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Abstract
This paper describes the AI_TLfanclub system for Task 1 of the CLEF 2026 FinMMEval Lab, a multilingual financial
multiple-choice question answering task. Our central technical claim is that Task 1 should be treated as an
answer-surface alignment problem: the system should be optimized for the exact answer-label distribution used by
the official metric, while reasoning traces serve mainly as supervision rather than as the final prediction interface.
The submitted system instantiates this idea with schema normalization, calibrated answer-label scoring, teacher-
rationale distillation paired with direct-answer twins, targeted fine-tuning, and validation-gated reward-guided
ablations. We report two main findings. First, rationale distillation plus targeted fine-tuning is the strongest and
most stable mainline in our internal studies, improving the base Qwen3.5-4B student from 63.87% to 83.94% on a
274-example checkpoint-selection validation set. Second, reinforcement learning is useful only when it preserves
direct answer behavior and should not be assumed better than the best supervised checkpoint by default. On
the official final-test leaderboards, AI_TLfanclub ranks 7th in English with 80.50% accuracy, 8th in Chinese with
70.50%, 8th in Arabic with 84.00%, and 8th in Hindi with 68.50%. The corresponding micro-average over the
four final-test tracks is 75.88% (607/800). These results support a conservative conclusion: for this benchmark,
answer-label scoring, rationale supervision, and targeted fine-tuning are more reliable than unvalidated late-stage
alignment complexity.
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1. Introduction

FinMMEval 2026 evaluates financial AI systems across multilingual reasoning and decision-making
tasks [1]. This paper studies Task 1, Financial Exam Question Answering, where each example is a
stand-alone financial multiple-choice question and the system must output the correct option label.
The task overview defines accuracy as the primary metric and reports final-test rankings separately for
English, Chinese, Arabic, and Hindi [2].

Professional finance exams require a mixture of factual knowledge, regulatory awareness, numerical
reasoning, and careful interpretation of distractors. This makes the task different from open-ended
financial question answering: the final output is short, but the decision process must be stable under
multilingual wording, domain-specific terminology, and option-order bias.

Our main design principle is therefore to optimize the answer-selection surface directly. Instead of
relying only on long generated explanations and post-hoc parsing, the system scores answer labels as
next-token candidates, calibrates these scores across option permutations, and uses teacher-generated
rationales primarily as training supervision. Rather than claiming a universal new algorithm, this paper
makes an evidence-based claim about this benchmark: when evaluation is exact answer-label accuracy,
training, inference, and model selection should all be aligned to the final label surface.

We make four contributions.
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• We formulate Task 1 as an answer-surface alignment problem and show why direct label scoring
and calibration are first-order design choices for multilingual financial MCQ.

• We study a paired rationale-distillation recipe in which each reasoning trace is coupled with
a direct-answer twin, allowing the student to learn intermediate financial reasoning without
drifting away from the official answer-label objective.

• We provide validation-gated evidence that targeted fine-tuning is a stronger mainline than simply
taking the final RL checkpoint, and that GRPO-style alignment should be treated as a controlled
extension rather than a guaranteed improvement.

• We report official leaderboard results together with language-specific analysis, showing stable
English, Chinese, and Arabic behavior and a clear Hindi distribution-shift limitation.

This paper focuses on the submitted Task 1 system and its evaluation; implementation details are
described only when they are necessary for reproducibility or methodological clarity.

2. Task and Submission Requirements

Task 1 asks participants to select the correct answer among four candidate options. The public FinM-
MEval description lists financial exam sources such as CFA-style English questions, CPA-style Chinese
questions, Arabic financial and Shari’ah-compliant questions, and Hindi financial-domain questions,
with additional multilingual resources available for training and transfer [3, 4, 5, 6, 7]. The official
final-test leaderboard is released by language, and hidden labels and participant answers remain private.

The lab permits dataset expansion and retrieval for Task 1, but these components must be clearly
disclosed in the system paper. Our system uses public training resources, internally generated teacher
rationales, and local retrieval over the training-support pool. It does not use hidden development or final-
test labels for training, and it does not use external web retrieval at inference time. The organizer-held
development set is used for validation and the final-test set is used only for official reporting.

3. Related Work

Recent financial benchmarks show that finance-focused language modeling is not a single homogeneous
problem. FinMMEval evaluates multilingual and multimodal financial competence across several
tasks [1], while RealFin studies underspecified financial questions that require implicit reasoning and
domain completion [3]. For Task 1 specifically, multilingual financial MCQ is shaped by heterogeneous
source exams and uneven resource availability across languages such as Arabic and Hindi [2, 4, 5, 6, 7].
This makes language balance, terminology drift, and output formatting first-order modeling concerns.

Reasoning-oriented prompting is a natural baseline for difficult multiple-choice tasks. Chain-of-
thought prompting and self-consistency often improve reasoning accuracy in large language models [8,
9], but exact-match MCQ evaluation still requires a stable mapping from long-form reasoning to the
final option label. Few-shot calibration work likewise shows that language models can be biased by
prompt priors and answer-position effects unless the prediction surface is corrected explicitly [10]. Our
system builds on this insight by centering the answer-label surface throughout training, inference, and
checkpoint selection.

The second foundation is compact model adaptation and alignment. Knowledge distillation transfers
behavior from a stronger teacher to a smaller student [11], while LoRA and QLoRA make such adaptation
feasible under tight accelerator budgets [12, 13]. Preference and reward optimization methods such
as DPO and GRPO-style verifiable reward learning have shown strong results in reasoning-heavy
settings [14, 15]. Our contribution is not a new alignment algorithm; it is an evidence-based recipe for
deciding which of these tools improve multilingual financial MCQ and which ones regress the final
answer-label objective.



Table 1
Data groups used by the Task 1 system. Official development and final-test sets are evaluation-only.

Data group Role Size

Official development Organizer-held validation for English, Chinese, Ara-
bic, and Hindi

338

Official final test Final leaderboard evaluation, 200 examples per lan-
guage

800

Broad baseline pool Initial multilingual benchmark including English,
Chinese, Spanish, Greek, and Arabic sources

1423

Balanced teacher-seed pool Public and expanded examples used for teacher
rationale generation

3007

Internal validation Held-out checkpoint-selection set across six lan-
guage tags

274

Strict distillation validation Balanced validation for comparing distillation
methods

252

Strict distillation train Rationale and direct-answer training records after
filtering and twinning

5400

4. System Overview

For a system paper, workflow descriptions are often more useful than source-code listings. Our system
can be summarized as the following six-stage pipeline.

1. Normalize questions and options. Heterogeneous source formats are converted into a common
record with a question, language tag, option labels, option texts, and a gold answer label when
available.

2. Build supervised and distillation data. Public training examples are balanced by language;
teacher-generated rationales and direct-answer examples are filtered and deduplicated.

3. Train a compact student. A Qwen-family student model [16] is adapted with LoRA/QLoRA [12,
13] using rationale supervision and direct-label supervision.

4. Target weak cases. Additional fine-tuning emphasizes languages and examples where the base
student or early adapters are unstable.

5. Calibrate inference. At prediction time, the system scores answer labels directly, applies option-
order calibration, and may combine validation-selected local few-shot retrieval and language-
specific prompt variants.

6. Select by validation. Checkpoints are selected by exact-match accuracy and language-level
stability, not by the final training step.

This design is deliberately conservative. The final submission relies on the components that improved
held-out answer accuracy most consistently: direct answer-label scoring, rationale distillation, and
targeted fine-tuning. Reinforcement learning and preference-pair construction are evaluated as ablations
and future extensions rather than assumed to be beneficial by default.

5. Data Construction and Integrity

Table 1 summarizes the main data groups used in our workflow. The official development and final-test
sets are reported separately from training and diagnostic validation data. Because Task 1 permits dataset
expansion, we also use synthetic and teacher-annotated examples, but we audit them to avoid overlap
with public evaluation files.

We apply three safeguards. First, option formats are normalized before training so that the model
learns the task rather than dataset-specific layout artifacts. Second, distillation examples are deduplicated
by both identifiers and question-option fingerprints. Third, final predictions are generated from hidden-
test questions only, without feedback from hidden labels.



5.1. Generated supervision and filtering

The main purpose of generated supervision is not to add arbitrary volume, but to expose the compact
student to financial reasoning patterns that are difficult to learn from answer labels alone. Teacher
traces are therefore filtered before training. We prefer examples with a single unambiguous final answer,
a reasoning path that supports that answer, and no conflict between the rationale and the final label.
Examples with malformed options, missing final-answer markers, or inconsistent labels are removed or
converted into direct-answer records only when the gold label is trusted.

For Chinese and Hindi, where the accessible supervised pool is smaller or more distributionally
variable, synthetic and auxiliary examples are used more cautiously. They are treated as training aids
rather than evaluation evidence. This distinction is important for transparent system reporting: official
performance must be attributed to the final held-out leaderboards, while generated data should be
described as part of the system design and not as a substitute for official evaluation.

In particular, Hindi-heavy auxiliary pools are not used at raw scale. We filter them toward MCQ-
compatible records and rebalance them against the other languages so that multilingual training is not
dominated by a single auxiliary source.

5.2. Leakage control

Because Task 1 allows participants to reorganize public training data and to use dataset expansion,
leakage control becomes a central experimental concern. We use two complementary checks. Identifier-
based filtering removes exact matches when stable identifiers are available. Fingerprint-based filtering
hashes normalized question and option text so that near-duplicate public-holdout examples are excluded
from distillation packs. The strict distillation audit reported zero identifier overlaps and zero question-
option fingerprint overlaps with the public evaluation files. This makes the internal ablations more
credible, although only the organizer’s final-test leaderboard should be treated as the official result.

6. Methods

6.1. Answer-label scoring

For a question prompt 𝑥 and valid answer labels 𝐿 = {𝐴,𝐵,𝐶,𝐷}, the base prediction rule is

𝑦 = argmax
𝑙∈𝐿

log 𝑝𝜃(𝑙 | 𝑥). (1)

This directly matches the official evaluation surface. It also reduces failures caused by multilingual
free-form generation, such as producing a correct explanation but omitting a clean final answer label.

To reduce position bias, the inference pipeline can apply a content-free calibration term and cyclic
option permutations. The calibrated score is

𝑠(𝑙, 𝑥) = log 𝑝𝜃(𝑙 | 𝑥)− log 𝑝𝜃(𝑙 | 𝑥0), (2)

where 𝑥0 is a short prompt with no question content. This follows the spirit of contextual calibration
for prompt-based language modeling [10]. Scores are then averaged across option orderings so that
each candidate appears in multiple positions before the final vote. In the main submission path, direct
label scoring is preferred over free-form generation because it avoids answer parsing failures entirely.

6.2. Prompting and local retrieval

The system uses language-aware prompts. Direct-answer prompts are used for label scoring, while
reasoning prompts are used during distillation and selected inference arms. A local BM25 retriever [17]
selects few-shot examples from the training-support pool. This is not web retrieval: the retriever only
accesses local, disclosed examples available before evaluation. Retrieval and few-shot prompting are
retained only when they improve held-out direct accuracy; otherwise the system falls back to the



plain answer-label scorer. For Hindi and Arabic, translation-aware or bilingual prompts are considered
because domain terminology can be unstable under direct prompting.

6.3. Rationale distillation

Teacher rationales are used to teach the student intermediate financial reasoning without requiring a
large model at final-test inference. Each accepted rationale example is paired with a direct-answer twin.
The rationale example trains the model to explain and conclude; the direct twin trains the one-token
answer surface used by the official metric. The supervised loss is masked to assistant tokens:

ℒSFT = −
∑︁
𝑡∈𝐴

log 𝑝𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡), (3)

where 𝐴 denotes assistant-token positions. This pairing is important because a model may learn to
generate plausible explanations without becoming well calibrated on the exact answer-letter distribution.
Final-test inference therefore does not depend on generating a rationale; rationales are used mainly as
offline supervision.

6.4. Distillation variants

We evaluated three distillation strategies.

• Rationale SFT: sequence-level imitation of teacher rationales and direct labels.
• Option-level KL: supervised training plus KL divergence between teacher and student distribu-

tions over the valid answer labels.
• Full-logits KD: supervised training plus full-vocabulary KL divergence over assistant-token

positions.

The option-level KL objective is

ℒ = 𝜆CEℒCE + 𝜆KD𝑇
2KL (𝑞𝑇 (· | 𝑥) || 𝑝𝜃,𝑇 (· | 𝑥)) , (4)

where 𝑞𝑇 is the teacher distribution over answer labels, 𝑝𝜃,𝑇 is the student distribution, and 𝑇 is the
distillation temperature. Although online KL methods are attractive, our ablations show that the simpler
rationale-SFT path is more reliable for direct answer accuracy.

6.5. Targeted fine-tuning and reward alignment

After distillation, targeted fine-tuning focuses on weak-language and error-prone examples. This stage
is short and checkpointed frequently. The best checkpoint is selected by held-out direct accuracy and
language-level stability.

We also evaluate reward-guided alignment. The GRPO-style reward follows the idea of verifiable
reward optimization used in mathematical-reasoning systems [15], but is adapted to MCQ answer
verification. Positive reward is assigned for the correct final label and clean answer format; penalties are
assigned for invalid labels, conflicting answers, excessive length, and fallback-only parses. Preference-
pair construction is related to DPO-style alignment [14]. In our current evidence, these reinforcement-
learning components are useful research directions, but they are not treated as automatically superior
to the best supervised checkpoint.

Longer reward runs are therefore early-stopped and checkpoint-selected rather than assumed to help
monotonically. This matters in practice: several reward-optimized branches improve mid-run and then
regress on the direct answer-label metric.



7. Experimental Setup

All official numbers in this paper come from organizer-provided development and final-test leaderboards.
Development results are used as validation evidence; final-test results are the official leaderboard scores.
The final-test leaderboard ranks each language separately, so the micro-average over four languages is
reported only as an aggregate descriptive statistic.

For internal experiments, we use an initial broad benchmark, a 274-example checkpoint-selection
validation set, and a 252-example strict distillation validation set. The strict distillation audit reports zero
identifier overlap and zero question-option fingerprint overlap with public evaluation files. Training
uses parameter-efficient adapters, 4-bit NF4 quantization where needed, and offline Kaggle-compatible
model/data packaging.

7.1. Selection protocol and evidence hierarchy

We keep four evidence tiers separate. The official development leaderboard is used for external validation
before final submission. The official final-test leaderboard is used only for official reporting. A 274-
example labeled internal set is used for checkpoint selection in targeted fine-tuning and reward-
alignment studies. A balanced 252-example labeled split is used to compare distillation variants under
equal language coverage. Small CoT and public-reasoning subsets are diagnostic only and are never
treated as substitutes for direct answer accuracy.

This separation matters because different artifacts measure different behaviors. Direct accuracy,
reasoning-format compliance, response length, and modal-consensus diagnostics do not always move
together. The paper therefore reports official answer accuracy first, then uses internal labeled studies
only to justify design choices.

7.2. Implementation details

The validated submission path uses Qwen-family causal language models with parameter-efficient
adapters and 4-bit NF4 quantization when memory is constrained. For Qwen3.5 inference we disable
internal thinking mode in the chat template, because otherwise the model may emit long hidden
reasoning before the answer label, which hurts latency and complicates answer extraction. For the
CFA and CPA sources, data are loaded from parquet snapshots rather than the default dataset loader
because of schema incompatibilities in the public dataset cards. Final predictions are produced with
deterministic answer-label scoring under fixed prompts and valid option labels.

7.3. Reproducibility and submission generation

The system is designed for an offline Kaggle-style environment. Model weights, adapters, generated
data, and dependency wheels are mounted or packaged before execution. This avoids implicit changes
caused by downloading new model revisions during evaluation. The answer-label scorer is deterministic
given a fixed model checkpoint and prompt variant. Sampling is used for rationale generation and some
self-consistency arms, but final submission generation relies on validation-selected settings rather than
unrestricted sampling.

The final JSON predictions contain only the required answer labels. Confidence scores are not
required for Task 1. For each language, the submission file is produced separately and checked for full
coverage before upload. The official final-test leaderboard reports 100% coverage for AI_TLfanclub in
all four languages, which indicates that every hidden-test example received a valid answer label.

7.4. What the system does not rely on

Several negative statements are worth making explicit. The submitted Task 1 system does not use
hidden final-test labels, does not fine-tune on organizer-held development leaderboard items, and does
not query external web search at inference time. Retrieval, when enabled, is local retrieval over the



Table 2
Official Task 1 development and final-test results for AI_TLfanclub. The final-test tracks are ranked separately
by language.

Language Development Final test Final rank

English 57/70 (81.43%) 161/200 (80.50%) 7
Chinese 50/71 (70.42%) 141/200 (70.50%) 8
Arabic 84/97 (86.60%) 168/200 (84.00%) 8
Hindi 84/100 (84.00%) 137/200 (68.50%) 8

Micro-average 275/338 (81.36%) 607/800 (75.88%) –

Table 3
Shift from official development to final test, measured in percentage points.

Language Final − development

English −0.93
Chinese +0.08
Arabic −2.60
Hindi −15.50

disclosed support pool. The reinforcement-learning components are not presented as a guaranteed
final improvement; they are retained as ablations because validation evidence shows that long reward-
optimization runs can regress direct accuracy.

8. Results

8.1. Official development and final-test results

Table 2 reports the system’s official development and final-test performance. The final-test ranks are
language-specific leaderboard ranks from the organizer’s released CSV files.

English, Chinese, and Arabic show stable development-to-final behavior. Hindi is the main outlier:
it drops from 84.00% on development to 68.50% on final test. This suggests that Hindi requires either
better domain coverage or stronger distribution-shift controls, rather than simply more global training.

Table 3 shows that the main generalization problem is language-specific rather than global. The
system transfers cleanly from development to final test in English, Chinese, and Arabic, but not in
Hindi. This is consistent with the broader data audits: the Hindi auxiliary pool is both larger and more
heterogeneous than the other languages, so naive scaling can improve apparent validation coverage
while still leaving a benchmark-specific mismatch at test time.

8.2. Baseline and diagnostic ablations

The earliest compact baseline reached 43.9% accuracy over a 1423-example multilingual benchmark.
This baseline was useful for diagnosing language imbalance: English and Arabic Business were relatively
strong, while Chinese and Greek were weak. The later distillation pipeline was developed to address
this imbalance.

Table 4 gives the most relevant checkpoint-selection ablation on a 274-example internal validation set.
These are not official leaderboard scores, but they explain the final system choice. Rationale distillation
plus targeted fine-tuning is the strongest supervised mainline, improving the base Qwen3.5-4B student
from 63.87% to 83.94%. A GRPO checkpoint preserved this accuracy on the rationale branch, but did
not improve it.

Table 5 compares distillation variants on the strict 252-example validation split. Rationale SFT is the
best direct-answer method, while full-logits KD is competitive and stronger on the reasoning-subset



Table 4
Diagnostic internal validation results used for checkpoint selection.

Variant Correct/total Accuracy

Base Qwen3.5-4B 175/274 63.87%
Hybrid option-KL KD 193/274 70.44%
Hybrid KD + targeted FT 205/274 74.82%
Hybrid KD + targeted FT + GRPO 206/274 75.18%
Rationale SFT initialization 227/274 82.85%
Rationale SFT + targeted FT 230/274 83.94%
Rationale SFT + targeted FT + GRPO 230/274 83.94%

Table 5
Strict distillation-suite comparison on a balanced 252-example validation split.

Method Direct acc. Arabic acc. CoT subset

Base student 61.90% – –
Rationale SFT 88.10% 80.95% 22.22%
Full-logits KD 86.11% 76.19% 50.00%
Option-level KL 67.06% 57.14% 27.78%

diagnostic. Option-level KL is less stable in this setting.

9. Discussion

The official final results and internal ablations lead to five main observations.
First, answer-label calibration is essential. The official metric rewards only the selected option, so

long-form reasoning is useful only when it improves the final label. Direct-label examples and logit
scoring align the model with this surface.

Second, reasoning quality and direct-answer quality can decouple. In our internal studies, some
branches improve strict reasoning-format diagnostics or CoT cleanliness without improving the exact
answer label. Cleaner rationales are therefore not enough by themselves; the model must preserve a
sharp decision boundary over 𝐴/𝐵/𝐶/𝐷.

Third, rationale distillation is more reliable than more complex online KD in our current runs. The
likely reason is that teacher rationales provide structured financial reasoning while direct twins preserve
the answer-label objective. This pairing gives the student process supervision without making final
inference dependent on long generated explanations.

Fourth, checkpoint selection matters more than late-stage optimization complexity. Later training
steps and final RL checkpoints are not automatically better. Several runs peaked earlier and then
regressed, especially when reward groups became flat or when the model overfit stylistic answer
markers. This is why the paper treats reward alignment as validation-gated rather than inherently
superior.

Fifth, Hindi remains the largest robustness gap. The development score suggests that the system can
answer Hindi financial MCQs under some conditions, but the final-test drop indicates a distribution
shift. Future work should prioritize higher-quality Hindi finance data, stricter synthetic filtering, and
Hindi-specific calibration rather than simply adding more mixed-language training.

10. Threats to Validity and Scope

Three scope conditions matter for interpreting this paper. First, the strongest external evidence is
the official final-test leaderboard, whereas most design decisions are justified by two internal labeled
validation sets of 274 and 252 examples. These are appropriate for checkpoint selection and ablation,



but they are not substitutes for repeated hidden-test evaluation, multiple random seeds, or confidence
intervals.

Second, this paper deliberately distinguishes validated components from exploratory ones. The
supported mainline is the one that improved held-out direct accuracy most consistently: calibrated
answer-label scoring, rationale distillation, and targeted fine-tuning. Longer reward-optimization and
preference-based branches remain research extensions unless they beat the supervised checkpoint
under the same validation protocol.

Third, the paper claims competitiveness only where the evidence supports it. English, Chinese,
and Arabic are stable from development to final test, but Hindi is not. The correct interpretation is
therefore a competitive multilingual Task 1 system with a clear remaining robustness gap, not a solved
multilingual financial QA model. Closely spaced leaderboard ranks should also not be over-interpreted
without confidence intervals or repeated hidden-test measurements.

11. Future Work

Future work will focus on three directions. The first is data quality: we plan to expand verified Hindi
and Chinese finance examples, filter synthetic examples more aggressively, and cap any single-language
auxiliary source before multilingual training. The second is stronger but still validation-gated alignment:
denser answer-surface distillation, short RL stages, and preference-pair mining should be tested only
when they beat the supervised mainline under identical held-out selection. The third is robustness and
evaluation: per-language calibration, retrieval weights, seed stability, and confidence-aware analysis
should be tuned on strictly held-out validation sets and audited for hidden-test leakage risk.

12. Conclusion

AI_TLfanclub submitted a Task 1 system built around answer-surface alignment for multilingual financial
MCQ: distilled Qwen models, direct answer-label scoring, rationale supervision, targeted fine-tuning,
and calibrated inference. On the official FinMMEval 2026 final-test leaderboards, the system achieved
80.50% accuracy in English, 70.50% in Chinese, 84.00% in Arabic, and 68.50% in Hindi, corresponding to
ranks 7, 8, 8, and 8 respectively. The main empirical lesson is that rationale distillation plus targeted
fine-tuning is the strongest validated mainline in the current evidence, whereas reinforcement learning
should remain validation-gated rather than assumed superior. The strongest remaining challenge is
Hindi robustness under final-test distribution shift.
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