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Abstract: Machine Reading Comprehension (MRC), known as the ability of computers to read and understand
unstructured text and then answer questions, is still an open research field. MRC is considered one of the most research-
demanding sub-tasks in Natural Language Processing (NLP) and Natural Language Understanding (NLU). MRC
introduces multiple research challenges. One of these challenges is that the models should be trained to answer all
questions and abstain from answering when the answer is not covered in the given context. Another challenge lies in
dataset availability. These challenges are amplified for non-Latin-based languages; Arabic as an example. Currently,
available Arabic MCR datasets are either small-sized high-quality collections or large-sized low-quality datasets.
Additionally, they do not include unanswerable questions. This lack of resources depicts the model as incapable of real -
world deployments. To tackle these challenges, this paper proposes a novel large-size high-quality Arabic MRC dataset
that includes unanswerable questions, named “Arabic-SQuAD v2.0". The dataset consists of 96051 triplets {question,
context, answer} in an attempt to help enrich the field of Arabic-MRC. Furthermore, a Machine Learning (ML)-based
model is introduced that is capable of effectively solving Arabic MRC-with-unanswerable questions. The results of the
proposed model are satisfactory and comparable with Latin-based language models. Furthermore, the results show a
significant improvement of the current state-of-the-art Arabic MRC. To be exact, the model scores 71.49 F1-score and
65.12 Exact Match (EM). This proposed dataset and implementation pave the way to further Arabic MRC; aiming to
reach a state when MRC models could mimic human text reasoning.

Index Terms: SQUAD, AQAD, Machine Reading Comprehension, Question Answering.
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Introducing Arabic-SQUADV2.0 for Effective Arabic Machine Reading Comprehension

1. Introduction

Machine Reading Comprehension (MRC) is a task introduced to test the degree to which a machine can understand
natural languages [1]. This is achieved by asking the machine to answer questions based on a given context. A well-
performing MRC model can substantially improve the way in which humans and machines interact with each other.
This would impact different research domains including Human-Computer Interaction (HCI) and search engines [2].

However, currently available MRC models do not support Arabic language, and this is because Arabic MRC is an
under-researched field compared to English and Latin-based languages [3]. The research and development of the
English MRC field and the highly-performing English MRC models do not serve the field of Arabic MRC, because
Arabic is a highly inflectional language, so its nature and structure are not similar to that of English language [4].

Given the limited research in the Arabic-MRC alongside the existence of AQAD dataset [5], a recently introduced
dataset for Arabic-MRC that is derived from the popular and powerful SQUAD v2.0 dataset, there is a need to develop
models that can understand the Arabic language and perform Arabic-MRC-with-unanswerable-questions task
effectively. This paper aims to build an improved model for better Arabic language understanding with a competitive
performance with respect to standard evaluation metrics (i.e., EM, F1 score).

The main contributions of this paper are as follows:

e Introducing “Arabic-SQuADv2.0” which is a new large benchmark Arabic MRC dataset.
e Introducing MRC model that can effectively solve the problem of Arabic-MRC with unanswerable questions.
e Achieving state-of-the-art performance with the introduced ML Arabic-MRC model.

The rest of this paper is organized as follows; Section Il presents the previous literature related to Arabic MRC.
Section III discusses the newly introduced dataset “Arabic-SQuADV2.0”. Section IV outlines the research methodology
and the different conducted experiments. Section V explains the experimental setup and reports the results. Section VI
discusses the analysis of the experiments using different Arabic MRC datasets. Finally, Section VII concludes the work
and discusses the future directions.

2. Related Work

Many efforts have been made to solve the problem of Arabic MRC, from creating Arabic MRC datasets and
developing models able to understand and answer Arabic questions given a certain context. Hence this section discusses
prior research related to the work presented in two subsections; (1) Existing Dataset, and (2) Existing Models.

A. Existing Dataset

One of the most used English MRC datasets are the MS MARCO[6] and the SQUAD dataset with its different
versions [7, 8]. The existing Arabic datasets can be categorized into two categories based on the collection method; (1)
Crowd-Workers collectors; the same method purposed by the SQUAD authors [7], and (2) Automated Neural Machine
Translation (A-NMT) as of the SQUAD dataset.

An Arabic version of SQUAD 1.1 was introduced using A-NMT for the first 231 articles [9] resulting in a large A-
MRC dataset. However, the dataset is represented in low quality due to the poor translation compared to the new NMT
models which are based on transformers. Moreover, the dataset contains mislabeled answers due to the corruption of the
answer’s span.

In [10], the authors proposed the ARCD dataset based on crowd workers using only 5 articles taken from Arabic
Wikipedia. This resulted in a small high-quality data, however, ML models could not benefit from data of this size.

In [5], the AQAD dataset was introduced to tackle two problems; having high-quality large data that can be enough
to train an MRC model, and also adding the unanswerable questions. The authors” method of collecting the dataset was
based on finding the Arabic equivalent articles to the ones on SQUAD 2.0 using a similarity model and doing NMT on
QAs only without the contexts so the translation is as minimal as possible.

The AQAD method was promising but had faulty assumptions. These include assuming the existence of the exact
contexts and answers across different languages. For example, it is not guaranteed that the Wikipedia article for a topic
T in Arabic would have the same content as the English one. As a result, the questions asked in the English context
could not be answered for the Arabic equivalent article, resulting in a mislabeled dataset. This assumption could be
noticed by proofreading the AQAD dataset samples. Figure 1 shows an example of this false assumption. The figure
shows a snippet of the Wikipedia article about Cairo in both Arabic and English languages. It is observed that the
content varies in size as well as there is a difference in the presented facts about Cairo.
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Fig. 1. AQAD English-Arabic Context Content Variation; Left: Arabic, Right: English. Source: Wikipedia

B. Existing Systems and Models

This section discusses the different systems trained on A-MRC without handling unanswerable questions. In [10],
SOQAL system proposed an open domain question answering model consisting of two parts; document retrieval from
Avrabic Wikipedia article and MRC to answer questions [11, 12]. The system achieved 61.31 F1-score using BERT
transformer [13].

In [14], AraElectra is fine-tuned on the ARCD dataset achieving 71 F1-score. In [5], the authors proposed Multi-
Lingual BERT trained on AQAD dataset achieving 37 F1-score. There are not many contributions regarding the models
in Arabic MRC due to the lack of good-quality Arabic datasets which urges the need of introducing a new dataset for
Arabic MRC.

3. Introducing “ARABIC-SQUADV2.0” Dataset

As mentioned in Section 11, there is a lack of a high-quality large dataset for Arabic MCR. Moreover, the existing
dataset does not tackle the problem of unanswerable questions except for the AQAD dataset [5]. The AQAD dataset
collection methodology produces a large dataset but with a lot of mislabeling as discussed in the previous section. This
lack increases the need for a new Arabic dataset for MRC with unanswerable questions following the generation of the
well-known SQUADV2.0 [8].

This paper introduces, proposes, and provides a new Arabic MCR dataset “Arabic-SQuADv2.0”. The dataset is
created through automated machine translation using state-of-art models on MS Azure using the SQUADV2.0 train
dataset. In the case of unanswerable questions, the dataset is not concerned with whether or not the plausible answer is
in a contiguous span in the new context as the model should abstain from answering unanswered questions.

The proposed “Arabic-SQuADv2.0” dataset size is 96051 samples. Each sample is presented as a triplet
{question,context, answer}. The dataset is split as follows: 80% for training, 10% for validation, and 10% for testing
corresponding to the following sizes; 76840 triplets for training, 9605 triplets for validation, and 9606 triplets for testing.

The percentage of answerable questions and unanswerable questions in each dataset split is: 55% answerable
questions and 45% unanswerable questions. It has been ensured that the same ratio of answered And unanswered exists
in every split to ensure consistency of the data by maintaining the same distribution. Finally, the data follows the
SQUADv2.0 [8] format with newly generated 1Ds for consistency.

The dataset is labeled and publicly available on the HuggingFace at

https://huggingface.co/datasets/Zeyad Ahmed/Arabic-SQUADV2.0.
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Figure 2 depicts a sample triplet from the newly generated dataset.
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Fig. 2. Sample Triplet from the Proposed Arabic-SQuUADvV2.0 dataset
4. Research Methodology

This research went through multiple experiments to reach the best-optimized model. The process started with
experimenting the use of the existing dataset (AQAD dataset) on the baseline model AraBERT [15] with question-
answering head on top of the implementation presented by the original BERT authors [13]. Then, another baseline
model was used which consumed less training time; named AraElectra [14]. During this phase, different parameters,
ranging from weighted losses, data augmentation, coupling, and decoupling methods, were experimented and evaluated
on both the AQAD dataset and the proposed Arabic-SQUADV2.0 dataset.

A. Pre-trained AraBERT\AraELECTRA Baseline Model

BERT is designed to pre-train deep bidirectional representations from an unlabeled text by jointly conditioning
both left and right context in all layers. As a result, there is no need for a huge architectural change to fine-tune BERT
on a specific task. Adding an extra layer would be enough to achieve state-of-the-art [13].

ELECTRA is the same as BERT but instead of hiding input tokens, in ELECTRA, they are subverted by replacing
them with plausible alternatives sampled from a small generator network [16]. Then, a discriminative model is trained
that determines whether each token in the input is replaced by a generator sample or not rather than a model that
predicts the original identities of the tokens. This is an improvement over MLM-based pre-training because the model
learns from all input tokens rather than just the ones that were excluded. This yields a better language understanding
and by experimentation, it achieves less training time. The training of these Arabic-Transformers is discussed in detail
in [14, 15].

B. Modules on Top of AraBERT\AraELECTRA

In this section, an overview of the used modules on top of AraBERT\AraELECTRA is presented that will be later
used for models discussed in Section C. An explanation of each type of head is discussed followed by the chosen hyper-
parameters. These hyper-parameters are recommended by Hugging-Face authors in [17]

Question Answering Head In this experiment, a span classification head is added on top of BERT [13], as
proposed by its authors, which acts as extractive question answering. It is formed of a linear layer on top of the hidden
state’s output with two vectors S"start span" E"end Span" S, E € R¥ Where H is hidden vector size.

Classification Head Sequence Classification head is added on top of BERT [13] for prediction of whether or not
the question can be answered with a given context. It is a linear layer on top of the hidden state’s output with size 768
followed by a drop-out layer with probability 0.1 and a linear layer at the end of the size of 2 for the two classes
"Unanswerable-Answerable"

Coupling Head This module uses the same head as the Question Answering head but with a small extension
sigmoid unit for predicting whether or not a question is answerable.

Decoupling Head This one uses two separate AraELECTRA baseline models. One of the models with Question
Answering Head and the other with Classification Head. The Classification model is trained using the whole data, while
the Span model is trained using answerable questions data only. This is because the classification model’s role is to
predict if the given question is an answerable one or not.
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C. Proposed Models

This paper discusses six different proposed models to reach the best performing one. Each model ran through
multiple experiments and fine-tuning of its hyper-parameters based on [18, 19]. The optimal hyper-parameters for each
model are the only ones mentioned below.

1. AraBERT with Question Answering Head (AQAD) This model uses AraBERT as its baseline model with
the Question Answering head on top. It is trained on the AQAD dataset for 4 epochs, freezing the first 4 layers
and twice weighted loss for answerable questions.

2. AraELECTRA With Question Answering Head (AQAD) The same experiment as the previous one but
with AraELECTRA baseline instead.

3. AraELECTRA with Question Answering Head (Data Augmented) The same experiment as the previous
but it is trained on the AQAD-ARCD-Arabic-SQUADV1 to get the benefit of larger dataset without the
weighted loss.

4. AraELECTRA with Coupling Head (AQAD) This model uses AraELECTRA as its baseline model with the
coupling head on top and trained on the AQAD dataset for 4 epochs, freezing the first 4 layers.

5. AraELECTRA with Decoupling (AQAD) This model uses AraELECTRA as its baseline model with the
Decoupling head on top and trained on the AQAD dataset for 2 epochs, freezing the first 4 layers for both
classification and span model.

6. AraELECTRA with Decoupling (Arabic-SQUADV2.0) This model uses AraELECTRA as its baseline
model with the Decoupling head on top and trained on the Arabic-SQUADvV2.0 dataset freezing the first 6
layers for both models, classification model trained for 8 epochs with the twice weighted loss for answerable
questions and the span model trained for 4 epochs.

Figure 3 outlines the final pipeline for all the experiments. The experiments passed through different phases
including; data preprocessing, QA model training for both classification and span heads until reaching the model
evaluation. During the experiments, the performance of each model is evaluated on the validation set. The results are
discussed in detail in Section D.

QA Model
Questions Embedding——p- Classification
Head )

Context Embedding——»

L Question—» |__Cleaned Question—s| Embedding & | o,¢5tion Embedding—»-
&?* Training Data Context——» Data Cleaning & Featate S
Preprocessing Cleaned Context—s| EXtraction | context Embedding—»- Head
I ssing
Answer———»- (AraElectra) ¢

LCleaned Answer4l No
7 ~<——Predicted Answer Span—
&Q Answer

Predection |« 'S

Span Answ

-f d Answer Confi

Confidence Answer:

Fig. 3. Proposed model pipeline
5. Experimental Results and Details

A. Dataset

As discussed before, the experiments evaluation started with using the AQAD dataset as it was the available
benchmark dataset and it looked promising. However, after evaluation and finding that the results are not satisfactory,
the dataset was reconsidered. The authors started proofreading the data and found out that it is mislabeled. This is one
of the motivations behind the generation of the proposed Arabic-SQUADV2.0 dataset.

B. Evaluation Metrics
Two metrics are used to measure the performance of the proposed models; Exact Match (EM) score and F1-score
using the official SQUADV2.0 evaluation script [8]. In the case of unanswerable question, the model should abstain
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from answering and both EM, F1-scores should be 1, otherwise, it should be 0. The evaluation script also reports
answer\no-answer EM and F1-scores.

C. Compute and Hyper-parameters

The experiments are evaluated on MS Azure compute with 1xTesla K80 GPU and using PyTorch and HuggingFace.
The optimizer is AdamW learning rate= 3¢ — 5 as the HuggingFace recommendation, with dynamic padding to reduce
training time by around 50%.

D. Experimental Results

The proposed models are evaluated on the validation set, and the results are summarized in Table 1 and Table 2.
In total, there are six models, as discussed earlier in Section C. The AraELECTRA-Decoupling-Arabic-SQUADv2.0
achieves the best results with F1-score of 71.49 and EM 65.12 score. This score becomes the new state-of-the-art for
Arabic-MRC extractive question answering task for both “Answerable and Unanswerable Questions™ as initiated in the
SQUAD?2.0.

Table 1. F1-Score and EM scores for different proposed models.

1D Proposed Model Name Dataset F1-Score EM
1 AraBERT with QA Head AQAD 34.72 19.57
2 AraELECTRA with QA Head AQAD 36.86 20.35
3 AraELECTRA with QA Head AQAD-ARCD-ASQUADvV1 24.44 3.69
4 AraELECTRA with Coupling Head AQAD N/A N/A
5 AraELECTRA with Decoupling Head AQAD 38.06 38.05
6 AraELECTRA with Decoupling Head Arabic-SQUADV2.0 71.49 65.12

Table 2. Model 6 Full Evaluation.

Evaluation Metric Result
Classification Model Accuracy 84.5

EM 65.12

F1 Score 71.49

Answerable guestions (Has answer) EM 56.15
Answerable guestions (Has answer) F1 67.80
Non Answerable questions (Has no answer) EM 75.80
Non Answerable questions (Has no answer) F1 75.80

6. Result Analysis

A. Model Performance Analysis

Starting the experiments with AraBERT with QA Head did not achieve good results as shown in Table 1 (row 1).
By analysing the SQUAD leaderboard and MRC survey [2], it was found that the literature started to switch to
ELECTRA for a lighter and better NLU model.

Switching to AraELECTRA did not achieve any significant result improvement from the previous model as shown
in Table 1 (row 2). The last two experiments and the third model’s results were not satisfactory which lead to more
literature investigation. It was found that most of the results reported in the literature are neglecting the fact that there
are unanswerable questions and use plausible answers as ground truth answers [5].

The fact of having unanswerable questions inspired the idea of the coupling head instead of span abstaining. How-
ever, by experimenting the model could not converge given the two tasks together; (a) predicting confidence of
answerability, and (b) predicting the span of the answer. This is reported as N/A in Table 1 (row 4).

This further influenced the decoupling head which achieved around 38 F1-score. This score is close to the AQAD
authors’ results in [5]. However, this score can be misleading as it reflects the results of the classification head in the
decoupling method which performed well (Table 1(row 5)). The span head in this case scored only 3 F1-score on
answerable questions.

Achieving good results in predicting if the question is answerable or not raises questions about why the span model
results were not matching the classification model performance. By proofreading the dataset, it was found that owing to
the process with which the AQAD dataset [5] was collected, it was a mislabeled dataset as previously discussed in
Section A.

The last key finding about the AQAD dataset presented the need for a high-large quality dataset for the Arabic
language resulting in introducing The “Arabic-SQuADv2.0”. Applying the experiment of the decoupling head on The
“Arabic-SQuADvV2.0” achieved an F1-score of 71.49 and EM 65.12 score. The classification head achieved 85.09% of
accuracy. This becomes the new state-of-the-art for Arabic-MRC and proving that the decoupling method and the
presented dataset were effective for the Arabic language MRC. It should be noted that a strong neural system that gets
86 F1-score on SQUAD 1.1 achieves only 66 F1-score on SQUAD 2.0 [8]
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7. Conclusion and Future Work

MRC is one of the fields of machine natural language understanding in which machine understanding can be
evaluated by answering questions about given paragraphs/contexts. The work on Arabic-MRC is little due to the lack of
high-quality publicly available datasets for the Arabic language, and accordingly lack of models; unlike; English
language and Latin-based languages.

This paper worked in the direction of building an Aabic-MRC model that is mature enough to tackle answerable
and unanswerable questions. The paper started with the experiments using the AQAD benchmark dataset. However, by
experimenting and proofreading, it was found that the AQAD had a faulty assumption regarding data contexts [5]. The
authors figured out that the AQAD collectors based their dataset on the assumption of one-to-one mapping between
English and Arabic contexts, which is not the case.

Therefore, this paper introduces the “Arabic-SQuADv2.0” which is a large-size good-quality dataset with
unanswerable questions. Then, the paper introduces a model that proved to sufficiently understand the Arabic language
and succeeded to solve MRC-with-unanswerable-questions. The model achieves new state-of-the-art scores for Arabic-
MRC-with-unanswerable-questions.

To sum up, this work achieved the objective of enriching the field of Arabic-MRC through the following:

e Introducing a model that proved to sufficiently understand the Arabic language and succeeded to solve MRC-
with-unanswerable-questions problem by scoring EM and F1 scores that have not been achieved before in the
field of Arabic-MRC-with-unanswerable-questions, as shown in Table 2.

e Contributing to enriching the Arabic-MRC datasets, by introducing Arabic-SQUAD v2.0, and accordingly,
paving the path for further development of the whole field of machine understanding of Arabic language.

This work could be continued by extending the “Arabic-SQuADv2.0” dataset with the help of crowd workers.
Furthermore, other training methods could be experimented to improve the models’ performance.
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