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Abstract

We present MizanQA, a benchmark for assess-
ing LLMs on Moroccan legal MCQs, many
with multiple correct answers. Covering 1,776
expert-verified questions in Modern Standard
Arabic enriched with Moroccan idioms, the
dataset reflects influences from Maliki ju-
risprudence, customary law, and French le-
gal traditions. Unlike single-answer settings,
MizanQA features variable option counts, cre-
ating added difficulty. We evaluate multilin-
gual and Arabic-centric models in zero-shot,
native-Arabic prompts, measuring accuracy,
a precision-penalized F1-like score, and cal-
ibration errors. Results show large perfor-
mance gaps and miscalibration, particularly un-
der stricter penalties. By scoping this bench-
mark to parametric knowledge only, we provide
a baseline for future retrieval-augmented and
rationale-focused setups.

1 Introduction

Large language models (LLMs) have driven ma-
jor advances in natural language understanding
and generation, yet their effectiveness in special-
ized domains such as legal contexts—especially
in low- and medium-resource languages like Ara-
bic—remains an open research challenge. This pa-
per investigates LLMs’ ability to comprehend and
process Arabic legal corpora within the Moroccan
legal system.

Moroccan legal language intensifies the
difficulties Arabic already poses for LLMs
(Bayan Kmainasi et al., 2025; Daoud et al., 2025).
Although written in Modern Standard Arabic,
Moroccan law is permeated with local idioms
and cultural references. It reflects a blend of
Islamic Maliki jurisprudence, customary law, and
French/international influences, which introduces
“cultural specificities inherent to legal terminology”
(Ismail Mellouki, 2021). As a result, statutes often
use archaic or region-specific expressions absent
from standard Arabic corpora. For NLP systems,
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this mix of formal syntax and Morocco-specific
terminology creates major challenges, making
accurate legal QA dependent on handling precise
phrasing while recognizing concepts unique to
Morocco’s legal system.

We introduce MizanQA, a benchmark for evalu-
ating LLMs on Moroccan legal question answering.
It contains over 1,700 MCQ pairs spanning basic
legal knowledge to detailed reasoning in various
legal categories. A key feature is the presence of
multi-answer questions, which increase task diffi-
culty beyond standard single-answer formats.

In summary, this paper makes the following key
contributions:

* A curated Arabic MCQ benchmark! for Moroccan
law with multi-answer items and variable option
counts.

e Clearer evaluation criteria for multi-answer MCQ:
strict accuracy, precision-penalised F1-like, and
ECE variants (per-option, set-level).

» Zero-shot, native-Arabic evaluation of multilin-
gual and Arabic-centric LLMs, revealing accuracy
and calibration gaps.

* A parametric-knowledge baseline (no retrieval), to
be complemented by RAG and reasoning tracks in
future work.

2 Related Work

The success of multilingual LLMs (e.g., GPT
(OpenAl et al., 2024), Gemini (Yang et al., 2024;
Team et al., 2023)) has led to native Arabic mod-
els such as ALLAM (Bari et al., 2024) and JAIS
(Sengupta et al., 2023), yet these still show domain-
specific knowledge gaps (Bayan Kmainasi et al.,
2025; Daoud et al., 2025). Existing legal bench-
marks are mostly English-focused (Fei et al., 2024;
Hijazi et al., 2024; Guha et al., 2023; Pipitone and
Alami, 2024; Li et al., 2024; Dahl et al., 2024), with

1https: //huggingface.co/datasets/adlbh/
MizanQA-v@
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only limited coverage in Chinese (Fei et al., 2024;
Li et al., 2024) and Saudi Arabic (Hijazi et al.,
2024). To date, just one Arabic legal benchmark
exists (Hijazi et al., 2024), largely based on trans-
lated content and Saudi law. This work introduces
the first Moroccan legal QA dataset, capturing its
unique linguistic and cultural complexity. Unlike
prior benchmarks with only single-answer MCQs,
Moroccan legal exams often require multiple cor-
rect answers from variable option sets, motivating
new evaluation metrics for this setting.
3 MizanQA Dataset
3.1 General Description

MizanQA is constructed from publicly available
Moroccan law MCQ banks and exams. The dataset
contains 1,776 questions, option counts range 2—12,
and correct-answer counts 1-10 across 9 law cat-
egories. Table 1 summarises different statistics of
MizanQA. The dataset contains a varying number
of options and correct answers, which increases
the complexity of the benchmark. Table 2 lists
the number of questions per legal topic category.
Table 3 gives an example of a question present
in MizanQA. Figure 1 shows the distribution of
the number of options per question in the dataset.
Figure 2 shows the distribution of the number of
correct options in the dataset.
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Figure 1: Distribution of the number of options in the
dataset.

3.2 Construction Process

The dataset’s construction process went through
multiple phases, with hybrid manual and automated
steps.

* Step 1: Collection. We collected a set of pub-
licly available Moroccan-law MCQ sources.

* Step 2: Temporal curation A legal expert
curated the collected documents to sift out
any documents that use outdated legislation.
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Figure 2: Distribution of the number of correct options
in the dataset.

* Step 3: Organisation. MCQs were grouped
into image batches to enable automated ex-
traction. For structured documents with con-
sistent formatting, this was automated, while
irregular documents (e.g., spanning pages
or with answers at the end) required man-
ual organization. In these cases, annota-
tors captured screenshots of complete ques-
tion—option—answer sets, ensuring each page
was self-contained before conversion to im-
ages.

» Step 4: Extraction. The images contain-
ing batches of MCQs produced in the pre-
vious step are fed to a multimodal LLM
(i.e. Gemini-2.0-Flash in our case) to extract
MCQs in a standardised format.

* Step 5: Verification. The extracted MCQs in
the previous step are verified manually. The
curators follow a set of verification guidelines
(appendix A.5) to ensure that the extracted
questions are identical to the original ones.

* Step 6: Categorisation. Depending on the
original documents, MCQs are categorised
manually based on the set of legislation they
represent (e.g. Criminal law, constitution, etc).
This is followed by normalisation of the cate-
gories to remove any redundancy.

4 Benchmarking Study

4.1 Evaluation metrics

Accuracy Measures We found that most MCQs
from Moroccan sources have multiple options.
An answer is considered correct only if all the
right options are chosen. To our knowledge, prior
QA benchmarks do not target multi-answer Ara-
bic MCQs with variable option counts. Conse-
quently, we created different performance met-

133



Statistic Values
Number of questions 1776
Number of categories 9
Number of options per question min: 2, max: 12
Number of words per question min: 1, max: 63
Number of correct options per question | min: 1, max: 10
Number of words per option min: 1, max: 71

Table 1: General statistics of MizanQA. min and max signify the range of values that a statistic has in the MizanQA.

Category (EN) Category (AR) Count
Civil Procedure Aol 3 el 460
Criminal Law Akt O galaty 847
Exam St Y| 131
Family Code 5 N A gte 38
Family Law o ,w¥ 3aled! 66
Law of Obligations and Contracts 2 gaatl g Olal 23N O gold 37
The Judicial System of the Kingdom — 4Sleold bl edaicd 88
The Justice Sector Juall ¢ s 39
The Moroccan Constitution o2 el ghewd| 70

Table 2: Distribution of topic categories in MizanQA.

Arabic

English Translation

Question

Options

Answer

(Jelad J3i Ails 51 LI cows 3]
dooliat of WSLB of 3,008 el y o
cell sliell b Ailad db s
sLS) dovis ol Al ngolSS f laslw
D13 (el A5l 3o

A ALY aaSmal J g¥ s ML
Byl (e Auadl ade Ad g aedl
syl 3 13) Solell alall Juss 4l
Lalse  Iyldliue  Guas 4 G
'WieSmas  Gud=UL, ‘B’ Glas fal
S Hladwed! Ol Aol e
Leasl Wl | ol ey Guasill
GLlisdl A2,8 ), 'Cr Eas 1Y
dundll o dld (Ao ).asﬂ
Gl e ASIMG RS (I
dolge Lgxd mgiall Jgljn, D’ s
3] (add) AeSme (1) polais¥
Ma jo Adiliadll Al yal daslss ol
DIy g gemn B Al g 5 yabeed
ASleatl, B el B dall (S
eSSl A b J3 ), T e
'Z\a__'c_‘:-..v.a 2\43:.-‘5”

F

If it is alleged that a Pasha, a first deputy
to a governor, a head of a department, a
commander, or a judicial police officer
other than those previously mentioned,
has committed a felony or misdemeanor
while performing their duties, then

’A’: The first president of the Court of
Appeal to whom the case is referred by
the Public Prosecutor, if he decides to
conduct an investigation, shall appoint
an advisor in charge of the investigation
in his court., ’B’: If it is a felony, the
investigating advisor issues an order re-
ferring the case to the criminal chamber.,
’C’: If it is a misdemeanor, he refers the
case to a court of first instance other than
the one in which the accused performs
his duties., *’D’: Jurisdiction reverts to the
Court of Cassation if the judicial police
officer is qualified to perform his duties
throughout the Kingdom., E’: The civil
party may intervene before the arbitral
tribunal., "F’: All the answers are correct

F

Table 3: An example of a Question and its corresponding answer in MizanQA.
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rics to evaluate LLMs on this task. Let QO =
(Qi, 04, C;), be the set of questions (), their cor-
responding options O; and the correct options Cj.
Let P(Q;, O;) be a prompt parameterised by ques-
tion @); and its corresponding options O; and let
S; = LLM(P(Qi, O;)) be the set of options pre-
dicted by an LLM to be correct for question Q);.
Si = {(¢j,p;)}; is composed of tuples (¢;,p;),
where C' = {¢;}; is the set of predicted options,
¢; € O; is an option selected by the LLM and

€ [0,1] is the LLM’s corresponding confidence
that option j is the right option. We define strict
accuracy as:

12l

ACC |Q‘ZE[C\C =C;\Cy=0)]

(1

114 is the indicator function, which equals 1 if A is
true and O otherwise. ACC rewards only perfectly
correct answers. Additionally, to reward partial cor-
rectness while penalising incorrect selections, we
propose a metric inspired by the F1 metric (Sitarz,
2022):

Q]

. 1 2P,R;
Fl-like, = —
RATe] Zi P+ R;

where R; = % is equivalent to recall and

2

o TP, . . ..
P = w555 P rafp 1S equivalent to precision, such

that TP, = | 5|, FP, = |C; \ Cy| and
FN; = |C;\ ;] are true positives (correct answers

selected), false positives (wrong answers selected)
and false negatives (missed correct answers), re-
spectively. a > 1 increases the penalty for wrong
choices. We also propose Partial Match Penalized
Accuracy (PMPA):

PMPA; = & 319 max (0, min (1, %))

3
where 5 € [0,1] is a penalty factor for incorrect
answers. The F1-like score and the PMPA score
have a similar objective, but the PMPA score is
more advantageous in cases where the number of
correct options varies significantly. This is partic-
ularly important since the number of options per
question in our dataset varies from 2 to 12.

Confidence calibration measures A model ex-
hibits well-calibrated uncertainty when its pre-
dicted probabilities are congruent with observed
empirical frequencies; specifically, events assigned
a probability p occur with a relative frequency of

p in empirical validation. Following (Naeini et al.,
2015), we estimate Expected Calibration Error
(ECE) by binning predicted confidences of N sam-
ples into M equally-spaced bins B = {B,,}M_,
w.r.t. the prediction confidence estimated for each
sample. The empirical ECE estimator is given by,

B
ECE=)_ |]\T||conf(Bm) —acc(Bp)| )
m=1
We use this measure in two settings: a) the Per-
Option Calibration and b) Set-level Calibration.

* Per-option Calibration Setting: Let Doy =
{(vi,j,pi,j)} such that i is the index of examples
and j is the index of options (i.e. jth predicted
option of the ith example). Let y; ; = 1jz, .ec,-

— The empirical accuracy in bin B,,, is:

acc(Bp,) Z Ly—1y )
y:p)EBm
— The average predicted confidence is:
conf(Bp) = —— Y. p (6)

— Number of examples N: N =

(?J P)EBm

| Dop|

* Set-level Calibration: let Ds; = {(z;, ¢;) }; such
that z; = ]l[ ¢,=c,) 1s an indicator which equals
1 if and only if the predicted set exactly matches
the ground truth. Set-level confidence multiplies
option confidences, implicitly assuming indepen-
dence: q; =[], ,,)es, Pj- We use it as a conser-
vative proxy for joint correctness without adding
model-specific calibration tricks. After binning
the pairs (z;, ¢') the following metrics can be cal-
culated :

— Empirical accuracy in each bin (acc(B;y,)):

1
B 2

(Zi 7qi)€Bm

acc(By,) = (7)

— Average predicted joint confidence (conf(B,)):

1
conf(B,,) = —— Z i )
| Bin|
(Zi7qi)6B7n
— Number of examples N: N = |Dy|

Practically, the Per-option Calibration Setting
(ECEop) and the Set-level Calibration error
(ECEq¢) are obtained by replacing their respec-
tive expressions of conf(B,,), acc(B,,) and N in
equation 4.
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Why F1-like and PMPA? Multi-answer MCQs
require selecting all and only correct options, so
naive accuracy both under-rewards partial knowl-
edge and conflates omission with commission er-
rors. To address this, F1-like, penalizes extra
wrong selections more heavily, while PMPA g nor-
malizes by the true set size, ensuring comparability
across variable option counts and numbers of cor-
rect answers (as in Moroccan legal MCQs). Along-
side ECE at both option and set levels, these metrics
capture not only prediction accuracy but also confi-
dence calibration under multi-answer uncertainty.
4.2 Baselines

We evaluated various multilingual and spe-
cialised Arabic LLMs on MizanQA. These mod-
els have varying levels of complexity (i.e. num-
ber of parameters, support for reasoning etc). We
evaluated the following models: Allam-2 (7b)
(Bari et al., 2024), Gemini-1.5-Flash (Yang et al.,
2024; Team et al., 2023), Gemini-2.0-Flash (Yang
et al., 2024; Team et al., 2023), Llama-3.3 (70b)
(Grattafiori et al., 2024), Llama-4-Maverick (17b)
(Team, 2025), and Llama-4-Scout (17b) (Team,
2025).
4.3 Experimental Setting

All models are evaluated zero-shot in native Ara-
bic script with a fixed prompt (English translation
in Fig. 3), requiring outputs as option letters with
per-option confidence. Responses are parsed, mal-
formed outputs are re-prompted, and failures are
marked incorrect. Experiments use temperature =
1, with no tool use or retrieval (details in Appx. B).
We deliberately exclude retrieval-augmented set-
tings to isolate models’ parametric legal knowledge
in Moroccan Arabic. This avoids confounding re-
trieval with reasoning, ensures comparability to
prior legal QA benchmarks, and establishes a base-
line for future retrieval-augmented extensions.
4.4 Results

Table 1 summarises the overall results. Gemini-
2.0-Flash leads ACC and PMPA, and is best on F1-
like(2) (higher penalty on extra selections). Llama-
4-Maverick narrowly tops F1-like(1) and exhibits
the lowest ECE at both option and set levels, in-
dicating more conservative confidence allocation.
Performance declines as penalty strength increases.
Results confirm substantial gaps and miscalibra-
tion, especially under stricter penalties.
4.4.1 Performance vs. category

Appendix B.1 shows that LLM performance
generally improves from Allam-2 (7b) to Gemini-
2.0-Flash, with Gemini models outperforming the

Prompt(EN)

- You have been given a question about Moroccan
law.

- Answer the question by choosing the correct option
indicator.

- You can choose multiple options that you think are
correct.

- Make sure to choose only the correct options or you
will be penalized.

-Give your confidence score from 1 to 100 for each
option you choose.

- Your output must be in the following format only
[("Confidence Score", "Option 1"), ("Confidence
Score", "Option 2")...].

# Question:

<QUESTION>

# Options:

<OPTIONS>

#Answer:

Figure 3: English translation of instructions used to
prompt various LLMs to answer MizanQA questions.

Model PM(1) 1 PM(0.5)1 F1(1) 1 F1(2) 1
Allam-2 (7b) 26.88  34.04 43.07 39.93
Gemini-1.5-Flash 3590 4423 5330 48.93
Gemini-2.0-Flash 5357 5834 64.84 62.16
Llama-3.3 (70b) 46.78  50.73 5921 56.18
Llama-4-Maverick (17b)  49.97  55.53 64.90 61.29
Llama-4-Scout (17b) 4406  49.01 59.51 55.60

(a) F1(«) refers to the F1-Like metric in equation 2. and
PM(3) refers to the measure in equation 3.

Model ACC 1 ECEgp | ECEg |
Allam-2 (7b) 15.32 2842 5143
Gemini-1.5-Flash 2426 34777 48.52
Gemini-2.0-Flash 42.11 28.15 41.16
Llama-3.3 (70b) 33.28 3527 59.40
Llama-4-Maverick (17b) 36.83 17.64  29.10
Llama-4-Scout (17b) 31.27 3699 61.78

(b) ACC refers to equation 1; ECEqy and ECEy refer the
options and set variants of equation 4 respectively.

Table 4: Evaluation results of various models on
MizanQA.

Llama series. Accuracy is higher in the Law of
Obligations and Contracts and the Moroccan Con-
stitution, likely due to alignment with international
legal standards, while lower scores in the Fam-
ily Code and Criminal Law reflect challenges tied
to Islamic jurisprudence and human rights frame-
works. Calibration errors vary across models and
categories, revealing inconsistencies between con-
fidence and predictive accuracy.
4.4.2 Performance vs. Options Count
Appendix B.2 shows that performance declines
as the number of options increases: accuracy and
selection-sensitive metrics (F1-like, PMPA) drop,
while calibration errors rise at both option and set
levels. The steepest losses occur in F1-like(2) and
PMPA(1), with ACC falling more gradually and

136



ECEge; growing faster than ECE,, due to com-
pounding uncertainty. While model rankings re-
main stable, performance gaps widen at high op-
tion counts, underscoring choice-set size as a key
challenge and the importance of selection-aware
metrics and set-level calibration.

S Conclusion

This paper introduces MizanQA, the first bench-
mark for evaluating LLMs on Moroccan legal
question answering. The dataset comprises 1,776
expert-validated MCQs from authentic legal texts,
including many multi-answer items with variable
option counts that reflect the linguistic and con-
ceptual complexity of Moroccan law. Initial re-
sults indicate baseline competence but persistent
gaps—especially as choice sets grow; by scoping
this benchmark to parametric knowledge only (no
retrieval), we establish a clear foundation for future
retrieval-augmented and rationale-focused tracks.

6 Real world Impact

Morocco is home to a population of over 37
million and a vibrant multilingual legal ecosys-
tem, yet many citizens—especially in rural areas,
among Amazigh-speaking communities, or in eco-
nomically disadvantaged settings, face acute bar-
riers when it comes to accessing and understand-
ing legal knowledge. Despite recent reforms and
laws promising transparency, implementation re-
mains patchy and information often remains inac-
cessible. In recent years, the rapid emergence of
legal-technology platforms (such as Juridia) has
been reshaping access to justice and legal services.
Despite this progress, there remains a striking ab-
sence of publicly-available benchmark datasets
aligned with the domestic legal context (Arabic,
French, Moroccan regulatory and case-law mix)
that industrial systems can use for rigorous evalua-
tion, model comparison and continuous improve-
ment. Our proposed dataset fills this gap by of-
fering domain-specific, openly reusable data tuned
to Morocco’s legal ecosystem, thereby enabling
legal-tech developers, law firms and regulators to
benchmark model performance, identify bias or er-
rors. In doing so, it supports the deployment of
robust, scalable NLP systems in real-world indus-
trial settings.

Limitations

This work is a domain-specific first step in Ara-
bic legal evaluation, focused on Moroccan law.
Limitations include: (i) coverage bias from a fi-
nite set of law categories and imbalance across

them; (ii) limited real-world complexity, as even
reasoning-based, multi-answer items can oversim-
plify legal interpretation; and (iii) reliance on
MCQs, which do not fully capture professional rea-
soning. Following prior work (Guha et al., 2023;
Fei et al., 2024), MizanQA is scoped to parametric
knowledge only (no retrieval, prompt engineering,
or tool use) to isolate memorized legal-term under-
standing and provide a clean baseline for future
retrieval-augmented and rationale-required tracks.
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Ethics Statement

This work presents MizanQA, a research-
oriented legal QA benchmark based on Moroc-
can law, constructed from official public-domain
sources while excluding sensitive data. One legal
expert and four researchers (PhD/postdoc) volun-
teered to verify MCQs and correct answers (Ap-
pendix D). Verification guidelines required content-
faithful transcriptions, option-order checks, and
answer parity with the source. No personal data
were used. We include license, compensation (vol-
unteer), and conflict-resolution procedures in Ap-
pendix D.
A Construction process

The construction process of MizanQA is semi-
automated. It is composed out of multiple steps,
some of which are automated while others require
human intervention. We observed that a signifi-
cant number of documents are based on outdated
legislation; consequently, to remove these docu-
ments, Step 2 was included. The motivation behind
steps 3 and 4 is the problems faced by annotators
when copying and pasting Arabic text from PDFs.
The vast majority of documents, when copied and
pasted, produce unreadable information. Conse-
quently, optical character recognition (OCR) was
essential to automate the extraction. Although the
automated extraction is highly accurate, the LLM
produces some mistakes (e.g. not listing all the
right answers, etc). To eliminate these issues step
S is conducted for manual verification. In the last
step, MCQs are categorised depending on the orig-
inal documents from which they were extracted,
and the categories are normalised to remove any
redundancies made by the annotators. In what fol-
lows, we give more details about the construction
process.
A.1 Step 1: Collection

The data is collected from a plethora of docu-
ments that are generally PDFs or Word documents.
The MCQs are structured in various formats inside
the documents: single MCQ per page (Figure 4),
multiple MCQ per page (Figure 5), etc.
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Figure 4: An example of a document page.
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Figure 5: An example of a document page.

A.2  Step 2: Temporal curation

The raw documents are given to a legal expert to
evaluate the recency of the legislation that they are
based on. The documents based on outdated legis-
lation are not considered for further processing.
A.3 Step 3: Organisation

The chosen documents are then either manually
or automatically transformed into images contain-
ing batches of MCQs. The automatic process takes
advantage of the structured nature of some docu-
ments to gather them in batches. On the other hand,
for more irregular documents (e.g. pages contain a
varying number of MCQs, MCQs that are not com-
pletely expressed on the same page, the answers
for MCQs are in a separate page, etc). In this case,
the MCQs are screened one by one manually and
concatenated into a document. The pages of the
documents are then turned into images. Figure 6
shows an example of these images.

A.4 Step 4: Extraction

After organising the MCQs to images, where
each image contains a batch of MCQs, the im-
ages are fed to a vision LLM (Gemini-2.0-Flash) to
structure the MCQs in a machine-readable format
automatically. Figure 7 represents the prompt used
to extract MCQs. The extraction LLM is used only
to transcribe/structure public-domain MCQs; all
items/answers were manually verified (A.5), and
extraction does not influence evaluation.
A.5 Step 5: Verification

In this step, the MCQs are manually verified
by annotators. The verification step follows the
following guidelines:
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QA Pairs extraction from images

#Instructions: - This is a list of multiple-choice
questions in Arabic.
- Extract the different MCQS in the following format:

[

nonn
s

"question":
"options":
TAT,
"B": ",

s
"answer": "option index letter",
“hint":"",

woown

"source":

B

# Response:

.

Figure 7: Prompt for extracting MCQs from the organ-
ised images of MCQs obtained in step 3.

L]

Check if the question is identical to the origi-
nal question.

Check if the options are correct.

Check if the order of options is the same.

¢ Check if the answers are identical to the
source answers.

A.6 Step 6: Categorisation

The annotators are tasked to use the original
documents from which the MCQs are extracted to
categorise the different law texts that they are based
on (e.g. Criminal Law, Constitution, etc.). These
categories are explored and normalised to remove
any redundancy.
B Benchmarking

MizanQA is tested on many multilingual and
Arabic language models to assess their knowledge
of Moroccan law. Figure 8 shows the prompt for
prompting the different LLMs. 9 gives an English
translation of the prompt. We map reported confi-
dences to [0,1] by dividing by 100.
B.1 Performance vs. Law Category

Table 5 summarises the results of the different
models by law category. The models are assessed
across several Moroccan law categories: Civil Pro-
cedure, Criminal Law, Family Code, Family Law,
Law of Obligations and Contracts, The Judicial
System of the Kingdom, The Justice Sector, and
The Moroccan Constitution. Per-category analyses
exclude the ‘Exam’ bucket (mixture of topics) to
isolate category effects. Across the models, there
is a general trend of improvement in performance
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Figure 8: Instructions used to prompt various LLMs to
answer MizanQA questions.

Prompt (EN)

- You have been given a question about Moroccan
law.

- Answer the question by choosing the correct option
indicator.

- You can choose multiple options that you think are
correct.

- Make sure to choose only the correct options or you
will be penalized.

-Give your confidence score from 1 to 100 for each
option you choose.

- Your output must be in the following format only
[("Confidence Score", "Option 1"), ("Confidence
Score", "Option 2")...].

# Question:

<QUESTION>

# Options:

<OPTIONS>

#Answer:

Figure 9: English translation of instructions used to
prompt various LLMs to answer MizanQA questions.
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from Allam-2 (7b) to Gemini-2.0-Flash, with the
Gemini models generally outperforming the Llama
models. For specific law categories, Law of Obliga-
tions and Contracts and the Moroccan Constitution
tend to have higher scores across most metrics and
models, indicating that these areas may be easier
for the LLMs to handle. This may reflect greater
alignment with internationally standardised con-
cepts and terminology. Conversely, Family Code
and Criminal Law often exhibit lower performance
scores, suggesting these domains pose a greater
challenge. These domains combine Islamic ju-
risprudence with modern human-rights norms, in-
creasing doctrinal complexity. The calibration er-
rors (ECEp and ECEge) vary across models and
categories, with no clear pattern of consistency, in-
dicating differences in the models’ confidence and
accuracy alignment.

B.2 Performance vs. Number of options

In addition, figures 10, 11,12, and 13 repre-
sent the stratified results by the number of an-
swer options (2—12) for Gemini-2.0-Flash, Gemini-
1.5-Flash, Llama-3.3 (70b) and Llama-4-Maverick
(17b) respectively. We report ACC, F1-like(1/2),
PMPA(1/0.5), and calibration (ECE,p, ECEgey) per
bin. All metrics are shown on a 0-100 scale; ECE
values are plotted as percentages. Across Gemini-
2.0-Flash, Gemini-1.5-Flash, Llama-3.3-70B, and
Llama-4-Maverick-17B, we observe the same qual-
itative pattern: as the number of options per ques-
tion increases, accuracy and the selection-sensitive
metrics (F1-like and PMPA) decrease, while cali-
bration errors—both option-level ECE and set-level
ECE—increase. The decline is most pronounced
for F1-like(2) and PMPA(1), which penalise extra
selections more heavily; ACC falls more gently,
reflecting its insensitivity to partial credit. Set-
level calibration (ECEg) grows faster than option-
level (ECE,p), consistent with compounding un-
certainty when models distribute probability mass
over longer option lists. Collectively, these curves
indicate rising over-selection risk and worsening
confidence alignment as choice sets grow.

The relative ranking of models on top-line met-
rics largely persists across option-count bins, but
gaps widen at high option counts, where selection
penalties and joint-confidence calibration matter
most. This analysis pinpoints choice-set size as
a dataset-level difficulty factor and clarifies why
selection-aware metrics and set-level calibration
are essential for multi-answer legal MCQ.
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C Technical setup

All the experiments are conducted using either
the Groq API or the Gemini API. All the models
are incorporated in Groq except Gemini-2.0-Flash
and Gemini-1.5-Flash. We use Python to access the
APIs, prompt the models, process and save their
outputs.
D Annotators

This dataset was annotated by volunteers. The
group of volunteers contained one legal expert,
three PhD students and one postdoctoral student,
supervised by a professor. These participants
agreed to volunteer for free due to the importance
of the dataset in the assessment of legal knowledge
in LLMs, which is a first step towards democratis-
ing access to legal support in Morocco. These
annotators belong to a diverse set of demographic
and socioeconomic backgrounds. Dataset license:
CC BY-NC-SA 4.0; source texts are public-domain
official materials.
E Useof AI

Al has been used in the extraction process. It
was also evaluated using our dataset. During the
writing of the paper, it was used for editing and
grammar and style correction.



Model Category PMPA(1) PMPA(0.5) F1-Like(1) F1-Like(2) ACC ECEyp ECEg
Allam-2 (7b) Civil Procedure 27.70 35.34 46.28 42.98 10.87 21.09 52.88
Criminal Law 26.73 32.90 40.94 38.00 17.95 33.02 50.62
Family Code 20.61 25.00 33.60 31.62 7.89 37.83 67.03
Family Law 31.69 39.71 50.13 47.33 13.64 27.36 56.62
Law of Obligations and Contracts 31.08 38.51 46.76 44.14 1892 1945 52.75
The Judicial System of the Kingdom 17.61 27.46 36.66 3290 6.82 27.61 48.98
The Justice Sector 27.35 35.68 47.48 43.13 17.95 35.02 57.66
The Moroccan Constitution 41.67 54.64 64.40 59.69 28.57 24.62 40.50
Gemini-1.5-Flash Civil Procedure 40.50 50.66 61.79 56.72 25.85 19.02 43.48
Criminal Law 29.55 35.99 44.19 40.48 19.45 47.02 53.85
Family Code 48.68 54.61 63.51 59.52 3421 2221 51.46
Family Law 39.07 50.77 63.16 57.04 18.18 21.81 52.12
Law of Obligations and Contracts 70.27 79.05 84.41 80.77 62.16 14.94 22.15
The Judicial System of the Kingdom 39.32 47.44 54.07 50.06 29.49 29.44 47.19
The Justice Sector 42.31 55.56 62.54 56.49 30.77 26.31 50.79
The Moroccan Constitution 49.75 60.61 66.85 62.60 4091 17.10 32.25
Gemini-2.0-Flash Civil Procedure 56.63 62.65 69.35 66.70 40.09 12.94 40.54
Criminal Law 48.37 51.86 58.72 56.04 39.55 40.25 44.13
Family Code 62.28 64.91 69.04 67.54 5526 17.44 34.49
Family Law 60.23 66.91 73.51 70.72 4091 13.13 41.31
Law of Obligations and Contracts 73.42 77.48 81.62 80.18 64.86 11.35 25.74
The Judicial System of the Kingdom 52.49 57.71 63.92 61.18 39.08 21.74 43.95
The Justice Sector 53.42 67.09 74.67 68.21 38.46 18.64 37.88
The Moroccan Constitution 69.76 75.12 80.29 78.00 58.57 11.43 30.61
Llama-3.3 (70b) Civil Procedure 48.29 53.37 61.47 58.97 29.57 22.63 61.61
Criminal Law 44.24 47.38 57.52 53.79 33.29 44.85 60.60
Family Code 47.37 52.63 57.98 55.96 34.21 30.00 60.50
Family Law 42.75 49.43 56.20 53.21 21.21 25.82 66.62
Law of Obligations and Contracts 66.67 69.82 73.40 72.1259.46 17.96 37.40
The Judicial System of the Kingdom 42.33 46.92 53.74 50.92 29.55 32.00 60.75
The Justice Sector 58.12 65.49 73.99 69.12 43.59 24.01 51.21
The Moroccan Constitution 59.05 62.14 67.46 65.98 45.71 17.88 48.85
Llama-4-Maverick (17b) Civil Procedure 53.86 59.98 67.61 65.17 35.15 7.55 33.10
Criminal Law 46.16 50.90 63.01 58.32 3570 26.38 28.35
Family Code 56.14 60.75 65.18 63.3342.11 9.84 30.08
Family Law 47.78 54.75 63.47 60.43 24.24 13.12 37.67
Law of Obligations and Contracts 72.97 78.38 82.52 80.36 64.86 5.92 26.88
The Judicial System of the Kingdom 46.31 53.03 59.78 56.70 34.09 13.48 37.28
The Justice Sector 51.92 61.11 68.64 63.9341.03 9.72 2345
The Moroccan Constitution 61.90 67.98 72.86 70.67 5429 835 29.89
Llama-4-Scout (17b) Civil Procedure 52.26 57.20 64.96 62.62 34.78 22.09 57.10
Criminal Law 36.94 41.68 56.18 50.63 26.09 48.03 68.15
Family Code 50.00 55.26 60.18 58.2539.47 29.33 56.42
Family Law 44.44 49.65 57.30 54.9525.76 2641 69.21
Law of Obligations and Contracts 69.82 74.32 78.17 76.17 59.46 16.62 35.33
The Judicial System of the Kingdom 38.92 43.37 49.47 47.30 26.14 32.22 61.12
The Justice Sector 44.66 56.20 67.20 60.67 33.33 31.06 55.47
The Moroccan Constitution 65.10 69.44 75.25 73.22 55.07 1694 41.67

Table 5: The results of different models on MizanQA, stratified by Moroccan law categories. This excludes questions
from the "Exam" category, which mixes categories. The exam category was excluded to study the effects of different

categories in isolation.
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Figure 10: Performance vs. option count for Gemini-2.0-Flash on MizanQA.
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Figure 11: Performance vs. option count for Gemini-1.5-Flash on MizanQA.
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Figure 12: Performance vs. option count for Llama-3.3 (70b) on MizanQA.
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Figure 13: Performance vs. option count for Llama-4-Maverick (17b) on MizanQA.
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