
Answer-agnostic Bangla Question-answer Pair

Generation Using Transformer-based Approaches

Authors

Md Sajid Altaf (180041203)

Syed Mohammed Sartaj Ekram (180041204)

Adham Arik Rahman (180041219)

Supervisor

Dr. Md. Azam Hossain

Assistant Professor

Department of Computer Science and Engineering (CSE)

Islamic University of Technology (IUT)

A thesis submitted to the Department of CSE

in partial fulfillment of the requirements for the degree of

Bachelor of Science in CSE

Department of Computer Science and Engineering (CSE)

Islamic University of Technology (IUT)

Organization of the Islamic Cooperation (OIC)

Gazipur, Bangladesh

May 2023





i

Abstract

High-resource languages, such as English, have access to a plethora of datasets with various

question-answer types resembling real-world reading comprehension. However, there is a

severe lack of diverse and comprehensive question-answering datasets in under-resourced

languages like Bangla. The ones available are either translated versions of English datasets

with a niche answer format or created by human annotations focusing on a specific domain,

question type, or answer type. To address these limitations, we introduce BanglaRQA, a

reading comprehension-based Bangla question-answering dataset with various question-

answer types. BanglaRQA consists of 3,000 context passages and 14,889 question-answer pairs

created from those passages. The dataset comprises answerable and unanswerable questions

covering four unique categories of questions and three types of answers. In addition, we also

implemented four different Transformer models for question-answering on the proposed

dataset. The best-performing model achieved an overall 62.42% EM and 78.11% F1 score.

However, detailed analyses showed that the performance varies across question-answer

types, leaving room for substantial improvement of the model performance. Furthermore,

we demonstrated the effectiveness of BanglaRQA as a training resource by showing strong

results on the bn_squad dataset.

We focus on Bangla Question-answer pair generation for the next part of our work.

Bangla, being a less explored language in NLP, lacks comprehensive research in the do-

main of question-answer pair generation. We focus on developing this untapped sector

by fine-tuning BanglaT5, a generative model on the BanglaRQA dataset. The quality of the

generated questions is first evaluated using various metrics. The best-performing model,

BanglaT5, achieved a BLEU score of 21.56 and a BERT score of 85.04, indicating that the

generated questions exhibit decent quality. Subsequently, the research progresses toward

the main task of generating question-answer pairs. The quality of the generated pairs is

evaluated through human assessment and baseline comparison, demonstrating that the

generated QA pairs possess comparable quality to human-annotated QA pairs. Therefore, this

work proposes an end-to-end Question-Answer-Generation (QAG) pipeline and presents a

reading-comprehension-based dataset, that has the potential to contribute to future research.
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Chapter 1

Introduction

1.1 Background Study

Reading comprehension is the ability to process the information gained from reading a con-

text passage, comprehend the meaning of both the context passage and the question asked,

and then respond based on the reader’s understanding and knowledge of the topic [1]. This

process also involves determining which questions cannot be answered based on the con-

text. Therefore, reading comprehension is widely recognized as a crucial test for evaluating

humans’ and machines’ natural language comprehension.

Reading comprehension-based question-answering generally comprises three parts: context,

question, and answer. Each of them has a wide range of types and formats. In the case of

the English language, a large number of distinct datasets based on reading comprehension

have been developed in order to capture the diversity of these components. For example,

datasets in English are accessible with a single document as context [2], multiple documents

as context [3], fill in the blank type questions [4], questions in natural language [5], single

span-based replies [2], answers in natural language [6], and so forth.

Question-answer pair generation is a widely researched topic in natural language process-

ing. It involves generating question-and-answer pairs from a given context without human

involvement. It has become increasingly important in recent years as it can alleviate the labo-

rious task of manually forming question-answers. By learning to generate question-answer

1
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pairs on a larger scale in a shorter time, these systems can help assess a user’s comprehension

of a piece of text. The task has a wide range of practical applications in various sectors, such

as education [7], medical science [8], language learning [9], etc. Chatbots, search engines, lan-

guage learning tools [10], FAQ generation, intelligent tutoring systems, and virtual assistants

[9] are just a few examples of how this technology can be applied to improve user experiences

and provide valuable insights.

Question Answering Systems has been around since the 1960s and the first system was built

using a set of manual rules. Since then, there have been significant advancements in the

architecture of these systems, with changes ranging from Recurrent Neural Networks (RNNs)

[11] to transformer-based models [12]. Similarly to QAS, the early research for automated

Question Generation System relied heavily on manually crafted set of rules focused predom-

inantly on the syntactic structure of the text [13, 14]. Down the line, with the increasing

success of seq-to-seq learning models, researchers have been able to move beyond relying

on a fixed set of rules for generating questions [15, 16]. In recent years, transformer models

such as BERT [17], GTP [18], XLNet [10], etc. have been used to pre-train on large corpora of

data, leading to significant improvements in natural language generation tasks [12]. These

improvements in Question Answering Systems and Question Generation Systems further

helped to pave the way for the development of Question-answer pair generation systems.

Generating high-quality question-answer pairs from unstructured text is still quite chal-

lenging. The majority of existing approaches deal with answer-aware question generation,

where the model is fed with an answer chunk and its context to produce the question [10].

These often require the explicit selection of an answer span in the input context, which is

usually done by highlighting specific tokens. However, this approach can add significant

overhead and is not ideal in situations where a clear list of key terms is not available [19]. In

real-world applications, answers aren’t always known beforehand. Answer-agnostic question

generation takes this into consideration and enables the model to generate questions with-

out any prior knowledge of the corresponding answers. This increases the model’s degree

of freedom resulting in a more diverse set of questions including unanswerable questions

[20]. Answer-agnostic question generation systems accelerated the development of auto-
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matic question-answer pair generation systems as it only makes sense to find corresponding

answers once we have already generated questions.

1.2 Motivation

Bangla is the world’s seventh most frequently spoken language, as over 230 million people

speak it in Bangladesh and India [21]. Although Bangla is a rich and diverse language, it is

severely under-resourced for natural language processing. This is mostly attributed to the

scarcity of necessary resources, such as labeled datasets, language models, and effective ma-

chine learning (ML) techniques for a variety of different NLP applications. A few datasets are

available for reading comprehension-based question-answering in Bangla. These datasets,

however, are either translated versions of the English datasets [22, 23], or very small datasets

that focus on a specific topic area, such as general knowledge [24] or only for answer type [25].

This illustrates the need for a diverse and high-quality dataset for NLP research in Bangla for

question-answer based on reading comprehension.

While there have been at least some works focused on reading comprehension-based question-

answering introducing different datasets and language models, little to no attention has been

given to question-answer pair generation. With the rapid advancements in natural language

processing tasks, English language has seen tremendous progress with the use of different

generative models in this arena [26]. However, it is imperative that under-resourced lan-

guages also make progress in this field, to ensure equitable access to the benefits of such

advancements.

1.3 Problem Statement

We worked on BanglaRQA, a benchmark dataset for Bangla question-answering based on

reading comprehension that contains a wide variety of question-answer types. This dataset

comprises 3000 context passages covering a wide range of domains with 14,889 question-

answer pairs. Out of the 14,889 questions, 3,631 questions were unanswerable from their



1.3. PROBLEM STATEMENT 4

respective passages. The unanswerable questions are constructed in such a way that they

seem pertinent to the passages to which they belong. This mix of answerable and unanswer-

able questions trains language models when to answer and when not to respond, resulting

in improved linguistic ability. Furthermore, the dataset includes a wide variety of question

types, and these question types are separated into four categories, as illustrated in Figure 1.1:

factoid, causal, confirmation, and list. Consequently, it guarantees that the dataset contains

different challenges to answering different types of questions.

For the answerable questions, the answers can be classified into one of three groups: sin-

gle span, multiple spans, or yes/no, covering the extractive question-answering domain.

Multiple-span answers enable information to be accumulated from different parts of the

context passage as the answer. Yes/No answers require inference skills based on the passage’s

context making the dataset more robust.

To estimate the difficulty of BanglaRQA, this study also fine-tuned four different pre-trained

Transformers models, namely, BanglaT5 [27], mT5 [28], BanglaBERT [23], mBERT [29]. BanglaT5,

the best-performing model, achieved an average of 62.42% EM and 78.11% F1 score on the

test set. However, the EM and F1 scores were lower for some specific question-answer types,

indicating some of our dataset’s challenges.

After training BanglaT5 on our dataset, we tested it on the previously available bn_squad

dataset (a translated version of SQuAD 2.0) [23], yielding 70.20% EM and 75.79% F1 score.

Previously [27], when BanglaT5 was trained and tested on the bn_squad dataset, it yielded

68.49% EM and 74.77% F1 score. This proves that BanglaRQA is a valuable resource for

training language models by demonstrating the model’s capacity to generalize to bn_squad.

For the question-answer pair generation part, we fine-tuned various generative models e.g.

mT5 and BanglaT5 on BanglaRQA dataset to produce Bangla question-answer pairs. We em-

ployed an answer-agnostic approach for the question generation system, and subsequently,

we utilized the question-answering system to find the answers from the given context and

generated questions. In the evaluation phase, we utilized various metrics such as EM, F1,

BLEU, and BERT to estimate the quality of the generated questions. Finally, to assess the

overall quality of the generated question-answer pairs we do a human assessment and base-
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line comparison. While doing the human assessment, the annotators took a subset of the

generated question-answer pairs and identified different error types. As human assessment

is not feasible for all synthetic pairs, we do a baseline comparison where we combined the

generated QA pairs with the original BanglaRQA dataset and trained our models on the aug-

mented dataset. We then measured the performance of our models for Question-Answering

on this augmented dataset and found out that we achieve comparable performance to the

baseline model. These results suggest that the quality of the generated QA pairs is similar to

that of human-annotated QA pairs.

Contributions. Our contributions are the followings:

• We present BanglaRQA, a human-annotated dataset for Bangla reading comprehension

containing 14,889 question-answer pairs curated from 3000 passages.

• The proposed dataset contains a variety of question types, including factoids, causal,

confirmation, and list questions. In addition, both answerable and unanswerable

question-answer pairs are included.

• Proposed BanglaRQA additionally includes answers that are divided into three cate-

gories: single span, multiple spans, and yes/no, encompassing the domain of extractive

question-answering.

• We fine-tuned four different Transformer models: BanglaT5, mT5, BanglaBERT, and

mBERT to establish baseline performances on the proposed dataset. Furthermore, we

analyzed the performance of BanglaT5, the best performer in our dataset, on various

question-answer types.

• We demonstrate that BanglaRQA can be a resourceful dataset to train language models

by showing its generalization capability to bn_squad.

• We fine-tuned BanglaT5 on BanglaRQA dataset to produce Bangla question-answer

pairs.

• We assessed the quality of generated questions based on different metrics.
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• We proved that generated question-answer pairs are similar to human-annotated QA

pairs based on human assessment and baseline comparison.
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Figure 1.1: Samples of different question-answer types of BanglaRQA with truncated passages where:
a) Factoid question with Single Span answer. b) Confirmation question with Yes/No answer. c) List
question Multiple Spans answer. d) Causal question with Single Span answer. e) Unanswerable Factoid
question.



Chapter 2

Related Work

This section presents existing works for reading comprehension-based question-answering

datasets in English and Bangla and subsequently on question-answer pair generation.

2.1 English Reading Comprehension Datasets

SQuAD 2.0 [2] and NewsQA [5] are large-scale human-annotated datasets with single docu-

ment as context passage. Their questions are in natural language, including unanswerable

ones, and the answers are single-span based. On the other hand, QAngaroo [3], and HotpotQA

[30] are datasets where the questions require finding and reasoning over multiple supporting

documents to answer.

ReClor dataset [31] is collected from exams like GMAT and LSAT, making it very challenging.

Another of this kind is RACE dataset [32], collected from middle school and high school

English examinations in China.

MS MARCO [6] is a large-scale dataset where the passages are collected from web documents,

the questions are collected from Bing search queries, and the answers are human-generated

in natural language. A question in the MS MARCO dataset may have multiple or no answers.

Natural Questions [33] dataset comprises both answerable and unanswerable questions

searched by real users in the Google search engine. The context of each question here is

an entire Wikipedia article. For the answerable questions, the answers can be either a long

extracted paragraph from the context or a short answer containing one or two entities.

8
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MultiRC [34] is a dataset where questions contain multiple sentences and can be answered

from their corresponding passages. The answers need not be only span based. CoQA [35]

is a large-scale dataset where each sample is a question-answer conversation between two

crowd-workers about a context passage. Another conversational dataset is QuAC [36], where

in a sample, a student asks a question about a hidden Wikipedia passage, and a teacher

answers with spans from that passage.
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2.2 Bangla Reading Comprehension Datasets

Some of the recent works [22, 23] include creating translated Bangla datasets from SQuAD 2.0

[2]. Their passages cover a wide range of topics. They include answerable and unanswerable

questions. Answerable questions are answered by only a single span from their respective

passage.

A very small dataset focusing on the specific domain of general knowledge [24] was also

developed by using sources like Facebook and Google. Another dataset on factoid question

answering [37] was developed. The whole dataset consisted of 1,676 paragraphs, from

which 8,027 question-answer pairs were generated. On average, the length of each question

consisted of 10-11 words, and the answer consisted of 3-4 words. BQuAD [25] dataset consists

of a collection of question-answer pairings and contexts from a variety of fields. They used

Bangla Wikipedia articles as their source. The dataset comprises 5000 context paragraphs,

each with 2-5 questions. There were 13 thousand question-answer pairings in total. Even

though this dataset had no restrictions on the type of questions, the question-answer format

was exactly like SQuAD 1.1 [38] with no unanswerable questions and answers of only a single

span from the context passage.

Figure 2.1 illustrates a comparison among BanglaRQA and previously available Bangla

question-answering datasets.

Figure 2.1: Comparison among BanglaRQA and previously available Bangla reading comprehension
datasets. Here, ’T’ = Translation, ’HA’ = Human Annotation.
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2.3 Question-answer Pair Generation

The task of producing question-answer pairs given a context has been the subject of numer-

ous works. While there are several publications available on English question-answer pair

generation, the same cannot be said for the Bangla language. The following pieces discuss

some of the key studies on question-answer pair formation.

2.3.1 Self-Attention Architectures for Answer-Agnostic Neural Question

Generation

The task of producing questions given a context or passage is the main topic of the work titled

"Self-Attention Architectures for Answer-Agnostic Neural Question Generation"[39]. The

research suggests a unique method for question generation that is answer-neutral and based

on self-attention architectures. The authors stress the value of answer-agnostic question

generation, in which the model generates questions without considering particular answers.

Because of this method, the model can handle a wide range of situations and answer types.

The suggested paradigm makes use of self-attention mechanisms built into a transformer-

based architecture. The model may generate questions while attending to various sections of

the input text thanks to self-attention. The model can produce more cogent and pertinent

queries by accurately collecting contextual data.On benchmark datasets, the authors test

various iterations of the suggested self-attention architecture and evaluate how well they

perform in comparison to currently used question creation techniques. They assess the

questions produced using accepted measures like BLEU and ROUGE.

The outcomes show that the suggested self-attention structures perform better than earlier

approaches, reaching cutting-edge results in answer-agnostic question generating tasks. The

trials also show how well self-attention works for gleaning pertinent information from the

environment and formulating insightful queries. Overall, the research proposes a novel

method for creating open-ended questions utilizing self-attention architectures. The findings

show that self-attention processes have the ability to raise the caliber and relevance of

inquiries that are created.
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Limitations of this study exist. It might not be compared to other approaches for creating

questions, which would make it harder to evaluate its effectiveness and benefits. The evalua-

tion could be restricted to a small number of datasets, which would reduce the generalizability

of the suggested structures. The quality and diversity of the questions that were generated

may not have been sufficiently analyzed, and the paper may have overlooked the difficulty of

coming up with questions that depended on the answer. Additionally, the investigation of

hyperparameters, model architectures, and alterations in the self-attention mechanism may

be limited, which limits knowledge of how they affect the effectiveness of question creation.

2.3.2 Automatic Question Generation from Sentences

The paper [40] discusses the challenges posed by Question Generation (QG) and Question

Answering (QA) in natural language understanding and interfaces. It suggests that automated

QG systems have the potential to assist humans in asking good questions and fulfilling their

inquiry needs effectively. The focus of the paper is on the task of Sentence-to-Question

generation, where a given sentence is used as input to generate a set of questions that the

sentence either contains, implies, or requires answers to. The authors propose an approach

that involves breaking down complex sentences into elementary sentences using a syntactic

parser. Additionally, a named entity recognizer and a part of speech tagger are applied to

encode essential information for each of these sentences. To determine the possible types of

questions to be generated, the sentences are classified based on their subject, verb, object,

and preposition. This classification helps guide the question generation process. For the

experiments and evaluation, the authors utilize the TREC-2007 (Question Answering Track)

dataset. They likely use this dataset to assess the performance and effectiveness of their

proposed approach.

In summary, the paper focuses on automating the task of generating questions from sen-

tences. The authors present an approach that involves breaking down complex sentences,

encoding necessary information, classifying sentences based on linguistic components, and

utilizing a specific dataset for evaluation purposes.

The paper has several limitations. It may have a limited evaluation on diverse datasets, hin-
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dering the generalizability of the proposed approach. There might be a lack of comparison

with alternative methods, making it difficult to assess the advantages of the proposed method.

The paper may not thoroughly analyze the quality of generated questions, neglect the im-

portance of context in question generation, and insufficiently explore linguistic variations.

Additionally, the paper may not address scalability and efficiency concerns when dealing

with large amounts of data.

2.3.3 On the Generation of Medical Question-Answer Pairs

To evaluate the generated questions, the authors employ human judges to assess the quality

of the generated question-answer pairs. They also compare the generated pairs with human-

created pairs to measure the performance of their approach. The experimental results show

that the proposed method achieves promising results in generating medical question-answer

pairs. The generated questions are deemed of high quality and are comparable to human-

created pairs. The paper[8] highlights the importance of generating medical question-answer

pairs and introduces a method that utilizes large-scale data from online health forums. The

approach demonstrates the effectiveness of using supervised learning with a sequence-to-

sequence model to generate relevant and coherent questions in the medical domain.

The authors use human judges to analyze the generated questions and evaluate the resulting

question-answer combinations. In order to gauge the effectiveness of their strategy, they

also contrast the generated pairs with pairs made by humans. The experimental findings

demonstrate that the suggested approach generates medical question-answer pairs with

promising results. The generated questions are thought to be of a high caliber and are

comparable to pairs made by humans. In addition to highlighting the significance of creating

medical question-answer pairings, the research also proposes a technique that makes use of

extensive data from online health forums. The method shows how well supervised learning

combined with a sequence-to-sequence model may produce pertinent and cogent queries in

the field of medicine.

The sole goal of the research is to develop new question-answer pairs that will improve a QA

model’s performance on challenge sets. Although creating new pairs increases the diversity
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of the training data and allows the model to handle a wider range of queries, it ignores

other potential sources of error, such as insufficient or inaccurate context information or

weaknesses in the model’s reasoning skills. Furthermore, the work surpasses several baselines

by using merely a VAE as the generative model. Investigating different generative models or

data augmentation methods could make the model more resilient to challenging sets. SQuAD

and Natural Questions, two commonly used QA datasets that reflect real-world problems,

are utilized to evaluate the suggested approach. These datasets, however, have limits and

might not fully account for all of the difficulties a QA model might run into. A thorough

knowledge of the approach’s effectiveness and generalizability would result from testing it on

other datasets and problems.

There are a few issues with the study that should be mentioned. The performance of the

approach on larger and more varied datasets cannot be fully understood because the eval-

uation was only done on a limited dataset of medical QAPs. Since the approach primarily

depends on domain-specific knowledge, it is unclear whether it can be applied to areas other

than medicine. It is difficult to duplicate or alter the strategy due to the rule-based compo-

nent’s lack of a comprehensive explanation. The coverage of prospective user enquiries is

constrained by the restricted consideration of various query categories. Additionally, the

article only evaluates the quality and accuracy of the generated answers, particularly focusing

on question development.

2.3.4 Automatic Question-answer Pairs Generation and Question Similar-

ity Mechanism in Question Answering System

The paper[12] presents a method that automatically generates question-answer pairs (QAPs)

and incorporates a question similarity mechanism to enhance the effectiveness of a question

answering (QA) system. The approach utilizes a deep learning model to generate QAPs based

on a text corpus. Additionally, a similarity measure is employed to identify questions in

the corpus that are similar to the user’s query, enabling the retrieval of relevant answers. In

summary, the paper introduces a technique for automated QAP generation and leverages

question similarity to improve the performance of a QA system.
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The paper presents a deep learning-based method for producing question-answer pairs

(QAPs) from a corpus of text data, specifically using an LSTM network. In order to capture

semantic similarity and guarantee high-quality results, the model is trained on a huge dataset

of autonomously created QAPs.

The authors suggest a question similarity mechanism based on word embeddings and cosine

similarity in order to improve the performance of the question answering (QA) system.

This approach finds the question in the corpus that most closely resembles the supplied

question by comparing it to previously created question embeddings. The system responds

by retrieving the corresponding response and displaying it.

On two datasets, Yahoo! Answers and WikiQA, the effectiveness of the technique is assessed

and contrasted with several industry standards. The outcomes demonstrate that the proposed

technique outperforms the baselines on both datasets in terms of precision, recall, and F1

score. A user survey is also carried out, and users find the system’s responses to be very

pertinent and beneficial.

In conclusion, the research offers a fascinating method for automatically producing high-

quality QAPs and utilizing a question similarity mechanism to improve QA system perfor-

mance. On numerous datasets, the method is rigorously assessed and shows gains in system

performance and user satisfaction.

There are several restrictions on the document that need to be acknowledged. Bias in the

randomly produced question-answer pairs (QAPs) is not addressed. The research does

not provide a full analysis of the proposed question similarity mechanism’s effectiveness.

In addition, the article focuses exclusively on technological issues without considering any

ethical ramifications of employing a QA system to automatically generate and display answers

to consumers.

2.3.5 Asking Questions the Human Way: Scalable Question-Answer Gener-

ation from Text Corpus

In this research [10], a unique method for producing high-quality question-answer pairs

(QAPs) from a text corpus is presented. Using this method, questions are created based on
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important phrases in the text, and then they are ranked using a scoring model that is based

on deep learning.

The authors use part-of-speech tagging, named entity identification, dependency parsing,

and other statistical and rule-based techniques to find crucial phrases. Then, while taking

into account syntactic and semantic restrictions, these important phrases are employed to

construct queries. The authors suggest using a convolutional neural network (CNN) scoring

model to score the generated queries according to their quality.

The method is tested against numerous benchmarks and evaluated on three datasets: SQuAD,

WikiQA, and Yahoo! Answers. The outcomes show that the suggested method outperforms the

baselines in terms of the caliber and variety of the questions. According to user evaluations

from user research, the system’s queries are extremely pertinent and beneficial.

A huge text corpus is utilized to generate over 500,000 QAPs, which are subsequently used to

train a QA system, demonstrating the approach’s scalability. In addition, a web interface that

users can engage with is offered, so they can create questions based on text input.

In conclusion, the study offers a novel method for producing high-quality QAPs through the

identification of key phrases, the creation of questions, and the scoring of those questions

with a deep learning-based model. The method exhibits encouraging results on a variety of

datasets, and a large-scale QAP generation demonstrates its scalability.

The paper mostly focuses on creating questions, omitting the significance of creating excellent

replies. A successful question-answering system requires both the creation of questions and

the production of precise, illuminating answers. Future studies could look into ways to

provide excellent responses to go along with the questions presented.

The report also lacks a thorough evaluation of the drawbacks and potential biases of the

suggested strategy. It is still unknown whether the generated questions fully represent the

variety of inquiries produced by humans. Additionally, the authors do not address any biases

in the questions that are generated that may result from the training data. In order to solve

these moral and social issues, more research is necessary.
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BanglaRQA Dataset

This section explains the whole data collection process of BanglaRQA, e.g., the source of the

data, the criteria for data inclusion-exclusion, instructions given to the annotators, and other

details. In addition, a comprehensive analysis of the dataset is included in this section.

3.1 Dataset Construction

The construction of BanglaRQA can be divided into 6 steps:

3.1.1 Passage Collection

The source for passages of BanglaRQA was Bangla Wikipedia. We collected 3000 passages

manually covering a wide range of topics, from politics to sports, science to history, education

to entertainment, and so on. We did the collection manually to ensure high-quality passages

following the below-mentioned steps:

1. We chose passages focusing on a specific topic with no ambiguity skipping images,

charts, and tables.

2. We either removed or translated, or converted words containing any other languages to

Bangla.

3. We removed hyperlinks and citation numbers from the passages.

17
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Figure 3.1: Distribution of word count per passage in BanglaRQA

Figure 3.1 shows the distribution of word count per context passage throughout the dataset.

The average word count per passage is approximately 215 (1486 characters). To the best of

our knowledge, passages in our dataset contain a higher character count than any previous

Bangla reading comprehension datasets [25]. Hence, the Bangla language models will face

the challenge of comprehending longer passages. After executing this procedure, we ended

up with the passages setting up a good foundation for our dataset.

3.1.2 Crowd-workers’ Recruitment

We recruited undergraduate engineering students from a prestigious institution by circulat-

ing a Google form explaining the purpose of the research and inviting them to apply. We

then hired workers from applicants with at least 12 years of education in a Bangla-medium

curriculum. Each annotator worked on 20 passages and was given a week to finish their work.
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Figure 3.2: Passage distribution per domain

3.1.3 Question Collection

In this step, crowd-workers created questions from the previously gathered passages.

In order to make the questions lexically and syntactically as dissimilar to the context as

possible, annotators were instructed to paraphrase and use synonyms as much as possible.

From each passage, crowd-workers created 3 to 5 questions, out of which 1 or 2 questions

were unanswerable. An unanswerable question means that the question cannot be answered

using its corresponding passage. Crowd-workers marked each question as either answerable

or unanswerable. There were no constraints given to them about the word limit per question.

Figure 3.3 shows the distribution of word count per question. They also categorized each

question into one of the following types:

• Factoid Type: This type of questions generally contain keywords like What, Who, When,

Where, Which etc. Their answers are usually short phrases.
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Figure 3.3: Distribution of word count per question in BanglaRQA

• Causal Type: This type of questions contain keywords like Why, How etc. Their

answers are descriptive in general.

• Confirmation Type: This type of questions can be answered in yes or no. To answer

confirmation-type question, often inference mechanism and higher level of knowledge

is necessary.

• List Type: This type of question contains keywords like What are..., Who are..., etc.

Their answers consist of multiple facts or entities.

Figure 1.1 contains an example question from each type with its respective passage and

answer.

In total, we got 14,889 questions with a variety of different types combining both answerable

and unanswerable ones from 3,000 passages.
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Figure 3.4: Distribution of word count per answer in BanglaRQA

3.1.4 Answer Collection

In this step, a different set of crowd-workers answered those questions from their correspond-

ing passages. We gave them the passages with their respective questions. If they thought the

question was answerable from the passage, they were asked to answer; otherwise, keep it

blank. This was done to ensure the validity and quality of the questions.

Each question was answered by two different crowd-workers to increase the validity of the

answers. Similar to question formulation, no word limit was given to the annotators as a

constraint. Figure 3.4 shows the distribution of word count per answer. The crowd-workers

then categorized each answer into one of the followings:

• Single Span: This type consists single shortest span from the passage correctly answer-

ing the question. These answers are primarily associated with Factoid type and Causal

type questions.

• Multiple Spans: This type of answer consists of more than one span from different
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parts of the passage separated by semi-colons (;). Factoid type and List type questions

can produce this type of answers.

• Yes / No: Like the category name suggests, this type of answer consists of either Yes or

No. Confirmation-type questions yield this type of answer.

Figure 1.1 contains an example answer from each type with its respective passage and ques-

tion.

3.1.5 Quality Assurance

This step was crucial to ensure the overall quality and correctness of the dataset.

For the answerable questions, we checked if they were answered, and for the unanswerable

questions, we checked if their answers were kept blank; otherwise, we marked those question-

answer pairs as mismatches for later scrutiny.

Next, for each question, we checked the answers collected from two different annotators for

their similarity and type. For list-type questions, we checked if the answers followed the fixed

format where each entity was separated by a semi-colon (;). Again any mismatch was marked

for later scrutiny.

The mismatched question-answer pairs were then given to a third set of annotators to validate.

Their chosen response to the conflict was considered the appropriate one.

Finally, we compiled our dataset comprising 3,000 passages with 14,889 question-answer

pairs where unanswerable questions had empty answers.

3.1.6 Train-Validation-Test Set Split

At first, we randomly split the passages into 80%, 10%, and 10% for our train, validation,

and test set, respectively. Then, we sent each question-answer pair to the particular set

where its associated passage belonged. So, our train set contains 2400 passages with 11,912

question-answer pairs, the validation set contains 300 passages with 1,484 question-answer

pairs, and the test set contains 300 passages with 1,493 question-answer pairs.
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3.2 Dataset Analysis

To better understand the contents of BanglaRQA, we analyze the distribution of different

question-answer types for train, validation, and test sets. The split ratio of the question-

answer pair for train, validation, and test set is approximately 8:1:1.

Split Unanswerable Answerable
Train

Factoid 2109 6220
Causal 409 730
Confirmation 218 1018
List 168 1040

Validation
Factoid 256 767
Causal 46 91
Confirmation 29 130
List 27 138

Test
Factoid 275 761
Causal 51 106
Confirmation 19 117
List 24 140

Total 3631 11258

Table 3.1: Dataset statistics of BanglaRQA based on question types

Table 3.1 shows the distribution of BanglaRQA based on question types in different splits. The

ratio of answerable and unanswerable questions in each set is about 3:1. Under each split,

the distribution for factoid, causal, confirmation, and list question types on unanswerable

questions are around 72%, 15%, 7%, and 6%, respectively. For answerable questions, they are

68%, 9%, 11%, and 12%.

Table 3.2 shows the distribution for answer types of answerable questions. Each split has a

percentage of single span, multiple spans, and yes/no at approximately 76%, 13%, and 11%.

Here, one thing to note is the number of answers is less than the number of questions. This is

because unanswerable questions doesn’t have any corresponding answer parts.

The annotators had complete freedom to choose what type of questions they wanted to
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ask, resulting in a higher percentage of Factoid questions. As the answers are dependent on

questions, single-span answers followed the same trajectory as the Factoid questions.

Split Single Multiple Yes / No
Span Spans

Train 6835 1161 1012
Validation 850 148 128
Test 855 154 115

Table 3.2: Dataset statistics of BanglaRQA answerable questions’ based on answer types
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Experimental Setup

4.1 Question-Answering System

The task is reading comprehension-based question-answering, where the model is given the

question and its associated context passage as input. The model outputs answers in text

format. If the question is unanswerable, then the output is an empty string. Four different

models were implemented: BanglaT5, mT5, BanglaBERT, and mBERT. This section explains

the whole pipeline of the experiments, from preprocessing the data to model training and

evaluation.

4.1.1 Data Preprocessing

Questions, contexts, and answers all were first normalized [41]. Next, questions, context, and

answers were all tokenized using the respective model’s tokenizer. In the case of BanglaT5 and

mT5, the maximum input and output lengths were 1024 tokens and 256 tokens, respectively.

For BanglaBERT and mBERT, input and output were both 512 tokens. To ensure all the

samples in a batch are of the same length, shorter inputs and outputs were padded, and

longer ones were truncated.

25



4.1. QUESTION-ANSWERING SYSTEM 26

4.1.2 Evaluation Metrics

As the task is reading comprehension-based question-answering, we used EM (Exact Match),

and F1 score as a performance evaluation criteria. To calculate the F1 of multiple span type

answers, we followed the DROP [42] paper. The other types of answers’ F1 score calculation

was similar to SQuAD 2.0 [38].

4.1.3 Models

mBERT BanglaBERT mT5 BanglaT5
Optimizer Adam [43] Adam Adam Adam
No of epoch 15 15 15 15
Learning rate 2e-5 2e-5 5e-5 5e-5
Batch size 8 8 1 2
Time per epoch 7min 7min 75min 48min

Table 4.1: The training hyperparameters for different models

As BanglaRQA contains diverse answer types that were not available in any previously avail-

able Bangla datasets, namely, multiple spans and yes/no, it is necessary to establish base-

lines for both extractive and generative models. Therefore, we fine-tuned BanglaT5, mT5,

BanglaBERT, and mBERT, state-of-the-art pre-trained Transformer models with different

architectures for Bangla on the train set of BanglaRQA. Out of these, the first two models have

the generative capability, whereas the other two have the extractive capability.

Multiple-span answers require information extraction from different parts of the passage. As

a result, the standard question-answering BERT models that predict only the starting and

ending token cannot provide multiple spans as answers. So, for extractive (e.g., BanglaBERT,

mBERT) models, we followed the approach from [44] to accommodate multiple-span answers.

Here, we considered it as a token classification task. For each token, the model predicts either

’B’ denoting the start of an answer span or ’I’ denoting other tokens of an answer span, ’O’

if not part of any answer span. This approach can predict spans from different parts of the

passage as an answer, which then can be merged to output the final answer.
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The training hyperparameters are given in Table 4.1. We trained each of the models on

the Google Colab Pro+ platform with P100 GPU. We saved the models after each epoch

and calculated their EM and F1 score on the BanglaRQA’s validation set. BanglaT5, mT5,

BanglaBERT, and mBERT which performed the best on the validation set, were then evaluated

on the test set of BanglaRQA. The test set results are given in Table 4.2.

Model EM F1
mBERT 28.53 39.40
BanglaBERT 47.55 63.15
mT5 53.52 68.83
BanglaT5 62.42 78.11

Table 4.2: Performance of different finetuned models on BanglaRQA test set

BanglaRQA contains longer passages where information needs extraction from different parts

of the passage. BanglaBERT and mBERT can only process 512 tokens at most, and the longer

passages get truncated in the data processing step resulting in valuable information loss.

Thus, their results are comparatively lower than BanglaT5 and mT5. Between the generative

models, BanglaT5 performed significantly better as it was explicitly pre-trained for the Bangla

language. Figure 4.1 shows the EM and F1 score on the validation set at each epoch for

BanglaT5.

4.2 Question Generation System

To assess the generative capabilities of our system, we focus on developing a question-

generation component. By providing the answer and context as input to BanglaT5 model, we

aim to generate questions. The quality of the generated questions serves as an indication of

the system’s generative capabilities.

4.2.1 Evaluation Metrics

We used 2 evaluation metrics to measure the quality of our generated questions: BLEU Score

and BERT Score. BLEU Score measures the similarity between the generated questions and
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Figure 4.1: Performance of BanglaT5 on BanglaRQA’s validation set

Figure 4.2: Question Generation Evaluation
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Figure 4.3: Evaluation on Model Generative Capability

the original questions in our dataset based on n-gram overlap, while BERT Score measures

the semantic similarity between the generated questions and the original questions using a

pre-trained BERT model.

4.2.2 Model

For this specific task, we employ the BanglaT5 model and utilize the Adam optimizer during

the training process for a total of 9 epochs. Following the completion of the training phase,

we analyze the outcomes and observe the following results:

Evaluation Metrics Score
BLEU Score 21.56
BERT Score 85.04

Table 4.3: Performance of BanglaT5 on Question Generation
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Empirical Results and Analyses

After selecting the best model, BanglaT5, we evaluated the model on BanglaRQA’s test set. It

got an overall 62.42% EM and 78.11% F1 score. The upcoming subsections include analyses

of model performance on different question-answer types and the utility of our dataset.

5.1 Performance on Answerable/Unanswerable Questions

The model got 54.89% EM and 75.73% F1 scores on the answerable questions, whereas it got

85.36% EM and 85.36% F1 scores on the unanswerable questions. As the model performance

is lower for answerable questions, there is room for further improvement of the model.

5.2 Performance on Different Question Types

Table 5.1 contains model performances for all the different question types individually. The

model performed best on confirmation-type questions as it just had to choose between two

possible answers, Yes or No. The performance on factoid questions was a bit better than the

overall performance as the answers for this type of question are mostly single-span. The EM

and F1 score are comparatively low for the other two types of questions, especially for list

type, as they require the accumulation of information from different parts of the passage.
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Factoid Causal Confirmation List

EM 65.6 49.7 86.8 34.1
F1 80.3 69.4 86.8 65.2

Table 5.1: Performance of BanglaT5 on different question types

5.3 Performance on Different Answer Types

The model performance results on different answer types are available in table 5.2. The model

performed with considerable accuracy on yes/no type answers. However, for multiple span

type answers, the performance was the least, with only 20.78% EM and 55.75% F1 scores.

This may be because the language model had to accumulate information from different parts

of the passage.

Single Multiple Yes / No
Span Spans

EM 56.7 20.8 86.9
F1 77.8 55.7 86.9

Table 5.2: Performance of BanglaT5 on different answer types

5.4 Usefulness of BanglaRQA

To measure the usefulness of the BanglaRQA, we ran multiple experiments. We first trained

the BanglaT5 model on our dataset and tested it on our test set. This provided us with

62.42% EM and 78.11% F1 score as shown in Table 5.3. From all the previously available

Bangla question-answering datasets, only Bengali-SQuAD [22], and bn_squad are publicly

accessible. Both are translated versions of SQuAD 2.0. However, bn_squad used a state-

of-the-art translation process. Consequently, we compared BanglaRQA’s generalizability to

bn_squad. For that, earlier [27], when BanglaT5 was trained and tested on the bn_squad

dataset (translated version of SQuAD 2.0) [23], it yielded 68.49% EM and 74.77% F1 score as

shown in Table 5.3. Finally, we trained the model on our dataset and tested it on the bn_squad

test set. This yielded 70.20% EM and 75.79% F1 score as shown in Table 5.3. This proves that
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even though our dataset contains various answer types, it can successfully generalize on

datasets like bn_squad with a single answer type (single span).

Trained on Tested on EM / F1
BanglaRQA BanglaRQA 62.42 / 78.11
bn_squad bn_squad 68.49 / 74.77

BanglaRQA bn_squad 70.20 / 75.79

Table 5.3: Performance of BanglaT5 for question-answering

5.5 Performance on Bangla Question-answer Pair Generation

We used BanglaT5 model to generate answer-agnostic Bangla question-answer pairs. We

evaluated the quality of the generated QA pairs using two methods: human assessment and

baseline comparison.

5.5.1 Human Assessment

For human evaluation, we randomly sampled a subset consisting of 115 generated QA pairs

and manually checked them for 8 different pre-specified error types. The selected QA pairs

were evaluated by three human evaluators who were proficient in the Bangla language and

had a background in NLP. The evaluators were given instructions on how to assess the

generated QA pairs for different error types. Each QA pair was evaluated independently by

three evaluators and a majority vote was taken to determine the final label for the QA pair.

5.5.2 Baseline Comparison

Human assessment is not feasible for a large number of generated QA pairs. So, to have a

holistic overview of the whole synthetic dataset we came up with the baseline comparison

approach. We already established baseline performance for Question-Answering on the

BanglaRQA dataset where fine-tuned BanglaT5 resulted in 62.42 EM and 78.11 F1 score.



5.5. PERFORMANCE ON BANGLA QUESTION-ANSWER PAIR GENERATION 33

Figure 5.1: Human Assessment on Bangla Question Answer Pair Generation

Figure 5.2: Baseline Comparison on Bangla Question Answer Pair Generation
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For a baseline comparison, we combined the original BanglaRQA dataset and the generated

QA pairs and trained BanglaT5 model on the augmented dataset. We then evaluated the per-

formance of the fine-tuned model for Question-Answering (finding the answer to a question

given a context) on this augmented dataset using the EM and F1 scores to compare with the

baseline.

Model Dataset EM F1
Baseline (BanglaT5 for QA) BanglaRQA 62.42 78.11

BanglaT5 for QA Augmented Dataset 60.65 78.25

Table 5.4: Results of baseline comparison

The result indicates that the generated QA pairs show the same quality as human-annotated

QA pairs.
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Conclusion

We introduce BanglaRQA, a benchmark dataset for Bangla reading comprehension-based

question-answering with varied question-answer types. We finetuned both extractive and

generative models to set baselines for our dataset. Upon training BanglaT5 on our dataset,

we observed an overall performance of 62.42% EM and 78.11% F1 score.

However, the model could not do well on specific question types, e.g., list and causal, and

specific answer types, e.g., multiple spans, which indicates some of the challenges of the

dataset. Furthermore, testing our model on the bn_squad dataset yielded a better result,

proving that our dataset is more generalized to bn_squad.

We then focus on Bangla Question-Answer pair generation. For Question generation, we

use the answer-agnostic method. We show the generated question-answer pairs are of the

same quality as human-annotated question-answer pairs through baseline comparison. In

summary, this work presents a detailed end-to-end pipeline specifically designed for the task

of Bangla question-answer pair generation.

Limitations

We primarily encountered two challenges during the research process: human and computa-

tional resource. The limitation of human resources was a hindrance for us in creating a larger

dataset. Due to constrained computing resources such as low-end GPU and limited memory,

we could not pre-train our own language model. For this reason, we fine-tuned the existing
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Figure 6.1: End-to-end Pipeline

pre-trained models. Hence, the performance was also dependent on their pre-training. Better

pre-trained models may get improved accuracy on our dataset. All these limitations create

future research scopes for Bangla reading comprehension-based question-answering.

Future Scope

Our dataset can also be helpful in training language models for downstream tasks such

as question-answering, answer-candidate generation, question generation, and question-

answer generation. All of these have been shown useful in the English language to support

other tasks, such as creating a Passage-QA index for retrievers, etc. Hence, we believe that

BanglaRQA can be resourceful for further research on Bangla question-answering, question-

answer pair generation and Bangla natural language understanding.
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