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Abstract

We introduce a verifiable, cross-lingual symbolic
benchmark for evaluating large language mod-
els (LLMs) on rule-bound Islamic finance rea-
soning. The benchmark comprises 129 expert-
validated templates grounded in formally spec-
ified AAOIFI Shariah rules, covering six op-
eration categories—zakat (50), Islamic inheri-
tance fara’id (31), sukitk and ETB pricing (21),
ijara leasing (16), istis.na’ contracts (9), and
murabah.a financing (2)—and is realised through
stratified parameter sampling into 6,450 En-
glish instances and 38,700 total cross-lingual
instances across English, Arabic, Bahasa Indone-
sia, Urdu, Hindi, and Kazakh. Each instance ships
with an executable verifier, enabling exact step-
level scoring and ruling out the contamination con-
cerns endemic to static benchmarks. Evaluating
seven LLLMs zero-shot, we find that frontier pro-
prietary models lead overall (GPT-5.1: 61.8%
FAC, Claude Sonnet 4.5: 60.9%, DeepSeek-
V3.2: 58.4%), while math-specialised 7B models
(MetaMath-7B: 57.1%, WizardMath-7B: 56.4%)
outperform comparable-scale general-purpose
open-weight models by 1.3-3.3 pp but remain
below the frontier tier. Boolean predicate evalu-
ation collapses below the 50% chance baseline
(mean 23.4% FAC) across all models, and domain-
specific errors—Hijri/Gregorian calendar confla-
tion, nisab threshold confusion, mis-assigned heir
shares—dominate the failure profile. The bench-
mark provides the first reproducible measure-
ment of formal Shariah reasoning in multilingual
LLMs.
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1. Introduction

The Islamic finance industry exceeds USD 4 trillion in
assets under management and grows at double-digit an-
nual rates (Islamic Financial Services Board, 2024), yet the
benchmarks that drive large language model (LLM) devel-
opment contain almost no coverage of the formally codi-
fied, rule-bound reasoning that this sector requires. Shariah-
compliant transactions operate under jurisprudential con-
straints—the prohibition of interest (riba), the prohibition
of excessive uncertainty (gharar), and a body of fixed cal-
culation rules covering obligatory almsgiving (zakat), inher-
itance (fara’id), asset-backed certificates (sukitk), and part-
nership contracts—that cannot be approximated by translat-
ing conventional financial benchmarks (Igbal & Mirakhor,
2007).

The communities served by Islamic finance are linguis-
tically diverse: Bahasa Indonesia, Urdu, Hindi, Arabic,
and Kazakh together cover populations in the hundreds
of millions and the regulatory regimes of the largest Is-
lamic finance markets, yet no prior multilingual financial
benchmark spans these languages, and no benchmark of
any language tests procedural Shariah reasoning. Existing
financial NLP benchmarks—FinQA (Chen et al., 2021),
FinanceBench (Islam et al., 2023), BizBench (Koncel-
Kedziorski et al., 2023), and the symbolic-template prece-
dent FinChain (Xie et al., 2025)—are anchored in conven-
tional, interest-bearing instruments and overwhelmingly
in English. GSMS8K (Cobbe et al., 2021) established the
parameterised-template paradigm we build on, but is a gen-
eral arithmetic benchmark. ArabicMMLU (Koto et al.,
2024) and KazMMLU (Togmanov et al., 2025) have demon-
strated the value of natively grounded multilingual evalua-
tion but address general knowledge rather than rule-bound
financial reasoning.

Contributions. We address this gap with the first multilin-
gual symbolic benchmark for Islamic finance reasoning: (i)
129 expert-validated templates grounded in formally spec-
ified AAOIFI Shariah rules, each carrying an executable
verifier and covering six operation categories; (ii) a cross-
lingual realisation of 38,700 instances spanning English,
Arabic, Bahasa Indonesia, Urdu, Hindi, and Kazakh, with
stratified parameter sampling that covers jurisprudentially
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Figure 1. Final Answer Correctness (%) by output type on the English zero-shot subset; note the per-panel y-axis scales. String outputs
are saturated; numeric outputs differentiate models cleanly; boolean outputs collapse below the 50% chance baseline for every model.
Multi-condition Shariah validity predicates remain unsolved across all evaluated model families.

salient edge cases (nisab boundaries, multi-heir configura-
tions, varied maturity profiles); (iii) a zero-shot evaluation
of seven LLMs revealing that frontier proprietary models
lead overall, while math-specialised 7B models outperform
comparable-scale general-purpose open-weight models on
procedural Shariah reasoning by 1.3-3.3 pp but remain be-
low the frontier tier; and (iv) a fine-grained failure analy-
sis isolating boolean predicate evaluation, Hijri-calendar
conflation, and contract-validity reasoning as the dominant
unsolved challenges, with direct implications for the deploy-
ment of LLM-based Shariah compliance assistants.

2. Related Work

Symbolic and verifiable reasoning benchmarks.
GSMSK (Cobbe et al., 2021) introduced parameterised
symbolic templates as a defence against contamination and
a substrate for step-level reasoning evaluation; MGSM (Shi
et al., 2022) extended this paradigm to ten languages but
kept the underlying tasks unchanged. FinChain (Xie et al.,
2025) adapted the template paradigm to verifiable chain-of-
thought financial reasoning across 58 conventional financial
topics and introduced the Final Answer Correctness (FAC)
metric that we adopt below; however, it is English-only
and explicitly identifies multilingual and region-specific
extensions as future work. Our benchmark inherits the
executable-template architecture but grounds every template
in a Shariah rule rather than a generic financial formula,
and ships the result across six languages.

Financial NLP benchmarks. FinQA (Chen et al., 2021)
and FinanceBench (Islam et al., 2023) require numerical rea-
soning over corporate disclosures, and BizBench (Koncel-
Kedziorski et al., 2023) aggregates eight quantitative busi-

ness reasoning tasks. All three are anchored to conven-
tional financial instruments and English-language regula-
tory regimes. We complement this line by targeting a do-
main whose calculation rules are religious-legal rather than
corporate, and whose user community is concentrated in
non-English-speaking regions.

Multilingual evaluation. MGSM (Shi et al., 2022), Ara-
bicMMLU (Koto et al., 2024), and KazMMLU (Togmanov
et al., 2025) have shown that aggregate cross-lingual scores
hide large per-language variance and that natively grounded
benchmarks expose failures that translated benchmarks con-
ceal. We extend this evidence into a domain where the
content is itself language- and jurisdiction-bound: AAOIFI
Modern Standard Arabic, OJK/DSN-MUI conventions in
Bahasa Indonesia, and State Bank of Pakistan Urdu termi-
nology are not interchangeable.

3. Benchmark Construction
3.1. Template authoring and expert validation

Each template is authored by an Islamic finance special-
ist working from AAOIFI Shariah Standards, IFSB pru-
dential guidance (Islamic Financial Services Board, 2024),
and classical figh literature. A template specifies (i) the
Shariah rule being tested, (ii) a parameter space with vari-
able names, types, and admissible sampling ranges, (iii) a
natural-language question pattern with {placeholder}
tokens, and (iv) a step-by-step solution implemented as an
executable Python program, following the verifier-driven
design of FinChain (Xie et al., 2025). Four automated
constraints are checked before expert review: numerical
precision, unit consistency, input completeness, and step
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informativeness.

Templates are then independently reviewed by two do-
main experts: Reviewer 1 for mathematical correctness,
Reviewer 2 for Shariah compliance against the applicable
AAOIFI standard. A template is accepted only when both
reviewers confirm their criteria. Of 129 final templates,
84% passed first-pass review; the remaining 16% were re-
vised for jurisprudential—not arithmetic—accuracy. Fig-
ure 2 shows the canonical case: a zakat template whose
arithmetic was internally consistent and whose all four au-
tomated checks passed, yet whose rule violated Shariah
because the haw! (holding period) is fixed in the Hijri lunar
calendar at 354-355 days, not the 365 of the Gregorian year.
Errors of this class—jurisprudentially invalid but numeri-
cally clean—motivate the use of executable verifiers rather
than free-form scoring.

Original (rejected): zakat = 0 if gold < nisab
or days-owned < 365

Reviewer verdict: FALSE — hawl uses the Hijri lunar
calendar (354-355 days), not Gregorian (365).

Corrected (accepted): zakat = 0 1if gold <
nisab or days_owned < 354

Figure 2. Jurisprudential error caught by Shariah review but missed
by all four automated checks.

3.2. Cross-lingual extension

Each validated English template is translated into Arabic,
Bahasa Indonesia, Urdu, Hindi, and Kazakh via a GPT-5.1
system prompt seeded with the canonical script forms of all
Shariah instrument names and with explicit instructions to
preserve every {placeholder} token unchanged. The
model is framed as an Islamic finance expert rather than a
generic translator, which is necessary because the underly-
ing Shariah rule (for example, the Hijri-calendar basis of a
hawl condition) must survive into the target language regis-
ter rather than being silently reframed in Gregorian terms.
Every translated template is then reviewed by a single an-
notator who is both a native speaker and an Islamic finance
specialist; items that cannot be corrected are discarded.

3.3. Instance generation and statistics

Per validated template we sample 50 parameterised in-
stances by drawing numerical parameters uniformly at ran-
dom from the admissible ranges, with stratified coverage of
jurisprudentially salient edge cases: values near the nisab
threshold for zakat, multi-heir configurations for fara’id,
and varied maturity profiles for sukiik. This yields 6,450
English instances and 38,700 cross-lingual instances in total

Table 1. Template and instance counts by Shariah operation cate-
gory.

CATEGORY TEMPLATES INSTANCES
ZAKAT 50 15,000
FARA’ID 31 9,300
SUKUK / ETB 21 6,300
ITARA 16 4,800
ISTIS.NA’ 9 2,700
MURABAH.A 2 600
ToTAL 129 38,700
(Table 1).

4. Experimental Setup

Models. We evaluate seven LLMs spanning three regimes:
proprietary frontier (GPT-5.1 (OpenAl, 2023), Claude Son-
net 4.5 (Anthropic, 2024)), large open-weight (DeepSeek-
V3.2 (DeepSeek-Al, 2025)), mid-size open-weight (Qwen3-
8B (Qwen Team, 2025), LLaMA-3.1-8B (Dubey et al.,
2024)), and math-specialised (WizardMath-7B-V1.1 (Luo
et al., 2023), MetaMath-7B-V1.0 (Yu et al., 2024)). No
model is fine-tuned; all evaluations are zero-shot, in-context.

Prompting. A single zero-shot prompt asks the model
to solve the problem step-by-step and terminate in a typed
ANSWER: line. Three answer types are specified: numeric
(value only, no units), boolean (True/False), and cate-
gorical (exact string). The same prompt is delivered in the
native language of each instance.

Metrics. We adopt Final Answer Correctness (FAC) from
FinChain (Xie et al., 2025): a 5% relative tolerance for
numeric answers and fuzzy prefix matching for categori-
cal answers. Exact match is reported as a complementary
lower bound. The FAC—exact gap quantifies how often mod-
els reach approximately correct answers through imprecise
computation—a distinction with direct consequences for
advisory deployment, where 5%-off zakat assessments and
5%-off inheritance shares are not substitutable for exactness.

5. Results and Analysis
5.1. Overall performance

Table 2 reports FAC and exact-match accuracy averaged
across all six languages. GPT-5.1 leads at 61.8% FAC,
followed by Claude Sonnet 4.5 (60.9%) and DeepSeek-V3.2
(58.4%). Among open-weight models, math-specialised
7B models (MetaMath-7B at 57.1% FAC, WizardMath-7B
at 56.4%) outperform comparable-scale general-purpose
open-weight models—Qwen3-8B (55.8%) and LLaMA-3.1-
8B (53.8%)—by 1.3-3.3 pp, but do not close the gap to
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Table 2. Symbolic reasoning results: FAC (%) and Exact Match
(%), averaged across all six languages, zero-shot. Best in bold.

MODEL FAC EXACT
General-purpose

GPT-5.1 61.8 24.7
CLAUDE SONNET 4.5 60.9 23.8
DEEPSEEK-V3.2 58.4 20.1
QWEN3-8B 55.8 15.7
LLAMA-3.1-8B 53.8 11.0
Math-specialised

WIZARDMATH-7B 56.4 20.8
METAMATH-7B 57.1 22.1

the frontier proprietary tier (a further 3.8-5.4 pp lead over
MetaMath-7B). Math specialisation lifts the open-weight
tier; it does not overturn the frontier advantage.

The FAC—exact gap of 35-43 pp across all models reveals
widespread approximately-correct but imprecise reasoning,
an unacceptable property for advisory deployment. The
gap is tightest for math-specialised models (35.0 pp for
MetaMath-7B, 35.6 pp for WizardMath-7B) and widest for
LLaMA-3.1-8B (42.8 pp), the least mathematically capable
general-purpose model.

5.2. Topic and output-type breakdown

Topic. On English at zero-shot, zakat is the most tractable
category (mean 75.9% FAC across models), owing to its pro-
portional arithmetic structure (Z = 0.025-max(W — N, 0)).
Murabah.a is the hardest (26.1%), requiring structural con-
tract reasoning rather than numerical computation. Fara’id
(56.3%), sukuk and ETB pricing (48.2%), ijara (47.3%),
and istis.na’ (40.8%) form a middle tier. Topic-level vari-
ance dominates language-level variance.

Output type. Disaggregating by answer type exposes a
stark three-way split (Figure 1). Categorical (string) outputs
are handled near-perfectly across all models (97.2-97.7%),
confirming that output formatting is not a confounding er-
ror source. Numeric outputs differentiate models cleanly
(55.9-64.1%), with the math-specialised models leading.
Boolean outputs—predicates such as “is this contract ar-
rangement consistent with ijara principles?”—collapse to
14.3-33.6% FAC, with a mean of 23.4% that falls below
the 50% chance baseline for binary True/False questions.
This is not near-chance; it is sub-chance, driven by frequent
abstention or malformed responses that are scored incorrect.
Multi-condition validity reasoning— checking the simul-
taneous absence of riba, the absence of excessive gharar,
and correct ownership transfer—is structurally distinct from
numerical computation and remains unsolved across all eval-
uated model families, sizes, and specialisations.

5.3. Language gaps

Across languages, English leads (mean 59.9% FAC) and
Kazakh trails (55.9%). The 3.3-5.0 pp English—-Kazakh gap
is substantially narrower than the gap typically observed
on knowledge-recall benchmarks for the same low-resource
pair (Togmanov et al., 2025), consistent with the interpre-
tation that arithmetic reasoning partially compensates for
lower language-specific pretraining coverage but does not
eliminate the low-resource deficit.

5.4. Domain-specific failure modes

Beyond aggregate scores, three jurisprudence-specific error
patterns recur across model families and would not sur-
face on any general mathematical reasoning benchmark.
Calendar conflation: models systematically apply 365-day
Gregorian years to Hijri-calendar conditions, producing
hawl-period errors that pass surface plausibility but vio-
late Shariah—the same error class caught by expert review
during template construction. Nisab confusion: models ap-
ply gold-equivalent thresholds to silver-denominated assets,
reflecting unstable asset-class classification. Mis-assigned
heir shares: in fara’id problems, models apply wife shares
(1/8) where husband shares (1/4) apply, and incorrectly
distribute residuals to primary heirs rather than to ‘as.aba
residuary heirs. These errors require Islamic jurisprudential
grounding that current LLMs lack, regardless of arithmetic
competence—and math-specialised models that lead the
open-weight tier on overall FAC are not immune to them.

6. Discussion and Conclusion

The benchmark exposes a sharp dissociation between recall
and procedural reasoning. Frontier proprietary models lead
overall on Shariah calculation; math-specialised 7B mod-
els close part of the gap and outperform comparable-scale
general-purpose open-weight models, but do not overturn
the frontier advantage. Across all seven models, boolean
Shariah-compliance predicates—the exact task an auto-
mated Shariah-screening assistant must perform—fall below
chance. This profile carries an operational implication: until
boolean predicate performance reaches acceptable thresh-
olds, LLM-based Shariah compliance tools require manda-
tory human expert review of all contract-validity assess-
ments, regardless of the model’s confidence score.

A second implication is methodological. Translation-based
extensions of conventional benchmarks cannot capture the
failure modes documented here, because the failures are
jurisprudential rather than linguistic. A model that correctly
translates murabah.a as “cost-plus sale” may still misclas-
sify a murabah.a contract as conventional debt; a model that
solves a GSM8K-style arithmetic problem may still apply
a 365-day year to a hawl condition. Culturally and juridi-
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cally grounded benchmarks are not a substitute for general
evaluation, but they are a necessary complement when the
deployment context is itself rule-bound.

Limitations. The benchmark encodes a single AAOIFI-
aligned rule per template, deferring multi-school (madhhab)
and multi-jurisdiction variance to future work. Coverage of
murabah.a is small (2 templates) because most murabah.a
questions reduce to qualitative classification rather than
parameterised computation. Evaluation is zero-shot only;
few-shot, chain-of-thought, and retrieval-augmented vari-
ants remain open. A formal independent human baseline is
left to future work.

Impact Statement

This paper introduces an evaluation resource targeted at a
domain serving more than a billion users worldwide and
not yet represented in mainstream LLM benchmarks. Po-
tential positive impact includes sharper detection of model
failures in Shariah-compliant advisory contexts and more
equitable multilingual evaluation. We caution against the
misuse of high benchmark scores as a credentialing signal
for “Shariah-compliant AI’; Shariah certification is the pre-
rogative of qualified scholars and supervisory boards, not of
evaluation suites. The benchmark will be released under a
license permitting research use while requiring disclosure of
any commercial deployment claims grounded in its scores.
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