quality of generated questions, we use the following metrics.
Rouge: Rouge is a set of metrics for evaluating machine-generated text. It works by
comparing a machine-generated text aging a hypothesis text
e Precision: The percentage of n-gram that appears in the prediction is covered in
the hypothesis
e Recall: The percentage of n-gram that appears in the ground truth covered in the
prediction
e F1-score: is computed by precision and recall

ROUGE-L.: Calculates the longest word sequence that matches.

4.2 Datasets

As discussed in section 2.2 many large-scale question answering datasets are available,
which can be repurposed for question generation in English. However, only one dataset
with 380 questions is available for Tamil question answering [26]. Therefore, to create a
Tamil question generation training dataset, we randomly sampled 10,000 examples from
the SQUAD [16] and translate them with Google Translate. Furthermore, we translate the
1190 questions from the XQUAD as a Test dataset. Table 5.1 shows an example from the
test dataset, and Table 5.1 shows the average number of tokens in the training and test

dataset.

14



Input HALSHW QUETSSEHH0 HALSHE LD
CUMEH&HISHET GQILIMTSIEUTS 6UITLOIT 6T6OTMI
P&HELILGSEMTISHET. SGLTIT LDMHMID
F5H) eneuld WesorBID LM &8 Cauetor(HILd
GTEOTMI LDGOTLILLTOULDTES: STL0Meol1& 5 @ 6VITLOI,
LI6v (pemm, CLITHFS6IT FLISSHMSE QSTLIT,
SV 61T ML &SGOG M.

Target HAUSHW LS sSH A fwfler QUL
6T60T60T?

Answer QUITLOM

Table 4.2.1: Example question from the test dataset.
Data split | Average Average question Average answer length
passage length | length
train 290 19 9
test 303 20 9
Table 4.2.2: Average length of context, question, answer.
4.3 Result

Under a limited computational resource condition (Tesla VV100), we were not able to
perform the mBAT50 full model fine-tuning. Table 5.2 shows the result for the rest of
the baselines and the proposed approaches. Our two models, the zero-shot question
generator and the MAD-X style zero-shot question generator, produce a score of 0 for all
the evaluation metrics. We examine the questions generated by these approaches, and it
reveals that the questions generated by the model are in English rather than Tamil.
Therefore task adapters learned in Zero-shot question generation not only learned to

generate the questions but also learned English; hence it washed out the Tamil language

during zero-shot inference.
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Model Number of Total Number of Number of

Parameters Trainable Epoch
Parameters

Language model 300M 300M 10

fine-tuning(T5)

Freeze token 610M 352M 10

embedding and

position of

mMBART50

Zero-Shot 611M 420K 10

questions generator

MAD-X style 611M 420K 10

question generation

Adapter fine-tuning | 611M 420K 10

with Houlsby

adapter

Adapter fine-tuning | 611M 420K 10

with Pfeiffer adapter

Adapter Fusion 763.5M 151M 30

Prefix Tuning 650M 39.5M 10

Table 4.3.1: Model’s and their parameters and trained Epochs
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Rouge-1 Rouge-2 Rouge-L

Model precision  recall F1score  precision recall F1score precision  recall F1 score

Zero-shot question

generation
(mBARTS50) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MAD-X (MBART50) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Frozen
embedding(mBARTS

0) 2.30 1.07 1.09 0.05 0.03 0.04 23 1.7 1.9
Prefix

tuning(mMBARTS50 2.50 1.70 1.09 0.120  0.05 0.10 2.04 1.70 1.90
Language model fine-

tuning(mT5) 4.10 3.30 3.50 0.40 0.40 0.30 4.00 3.20 3.50
Adapter

fusion(mMBART50 16.00 11.50 13.00 6.00 4.00 4.00 15.00 11.00 12.00

Adapter fine-tuning
Pfeiffer(mBARTS50) 16.90 14.70 15.20 6.30 5.30 5.50 16.30 14.20 14.60

Adapter fine-tuning
Houlsby(mBART50) 19.00 15.50 16.60 7.10 5.50 6.00 18.40 15.00 16.10

Table 4.3.2: Result

The frozen embedding language model fine-tuning produces slightly better results than
Zero-Shot question generators. Next, adapter fine-tuning with the Pfeiffer adapter
produces a marginally better result than the zero-shot question generators and the
language model fine-tuning. Next, Adapter fine-tuning with Houlsby adapter produces 1.5
absolute improvements over the fine-tuning of the Pfeiffer adapter. Finally, adapter fusion
produces a significantly better result than the zero-shot question generators and full model
fine-tuning; however, its performance is below the Adapter fine-tuning. We suspect that
this may be because of two reasons: the first one is English to Tamil translation; English
guestion generation adapters are trained on the dataset other than SQUAD, which leads to
a domain miss-match. The second reason may be that 10,000 training examples in the
training set are insufficient to train the 151 million parameters introduced by the adapter
fusion layer to combine the adapters. The performance of the prefix tuning, Language
model fine-tuning and frozen embedding is very low maybe because of the low number
of training examples and a low number of epochs. Table 5.5 shows the total number of

parameters, Trainable parameters and the Number of Epochs for all the models.

17



CHAPTER 5: CONCLUSION AND FUTURE WORK

We explored computationally efficient approaches to generate questions in a zero-
resource setting for the Tamil language. Under limited resources, we were not able to
perform the full model fine-tuning with mBART50. By introducing standalone adapters
and adapter fusion, we mitigate the computational challenge of full model fine-tuning and
produce a significant result for Tamil question generation. The empirical result shows that
adapter fine-tuning could produce SOTA results for Tamil question generation. In
addition, Houlsby adapter and Pfeiffer adapter produce a similar result. Adapter fine-
tuning with Houlsby produces the best result with 19 rouge. For future work, we
recommend training an English to Tamil question translation adapter and an English
question generation adapter on the SQUAD data prior to generating questions in Tamil

with adapter fusion. We believe this will help the model to understand the target domain.
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