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Abstract
Islamic inheritance law (�§C�wm�� �l�, ’ilm al-mawārı̄th) presents a challenging domain for evaluating large language
models’ structured reasoning capabilities, requiring multi-step legal analysis, rule-based blocking decisions, and
precise fractional calculations. We present QU-NLP’s submission to the QIAS 2026 shared task on Arabic Islamic
inheritance reasoning. Our approach employs a multi-stage Quantized Low-Rank Adaptation (QLoRA) fine-tuning
strategy on Qwen3-4B: (1) domain adaptation on 3,166 Islamic fatwa records to acquire inheritance terminology and
jurisprudential reasoning patterns, followed by (2) task-specific training on 12,000 structured inheritance cases to
optimize JSON-formatted output generation. Using 4-bit NF4 quantization with rank-128 LoRA adapters, our model
achieves 90% MIR-E (Mawarith Inheritance Reasoning Evaluation) score on the test set, demonstrating competitive
performance while requiring minimal computational resources. Our results show that domain-specific pre-adaptation
combined with structured output training enables small language models to perform complex legal reasoning tasks
effectively, matching commercial systems such as Gemini-2.5-flash.

1. Introduction

Large language models (LLMs) have demon-
strated remarkable capabilities across diverse NLP
tasks (OpenAI et al., 2024), yet their ability to
perform structured, rule-based reasoning under
legal constraints remains insufficiently evaluated.
Islamic inheritance law (�§C�wm�� �l�, ’ilm al-
mawārı̄th) offers a demanding testbed: solving
a case requires identifying eligible heirs, apply-
ing blocking rules, assigning Qur’anic shares, de-
tecting adjustment mechanisms �w� (’awl, propor-
tional reduction when shares exceed unity) or  C
(radd, redistribution of surplus), and computing the
final distribution—errors at any stage propagate
deterministically.

Recent work on LLMs for Islamic knowledge
tasks (Bhatia et al., 2026; Malhas et al., 2022;
Mubarak et al., 2025) reveals systematic failures
on structured reasoning (Bouchekif et al., 2025b).
Prior inheritance tasks were evaluated using MCQs
dataset (Bouchekif et al., 2025a; Elrefai et al.,
2025; AL-Smadi, 2025; Almasoud et al., 2026),
which prevent assessment of intermediate reason-
ing of inheritance. The QIAS 2026 shared task ad-
dresses this by requiring complete JSON reason-
ing traces evaluated by the multi-component MIR-
E metric (Bouchekif et al., 2026), enabling fine-
grained error analysis impossible under answer-
selection formats.

We employ multi-stage QLoRA fine-tuning on
Qwen3-4B (Qwen Team, 2025), achieving 90%
MIR-E—matching Gemini-2.5-flash while using a
4B parameter model, and substantially outperform-
ing larger open-weight baselines (Bouchekif et al.,
2026).

2. Task and Dataset

2.1. Task Complexity

While Islamic inheritance follows deterministic ju-
risprudential rules, the QIAS 2026 task evaluates
end-to-end neural reasoning from natural language
to structured output. Neural models must simul-
taneously handle natural language understand-
ing (parsing diverse Arabic expressions for fam-
ily relationships), conditional logic through learned
patterns (share assignments depending on other
heirs), hierarchical blocking through pattern recog-
nition (precedence rules such as sons blocking
grandsons), conditional algorithm selection (detect-
ing which of three adjustment types applies based
on share totals and heir presence), numerical pre-
cision in text generation (fractions and percentages
as exact strings), and structured output generation
(syntactically valid JSON with consistent Arabic
terminology).

The task difficulty arises not from the logical
complexity of inheritance rules—which are well-
defined—but from learning and applying them
through neural pattern matching on natural lan-
guage while generating structured outputs with ex-
act numerical precision. With class imbalances
(radd appears in only 2.8% of cases, see Sec-
tion 2.2), models must generalize to unseen heir
configurations without access to gold intermediate
representations, making MAWARITH a demanding
testbed for end-to-end legal reasoning.

2.2. MAWARITH Dataset

The MAWARITH dataset (Bouchekif et al., 2026)
comprises 12,500 Arabic inheritance cases follow-
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ing the majority opinion (Cwhm���), split into 12,000
training and 500 test instances covering 36 dis-
tinct heir categories. The majority (92.3%) are
simple cases; 4.9% involve �w� (’awl) and 2.8%
involve  C (radd). For Stage 1 domain adaptation
we additionally use 3,166 Islamic fatwa records
from Islamweb1 introducing jurisprudential termi-
nology (T�Cw�� al-waratha, 	���� al-h. ajb, TbO`��

al-’as. aba) and reasoning patterns.

Split Simple ’awl radd Total

Training 11,079 577 344 12,000
Test 456 39 5 500

Total 11,535 616 349 12,500

Table 1: MAWARITH dataset composition.

3. Methodology

We use Qwen3-4B (Qwen Team, 2025) fine-
tuned in two stages via QLoRA (Dettmers et al.,
2023) with 4-bit NF4 quantization, rank r =
128, α = 256, applied to all projection lay-
ers. Stage 1 performs causal language model-
ing on 3,166 fatwa records (lr 210−4, 2 epochs)
to acquire inheritance terminology. Stage 2
trains on 12,000 structured inheritance cases (lr
310−5, 6 epochs) with a system prompt enforcing
JSON-only output with keys heirs, blocked,
shares, awl_or_radd, post_tasil. Infer-
ence uses greedy decoding (temperature 0, max
1024 tokens).

Post-processing applies: (1) typographic normal-
ization (Y�A�→¨�A�, tatweel removal); (2) structural
deduplication, removing heirs appearing in both
heirs and blocked; (3) label normalization, re-
placing unrecognised awl_or_radd strings with
a fraction-sum inference while preserving all valid
labels. A fourth PostTasil variant additionally recal-
culates post_tasil when identical to unadjusted
shares.

4. MIR-E Evaluation Metric

MIR-E (Bouchekif et al., 2026) decomposes inher-
itance reasoning into four weighted components:
Heirs & Blocking (Sh), Share Assignment (Ss), Ad-
justment (Sa), and Final Allocation (Sf ):

MIR-E = αhSh + αsSs + αaSa + αfSf (1)

where αh = αs = αf = 0.30 and αa = 0.10.
Sa is evaluated conditionally, receiving a non-zero
score only when Sh = Ss = 1.

1https://www.islamweb.net/

5. Results and Discussion

5.1. Overall Performance

Table 2 shows component scores on the 500-case
test set. Our 4B model achieves 90.0% MIR-
E, matching Gemini-2.5-flash (90.1%) while out-
performing all open-weight baselines by a wide
margin—including models with 8–30 more param-
eters.

Model Sh Ss Sa MIR-E

Gemini-2.5-flash 94.5% 92.9% 89.4% 90.1%
QU-NLP (Ours) 97.1% 94.3% 84.6% 90.0%

Qwen3-32B 69.0% 44.6% 26.5% 43.7%
GPT-OSS-120B 69.3% 32.7% 27.1% 39.1%
LLaMA-3.3-70B 64.8% 40.3% 21.5% 39.0%
Fanar-Sadiq 62.1% 36.7% 20.4% 36.8%
Fanar-C-2-27B 58.4% 31.4% 17.8% 32.8%

Table 2: Component-wise MIR-E on the 500-
case test set (Basic post-processing). Baselines
from (Bouchekif et al., 2026).

5.2. Component-Wise and Per-Category
Analysis

Heir Identification (Sh = 97.1%): Highest among
all systems, exceeding Gemini by 2.6pp and all
open-weight baselines (58.4%–69.3%).

Share Assignment (Ss = 94.3%): Exceeds
Gemini by 1.4pp; multi-stage training allows
Stage 1 to acquire fractional notation before
Stage 2 practices assignment.

Adjustment Detection (Sa = 84.6%): Trails
Gemini by 4.8pp. Both adjustment types are rare
(’awl 4.9%, radd 2.8%), limiting training exposure.
Per-category analysis (Table 3) reveals that ’awl
cases (79.2%) underperform radd cases (83.0%)
despite nearly twice as many training examples
(577 vs. 344 training, 39 vs. 5 test)—the bottleneck
is arithmetic complexity, not data frequency. No-
tably, radd cases achieve 100% on both Sh and
Ss, with failures confined to detection and final
arithmetic, arguing directly against pattern memo-
rization during model training.

5.3. Effect of Post-Processing

Post-processing yields a net gain of +0.2pp
(89.8%→90.0%), concentrated entirely in Sh

(+0.7pp) from structural deduplication—removing
heirs that appeared in both heirs and blocked.
Share fractions and awl_or_radd labels are
taken directly from model output without correc-
tion. Valid labels (’awl �w�, radd  C, none ¯)
for awl_or_radd are never overridden: a model
may write a wrong share fraction for a residuary

https://www.islamweb.net/
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Type N MIR-E Sh Ss Sa Sf

Simple 456 90.8% 96.4% 94.1% 86.2% 83.5%
’awl 39 79.2% 96.2% 95.1% 66.7% 50.4%
radd 5 83.0% 100% 100% 80.0% 50.0%

Table 3: Per-category MIR-E. ’Awl underperforms radd despite nearly twice as many training examples.

heir, causing the fraction sum to exceed 1, yet its
awl_or_radd: none,¯ label is still correct—
correcting the label based on the sum of wrong
fractions would turn a right answer into a wrong
one.

The PostTasil variant produces results identical
to Basic across all metrics, confirming that the
model’s post_tasil arithmetic is correct in ev-
ery case it correctly classifies the adjustment type.
The 29 calculation errors (5.8%) are therefore con-
fined to the final percentage generation step, not
addressable by any post-hoc symbolic layer (see
Section 5.4).

5.4. Error Analysis

To understand our model’s limitations, we conduct
detailed error analysis on all 500 test cases, com-
paring model predictions against gold standard
references across all reasoning components.

5.4.1. Error Distribution

Table 4 shows the error distribution. The three
discrete failure categories (29+19+11 = 59 cases)
are non-semantic: the model understands inher-
itance law but fails in arithmetic text generation
(calculation), label precision (heir ID), or rare-event
detection (radd). Residue label avoidance is re-
ported separately as a systematic representational
phenomenon rather than a discrete failure.

Error Type Cases % Impact

Calculation 29 5.8% −1.7pp
Residue label avoidance† 314 62.9% −0.85pp
Heir Identification 19 3.8% −0.4pp
Radd Detection 11 2.2% −0.2pp

Table 4: Error distribution with impact on MIR-E.
Discrete failures total 59 cases (11.8%); impacts
are estimated. †Among the 417 cases requiring
T�rt�� Y�A�, the model substitutes an explicit frac-
tion in 314 (75.3%). Because 83.1% of those 314
write the correct fraction, MIR-E’s tolerance ab-
sorbs most of the penalty: shares score gap =
0.045, giving 314/500 x 0.045 x 0.30 = −0.85pp
(0.97 with label vs. 0.92 without). Not summed with
discrete failures.

5.4.2. Error Patterns and Implications

Arithmetic vs. Semantic Errors: The most im-
pactful errors (calculation, 29 cases, see Table 4)
are non-semantic—the model understands inheri-
tance law correctly but fails in final arithmetic. This
suggests errors occur in the text-generation step
of the final output field rather than in core reason-
ing, making them addressable through constrained
decoding without retraining.

Complexity Degradation: Performance varies
with case complexity. For simple cases involving 2–
4 heirs, the model achieves approximately 91.7%
MIR-E. For medium-complexity cases with 5–7
heirs, performance decreases slightly to around
88.9%, while for complex cases involving ≥8 men-
tioned heirs, it further declines to approximately
87.0%. This gradual degradation indicates a mod-
erate impact of complexity on performance, with
the model maintaining strong accuracy even in
more complex scenarios.

Rare Event Underfitting: Per-category analysis
(Table 3) shows that ’awl cases underperform radd
cases (79.2% vs. 83.0%) despite having nearly
twice as many more training examples. The pri-
mary bottleneck is arithmetic complexity: ’awl re-
quires multi-fraction common-denominator compu-
tation, while radd requires only proportional redis-
tribution once the type is identified. Both benefit
from oversampling and explicit rule-based fallbacks
as future work.

Residue Label Recall: The gold standard re-
quires the residuary label T�rt�� Y�A� in 417 of
500 evaluated cases (83.4%), reflecting the preva-
lence of male agnate heirs (TbO�) across the test
set. The model provides this label in only 103 of
those cases (24.7% recall), substituting an explicit
fraction in the remaining 314 cases (75.3% avoid-
ance rate). Table 5 summarises the breakdown.

Despite the low recall, the MIR-E cost is
only −0.85pp because MIR-E’s tolerance absorbs
83.1% of avoidance cases: the model computes
the numerically correct residue fraction and writes
it as an explicit value—for instance, writing "7/12"
when T�rt�� Y�A� is expected, which falls within
the evaluation tolerance. This reveals a represen-
tational rather than computational failure. Among
the 314 avoidance cases, 261 (83.1%) produce
the exact fraction a symbolic calculator would de-
rive by subtracting fixed shares from unity—the
model has learned to perform residue arithmetic
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Residue label behaviour Cases Rate

Gold requires residue label 417 83.4% of test
Model provides label (recall) 103 24.7% of required
Model avoids label 314 75.3% of required

of which: correct fraction 261 83.1% of avoided
of which: wrong fraction 53 16.9% of avoided

Global MIR-E cost −0.85pp

Table 5: Residue label recall analysis. Despite a 75.3% avoidance rate, the global MIR-E cost is only
−0.85pp because 83.1% of avoidance cases compute the numerically correct fraction within the evaluation
tolerance.

correctly but defaults to explicit fraction notation
due to training bias toward fixed-share cases. The
failure is therefore in the final token selection, not in
the underlying calculation. Constrained decoding
enforcing T�rt�� Y�A� whenever an TbO� heir is
present and fixed shares sum to less than unity
would recover the correct label in the majority of
affected cases without any change to the model
weights.

5.5. Pipeline Success Rate

Table 6 reports cumulative success rates across
the reasoning pipeline, where each row shows the
percentage of cases in which all stages up to and
including that point score perfectly.

Reasoning Stage Success Rate

Sh = 1 (Heirs correct) 84.0%
Sh = 1, Ss = 1 (+ Shares correct) 81.2%
Sh = 1, Ss = 1, Sa = 1 (+ Adjust-
ment)

79.4%

All stages correct 65.5%

Table 6: Cumulative pipeline success rates. Each
row shows the percentage of cases where all
stages up to and including that point score per-
fectly (S = 1).

While 65.5% of cases are solved perfectly across
all components, the overall MIR-E reaches 90.0%.
This gap is explained by the partial-credit de-
sign of MIR-E (Bouchekif et al., 2026), which as-
signs weighted scores to each intermediate stage
(αh = αs = αf = 0.30, αa = 0.10). A case
with correct heirs, shares, and adjustment but
wrong final percentages, for instance, still earns
0.30+0.30+0.10+0.00 = 0.70 MIR-E. It is worth not-
ing that the adjustment score Sa is evaluated con-
ditionally: it receives a non-zero value only when
both Sh = 1 and Ss = 1, reflecting the sequential
dependency of the reasoning pipeline. The 34.5%
of imperfect cases therefore contribute meaningful
partial credit, and a back-of-envelope check con-
firms the arithmetic: if the 65.5% perfect cases

score 1.0 and the remaining 34.5% score on av-
erage 0.71, the weighted average yields (0.655 x
1.0) + (0.345 x 0.71) ≈ 0.90, consistent with our
reported MIR-E.

The stage-by-stage breakdown reveals where
errors enter the pipeline. The drop from heirs-
correct (84.0%) to all-correct (65.5%) accumulates
across three transitions: heir identification to share
assignment (−2.8pp), share assignment to adjust-
ment (−1.8pp), and adjustment to final distribution
(−13.9pp). The largest single drop is the last, indi-
cating that arithmetic computation in post_tasil
is the dominant bottleneck for cases that pass all
upstream reasoning stages—consistent with cal-
culation errors being the most impactful error cate-
gory (5.8% of cases, −1.7pp, Table 4).

6. Conclusion

We presented QU-NLP’s submission to the QIAS
2026 shared task, achieving 90.0% MIR-E through
multi-stage QLoRA fine-tuning of Qwen3-4B—
matching Gemini-2.5-flash (90.1%) with a 4B pa-
rameter model on consumer hardware. Error anal-
ysis identifies failures as predominantly arithmetic
text-generation errors rather than reasoning defi-
ciencies: radd cases reach 100% heir and share
accuracy with failures confined to the final out-
put field; PostTasil equals Basic confirming correct
adjustment arithmetic in all classified cases; and
83.1% of residue-avoidance cases compute the
correct fraction in explicit form—a representational
failure (−0.85pp) addressable through constrained
decoding without retraining. Domain adaptation
on Islamic fatwa records provides jurisprudential
grounding absent from general pre-training data.

Future work will focus on: (1) constrained decod-
ing to enforce T�rt�� Y�A� when TbO� heirs are
present and fixed shares sum to less than unity,
directly addressing the 75.3% residue avoidance
rate; (2) oversampling rare adjustment cases (radd
2.8%, ’awl 4.9%) to reduce underfitting; and (3)
extension to other Islamic legal domains and hy-
brid neural-symbolic architectures for safety-critical
deployment.
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