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Abstract

Conversational question-answering (CQA)
plays a crucial role in bridging the gap between
human language and machine understanding,
enabling more natural and interactive interac-
tions with AI systems. In this work, we present
the first results on open-domain Arabic CQA
using deep learning. We introduce AraQReCC,
a large-scale Arabic CQA dataset containing
9K conversations with 62K question-answer
pairs, created by translating a subset of the
QReCC dataset. To ensure data quality, we
used COMET-based filtering and manual rat-
ings from large language models (LLMs), such
as GPT-4 and LLaMA, selecting conversations
with COMET scores, along with LLM ratings
of 4 or more. AraQReCC facilitates advanced
research in Arabic CQA, improving clarity and
relevance through question rewriting. We ap-
plied AraT5 for question rewriting and used
BM25 and Dense Passage Retrieval (DPR) for
passage retrieval. AraT5 is also used for ques-
tion answering, completing the end-to-end sys-
tem. Our experiments show that the best perfor-
mance is achieved with DPR, attaining an F1
score of 21.51% on the test set. While this falls
short of the human upper bound of 40.22%, it
underscores the importance of question rewrit-
ing and quality-controlled data in enhancing
system performance.

1 Introduction

Conversational Question Answering (CQA) en-
ables systems to provide contextually relevant an-
swers across multi-turn dialogues, with applica-
tions in virtual assistants, customer support, and
information retrieval (Reddy et al., 2019). Unlike
single-turn QA, CQA systems must maintain con-
versational context and handle implicit references
to previous exchanges.

While substantial research exists for English
CQA (Reddy et al., 2019; Qu et al., 2020; Anan-
tha et al., 2021; Choi et al., 2018), Arabic one of

the world’s most widely spoken languages lacks
effective CQA systems. This gap stems from Ara-
bic’s linguistic complexity and the absence of high-
quality datasets, limiting accessibility for Arabic
speakers.

We address this gap by introducing the first open-
domain Arabic CQA system with question rewrit-
ing. Our approach leverages translated datasets
with rigorous quality control to tackle Arabic-
specific challenges.

To achieve this, we created AraQReCC, a large-
scale Arabic CQA dataset, by translating a sub-
set of the English QReCC dataset (Anantha et al.,
2021). AraQReCC contains 9K conversations and
62K question-answer pairs. The QReCC dataset is
chosen based on its proven effectiveness in ques-
tion rewriting (Vakulenko et al., 2021), a crucial
component for conversational QA.

For question answering and question rewriting,
we use the AraT5 model (Elmadany et al., 2022),
which has shown strong performance on Arabic
NLP tasks. Additionally, we incorporate two re-
trieval methods BM25 and Dense Passage Retrieval
(DPR) to retrieve relevant passages. Experiments
on AraQReCC show similar trends to those ob-
served in QReCC, highlighting the dataset’s effec-
tiveness.

To summarize, our contributions are:

• Creating the first Arabic conversational ques-
tion answering dataset by translating the
QReCC dataset with rigorous quality control
measures. The created dataset is made pub-
licly available to the research community.

• Applying comprehensive translation quality
control using COMET-based filtering with bal-
anced thresholds (≥65% for training, ≥70%
for development and test sets) and multiple
large language models for rating, validated
through human evaluation showing substan-
tial agreement with GPT-4o ratings.
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Question ? �ék@Qm.Ì'@ úÍ@
 øX


@ @ 	XAÓ

What led to the surgery?

Rewrite ? 	­K
Qå�� 	P@ñ 	JË hñ�J 	®ÖÏ @ I. Ê
�®Ë @ �ék@Qk. úÍ@
 øX



@ ø


	YË@ AÓ
What led to Nawaz Sharif’s open-heart surgery?

Answer hñ�J 	®Ó I. Ê
�̄ �éJ
ÊÒªË ¨ñ 	�	mÌ'@ úÎ« èQ�.g.



@ 	­K
Qå�� 	P@ñ 	K �ém�� PñëY�K

. 	àA�J�» AJ. Ë �éK
ñ 	J�Ë@ �éJ
 	K @ 	Q�
ÖÏ @ Õç'
Y
�®�K 	áÓ ¡�® 	̄ ÐAK




@ �é�KC�K ÉJ. �̄

Nawaz Sharif’s deteriorating health forced him to undergo an open heart surgery
only three days before the presentation of Pakistan’s annual budget.

Question ? �éJ
J. Ê�̄ �éK. ñ 	JK. �HAÓ Éë
Did he die from a heart attack?

Rewrite ? �éJ
J. Ê�̄ �éK. ñ 	JK. 	­K
Qå�� 	P@ñ 	K �HAÓ Éë
Did Nawaz Sharif die from a heart attack?

Answer .2018 ÐA« 	Y 	JÓ �H@ñ	J� 10 �èYÖÏ 	áj. �ËAK. �éK. ñ�®« ú
æ
	��®K
ð �èAJ
mÌ'@ YJ
�̄ úÎ« 	­K
Qå�� 	P@ñ 	K È@ 	QK
 B

Nawaz Sharif is still alive and serving a 10 year prison sentence since 2018.

Question ? �éJ
Ê
KAªË @ é�KAJ
k �I	KA¿ 	­J
»
How was his family life?

Rewrite ? 	­K
Qå�� 	P@ñ 	K �éÊ
KA« �èAJ
k �I	KA¿ 	­J
»
How was Nawaz Sharif’s family life?

Answer .Q�
Ò ��» É�


@ 	áÓ ù
 ëð

	­K
Qå�� 	P@ñ 	K Ðñ�JÊ¿ 	áÓ 	­K
Qå�� 	P@ñ 	K h. ð 	Q�K
Nawaz Sharif married Kalsoom Nawaz Sharif, who was also of Kashmiri descent.

Figure 1: Sample conversation from AraQReCC dataset.

• Developing an end-to-end system for open-
domain Arabic CQA using established mod-
ules from prior work in open-domain QA and
demonstrating the critical importance of ques-
tion rewriting for system performance.

2 Background

Open-domain question answering (QA) systems
aim to handle queries across diverse knowledge
domains without being restricted to predefined top-
ics. The introduction of conversational elements
adds further complexity, as systems must maintain
dialogue state and resolve contextual dependencies
across multiple turns.

Conversational Question Answering (CQA) ex-
tends traditional QA by incorporating the dialogue
context and previous interactions, enabling more
accurate and contextually relevant responses. Un-
like single-turn QA, CQA requires handling multi-
turn conversations, where understanding user intent

often involves resolving coreference, ellipsis, and
pragmatic reasoning (Choi et al., 2018; Reddy et al.,
2019). These challenges necessitate advanced tech-
niques for dialogue modeling and context tracking.

In open-domain CQA, systems must interpret
user queries within the evolving conversation, lever-
aging both prior dialogue history and large-scale
knowledge sources. This involves retrieving rele-
vant passages, reasoning over them, and generating
contextually appropriate answers (Ma et al., 2023).
The task has gained significant attention due to its
applications in virtual assistants, customer support,
and conversational AI platforms, where natural and
interactive communication is essential.

Our work focuses on building an end-to-end sys-
tem for open-domain CQA in Arabic. To this end,
we translate an English dataset and adapt state-of-
the-art methods originally developed for English
(Qu et al., 2020). By leveraging these approaches,
we aim to enable natural language interactions and
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support knowledge dissemination in Arabic.

3 Related Work

Question answering research has progressed from
single-turn open-domain QA to conversational set-
tings that require maintaining context and resolving
ambiguities. Recent work highlights three main
directions: (i) open-domain QA methods for re-
trieval and comprehension, (ii) conversational QA
approaches addressing coreference and ellipsis, and
(iii) open-domain conversational QA, which com-
bines large-scale retrieval with dialogue modeling
and question rewriting. We review each of these
directions below with emphasis on their relevance
to Arabic QA.

3.1 Open-Domain Question Answering

Open-domain question answering refers to the
task of automatically generating accurate and rel-
evant answers to questions using a broad range of
knowledge sources, without relying on specific pre-
defined domains or contexts. Unlike open-domain
conversational question answering it relies on one-
turn questions (Reddy et al., 2019), (Choi et al.,
2018), (Abdallah et al., 2024), (Yassine and Gam-
moudi, 2025), (Atef et al., 2020).

Several approaches address single-turn open-
domain Arabic QA. Mozannar et al. (Mozannar
et al., 2019) created the Arabic Reading Com-
prehension Dataset (ARCD) with 1,395 questions
from Wikipedia articles. Their SOQAL system
employs hierarchical TF-IDF retrieval and BERT-
based reading comprehension (Devlin et al., 2018),
achieving F1 scores of 61.3 for the reader and 27.6
for the complete system.

Almiman et al. (Almiman et al., 2020) proposed
a deep neural network ensemble for Arabic CQA
answer ranking, integrating lexical, semantic, and
BERT-based features. Alsubhi et al. (Alsubhi et al.,
2022) incorporated Dense Passage Retrieval (DPR)
(Karpukhin et al., 2020) to retrieve relevant pas-
sages from Wikipedia, using AraELECTRA (An-
toun et al., 2020) for answer extraction. Their
DPR approach outperformed traditional Arabic QA
methods on both ARCD (Mozannar et al., 2019)
and TyDiQA-GoldP (Clark et al., 2020) bench-
marks.

3.2 Conversational Question Answering

Several English datasets have enabled progress in
CQA, such as CoQA (Reddy et al., 2019) and

QuAC (Choi et al., 2018). CoQA dataset is a valu-
able asset for constructing Conversational Ques-
tion Answering systems. It consists of 127k con-
versational questions and their respective answers,
collected from 8k conversations covering a wide
range of domains. QuAC is an extensive dataset
that focuses on Question Answering in Context. It
consists of 14K dialogs where information-seeking
questions are asked, resulting in a total of 100K
questions.

There are several approaches for the CQA task.
The first is by using full conversation history where
the model incorporates inter-attention and self-
attention mechanisms to comprehend the context
and extract relevant information from the passage
(Zhu et al., 2018). The second is by selecting his-
tory turns (Qu et al., 2019). The authors propose a
method called history answer embedding to effec-
tively incorporate conversation history into Conver-
sational Question Answering (ConvQA) models.
This approach simplifies the modeling of conver-
sation history while achieving significant improve-
ments in ConvQA. The third is by using question
rewriting (Ye et al., 2023; Sekulic et al., 2024; Ye
et al., 2024; Chen et al., 2022; Iovine et al., 2022)
which aims to transform ambiguous questions into
unambiguous ones, regardless of the surrounding
conversation context (Vakulenko et al., 2021).

Question rewriting is a subtask that is trained
separately, by taking the previous conversation his-
tory and rewriting the question accordingly. The
Top two datasets for this task are CANARD (El-
gohary et al., 2019) and QReCC (Anantha et al.,
2021) datasets. CANARD dataset consists of 40K
questions derived from the QuAC dataset. QReCC
dataset includes rewritten versions of the entire
QuAC dataset, in addition to extra data from other
datasets.

3.3 Open-Domain Conversational Question
Answering

Although there is a lack of research in Arabic con-
versational question answering, there is a lot of
work in English language. Previous research in
open-domain conversational question answering
(CQA) for English has relied on repurposing exist-
ing datasets from the field of CQA.

The OR-QuAC dataset (Qu et al., 2020) is gen-
erated from QuAC and CANARD by replacing
the original first question in QuAC (Choi et al.,
2018) with the re-written question obtained from
CANARD (Elgohary et al., 2019). For an open-
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retrieval setting, they created a collection of over
11M passages using the whole Wikipedia corpus.
The authors used the dataset to build an end-to-end
system that incorporates a retriever, reranker, and
reader based on Transformers. They demonstrate
the significance of a learnable retriever and the
benefits of history modeling across system compo-
nents.

The QReCC dataset (Anantha et al., 2021) is
a comprehensive open-domain CQA and ques-
tion rewriting dataset that comprises conversations
from various sources, including QuAC (Choi et al.,
2018), TREC CAsT (Dalton et al., 2020), and Nat-
ural Questions (NQ) (Kwiatkowski et al., 2019).
They created a collection of 10M web pages split
into 54M passages. The authors extend BERT-
serini (Yang et al., 2019), an efficient method for
open-domain question answering, by incorporating
a question rewriting model that integrates conver-
sational context.

Set Split Train Set Dev Set Test Set Overall

Full Dataset 40,221 10,139 12,389 62,749
COMET 7,537 1,782 2,190 11,509
LLM Rating 31,457 7,701 9,483 48,641
Dual Quality 6,341 1,500 1,850 9,691

Table 1: Number of Turns for Different Splits of
AraQReCC Dataset

4 Dataset Creation

To simplify document collection, we translated
conversations from the QuAC dataset (Choi et al.,
2018), which draws primarily from Wikipedia and
constitutes most of the QReCC dataset (Anantha
et al., 2021). Using the Googletrans API1, we
created a dataset of 9K conversations with 62K
question-answer pairs, split into training, develop-
ment, and test sets.

We applied two quality control approaches to
ensure translation quality:

• COMET-based Filtering: In the first ap-
proach, we used COMET (Crosslingual Opti-
mized Metric for Evaluation of Translation)
(Rei et al., 2020) to evaluate translation qual-
ity for each conversation. COMET is a neu-
ral machine translation evaluation metric that
correlates well with human judgments and
provides more nuanced assessment than tra-
ditional metrics like BLEU or ROUGE. To

1https://pypi.org/project/googletrans/

maintain a balanced dataset across splits, we
applied different thresholds: conversations
with COMET scores ≥ 65% were selected
for the training set, while conversations with
COMET scores ≥ 70% were selected for de-
velopment and test sets. This approach en-
sures high-quality translations while maintain-
ing sufficient training data volume.

• LLM Rating: In the second approach, we
used large language models (LLMs) to evalu-
ate the quality of the translation (Feng et al.,
2021). Specifically, we employed GPT-4o,
LLaMA 3.1 70B, and LLaMA 3.1 405B to
rate each translated conversation on a scale
from 0 to 5. We then took the average score
of all the models, and conversations with an
average rating of 4 or higher were selected.

• Dual Quality of COMET and LLM Rating:
Finally, we created a dataset split by taking the
intersection of the conversations that passed
both the COMET threshold and the LLM rat-
ing threshold (COMET ≥ 65% for training,
≥ 70% for dev/test, and LLM Rating ≥ 4).

To evaluate the consistency of the ratings pro-
vided by the LLMs, we computed Cohen’s Kappa
scores for the pairwise agreements between the
models. The Kappa score between GPT-4o and
LLaMA-3.1-70b is 0.25, indicating fair agreement,
while the score between GPT-4o and LLaMA-3.1-
405b is 0.38, reflecting moderate agreement. Ad-
ditionally, LLaMA-3.1-70b and LLaMA-3.1-405b
demonstrated a Kappa score of 0.49, also suggest-
ing moderate agreement. These scores highlight a
fair to moderate level of consistency, particularly
between the two LLaMA models, suggesting rea-
sonable reliability in the ratings. By leveraging
multiple models for the rating process, we aimed
to minimize subjectivity and provide a more robust
evaluation of the translation quality.

To further validate our quality control approach,
we conducted human evaluation on 1200 randomly
sampled conversations from the test set. The eval-
uation was carried out by independent annotators
who are native Arabic speakers with advanced pro-
ficiency in English, ensuring reliable assessment
across both languages. Annotators rated transla-
tion quality using the same 0–5 scale employed
by the LLMs. The distribution of human ratings
is as follows: 0 ratings (0 samples), 1 rating (10
samples), 2 ratings (68 samples), 3 ratings (216
samples), 4 ratings (370 samples), and 5 ratings
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   :R1ق غنارلس باركلي يما هو اسم فر

What is the name of Charles Barkley’s band? 

  ..   :A1جنارلز باركلي هو ثنائي روح أمريكي 

Charles Barkley is an American soul duo. 

   :R2هل هناك جوانب أخرى مثيرة للاهتمام حول مقالة غنارلس باركلي؟

Are there any other interesting aspects about Charles 

Barkley’s article? 

  ..  :A2يعتقد الكثير من الناس أن اسمهم له علاقة

Many people believe that their name is related to… 

Q3: يعتقد الناس أن الأمر يتعلق بلاعب   الماذ 

 الدوري الاميركي للمحترفين السابق؟

Why do people think it’s about the 

former NBA player? 

A3: ًفي التقاليد اللغوية تعطى الأسماء تأثيرا

 ساخراً من خلال استبدال الحرف الساكن ..

In linguistic traditions, names are 

given a satirical effect by replacing 

the consonant. 

   :R3لماذا يعتقد الناس أن اسم الفرقة غنارلز

        الدوري الاميركيبلاعب باركلي له علاقة 

    للمحترفين السابق تشارلز باركلي؟

Why do people think that the band 

name Gnarls Barkley is related to 

former NBA player Charles Barkley?    

Figure 2: Overview of our end-to-end open-domain conversational question answering system. The pipeline begins
with a user query (Q3), which is rewritten into a contextually complete form (R3) using the dialogue history. The
rewritten query is then passed to the passage retrieval module (BM25 or DPR) to identify relevant passages, and
finally to the answer generation module, which produces the response (A3). This process ensures that ambiguous or
context-dependent questions are clarified before retrieval, improving overall accuracy.

(536 samples), showing that the majority of transla-
tions (75.5%) received ratings of 4 or higher from
human evaluation.

We computed Cohen’s Kappa scores to mea-
sure agreement between human ratings and each
LLM: GPT-4o achieved κ = 0.725 (substantial
agreement), LLaMA-3.1-405b achieved κ = 0.350
(fair agreement), and LLaMA-3.1-70b achieved
κ = 0.263 (fair agreement). These results demon-
strate that GPT-4o shows the strongest correlation
with human judgment, while the LLaMA models
exhibit more moderate agreement. This validation
confirms the reliability of our LLM-based quality
assessment approach, particularly the effectiveness
of GPT-4o ratings in identifying high-quality trans-
lations.

Table 1 provides the breakdown of the number
of turns for the different splits of the AraQReCC
dataset, including the full dataset, COMET split,
LLMs rating split, and the dual quality split.

5 Document Collection

We use the entire Arabic Wikipedia corpus to con-
struct a document collection since the passages
in QuAC (Choi et al., 2018) are from Wikipedia.
We extract the textual content from the wiki pages
and split the texts into passages containing at least
220 tokens. We use the Arabic Wikipedia dump

from 6/4/2023. As not all English Wikipedia pages
are available in Arabic, we translate the English
Wikipedia passages in QuAC to Arabic and add
them to our collection. Finally, we end up with a
collection of 9M passages. To assess translation
quality, we manually reviewed a random sample
of 100 translated passages, achieving an average
human rating of 4.2/5.0 with 89% of passages rated
4 or higher for semantic accuracy and fluency.

6 Approach

Our end-to-end open-domain question answering
system is illustrated in Figure 2. Given a user’s
original query Q3, the system first rewrites it into
a self-contained version R3 that incorporates the
necessary conversational context. This rewritten
query is then used for passage retrieval and answer
generation, producing the final answer A3. By clar-
ifying underspecified questions through rewriting,
the system improves retrieval accuracy and ensures
more relevant responses.

The rewritten question is then passed to the pas-
sage retrieval module, which searches a large docu-
ment collection for relevant information. We em-
ploy retrieval models that encode queries and doc-
uments into a shared vector space for efficient sim-
ilarity matching. The retrieved passages are then
processed by the answer generation module, which
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Model Metric Full Dataset COMET LLM Rating Dual Quality

Dev Test Dev Test Dev Test Dev Test

AraT5 (Full Dataset)
ROUGE1-R 65.45 64.86 70.08 69.57 67.50 67.07 71.34 71.36
ROUGE1-P 75.12 74.97 75.92 76.02 76.59 76.47 76.94 77.60
ROUGE1-F1 68.38 67.99 71.77 71.46 70.38 70.11 72.89 73.19

AraT5 (COMET)
ROUGE1-R 65.23 64.77 72.46 71.59 67.48 67.04 73.77 73.51
ROUGE1-P 72.51 72.13 75.66 75.21 74.67 74.32 76.71 76.91
ROUGE1-F1 67.40 67.00 73.07 72.31 69.61 69.24 74.27 74.17

AraT5 (Dual Quality)
ROUGE1-R 63.74 63.23 71.01 70.23 66.16 65.61 72.43 72.17
ROUGE1-P 72.20 71.76 75.83 74.78 74.54 74.12 76.89 76.67
ROUGE1-F1 66.42 65.97 72.35 71.44 68.82 68.35 73.62 73.39

AraT5 (LLM Rating)
ROUGE1-R 69.01 68.94 74.37 73.84 71.22 70.89 75.44 75.54
ROUGE1-P 74.18 74.30 75.57 75.55 75.96 76.06 76.31 77.03
ROUGE1-F1 70.26 70.29 73.98 73.69 72.29 72.18 74.89 75.30

Table 2: Question rewriting ROUGE1 scores (%) on development and test sets.

produces a concise and accurate response. De-
pending on the model, answers are either extracted
directly from the retrieved text or generated in nat-
ural language. By integrating these components,
our system enhances retrieval accuracy and ensures
contextually relevant answers in an open-domain
setting.

6.1 Question Rewriting

We use AraT5-base model (Elmadany et al., 2022)
for question rewriting. To fine-tune it, we employ
the history context from AraQReCC, which con-
sists of the human-rewritten questions with the cor-
responding answers. The history context with the
original question serves as the model input, while
the rewritten question acts as the model output dur-
ing the fine-tuning process. The hyperparameters
we employ include 50 epochs, a batch size of 16, a
learning rate of 3e-5, a maximum input length of
512, and a maximum target length of 128. The final
model is selected based on the model checkpoint
that achieved the highest ROUGE1 score on the
development set.

6.2 Passage Retrieval

In our study, we incorporate two retrieval models:
BM25 (Robertson et al., 1995) and the DPR re-
triever (Karpukhin et al., 2020). BM25 employs a
bag-of-words scoring function to rank documents
for a given query. In contrast, DPR Retriever
learns dense vector representations of documents
and queries, utilizing the dot product between them
as a ranking function.

We use Anserini (Yang et al., 2017) for indexing
BM25. After experimenting with various parame-
ters for BM25, we found that the best results were
achieved using the BM25 model with k1 = 0.9 and
b = 0.4.

To train the DPR (Dense Passage Retrieval)
model, we construct a dataset by utilizing the
QuAC passages as positive context. Additionally,
we incorporate the top passages retrieved from
BM25 with a top-30 selection as negative context.
In (Alsubhi et al., 2022), the authors have demon-
strated that fine-tuning mDPR on Arabic datasets
produces promising results. Therefore, we fine-
tuned our DPR model on the filtered dataset using
the weights of a Multilingual DPR Model based on
bert-base-multilingual-cased (Devlin et al., 2018)
from huggingface2, leveraging the Haystack li-
brary3. When fine-tuning our DPR model, we uti-
lize the following hyperparameters: a maximum
query length of 64, a maximum passage length of
512, 4 epochs, a batch size of 12, and 2 gradient
accumulation steps. The final model is selected
based on the model checkpoint that achieved the
highest F1 score on the development set. Then we
use our fine-tuned passage encoder to encode our
passages collection and index them using FAISS
flat index (Johnson et al., 2019).

6.3 Question Answering

We use AraQReCC dataset to fine-tune AraT5-base
model for question answering. We use rewritten

2https://huggingface.co/voidful
3https://haystack.deepset.ai/
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Model Question Full Dataset LLM Rating COMET Dual Quality

Dev Test Dev Test Dev Test Dev Test

BM25

Original Question 5.01 5.36 5.13 5.80 2.23 2.52 2.37 2.77

Rewrite Full Dataset 28.09 28.63 30.20 30.99 18.49 17.52 20.03 14.42
Rewrite LLM Rating 32.02 32.84 34.33 35.46 20.98 19.26 22.44 15.95
Rewrite COMET 28.42 28.99 30.58 31.40 19.41 18.45 20.74 15.03
Rewrite Dual Quality 26.77 26.94 29.16 29.62 17.78 17.08 19.17 14.36

Gold Rewrite 38.88 40.18 41.43 42.49 24.15 23.83 25.27 26.05

DPR

Original Question 6.14 6.13 6.55 6.80 3.81 3.78 4.11 4.22

Rewrite Full 42.11 41.13 42.23 41.03 28.22 25.63 31.07 19.93
Rewrite LLM Rating 40.18 39.78 44.52 43.87 29.50 26.59 32.51 21.06
Rewrite COMET 37.78 37.17 41.85 41.25 28.17 25.94 30.94 20.25
Rewrite Dual Quality 37.12 35.89 41.43 39.98 27.50 25.00 30.40 19.29

Gold Rewrite 47.03 46.20 51.94 50.85 35.61 33.35 38.49 36.64

Table 3: Mean reciprocal rank (MRR) scores (%) on development and test sets for Top-100 retrieval. Gold Rewrite
refers to human-written reference rewrites that serve as the upper bound for question rewriting performance. The
best scores are in bold, and the second-best scores are underlined.

questions along with their corresponding passages
as the model input, and the model generates an-
swers as the output. The hyperparameters we em-
ploy include 40 epochs, a batch size of 16, a learn-
ing rate of 5e-5, a maximum input length of 512,
and a maximum target length of 128. The final
model is selected based on the model checkpoint
that achieved the highest F1 score on the develop-
ment set.

7 Results and Discussion

Dataset Size Effects on Question Rewriting. As
shown in Table 2, models trained on the full dataset
achieve strong F1 scores (68.38% dev, 67.99% test),
demonstrating the value of large-scale training data.
However, the LLM-rated subset slightly outper-
forms the full dataset (70.26% dev, 70.29% test),
suggesting that data quality can compensate for
reduced quantity.

The COMET-filtered dataset achieves competi-
tive results with balanced thresholds (≥ 65% train-
ing, ≥ 70% dev/test). This approach maintains
quality while preserving sufficient training volume.
The dual quality split, combining COMET scores
and LLM ratings, yields strong results by leverag-
ing both automatic metrics and human-like assess-
ment. Human evaluation validates this approach,
showing substantial agreement with GPT-4o rat-
ings (κ = 0.725).

Question Rewriting Impact on Performance.
Question rewriting significantly improves both
BM25 and DPR retrieval performance (Table 3).
For example, BM25 improves from 5.01% to
32.02% MRR using LLM-rated rewrites, while
DPR achieves 44.52% MRR, consistently outper-
forming BM25 across all splits. Gold rewrites es-
tablish upper bounds of 46.20% (DPR) and 40.18%
(BM25).

For end-to-end QA (Table 4), the Gold Pas-
sage + AraT5 configuration performs best, reaching
21.51% F1 with LLM-rated rewrites and 23.85%
F1 with gold rewrites. While substantial, these re-
sults fall short of the 40.22% human upper bound,
highlighting remaining challenges in Arabic con-
versational QA. DPR consistently outperforms
BM25, and question rewriting proves essential
across all configurations.

8 Conclusion

In this work, we introduced AraQReCC, the first
open-domain Arabic conversational question an-
swering dataset, and demonstrated the importance
of both data quality and question rewriting for en-
hancing retrieval and question-answering perfor-
mance. Our quality control methodology, vali-
dated through human evaluation with substantial
agreement between GPT-4o and human ratings
(κ = 0.725), provides a reliable framework for
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Model Question Full Dataset LLM Rating COMET Dual Quality

Dev Test Dev Test Dev Test Dev Test

BM25 +
AraT5

Original Question 8.88 8.73 8.96 8.86 10.72 10.68 10.55 10.55

Rewrite Full Dataset 17.62 16.99 17.16 17.32 17.62 16.99 17.62 12.57
Rewrite LLM Rating 17.16 17.32 17.94 18.09 18.20 17.40 18.29 13.02
Rewrite COMET 13.98 13.93 14.65 14.48 17.43 17.28 17.39 12.68
Rewrite Dual Quality 13.80 13.80 14.54 14.46 17.03 17.22 17.18 12.43

Gold Rewrite 16.19 16.22 17.14 17.05 19.73 20.45 19.65 20.85

DPR +
AraT5

Original Question 10.34 10.34 10.60 10.63 12.48 12.18 12.35 12.32

Rewrite Full Dataset 18.74 18.72 18.81 18.52 18.50 18.72 18.74 13.69
Rewrite LLM Rating 18.41 18.67 18.81 18.52 18.96 18.65 19.40 13.71
Rewrite COMET 14.68 14.89 15.49 15.64 17.90 18.83 18.17 13.63
Rewrite Dual Quality 14.62 14.62 15.54 15.76 18.33 18.31 18.49 13.34

Gold Rewrite 16.42 16.26 17.43 17.08 20.80 22.19 21.22 22.72

Gold
Passage +
AraT5

Original Question 20.65 19.56 20.43 20.03 12.05 11.86 17.61 17.67

Rewrite Full Dataset 22.30 21.27 22.67 21.81 22.93 21.73 23.01 21.86
Rewrite LLM Rating 22.07 21.51 22.63 22.08 22.67 21.22 22.36 22.36
Rewrite COMET 10.61 10.35 10.88 10.67 13.59 12.93 13.71 13.06
Rewrite Dual Quality 16.32 15.92 15.69 15.29 20.30 18.83 20.47 19.01

Gold Rewrite 25.35 23.85 25.89 24.29 24.80 24.69 24.89 24.93

Extractive Upper Bound 40.31 40.22 39.84 39.76 39.46 38.58 39.73 38.79

Table 4: Question answering F1 scores (%) across different models and dataset splits for development and test sets.
Bold values indicate the best scores, while underlined values represent the second-best scores.

assessing translation quality in low-resource lan-
guages.

The results of our experiments revealed that
question rewriting plays a critical role in boosting
the performance of both BM25 and DPR retrieval
models. DPR consistently outperforms BM25
across all dataset splits, with the best F1 scores
achieved using LLM Rating-based rewrites and
Gold Rewrites.

These findings underscore the importance of
both data quality control and question rewriting
in open-domain conversational question answering
systems. The combination of high-quality rewrites
and optimized retrieval models is key to achiev-
ing better performance. Future work should focus
on further optimizing passage retrieval and refin-
ing question rewriting techniques to close the gap
between automated systems and human-level per-
formance. Measuring performance against state-of-
the-art large language models will also be consid-
ered for future work. We will release AraQReCC
publicly to encourage further research on Arabic
conversational QA.

Limitations

One notable limitation of our approach is the use
of translated data. While the AraQReCC dataset

provides a valuable resource for the Modern Stan-
dard Arabic conversational question answering, it
may not capture the nuances and variations present
in different Arabic dialects. As a result, the perfor-
mance of our system on Arabic dialects might be
suboptimal. Future work should aim to incorporate
more diverse and region-specific data to improve
the system’s performance on Arabic dialects.

Overall, while our system shows promising re-
sults for open-domain Arabic conversational ques-
tion answering, it faces some challenges in accu-
rately retrieving and generating answers, particu-
larly when confronted with ambiguous questions.
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A Answer Generation Results and
Analysis

In this appendix, we provide additional in-
sights into the question rewriting and the answer-
generation process of our end-to-end system. We
present tables showcasing the answers generated
from the retrieved passages and analyze the sys-
tem’s performance.

Table 5, shows question rewriting model perfor-
mance on a random sample from the test set. It
compares the gold rewrite with the text generated
by a question rewriting model. It presents several
examples along with the ROUGE1-R scores with-
out using stemmer, which in general, indicates the

similarity between the generated rewrite and the
gold rewrite.

The analysis reveals that the question rewrit-
ing model shows varying levels of performance in
generating accurate rewritten questions in Arabic.
While some generated rewritten questions closely
match the gold rewritten questions and achieve high
ROUGE1-R scores as in the first example with a
score of 100%, others exhibit discrepancies and
lower scores.

In some cases, the model partially captures the
essence of the original question but introduces an
incorrect reference as in the second example. In
other cases, the model generates rewritten ques-
tions that capture the overall topic of the original
text but include additional information as in the
third example. Also, there are instances where the
model falls short in reproducing all the specific de-
tails, such as names, associated with the given con-
text as in the fourth example. Sometimes the model
generates rewritten questions that diverge signifi-
cantly from the gold rewritten questions and fail to
convey the correct meaning as in the fifth example.
Overall, the analysis shows that the question rewrit-
ing model’s performance varies across different ex-
amples. While some generated texts closely match
the original texts and achieve high scores, others
exhibit discrepancies and lower scores, indicating
the need for further improvements in capturing the
intended meaning.

A.1 End-to-End System Analysis

Tables 6 and 7 demonstrate our system’s perfor-
mance with gold rewritten questions, revealing both
capabilities and limitations.

Table 6 shows cases where both BM25 and
DPR retrieve identical passages but generate incon-
sistent answers (Example 1: date discrepancies),
and where both retrievers fail entirely (Example
2: wrong domain retrieval). These examples high-
light challenges in accurate answer extraction and
retrieval precision.

Table 7 reveals that multiple passages can con-
tain correct answers for the same question. No-
tably, BM25 sometimes achieves higher F1 scores
despite retrieving incorrect passages, suggesting
that partially relevant documents can still provide
useful information. This indicates the complexity
of passage-answer relationships in Arabic conver-
sational QA.
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Rewrite Text ROUGE1-R %

Gold ?�»ñ�J 	KñÓ Q�
J
K. Èñk é�J»PA ��Ó ½	JºÖß
 Q 	k
�
@ Zú
æ

�� ø



@ ¼A 	Jë 	àA¿ Éë

Was there anything else you could share about Pierre Monteux?

Model ?�»ñ�J 	KñÓ Q�
J
K. ÈA�®Ó Èñk é�J»PA ��Ó ½	JºÖß
 Q 	k
�
@ Zú
æ

�� ø



@ ¼A 	Jë 	àA¿ Éë 100

Was there anything else you could share about Pierre Monteux’s article?

Gold ? �HAg. @PYË@ H. ñ»P ú

	̄ �éJ
 	JêÖÏ @ ��ðP 	á 	®J
��� �é 	JêÓ 	á« A �	��




@ éK. ú


	GQ�. 	m�
�' 	à



@ 	áºÖß
 ø


	YË@ AÓ
What else can you tell me about Stephen Roche’s professional cycling career?

Model ? �éJ
k@Qk. �éJ
ÊÔ« I. 	KAg. úÍ@

�éJ
 	JêÖÏ @ ��ðP 	á 	®J
��� �èQ�
�Ó 	á« A 	��




@ éK. ú


	GQ�. 	m�
�' 	à



@ 	áºÖß
 ø


	YË@ AÓ 66.67

What else can you tell me about Stephen Roach’s career besides surgery?

Gold ?ø
 PCJ
ë A¾K
QÓ


@ ù


�®
KA�KñË@ ÕÎJ

	®Ë @ 	àA¿ @ 	XAÓ 	á«

What was the Hillary America documentary about?

Model ?ù
 £@Q
�®Öß
YË@ H. 	QjÊË ø
 Qå�Ë @ t�'
PA

�JË @ : ø
 PCJ
ë A¾K
QÓ


@ , ù


�®
KA�KñË@ ÕÎJ

	®Ë @ ñë AÓ 42.86

What is the documentary, Hillary’s America: The Secret History of the Democratic Party?

Gold ? �HPðñ»X CJ
��� �I�KAÓ 	­J
»
How did Stella Duckworth die?

Model ?CJ
��� �HAÓ 	­J
» 33.33

How did Stella die?

Gold ?ù¢�ñË@ Pñ�ªË@ ú

	̄ é�̄C£@


�èXA«@
 ñë ÉJ. �®�J�ÖÏ @ 	àA¿ Éë
Was the future a re-launch of the Middle Ages?

Model ?ÉJ. �®�J�ÖÏ @ ÐñJ. Ë


B@ P@Y�@
 YJ
«



@ Éë 11.11

Will the future album be re-released?

Table 5: Question rewriting examples comparing model outputs with gold standard rewrites. ROUGE1-R scores
measure semantic similarity between generated and reference rewrites, illustrating varying model performance
across different contexts.

B Hyperparameter Tuning

We conducted grid search over key hyperparame-
ters for AraT5 fine-tuning. We settled on the fol-
lowing values:

Question Rewriting: 50 epochs, batch size 16,
learning rate 3× 10−5.

Question Answering: 40 epochs, batch size 16,
learning rate 5× 10−5.

Early stopping was applied after 5 epochs with-
out improvement and . Models were evaluated
on development sets using ROUGE-1 for ques-
tion rewriting and F1 for QA tasks. Final mod-
els were selected based on best development set
performance.

C LLM Rating Prompt

To ensure consistent evaluation across GPT-4o,
LLaMA-3.1-70b, and LLaMA-3.1-405b, we used a
standardized prompt for translation quality assess-
ment. The prompt requests numerical ratings (0-5
scale) without additional commentary to enable

direct comparison.
The exact prompt used is:

Rate the following translation
on a scale from 0 (terrible)
to 5 (perfect), focusing on
these aspects: accuracy of
meaning, fluency and grammatical
correctness, proper handling of
names and terminology. Provide
only the numeric rating (0–5)
with no additional commentary.
Source: {source}
Translation: {translation}
Rating:
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Gold Rewrite ? ��� ú
¾�
�éJ.ªË ú


	̄ ú
æ. ÓAJ
k.
	àñ��
k. AîD.ªË ú


�æË @ �èYÖÏ @ ù
 ë AÓ
How long has Jason Giambi been with the Sky sox?

URL https://en.wikipedia.org/wiki/Jason_Giambi

BM25 Predicted URL https://en.wikipedia.org/wiki/Jason_Giambi

DPR Predicted URL https://en.wikipedia.org/wiki/Jason_Giambi

Answer 2009 Q�.Ò�J�.� 1 úÍ@
 2009 �¢� 	«


@ 23 	áÓ �»ñ� ú


	̄ ú
æ. ÓAJ
k.
	àñ��
k. I. ªË

Jason Giambi played for the Sox from August 23, 2009 to September 1, 2009.

BM25 + AraT5 Answer .2003 úÍ@
 2001 	áÓ ��� ú
¾� ú

	̄ ú
æ. ÓAJ
k.

	àñ��
k. I. ªË
Jason Gimby played for the Sky sox from 2001 to 2003.

DPR + AraT5 Answer .2003 úÍ@
 2001 	áÓ ��� ú
¾� ú

	̄ ú
æ. ÓAJ
k.

	àñ��
k. I. ªË
Jason Gimby played for the Sky sox from 2001 to 2003.

BM25 + AraT5 Answer F1 52.17

DPR + AraT5 Answer F1 52.17

Gold Rewrite ? ÐP 	àA¿ @ 	XAÓ
what was rem?

URL https://en.wikipedia.org/wiki/Michael_Stipe

BM25 Predicted URL https://ar.wikipedia.org/wiki/Sleep_medicine

DPR Predicted URL https://en.wikipedia.org/wiki/LeAnn_Rimes

Answer �éÊK
YK. ¼ðP �é�̄Q 	̄ ù
 ë .
It is an alternative rock band.

BM25 + AraT5 Answer . Ðñ 	JË @ �èQ» 	YÓ l .�

'A�J 	K �ém�� 	áÓ ���®j�JË @ úÎ« ú
Î

�®ªË@ �èPY�®ÊË PAJ. �J 	k@ PAJ. �J 	k@ 	PAêk. ñë ÐP
rem is a test device for mental ability to validate sleep note results.

DPR + AraT5 Answer . AêË �ÓA	mÌ'@ ÐñJ. Ë


B@ ñëð , �éJ
ºK
QÓ



B@ 	­K
QË@ ù�®J
�ñÓ �éJ
 	J 	ªÖÏ �ÓA	mÌ'@ ÐñJ. Ë



B@ ñë ÐP

rem is the fifth studio album by the American country music singer.

BM25 + AraT5 Answer F1 0.00

DPR + AraT5 Answer F1 0.00

Table 6: End-to-end system performance with gold rewritten questions, showing cases where both retrievers find the
same passage (top) or both fail to retrieve relevant passages (bottom), demonstrating some system limitations in
answer consistency and retrieval accuracy.
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Gold Rewrite ? �I�QÓñ� ú

	̄ ÐA�KñK. 	àAK
 @
 I. ªË Éë

Did Ian Botham play for Somerset?

URL https://en.wikipedia.org/wiki/Ian_Botham

BM25 Predicted URL https://ar.wikipedia.org/wiki/Viv_Richards

DPR Predicted URL https://en.wikipedia.org/wiki/Ian_Botham

Answer �I�QÓñ� ú

	̄ úÍð



B@ �ék. PYË@ 	áÓ �IJ
ºK
QºË@ �éJ.ªË Ñ 	¢ªÓ ÐA�KñK. 	àAK
 @
 I. ªË.

Ian Botham has played most of his first-class cricket for Somerset.

BM25 + AraT5 Answer .1983-1992 	áÓ �I�QÓñ� ú

	̄ ÐA�KñK. 	àAK
 @
 I. ªË

Ian Botham played for Somerset from 1983-1992.

DPR + AraT5 Answer .1983 úÍ@
 1980 	áÓ �I�QÓñ� ú

	̄ ÐA�KñK. 	àAK
 @
 I. ªË

Ian Botham played for Somerset from 1980 to 1983.

BM25 + AraT5 Answer F1 66.66

DPR + AraT5 Answer F1 60.00

Gold Rewrite ?h. PA
	mÌ'@ ú


	̄ @ �YJ
k. �Z @X


@ �AJ
��
Ê 	«@
 ú
¾K
Q

	K @
 é 	®Ë


@ ø


	YË@ � 	P 
ð ÐñJ. Ë


@ ���®k Éë

Did Enrique Iglesias’ Quizás Album Do Well Abroad?

URL https://en.wikipedia.org/wiki/QuizÃąs_(album)

BM25 Predicted URL https://en.wikipedia.org/wiki/Triumph_(band)

DPR Predicted URL https://en.wikipedia.org/wiki/Enrique_Iglesias

Answer , �èYj�JÖÏ @ �éºÊÒÖÏ @ ú

	̄ �HAÓñJ. Ë



B@ Õç
' @ñ�̄ úÎ« 200 ú


	̄ A �	��



@ ÐñJ. Ë



B@ É 	gX

	á�
�KCJ. Ë @ úÍ@
 I. ë
	X �IJ
k �éJ
 	J�
�KCË@ A¾K
QÓ



@ Q�.« YJ
m.Ì'@ Z @X



B@ úÍ@


�é 	̄ A 	�B
 AK.
. 	á�
�J 	Jk. P



B@ð ½J
�ºÖÏ @ É�JÓ �HAª£A�®Ó ú


	̄
The album also entered the top 200 on the UK album charts,
in addition to performing well across Latin America where it went platinum
in provinces such as Mexico and Argentina.

BM25 + AraT5 Answer , ¼ðQË@ ù�®J
�ñÓ ÐñJ. Ë


@ É 	� 	̄ 
B ú
×@Qk.

�è 	Q
KAm.Ì �AJ
��
Ê 	«@
 ú
¾K
Q
	K @
 iJ
 ��Q�K Õç�' , ÐñJ. Ë



B@

The album, Enrique Iglesias was nominated for a Grammy Award for Best Rock Album,

DPR + AraT5 Answer 	Y 	JÓ �éJ
 	K AJ.�B
 @
�é 	ªÊËAK. AªJ
J.Ó ¨Qå�



B@ ÐñJ. Ë



B@ AêÊªk. AÜØ , ¨ñJ.�



@ ú


	̄ �é 	j�	� 	àñJ
ÊÓ ÐñJ. Ë


B@ ¨AK.

The album sold one million copies in a week, making it the fastest-selling
Spanish-language album since

BM25 + AraT5 Answer F1 5.12

DPR + AraT5 Answer F1 13.95

Table 7: Examples showing how different retrieval methods can find partially relevant passages. BM25 sometimes
achieves higher F1 scores than DPR despite retrieving incorrect passages, indicating that multiple passages may
contain relevant information for the same question.
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