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ABSTRACT

AUTOMATIC QUESTION GENERATION FOR
IMPROVING LOW RESOURCE QUESTION ANSWERING
PERFORMANCE

This thesis focuses on employing a question-generation system to improve the
performance of question-answering models. We propose a multitask-trained question-
generation module that is built on a multilingual encoder-decoder architecture and can
produce question-answer pairs over plain text passages. We were able to adapt the
question-generation system to several languages by using a multilingual model. First,
we created a Turkish Question Answering dataset utilizing the Turkish Wikipedia pages
and this question-generation system. Our experiments revealed that the performance
on the Turkish XQuAD set was enhanced by 3% when the generated dataset was

combined with the human-annotated dataset for question-answering model training.

Second we also extensively test our model in many languages and low-resource
environments. We used limited annotated data from the question-answering datasets
from different languages like English, German, French, and Turkish; to train the ques-
tion generation model. We then utilized this model to create artificial question-answer
pairs from the unannotated paragraphs. Our experiments revealed that, especially
in the lower data settings, our augmentation strategy consistently outperformed the
baseline question-answering models that are trained on human-annotated data across

a range of dataset sizes and languages.



OZET

DUSUK KAYNAKLI SORU CEVAPLAMA
PERFORMANSINI ARTIRMAK ICIN OTOMATIK SORU
URETIMI

Bu tez, soru-cevap modellerinin performansini artirmak igin bir soru iiretim
sistemi kullanma {izerine odaklanmaktadir. Onerdigimiz model ¢ok dilli Transformer
tabanli bir kodlayici-¢oziicti mimarisi iizerine insa edilerek, birden fazla gorev igin ayni
anda egitilmistir. Bu model sayesinde yalniz paragraflar girdi olarak alinarak soru
cevap ikilileri iiretilebilir. Cok dilli bir model kullanmamiz sayesinde soru iiretim sis-
temini cesitli dillere uyarlayabildik. Ilk olarak, Tiirkce Vikipedi sayfalarim ve bu soru
iiretim sistemi kullanarak Tiirkge Soru Yamit veri kiimesini olusturduk. Deneyler-
imiz, iiretilen veri kiimesinin insan tarafindan isaretlenmis Soru Yanit veri kiimesiyle

birlestirildiginde, Tiirkce XQuAD setindeki performansin %3 arttigini ortaya ¢ikardi.

Ikinci olarak, modelimizi bircok dil ve diigitkk kaynak ortaminda kapsaml bir
sekilde test ettik. Soru tiretim modelini egitmek icin Ingilizce, Almanca, Fransizca
ve Tiirkge gibi farkl dillerden soru-yanit veri kiimesinden sinirh sayida isaretlenmis
veri kullandik. Daha sonra bu modeli igaretlenmemis paragraflardan yapay soru-
cevap ciftleri olugturarak; soru cevaplama modelinin egitimine ek veri olarak kattik.
Deneylerimiz, ozellikle diigiik veri ayarlarinda, arttirma stratejimizin, insan tarafindan
isaretlenmis veriye dayali temel soru-yanit modellerinin farkli boyutta ve dilde veri

kiimeleri iizerinde daha iyi performans gosterdigini ortaya koydu.
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1. INTRODUCTION

Question-answering (QA) is the task of finding answers for questions, from given
text or spoken documents. A specific subtask of QA, known as machine reading com-
prehension, aims to find answers from a related text document. The answer is directly
extracted from the given passage as a sequence of words. Listening comprehension
is another subtask of the question answering. This task aims to find answers to the

question from spoken documents.

Question answering models are trained using the question answer document
triplets. During the training, the model takes a document and question and learns to
predict the answer span from the document. In recent years many question-answering
datasets and model architectures are proposed. There are multiple large-scale datasets
like SQuAD [1, 2], Natural Questions [3], which become the benchmarks for this task.
Also, multilingual datasets like TyDiQA [4], or datasets like FQuAD [5] for French,
GermanQuAD [6] for German, and ThQuad [7] for the Turkish are generated, but they
have limited data compared to English datasets. Because of that most of the work

done in the question-answering problem is over the English.

Publicly available question-answering datasets for languages other than English
are fairly limited. The size of the dataset is important to exploit the power of neural
networks for downstream tasks. For example, training general purpose question an-
swering models in Turkish requires a large-scale question-answering dataset in Turkish.
Since generating a large-scale dataset from scratch is a challenging process, the gener-
ative language models can be used to automatically generate question-answer pairs to
ease the process for the human annotators or they can be used directly for training a

question-answering system.

In an effort of closing the gap between English and other languages in dataset

size, we propose a framework to generate question-answering data using a generative



model and unannotated passages to generate a new dataset or augment the question-
answering datasets in a given language. The generation framework consists of two
parts. The first one is an encoder-decoder transformer-based question-answer pair
generator which uses the text paragraphs as input. The second one is a filtering layer

which is utilized to filter the generated questions to improve their quality.

The proposed question-generation model utilizes the mT5 [8] model which is a
multilingual model. Being a multilingual model allows us to use same the pre-trained
model while fine-tuning the model in the language of interest. This helps with the
applicability of this method to multiple languages. We train our model in a multi-task
fashion, using question-answering, question-generation, and answer-extraction tasks.
Since we utilized an encoder-decoder architecture we were able to train the model in
multiple tasks simultaneously without any architecture or loss change. The generation
module is fine-tuned using an available question-answering dataset. The dataset is ma-
nipulated to generate data for 3 different tasks question generation, question answering,

and answer extraction, which are used in training.

Our filtering model uses multiple approaches. The first approach is a heuristic-
based approach in which we use language-specific rules together with pre-trained mod-
els to determine if the question-answer pair is of high quality. In our second approach,
we trained a classifier model based on ELECTRA [9] to classify the good and bad ques-
tions. This approach was dependent on the annotation of generated questions, so we
used our annotation tool to annotate a random set from the generated question-answer
pair.s Because of the language-specific efforts, even though it was helpful, we omit the

filter layer in most of our experiments.

Using the proposed question-generation model, we first generated a Turkish
question-answering dataset over Wikipedia articles, similar to SQuAD [1] dataset.
The largest human-annotated question-answering dataset in Turkish is the ThQuAD
dataset [7], which contains questions about Islamic Science and Ottoman History.

There is also a Turkish machine-translated version of the SQuAD dataset [10] which



contains articles from Wikipedia. We wanted to introduce a third dataset, that is
generated over the articles from diverse topics from Turkish Wikipedia automatically.
The datasets we discussed beforehand had questions from 750 and 500 different articles
respectively, with our work we introduced a dataset generated with over 20K different
articles. We think that this would help to improve the generalization performance of
Turkish question-answering models across different domains. We train the question-
generation model using the ThQuAD dataset and machine-translated version of the
SQuAD [10]. The input for this question-generation model in generation time was the

paragraphs that were crawled from Wikipedia.

We also utilize our proposed approach as a data augmentation method in low-
resource question-answering settings. In order to simulate limited data settings, we
sampled various sizes of small partitions from SQuAD, Spoken SQuAD, FQuAD,
and GermanQuAD datasets. These small partitions were used to train the question-
generation models and the remaining articles in these datasets were used as input to
our question-generation model, and it generate the question-answer pairs using the
paragraphs in these articles. Afterward, we trained various question-answering models
using these subsets and generated questions to evaluate the impact of the generated

questions as input to these models. Contributions of this thesis are:

e We propose a question-answer pair generation model to generate question-answer
pairs from given text passages.

e We propose two filtering methods for filtering out the erroneous question-answer
pairs generated by the question-generation model.

e We generate a synthetic dataset using paragraphs from Wikipedia in Turkish
containing 83.6K question-answer pairs using our framework.

o We extensively test our generation model as a data augmentation method in low
resource question answering settings and show that adding the generated question

to the question-answering training improved the performance.



2. RELATED WORK

2.1. Question Generation and Filtering

The question generation research revolved around recurrent neural networks be-
fore 2019. Many RNN-based encoder-decoder networks were proposed for this task.
One such work is Learning to Ask [11] which uses a hierarchical Bi-LSTM encoder for
passages. The first layer is a Bi-LSTM-based sentence encoder for sentences. These
sentence representations were utilized to encode the paragraphs with another Bi-LSTM.
Then an LSTM-based decoder was used to generate questions using the encoded pas-

sage information.

Du [12] proposes a 2 step approach. First, the possible answer spans are identified
using a Bi-LSTM-CRF model. Following that, a Bi-LSTM encoder and LSTM decoder
are utilized. The feature-enriched input, containing word embeddings, answer position
features, and coreference features extracted by a coreference resolution model, is taken
by the encoder. Then the encoder output is fed to the decoder for generating the

questions.

“Answer-focused and Position-aware Neural Question Generation” [13] utilizes a
Bi-LSTM encoder that takes word embeddings, answer position, and lexical features
like named-entity and POS tags as input when training. A unidirectional LSTM is
used as the decoder. This decoder was based on a pointer-generator network that
can generate a word from a given vocabulary or copy words directly from the input
sequences. Position embeddings are also added to attention calculation to incentivize
the selection of text closer to the answers. Another mechanism that detects possible
question words from answers is also introduced to encode answer information and pass

it to the generation process.



“Self-Training for Jointly Learning to Ask and Answer Questions” [14] utilizes a
similar Bi-LSTM encoder and unidirectional-LSTM decoder for question generation.
There is also another Bi-LSTM-based network for the question-answering task. Those
two models are trained in a self-training fashion. At the first iteration of this training
scheme, the training of both models starts with the annotated dataset. After the first
pass, new questions are generated by the question-generation model and introduced
to the system and those are answered by the question-answering model. Then an
oracle model makes a selection among the generated question-answer pairs using the
confidences of the QA and QG models. The selected examples are added to the training
set of those models. This iteration process continues until the performance on the

development set plateaus.

Transformers [15] have become the mainstream neural models for QG after 2019.
Recent research on QG has utilized the open source pre-trained models like BERT [16],
GPT [17,18] and T5 [19] architectures.

Lopez [20] proposed a GPT-2 [18] based model in which two different input models
were experimented with for question generation. In the training of the first one, the
passage is concatenated with all of the questions, using the “Question:” token before
each of them. This is done for training the model to generate multiple questions in
a single pass to speed up the process. This approach sometimes results in inputs
longer than the context length of the GPT-2 model. For alleviating this problem a
second method is introduced. In this approach, the passages are duplicated and each
is concatenated with one of the questions to this passage in the same fashion. This led
to multiple training examples for one passage. The generated questions are evaluated

using automatic methods like the BLEU score.

Liu proposed [21] adding extra two inputs “clue” and “style” on top of the para-
graph and answer to the GPT-2 model. Since question-answering datasets that are
used to train the question-generation model do not contain those two features aux-

iliary methods are used to determine those from this dataset. The clue is copied or



paraphrased block of text from the passage in question. The clue block is determined
by counting overlapping tokens and stems between questions and blocks of passage.
The second extra information, “style”, is the type of questions like “why”, “when”,
“yes-no” questions, etc. Style is determined by making a string search using the ques-
tion words like “why”, “what” etc., and the possible start of yes-no questions like “is”,
“should” etc in the question. All of the features are concatenated with special tokens

like < clue >, < answer > in between. This input is then fed to the GPT-2 model to

generate questions.

UNILM [22] proposed a new Transformer based model pre-trained by multi-
ple language modeling objectives, that are sequence-to-sequence, bidirectional, left-to-
right, and right-to-left jointly. This paper contains answer-aware question generation
experiments using the sequence-to-sequence model. In which a concatenation of pas-
sage and answer span is given as input. The target sequence for fine-tuning is the

question from the annotated dataset.

Yin [23] used two-stage architecture for question generation. The first stage was
a BERT encoder which encodes context with answer spans highlighted with special
tokens. The second stage was a BERT as an LM model and a transformer-based
pointer generator network. Their experiments show that this two-step approach had

better generalization performance to out-of-domain data.

In recent years question generation is also been utilized for data augmentation and
domain adaptation for question-answering systems [24-28]. For making those models
generate questions from passages without any answer annotation, different architec-
tures have been proposed. Unlike the question generation models discussed before,
they are primarily evaluated with the generated questions’ impact on the question-

answering performance.

Shakeri [24] proposed an end-to-end question-answer pair generator using the

BART [29] model. The problem is modeled as a conditional generation task in which a



passage is fed to the model and then the model generates questions and answers con-
secutively. 3 different generation approaches are proposed. First one takes the input
passages and then generates answers then the questions. The second approach is a sim-
ilar model that takes passages as input to the encoder. Then it generates the questions
and then answers in this order. The only difference between the first two approaches
is the order of generation. The third one involves a 2-step approach. First, the input
passages were passed through an encoder to obtain questions. Then the questions and
the passages were fed to the encoder again to generate corresponding answers. Ques-
tions with low log-likelihood scores were eliminated. These approaches were evaluated
for domain adaptation between different question-answering datasets and the best-
performing approach was the 2-step one. The addition of the generated questions on
top of the out-of-domain human-annotated data improved the performance by around

8-10% on average on various datasets.

Alberti [25] introduced two models based on BERT architecture. The first model
takes passages and extracts candidate answer spans. The second model is fine-tuned
as a left-to-right language model which is obtained by altering the attention mask
of the BERT encoder. During prediction, it takes the context and answer as input
and generates the question using iterative greedy decoding. This work also introduced
Roundtrip Consistency for filtering the generated questions using another question-
answering model. With this method, each generated question and the corresponding
passage are fed to another question-answering model, and if the prediction of this
question-answering model matches the generated answer then this question-answer
pair is considered to satisfy roundtrip consistency and kept in the dataset, otherwise it
is filtered out. Using this approach 3 million questions over SQuUAD2.0 [2] passages and
4 million questions from Natural Questions Dataset [3] were generated. Automatically
generated questions improve the EM score by 2% and the F1 score by 1.7% on the
SQuAD 2.0 dataset.

Puri [26] proposed a 3-step approach. For the answer extraction a BERT model

is used and the question generation model is replaced with decoder-only GPT-2 ar-



chitecture, which is more suited to generation tasks, finetuned on question generation
using a question-answering dataset. Also, a BERT-based question-answering model is
used for roundtrip consistency filtration. 20 million questions were generated using this
model over Wikipedia articles. The experiments showed that at this scale training the
model with only synthetic data outperforms the model trained with annotated data

over the SQuAD dataset.

Another work [27] also proposed a 3-step approach using ELECTRA for the
answer span extraction and the question-answering models for round trip filtration. A
BART-based generator model is used to generate questions using passages and answers.
In their approach, they use a self-training scheme to iteratively train the question
generator and question-answering models to improve performance. Augmenting the
generated questions for domain adaptation for various question-answering datasets
improves the EM performance by around 11% on average and, 2% of this improvement

is due to the proposed self-training approach.

Bartolo [28] proposed another 3-step model that involves using an answer candi-
date selection model to determine possible answers by taking passages as inputs and
returning answer spans. A self-attention labeling method is proposed for determining
candidate answer spans. This method employs a multi-label classification head for pre-
dicting the candidate start and end tokens simultaneously, generating a binary label
for each span to determine whether it is a candidate answer or not. Subsequently, a
question generation model based on BART, which takes a paragraph and answer span
as input, is used to generate the question. Multiple techniques are proposed for filter-
ing the question-answer pairs such as confidence measures of answer candidates and
question generators, influence function, and Ensemble Roundtrip Consistency using
six models. Finally, a self-training method is also introduced to relabel or eliminate

question-answer pairs based on the outputs of the six models.

Our proposed method uses a two-step generation architecture, in which the first

step was extracting the answer spans and the second one was using the passage and



answer spans to generate questions similar to some of the recent work [24-28]. In
contrast, we only used a single encoder-decoder architecture mT5 [8], which is trained in
multitask fashion to determine the answer spans and generate questions. We used QA
filtering only in the Turkish question-answering dataset generation setting, because our
experiments were mostly focused on low-resource settings and the question-answering
performance was relatively low so the roundtrip filtration method which is widely
used by different papers was not effective as their settings. We needed to implement
language-specific rules and annotate data to train classification models to classify good
and bad questions. Since it was a strenuous process we only select the Turkish for
our filtering experiments, and focus our efforts to evaluate our question generation

performance over various settings and languages.

2.2. Question Answering

Question answering in this thesis focuses on reading and listening comprehension
tasks. The reading comprehension involves models working on textual input and the
answers are extracted from textual documents. Listening comprehension is the task
of extracting answers from spoken documents. Two prevalent approaches are used for
listening comprehension tasks: the first involves a combination of automatic speech
recognition (ASR) and reading comprehension models (cascade models), while the

second approach entails end-to-end training of a model with spoken documents.

In recent years, reading comprehension models have been generally based on
various transformer architectures. BERT [16] proposed a fine-tuning scheme with a
question-answering head, which determines the start and the end span of answers on
top of the transformer encoder embedding. Many other transformer encoder architec-
tures like AIBERT [30], RoBERTa [31], and ELECTRA [9] also utilize a similar head

architecture for the reading comprehension task.

The encoder-decoder architectures like T5 [19] and BART [29] are also used for

reading comprehension tasks. Since they are sequence-to-sequence models they don’t
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need the task-specific head like the encoder-only models. The models are trained
with the concatenation of questions and passages as input to generate target answer

sequences using cross-entropy loss.

Large language models are also utilized for the reading comprehension task.
Brown and Wei [32,33] discuss the large language model’s few-shot learning capabili-
ties after pre-training. These models are not up to the performance of the fine-tuned

models but their out-of-the-box capabilities are quite promising.

For the listening comprehension task, one of the most prominent approaches is the
cascade model architecture. Cascade models first utilize an Automatic Speech Recog-
nition (ASR) system to obtain transcriptions of spoken documents, then the question-
answering task is performed on these erroneous transcriptions using either RNN-based
or transformer-based models [34-39]. On the other hand, end-to-end models leverage

acoustic and text data together to optimize question-answering performance [40,41].

In this thesis, we use reading and listening comprehension models to evaluate the
impact of the generated data in various languages and data settings. We used multiple
transformers-based models for both reading and listening comprehension tasks such as
BERT [16] and mT5 [8], and ELECTRA [9]. For the listening comprehension task, we
focused on the second part of the cascade architecture which is the question-answering

model for our experiments.
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3. METHODOLOGY

In this thesis, we aim to improve the question-answering performance by us-
ing question generation over unannotated text data for low-resource domains and
languages. Since data annotation for question-answering is costly, we generated a
question-answering dataset over plain text without the need for human supervision. We
used a multilingual text-to-text transformer model as our question generation model.
Using multilingual models allows us to easily adapt to this approach to multiple lan-
guages. The generated questions are also used to augment the human-annotated data
and fine-tune question-answering models for the evaluation of our question-generation

performance.

3.1. Datasets

In our research, we explored the proposed data augmentation and fine-tuning
framework for low-resource question-answering settings using reading and listening
comprehension datasets in various languages. For reading comprehension, we uti-
lized SQuAD [1] for English, TQuAD [42], THQuAD [7], and machine-translated
SQuAD [10] datasets for Turkish; FQuAD [5] for French, GermanQuAD [6] for Ger-
man, and two datasets collected and annotated from video lectures, one for English
lectures [37] and one for Turkish lectures [37]. For listening comprehension, we utilize

Spoken SQuAD [38] for English and spoken versions of the lecture datasets [37].

Our research mainly focuses on QA with limited annotated data. The lecture
datasets have less than 1000 questions for training so we used the whole dataset in
our experiments. The other datasets have more than 10K questions so to simulate
low-resource settings we used various subsets from these datasets. The overall sizes of
those datasets can be seen in Table 3.1. For SQuAD, Spoken SQuAD, FQuAD, and
GermanQuAD some train data are set apart as the development set to tune the model

hyperparameters. The official SQuAD development set is used as the test partition in
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the experiments. English lectures dataset does not have a development set, so 2-fold

cross-validation is applied on the test set to tune the model hyperparameters.

Table 3.1. Dataset statistics: number of articles, paragraphs, and question-answer

pairs for each dataset used in the experiments.

Dataset Train Set Development Set Test Set

Articles | Paragraphs | QAs | Articles | Paragraphs | QAs | Articles | Paragraphs | QAs
SQuAD [1] 397 17070 76065 | 45 1826 8534 | 48 2067 10570
FQuAD [5] 105 4449 18569 | 12 472 2162 | 18 768 3188
GermanQuAD [6] 2286 2286 10376 | 254 254 1142 | 474 474 2204
Spoken SQuAD ([38] | 397 17070 33589 | 45 1826 3522 | 48 2067 5351
English Lectures [37] | 26 259 309 - - - 15 94 175
Turkish Lectures [37] | 75 547 878 13 118 286 | 27 178 287
TQuAD [42] 681 2232 8308 | - - - 72 275 892
THQuAD [7] 756 2400 14224 | - - - 85 301 1330
SQuAD-TR [10] 442 18776 61293 | -

3.1.1. SQuAD

SQuAD [1,2] is an English reading comprehension dataset that consists of short
passages from Wikipedia. It includes approximately 23K paragraphs extracted from
536 articles covering diverse topics, along with over 100K human-annotated question-
answer pairs. While the training and development sets are available online, the test
set is reserved exclusively for the challenge. For our research, we used the SQuAD
v1.1 training and development splits. The official development set is employed to
evaluate the performance of the proposed framework. As a result, we reserved 10% of
the training set for hyperparameter tuning for both question-generation and question-

answering models.

3.1.2. Spoken-SQuAD

The Spoken SQuAD dataset [38] is an English listening comprehension dataset
that was created from the SQuAD dataset. The process involved converting the SQuAD

passages into the spoken form using Google Text-to-Speech and then generating cor-
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responding ASR transcriptions using CMU Sphinx. If the answer to a question was
transcribed incorrectly, that question-answer pair was removed from the dataset. As
a result, spoken SQuAD is a subset of SQuAD that includes around 37K and 5.3K
question-answer pairs for the train and test sets, respectively. Additionally, a de-
velopment set was created by setting apart 10% of the training set for tuning the

hyperparameters of the question-generation and question-answering models.

3.1.3. TQuAD

TQuAD is a Turkish reading comprehension dataset containing questions on
Turkish Islamic Science topics. In the dataset, there are 8.3K questions over 2.2K
paragraphs from 680 articles for the training set. The development set contains 900
questions over 275 passages from 72 articles. We did not use this dataset directly in

this work, we only used the extended version of this set, which is THQuAD.

3.1.4. THQuAD

THQuAD is a Turkish reading comprehension dataset that contains questions
on Turkish Islamic Science and Ottoman History. It contains the TQuAD dataset and
extends it with Ottoman History questions. In the dataset, there are 14K questions over
2.4K paragraphs from 756 articles for the training set. The development set contains
1330 questions over 301 passages from 85 articles. We used the training set for the
question-generation and question-answering model training and the development set
for testing the question-answering performance. We set apart 10% of the training
set as a development set for hyperparameter tuning of the question-generation and

question-answering models.

3.1.5. SQUAD-TR

SQuAD-TR [10] is a Turkish reading comprehension dataset. It is generated
by translating the SQuAD 2.0 dataset using Amazon Translate API. It contains 61K
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question-answer pairs over 18.8K paragraphs. We utilize this dataset while training

our question-generation model for Turkish.

3.1.6. FQuAD

FQuAD is a French reading comprehension dataset containing passages from
French Wikipedia and 20K human annotated question-answer pairs [5]. In our work,
we used the train, and development splits of FQuAD v.1.0. The official development
set is used to evaluate the performance of the proposed framework, so we set apart
10% of the train partition for hyperparameter tuning, both for question-generation

and question-answering models.

3.1.7. GermanQuAD

GermanQuAD is a German reading comprehension dataset containing passages
from Wikipedia and 13,0004+ human annotated question-answer pairs [6]. It is based on
the German equivalent of English articles in SQuAD, the corresponding questions were
reformulated into German, so that the training dataset contains about 11K annotated
question-answer pairs while the test set has about 2K pairs. In our work, we used
the train and test splits of the GermanQuAD dataset. GermanQuAD does not have a
development set, so we set apart 10% of the train partition as the development set for

hyperparameter tuning, both for question-generation and question-answering models.

3.1.8. English Lectures

English Lectures is an English reading and listening comprehension dataset col-
lected from lecture domain [37,43]. The train partition of the English lecture data
contains video recordings (11.4 hours) and their corresponding reference transcriptions
collected from MIT OpenCourseWare Signals and Systems course [44]. The test parti-
tion of the English lecture data contains the video recordings (1.2 hours) and reference

transcriptions of the same course taught at MEF University. The reference transcrip-
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tions were first split into short passages and then manually annotated to generate the
question-answer pairs, resulting in 309 and 175 question-answer pairs respectively for
train and test partitions. To obtain the listening comprehension dataset, the record-
ings were decoded using Kaldi [45] resulting in 19.2% and 6.7% WERs respectively for
the train and test partitions. Since this dataset contains very limited data, we applied
2-fold cross-validation on the test set instead of setting apart a development set from

the train partition.

3.1.9. Turkish Lectures

Turkish Lectures is a Turkish reading and listening comprehension dataset col-
lected from the lecture domain [37]. The dataset contains video recordings and their
corresponding reference transcriptions collected from law courses offered at MEF Uni-
versity. The data were split into training (12 hours), development (2 hours), and test
(4 hours) sets. The reference transcriptions of each set were split into short passages
and then manually annotated to generate the question-answer pairs, resulting in 878,
286, and 287 question-answer pairs respectively for training, development, and test par-
titions. To obtain the listening comprehension dataset, the recordings were decoded
using Kaldi [45] resulting in 14.7%, 12.8%, and 14.4% WERs for train, development,

and test sets, respectively.

3.1.10. XQuAD

XQuAD (Cross-lingual Question Answering Dataset) is a benchmark dataset for
question-answering models for various languages. The dataset consists of 1190 ques-
tions over 240 paragraphs. The dataset is generated by translating SQuAD v1.1 dataset
into 11 languages (Spanish, German, Greek, Russian, Turkish, Arabic, Vietnamese,
Thai, Chinese, Hindi, and Romanian). Translations are made by professional trans-
lators. We used the Turkish part of this dataset for evaluating our Turkish question-

answering models.
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3.1.11. Turkish Wikipedia Cleaned Dump

For generating this dataset, we first collected Turkish Wikipedia pages from
Wikipedia Data Dump. The resulting number of articles was about 460K. We col-
lected those pages using a Wikipedia XML parser [46]. With this parser, for each
page, we generated a title, a subject, a table, and the preprocessed contents of the
articles, which split into paragraphs. The subject was the class of the article type, like

M«

“athlete”, “politician” “city” etc. found in the metadata of the articles. The table
was the block that can be seen in the top right of the document just below the image
which contains some factual information like birthday, age, location, etc. This table
could also be utilized to determine extra answer spans on top of our answer extraction

module, but we did not utilize this information at least as of now.

We filtered out articles with missing subject fields, which tend to be lower quality
articles like containing one sentence etc. After that, we also remove the articles with
non-Turkish characters to eliminate any possible different language text. We then
select the first paragraphs of the remaining articles. The idea behind this is that the
first paragraph is usually the summary containing much factual information about the
topic, which is a good candidate to generate question-answer pairs. We further filter
out these paragraphs if they have less than 40 words since the shorter ones were mostly
because of either bad parsing, or just short intros that do not contain much question-
answer material. The final number of paragraphs was 20.4K from 20.4K articles since
we only used the first ones. The paragraphs of this dataset are used for generating

Turkish question-answer pairs using the trained question-generation model.

3.2. Models

We employed mT5 model as our question generation architecture. For question-
answering, we used BERT, ELECTRA, XLM-RoBERTa, and mT5 models. For the
question filtering, we used ELECTRA-based models.
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3.2.1. mT5

mT5 [8] is based on the T5 [19] architecture, which stands for Text-to-Text Trans-
fer Transformer and consists of a transformer-based encoder-decoder architecture that
is trained on a large text corpus. Text-to-text format simplifies the training of a model
for various downstream NLP tasks. This architecture allows for training each task
by taking a text input and generating the corresponding target text. Consequently,
it becomes feasible to use the same model, loss function, and hyperparameters across
all tasks. mTH model has the same architecture but was trained with multilingual
data which contains text from 101 languages gathered from public Common Crawl
web scrape. mTH was trained using a supervised learning approach, where it was
trained on a variety of tasks such as language modeling, machine translation, and
summarization. mT5 has achieved state-of-the-art results on wide range of bench-
mark datasets, including those for natural language generation, summarization, and

question-answering.

We used this model as the base of our question generation architecture. We also

use this model for some question-answering experiments.

3.2.2. BERT

BERT is a bidirectional transformer encoder, which means that it takes into
account the context of both the preceding and the following words when predicting the
missing word in a sentence. BERT also incorporates a novel technique called masked
language modeling (MLM), where random words are masked out and the model is

trained to predict them based on the context of the surrounding words.

We used language-specific BERT models and also a multilingual BERT model

trained in over 100 languages for our question-answering experiments.
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3.2.3. ELECTRA

ELECTRA [9] is a pre-trained transformer-based model which contains a small
generator and a discriminator. The key innovation of ELECTRA lies in its discrim-
inator training objective, which allows it to achieve state-of-the-art performance on
various NLP tasks while being more computationally efficient than other pre-trained

models such as BERT.

In traditional pre-training methods, the model is trained to predict missing words
or generate text based on a given prompt. However, ELECTRA’s discriminator train-
ing approach involves training the model to distinguish between “real” and “fake”
examples. The fake examples are created by replacing some of the words in the real

examples with randomly generated ones.

We used ELECTRA in question answering and question filtering parts of our

research.

3.2.4. XLM-RoBERTa

XLM-RoBERTa [47] is a pre-trained language model that is based on transformer
architecture and is designed to handle multilingual NLP tasks. XLM-RoBERTa is an
extension of the RoBERTa model, which was pre-trained on a large English corpus of

using a masked language modeling (MLM).

XLM-RoBERTa was trained on diverse text data from over 100 languages. Pre-
training was performed using two tasks: MLM, where random words in a sentence
are masked out and the model is trained to predict them based on the context, and
a new task called cross-lingual language modeling (XLM), where the model is trained
to predict the language of the input text. The XLM task forces the model to learn
a universal representation of language that can transfer knowledge across different

languages.
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We used XLM-RoBERTa as one question-answering benchmarking method in

this work.

3.3. Architecture

This work consists of multiple parts. These parts are question generation, ques-
tion filtering, question answering, and an annotation tool to annotate the generated
questions as good and bad questions. The question-answering part is mostly used to
benchmark whether the question generation and filtering methods work well since our
aim is to improve question-answering performance using automatically generated data.
Figure 3.1 shows the overall architecture of our framework. An annotated question-
answering dataset is used to train the multitask model which can perform answer
extraction and then question generation conditioned to those answers. In the inference
time, unannotated paragraphs are used to generate a synthetic question-answering
dataset using the trained multitask model. The generated question-answer pairs are
then filtered by question quality filters. The automatically generated and human-
annotated question-answering data are used to train the question-answering model

which will be used to evaluate the effectiveness of the framework.

3.3.1. Question Generation

Given a piece of text, such as a paragraph or a document, the goal of question-
generation is to automatically generate one or more questions that are relevant to the
content of the text. The generated questions are expected to be grammatically well-
formed and to be answered by the knowledge present in the text. In our framework
for the question-generation model, we use mT5 [8], which is a multilingual transformer
network with an encoder-decoder architecture. mT5 model is pre-trained on a large
multilingual dataset for masked language modeling that also involves reconstructing

the masked-out consecutive spans of input tokens.
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Figure 3.1. Overall architecture of the proposed framework.

For fine-tuning this question generation network, we utilized a multitask approach
that contains answer span extraction, question generation, and question-answering data

prepared from annotated QA datasets.

The relevance and quality of the generated questions are important for the perfor-
mance of the tasks utilizing the generated questions, i.e., question answering. Relevance
refers to how well the generated questions relate to the content of the input paragraph,
and quality refers to how well-formed and meaningful the questions are. The metrics
such as BLEU and ROUGE are also used to evaluate the question-generation model
performance by measuring the degree of overlap between the generated questions and

a set of reference questions.
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3.3.1.1. Training Tasks. The question generation model is formulated as the joint con-

ditional distribution P(a,q|p) which can be factorized as P(q,a|p) = P(alp)P(q|a,p)

where p is the input paragraph, ¢ is the question and a is the answer span.

The question-generation model is fine-tuned using annotated data containing
(a,p,q) triples with a multitask objective where the tasks are answer span extrac-
tion, question generation, and question answering. The answer span extraction task
generates possible answer spans (@) given the input paragraphs (a ~ P(a|p)). The
question generation task generates questions given the extracted answers and the in-
put paragraphs (¢ ~ P(qla,p)). The generated questions and input paragraphs are
used in question-answering to predict the answers. Question answering is more like
an auxiliary task, which helps the model learn the relation between questions and

paragraphs.

3.3.1.2. Model Architecture and Training Data Preparation. The question generation

architecture is founded on mT5 [8] architecture, which is a text-to-text transformer
that takes a text input, encodes the input with an encoder, and produces a text output
with a decoder. This makes the training of this model with multiple tasks and data
sources easier since the same architecture can handle many tasks, rather than needing

to add different layers on top of the transformers network.

For the implementation, we used the HuggingFace [48] implementation of the
mT5 model and tokenizer. For the loss we used label smoothed negative log-likelihood

loss over the generated output tokens.

We used a semi-structured input format for model training. For each task, we
used key phrases to guide the model about the task and the input structure of this
task. This semi-structured input helps the model to determine the parts of the input

and task reliably and make better predictions.



22

For the answer span extraction task, we first split the paragraphs into sentences.
After that, we determined which answer belong to which sentence using the sentence
positions and answer positions in the paragraph. We got the mapping of answers and
the sentences that they are found. For each group of answers that are extracted from
the same sentence, we highlight their sentence in the paragraph with <hl> token. This
marking tells the model to extract the answer spans only from this sentence. We also
added “extract answers:” key phrase to tell the model that the task is answer span
extraction. The target text for training the model was obtained by joining the answers
of this sentence with a separator token. The input for this task is formatted like
the following: “extract answers: <start of paragraph> <hl> <highlighted sentence>
<hl> <rest of paragraph>".The target text is like the following: “<answer 1> <sep>

<answer 2> <sep> .... <sep> <answer N>"

For the question generation task, we used “generate question:” as the task identi-
fier key phrase. We then highlight the answer span, that we want the model to generate
questions in the paragraph by putting the span between the <hl> tokens. We also
prepended this answer string before the whole highlighted paragraph to give the model
a clear distinction between the answer span and the context. For the prepending of
this answer, we use “answer:” key phrase, and for the paragraph with the highlighted
answer we used “context:” key phrase as a prefix. The target text for this input was
directly the question that we want to generate. We did not use any extra tokens or
key phrases.The input for this task is formatted like the following: “generate question:
answer: <answer> context: <start of paragraph > <hl> <answer> <hl> <rest of

paragraph>". The target text is like the following: “<question>"

For the question-answering task, we used “answer question:” as the task identifier
key phrase. We then concatenate the question and paragraph using the “question:”
and “context:” key phrases respectively. Since the question and paragraph are disjoint
unlike the answer and paragraph we could not do any highlighting for the training of
this task. The target text is directly the answer to the questions. We did not use any

extra tokens or key phrases. The input for this task is formatted like the following:
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“answer question: question: <question> context: <paragraph>". The target text is

like the following: “<answer>"

3.3.1.3. Generating Question-Answer Pairs. After fine-tuning, the question generation

model first predicts possible answer spans from the unannotated data (paragraphs).
Then, the questions are automatically generated using extracted answers and the input

paragraphs. It works like the following:

e Split the paragraph into sentences and generate multiple paragraphs where in
each of them one of the sentences is highlighted with <hl> token. Add “extract
answers:” task identifier key phrase at the beginning of each of those paragraphs.

e Pass those paragraphs through the model to get possible answers from each of the
sentences and calculate the spans of those answers with respect to the paragraph.

e Using the predicted answers and the paragraph generate the question generation
inputs. Highlight the answer span in the paragraph with <hl> token and also
prepend the answer text to the paragraph passage. Add “generate question:”
task identifier key phrase at the beginning of the input.

e Feed the inputs to the model to generate a question for each answer.

e Collect the question-answer pairs and format them as a SQuAD-like dataset to

easily integrate them with other question-generation datasets.

3.3.2. Question Quality Filters

The question-generation model is generating question-answer pairs but not all
of those question-answer pairs are of equal quality. As expected the model sometimes
fails to generate complete questions or meaningful questions. We aim to eliminate those
low-quality question-answer pairs with this filter model, to improve the performance

and possibly shorten the training time, since we will have less but higher-quality data.

We tried two different methods to eliminate those questions. The first one is

the heuristics-based filter, which doesn’t need any data regarding the quality of the



24

question-answer pairs. We use some heuristics about the question structure in the
language and also use some out-of-the-box models that can be found in the Hugging-

Face [48].

In the second method, we annotate the quality of the question-answer pairs using
the question annotation tool and use this data to train a classifier that distinguishes
the good and bad question-answer pairs. Since the annotating was taking a long time

we only made experiments for the filter methods with the Turkish.

3.3.2.1. Heuristics Based Filter. This filter has consist of multiple checks which are

both based on the structure of the questions in language and also some pre-trained
models that can be found in the HuggingFace library or can be fine-tuned with the
data that will be used for the question generation module. We did not need to make
any extra annotation with this method, which shortens the overall development time.

The checks used in this filter are:

e Does question contain a question word?: This filter has some predetermined list
of words that points to that sentence that can be a question; like “when”, “what”
etc. Using this list of words the filter searches them in the questions to determine
if that question contains any question word which points that this question can
be valid. Since the questions in QA datasets are mostly “wh” questions, any
candidate question should use one of those question words. If we can not find
any of those words the question is most likely invalid.

e Does the question end with a question mark?: This checks if the question ends
with a question mark. With this rule, we try to determine if the question is
complete by having a punctuation mark at the end, which points to that the
question is complete.

e Does the question contain repetitive stems?: This check tries to determine if
the question contains words with the same stem for an unnatural amount (more
than 30% of all stems are the same). This rule is added because sometimes the

question-generation model tends to generate words with the same stem but differ-
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ent suffixes consecutively. Those sentences were most of the time not meaningful.
For getting the stems of the word we used different Zemberek [49] morphological
analysis tools.

e Sentence structure check using ELECTRA Discriminator: Since the discrimina-
tor part of the ELECTRA model was trying to find the words which are replaced
by the generator in the pre-training, we wanted to utilize this discriminator to
run over the generated question and check if any of the tokens are not belonging
to the sentence. For this task, we directly get ELECTRA Discriminator from the
HuggingFace and did not fine-tune it over our data.

e Roundtrip Consistency: In this check we first fine-tune BERT based question-
answering model with our question-generation training data. We then feed the
generated question and paragraph to this model and get the predicted answer
from this model. If the predicted answer is not the same as the original answer, we
eliminated those questions. This method is proposed for the question generation

system in this paper [25].

Those checks are run on the question-answer pairs and their results are then

aggregated with “and” to determine the final verdict of the question-answer pair.

The heuristics-based classifier was faster to implement but it had its limitations.
Except for the Roundtrip Consistency, no module would capture the relationships
between the question-answer pair and paragraph. Even then this check is only using
question and passage as the input which discards the possible intricate relation between

the answer and other parts.

3.3.2.2. Deep Learning Model Based Filter. This model aims to capture more com-

plex relationships between question-answer pairs and paragraphs which could not be
captured by the heuristics that we can come up with. Since even though the question
and answer are valid separately, this doesn’t mean that they would be not meaningful
in the context of this paragraph. We wanted to classify the validity of question-answer

pairs using the relationship between them and the paragraph.
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We used an ELECTRA discriminator-based sequence classifier, for this task and
utilized the HuggingFace implementation of the FElectraForSequenceClassification. For
the input of this model, we used our annotation tool to annotate high and low-quality
questions among the generated questions. In our dataset, we label each question-
answer pair as valid or not. We did not use more fine-grained labeling to simplify the
annotation process. For the input of the model, we concatenated the question, answer,
title, and paragraph. We used the [SEP] token to separate those different parts in
the input. The input for this task is formatted like the following: <question> [SEP]
<answer> [SEP] <title> [SEP] <paragraph>

We try to give all the possible text as input to our model to be able to capture
the relationships between passage and question-answer pair, which would capture more

intricate relationships than the heuristic-based classifier to have better performance.

3.3.3. Question Annotation Tool

After generating the question-answer pairs over paragraphs we also wanted to
have a way to inject human supervision into the loop. So we implemented a basic
annotation tool in which we can load a set of questions and it displays the passage
and the generated question-answer pairs from this paragraph. Users then can select
the question-answer pairs that are valid and eliminate the rest. They also can select a
new answer span for the questions that are valid and answerable but the answer span

is wrong.

3.3.4. Question Answering Models

We used various question-answering models to measure the performance improve-
ments gained from the generated questions. We used metrics like ROUGE and BLEU
to measure the question generation performance but in the end, we wanted to improve
the question-answering performance using the question generation. For those mod-

els, we used the implementations from HuggingFace and fine-tune them with various
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datasets both human-annotated and generated. We used language-specific models like
BERT and ELECTRA when possible, and also made tests with multilingual models
like XLM-RoBERTa, mBERT, and mT5.

For the BERT, ELECTRA, XLM-RoBERTa, and mBERT we used the question
answering head from HuggingFace which tries to determine the start and end tokens
for answers from the paragraph. For the mT5 we used a similar training scheme to
our question generation model. The only difference is we discard the answer span

extraction and question generation tasks in this training.

For the training of the models, we utilized two different approaches to integrate
the generated data into the training scheme. The first one is augmented training. In
which we combine human-annotated datasets and generated ones directly and shuffle
them. The second one is a 2-step approach, in which we first fine-tune the model with

generated set and then fine-tune with the human-annotated one.

3.3.4.1. Augmented Training. In the augmented training we directly merge the human

annotated dataset with the generated dataset and shuffle them. That is the simpler
method in which we expect the extra questions from the generated data to improve
the performance. Also adding questions from other domains or sources generated with
the question generation model would improve the dataset quality even though the

individual questions might be suboptimal.

We expect this version to perform better especially if there is a domain drift
between the human-annotated dataset. In this setting we can easily augment the train
set with generated data from target domain paragraphs, using the question generation

model trained with human-annotated question-answer pairs.

3.3.4.2. 2 Step Training. This method splits the training into 2 steps. In the first step,

we train the model with only generated questions. The idea behind this is that gener-
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ated questions are either easier or lower in quality with respect to the human-annotated
dataset. It can be called a noisy dataset because of the errors in the generation. Be-
cause of that we first fine-tune the model up to a point using the only generated data
and harvest some basic questions answering performance and extra coverage. Then
fine-tune this model checkpoint with human-annotated questions, which are of higher
quality and harder, to smoothen the possible problematic cases that would be intro-

duced by the generated data.

We expect this version to perform better especially if we have a dataset in the
target domain but we are not satisfied by the performance of the model which is trained
with this data. Therefore we want to improve the question-answering performance of

this model.
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4. EXPERIMENTS AND RESULTS

4.1. Question Answering Dataset Generation

In this first experiment, we wanted to use the question-answer pair generation
architecture to generate a Turkish Wikipedia dataset like SQuAD. The Turkish Ques-
tion answering datasets TQuAD and ThQuAD are not open-domain datasets and their
questions are in a confined domain. Because of that, we wanted to generate a more gen-
eral domain dataset that can have more generalizable performance for out-of-domain
data and would be beneficial to improve the Turkish question-answering performance

in other datasets.

4.1.1. Experimental Setup

The question-generation module was implemented in Python using the Hugging-
Face library [48]. The pre-trained mT5-small model is used for our question-generation
module. The model is trained with batch size 8, and 32 gradient accumulation steps.
The effective batch size was 256 and the learning rate was le™. We fine-tuned our
question-generation model for 30 epochs with two Turkish question-answering datasets.
The first one was ThQuAD [7] and we also used SQUAD-TR [10] which is an English
to Turkish machine translated version of the SQuAD2.0 dataset. The first ThQuAD
had 15.4K questions while SQuAD-TR had 61K questions. Since the model is trained
in multitask fashion, we generate three data points from each question-answer-passage
triplet for the training. You can refer to 3.3.1.2 for further information on the training

data generation.

We used the paragraphs from the Turkish Wikipedia Dump discussed in Chap-
ter 3.1.11 to generate question-answer pairs. Using the paragraphs and question-

generation model we trained we generated a question-answering dataset over this dump.



30

We used automatic performance metrics and human evaluation for determining
the question-generation model performance. We used BLEU and ROUGE metrics and
used ThQuAD and XQuAD passages and answers and fed them through our generation
module. We then calculate the ROUGE and BLEU scores between the original question
and the generated question to assess the question-generation performance. We make
those calculations for both the surface form of the words and lemmatized versions.
The lemmatization is done with Zemberek [49] tool. We also conducted a human
evaluation of the questions generated from the Wikipedia Passages by our question-
generation model, to assess the quality of the questions and their relation with the

alnswers.

The generated dataset is also evaluated using question-answering models. Three
models are trained as question-answering models to evaluate our generated dataset’s
capability. We used BERT, ELECTRA, and mT5 models for this task. We implement
the models in Python using the HuggingFace library. The BERT and ELECTRA
question-answering models were fine-tuned with a batch size of 16 and a learning rate
of 2e7 for 20 epochs. The mT5 model used batch size 8 with 32 gradient accumulation
steps and fine-tuned for 20 epochs with a learning rate of 1le®. We fine-tuned 3 different
models for each model type, using different data combinations. The models are fine-
tuned with ThQuAD, generated dataset, and a combination of both. We evaluated the
models on the ThQuAD test split and XQuAD Turkish split. The combined question-
answering model which uses data questions generated by the question-generation model

and ThQuAD is trained with the augmented training method in this section.

Table 4.1. Question generation model evaluation with automatic metrics.

ROUGE L | BLEU 1 | BLEU 2

Lemmatized 0.478 0.485 0.297
ThQuAD
Surface 0.443 0.390 0.235
Lemmatized 0.397 0.425 0.192
XQuAD

Surface 0.328 0.307 0.116
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After fine-tuning, the question-generation model generated 83.6K question answer
pairs from the 20K passages from the Turkish Wikipedia data. Each paragraph has an
average of 4 questions, and the average question and answer lengths are around 7 and

3 words, respectively.

The question-generation performances in Table 4.1 show that generated questions
were significantly better in terms of ROUGE and BLEU metrics. This is most probably
caused by the ThQuAD data being used in the question generation and since it is a
domain-specific dataset question-generation model was able to learn its language better
than the XQuAD’s question type. This also gives insight into why question-answering
models trained with generated data perform better in ThQuAD than XQuAD.

Table 4.2. Scores of different question-answering setups on ThQuAD test set and

XQuAD.
Training Sets Test Sets

ThQuAD | XQuAD

EM | F1 | EM | F1
ThQuAD 0.57 | 0.76 | 0.47 | 0.64
BERTurk | Generated Questions | 0.46 | 0.67 | 0.43 | 0.58
Combined 0.57 | 0.76 | 0.50 | 0.64
ThQuAD 0.45 | 0.64 | 0.33 | 0.51
mT5 Generated Questions | 0.32 | 0.52 | 0.32 | 0.47
Combined 0.47 | 0.66 | 0.39 | 0.55
ThQuAD 0.58 | 0.77 | 0.46 | 0.64
ELECTRA | Generated Questions | 0.45 | 0.66 | 0.44 | 0.58
Combined 0.57 | 0.77 | 0.52 | 0.66

The Exact Match (EM) and F1 scores for the question-answering experiments
are given in Table 4.2. The fine-tuning with ThQuAD only outperforms the question-

answering model which is only fine-tuned by generated data. That is expected in the
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ThQuAD dataset because it contains passages and questions specifically from a domain
in which the test set also resides naturally. On the contrary, we generated questions
using Wikipedia passages that contain various questions from various domains. The
XQuAD contains passages from multiple domains from Wikipedia which is much more
similar to the generated question-answering dataset. The generated question-answering
dataset still was not able to outperform the ThQuAD-only model. This can be due
to the noisy nature of the generated questions. The generated model is more prone to
semantic and grammatical errors than the human-annotated dataset. The ThQuAD-
only model outperforms the generated model by 11% and 9% in EM and F1 scores
respectively over the ThQuAD dataset. The performance gap closes to 4% EM and
6% F1 score for the XQuAD dataset. The scores are given for the BERTurk model but

the other two models also have similar trends.

We then combined those two datasets for training a third set of models. This
combination improves the results for the XQuAD dataset. The EM score of the model
is increased by 3% in the BERTurk model, while both the mT5 and ELECTRA models
show 6% improvement. The F1 scores here increased by 4% for mT5 and 2% for the
ELECTRA-based question-answering model, while the BERTurk model did not see a
significant increase in the F1 score. Adding the generated question-answering data
on top of the ThQuAD data did not bring any improvements to the results over the
ThQuAD test set. This can be because of the domain mismatch between the generated

questions and the ThQuAD domain.

We also perform experiments for the listening comprehension tasks with the ASR
outputs of the Wikipedia passages, ThQuAD passages, and XQuAD passages. Each
passage is first converted to speech using a TTS system and then converted back
to text using an ASR system, using the system proposed in [50]. This introduced
ASR errors to the systems. We wanted to evaluate how the robustness of the model
against the noise introduced by ASR errors, changes with the addition of generated
data. We used only the BERTurk model as a question-answering system for those SQA

experiments. We removed the data points if the answer is not found in the ASR output
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of the passage. This is because since there are no ground truth spans to evaluate the
question-answering model performance it was not easy to fairly evaluate the models
since some chunk of the data could not be predicted correctly, because there is no
ground truth answer span. Also, we could not use the question-answer pairs that lack

ground truth answer span in the paragraph with our proposed architecture.

The SQA results are given in Table 4.3. For the ThQuAD test set the gener-
ated question dataset did perform the lowest similar to the textual question answering
task. This might be again because of generated questions and the ThQuAD test set’s
mismatch. When we used the combined data the EM score improved by 2% in the
ThQuAD dataset which points that generated questions are helping about the noise
introduced by the ASR system. In the XQuAD dataset, we see that our generated
questions outperform the question-answering model trained by ThQuAD data by 5%
(from 0.35 to 0.40) in the EM score and 3% in the F1 score. The best model was again
the one trained with a combined version of the data. Which improved the EM score
further by 7% and the F1 score by 5%. This shows that our question generation model
makes the models more robust to the noise introduced by ASR systems, which can be

a helpful tool to improve SQA performance in other datasets.

Table 4.3. SQA performance of the BERTurk model.

QA Data Source ThQuAD | XQuAD
EM | F1 | EM | F1
ThQuAD 0.51 | 0.74 | 0.35 | 0.55

Generated Questions | 0.47 | 0.69 | 0.40 | 0.58

Combined 0.53 | 0.74 | 0.47 | 0.63

We manually investigated 12.3K question-answer pairs from 2.8K paragraphs us-
ing the Question annotation tool. This is the 14% of the whole generated dataset.
According to human evaluators, 55% of the questions were grammatically and seman-

tically correct. 11% of those questions were having incorrect answer spans. Human
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annotators also investigated further some of the question-answer pairs to determine the
root causes of the errors. Randomly selected 168 question-answer passages are then

investigated and the common errors as in the following:

e Factually incorrect(37%): The question-generation model generates questions,
but it merges the various factual data from the passage to the point that it is
incorrect.

e Semantically wrong (18%): The sentence is not fully meaningful.

e Grammatically incorrect (39%): It has grammatical errors like tenses, usage of
suffixes, etc.

e Incorrectly formed entities (6%): The model generates questions with entities not

found in the given passages.

4.2. Filtering the Generated Question-Answer Pairs

After generating the question-answer pairs using the generation model, we saw
that some of the question-answer pairs are not grammatically or semantically correct.
We wanted to test if we can eliminate these lower-quality invalid questions automati-

cally and if question-answering model training benefits from this elimination process.

4.2.1. Experimental Setup

For this experiment, we first work on annotating the questions that the question-
generation model generated as valid and invalid. This annotation is done while checking
the question-generation results by hand for section 4.1. They are used to train the deep
learning model-based question quality filter using our annotation tool. We then split
these questions into training and development and test sets to train and evaluate the
models. This dataset is generated from the training set of the generate Turkish Ques-
tion Answering dataset so we omit the questions that are annotated for the question
quality dataset from the question-answering dataset which dropped the question count

in the training set of this dataset from 71178 to 58811. .
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The generated question quality filter dataset had a total of 12367 question-answer
pairs. We used 10022 of those questions as the train set, 1082 of them as the develop-
ment set, and 1263 of them as the test set. In the dataset 55% of those questions were

valid while 45% of them were marked as invalid.

Afterwards, we train the ELECTRA-based filter model with the prepared ques-
tion quality dataset. The filter system was implemented in Python using the Hugging-
Face library with the pre-trained Turkish ELECTRA model. For training, we used a
batch size of 32 with 2e™ learning rate and trained the model for 10 epochs. In each
epoch, we evaluated the filtering performance over the development split and selected
the epoch with the best filtering performance over the development set. Then the fil-
tering performance of this model is evaluated over the test set of the question quality

dataset.

Afterwards, we used the ELECTRA-based filter model to filter the remaining
questions of the generated dataset. The filtered and unfiltered version of this dataset
were then used for training a question-answering model. The question-answering mod-
els generated with this dataset were also trained in the same fashion as the BERT

question-answering model in Section 4.1.1

For the heuristic-based filter model, we did not use any training data since we
handcrafted its rule set as explained in Section 3.3.2.1. Its performance is tested over

the test set of the question quality dataset.

4.2.2. Results

The performance of the filters over the test set is listed in Table 4.4. The
heuristics-based filter combines the filters in the first five rows of this table. The
combined heuristics model had a precision of 0.654 and a recall of 0.693 for filter per-
formance. Considering that 0.55 of the dataset is marked as valid in the ground truth,

the filter improves the valid question-answer pairs ratio in the dataset by around 10%.
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However, Table 4.5 shows that we are only passing 486+257=743 of the questions out
of 1263 questions in the test set, which is around only 60% of the original dataset size.
Even though overall question quality is higher the loss on the number of questions is
much higher which can lead to a drop in question-answering performance. Because the
model still can learn more coarse things even from wrong examples, especially in the
earlier steps of the training, but also the model might learn wrong patterns from the

generated examples.

Table 4.4. Performance of various filter methods over the test set of the question

quality dataset.

Precision | Recall | F1 Accuracy
ELECTRA Discriminator 0.606 0.874 0.716 | 0.614
Roundtrip Consistency 0.597 0.807 0.686 | 0.591
Question Mark Presence 0.568 1 0.725 | 0.578
Question Word Presence 0.562 1 0.72 | 0.568
Contains Repetitive Stems 0.559 0.994 0.716 | 0.561
Heuristics Based Filter (Combined) 0.654 0.693 | 0.673 | 0.626
ELECTRA Discriminator + Roundtrip Consistency | 0.647 0.698 0.671 | 0.621
ELECTRA Based Filter Model 0.767 0.795 0.781 | 0.752
Heuristics and ELECTRA Filter Model Combined | 0.802 0.602 0.688 | 0.697

ELECTRA discriminator and Roundtrip Consistency blocks of the combined
heuristics models was the main contributor to the precision increase and the drop
in the question counts. ELECTRA discriminator had 0.606 precision and 0.874 recall
which was the biggest contributor to the combined filter performance. Roundtrip Con-
sistency was close behind with 0.597 precision and 0.807 recall. The remaining 3 filter
blocks had high recall rates because they let almost anything pass the filter eliminating
only a small number of questions. So even though their F'1 scores are higher than the
other filters, they were not highly contributing to the result. As it can be seen from
Table 4.4, the precision difference between ELECTRA discriminator + Roundtrip Con-
sistency and Heuristics Based Filter (Combined) is 0.007 (less than 1%), which points

to the other blocks’ contribution.
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The ELECTRA-based filter model has the best performance over the test set. It
has a precision of 0.767 and a recall of 0.795. It can get 10% more of the high-quality
questions with respect to the heuristics-based method. The model was also able to
get those questions 11.3% more precisely. After this filter is used, only 557+169=726
questions passed the filter out of 1263 questions, which is around 57.5% of the dataset.
This ratio is even less than the 60% ratio of the heuristics-based filter. Even though the
overall filtered question quality is higher, the filtered-out questions can still be valuable
in learning. So the loss of them might deteriorate the question-answering performance.
On the other hand, eliminating those questions also prevents the model from learning

wrong things so it may be beneficial to the performance of the model.

Table 4.5. True positive, true negative, false positive, false negative filter status
counts of our different filter models over the test set of the question quality dataset.

This also contains the breakdown of each individual heuristic used in the Heuristics

Based Filter.

TP | TN | FP | FN

ELECTRA Discriminator 613 | 163 | 399 | 88
Roundtrip Consistency 566 | 180 | 382 | 135
Question Mark Presence 701 | 29 53310
Question Word Presence 701 | 16 546 | 0
Contains Repetitive Stems 697 | 12 550 | 4
Heuristics Based Filter (Combined) 486 | 305 | 257 | 215

ELECTRA Discriminator + Roundtrip Consistency | 489 | 295 | 267 | 212
ELECTRA Based Filter Model 557 | 393 | 169 | 144
Heuristics and ELECTRA Filter Model Combined | 484 | 430 | 132 | 217

We also conducted question-answering tests with the ELECTRA-based filter
method. The results of this experiment are in Table 4.6. The unfiltered version of
the dataset had 58811 questions, while the filtered version of this dataset had 34038

questions, which is 57.9% of the unfiltered version. Training with the filtered data



38

brought a 2.1% relative improvement in EM performance while bringing a 4.5% F1
score improvement over the unfiltered version of the dataset when we evaluate over
the XQuAD. For the ThQUAD dataset, the improvement in EM was 1% and the im-
provement in F1 was 1.4%. This points out that even though we have fewer questions
the increased overall quality of questions is more impactful in the performance of the

question-answering model.

Table 4.6. QA results of the BERT model trained with filtered and unfiltered versions
of the generated dataset. Both versions of this dataset also omit the questions that

are annotated for the filter model training.

Filtered Generated | Unfiltered Generated
EM F1 EM F1
ThQuAD | 42.89 | 64.53 42.47 | 63.66
XQuAD | 40.67 | 57.57 39.83 | 55.09

4.3. Data Augmentation Method For Question Answering Task

In this setting, we wanted to test if the data generation approach is an effective
way to augment the question-answering training data in low-resource settings. This
approach is tested on 5 different datasets from 4 different languages which are English,
German, French, and Turkish. Various data scarcity levels were tested by subsampling

the datasets for training the question-generation and question-answering models.

4.3.1. Experimental Setup

In our initial set of trials, we utilized the SQuAD and Spoken SQuAD datasets.
The training set of SQuUAD was first shuffled at the article level, and then 10% of the
articles were designated as a development set to fine-tune the model’s hyperparame-
ters. The remaining articles were separated into two mutually exclusive, equally sized

subsets referred to as Part-I and Part-II. We employed the paragraphs and question-
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answer pairs in Part-I as the annotated data to fine-tune the question-generation and
question-answering models in our experimentation. To examine the performance of
question-generation and question-answering with limited amounts of annotated data,
we subdivided the articles in the Part-I partition into six different-sized subsets, con-
sisting of roughly 5%, 10%, 20%, 30%, 40%, and 50% of the original SQuUAD train
partition. It should be noted that the larger subsets include the smaller ones, and the
largest subset, 50%, corresponds to the complete Part-I data. We regarded Part-II as
an unannotated partition and only utilized the paragraphs, not the question-answer
pairs, in question-generation to automatically generate question-answer pairs. For the
reading comprehension experiments, we trained six question-generation models, one for
each subset derived from Part-I. Using these question-generation models, automatically

generated question-answer pairs were produced for the paragraphs in Part-II.

In our listening comprehension experiments, we explored two distinct configu-
rations for QG. The first approach entailed employing the automatically generated
question-answer pairs generated during the reading comprehension experiments with
SQuAD; however, we replaced the original paragraphs with the corresponding ASR
transcriptions. Then, we eliminated question-answer pairs where the answer to this
question was not present in the transcription. This methodology is referred to as
“Eliminated SQuAD” in question-generation experiments. It is important to note that
a comparable method was employed when producing the Spoken SQuAD dataset from
the SQUAD dataset.

The second approach involved generating Part-I and its subsets, as well as Part-
IT, from the Spoken SQuAD by substituting the reference paragraphs with their cor-
responding ASR transcriptions. Part-I and its subsets had fewer instances than those
obtained from SQuAD owing to the absence of answers in the ASR transcriptions.
Since Part-II only comprised the transcriptions, it had the same amount of data as the
reading comprehension setup. We developed six distinct question-generation models,
one for each subset derived from Part-I. Then, we generated automatically generated

question-answer pairs for the transcriptions in Part-II using these question-generation
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models. This technique is known as “ASR SQuAD” in question-generation experi-

ments.

The question-generation system was implemented in Python using the Hugging-
Face library [48] with the pre-trained mT5-small model. We used a batch size of 8
with gradient accumulation steps of 32 to achieve an effective batch size of 256. Based
on our preliminary experiments on our development set, the learning rate was chosen
as le-3 and all question-generation models were fine-tuned for 10 epochs. We used
a pre-trained BERT-based model for question answering systems. We fine-tuned the
model with 16 batch size with 3e™ learning rate for 20 epochs and select the model

with the best F1 score over the development set as our final model.

We also aimed to investigate setups with more limited amounts of data, as even
the smallest subset, which comprised approximately 5% of the data in the initial setup,
contained nearly 4,000 questions in the SQuAD. Nonetheless, acquiring sufficient data

for certain languages might still prove challenging.

In this part of our question generation experiments, we used the SQuAD, FQuAD,
GermanQuAD, Spoken SQuAD, English Lectures, and Turkish Lectures datasets.
Since SQUAD, FQuAD, GermanQuAD, and Spoken SQuAD datasets have 20.000+
questions, we only used subsets from these datasets to simulate low-resource question-
answering settings. We first split the dataset similar to the experiments before. We
set apart 10% as a development set and then split the rest into two sets Part-I and
Part-II. After that, we shuffled Part-I and then selected 1K, 2K, 3K, 4K, and 5K
question-answer pairs, and these subsets were used to train the question-generation
models. We make the question selection at the article level so the question-answer
counts are not exact but close to the given numbers. The 5K was the whole of Part-I.

The bigger subset contained the smaller subset also in these experiments too.

We maintain this approach to ensure that the data remains as consistent as

possible across sets, to prevent any performance fluctuations that may be caused by
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random subsets that are more or less aligned with the development set. The motivation
behind using varying size limited annotated data (1K-5K question-answer pairs) is to
explore the effect of increasing data size for question-generation model fine-tuning.
Also to keep the number of passages that question-answer generation will be made
close between those 4 datasets, we used all of the passages from GermanQuAD which
was around 1K passages and we randomly sample articles from Part-II split of other
datasets to have around 1K passages in the end. We did it to keep our setups similar as
possible between datasets. Even though finding unannotated passages is much simpler
than finding or generating annotated data, keeping the passage count was also beneficial

to this method’s ease of use.

We also make experiments to see how our framework improves the question-
answering performance with an increased amount of unannotated paragraphs. Even
though we work on low resource settings getting unannotated paragraph data is much
cheaper than generating annotated question-answering dataset. Because of that we
also test the effects of increasing the number of passages from 1K to 8.5K in SQuAD
and Spoken-SQuAD datasets. The Part-II of SQuAD and Spoken-SQuAD datasets had
a maximum of 8.5K passages so we select randomly 1K, 2K, 4K, and 8.5K passages.
We make this selection similar to the question-answer selection from Part-I which the
bigger set also contains the smaller set inside. While fine-tuning the question-generation
model with spoken SQuAD, we also explored generating the question-answer pairs from

both the reference and ASR transcriptions of the unannotated data.

Since English and Turkish lecture datasets have very limited annotated question-
answering data, whole train partitions were used to train the question-generation mod-
els, we did not use any sampling method. As the unannotated data for these datasets,
we used paragraphs collected from English and Turkish lecture domains. For English,
lecture text data were collected from the reference transcriptions of MIT OpenCourse-
Ware Digital Signal Processing course [51]. The transcription document has paragraph
information. For Turkish, lecture text data were collected from reference transcriptions

of some other law courses’ video lectures offered at MEF University. However, these
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reference transcriptions do not have either the sentence or the paragraph information.
We automatically obtained the sentence boundaries using morphological analysis. In
Turkish, regular sentences typically end with verbs, and the language is agglutina-
tive, meaning that verbs often have common suffixes. We used regular expressions to
identify these suffixes and split the text into sentences based on these suffixes. We
then chunked these sentences to create pseudo paragraphs of around 100 words. These
pseudo-paragraphs served as our unannotated Turkish lecture data. Note that the
lecture data only contain the reference transcriptions as the unannotated data, so in
contrast to spoken SQuAD, question-generation fine-tuning was performed only on

these reference transcriptions.

The question generation model was implemented using HuggingFace [48] with the
pre-trained mT5-small [8] model containing 60 million parameters. We used batch size
8 with gradient accumulation steps of 32. The learning rate was le™ for all models and
they were fine-tuned for 30 epochs. Since m'T5 is multilingual, we used the same base
pre-trained model for starting point of training English, French, German, and Turkish
question-generation models, but fine-tune the models for each of the languages sepa-
rately. We also evaluated the performances of different question-generation models on
the respective test sets of the datasets using ROUGE and BLEU metrics by comparing
the automatically generated questions with the reference questions associated with the

same paragraphs.

For evaluating our framework’s effects on the question-answering performance,
we fine-tuned question-answering models with different transformers models as a back-
bone. We used, various BERT models pre-trained on target languages. We also used
multilingual models like mBERT and XLM-RoBERTa. Models are trained with 16
batch size and a learning rate of 2¢ for 30 epochs. At each epoch, their performance
is evaluated on the development set of the target dataset and the epoch with the best

F1 score is selected.



43

4.3.2. Results

For 5-50% experiments, it can be seen that the number of question-answer pairs
generated by fine-tuned question-generation model in Table 4.7. We generally gen-
erate more questions when we train the model with SQuAD data except the 10%
setting compared to using ASR paragraphs of the Spoken-SQuAD. The reason would
be that the question-generation model trained with SQuAD data had about 2 times
the question-answer pairs for training. This would make this model trained better for
all of the settings. Also, the noise introduced by ASR paragraphs might be interfering
with our answer extraction process which decreases the number of questions that we
can generate with this pipeline. Also increasing the number of questions in the ASR
SQuAD setting did not bring any increase to the question count so the noise of the
paragraphs might be our limiting factor. Eliminated SQuAD setting has the lowest of
the question counts since we are eliminating any question-answer pair if an ASR error

collides with an answer span.

Table 4.7. The number of question-answer pairs generated from the

question-generation models trained on various data subsets.

Data Subsets | SQuUAD | ASR SQuAD | Eliminated SQuAD
5% 36,591 24,163 8,537
10% 37,744 39,127 7,704
20% 41,799 39,024 8,192
30% 42,952 39,827 8,458
40% 42,795 39,794 7,989
50% 44,096 39,931 8,189

We evaluated the performance of the reading comprehension models with an F1
score on the official SQuAD dev set. The EM scores of the question-answering models
are given in Figure 4.1 while F'1 scores are given in Figure 4.2. The X-axis shows the

percentage of the annotated data used in question-generation training. First of all,
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Figure 4.1. The EM scores of different question-answering model settings on SQuAD

development set.

we see a performance improvement in all of the settings with the increased number of
annotated data. The amount of increase is getting smaller with the increased amount
of annotated data but it still is increasing. It is also seen from this Figure 4.2, that the
2-step approach outperforms the question-answering model only trained with human-
annotated data. The data gap between the two increases if data is more limited (for
example 5%, 10%), while the lead of 2 step model decreases for the higher data settings
it is still outperforming the baseline by almost 1%. 10% subset yields the best result,
2.3% F1 improvement (from 79.47 to 81.77) in reading comprehension. Note that fine-
tuning the question-answering model with the whole SQuUAD train data (100% used
in fine-tuning) yields 88.51 (F1 score). These scores are 76.36 and 86.16 when 5% and

50% subsets were used in fine-tuning.

F1 scores of the question-answering models trained only with the automatically

generated data are also given in Fig. 4.2. This setting gave the lowest scores in all
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Figure 4.2. The F1 scores of different question-answering model settings on SQuAD

development set.

of the settings, which points out that even a small number of human-annotated data
is needed to perform well in this task. Comparing the augmented data and 2-step
fine-tuning results indicates that the 2-step fine-tuning approach is more effective than
the augmentation approach in our framework. The augmented data approach does not
outperform the baseline models, whereas the 2-step fine-tuning approach significantly

outperforms the baseline models.

Figure 4.3 presents the EM and Figure 4.4 presents the F1 scores of the question-
answering models in the listening comprehension experiments. The subsets of the
Spoken SQuAD train set were used to train the question-generation models, and their
performance was evaluated on the development set of Spoken-SQuAD. The results
show similar trends to those observed in the reading comprehension experiments. The
models trained only with automatically generated data have the lowest performance,

presumably due to noise in the question-answer pairs. The 2-step fine-tuning approach
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Figure 4.3. The EM scores of different question-answering model settings on Spoken

SQuAD development set.

outperforms both the augmented data approach and the baseline models, highlighting
the importance of a carefully chosen fine-tuning strategy. The performance improve-
ments are more significant in limited data scenarios (i.e., 5%, 10%), with the 10%
subset showing the highest gain in the listening comprehension experiments. However,
with larger data, the gap between the question-answering models trained with only
annotated data and the question-answering models trained with both generated and
annotated data gets smaller. It is worth noting that fine-tuning the question-answering
model with the entire Spoken-SQuAD train data (100%) yields an F1 score of 74.2.
The scores are 55.91 and 70.16 when 5% and 50% annotated data subsets are used in

fine-tuning, respectively.

For the lower resource settings (1K-5K) we first evaluated the question-generation
performance using the automatic evaluation metrics, BLEU and ROUGE, before train-

ing the question-answering models and evaluating them with the question-answering
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Figure 4.4. The F1 scores of different question-answering model settings on Spoken

SQuAD development set.

models. The results obtained on the test sets are presented in Table 4.8 for question-
generation models that were trained on varying sizes of annotated data (ranging from
1K to 5K) using SQuUAD, FQuAD, and GermanQuAD datasets. The results demon-
strate that an increase in the amount of data used in question-generation fine-tuning
results in improved performance, particularly when the amount of data is increased
from 1K to 2K, and the increase in performance is observed to slow down when the

amount of data is further increased.

For the question-answering experiments, we first assessed the effectiveness of
the automatically generated data on the reading comprehension datasets in limited

annotated data and multilingual settings.

Figure 4.5, Figure 4.6, and Figure 4.7 show the question-answering performances

(EM and F1 scores) on SQuUAD, FQuAD, and GermanQuAD test sets, respectively.
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The question-answering models were fine-tuned using both annotated and unanno-
tated data, and their performances were compared against the baseline models, which
were only fine-tuned with annotated data. The baseline scores are shown with solid
lines while models trained with both data sources are shown with dashed lines in the
figures. For each dataset, the annotated data size used for question-answering and
question-generation model training is varied from 1K to 5K question-answer pairs and
the unannotated data size is approximately 1K paragraphs. On average, the question-
generation models generate 4950, 4850, and 5850 question-answer pairs for SQuAD,
FQuAD, and GermanQuAD, respectively over those paragraphs.

Table 4.8. Comparison of question-generation models trained on varying size

annotated data (1K - 5K) for English, French, and German reading comprehension

datasets.
Train subsets | ROUGE | BLEU 1 | BLEU 2

1K 0.335 0.308 0.142

2K 0.363 0.331 0.156

SQuAD 3K 0.377 0.346 0.170
4K 0.384 0.355 0.174

oK 0.388 0.360 0.177

1K 0.240 0.219 0.087

2K 0.311 0.279 0.134

FQuAD 3K 0.335 0.304 0.150
4K 0.346 0.313 0.157

oK 0.345 0.311 0.160

1K 0.209 0.188 0.072

2K 0.260 0.235 0.093

GermanQuAD 3K 0.281 0.256 0.103
4K 0.286 0.260 0.109

oK 0.288 0.262 0.110
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We did not train question-answering models in 1K-5K settings with the aug-
mented training approach. Because Figure 4.3 and Figure 4.4 show that the aug-
mented approach is performing lower than the question-answering models only trained
with human-annotated data in the 5-50% experiments. We also saw that the perfor-
mance difference was much higher at the lower resource settings like 5%. Since the
1K-5K settings have fewer data, while we training the combined data we only used the

2-step approach.
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Figure 4.5. The EM and F1 scores of question-answering models that augmented

with generated data in SQuAD development set.

In the case of SQUAD (Figure 4.5), we observed that increasing the amount of
annotated data resulted in improvements in both EM and F1 scores for the baseline
models, as evidenced by the increasing trend in solid lines. The best baseline result was
achieved with the most annotated data, the 5K setting. The upper bound of EM/F1
scores is 81.31/88.51 when the entire annotated training data (comprising over 80K

question-answer pairs) was used for fine-tuning the question-generation model.

The models fine-tuned with both annotated and generated data outperformed
the baseline models for all training subsets. However, when the amount of annotated
data is more constrained, such as in the 1K, 2K, and 3K scenarios, the performance

improvements are more subtle. On average, the improvement in EM is 2.5%, and in F1
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is 2.2%. The most significant gains were observed with the 1K subset, which showed a

5% improvement in EM (from 51.72 to 56.76) and 4.6% in F1 (from 63.22 to 67.95).

We also train mBERT, XLM-RoBERTa, and ELECTRA-based question answer-
ing models for the 1K-5K SQuAD settings. The results of those experiments can be
seen in Appendix D. On average over all models, the best-performing set was 1K and
it showed on average 2.6% EM improvement and 3% F1 improvement. The lowest
improvements happened in the 5K setting, which had 0.6% and 0.6% improvement in
EM and F'1 scores respectively.
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Figure 4.6. The EM and F1 scores of question-answering models that augmented

with generated data in FQuAD development set.

Regarding FQuAD (as shown in Figure 4.6), we observed a similar trend to the
SQuAD experiments, for both the baseline models and the models fine-tuned with the
annotated and generated data. On average, the EM score improved by 1.3%, while
the F1 score improved by 1.7%. The most substantial improvements were noticed
in the 2K subset, with a 2% improvement in EM (from 53.67 to 55.77) and a 2.5%
improvement in F1 (from 71.00 to 73.47). As shown in Figure 4.6, the difference
between the solid and dashed lines diminishes with the increasing annotated data size.
In the 5K setting, this results in EM scores of 60.13 and 60.26 and F1 scores of 76.95
and 77.42; respectively. The maximum possible EM/F1 scores are 64.02/81.03 when
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the entire annotated training dataset (comprising over 20K question-answer pairs) was

used for fine-tuning the question-generation model.

We also train mBERT and XLM-RoBERTa-based question-answering models for
the 1K-5K FQuAD settings. The results of those experiments can be seen in Ap-
pendix D. On average over all models, the best-performing set was 1K, showing an
average 4.4% EM improvement and 5.7% F1 improvement. The lowest improvements
happened in the 5K setting, which had 0.8% and 0.6% improvement in EM and F1

scores respectively.
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Figure 4.7. The EM and F1 scores of question-answering models that augmented

with generated data in GermanQuAD development set.

Regarding GermanQuAD (Figure 4.7), we have also noted improvements both
with the baseline models and the models fine-tuned with the annotated and the gen-
erated data when the annotated data size was increased. The 2-step process training
process was also more efficient in the lower end of the data size, but the improvements
in the 5K settings were larger than the FQuAD and SQuAD settings. The average im-
provement in EM was 3.7%, and in F1, it was 2.7%. The highest gains were observed
with the 2K subset, with a 5% improvement in EM (from 35.62 to 40.72) and 3% in
F1 (from 55.24 to 58.15). The improvement in the 5K set was 3% and 2.5% for the

EM and F1 scores respectively. When the whole annotated training data (more than
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11K question-answer pairs) were used for fine-tuning the question-generation model,

the upper bound of EM/F1 scores was 51.18/69.52.

We also train mBERT and XLM-RoBERTa-based question-answering models for
the 1K-5K GermanQuAD settings. The results of those experiments can be seen in
Appendix D. On average over all models, the best-performing set was 2K, and the
2K set experiments showed on average 5% EM improvement and 3.9% F1 improve-
ment. The lowest improvements happened in the 4K setting, which had 1.1% and

1.2% improvement in EM and F1 scores respectively.

Table 4.9 presents the reading comprehension results for both English and Turkish
lectures. Because the annotated question-answering data is quite limited in both the
English and Turkish lecture datasets, the whole train partitions were used to fine-tune
the question-generation models. The first column of the table indicates the task, while

the second column identifies the dataset used.

Similar to the previous findings, the models fine-tuned with annotated and gen-
erated data outperform the baseline models. In the case of English lectures, the im-
provements were substantial (from 41.15 to 45.19 in EM and 68.16 to 73.41 in F1),
whereas, in Turkish lectures, the gains are more subtle (from 54.90 to 54.89 in EM and
from 80.86 to 82.70 in F1). It is worth noting that the gap between the EM and F1
scores is larger in the lectures datasets than in the SQuAD dataset, likely due to the
longer answer lengths in the lectures datasets (which average 19 words versus 3 words

in the SQuAD dataset).

We also train mBERT and XLM-RoBERTa-based question-answering models for
the lecture datasets. The results of those experiments can be seen in Appendix E for
Turkish and in Appendix F for English. In the English Lectures dataset, on average 2
step training improved the EM score by 2% and F1 scores by 1.6%. For the Turkish
Lectures dataset, EM scores increased by 2.6% and F1 scores increased by 4%.
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Secondly, we examined the impact of increasing the number of unannotated pas-
sages used for automatically generating question-answer pairs. To perform this experi-
ment, we used the SQuAD dataset with a 1K annotated subset, as this subset produced
the greatest improvement when fine-tuning the question-answering model with both
annotated and generated data. The number of paragraphs in the question-generation
model was increased from around 1K to 8.7K. Table 4.10 displays the EM and F1 scores
of these experiments over SQuAD and Spoken SQuAD. For SQuAD, varying sizes of
annotated data are used to fine-tune question-answering models. For spoken SQuAD,
separate question-generation models using ASR and reference transcriptions were fine-
tuned to generate questions from reference transcriptions. The baseline scores were the
lowest (EM/F1 as 51.72/63.22) when no generated data was used in question-answering
training, as shown in Figure 4.5. The results increased to 59.80/71.36 as EM/F1 when
more passages were used in question generation, indicating the importance of the unan-
notated data size for the question-generation model. It’s worth noting that collecting
unannotated data is simpler than collecting annotated data, so increasing the unanno-
tated data size can be much faster than annotating a question-answering dataset. The
average number of generated question-answer pairs from the unannotated sets is 16755,

with a range of 4496 to 35439 using around 1K and 8.7K paragraphs, respectively.

Table 4.9. Performances of question-answering and SQA models fine-tuned using only
annotated data and using both annotated and generated data on English and Turkish

lecture datasets.

Annotated data Annotated +

Task Datasets Generated Data
EM F1 EM F1
English Lectures | 41.15 68.16 45.19 73.42
QA Turkish Lectures | 54.90 80.86 54.89 82.70
SQA English Lectures | 41.72 68.51 41.72 70.48

Turkish Lectures | 48.95 78.36 49.30 79.66
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We conducted SQA experiments on listening comprehension datasets (Spoken
SQuAD and English and Turkish lecture datasets). The spoken SQuAD experiments
used the same setup as the SQuAD experiments, and ASR transcriptions were used
for both annotated and unannotated data. Figure 4.8 displays the EM and F1 scores
of the question-answering models fine-tuned with spoken SQuAD subsets. Similar
to the reading comprehension experiments, models fine-tuned on both annotated and
generated data outperformed baseline models. The average improvement in EM and
F1 was 3.4% and 3.5%, respectively. The highest gains were seen with the 1K subset,
with a 6% improvement in EM (from 37.11 to 43.15) and a 6.8% improvement in F1
(from 48.82 to 55.62). When the entire annotated training data (consisting of over 37K

question-answer pairs) was used for question-answering model fine-tuning, the upper

bound of EM/F1 scores was 64.03/74.23.

Table 4.10. The performance of the question-answering and SQA models on spoken

SQuAD and SQuAD.

Annotated data Unannoated data size
1100 2200 4400 8675
Datasets Question-Generation Train Set
EM F1 EM Fi1 EM Fi1 EM Fi1

SQuAD 56.76 67.95 | 58.99 70.41 | 59.87 71.41 | 59.80 71.36

ASR Transcription 41.21 53.68 | 43.58 55.65 | 45.35 57.24 | 46.14 57.82
Spoken SQuAD

Reference 44.18 55.97 | 46.20 58.07 | 47.22 58.88 | 47.73 59.95

We also train mBERT, XLM-RoBERTa, and ELECTRA-based question answer-
ing models for the 1K-5K Spoken SQuAD settings. The results of those experiments
can be seen in Appendix D. On average over all models, the best-performing set was 1K
and it showed on average 3.7% EM improvement and 4.3% F1 improvement. The low-
est improvements happened in the 4K setting, which had 0.8% and 0.7% improvement

in EM and F'1 scores respectively.

We investigated the impact of using reference transcriptions as both annotated
and unannotated data on spoken SQuAD. The results of question-answering mod-

els fine-tuned with data generated from ASR and reference transcriptions are shown
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Figure 4.8. The EM and F1 scores of question-answering models that augmented

with generated data in Spoken SQuAD development set.

in Table 4.10 under the “Spoken SQuAD” section. The question-generation models
were fine-tuned on both ASR and reference transcriptions and questions were gen-
erated from various unannotated sets ranging in size from 1K to 8.7K, taken from
reference transcriptions. The models surpassed the baseline, which was 37.11/48.82 as
EM/F1 (as shown in Figure 4.8). Using reference transcriptions as both annotated and
unannotated data led to better results than using ASR transcriptions. The average
improvement in EM was 9.2% and in F1 was 9.4% with reference transcriptions, while
it was 7% in EM and 7.3% in F1 with ASR transcriptions. The quality of the questions
generated from the reference texts was higher, leading to an overall enhancement in

the framework when using reference transcriptions.

We also train mBERT and XLM-RoBERTa-based question-answering models for
the lecture datasets. The results of those experiments can be seen in Appendix E for
Turkish and in Appendix F for English. In the English Lectures dataset, on average 2
step training improved the EM score by 1.2% and F1 scores by 2.5%. For the Turkish

Lectures dataset, EM scores increased by 4.1% and F1 scores increased by 1.8%.

Table 4.9 displays the results of the listening comprehension experiments on both

English and Turkish lectures under the “SQA” section. The annotated data in these
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experiments was obtained from ASR transcriptions, while the unannotated data was
sourced from reference transcriptions. It should be noted that the performance of
the SQA models is generally lower compared to the question-answering models due to
errors introduced by the ASR system. However, the integration of generated data into
the fine-tuning process leads to an improvement in SQA performance. In the English
lectures dataset, the EM score remained relatively unchanged at 41.72, but the F1 score
increased by 2% (from 68.515 to 70.485). On the other hand, in the Turkish lectures
dataset, the improvement in the EM score was 0.4% (from 48.95 to 49.30), while the
F1 score increased by 1.3% (from 78.366 to 79.66).

4.4. Domain Adaptation

This section contains experiments to train a question-generation model in the
larger dataset in another domain and then use this model to generate question-answer
pairs on another more resource-constrained domain. We believe that the question-
generation model can harvest the knowledge from other domains and using this knowl-
edge, we can generate training data in the domain of interest which has low or no
annotated data. The generated question-answer pairs can be used to train question-
answering models in the domain of interest. This would greatly shorten the question-
answering model training for the new domain since it will not require manually anno-

tated data in the target domain.

4.4.1. Experimental Setup

The question-generation module was implemented in Python using the Hugging-
Face library [48]. We used the small pre-trained mT5 model with a batch size of 8 and
32 gradient accumulation steps to achieve an effective batch size of 256. The model was
fine-tuned for 30 epochs with a learning rate of le* using SQuAD and ThQuAD for
English and Turkish respectively. The SQuAD dataset is a general domain dataset that
has Wikipedia passages but does not have any topic constraints. On the other hand,

ThQuAD contains questions only from Turkish Islamic Science and Ottoman History
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topics. This difference will also show us that a more general question-answering dataset

helps with the domain adaptation problem.

Afterwards the trained question-generation models are used to generate question-
answer pairs over the English Lectures and Turkish Lectures dataset passages. English
Lectures and Turkish Lectures datasets are vastly different in terms of the topic from
the bigger SQuUAD and ThQuAD datasets which question-generation models trained.
We then trained question-answering models using this generated data. For baselines,
we first used question-answering models trained by SQuAD and ThQuAD datasets
directly. Another baseline was using the handcrafted small amount of data in the

domain.

We trained BERT-based question-answering models for the evaluation of the per-
formance of the different datasets. The question-answering model was implemented in
Python with Hugging Face [48]. English BERT-large [16] and Turkish BERT-base [52]
pre-trained models are used for English and Turkish lecture datasets respectively. The
batch size is fixed at 8 for all the models. They were fine-tuned for a maximum of 20
epochs with a learning rate of 3e-5. At the end of each epoch, the model is evaluated
over the development set, and the model with the best F1 score on the development

set is selected as the best model for testing.

4.4.2. Results

4.4.2.1. SQuAD to English Lectures. In this experiment, we saw that using only syn-

thetic questions generated by the SQuAD question-generation model for question-
answering training yields the worst results. Even though the English Lectures dataset
has a much lower number of questions in the training set. This might be due to the
differences in the dataset distribution. Because while the SQuAD dataset has short
answers, the English Lectures dataset had long answers which would create a difference

between the human-annotated and synthetic question-answer pairs.
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We check our question-generation models’ question generation performance using
the ROUGE and BLEU scores. We saw that when we train the question-generation
model with SQuAD data it had a ROUGE-L score of 0.304 while having 0.255 and 0.132
BLEU-1 and BLEU-2 scores. On the other hand question-generation model trained
with the English Lectures dataset only had a ROUGE-L score of 0.230, while having
0.223 and 0.107 BLEU-1 and BLEU-2 scores. It shows that the question-generation
model-trained SQuAD data was better to mimic the human-annotated questions in the

English Lectures dataset.

Table 4.11. QA performance over the English Lectures dataset with different

augmentation methods.

EM | F1
QA trained on SQuAD 20.58 | 57.17
SQuAD question-generation Synthetic Questions 1.14 | 32.75
English Lectures question-generation Synthetic Questions 6.88 | 37.40
English Lectures Data 41.15 | 68.17
English Lectures question-generation 4+ English Lectures Data | 45.19 | 73.42
SQuAD question-generation + English Lectures Data 52.30 | 75.82

When we train our model in a 2-step fashion, first with synthetic questions,
and then with the original dataset however gave different results than the synthetic
question-only approach. In this approach using question-answer pairs generated by
SQuAD question-generation improved scores further 7% in EM and 2.4% in the F1
scores, then using the English Lecture data as question-generation model. This points
out that the increased number of questions even though in different domains is benefi-
cial, we still need small hand-crafted data to fine-tune the model to the target domain,

especially if we have a mismatch in data distribution.

4.4.2.2. ThQuAD to Turkish Lectures. The ThQuAD to Turkish Lectures experiment

show us similar patterns to the English experiment. We got the worst scores when we
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generate questions using the question-generation model trained with ThQuAD data.
Its F1 score was 21% lower than its counterpart in which we use questions from the
question-generation model trained with the Turkish Lectures dataset for question-
answering training. The question-answering model directly trained on ThQuAD is also
around 13.2% worse in F1 performance with respect to the question-answering model
trained with questions from the question-generation model trained with the Turkish
Lectures dataset. This worse performance than English experiments might be related
to the limited domain of the ThQuAD dataset, it was only containing questions about
Islamic Science and Ottoman History, while the SQuAD dataset had articles from

various topics, which would improve the generalization performance of the model.

Table 4.12. QA performance over the Turkish Lectures dataset with different

augmentation methods.

Setting EM |F1

QA trained on ThQuAD 3.15 | 51.91
ThQuAD question-generation Synthetic Questions 0.70 | 44.30
Turkish Lectures question-generation Synthetic Questions 3741 | 65.12
Turkish Lectures Data 54.90 | 80.86
Turkish Lectures question-generation 4+ Turkish Lectures Data | 54.89 | 82.70
ThQuAD question-generation + Turkish Lectures Data 57.34 | 83.00

We check our question-generation models’ question-generation performance using
the ROUGE and BLEU scores. We saw that when we train the question-generation
model with ThQuAD data it had a ROUGE-L score of 0.233 while having 0.254 and
0.075 BLEU-1 and BLEU-2 scores. On the other hand question-generation model
trained with the Turkish Lectures dataset only had a ROUGE-L score of 0.226, while
having 0.248 and 0.073 BLEU-1 and BLEU-2 scores. It shows that the question-
generation model trained with ThQuAD data was slightly better to mimic the human-

annotated questions in the Turkish Lectures dataset.
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In the 2-step model training settings, the model trained with questions generated
by the ThQuAD question-generation model outperforms the setting in which the syn-
thetic questions come from the Turkish Lectures question-generation model. The model
performed 2.5% better in EM score, and 0.3% in F1 scores, which is less significant
than the English experiments but especially EM score difference was still significant.
This shows us that the more questions used in the question-generation model training

benefit the overall 2-step performance.
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5. CONCLUSION

In this thesis, we propose a framework to generate question-answer pairs using a
question-generation model for improving the question-answering performance for low-
resource languages. The proposed question generation model uses mT5 which has
multilingual capabilities. Because of that, the same pre-trained model can be utilized
for any language. We then use this framework to generate a Turkish Question An-
swering dataset from Turkish Wikipedia passages. We also experiment with different
filtering techniques to filter out the generated questions for improving dataset quality.
For testing the framework’s low resource capabilities we extensively test our approach’s
validity as a data augmentation method in low resource settings in English, German,

French, and Turkish datasets, with varying amounts of data subsets from the datasets.

The proposed generated Turkish Question Answering dataset has consist of 83.6K
questions generated by this framework over 20K Wikipedia passages. Our experiments
revealed that even though for most of the settings it was not able to surpass the
human-annotated corpus but it was a beneficial data augmentation tool, improving

performance on XQuAD Turkish dataset by 3%.

Our low-resource experiments in English, German, French, and Turkish datasets
revealed that our framework was working efficiently even at around or less than 1000
questions. They were more impactful in the lower data settings. For the 1000 question
settings our model improved the F1 score by 4.5% in SQuAD, 7% in Spoken SQuAD,
2.5% in GermanQuAD, and 1.8% in FQuAD which shows that this approach is suited

to low resource settings over multiple languages.

For the future work, we can expand the Turkish Generated question answering
dataset. In the generation of this dataset, we only used the first paragraphs. The main
idea behind that was that the first paragraphs were generally a summary of the article

and it had more objective information on which model would be more successful in the
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generation process. We saw from the low resource experiments after that, the model
was capable to generate questions from all paragraphs of the articles, so we can expand

the Turkish Generated dataset to the other paragraphs.

In our experiments even though we use multiple languages, we did not use those
languages together. We fine-tune the model for each language separately. In the
future, we can exploit the model’s multilingual capability by training the model with
data from multiple languages. We can also experiment with adapting the question-
generation model from a resourceful language to low resource language to distill some

of the knowledge from the language with more data.
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APPENDIX A: SQUAD EXPERIMENT RESULTS

Table A.1. QA results of various models that are trained with SQuAD 1K-5K

settings.

XLM-
BERT mBERT ELECTRA

RoBERTa

Annotated | Training
EM F1 EM F1 EM F1 EM F1

Data Size | Setting

Original | 51.72 | 63.22 | 59.73 | 70.76 | 59.59 | 69.93 | 64.72 | 75.10

1K Generated | 47.16 | 58.38 | 52.01 | 63.86 | 55.08 | 65.95 | 57.49 | 68.83

2 Step 56.76 | 67.95 | 60.38 | 71.87 | 63.41 | 73.58 | 65.78 | 77.59

Original | 61.03 | 71.78 | 66.35 | 76.31 | 66.04 | 75.42 | 71.43 | 81.18

2K Generated | 53.66 | 64.47 | 57.68 | 68.53 | 59.04 | 69.52 | 63.49 | 73.44

2 Step 63.75 | 74.07 | 67.18 | 77.10 | 68.24 | 77.56 | 73.72 | 82.57

Original | 64.33 | 74.86 | 67.97 | 77.58 | 69.56 | 78.40 | 74.48 | 82.95

3K Generated | 52.47 | 62.77 | 58.83 | 69.30 | 61.14 | 70.46 | 65.64 | 75.18

2 Step 65.85 | 75.73 | 68.99 | 78.60 | 70.47 | 78.85 | 75.40 | 84.21

Original | 66.15 | 76.15 | 68.87 | 78.81 | 70.29 | 79.15 | 74.87 | 83.87

4K Generated | 56.87 | 66.95 | 59.63 | 69.64 | 60.70 | 70.06 | 65.35 | 75.12

2 Step 67.86 | 77.93 | 70.02 | 79.49 | 70.54 | 79.61 | 75.70 | 84.46

Original | 66.32 | 76.88 | 69.00 | 79.36 | 70.72 | 80.03 | 75.17 | 84.30

5K Generated | 56.24 | 66.39 | 60.72 | 70.74 | 62.37 | 71.91 | 66.51 | 75.90

2 Step 68.02 | 78.23 | 69.17 | 79.73 | 70.87 | 80.28 | 75.65 | 84.78
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APPENDIX B: SPOKEN SQUAD EXPERIMENT
RESULTS

Table B.1. QA results of various models that are trained with Spoken SQuAD 1K-5K

settings.

XLM-
BERT mBERT ELECTRA

RoBERTa

Annotated | Training EM F1 EM F1 EM F1 EM F1
Data Size Setting
Original | 37.11 | 48.82 | 45.15 | 57.32 | 37.84 | 49.34 | 50.64 | 61.73
1K Generated | 32.52 | 44.08 | 37.39 | 48.20 | 34.83 | 46.08 | 42.07 | 53.29
2 Step 43.15 | 55.62 | 45.49 | 57.78 | 43.97 | 56.86 | 52.94 | 64.30
Original | 46.12 | 5791 | 50.33 | 61.43 | 49.60 | 60.51 | 57.60 | 68.03
2K Generated | 41.41 | 52.62 | 43.99 | 54.65 | 42.65 | 53.55 | 51.54 | 61.90
2 Step 50.01 | 61.87 | 50.93 | 61.81 | 50.91 | 61.80 | 59.63 | 69.73
Original | 48.53 | 60.98 | 52.63 | 64.32 | 50.25 | 62.25 | 58.66 | 70.00
3K Generated | 40.53 | 52.87 | 42.09 | 54.28 | 43.15 | 55.13 | 50.89 | 61.70
2 Step 51.07 | 63.28 | 53.09 | 64.87 | 52.10 | 63.35 | 59.37 | 70.31
Original | 50.96 | 63.23 | 53.86 | 65.76 | 53.06 | 64.76 | 61.48 | 72.03
4K Generated | 41.84 | 54.07 | 45.62 | 57.09 | 44.48 | 56.02 | 52.91 | 63.30
2 Step 53.00 | 64.74 | 54.31 | 65.83 | 53.34 | 65.13 | 61.97 | 72.68
Original | 51.95 | 64.01 | 54.67 | 66.67 | 53.82 | 65.83 | 62.70 | 73.25
5K Generated | 44.44 | 56.37 | 47.34 | 59.06 | 45.00 | 56.83 | 52.59 | 64.10
2 Step 54.85 | 66.57 | 56.31 | 67.96 | 54.12 | 65.96 | 63.99 | 74.08
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APPENDIX C: FQUAD EXPERIMENT RESULTS

Table C.1. QA results of various models that are trained with FQuAD 1K-5K

settings.
BERT MBERT LM
ROBERTA
Annotated | Training EM F1 EM F1 EM F1
Data Size Setting

Original | 47.52 | 65.89 | 42.57 | 61.78 | 34.41 | 50.59

1K Generated | 33.28 | 50.9 | 30.11 | 48.22 | 28.33 | 45.33

2 Step 48.75 | 67.67 | 44.32 | 63.92 | 44.60 | 63.71

Original | 53.67 71 48.06 | 66.83 | 48.68 | 66.15

2K Generated | 47.74 | 65.77 | 42.03 | 59.55 | 41.91 | 59.91

2 Step 55.77 | 73.47 | 49.84 | 68.25 | 51.57 | 69.09

Original | 56.40 | 73.33 | 50.13 | 69.03 | 51.69 | 68.73

3K Generated | 49.75 | 67.24 | 46.02 | 63.33 | 46.49 | 64.49

2 Step 58.59 | 75.55 | 53.48 | 71.42 | 53.98 | 70.98

Original | 57.78 | 75.08 | 54.08 | 71.42 | 52.98 | 70.77

4K Generated | 51.76 | 69.37 | 47.46 | 65.35 | 48.18 | 65.24

2 Step 58.97 | 76.65 | 54.77 | 72.40 | 54.86 | 72.14

Original | 60.13 | 76.95 | 53.70 | 71.48 | 55.80 | 72.50

5K Generated | 52.13 | 69.89 | 46.68 | 64.49 | 48.43 | 66.66

2 Step 60.26 | 77.42 | 55.52 | 72.21 | 56.24 | 73.16
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APPENDIX D: GERMANQUAD EXPERIMENT

RESULTS

Table D.1. QA results of various models that are trained with GermanQuAD 1K-5K

settings.
BERT MBERT LM
ROBERTA
Annotated | Training EM F1 EM F1 EM F1
Data Size Setting

Original 34.48 | 53.11 | 39.93 | 57.54 | 39.52 | 56.47

1K Generated | 25.32 | 41.77 | 28.45 | 44.02 | 31.81 | 45.77

2 Step 36.98 | 55.41 | 42.20 | 59.58 | 41.56 | 58.80

Original 35.62 | 55.24 | 42.47 | 60.43 | 40.43 | 56.87

2K Generated | 32.99 | 51.02 | 36.52 | 52.86 | 37.02 | 53.74

2 Step 40.70 | 58.15 | 45.10 | 62.49 | 47.60 | 63.58

Original 40.61 | 59.31 | 46.55 | 64.30 | 46.78 | 62.74

3K Generated | 37.11 | 53.48 | 41.06 | 56.22 | 40.25 | 55.33

2 Step 45.60 | 62.35 | 47.37 | 64.98 | 47.14 | 64.52

Original 43.01 | 59.78 | 48.32 | 66.21 | 50.14 | 67.09

4K Generated | 38.34 | 53.28 | 40.88 | 57.10 | 43.60 | 59.56

2 Step 45.96 | 62.35 | 48.50 | 66.35 | 50.27 | 67.94

Original 4419 | 61.84 | 49.09 | 65.75 | 50.14 | 66.97

5K Generated | 39.34 | 55.14 | 42.83 | 57.34 | 41.79 | 57.31

2 Step 47.23 | 64.35 | 53.13 | 68.38 | 51.41 | 67.66
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APPENDIX E: TURKISH LECTURES EXPERIMENT
RESULTS

Table E.1. QA results of various models that are trained with Turkish Lectures

Reading Comprehension dataset.

BERT MBERT XLM-ROBERTA
Training Setting EM F1 EM F1 EM F1
Original 54.90 | 80.86 | 45.10 | 76.64 | 50.00 78.92
Generated 37.41 | 65.12 | 33.22 | 59.99 | 27.97 54.88
2 Step 54.89 | 82.70 | 49.65 | 78.43 | 51.40 80.02

Table E.2. QA results of various models that are trained with Turkish Lectures

Listening Comprehension dataset.

BERT MBERT XLM-ROBERTA
Training Setting EM F1 EM F1 EM F1
Original 48.95 | 78.36 | 41.96 | 73.22 | 39.51 75.82
Generated 36.71 | 66.60 | 26.92 | 59.50 | 27.27 59.09
2 Step
(question-generation training | 49.30 | 79.66 | 47.55 | 76.55 | 45.80 76.53
with ASR Data)
2 Step
(question-generation training | 48.60 | 79.33 | 44.76 | 75.68 | 46.85 76.42
with Text Data)
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APPENDIX F: ENGLISH LECTURES EXPERIMENT
RESULTS

Table F.1. QA results of various models that are trained with English Lectures

Reading Comprehension dataset.

BERT MBERT XLM-ROBERTA
Training Setting EM F1 EM F1 EM F1
Original 41.15 | 68.17 | 41.31 | 67.70 | 34.33 61.16
Generated 6.88 | 37.40 | 12.02 | 48.07 8.57 43.35
2 Step 45.19 | 73.42 | 42.81 | 71.29 | 36.61 64.23

Table F.2. QA results of various models that are trained with English Lectures

Listening Comprehension dataset.

BERT MBERT XLM-ROBERTA
Training Setting EM F1 EM F1 EM F1
Original 41.72 | 68.52 | 39.75 | 68.07 | 30.86 61.83
Generated 8.57 | 42.27 6.87 | 46.14 6.30 39.24
2 Step
(question-generation training | 41.72 | 70.49 | 40.94 | 71.11 | 33.24 64.41
with ASR Data)
2 Step
(question-generation training | 40.03 | 67.39 | 38.88 | 70.51 | 32.30 63.98

with Text Data)




