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Abstract
As Large Multimodal Models (LMMs) be-001
come more capable, there is growing interest002
in evaluating their reasoning processes along-003
side their final outputs. However, most bench-004
marks remain focused on English, overlook-005
ing languages with rich linguistic and cultural006
contexts, such as Arabic. To address this gap,007
we introduce the Comprehensive Arabic Multi-008
modal Reasoning Benchmark (ARB), the first009
benchmark designed to evaluate step-by-step010
reasoning in Arabic across both textual and011
visual modalities. ARB spans 11 diverse do-012
mains, including visual reasoning, document013
understanding, OCR, scientific analysis, and014
cultural interpretation. It comprises 1,356 mul-015
timodal samples paired with 5,119 human-016
curated reasoning steps and corresponding ac-017
tions. We evaluated 12 state-of-the-art open-018
and closed-source LMMs and found persis-019
tent challenges in coherence, faithfulness, and020
cultural grounding. ARB offers a structured021
framework for diagnosing multimodal reason-022
ing in underrepresented languages and marks a023
critical step toward inclusive, transparent, and024
culturally aware AI systems. We release the025
benchmark, rubric, and code to support future026
research and reproducibility.027

1 Introduction028

Arabic, spoken by more than 400 million people029

worldwide, embodies significant linguistic diver-030

sity and a profound cultural heritage. Despite its031

widespread usage, Arabic remains notably under-032

represented in advanced AI systems, particularly033

those that involve multimodal reasoning, simultane-034

ous interpretation, and logical processing of textual035

and visual data crucial for fields such as education,036

healthcare, and cultural preservation. This scarcity037

limits the deployment and inclusion of multimodal038

AI in Arabic-speaking communities.039

Recent developments in LMMs reflect a grow-040

ing emphasis on transparency and interpretability,041

achieved through explicit reasoning steps. Tech- 042

niques such as chain-of-thought (CoT) prompting, 043

initially introduced by Wei et al. (2022), encourage 044

models to systematically articulate intermediate 045

reasoning steps, significantly improving both per- 046

formance and explainability. This paradigm has 047

gained traction in English-based language models 048

and has been effectively extended to multimodal 049

settings in models such as LLaVA-CoT (Xu et al., 050

2025), VisCoT (Shao et al., 2024), and the recent 051

LLamaV-o1 (Thawakar et al., 2025). 052

Current step-by-step reasoning benchmarks 053

largely focus on English, overlooking the linguis- 054

tic nuances and cultural contexts essential to Ara- 055

bic. Recent work on cross-lingual reasoning (Yong 056

et al., 2025) shows that English-trained models can 057

generalize to other languages via test-time scaling; 058

however, Arabic was not explicitly evaluated, and 059

performance often falters in the presence of linguis- 060

tic complexity and cultural commonsense. Exist- 061

ing Arabic multimodal data sets, such as CAMEL- 062

Bench (Ghaboura et al., 2025a), Henna (Alwajih 063

et al., 2024), and JEEM (Kadaoui et al., 2025), pri- 064

oritize final answer accuracy with limited attention 065

to intermediate reasoning. Meanwhile, benchmarks 066

like AraDiCE (Mousi et al., 2024) and ArabCul- 067

ture (Sadallah et al., 2025) remain confined to tex- 068

tual modalities. Together, these limitations signal 069

the need for Arabic-specific multimodal reasoning 070

benchmarks that reflect the linguistic and cultural 071

demands of the target language. 072

To bridge this critical chasm, we introduce 073

the Comprehensive Arabic Multimodal Reasoning 074

Benchmark (ARB), the first explicitly designed 075

benchmark for evaluating detailed step-by-step rea- 076

soning in Arabic multimodal contexts (Table 1). 077

ARB comprises 1,356 multimodal samples in 11 078

domains, including visual reasoning, document un- 079

derstanding, optical character recognition (OCR), 080

cultural interpretation, medical imaging, and re- 081

mote sensing (Figure 1). Each sample includes 082
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t.  ت;/:لاو نانبل ة3س1 ع/مجم،مسرلا للاخ نم
 ؟ـــــــــــــــــــــــــــــــــــــــــ زواجتت

 ’٪٢٠ .أ
  ٪١٥ .ب
٪١٨ .ج

?<ا=بلا مسرلا نم ت.-6لاو نانبلل ة.-ئملا بس)لا د$دحت :1ةوطخلا
@.

 @H ت.-6لا ةGسFو H@ 10.4٪ نانبل ةGسF نأ ةظحلام :1ءارجلإا
7.2٪.

.?TUتRس)لا ع-مجم باسح :2ةوطخلا
.@\[لا ع-مجملا \ع لوصحلل ٪7.2و ٪10.4 عمج :2 ءارجلإا
.ةحاتملا تارا=خلا عم @\[لا ع-مجملا ةنراقم :3ةوطخلا
.٪17.6 وه @\[لا ع-مجملا :3ءارجلإا
.@\[لا ع-مجملا زواجتي يذلا را=خلا د$دحت :4ةوطخلا
 لا هن6لو )ب را=خلا( ٪15 زواجتي ٪17.6 نأ ةظحلام :4ءارجلإا
.)أ را=خلا( ٪20 وأ )ج را=خلا( ٪18 زواجتي

+*اهنلا باوجلا
,: ١٨ ٪ 
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45 ة23كسعلا ل-صافتلا ةظحلام :1ةوطخلا
 لويخلاو دونجلا لثم ،ة-صجلا ةحوللا 6

.ثVدحلا يروشلآا نفلل ةزراOلا تامسلا نم KLتعت HI6لاو ،ةمدختسملا ةحلسلأاو
 لثم ،3cd5روشلآل ةفورعملا ة23كسعلا ءا3زلأا عم ل-صافتلا ەذه ةنراقم :1ءارجلإا
.ةحلسلأاو ةمزحلأاو تاذوخلا
 ة-نفلا لامعلأا قفارت ام اOًلاغ HI6لا ة-سا-قلا ة3رامسملا شوقنلا نع ثحOلا :2ةوطخلا
.ة3روشلآا
 ة3رامسملا ةqاتpلا نأ ث-ح ،ةحوللا mع ة3رامسم شوقن دوجو نم ققحتلا :2ءارجلإا
r45 ةعئاش تنا

.ة3روشلآا ةراضحلا 6
45 اهمعدت ة3|ق ةلدأ دوجو مدع mع ءًانب ىرخلأا تارا-خلا داعvOسا :3ةوطخلا

.ةحوللا 6
 ة-~يدلا زومرلاو ةOلصلا داوملا مادختساو ة-ع-بطلا رظانملا قيس~ت نأ ةظحلام :3ءارجلإا
45 فٍاr ل�ش� ةKd5مم وأ ةزراq تس�ل

.يروشلآا ءامتنلاا د-�أتل ةحوللا ەذه 6
.ةثيدحلا ة3روشلآا ةراضحلل ةKd5مم KLتعت HI6لا �انعلا mع Kd5كKIلا :4ةوطخلا
 mع ىوقلأا ةلدلأا �6 ة3رامسملا شوقنلاو ة23كسعلا ل-صافتلا نأ د-�أت :4ءارجلإا
.يروشلآا ءامتنلاا

89 رظنلا للاخ نم
 وM ام ،ة?صجلا ةحوللا ەذهل ةABCلا ل?صافتلا :

 ةCروشلآا ةراضحلا ]إ ةعطقلا ەذM ءامتنا دكؤي يذلا ىوقلأا ل?لدلا
؟ةثيدحلا

 3cd5روشلآل Kd5مملا يركسعلا يزلاو ة23كسعلا ل-صافتلا .أ
يرامسملا �6ا-قلا شقنلاو

طقف ة-ع-بطلا رظانملا قيس~ت .ب
45 ةOلصلا داوملا مادختسا .ج

تحنلا 6
ة3روشلآا ة-~يدلا زومرلا .د

��اهنلا باوجلا
 شقنلاو 3cd5روشلآل Kd5مملا يركسعلا يزلاو ة23كسعلا ل-صافتلا :6

يرامسملا �6ا-قلا
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is ؟را4تخلاا اذ/ دوع- ,+ارد مسوم يلأ

 ٢٠١٣  - ٢٠١٢ .أ
 ٢٠٢٠ – ٢٠١٩ .ب
  ٢٠٢٢  - ٢٠٢١ .ج
34لا .د

قبس امم ء5

;: 89اردلا مسوملا4 ةقلعتملا تامولعملا عقوم د$دحت :1ةوطخلا
.دن=سملا 9

;: 89اردلا مسوملا Sإ PQشN صن يأ نع ثحFلا :1ءارجلإا
 نم يولعلا ءزجلا 9

.دن=سملا
;: دوجوملا صنلا ةءارق :2ةوطخلا

.دن=سملا نم يولعلا ءزجلا 9
."2022 - 2021 89اردلا مسوملا" Sإ PQشN يذلا صنلا ةظحلام :2ءارجلإا
.ةحاتملا تاراaخلا عم ةجرختسملا تامولعملا ةنراقم :3ةوطخلا
 مسوملل برقلأا وه "٢٠٢٢ - ٢٠٢١ .ج" راaخلا نأ ةظحلام :3ءارجلإا
;: روكذملا 89اردلا

.دن=سملا 9
.جاتن=سلاا عم ضراعتت ىرخأ تامولعم يأ دوجو مدع نم ققحتلا :4ةوطخلا
.فلتخم 89ارد مسوم Sإ PQشN رخآ صن يأ دوجو مدع نم دsأتلا :4ءارجلإا

+*اهنلا باوجلا
٢٠٢٢ – ٢٠٢١ .ج :,
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 رهظت ث-ح ،ةقرولا حطس mع شقKLملا وأ طقنملا طمنلا ةظحلام :1 ةوطخلا
.ءا�5خ قطانم mع ةعزّوم ةحتاف تاحاسم
 ،ة-عضوم تلااه وأ ةن�اد عقOب ةًداع مسvي يذلا يKdتكOلا عقOتلا داعvOسا :1 ءارجلإا 
ت HI6لا ة-~بلا طوطخلا داعvOساو

ُ
.قورعلا mع ةدتمم ة-~ب قطانم وأ اطًوطخ رهظ

 نpل ،ة-سوKdفلا ءاسف-سفلا عم ضارعلأا هqاش¡ cd5بي قيقدلا صحفلا :2 ةوطخلا
45 ةلخادتملا ةحتافلا عقOلل عساولا عــــ3زوتلا

 ىودعلا طمن قباطV ي�5خلا جيس~لا 6
qفKdءا�5خلا ءاسف-سفلا" سو”.
 ة-سوKdفلا ىودعلاو ةKdغتملا ءا�5خلا طامنلأا ەذه دوجو cd5ب ط©2لا :2 ءارجلإا
ت HI6لاو ،ءاض-بلا ةqاqذلا ةطساوب ةلوقنملا

ُ
45 ب»سvلاq فرع

 ءاسف-سفلا" ضرم 6
45 ءا�5خلا

"افاسpلا 6
45 داتعملا قارولأا فافتلا وأ ةدVدشلا تاهوّشvلا با-غ :3 ةوطخلا

6 qعاونأ ضع 
Cassava) لثم ىرخلأا ءاسف-سفلا Mosaic Disease) Vوه ل�شلا اذه نأ معد 
 ءا�5خلا ءاسف-سفلا
نود سوKdف صئاصخ عم ضارعلأا ةقqاطم للاخ نم ص-خشvلا مسح :3 ءارجلإا

ً
 ا

 .ىرخلأا ة23طفلا وأ ةKd3تكOلا وأ ة-سوKdفلا ضارملأا نع
67اهنلا باوجلا

=< ءا=>خلا ءاسف;سفلا :8
 .افاس?لا 8

  ي/.تك*لا عق*تلا ضرم .أ
9: ءا89خلا ءاسف4سفلا ضرم .ب

  افاس>لا ;
9: ةC4بلا طوطخلا ضرم .ج

 افاس>لا ;
GH لا .د

 قبس امم ء;

KL افاسHلا ةقرو Cع رهظ@ يذلا لمتحملا ضرملا و7 ام
 ەذ7 ,

 ؟ةروصلا
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Qةن^ادلا ءارمحلا فقسلأاا تاذ لزانملا ددع م KL
؟ةروصلا ,

 .دعلا ل-هسvل ءازجأ ¼إ ةروصلا م-سقت :1ةوطخلا
 .لزانم mع يوتحت HI6لا قطانملا دVدحت :1ءارجلإا
 .لزانملا لثمت HI6لا فقسلأا تاذ ةل-طتسملا لا�شلأا نع ثحOلا :2ةوطخلا
 .ن�ادلا رمحلأا نوللا تاذ فقسلأا mع Kd5كKIلا :2ءارجلإا
 .لزانملل 23HL6قتلا نا�ملا دVدحت :3ةوطخلا
  :3ءارجلإا
 .ةدحاو لK55م :ارًاسm Áعلأا -
انيمm Vعلأا -

Â: دجوي لا. 
 .ةدحاو لK55م :ارًاسÁ لفسلأا -
انيمV لفسلأا -

Â:مK55ةدحاو ل. 
 ٣ = ١+١+١ :ع|مجملا
 .Çm6لا ددعلا mع لوصحلل ءزج لr نم دادعلأا عمج :4ةوطخلا
��اهنلا ددعلا نم ققحتلا :4ءارجلإا

.هتقد نم د�أتلل 6

67اهنلا باوجلا
 لزانم ٣ :8
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 ـO اOًاصم ەاندأ حضوملا ض;Hملا نوكE نأ حجرملا نم
Osteoarthritis .أ

مVلا ضرم .ب
ماظعلا ة3ورت صقن .ج
45دصلا لصافملا باهتلا .د

6 
لفقملا يرقفلا دومعلا باهتلا.ه
سرقنلا .و
Î6وثرجلا لصافملا باهتلا .ز
يد3|تامورلا لصافملا باهتلا .ح
ا-جلا-موKLيفلا .ط
ةOئذلا .ي

34 ة2عاعشلا تا,+غتلا ةظحلام :1ةوطخلاف
 لصفملا 5

 .حEضوب AB5كرلا لصفملا رهظت ة2عاعشلا ةروصلا :1ءارجلإا
Hب ة2لصفملا ةفاسملا قيضت ةظحلام نكمQ,4 امم ،ماظعلا Tإ ,+شV تWXغلا لY45\صفملا فو. 

 .ة4,+مم ةملاع دعH امم ،ماظعلا فاوح دنع (Osteophytes( ة2مظع تاءوتن كانه
34 ثدحH امt حضاو ەوشq وأ دHدش 5\صفم لWXت دجوي لا

 .يد|Eتامورلا لصافملا باهتلا لثم ة2باهتللاا ضارملأا 5
لاامتحا �+~لأا ضرملا دHدحت :2ةوطخلا

ً
 �5اعشلا رهظملا \ع ءًانب تارا2خلا Q,4ب نم 

 :2ءارجلإا
 :ـ� 4,+متي ث2ح ،تا,+غتلا ەذه لثمل اعًويش �+~لأا ب�سلا وه )  (�5Osteoarthritisظعلا لاصفلا
 .فوY4غلا لWXت ةج�2ن ة2لصفملا ةفاسملا قيضت
).(Osteophytes ة2مظعلا تاءوتنلا دوجو
).(Subchondral Sclerosis فوY4غلا تحت مظعلا بلصت
لاWXت ب�سq ام ةداع يد|Eتامورلا لصافملا باهتلا لثم ىرخلأا ة2باهتللاا ضارملأا

ً
 تاهوشqو لصفملل ادHًدش 

34 رهاظ ,+غ وهو ،ةحضاو
 .ةروصلا ەذه 5

 وأ دHدش مروتل ةحضاو تاملاع دجوت لا ن¥ل ،ةداح تا,+غت ب�سT نأ نكمH 5£وثرجلا لصافملا باهتلاو سرقنلا
 .,+بك 5\صفم با¦صنا
 حيحصلا ص2خش�لا را2تخا :3ةوطخلا
لاامتحا �+~لأا ص2خش�لا ،ەلاعأ ةروكذملا ة2عاعشلا تامسلا \ع ءًانب :3ءارجلإا

ً
(Osteoarthritis)  :وه 

67اهنلا باوجلا
فلا :8

ُ
.(Osteoarthritis) 8?ظعلا لاص
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.صقرلا ءادأ صئاصخ ةظحلام :1ةوطخلا
 ام وهو ،روهزو سأر ةaطغأ4 ةنz}مو ةنولم ءاzزأ نودتري نوصقارلا :1ءارجلإا
.ةaلافتحلااو ةaبعشلا تاصقرلا ;PQم$

.ءادلأا قاaس د$دحت :2ةوطخلا
;:اقث لافتحا وأ ناجرهم نم اءًزج ءادلأا اذه نوك$ نأ لمتحملا نم :2ءارجلإا

9.

.صقرلاو ءاzزلأا اهيلإ �9ت�ت ��9لا ةفاقثلا د$دحت :3ةوطخلا
.ةaلaماتلا ةفاقثلا Sإ �9ت�ت اهنأ�و ءاzزلأا ودFت :3ءارجلإا

67اهنلا باوجلا
.CG8مات يدCلقت صقر ءادأ رهظت ةروصلا :8

WX رهظE يذلا ءادلأا ع/ن ام
Y ؟ةروصلا
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efلا ةدعاقلا وأ طمنلا سفن عب[ت ةروص يأ 
Y دحت متEدhا 

؟ةقOاسلا روصلا ةطساوب

.Ðعملا طمنلا ل-لحت :1ةوطخلا
.ةفلتخم لا�شأq تلاسلس¡ نم نوكتي 6¼ولأا طمنلا نأ ظحلا :1ءارجلإا

.لسلسvلا قطنم دVدحت :2ةوطخلا
لاوأ موقV لسلسvلا لخاد مسق لr نأ ظحلا :2ءارجلإا

ً
 qمث ،يولعلا ل�شلا بلق 

Vفسلا ل�شلا بلقm6.

.)د،ج،ب،أ( ةمدقملا تارا-خلا ةظحلام :3ةوطخلا
.بوانتملا طمنلا عبvي يذلا تارا-خلا نم لسلسvلا دVدحت :3ءارجلإا

.m6صلأا طمنلاq را-خ لr ةنراقم :4ةوطخلا
45 رمتسÁ أ را-خلا :4ءارجلإا

 عبvي أ را-خلا .m6فسلا ل�شلا بلق ق23ط نع لسلسvلا 6
.ةقqاسلا روصلا ةطساوب اهدVدحت مت HI6لا ةدعاقلا وأ طمنلا سفن

أ ةروصلا .أ
ب ةروصلا .ب
ج ةروصلا .ج
د ةروصلا .د

67اهنلا باوجلا
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؟مئاقلا عــHnملا قرزلأا مرهلا اذh مجح وh ام

 .مئاقلا عــ©2ملا مرهلا مجح ةغ-ص دVدحت :1ةوطخلا
:ةغ-صلاq مئاقلا عــ©2ملا مرهلا مجح ÐعVُ :1ءارجلإا

V = 1/3 × Base Area × Height
.ةدعاقلا ةحاسم باسح :2ةوطخلا
ت .8 علض لوطq عــ©2م �6 مرهلا ةدعاق :2ءارجلإا 

ُ
 :ةغ-صلاq عــ©2ملا ةحاسم Ðع

Base Area = side² = 8² = 64
.مرهلا عافترا مادختسا :3ةوطخلا
.7 هنأ mع h مرهلا عافترا ÐعVُ :3ءارجلإا 
45 ض3|عتلا :4ةوطخلا

.مجحلا ةغ-ص 6
45 عافترلااو ةدعاقلا ةحاسمq ض3|عتلا :4ءارجلإا 

:مجحلا ةغ-ص 6
V = 1/3 × 64 × 7

 .باسحلا ءارجإ :5ةوطخلا
:مجحلا باسح :5ءارجلإا

V = 1/3 × 448 = 448/3 ≈ 149.33
67اهنلا باوجلا

8: 149.33 
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ً

 موقE ناp هتلاحر للاخو ا
Oغص تاسارد لمعyzبطلا رظانملل ةqعqلا ن~املأل ةef

Y 
WX رهظت ةنيدم يأ .اhراز

Y ؟ةروصلا

.قا-سلا دVدحت :1ةوطخلا
 س�سãارف لثم cd5نانفل ةفورعم ةمهلم تناr زياروم اتK53ه نأ mع فرعتلا :1ءارجلإا
.د3ورف نا-سولو نوك-ب
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Figure 1: ARB Dataset Diversity. ARB comprises a wide array of multimodal reasoning samples, each combining a
visual input with an Arabic question and detailed step-by-step reasoning with actions taken by step. The dataset spans
11 distinct domains, including visual reasoning, OCR and document understanding, chart and diagram interpretation,
mathematical and logical inference, scientific and medical analysis, cultural and historical interpretation, remote
sensing, agricultural image analysis, and complex visual perception—capturing the linguistic richness, cultural
depth, and cross-domain complexity essential for evaluating reasoning in Arabic.

Multi- Multi- Reasoning Open- Eval.
Benchmarks

modal? domain? support? source? Level

Henna ✓ ✗ ✗ ✗ FA*

CAMEL-Bench ✓ ✓ ✗ ✓ FA*

AraSTEM ✗ ✗ ✓ ✓ FA*

AraDiCE ✗ ✓ ✓ ✓ FA*

JEEM ✓ ✓ ✗ ✓ FA*

PALM ✗ ✓ ✗ ✗ FA*

ArabCulture ✗ ✓ ✓ ✓ FA*

ARB (ours) ✓ ✓ ✓ ✓ FA*& Step*

Table 1: Comparison of our ARB with existing Ara-
bic LMM benchmarks and Reasoning Benchmarks.
Henna (Alwajih et al., 2024), CAMEL-Bench (Ghaboura et al.,
2025a), AraSTEM (Mustapha et al., 2024), AraDiCE (Mousi
et al., 2024), JEEM (Kadaoui et al., 2025), PALM (Alwajih
et al., 2025), ArabCulture (Sadallah et al., 2025). FA*: Final
Answer Evaluation. Step*: Step-level Evaluation.

meticulously curated annotations with more than083

5.1k reasoning steps, each paired with a specific084

action, allowing nuanced assessment of coherence,085

fidelity, and cultural grounding beyond mere final-086

answer accuracy.087

The construction of ARB involved systematic088

identification of critical reasoning domains and rig-089

orous data sourcing, validated by domain experts.090

All annotations, reasoning chains, and actions were091

verified by native speakers through a human-in-092

the-loop process to ensure logical precision and 093

cultural fidelity. We also performed a human eval- 094

uation to assess the correctness of the reasoning 095

steps and to validate the reliability of using LLMs 096

as automated judges. 097

Evaluations of 12 prominent open-source and 098

closed-source LMMs - including GPT-4V (OpenAI, 099

2024b,a, 2025a,b), Gemini variants (Gemini Team, 100

2024; DeepMind, 2024), and open-source multilin- 101

gual models such as Qwen2.5-VL (Qwen-Team, 102

2025), LlaMA variants (Meta-AI, 2024, 2025), 103

Aya-Vision (Cohere-Labs, 2025), InternVL3 (Chen 104

et al., 2024b), and Arabic-focused AIN (Heakl 105

et al., 2025) - highlight significant deficiencies in 106

Arabic reasoning coherence and cultural grounding 107

despite robust English performance, underscoring 108

the necessity of ARB. 109

In summary, (1) we introduce ARB, the first 110

Arabic-centric benchmark designed to evaluate 111

step-by-step multimodal reasoning across 11 cul- 112

turally and linguistically grounded domains; (2) 113

we conduct extensive evaluations of 12 leading 114

open- and closed-source LMMs, uncovering lim- 115

itations in coherence, faithfulness, and reasoning 116
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Figure 2: The ARB Dataset Pipeline. The figure illustrates the ARB pipeline for evaluating Arabic multimodal
reasoning in LMMs. It begins with data collection across 11 domains—such as medical imaging, historical
interpretation, visual reasoning, and agriculture—sourced from curated datasets (e.g., VRC-Bench, CAMEL-Bench),
synthetic content, tool-augmented outputs, and web scraping. Data is generated across five categories: English
reasoning chains, Arabic Q&A, English captions, synthetic samples, and tool-enhanced content. Reasoning steps are
refined via human-in-the-loop feedback and filtered for logical consistency and cultural alignment. The benchmark
supports fine-grained evaluation of open- and closed-source models on Arabic step-by-step reasoning.

quality in Arabic; (3) we integrate a human-in-the-117

loop pipeline with manual verification by native118

speakers and domain experts to ensure annotation119

accuracy; and (4) we perform human evaluations120

to validate reasoning correctness and assess the121

effectiveness of LLM-as-a-judge scoring.122

2 Step-by-Step Arabic Reasoning123

Benchmark: ARB124

Figure 2 presents an overview of the ARB data125

construction pipeline, which we describe in detail126

through the following subsections.127

2.1 Data Collection128

We adopt a domain-guided approach to curate data129

across a broad spectrum of categories relevant to130

Arabic multimodal reasoning. This ensures diver-131

sity in both content and modality, encompassing132

textual and visual tasks. The selected domains (Fig-133

ure 1)—from visual perception to historical and an-134

thropological interpretation—are sourced from ex-135

isting benchmarks, human-authored questions, and136

synthetic content (Table 2). These sources were se-137

lected to capture diverse reasoning challenges and138

promote linguistic, cognitive, and cultural variety139

across the dataset.140

2.2 Data Generation and Data Processing141

We generated the dataset content in five main cat-142

egories, each targeting a different source or cre-143

ation method (Figure 3). For each category, we144

employed a strategically selected prompting tech-145

nique and engaged human experts to iteratively146

review and refine the resulting reasoning steps.147

Category 1: English Reasoning Benchmarks148

We adapted the English step-by-step reasoning149

dataset VRC-Bench (Thawakar et al., 2025) by150

Domains English Arabic Human SyntheticBench Bench Created
Visual Reasoning ✓ – – –
OCR & Docs Anal. – – ✓ ✓

CDT ✓ ✓ ✓ ✓

Math &logic ✓ – – –
Social & Cult. ✓ – – –
Comp. Vis. Percept. ✓ – – –
Medica Img. Anal. ✓ ✓ – –
Scientific Reasoning ✓ – – –
Agricultural Interp. ✓ – ✓ ✓

Remote Sensing Und. – ✓ – –
Histo. & Anthro. ✓ – ✓ ✓

Table 2: Source Types Across ARB Domains. We
show the sources for each of the 11 domains, indicating
whether data originated from Arabic or English bench-
marks, human-written questions, or synthetic content,
highlighting the dataset’s linguistic and cognitive di-
versity. CDT: Chart, Diagrams, & Table Understanding; Social & Cult.: Social &
Cultural Reasoning; Complex Vis. Percept.: Complex Visual Perception; Agricultural
Interp.: Agricultural Image Interpretation; Histo. & Anthro.: Historical & Anthropological
Understanding.

excluding domains with limited Arabic relevance 151

(e.g., OCR, Charts, Diagrams & Tables). The re- 152

maining content was translated into Arabic using 153

GPT-4o and reviewed by native speakers for step- 154

level accuracy, coherence, and fluency. Particular 155

attention was given to resolving translation chal- 156

lenges such as singular–plural and subject–verb 157

agreement, sentence structure differences, and non- 158

literal expressions. Figurative language and cul- 159

tural references were carefully localized to preserve 160

contextual relevance, meaning complexity, and nat- 161

uralness in Arabic. 162

Category 2: Arabic QA Benchmarks 163

To further enrich the ARB collection, we incorpo- 164

rate two specialized domains, medical image anal- 165

ysis and remote sensing understanding, sourced 166

from the CAMEL-Bench (Ghaboura et al., 2025a). 167

For each QA pair, we generated detailed step-by- 168

step reasoning traces to support interpretability and 169
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Figure 3: Overview of the ARB Data Collection, Generation and Verification Framework. The ARB benchmark
is constructed from five primary data sources: (1) English reasoning benchmarks, (2) Arabic question–answer
benchmarks, (3) English-captioned datasets, (4) Synthetic data, and (5) Tool-augmented data. All data undergoes
iterative refinement through human-in-the-loop feedback and validation by native Arabic speakers to ensure cultural
and linguistic fidelity.

structured inference using GPT-4o. For the medical170

domain, we employed a few-shot CoT prompt-171

ing strategy to produce coherent reasoning chains.172

However, this approach proved insufficient for the173

remote sensing domain, where questions often re-174

quire spatial decomposition and complex visual in-175

ference. To address this, we adopted the plan-and-176

solve prompting framework (Wang et al., 2023),177

guiding the model to divide images into segments178

(e.g., quadrants or longitudinal zones) and apply a179

structured, divide-and-conquer reasoning approach.180

This significantly improved the fidelity and com-181

pleteness of reasoning in the remote sensing do-182

main.183

Category 3: English Caption Benchmarks184

As an additional expansion of the ARB, we185

integrated two new domains—agricultural image186

interpretation and historical & archaeological187

understanding—using visual content and captions188

sourced from AgriCLIP (Nawaz et al., 2025) and189

TimeTravel (Ghaboura et al., 2025b), respectively.190

To generate Arabic reasoning questions with191

corresponding step-by-step answers, we adopted192

the synthetic prompting like framework inspired193

by (Shao et al., 2023) implemented using GPT-4o.194

This approach followed a backward–forward195

generation strategy; the model first synthesized a196

plausible reasoning chain (backward step), then197

generated a question that would logically yield198

that reasoning. In the forward step, the model199

refined the reasoning trace to ensure alignment and200

internal consistency. To ensure data quality and 201

reasoning diversity, we applied a complexity-based 202

selection criterion that prioritized samples involv- 203

ing multi-step inference or higher-order reasoning. 204

This pipeline enabled scalable generation of 205

rich, inference-oriented Arabic QA pairs without 206

requiring exhaustive manual annotation. 207

208Category 4: Synthetic Data 209

For the OCR and Document Analysis domain, 210

we curated a set of web-sourced images con- 211

taining textual content from publicly available 212

sources (Pinterest, 2025). Each image was 213

processed using GPT-4o, which was prompted 214

to generate Arabic QA pairs along with corre- 215

sponding step-by-step reasoning. To guide the 216

generation process, we employed a few-shot 217

CoT prompting strategy, encouraging the model 218

to produce inference-driven reasoning chains 219

grounded in both visual and textual cues present in 220

the images. 221

222Category 5: Tool-augmented Generated Data 223

In this category, we constructed the domain of 224

Charts, Diagrams, and Tables by integrating 225

external tools to create visual samples. For the 226

charts subdomain, data was derived from both 227

human-curated topics and synthetic scenarios 228

using GPT-4o under human guidance, with 229

visualizations produced via Python and Matplotlib 230

(Bisong and Bisong, 2019). The tables subdomain 231

involved generating structured data using GPT-4o 232
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and Claude-3.5 (Anthropic, 20254), based on233

human-defined themes, and visualized in Excel234

to simulate realistic interpretation tasks. For235

diagrams, we adapted a subset of the AI2D236

dataset (Kembhavi et al., 2016), translating and237

extensively editing the content into Arabic. Human238

annotators refined the corresponding questions to239

prioritize reasoning over factual recall. Across240

all subdomains, GPT-4o was prompted using a241

few-shot CoT strategy to generate Arabic QA242

pairs with explicit step-by-step reasoning.243

244

2.3 Data Filtering and Verification Process245

To ensure the integrity and quality of ARB, we246

implemented a multi-stage filtering and verification247

pipeline (Figure 3). This process combined manual248

correction, semi-automated AI–human refinement,249

and native speaker validation, each tailored to the250

complexity and origin of the data.251

252 Manual Review and Targeted Corrections:253

In the initial review phase, human annota-254

tors—primarily native Arabic speakers—directly255

corrected minor issues such as typos, grammar256

errors, or subtle translation inconsistencies. This257

approach was especially effective for Category 1,258

where translated content from English required259

adjustments rather than full regeneration. To260

support this workflow, we developed a custom261

annotation interface for efficient review (see262

Figure 7a in Appendix C).263

264 Iterative Human–AI Refinement:265

For all other categories, we adopted a semi-266

automated human-in-the-loop framework. GPT-4o267

generated step-by-step reasoning, which was then268

reviewed by native speakers and domain experts269

for logical consistency, linguistic clarity, and270

cultural alignment. When errors were found, such271

as unclear steps or reasoning gaps, the annotators272

provided targeted feedback, prompting partial273

regeneration or manual edits. This loop continued274

until each item met the desired quality standard.275

A second interface (see Figure 7b, Appendix C)276

allowed annotators to check, rate, flag, and finalize277

items efficiently.278

279
Quality Filtering and Cultural Alignment:280

Post-refinement, all question–answer–reasoning281

samples were evaluated against strict quality crite-282

ria: accuracy, coherence, reasoning completeness,283

and Arabic fluency. We applied both automated284

checks (e.g., verifying the answer aligns with285

the reasoning steps) and manual review. Over 286

200 samples were discarded at this stage due to 287

cultural misalignment or insufficient reasoning 288

depth. This filtering step ensured only high-quality, 289

culturally appropriate, and challenging samples 290

were retained. 291

292Final Approval and Integration: 293

Items that passed all prior checks were subjected 294

to a final review to ensure proper formatting, log- 295

ical coherence, and internal consistency. Upon 296

approval by native Arabic reviewers, the data was 297

standardized and formally integrated into the ARB 298

benchmark. This final validation step ensured that 299

each entry was complete, well-structured, and suit- 300

able for robust evaluation of Arabic multimodal 301

reasoning. Further details on the filtering, verifi- 302

cation procedures, and annotation interfaces are 303

provided in the Appendix C. 304

2.4 ARB Data Statistics 305

The ARB benchmark consists of 1,356 multimodal 306

samples distributed across 11 domains (Figure 19), 307

with Math & Logic comprising the largest share, 308

followed by Charts, Diagrams, & Tables. Each sam- 309

ple includes an image, an Arabic question, and a 310

set of step–action pairs leading to a final answer. In 311

total, ARB contains 5,119 reasoning steps, with no 312

fixed limit imposed during generation to preserve 313

flexibility based on task complexity. Most samples 314

include 2–6 steps, with an average of 3.78 and a 315

median of 4. The number of steps ranges from 1 316

to 16, with Math & Logic exhibiting the highest 317

reasoning depth. Further statistics are presented in 318

Appendix H Figure 20. 319

3 Evaluation Framework 320

3.1 Model and Prompt Selection 321

We selected GPT-4o and GPT-4o-mini as candidate 322

models due to their demonstrated efficiency and ef- 323

fectiveness in multimodal tasks, referring to (Heakl 324

et al., 2025). Recognizing the sensitivity of reason- 325

ing performance to prompt language, we evaluated 326

both models using prompts in English and Arabic. 327

A diverse set of 40 samples spanning multiple do- 328

mains was assessed by three native Arabic speakers. 329

To further support the evaluation of translated out- 330

puts, we employed LaBSE (Feng et al., 2020) to 331

measure semantic similarity between English and 332

Arabic responses. 333

Human evaluations consistently favored GPT- 334

4o in both prompt settings. When incorporating 335
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 تاوطخ دیلوت كتمھم }Domain{ يف صصختم فرتحم ریبخ تنأ
 ةیصنلا ةلئسلألو تانایبلل للادتسلاا تاوطخو يقطنملا لیلحتلا
 باوجلا ىلإ لوصولل ةوطخ لكل مزلالا ءارجلإا عم ةیرصبلاو
 ةروصلا يف ةیرصبلا نئارقلا ىلإ اًدانتسا حیحصلا
 داشرتسلاا عم ،ةرفوتملا تارایتخلااو لاؤسلا يف تامولعملاو
 دیلوت يف مدختسملا لكیھلل طمنك يلاتلاexample}{لاثملاب
 مدختسا .اھل ةعباتلا تاءارجلإاو لیلحتلا تاوطخ
 :ةیلاتلا تامیلعتلا

  .تدجو نإ ـ ةرفوتملا تارایخلاو لاؤسلا نعمتب أرقا1.

 تاراھملاو }Domain{ عوضوملل ةیساسلأا میھافملا ددح2.
 .ةبولطملا ةفرعملاو

 ددحم }Curriculum{ جھنم عابتا كیلعو ةعونتم ةلئسلأا3.
.}Domain{ عوضوم لكل

:تائفلا عبرأ نمض }Curriculum{ جھانملا عقت4.

 كیلع بجی :"يباسح" =}Curriculum{ - ىلولأا ةئفلا•
 تایلمعلاو ةیساسلأا ةیباسحلا تایلمعلا مادختسا
 يضایرلا قطنملاو ةیبسنلا ةیباسحلا

 كیلع :"يبط/يملع" =}Curriculum{ - ةیناثلا ةئفلا•
  .يصصخت لاجم لكل ةیملعلا دعاوقلاو قطنملا مادختسا

 نم "يئزج/يصن" = }Curriculum{ - ةثلاثلا ةئفلا•
 .صحفتلاو ةروصلا ءيزجت ىلع زیكرتلا كیلع :ةروصلا

 كیلع :"يماع" = }Curriculum{ - ةعبارلا ةئفلا•
 لاؤسلا ھضرفی امو ةقرافملاو ةنراقملا مادختسا
.ةحیحصلا ةباجلإا ىلإ لوصولل

 ددحو ؛}example{ةددحملا ةغیصلل اقًفو فلملا جارخإ ىجری
  ."ـــــــ:وھ باوجلا" للاخ نم يئاھنلا باوجلا

Reasoning Steps Generation Prompt

Figure 4: ARB Evaluation Prompt. The standardized
Arabic prompt used across all ARB domains to elicit
structured, curriculum-based reasoning steps from eval-
uated models during inference. The English version is
provided in Appendix E.

LaBSE, GPT-4o with Arabic prompts achieved336

the highest similarity scores. However, across all337

settings, automated scores remained lower than338

human judgments, reflecting the models’ diffi-339

culty in capturing acceptable variations in structure340

and order. To mitigate this, we adopted a few-341

shot prompting strategy, which improved similarity342

scores by 20–30%, while preserving GPT-4o with343

Arabic prompts as the best performer. Thus, we344

finalize GPT-4o with Arabic prompts for the gener-345

ation of reasoning steps (Figure 4).346

3.2 Evaluation Methodology and Metrics347

Lexical and Semantic Similarity Metrics.348

To assess similarity between predicted reasoning349

steps and human-curated references, we employed350

standard metrics (Table 4). BLEU (Papineni351

et al., 2002) showed weak n-gram alignment,352

while ROUGE variants (Lin, 2004) yielded mixed353

results with a sharp drop in ROUGE-2, indicating354

limited fluency. For semantic similarity, we used355

BERTScore (Zhang et al., 2019), which captures356

token-level alignment but lacks cross-lingual357

robustness, reducing its reliability for Arabic eval-358

uation. To address this, we adopted LaBSE (Feng359

et al., 2020), a multilingual sentence-level model 360

that provided more stable results, averaging 361

81.5%±2 for closed-weight models and 71.5%±5 362

for open-weight ones. Despite their utility, these 363

metrics fall short in capturing logical structure, 364

coherence, and factual grounding in multi-step 365

reasoning. 366

367

Stepwise Evaluation Using LLM-as-Judge 368

To address the limitations of traditional evalu- 369

ation metrics, we adopted a structured LLM-as- 370

Judge framework, along with a reference-based pro- 371

tocol and Arabic prompt, adapted from (Thawakar 372

et al., 2025) evaluation suite. Unlike reference-free 373

metrics (Golovneva et al., 2022), this set-up enables 374

a fine-grained, interpretable evaluation aligned with 375

Arabic linguistic and contextual nuances. GPT-4o, 376

used as LLM-as-Judge, is instructed to assess rea- 377

soning outputs across several dimensions, includ- 378

ing faithfulness, informativeness, redundancy, hal- 379

lucination, semantic coverage, and commonsense 380

reasoning. Each attribute is rated on a scale from 381

1 to 10 (see Figure 15 and Figure 16), and the fi- 382

nal score for reasoning steps is computed as the 383

average across all dimensions (Table 3). The full 384

evaluation prompt is provided in Appendix D. 385

Inter-Annotator Agreement: Krippendorff’s Al- 386

pha. To ensure data quality and validate the ef- 387

ficiency of our LLM-as-Judge selection, we con- 388

ducted an inter-annotator agreement analysis over 389

5% of the dataset. Three human annotators were 390

provided with a user-friendly interface (Figure 8) to 391

rate samples on a scale from 1 (lowest) to 5 (high- 392

est). Most samples received scores of 4 or higher, 393

confirming the effectiveness of our earlier verifica- 394

tion steps and reflecting strong agreement among 395

annotators. We measured Krippendorff’s Alpha 396

(Krippendorff, 2018), achieving a score of 83.56% 397

among human annotators. To further assess the reli- 398

ability of GPT-4o as an LLM-as-Judge, we repeated 399

the evaluation by including the model’s judgments, 400

resulting in an even higher Krippendorff’s Alpha 401

of 87.62%. These results demonstrate high con- 402

sistency between human and LLM assessments, 403

supporting the robustness of our evaluation frame- 404

work. 405

4 Results and Analysis 406

Reasoning–Answer Performance Gap. 407

The ARB evaluation (Table 3) reveals a 408

consistent gap between models’ ability to generate 409
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Closed-source GPT-4o GPT-4o GPT-4.1 o4 Gemini 1.5 Gemini 2.0
Models -mini -mini Pro Flash

Final Answer (%) 60.22 52.22 59.43 58.93 56.70 57.80
Reasoning Steps (%) 64.29 61.02 80.41 80.75 64.34 64.09

Open-source Qwen2.5 Llama-3.2 AIN Llama-4 Aya- InternVL3
Model VL-7B 11B-Vis-Inst. Scout (17Bx16E) vision-8B -8B

Final Answer (%) 37.02 25.58 27.35 48.52 28.81 31.04
Reasoning Steps (%) 64.03 53.20 52.77 77.70 63.64 54.50

Table 3: Stepwise Evaluation Using LLM-as-Judge. Comparison of closed- and open-weight models based
on final answer accuracy and aggregated quality scores of reasoning steps, using our LLM-as-Judge framework
with Arabic prompts and evaluation metrics. The evaluation follows a reference-based, attribute-level protocol for
assessing reasoning quality. The best model in each category (closed- and open-source) is shown in bold.

Model BLEU ROUGE-1 ROUGE-2 ROUGE-L BERTScore LaBSE

C
lo

se
d-

so
ur

ce

GPT-4o 6.21 63.61 42.71 58.70 76.33 82.82
GPT-4o-mini 5.30 61.86 41.18 56.73 76.23 81.56
GPT-4.1 6.35 71.13 48.83 65.33 77.32 84.40
o4-mini 5.38 65.22 45.94 59.45 76.33 82.57
Gemini 1.5 Pro 5.49 62.71 45.90 58.34 76.05 79.81
Gemini 2.0 Flash 8.27 70.91 54.81 65.95 78.56 83.77

O
pe

n-
so

ur
ce

Qwen2.5-VL-7B 3.21 48.51 31.19 45.97 73.03 73.67
Llama-3.2-11B 1.75 22.83 11.20 19.63 66.89 65.41
AIN 3.16 59.18 43.54 55.41 73.26 72.25
Llama-4 Scout 4.32 47.74 27.52 41.07 73.06 77.51
Aya-Vision-8B 3.39 59.64 38.98 53.80 72.54 76.84
IntenVL3-8B 2.93 50.78 29.96 46.35 72.52 77.28

Table 4: Lexical and Semantic Similarity Scores. Evaluation of generated reasoning steps using classical metrics,
including BLEU, ROUGE, BERTScore, and LaBSE. These metrics reflect surface-level lexical overlap and overall
semantic similarity but fall short in capturing stepwise logical coherence. The best model in each category (closed-
and open-source) is shown in bold.

فیصوتلاىوتسمرایعملا

.ةیردصملا لمجلا عم للادتسلاا تاوطخ قاستاو ةیقوثوم و ةقدو قباطت و قفاوت ىدم سایقةوطخلاقباطتلا

زمرلا قباطتلا
 ةقدلاو قباطتلاو قفاوتلا نم ققحتلا ربع )تاوطخلا ىوتسم ىلع قفاوتلا( ةوطخلا - قباطتلا سایقم عیسوت
.للادتسلاا تاوطخ لخاد زومرلا ىوتسم ىلع  قاستلااو ةیقوثوملاو

.ردصملا نم ةلصلا تاذ تامولعملا جارختسا ىلع للادتسلاا تاوطخ ةردق ىدم مییقتةوطخلايتامولعملا ءارثلإا

.ةیضرفلا لخاد اھتغایص داعملا وأ ةمزلالا ریغ ةرركملا ةیللادتسلاا تاوطخلا دیدحتزمرلاراركت

.عجرملا ةلسلس وأ ردصملا عم ةقفاوتملا ریغ وأ ةطبترملا ریغ للادتسا تاوطخ فاشتكا ماعلاةسولھلا

.لحلا ةیلمع ىلإ ةمیق فیضتُ لا يتلا ةدئازلا ةیللادتسلاا تاوطخلا دیدحت ماعلا دئازلا راركتلا

.ردصملا يف ةیساسلأا رصانعلل ةیضرفلا ةیطغت ىدم مییقتةوطخلاةیللادلا ةیطغتلا

 .عجرملا ةلسلسو ةیضرفلا نیب ماعلا طابترلااو قفاوتلا ىدم سایق ماعلا للادتسلاا قفاوت

.ةلكشملا لحل يرورضلا ماعلا قطنملا ىلع ينبملا للادتسلاا بایغ نع فشكلا ماعلا ماعلا قطنملا

.ةلكشملا لحل ةدوقفم ةیرورض للادتسا تاوطخ كانھ تناك اذإ ام دیدحتةوطخلاةدوقفملا ةوطخلا

Figure 5: Arabic Reasoning Evaluation Metrics. We assess step-by-step reasoning using five core Arabic-
specific dimensions: Faithfulness (At-Tatābuq), Informativeness (Al-Ithrā’ Al-Ma’lūmātı̄), Coherence (At-Tawāfuq),
Commonsense (Al-Mantiq Al-’Āmm), and Reasoning Alignment (At-Tawāfuq Al-Istidlālı̄). Auxiliary checks cover
hallucinations, redundancy, semantic gaps, and missing steps. Metrics are defined at the step and/or token level. The
full evaluation rubric is provided in English in Appendix E.

coherent reasoning steps and their success in410

reaching correct final answers. For example,411

models like GPT-4.1 and o4-mini achieve rea-412

soning coherence scores above 80%, while their413

final answer accuracy hovers around 58–60%.414

This pattern is even more pronounced in open415

models such as Qwen2.5-VL and Aya-vision,416

where reasoning steps are moderately strong417

(above 50–60%) but final answer correctness 418

remains below 40%. These results demonstrate 419

that well-structured reasoning does not guarantee 420

correct conclusions—underscoring the need for 421

step-level evaluation to accurately assess a model’s 422

reasoning capabilities. 423

424
Closed vs. Open-Source Model Performance. 425

Quantitative Evaluation. Closed-source 426
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 .ةيلولأا روصلا ةعومجم 34 طمنلا ليلحت :1 ةوط#"ا
لااOشأ لOشM ةلصفنم طوطخ نم لسلسGلا مدقتي :1 ءارجلإا

ً
 a`إ ،)""دئاز"" ةملاع لثم( ةUVمم 

لاصتمو ادًيقعcd Mكأ لOش
ً

 .cdكأ اياوز عم 
 .ھسفن مدقتلا اذr عبGي اopم يأ ديدحتل د ،ج ،ب ،أ تاراي#"ا صحف :2 ةوط#"ا
 .ةمدقلما تاراي#"ا 34 رصانعلا نUب لاصتلاا وأ ديقعتلا 34 تاUdيغM نع ثحبلا :2 ءارجلإا
 .�4صلأا لسلسGلا �dع رصانعلا ددع وأ ب~ترت 34 تاUdيغM يأ ديدحت :3 ةوط#"ا
 .ددعلا 34 دادزت وأ ،فلتخم لOش� لصتت ،رودت رصانعلا تنا� اذإ ام ديدحت :3 ءارجلإا
 .مدقتلا اذr عم قباطتي يذلا راي#"ا �aع ةظحلالما ةدعاقلا وأ طمنلا قيبطت :4 ةوط#"ا
 تس~ل ىرخلأا تاراي#"ا عيمج .ةيلولأا روصلا ةعومجم عيم�" ةفاضإ وr أ راي#"ا :4 ءارجلإا

 .كلذك

Step 1: Analyze the pattern in the initial set of pictures. Action 
1: The sequence progresses from separate lines forming distinct 
shapes (like a "plus" sign), to a more complex, connected shape with 
more angles.

Step 2: Examine the options A, B, C, and D to determine which 
follows this same progression. Action 2: Look for changes in 
complexity or connection between elements in the provided options.

Step 3: Determine any changes in the arrangement or number of 
elements across the original sequence.
Action 3: Identify if elements rotate, connect differently, or 
increase in number.

Step 4: Apply the observed pattern or rule to the option that 
matches this progression. 
Action 4: Option A is an addition of all the initial set of 
pictures. All other options are not.

  .أ ةروصلا :ي�اopلا باو�"ا

G
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c 

 جارختسلا ن8ميلا 0/إ راس3لا نم 0/ولأا روصلا ليلحت :1 ةوط#"ا
 .ةدعاقلا
 لاوطأب ةميقتسلما طوطMNا نم ةنوLلما طامنلأا ةظحلام :1 ءارجلإا
 ثيحب عر̀م ل_ لخاد طوطMNا هاجتا 8X YZغتلا ديدحت.ةفلتخم اياوزو
 .ijZردت لLشg تاfاجتلاا YZ تا8Xيغd دجوت
 .0/ولأا روصلا YZ ةرركتم ةدعاق وأ طمن ديدحت :2 ةوط#"ا
 ن8ب هاجتلاا 8Xغتي ،طوطخ p0 4ع يوتحي عر̀م ل_ نأ ديدحت: 2ءارجلإا
 YZ تا8Xغتلا نأ ةظحلام .عر̀م ل_ لخاد ددعلا p0ع ظافMsا عم طوطMNا
طمن عبyت لب ةيئاوشع تس3ل طوطMNا لاLشأ

ً
.هاجتلاا ثيح نم انًيعم ا

ثحب )د ،ج ،ب ،أ( تارايMNا YZ روصلا ليلحت :3 ةوط#"ا
ً

 طمن نع ا
 .ھباشم
 وأ ةقسyم ةiوازب ا�ل_ طوطخ p0 4ع يوتحي عر̀م نع ثحبلا :3 ءارجلإا
.طمنلا نم ة8Xخلأا ةروصلا YZ ظحول يذلا،X طمن لثم ،فورعم طمن
 .pZصلأا طمنلا لثم يواسyلاب 8Xغتت طوطMNا عيمج تنا_ اذإ ديدحت
 .ةيلصلأا روصلا نم رركتلما طمنلاب ةباجلإا تارايخ ةنراقم:4 ةوط#"ا
 ةبسانلما 8Xغ تارايMNا ةلازلإ ةيداعبyسلاا تايلمعلا مادختسا 4: ءارجلإا

 .طوطMNا YZ تا8Xيغتلا ةدعاق سفن عبyت لا ثيح
 .طمنلا عبyي يذلا عر̀لما رايتخا :5 ةوط#"ا
 لاوطأو طوطخ تا8Xغp0 dع يوتحي يذلا رايMNا ديدحت 5: ءارجلإا-
 .pZصلأا طمنلل امًامت ة��اشم
 .ةعجارلما دعg ةحي�sلا ةباجلإا ديكأت :6 ةوط#"ا
 نم ةيناثلا ةروصلا عم لما_ لLشg طمنلا قباطت نم دكأتلا :6 ءارجلإا
.تارايMNا

Im
ag
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an
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Q
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st
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n

 مت :9لا ةدعاقلا وأ طمنلا سفن عب(ت ةروص يأ
 ؟ةقباسلا روصلا ةطساوب ا<ديدحت

 :تارايFGا
أ ةروصلا )أ
ب ةروصلا )ب 

 ج ةروصلا )ج
د ةروصلا )د

Which one picture follows the 
same pattern or rule established by 
the previous pictures? 

Choices : 
A) Picture A
B) Picture B
C) Picture C
D) Picture D

Final Answer: Picture A 
 .ج ةروصلا :ي+ا()لا باو#"ا

G
PT

4o
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  i
n

En
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h

Step 1: Observe each figure in the sequence (left side)
Action 1: Let’s label the four images in sequence from left to right:
Image 1 → Image 2 → Image 3 → Image 4

Image 1: Contains 3 short black line segments in L-shaped and straight orientations.
Image 2: More line segments, with a mixture of vertical, horizontal, and bent L-
shapes.
Image 3: Even more L-shapes and line segments; overall denser.
Image 4: Contains lines that intersect — forming an ‘X’ in the center with corner lines.

Step 2: Look for progression or transformation
Action 2: The pattern evolves from scattered segments (Image 1–3) to a highly 
structured and symmetric 'X' shape in Image 4, showing increasing complexity and 
central symmetry. 
Step 3: Transition logic to new symbol type (triangles in options A–D)
Action 3: We now shift to a different visual vocabulary (triangles instead of lines), but 
the underlying transformation logic must continue: It should follow the same 
evolution of structure and centralized symmetry as in Image 4.
Step 4: Evaluate options A–D
Action 4: Let’s now check which option matches the level of structure and 
symmetry of Image 4:

Option A: 4 pairs of triangles in corners, symmetrical, with a central overlap.
Option B: 4 pairs of triangles, but each pointing differently; central symmetry not 
clear.
Option C: Similar to B but more rotation; central symmetry is distorted.
Option D: Triangles are misaligned and not symmetrically positioned.

- Option A shows the highest degree of structured symmetry, with triangles arranged similarly 
to how the lines in Image 4 formed an ‘X’.
- The design mimics central organization and consistent angles — matching the 
evolutionary rule from randomness to symmetry.

Correct Answer: A) Picture A

Figure 6: Cross-Lingual Reasoning Comparison (Arabic vs. English). This figure compares LMMs (GPT-4o)
reasoning steps in Arabic and English for the same visual task. In the Arabic version, the model misinterprets
structural constraints, yellow highlights incorrect assumptions about equal line counts across boxes, green
emphasizes miscounted lines within the boxes, and cyan marks an irrelevant search for a box with exactly 4 lines.
These reasoning flaws lead to the wrong answer (C). In contrast, the English reasoning is structured, accurate, and
constraint-aware, correctly identifying the answer (A), highlighting the performance gap in Arabic.

models consistently outperform open-source427

ones in both reasoning and final answer accuracy.428

GPT-4.1 and o4-mini lead the closed category,429

with strong logical consistency and relatively high430

correctness. Among open models, LLaMA-4 Scout431

performs best, scoring 77.7% in reasoning steps432

and 48.5% in final answers—narrowing the gap433

with closed models but still trailing. Other open434

models such as LLaMA-3.2, AIN, Aya Vision,435

and InternVL3 demonstrate coherent reasoning436

but struggle with accurate conclusions, reflecting437

limitations in cross-lingual understanding and438

cultural grounding.439

440
Qualitative Evaluation. To investigate reason-441

ing gaps in Arabic, we conducted a qualitative com-442

parison between model outputs and human-curated443

ARB references. Selected examples illustrate com-444

mon pitfalls in both open- and closed-source mod-445

els, including incomplete or incoherent step transi-446

tions, hallucinations, and shallow logical progres-447

sion in Arabic responses (Figures 17 and 18).448

We further examine the impact of language by449

comparing Arabic and English reasoning steps450

generated by the same model on identical visual451

inputs (Figure 6). This side-by-side analysis re-452

veals notable inconsistencies in reasoning quality453

across languages, emphasizing the need for Arabic-454

specific benchmarks.455

These findings underscore the importance of456

evaluating and improving Arabic multimodal rea-457

soning, directly supporting ARB’s core motivation.458

459

Domain-Level Trends. Figures 13 and 14460

(Appendix F) show a domain-level breakdown,461

illustrating the persistent reasoning-answer gap462

across task categories. Figures 15 and 16 offer463

fine-grained step-by-step scores, revealing domain- 464

specific model behavior. These results underscore 465

ARB’s value in exposing nuanced reasoning pat- 466

terns and highlighting the strengths and weaknesses 467

of both closed- and open-source models across do- 468

mains. 469

5 Conclusion 470

In this work, we presented ARB, the first bench- 471

mark designed to evaluate step-by-step multimodal 472

reasoning in Arabic across 11 diverse domains. 473

With 1.35K high-quality samples and over 5K 474

human-curated reasoning steps, it was built through 475

a hybrid pipeline combining prompting strategies, 476

tool-assisted generation, and native-speaker vali- 477

dation. Our evaluation of 12 state-of-the-art open- 478

and closed-weight models revealed persistent gaps 479

in reasoning quality, coherence, and cultural align- 480

ment when operating in Arabic, despite their strong 481

performance in English-centric settings. These 482

findings underscore the need for step-level, cultur- 483

ally aware evaluation strategies tailored to under- 484

represented languages. Beyond benchmarking, the 485

open-source ARB offers tools, protocols, and inter- 486

faces to support reproducibility and future research. 487

It sets the foundation for training and evaluating 488

Arabic-native LMMs and contributes toward build- 489

ing more inclusive, interpretable, and linguistically 490

grounded AI systems. 491

6 Limitations and Societal Impact 492

While ARB provides a valuable resource for evalu- 493

ating Arabic multimodal reasoning, it has certain 494

limitations. First, although it spans 11 diverse do- 495

mains, the benchmark may still not fully capture 496

the full linguistic, dialectal, or cultural variabil- 497

ity present across the Arabic-speaking world. Ad- 498
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ditionally, reasoning evaluations rely on human499

judgment and model-specific prompts, which may500

introduce subjectivity or prompt-induced biases.501

The benchmark also focuses on Arabic exclusively,502

and does not offer multilingual alignment or cross-503

lingual transfer assessments, which could be valu-504

able for comparative studies.505

From a societal perspective, ARB promotes506

more inclusive and culturally aware AI by centering507

Arabic, an underrepresented yet widely spoken lan-508

guage. Its focus on interpretable, step-by-step rea-509

soning supports broader goals of AI transparency510

and accountability. Nonetheless, ethical considera-511

tions remain important, particularly to prevent the512

misuse or misinterpretation of culturally sensitive513

content in applications where AI decisions may514

have real-world consequences.515
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A Appendix769

This appendix provides supplementary material770

supporting our contributions. It includes: (1) a771

brief overview of related work situating our ap-772

proach within broader research on Arabic reason-773

ing and multimodal data generation; (2) details774

of the filtering and verification pipeline, including775

interface designs used for human-in-the-loop vali-776

dation and the inter-annotator agreement study; (3)777

additional details on the prompts used for model778

reasoning generation and evaluation; (4) English779

translations of the Arabic generation prompt and780

evaluation metrics; and (5) extended data statistics,781

such as domain and steps by domain distributions,782

token length distributions in questions and reason-783

ing steps, as well as their ratios. These additions784

enhance transparency and offer deeper insight into785

the construction and quality control of the ARB786

benchmark.787

B Related Work788

Chain-of-Thought Reasoning in LLMs789

CoT prompting was introduced by (Wei et al.,790

2022) to improve LLMs’ logical reasoning, inspir-791

ing extensions like self-consistency (Wang et al.,792

2022), tree-of-thoughts (Yao et al., 2023), and in-793

struction tuning for reasoning (Vaillancourt and794

Thompson, 2024; Ranaldi and Freitas, 2024). Re-795

cent work has also explored structural aspects of796

reasoning, including the impact of step length (Jin797

et al., 2024) and counterfactual prompting to re-798

duce bias (Moore et al., 2024).799

Building on these developments, state-of-the-art800

LLMs have adopted advanced post-training strate-801

gies to strengthen reasoning. Kumar et al. (Kumar802

et al., 2025) survey techniques such as fine-tuning,803

reinforcement learning, and test-time scaling.804

OpenAI’s o1 model (Jaech et al., 2024) leverages805

reinforcement learning and inference-time scaling806

to improve reasoning fidelity. DeepSeek R1 (Guo807

et al., 2025) enhances CoT performance using808

reward models that prioritize logical soundness809

over natural phrasing.810

811
Multimodal Reasoning in VLMs812

Extending CoT reasoning to multimodal tasks813

has proven both challenging and rewarding. Mod-814

els like LLaVA-CoT (Xu et al., 2025) explicitly815

incorporate structured visual reasoning steps into816

their outputs, enabling multi-stage perception and817

interpretation of images. Trained on a dataset818

of 100k CoT-annotated visual QA pairs, LLaVA- 819

CoT achieves notable gains on reasoning bench- 820

marks. Similarly, LlamaV-o1 (Thawakar et al., 821

2025) introduces a curriculum-based framework 822

and benchmark for multi-step visual reasoning, 823

demonstrating improvements in both accuracy and 824

interpretability. 825

Recent studies have proposed methods to further 826

enhance reasoning coherence and alignment. Chen 827

et al. (Chen et al., 2024a) present metrics and a 828

two-stage training strategy to improve consistency 829

in vision-language reasoning. Zhang et al. (Zhang 830

et al., 2024) enrich training data with rationales 831

distilled from GPT-4o and apply Direct Preference 832

Optimization (DPO) to guide models toward more 833

faithful and coherent CoT outputs. 834

These developments reflect a growing consensus 835

that multimodal models must reason systematically 836

across modalities—not merely generate final an- 837

swers—to ensure robustness and interoperability. 838

839
Arabic and Multilingual Reasoning Resources 840

Despite increasing multilingual training in 841

LLMs, Arabic remains underrepresented in 842

reasoning-focused benchmarks. Several datasets 843

have emerged to address this gap. ArabicSense 844

(Lamsiyah et al., 2025) evaluates commonsense 845

reasoning in Arabic, while AraSTEM (Mustapha 846

et al., 2024) offers over 11,000 science-focused 847

multiple-choice questions in Arabic. ArabLegalE- 848

val (Hijazi et al., 2024) benchmarks Arabic legal 849

reasoning using real-world legal documents and 850

synthetic questions. ArabCulture (Sadallah et al., 851

2025) focuses on MSA commonsense reasoning 852

across 13 Arab countries using culturally grounded, 853

native-authored questions. AraDiCE (Mousi et al., 854

2024) evaluates dialectal and cultural reasoning 855

across Arabic varieties using post-edited synthetic 856

data. 857

These resources reveal substantial performance 858

disparities between Arabic and English, partic- 859

ularly in reasoning-heavy tasks; however, they 860

remain limited to the text modality and focus 861

primarily on LLMs rather than LMMs. 862

863
Arabic-Native Reasoning Models 864

Recent efforts have introduced Arabic-native 865

LLMs with enhanced reasoning capabilities. 866

ALLaM-Thinking (Research, 2025) is a fine-tuned 867

model specifically optimized for stepwise logic 868

and arithmetic problem-solving, demonstrating 869

improved chain-of-thought performance in math 870
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tasks through Unsloth and Grouped Policy871

Optimization. Fanar (Team et al., 2025), a broader872

Arabic LLM, recently introduced the “Think873

Before Responding” feature, enabling intermediate874

reasoning traces during decoding and improving875

interpretability and alignment with structured876

reasoning. In contrast, models like AIN (Heakl877

et al., 2025) and Jais (Sengupta et al., 2023) offer878

general Arabic capabilities but lack fine-grained879

reasoning alignment.880

881

ARB complements these resources by providing882

the first multimodal step-by-step reasoning bench-883

mark in Arabic, creating a unified framework for884

evaluating reasoning transparency across vision-885

language tasks.886

C Filtering and Verification Pipeline and887

Interface888

To ensure quality and consistency across all sam-889

ples, we developed a streamlined and user-friendly890

annotation interface to support manual verification891

and scoring. Given the scale of data and multiple892

annotators involved, the interface was designed to893

simplify inspection and accelerate review.894

For translation tasks (see Figure 7a), the inter-895

face displays the original English text alongside the896

Arabic translation, allowing annotators to directly897

edit only the translated portion. For synthetic sam-898

ples (see Figure 7b), the interface presents the im-899

age, Arabic question, step-by-step reasoning, pre-900

dicted answer, and reference answer. Annotators901

assess the sample based on accuracy, clarity, cul-902

tural alignment, and faithful delivery of meaning,903

with an emphasis on conceptual correctness rather904

than word-for-word translation.905

Each sample is rated on a 6-point scale, as shown906

below.907

Rate Description

0 Reject: Culturally inappropriate/ Irrelevant content
1 Reject: Requires full regeneration by the model
2 Poor: Major edits needed to fix reasoning or clarity
3 Fair: Moderate edits required
4 Good: Minor edits needed
5 Excellent: No edits needed; ready for inclusion

Table 5: Filtering and Verification Rating Scale. A
standardized scoring scheme used by annotators to as-
sess the quality of translations and reasoning steps. The
scale guides decisions on whether a sample should be
accepted, revised, or regenerated based on linguistic ac-
curacy, reasoning clarity, and cultural appropriateness.

Each sample was independently reviewed by two908

Rate

(a) Example of ARB translation verification user interface.

Rate

(b) Example of ARB generated data verification user interface.

Figure 7: Filtering and Verification User Interface.
The interface enables annotators to manually edit con-
tent when applicable and assign quality ratings to guide
subsequent controller review and final approval.

Figure 8: Inter-Annotator Agreement Interface. The
interface allows annotators to evaluate each sample by
assessing the compatibility of the model’s step/action
chain with the provided image, question, and choices
(when applicable). Annotators assign a score by compar-
ing the model’s reasoning process to their own human
reasoning approach for solving the question.

annotators and then passed to a controller, with in- 909

dividual scores combined for a total of 10. If either 910

annotator assigned a score of 0, the sample was 911

immediately discarded due to cultural or contex- 912

tual inappropriateness. Samples scoring 8–10 were 913

approved without further review, while those scor- 914

ing 2–4 were sent back for regeneration. Samples 915

with intermediate scores (5–7) were escalated to a 916

controller, who conducted a final review, resolved 917

discrepancies, and made any necessary corrections. 918

This multi-tiered evaluation process ensured both 919
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 كسامتلاو قفاوتلا ىدم مییقتل ممصم للادتسلال مِّیقمُ تنأ
 يھ كتمھم .ةیصنلا تاباجتسلاا يف للادتسلاا تاوطخ ةدوجو
 )يقیقحلا( يعجرملا باوجلا نیب للادتسلاا تاوطخ مییقت
 باوجلا يأ( لاوسلل يوغللا جذومنلا ةباجتسا و لاؤسلل
:ةیلاتلا سییاقملا مادختساب )جذومنلا نع رداصلا
 

 ىدم سایق:(Faithfulness-Step) ةوطخلا - قباطتلا1.
 عم للادتسلاا تاوطخ قاستاو ةیقوثوم و ةقدو قباطت و قفاوت
.ةیردصملا لمجلا
 

 سایقم عیسوت:(Faithfulness-Token)زمرلا - قباطتلا1.
 ربع )تاوطخلا ىوتسم ىلع قفاوتلا( ةوطخلا - قباطتلا
 ةیقوثوملا و ةقدلاو قباطتلا و قفاوتلا نم ققحتلا
.للادتسلاا تاوطخ لخاد زومرلا ىوتسم ىلع  قاستلااو

 
- Informativeness-Step)ةوطخلا - يتامولعملا ءارثلإا2.

Info-Step):جارختسا ىلع للادتسلاا تاوطخ ةردق ىدم مییقت 
.ردصملا نم ةلصلا تاذ تامولعملا

 
 تاوطخلا دیدحت:(Repetition-Token)زمرلا - راركت3.
.ةیضرفلا لخاد اھتغایص داعملا وأ ةرركملا ةیللادتسلاا

 
 ریغ للادتسا تاوطخ فاشتكا:(Hallucination)ةسولھلا4.
.عجرملا ةلسلس وأ ردصملا عم ةقفاوتملا ریغ وأ ةطبترملا

 
 ةیللادتسلاا تاوطخلا دیدحت:(Redundancy)دئازلا راركتلا5.
.ةلكشملا لحل ةیرورضلا ریغو ةدئازلا

 
:(Semantic Coverage-Step)ةوطخلا - ةیللادلا ةیطغتلا6.
.ردصملا يف ةیساسلأا رصانعلل ةیضرفلا ةیطغت ىدم مییقت

 
 ىدم سایق:(Reasoning Alignment)للادتسلاا قفاوت7.
.عجرملا ةلسلسو ةیضرفلا نیب ماعلا طابترلااو قفاوتلا

 
 قطنملا بایغ نع فشكلا:(Commonsense)ماعلا قطنملا8.
.ةلكشملا لحل بولطملا ماعلا

 
 للادتسلاا تاوطخ دیدحت:(Missing Step)ةدوقفملا ةوطخلا9.
.ةلكشملا لحل ةیرورضلاو ةصقانلا
 

)10-1( نیب ةجرد يطعت نأ بجی
 
 :ةددحملا ةغیصلل اقًفو فلملا جارخإ ىجری
 نودب طقف تاجردلا میدقتب مق( يلی امك كمییقت مدق
 :)ریسفت
 :سییاقملا تاجرد•
 :ةیلامجلإا ةجردلا•

Evaluation Prompt

Figure 9: Arabic Evaluation Prompt for LLM-as-
Judge. This prompt was used to evaluate reasoning
steps across all models in Arabic. It guides models to
assess reasoning quality using a set of structured criteria
defined in the ARB framework.

the consistency and quality of the final dataset.920

D Models’ Evaluation Prompts921

This section presents the evaluation prompts used922

to assess the step-by-step reasoning quality of923

LMMs in our study. The prompt was adapted from924

the LLamaV-o1 evaluation protocol (Thawakar925

et al., 2025) and tailored to the Arabic multimodal926

reasoning context of ARB (Figure 9). To ensure927

consistency between the generation and evaluation928

phases, all assessments were performed using Ara-929

bic prompts exclusively in open-source and closed-930

source models. This design choice maintained lin-931

guistic alignment with model outputs and mini-932

mized potential cross-lingual biases during judg-933

ment.934

An English translation of the prompt is provided935

(Figure 10) to assist non-Arabic readers and en-936

hance accessibility.937

You are a reasoning evaluator designed to assess the 
alignment, coherence, and quality of reasoning steps 
in text responses. Your task is to evaluate reasoning 
steps between the *ground truth* and the *LLM 
response* using the following metrics:

1. Faithfulness-Step: Measure how well the reasoning 
steps align with the source sentences.

2. Faithfulness-Token: Extend Faithfulness-Step by 
token-level alignment within reasoning steps.

3. Informativeness-Step (Info-Step): Evaluate how 
well the reasoning steps extract relevant 
information from the source.

4. Repetition-Token: Identify repeated or paraphrased 
reasoning steps within the hypothesis.

5. Hallucination: Detect irrelevant reasoning steps 
not aligned with the source or reference chain.

6. Redundancy: Identify redundant reasoning steps 
that are unnecessary for solving the problem.

7. Semantic Coverage-Step: Evaluate how well the 
hypothesis captures essential elements from the 
source.

8. Reasoning Alignment: Assess overall overlap and 
alignment between the hypothesis and reference 
chain.

9. Commonsense: Detect missing commonsense reasoning 
required to solve the problem.

10.Missing Step: Identify missing reasoning steps 
necessary to solve the problem.

Must give score between (1-10)

Output Format:
Provide your evaluation as follows (only give scores 
not explanation.):

- Metric Scores:
- **Overall Score:

Evaluation Prompt

Figure 10: English Translation of the Arabic Evalua-
tion Prompt. A translated version of the prompt used
to evaluate reasoning steps in ARB (see Figure 9) to aid
non-Arabic readers.

E English Translation of Generation 938

Prompt and Evaluation Metrics 939

This section presents the English translations of 940

two core components used in ARB: (1) the prompt 941

for the generation of reasoning steps, originally 942

designed in Arabic (see the Arabic version in Fig- 943

ure 4, the English translation in Figure 12); and (2) 944

the evaluation metrics used to assess the quality of 945

these reasoning steps (see original in Figure 5, the 946

English translation in Figure 11). These metrics 947

were also used in the evaluation prompt provided 948

in Appendix D. 949

F Domain-Level Analysis of Reasoning 950

and Final Answers 951

To gain deeper insight into model performance 952

across various task categories, we present a domain- 953

level analysis of ARB results for both closed- and 954

open-source models. These visualizations illustrate 955

how models perform in terms of both final answer 956

accuracy and reasoning step quality across the 11 957

benchmark domains. 958

To support clarity and consistency across the fol- 959
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Definition LevelMetric/ فیصوتلاىوتسمرایعملا

ةوطخلاقباطتلا

.ةیردصملا لمجلا عم للادتسلاا تاوطخ قاستاو ةیقوثوم و ةقدو قباطت و قفاوت ىدم سایق
 

Measures the degree of alignment, consistency, accuracy, reliability, and coherence 
of the reasoning steps with the reference sentences.

Step Faithfulness

زمرلا قباطتلا

 قفاوتلا نم ققحتلا ربع )تاوطخلا ىوتسم ىلع قفاوتلا( ةوطخلا - قباطتلا سایقم عیسوت
.للادتسلاا تاوطخ لخاد زومرلا ىوتسم ىلع  قاستلااو ةیقوثوملاو ةقدلاو قباطتلاو
 

Extends the Faithfulness-Step metric (alignment at the step level) by verifying
alignment, accuracy, reliability, and coherence at the token level within the
reasoning steps.

TokenFaithfulness

 ءارثلإا
يتامولعملا

ةوطخلا

.ردصملا نم ةلصلا تاذ تامولعملا جارختسا ىلع للادتسلاا تاوطخ ةردق ىدم مییقت
 
Evaluates the extent to which the reasoning steps successfully extract relevant
information from the source.

StepInformativeness

زمرلاراركت

.ةیضرفلا لخاد اھتغایص داعملا وأ ةمزلالا ریغ ةرركملا ةیللادتسلاا تاوطخلا دیدحت
 

Identifies repeated or unnecessarily paraphrased reasoning steps in the reasoning
chain.

TokenRepetition

 ماعلاةسولھلا
.عجرملا ةلسلس وأ ردصملا عم ةقفاوتملا ریغ وأ ةطبترملا ریغ للادتسا تاوطخ فاشتكا

Detects irrelevant or fabricated reasoning steps not aligned with the source.
OverallHallucination

 راركتلا
 دئازلا

 ماعلا
.لحلا ةیلمع ىلإ ةمیق فیضتُ لا يتلا ةدئازلا ةیللادتسلاا تاوطخلا دیدحت

Identifies redundant reasoning steps that do not add value.
OverallRedundancy

 ةیطغتلا
ةیللادلا

ةوطخلا
.ردصملا يف ةیساسلأا رصانعلل ةیضرفلا ةیطغت ىدم مییقت

Measures how well the response covers the essential semantic elements.
Step

Semantic 
Coverage

 قفاوت
 للادتسلاا

 ماعلا

.عجرملا ةلسلسو ةیضرفلا نیب ماعلا طابترلااو قفاوتلا ىدم سایق

Measures the overall alignment and consistency between the hypothesis and the
reference reasoning chain.

Overall
Reasoning 
Alignment

 قطنملا
 ماعلا

 ماعلا
.ةلكشملا لحل يرورضلا ماعلا قطنملا ىلع ينبملا للادتسلاا بایغ نع فشكلا

Detects the absence of essential commonsense reasoning needed to reach a solution.
OverallCommonsense 

 ةوطخلا
ةدوقفملا

ةوطخلا
.ةلكشملا لحل ةدوقفم ةیرورض للادتسا تاوطخ كانھ تناك اذإ ام دیدحت

Identifies if any necessary reasoning steps are missing.
StepMissing Step

Figure 11: English Translation of ARB Evaluation Metrics. An English version of the Arabic reasoning
evaluation rubric used in ARB (see Figure 5), detailing the definitions of all step-level and overall reasoning quality
metrics. These include measures for faithfulness, informativeness, repetition, hallucination, redundancy, semantic
coverage, reasoning alignment, commonsense reasoning, and missing steps. This translation supports cross-lingual
reproducibility and interpretability of the evaluation framework.

Figure 12: English Version of the ARB Prompt. This
figure presents the English translation of the original
Arabic prompt (see Figure 4) used to guide reasoning
step generation across domains.

lowing visual analyses, we adopt the following stan- 960

dardized abbreviations for the 11 ARB domains: 961

Abb Description

VR Visual Reasoning;

OCR OCR and Document Analysis;

CDT Charts, Diagrams, and Tables;

M&L Mathematical and Logical Reasoning;

Soc.Cult. Social and Cultural Understanding;

CVP Complex Visual Perception;

MED Medical Image Analysis;

Sci.R Scientific Reasoning;

Hist. Historical & Archaeological Interpretation;

RS Remote Sensing Analysis;

Agro Agricultural Image Understanding.

The bar charts (Figures 13 and 14) provide an 962

overview of the aggregated scores, while the heat 963

maps (Figures 15 and 16) offer a more granular 964

perspective on domain-level performance across in- 965

dividual evaluation metrics. Together, these figures 966

reveal consistent discrepancies between reasoning 967

coherence and final answer correctness, and high- 968

light domain-specific strengths and weaknesses 969

across model types. 970
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Figure 13: Domain-Level Performance of Closed-Source Models. Bar charts comparing final answer accuracy
and average reasoning step quality across ARB domains for each closed-source model. GPT-4.1 and o4-mini show
strong reasoning in domains like Sci.R, CDT, and Hist., while notable gaps appear in CVP and RS. All models
consistently score higher on reasoning than final answers, underscoring the importance of step-level evaluation. The
figure highlights both strengths and limits of closed models in Arabic multimodal reasoning.
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Figure 14: Domain-Level Performance of Open-Source Models. Comparison of final answer accuracy and
reasoning step scores across ARB domains for six open-source models. LLaMA-4 and AIN perform well in Sci.R
and OCR but struggle in RS and VR. Qwen2.5-VL and LLaMA-3.2 show large gaps between reasoning and answers,
especially in culturally grounded domains (e.g., Hist., Soc.Cult.). The figure illustrates challenges open models face
in Arabic cross-modal reasoning.
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Figure 15: Stepwise Attribute-Level Evaluation of Closed-Source Models. Heatmaps illustrating the average
scores (1–10 scale) across key reasoning attributes—faithfulness, coherence, informativeness, and other diagnostic
criteria—within each ARB domain for six closed-source models, based on the LLM-as-Judge framework using
Arabic prompts. Models such as GPT-4.1 and o4-mini consistently achieve high scores across most attributes and
domains, particularly in Sci.R, CDT, and Hist., indicating strong reasoning reliability. In contrast, performance
degrades in perceptual-heavy domains like CVP and RS, where scores drop across multiple attributes. The heatmaps
also expose granular inconsistencies—e.g., faithfulness gaps in MED or informativeness variability in Agro—that
would be obscured by aggregate metrics. These results emphasize the value of attribute-level evaluation in diagnosing
model reasoning quality in Arabic multimodal tasks.
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Figure 16: Stepwise Attribute-Level Evaluation of Open-Source Models. Heatmaps visualizing average attribute-
level scores (1–10 scale) across ARB domains for six open-source models, based on the LLM-as-Judge framework
using Arabic prompts. Each cell reflects the model’s performance across core reasoning dimensions—faithfulness,
coherence, informativeness, and error-related factors—per domain. Models such as LLaMA-4 and AIN demonstrate
consistent stepwise quality across scientific and OCR tasks, while others like Qwen2.5-VL and LLaMA-3.2 struggle
in culturally sensitive or perception-heavy domains (e.g., Hist., Soc.Cult., RS). These results offer fine-grained
insight into open-model weaknesses and underscore the importance of domain- and attribute-aware evaluation in
Arabic multimodal reasoning tasks.
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 ةروصلا 78 تارايسلا عقاوم ديدحت :1 ةوط#"ا
 :1 ءارجلإا
 .تارايسلا دوجو نكامأ ديدحتل تاقرطلا CDعو تارايسلا فقاوم 78 ثحبلا
 .رمحلأا نوللاب ةMNملماو ةMLغصلا تابكرلما CDع MNكKLلا
 
 ءارمX"ا تارايسلا ديدحت :2 ةوط#"ا
 :2 ءارجلإا
 .ھنم ةبcرق تاجرد وأ رمحأa حوضوب ا^[ول ر\ظي YZلا تارايسلا CDع MNكKLلا
 .ة^lاشلما ناوللأاو للاظلا نMب طل#"ا مدع نم دكأتلا
 
 ةروصلا 78 ءارمX"ا تارايسلا دع :3 ةوط#"ا
 :3 ءارجلإا
 :ةروصلا 78 ا^pظحلام نكمي ءارمح تارايس 3 دجوي
 .ىرسrلا ةيلفسلا تارايسلا فقاوم 78 ةفقوتم ةدحاو
 .ةقطنلما سفن 78 نكسلا xyبم نم برقلاب ةفقوتم ةيناثلا
 .ةروصلا نم ىرسrلا ةcولعلا ةcوازلا نم برقلاب قcرطلا CDع ةثلاثلا
 
 دعلا ة�X نم ققحتلا :4 ةوط#"ا
 :4 ءارجلإا
 ل�ش� ا�دع مت دق ءارمX"ا تارايسلا عيمج نأ نم دكأتلل ةروصلا ةعجارم

�Xحي. 
  .ةروصلا 78 ءارمح تارايس 3 دجوي :ةيئا^�لا ةجي�نلا

  .ةروصلا 78 ءارمح تارايس 3 دجوي :ي+ا()لا باو#"ا
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 .ءارمX"ا تارايسلا CDع روثعلل ةروصلا ةعجارم :1 ةوط."ا
لاوأ -

ً
 .ءارمX"ا تارايسلا CDع روثعلل ا\لمكأب ةروصلا صحفب موقأس ،

 .ا\لمكأب ةروصلا صحف :1 ءارجلإا
 CDع روثعلل نMميلا �Dإ راسrلا نمو لفسلأا �Dإ CDعلأا نم صحفلاب أدبأس -
 .ءارمX"ا تارايسلا
 
 .ءارمX"ا تارايسلا ديدحت :2 ةوط."ا
 حلأا ا^[ول CDع ءًانب ءارمX"ا تارايسلا ديدحتب موقأس ،ةروصلا صحف دع� -

 2 :ي+ا()لا باو#"ا
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؟ةروصلا 78 ةدوجولما ءارم/.ا تارايسلا ددع مك
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 .'صوصنلا ليلحت' ةمCم A@ جذومن ل: ءادأ ديدحت :1 ةوط/"ا
 .جذومن لUل 'صوصنلا ليلحت' دنع ميقلا ةظحلام :1 ءارجلإا
 
 .'صوصنلا ليلحت' دع] ءادلأا XY @Aغتلا ةظحلام :2 ةوط/"ا
 لUل 'تامولعلما جارختسا' ةيلاتلا ةمCلما A@ ءادلأا ةنراقم :2 ءارجلإا
 .جذومن
 
 'يوغللا لعافتلا' A@ هؤادأ عفتري يذلا جذومنلا ديدحت :3 ةوط/"ا
 .ضافخنلاا دع]
 دع] جذومن لUل 'يوغللا لعافتلا' A@ ءادلأا ةظحلام :3 ءارجلإا
 .’تامولعلما جارختسا'
 
 .بولطلما طمنلا ةقباطم :4 ةوط/"ا
 ليلحت' دع] هؤادأ ضفخنا يذلا جذومنلا نأ نم دكأتلا :4 ءارجلإا
 D جذومن وu 'يوغللا لعافتلا' A@ عفترا مث 'صوصنلا

 D جذومن / ب  :ي+ا()لا باو#"ا
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 **تانايبلا ليلحت :1 ةوط/"ا
 مCفي نأ ص/� يأ ��ع بعصلا نم نا: ،{|}الما A@"" :صنلا *
�نلإا روCظ عمو .ةحاتلما تامولعلما ةيمكYلاو تنCةيكذلا فتاو، 
 "".ةXYبك ةلوCس] ةحاتم تامولعلما تحبصأ
 .ام ء{|� A@ ركفي ص/�ل ةروص :ة�رصبلا تانايبلا *
 

 **تانايبلا ليلحت :2 ةوط/"ا**
�نلإا"" :صنلا *Yتن uبك ردصم وXY لل информации. 
�نلإا ��ع ء{|� يأ نع ثحبن نأ اننكميYتن."" 
�نلإا ��ع ثحبي ص/�ل ةروص :ة�رصبلا تانايبلا *Yتن. 
 

 **تانايبلا ليلحت :3 ةوط/"ا**
 ىرن نأ اننكمي .لصاوتلل ةديج ةليسو وu ويديفلا"" :صنلا *
 "".ويديفلا A@ تايص/�لاو ءايشلأا
 .ويديف دuاش� ص/�ل ةروص :ة�رصبلا تانايبلا *
 

 **تانايبلا ليلحت :4 ةوط/"ا**
 .ءاقدصلأا عم لصاوتلل ديج ناUم وu كوبس�فلا"" :صنلا *
 "".روصو لئاسر لسرن نأ اننكمي
.كوبس�ف ��ع ةلاسر لسري ص/�ل ةروص :ة�رصبلا تانايبلا *

………..  
 

 ----- :ي+ا()لا باو#"ا
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 ،ماLم ةدع IJع Dو Cو Bو A جذامنلا ن?ب ةنراقلما 78
 ليلحت' ةمLم دعX هؤادأ طبSR اQRم جذومن يأ
؟يوغللا لعافتلا' دنع ادًدجم عفتري مث 'صوصنلا
:تارايh.ا

 A جذومن .أ
 D جذومن .ب
 B جذومن .ج

Figure 17: Qualitative Errors in Open-Source Models. This figure showcases common reasoning flaws in
open-source LMMs across diverse Arabic multimodal tasks. Errors include incomplete reasoning steps, inconsistent
logic, and hallucinated interpretations not grounded in the input. These issues often result in incorrect answers or
unreliable outputs, reflecting the challenges open models face in structured Arabic reasoning.
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 ت:وكلاو نانبل ةبس1 عومجم،مسرلا للاخ نم
؟ــــــــــــــــــــــــــــــــــــــــــــــــــ زواجتت
:تارايABا
٪٢٠ .أ

٪١٥ .ب
٪١٨ .ج
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QR لا لودجUن:رامتلا مضي يذلا ي1دبلا طاش 
ت abلا تارعسلاو ا_^اقوأو

ُ
 نمض نم ن:رمت يأ ،قرح

 تارعسلل قرح لدعم lmعأ ققح ةحاتلما تارايABا
QR ؟ةدحاو ةقيقد
:تارايABا

سsتلايب ١ عوبسلاا .أ
ةحابس ١ عوبسلاا .ب
 سsتلايب ٢ عوبسلاا .ج

 ل<ل ةقور;:ا تارعسلا ديدحتل ي2دبلا طاش-لا لودج ليلحت :1 ةوط#"ا
  .ةينمزلا ةدملل ةبس-لاب ن@رمت
 QRامجإ ةمسق ق@رط نع ةقيقد ل<ل تارعسلا قرح لدعم باسح :1 ءارجلإا
  .قئاقدلاب ن@رمتلا ةدم STع ةقور;:ا تارعسلا
 1 عوبسلأا للاخ سWتلايبل تارعسلا قرح لدعم باسح :2 ةوط#"ا
  .2 عوبسلأاو
  :2 ءارجلإا
  .ةقيقدلا *( ةرعس 12.04 = )ةقيقد 57 / ةرعس 685( 1 عوبسلأا *( س'تلايب -

  .ةقيقدلا *( ةرعس 10.84 = )ةقيقد 89 / ةرعس 964( 2 عوبسلأا *( س'تلايب -

  .1 عوبسلأا R` ةحابسلل تارعسلا قرح لدعم باسح :3 ةوط#"ا
  :3 ءارجلإا
 .ةقيقدلا *( ةرعس 6.48 = )ةقيقد 48 / ةرعس 311( 1 عوبسلأا *( ةحابس -
  .ةثلاثلا ن@رامتلا نdب تارعسلا قرح تلادعم ةنراقم :4 ةوط#"ا
  :4 ءارجلإا
  .ةقيقدلا *( ةرعس 12.04 :)1 عوبسلأا( س'تلايب -

  .ةقيقدلا *( ةرعس 6.48 :)1 عوبسلأا( ةحابس -

  .ةقيقدلا *( ةرعس 10.84 :)2 عوبسلأا( س'تلايب -
  .تارعسلل قرح لدعم STعأ بحاص ن@رمتلا ديدحت :5 ةوط#"ا
 وk ثيح ،STعلأا وk 1 عوبسلأا R` سWتلايبل تارعسلا قرح لدعم :5 ءارجلإا

  .ةقيقدلا R` ةرعس 12.04
 مت xyلا ن@رامتلا طقف لمشu ةحاتلما تارايrsا نأ نم دكأتلا :6 ةوط#"ا
 سWتلايبلا ن@رامتب قلعتت ةرو~ذلما تارايrsا عيمج :6 ءارجلإا .ا}ليلحت
.ةقيقد ةنراقلما لعجي امم ،ةحابسلاو
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.أ :,
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ps .نانبلل ة/وئلما ةبس)لا ديدحت :١ ةوط0"ا
.٪١٠.٤ نانبلل ة/وئلما ةبس)لا :١ ءارجلإا 
 
 .ت/و9لل ة/وئلما ةبس)لا ديدحت :٢ ةوط0"ا
.٪٧.٢ ت/و9لل ة/وئلما ةبس)لا :٢ ءارجلإا
 
 .نBت/وئلما نBت@س)لا عمج :٣ ةوط0"ا
.٪١٧.٦ = ٪٧.٢ + ٪١٠.٤ :٣ ءارجلإا
 
 زواجتت ةيلامجلإا ة/وئلما ةبس)لا تناJ اذإ ام ديدحت :٤ ةوط0"ا

.٪٢٠ وأ ٪١٨ وأ ٪١٥
.٪١٨ و ٪١٥ زواجتت اVWكل ٪٢٠ زواجتت لا ٪١٧.٦ ةبس)لا :٤ ءارجلإا 

+*اهنلا باوجلا
.٪٢٠ .أ :,

 مسرلا نم ت/و9لاو نانبلل ة/وئلما بس)لا ديدحت :1 ةوطXYا
 .يbايبلا
 gh ت/و9لا ةبسbو gh 10.4٪ نانبل ةبسb نأ ةظحلام :1 ءارجلإا

7.2٪.
 
 .نBت@س)لا عومجم باسح :2 ةوط0"ا
.thكلا عومvwا tuع لوصopل ٪7.2و ٪10.4 عمج :2 ءارجلإا
 
 .ةحاتلما تارايXYا عم thكلا عومvwا ةنراقم :3 ةوط0"ا
.٪17.6 و} thكلا عومvwا :3 ءارجلإا
 
 .thكلا عومvwا زواجتي يذلا رايXYا ديدحت :4 ةوط0"ا
 لا ھنكلو )ب رايXYا( ٪15 زواجتي ٪17.6 نأ ةظحلام :4 ءارجلإا
.)أ رايXYا( ٪20 وأ )ج رايXYا( ٪18 زواجتي

� ةحاتلما ن/رامتلا ديدحت :1 ةوط0"اh اXY١ عوبسلاا :تاراي 
 .س�تلايب ٢ عوبسلاا ،ةحابس ١ عوبسلاا ،س�تلايب
� ن/رامتلا هذ} نع ثحبلا :1 ءارجلإاh اXwلود. 
 
� ن/رمت ل9ل تارعسلا قرح لدعم باسح :2 ةوط0"اh ةقيقدلا. 
� قرXpا لدعم :ةغيصلا مادختسا :2 ءارجلإاh قرح = ةقيقدلا 
 .ن/رمتلا ةدم / تارعسلا
 
:ن/رمت ل9ل قرXpا لدعم باسح :3 ةوط0"ا
 :3 ءارجلإا
 15.94 = ةقيقد 65 / ةرعس 1036 :س�تلايب ١ عوبسلاا -

 .ةقيقد/ةرعس
 3.31 = ةقيقد 94 / ةرعس 311 :ةحابس ١ عوبسلاا -

 .ةقيقد/ةرعس
 13.68 = ةقيقد 84 / ةرعس 1149 :س�تلايب ٢ عوبسلاا -

 .ةقيقد/ةرعس
 
 .قرXpا تلادعم ةنراقم :4 ةوط0"ا
 .قرح لدعم tuعأ ھيدل يذلا ن/رمتلا ديدحت :4 ءارجلإا
 
 .قرح لدعم tuعأ ققحي يذلا ن/رمتلا ديدحت :5 ةوط0"ا
� تارعسلل قرح لدعم tuعأ ھيدل س�تلايب ١ عوبسلاا :5 ءارجلإاh 
.)ةقيقد/ةرعس 15.94( ةقيقدلا
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Correct by coincidence

Claiming that 17.6% > 18%.

Figure 18: Qualitative Errors in Closed-Source Models. This figure highlights reasoning failures by closed-source
LMMs across various Arabic multimodal tasks. Common issues include incorrect numerical comparisons, invalid
assumptions, misinterpreted constraints, and logically inconsistent step sequences. These errors often lead to
incorrect conclusions despite the appearance of structured reasoning, underscoring the limitations of current closed
models when operating in Arabic.
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G Qualitative Examples971

As a further illustration of the quantitative trends972

discussed in section 4, we present qualitative exam-973

ples of reasoning failures in both open- and closed-974

source models (Figures 17 and 18). These exam-975

ples reveal persistent issues such as incomplete rea-976

soning chains, hallucinated content, and misapplied977

constraints across a range of Arabic multimodal978

tasks. While some outputs appear structurally co-979

herent, they often fail to adhere to task-specific980

logic or factual correctness. These qualitative in-981

sights reinforce the need for Arabic-centric bench-982

marks like ARB to diagnose and improve model983

behavior in complex reasoning scenarios.984

H Data Statistics985

H.1 Distribution of Reasoning Steps per986

Sample987

To examine the structure of the ARB benchmark988

across domains, we report key statistical findings.989

Figure 20 illustrates the distribution of step counts990

in all ARB entries over their domains, revealing the991

frequency and variance of the step depth required992

for the completion of the task.993

H.2 Token Count by Domain994

Figure 21a shows the distribution of question to-995

ken lengths across domains. Most questions are996

relatively concise, but domains such as Medical997

Reasoning (MED) and Historical and Archaeologi-998

cal Understanding (Hist.) exhibit higher variabil-999

ity and longer lengths. This reflects the inherent1000

complexity and information density required in spe-1001

cialized domains. Similarly, Figure 21b presents1002

the token length distribution of the reasoning steps.1003

These are often longer in domains like Medical1004

Reasoning, Math and Logic (M&L), and Historical1005

and Archaeological Understanding, indicating the1006

need for more elaborate multi-step reasoning in1007

knowledge-intensive tasks.1008

H.3 Question-to-Reasoning Token Ratio1009

Figure 22 depicts the average ratio of question1010

tokens to reasoning step tokens across domains.1011

Generally, reasoning steps are significantly longer1012

than the original questions, with ratios exceeding1013

30% in most cases. Notably, the Medical Reason-1014

ing (MED) and Agricultural Image Interpretation1015

(Argo) domains show the highest ratios, suggest-1016

ing that these tasks demand extensive inferential1017

elaboration beyond the surface-level query.1018

H.4 Performance Correlation with Length 1019

Preliminary analysis indicates that longer reason- 1020

ing chains are modestly correlated with improved 1021

performance in complex domains such as Medical 1022

and Scientific Reasoning. However, excessive ver- 1023

bosity does not consistently yield higher accuracy, 1024

highlighting the importance of targeted, efficient 1025

reasoning over mere length. 1026

M&L
41%

CDT
24%

Soc.Cult.
8%

Sci.R
6%

MED
4%

Hist.
4%

OCR
3%

CVP
3%

Argo
3%

RS
2%

VR
2%

Figure 19: Domain Distribution in ARB. The figure
shows the distribution of ARB samples across 11 do-
mains. Math & Logic (41%) and Charts, Diagrams, &
Tables (24%) dominate, reflecting the dataset’s empha-
sis on structured reasoning. Other domains, including
Social & Cultural, Scientific, and Medical, add thematic
diversity.

H.5 Average Number of Steps and Domain 1027

Effects 1028

On average, domains such as Medical, Scientific 1029

Reasoning, and Historical and Archaeological Un- 1030

derstanding require a greater number of reasoning 1031

steps per question, compared to more straightfor- 1032

ward domains like OCR or Remote Sensing (RS). 1033

This suggests that scientifically and historically 1034

grounded tasks inherently involve deeper multi- 1035

hop reasoning, presenting greater challenges for 1036

both human annotators and models. 1037
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Figure 20: Step Count Distribution by Domain. This figure shows the frequency distribution of reasoning steps
per sample across the 11 ARB domains. Most domains exhibit a concentration between 2 and 6 steps, with Math &
Logic, History, and Remote Sensing containing a larger share of samples requiring extended reasoning chains.

(a) Question Token Length Distribution by Domain. The figure shows the distribution of token counts for questions across
different domains in ARB. Domains such as Medical Reasoning (MED) and Historical and Archeological Understanding (Hist.)
exhibit higher variability and longer questions, reflecting their inherent complexity.

(b) Reasoning Steps Token Length Distribution by Domain. The figure presents the distribution of token counts for the
generated reasoning steps across domains. Reasoning steps tend to be longer in complex domains such as Medical, Math &
Logic, and Historical & Archaeological Understanding (Hist.), highlighting the need for extended multi-hop reasoning.

Figure 21: Question token analysis in ARB: (a) token length by domain, and (b) [describe the second figure].
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Figure 22: Question-to-Reasoning Token Ratio by Domain. The figure illustrates the average ratio between
question token lengths and reasoning step token lengths across domains. Higher ratios in domains like Argo
and MED indicate that these tasks require significantly more elaborate reasoning chains compared to the original
question length.
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