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Abstract

We describe an inference-only system for cross-lingual financial QA, which requires concise (<100 words) answers
to financial questions grounded in English SEC filings and parallel news in five languages (EN, ZH, JA, ES, EL).
Our setup is intentionally inference-only (no model fine-tuning), to match the realistic resource constraints of
a shared-task setting. We evaluate eight prompting strategies (P0-P7) over a single Azure AI Foundry agent,
four inference-time techniques (Structured IR, Self-Refine, LLM-as-Judge, Cross-lingual Consistency), and a
reward-guided Best-of-N pipeline that generates DPO preference pairs as a by-product. P7 (ROUGE-Optimised)
is the best single-prompt strategy (R1=0.346/0.341 Easy/Expert); LLM-as-Judge filtering gives the largest single-
technique gain (+0.119 R1 on Easy); the Best-of-N oracle reaches R1=0.413/0.411. An English-bias rate of 41.3%
and a language-coverage reward of 0.12/3.00 suggests that current prompting alone is insufficient for robust
cross-lingual synthesis. For blind-test submission, we use P7 with strict format enforcement as the best deployable
configuration.
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1. Introduction

The benchmark used in this study [1, 2] is a cross-lingual financial QA benchmark, pairing English
10-K/10-Q excerpts with news in Chinese, Japanese, Spanish, and Greek (344 instances across Easy and
Expert tiers). Existing English-only benchmarks such as FinQA [3] and TAT-QA [4] do not evaluate
cross-lingual synthesis. Because working notes are submitted before blind test labels are released,
our objective is to identify the strongest deployable inference strategy on development data and then
freeze that strategy for the external evaluation portal. Our work makes three contributions: (1) a
systematic prompt-engineering ablation over eight strategies; (2) four inference-time augmentation
techniques including a novel reward-guided Best-of-N pipeline that produces DPO preference pairs [5]
as a side-product (no policy optimisation is run; DPO fine-tuning is left to future work); and (3) a
per-language marginal-contribution ablation that quantifies the information value of each non-English
source.

Score context. For cross-lingual financial QA, ROUGE-1 in the range 0.30-0.45 is competitive: English-
only FinQA systems report 0.35-0.55 [3] on extractive tasks, but cross-lingual synthesis across five
languages over structured tables is substantially harder. Our zero-shot P0 baseline (R1~/20.30) suggests
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the model already extracts relevant financial figures; our best single-prompt system P7 (R1=0.346/0.341)
improves by ~15% over baseline; and the Best-of-N oracle (R1=0.413) achieves a ~40% relative gain
over P0. The primary bottleneck is not scores per se but the 41.3% English bias rate and near-zero
language-coverage reward, indicating the model rarely cites non-English sources even when instructed
to do so.

2. Dataset

Table 1 summarises the dataset used for development.

Table 1

Dataset statistics.
Tier Instances Languages Source Ans. limit
Easy 172 EN+ZH+JA+ES+EL SEC 10-K/10-Q 100 words
Expert 172 EN+ZH+JA+ES+EL SEC 10-K/10-Q 100 words
Total 344 5

Each instance provides: (i) structured financial tables (income statement, balance sheet, cash flow), (ii)
five parallel news articles, and (iii) a gold answer in the schema Answer: {...} / [News|Financial
Statements] Evidence: {...}.Thetaskispartofthe FinMMEval 2026 lab [1] and the development
set is drawn from the MultiFinBen benchmark [6]. We have not used any other external dataset in this
study:.

3. System Architecture

Figure 1 shows the end-to-end inference pipeline. All experiments share a single Azure Al Foundry
agent (OpenAl-compatible Responses API) with exponential back-off retry, backed by model gpt-5.1
(version 2025-11-13). Post-processing extracts the Answer: section and truncates to 100 words
before ROUGE scoring. As the model is accessed via a commercial pay-as-you-go Azure Al Foundry
deployment, we are unable to report exact computational costs for any of the experiments described in
this paper.

Main Inference Pipeline (Exp. 1-5)

[lnput(tables+5L news)]—)[Prompt(PO—W) Azure AlFoundry]—)[ExtractSWO w]—) Answer

-
|
|

Reward-Guided Best-of-N (Exp. 6)

Figure 1: Inference pipeline. Blue region (solid arrows): main path for Exp. 1-5 — query and system prompt
combined, sent to Azure Al Foundry, output post-processed (extract Answer: section, truncate to 100 words).
Red region (dashed arrows): Exp. 6 Reward-Guided Best-of-N — N=5 candidates scored by a 5-dim reward
model; ROUGE-1 winner kept and refined; all (winner, loser) pairs logged as DPO preference data.

4. Prompting Strategies

Table 2 summarises all eight strategies. P7 is the best single-strategy result; P5 was the originally
intended primary submission but underperformed P0 on Expert (see Exp. 2 results).



Table 2
Prompting strategies (P0-P7).

ID Name Key additions over PO

PO  Zero-shot No system prompt

P1  Role Senior multilingual analyst role; grounding
constraint

P2 Multilingual ~ P1 + explicit per-language extraction rules

P3  CoT 8-step evidence extraction chain-of-

thought [7]

P4 Tier-Aware Conditional routing: tables-first (factual)
vs news-first (analytical)

P5 Combined P2 + P3 + P4 unified (primary run)

P6  Few-Shot 2 gold examples prepended [8]

P7 ROUGE-Opt Explicit instructions to re-use question key-
terms and exact numbers (full prompt: Ap-
pendix A)

5. Inference-Time Techniques and Reward-Guided Best-of-N

Table 3 gives a concise description of each technique.

Table 3
Inference-time techniques (Exp. 4-6).
Technique Description
Structured IR (SIR) Two-step prompt: extract per-source scratchpad — syn-
thesise. Encourages explicit non-English attention.
Self-Refine Generate (P5) — critique (5 axes) — improve; up to 2
iterations; best ROUGE-1 retained [9].
Judge Filtered Generate — LLM judge scores on 4 dims: groundedness

(0-3), language coverage (0-3), format compliance (0-
2), conciseness (0-2); total 0-10; retry <2x with P5 if
total < 6; highest-ROUGE-1 response kept. Full rubric:
Table 4; full prompt: Appendix B [10].

Consistency Check Parallel multilingual vs English-only generation; LLM
classifies English bias; reports bias rate.

Reward-Guided Best-of-N  N=5 candidates (P7x3 + P5 + SIR) — reward model (0-
14) + ROUGE-1 selection — ROUGE refinement pass;
(winner, loser) pairs logged as DPO preference data for
future fine-tuning [5].

Reward model dimensions. The reward model scores each candidate on five axes: factual accuracy
(0-4), groundedness (0-3), language coverage (0-3), format compliance (0-2), and conciseness (0-2),
giving a maximum LLM reward of 14. In Exp. 6 a ROUGE-1 bonus (max 12) is added, giving a
combined score of 26 (reported as Reward/26 in Tables 10-12); all reward values in Exp. 4 use the
14-point LLM-only scale. Table 4 gives full per-level anchor descriptions for both the judge (Exp. 4) and
the reward model (Exp. 6). Final selection uses raw ROUGE-1 rather than the reward score; therefore,
Best-of-N measures the best reference-informed selection available within this candidate pool, but
cannot be deployed unchanged on the blind test set.

Blind-test deployability note. Exp. 6 is an oracle-style analysis on development data because
candidate selection depends on reference-based ROUGE. This signal is unavailable on the final blind



Table 4
Scoring rubrics for the LLM-as-Judge (Exp. 4, 4 dims, total 0-10) and the Reward Model (Exp. 6, 5 dims, total
0-14). Retry threshold for judge filtering: total < 6/10.

Dimension Judge Reward Per-level anchors

Factual accuracy — 0-4 0 hallucinated facts; 1-2 partial er-
rors; 3 mostly correct; 4 fully accu-
rate

Groundedness 0-3 0-3 0 unsupported claims; 1 mostly

grounded; 2 fully grounded; 3
grounded + source cited

Language coverage 0-3 0-3 0 EN only; 1 mostly EN; 2 >2 non-EN
sources; 3 all 5 languages consulted

Format compliance 0-2 0-2 0 missing Answer/Evidence; 1 partial;
2 perfect schema

Conciseness 0-2 0-2 0 >100 words; 1 <100 words but ver-

bose; 2 concise & complete

Total 0-10 0-14 Retry if judge total < 6; reward
bonus: +12 ROUGE-1 = 26 combined

test set. Therefore, our official submission strategy is the best deployable method from Exp. 2 (P7),
combined with deterministic decoding and strict output-schema post-processing.

6. Experimental Results

6.1. Exp. 1 - Baseline

We first establish a zero-shot baseline by sending each query directly to the model with no explicit system
prompt (P0). Easy (R1=0.294, RL=0.226) and Expert (R1=0.308, RL=0.190) score similarly, suggesting the
model already extracts relevant financial figures from structured tables even without instructions. The
higher ROUGE-2 on Easy (0.119 vs 0.096) reflects that Easy questions are more factual and extractive,
producing greater two-gram overlap with gold answers (Table 5).

Table 5
Exp. 1: Zero-shot baseline (P0).

Tier ROUGE-1 ROUGE-2 ROUGE-L

Easy 0.2937 0.1192 0.2257
Expert 0.3084 0.0964 0.1900
Avg 0.3011 0.1078 0.2079

Note on PO score variation. The PO baseline appears with slightly different values across tables (Easy
R1: 0.2904-0.2939; Expert R1: 0.3058-0.3108) because each experiment was run as an independent API
call without a fixed random seed; run-to-run variance from non-deterministic sampling at the default
temperature likely contributes. All comparisons within a single experiment use the same corresponding
PO run.

6.2. Exp. 2 - Prompting Ablation

We evaluate all eight strategies on the full 172-instance development set per tier. Several findings
stand out. First, simple role instructions (P1) slightly hurt both tiers (—0.009/—0.001 AR1), suggesting
the model is already well-grounded without explicit role framing. Second, strategies that mandate
per-language reading (P2, P3, P4) consistently improve over PO on Easy but underperform on Expert.



Third, P5—our originally intended primary submission—underperforms PO on Expert by —0.019 AR1:
the combined role+CoT+tier-routing prompt adds conflicting constraints that confuse the model on
analytical questions. Finally, P7 (ROUGE-Opt) achieves the best cross-tier average (R1=0.344) by
instructing the model to reuse question key-terms and exact numeric values; P6 (Few-Shot) wins on
Easy (R1=0.350) through gold-answer format calibration but drops on Expert (0.297), giving a lower
cross-tier average of 0.324. Table 6 reports the full per-strategy breakdown.

Table 6

Exp. 2: ROUGE-1/L per strategy (A vs PO per tier). Bold = best per tier; P7 wins overall by avg R1.
Strategy Easy R1 EasyRL AR1  ExpertR1 ExpertRL AR1
PO Zero-shot 0.2939 0.2265 0.000 0.3058 0.1878 0.000
P1 Role 0.2853 0.2192 —0.009 0.3047 0.1876 —0.001
P2 Multilingual 0.3064 0.2352 +0.013 0.3029 0.1823 —0.003
P3 CoT 0.3007 0.2329 +0.007 0.3007 0.1826 —0.005
P4 Tier-Aware 0.3120 0.2322 +0.018 0.3010 0.1835 —0.005
P5 Combined 0.3041 0.2349 +0.010 0.2864 0.1740 —0.019
P6 Few-Shot 0.3500 0.2644 +0.056 0.2973 0.1820 —0.009
P7 ROUGE-Opt 0.3461 0.2679 +0.052 0.3411 0.2201 +0.035

6.3. Exp. 3 - Per-Language Ablation

To quantify each non-English source’s marginal contribution we run the best strategy from Exp. 2 six
times per tier: once with the full five-language context (baseline), then with each of ZH, JA, ES, EL
removed in turn, and finally with English only. A negative A indicates the removed language provided
useful signal.

Table 7
Exp. 3: Per-language ablation with strategy P7 (best from Exp. 2, avg R1=0.3436) — ROUGE-1 and ROUGE-L (A
vs full context; negative = language helps).

Tier Condition ROUGE-1 AR1 ROUGE-L ARL

Easy Full (all 5 lang) 0.3505 0.000 0.2685 0.000

Easy —ZH (Chinese) 0.3540 +0.004 0.2715 +0.003
Easy —JA (Japanese) 0.3484 —0.002 0.2659 —0.003
Easy —ES (Spanish) 0.3488 —0.002 0.2686 -+0.000
Easy —EL (Greek) 0.3516 +0.001 0.2680 —0.001
Easy EN only 0.3366 —0.014 0.2569 —0.012
Expert Full (all 5 lang) 0.3373 0.000 0.2144 0.000

Expert ~ —ZH (Chinese) 0.3337 —0.004 0.2128 —0.002
Expert  —JA (Japanese) 0.3360 —0.001 0.2168 -+0.002
Expert —ES (Spanish) 0.3325 —0.005 0.2162 +0.002
Expert —EL (Greek) 0.3272 —0.010 0.2093 —0.005
Expert  ENonly 0.2923 —0.045 0.1920 —0.022

On Easy, removing any single non-English language has minimal impact (|AR1| < 0.004), showing
no single source dominates. Dropping to English-only reduces Easy R1 by 0.014, indicating the non-
English articles collectively add signal. On Expert the pattern is sharper: removing Greek (EL) causes the
largest single-language drop (—0.010 R1, —0.005 RL) despite Greek being the lowest-resource language
in the set, suggesting the Greek news contains analytical commentary (margins, ratios) absent from
other sources. Dropping to English-only produces the most severe degradation (—0.045 R1, —0.022 RL),
suggesting that multilingual context is genuinely necessary for analytical reasoning on Expert questions
(Table 7).



6.4. Exp. 4 - Beyond Prompting

Having identified P7 as the best single prompt, we tested whether inference-time techniques could
push quality further without changing the underlying model. Four techniques were evaluated on a
full 172-instance run per tier: (i) Structured IR (SIR) — a two-step prompt that extracts a per-source
scratchpad before synthesising the final answer, forcing explicit non-English attention; (ii) Self-Refine
— generate with P5, produce a self-critique on five quality axes, and iteratively improve (up to 2 passes),
retaining the best ROUGE-1 output [9]; (iii) Judge Filtered — generate with P5, score the output
with an LLM judge on four dimensions (0-10), and retry up to twice with a stricter prompt if the
score falls below 6, keeping the highest-ROUGE-1 response [10]; (iv) Consistency Check — run P5
twice in parallel (multilingual vs English-only) and use an LLM classifier to flag responses that ignore
non-English sources, logging the overall English bias rate.

LLM-as-Judge filtering is the standout performer (+0.119 R1 on Easy, +0.051 on Expert over P0),
demonstrating that automatic quality gating provides a large, reliable signal even without gold labels.
Self-Refine also helps on Easy (+0.044) but provides minimal gain on Expert (+0.003), suggesting the
self-critique loop is less effective for multi-step analytical questions.

The English bias rate of 41.3% (71/172 Easy responses) indicates that even judge-filtered outputs
frequently default to English-centric synthesis (Table 8).

Table 8

Exp. 4: Inference-time techniques vs PO baseline.
Technique Tier R1 R2 RL ART1 vs PO
PO Baseline Easy 0.2904  0.1143  0.2223 0.000
Structured IR Easy 0.3018  0.1309  0.2399 +0.011
Self-Refine Easy 0.3339  0.1353  0.2543 +-0.044
Judge Filtered Easy 0.4096 0.2302 0.3202 +0.119
PO Baseline Expert 0.3108  0.0976  0.1882 0.000
Structured IR Expert 0.3253  0.1068  0.1971 +0.015
Self-Refine Expert 0.3136  0.0984  0.1890 +0.003
Judge Filtered Expert 0.3614 0.1540 0.2401 +0.051
English Bias Rate (172 Easy rows) 41.3% (71/172 biased)

6.5. Exp. 5 - Error Analysis

To understand why the model fails, we manually inspected the 40 predictions with the lowest ROUGE-1
scores (R1 < 0.3) from the P7 full-dataset run and categorised each into one of five error types. This
taxonomy directly informs the design of the reward model dimensions used in Exp. 6.

Hallucination is the dominant failure mode, accounting for 24/40 cases (60%): the model produces
plausible-sounding financial figures or trends that are absent from, or directly contradict, the provided
tables. This is particularly common in responses to comparative questions spanning multiple fiscal
periods, where the model conflates different reporting dates. English bias (12/40, 30%) occurs when
the model produces a valid answer grounded only in the English 10-K/10-Q data while ignoring
corroborating or divergent signals in the non-English news, leading to lower vocabulary overlap with
gold answers that cite multilingual sources. Vocabulary mismatch (4/40, 10%) arises when correct
numeric values are expressed with different phrasing than the gold answer (e.g. “up 15%” vs “15%
year-over-year growth”), which ROUGE-1 penalises unfairly. Zero format violations show in our
experiments that the post-processing pipeline reliably extracts the Answer: section.

These findings motivate three reward dimensions for Exp. 6: factual accuracy (targets hallucination),
language coverage (targets English bias), and groundedness (targets unsupported claims) (Table 9).



Table 9
Exp. 5: Error taxonomy for low-ROUGE predictions (ROUGE-1 < 0.3).

Error Type Count %

Format violation 0 0.0%
English bias 12 30.0%
Vocabulary mismatch 4 10.0%
Wrong tier 0 0.0%
Hallucination 24 60.0%
Total low-ROUGE 40 100%

6.6. Exp. 6 - Reward-Guided Best-of-N and Preference-Pair Harvesting

Exp. 6 asks: what is the empirical ceiling of this system if we can select the best of several candidate
answers? No policy optimisation (DPO or PPO) is run in this experiment; the reward model is used
solely for reranking, and the logged preference pairs are an asset for future fine-tuning (see Section 8.3).
We generate N=5 candidates per question using a diverse pool of strategies (P7x3 with different seeds,
P5, and SIR), score them with a five-dimensional LLM reward model (max 14 pts), add a ROUGE-1 bonus
(max 12 pts) for a combined score of 26, and select the highest-ROUGE-1 winner. The winner then
undergoes a ROUGE-refinement rewrite pass to further improve lexical overlap. As a by-product, every
(winner, loser) pair is logged as a DPO preference pair [5], yielding up to 688 preference instances per
tier at zero additional annotation cost.

Best-of-N achieves R1=0.413/0.411 (Easy/Expert) — a 19%/20% relative improvement over the P7
single-strategy baseline — suggesting that candidate diversity and selection add substantial value.
However, this comes at a cost: format compliance falls to 64-67% across Easy and Expert pools (vs
100% for all single-strategy runs), and the language-coverage reward dimension averages only 0.12/3.00
(Expert), revealing a fundamental quality-ROUGE tension: candidates that score highest on ROUGE-1
tend to be more verbose and English-centric, sacrificing multilingual grounding and output-schema
compliance. Because candidate selection relies on ROUGE-1 against gold labels, Best-of-N is strictly an
oracle method on development data and cannot be applied to the blind test set. This disqualifies it from
our official portal submission and reinforces P7 as the best deployable strategy.

Tables 10, 11, and 12 report per-tier ROUGE scores and the breakdown of mean reward dimensions.

Table 10
Exp. 6: Reward-Guided Best-of-N (N=5 candidates, ROUGE-1 selection + refine pass) vs single-strategy runs
(Easy). Reward max=26 (5-dim LLM judge/14 + ROUGE-1 bonus/12).

System R1 R2 RL Reward/26
PO Baseline 0.2939  0.1146  0.2265 —

P5 Combined 0.3041  0.1235  0.2349 -

P7 ROUGE-Opt 0.3461 0.1525  0.2679 —
Structured IR 0.3018  0.1309  0.2399 —
Best-of-N (+Refine) 0.4133 0.2008 0.3073 9.97

7. Blind-Test Submission and Official Results

7.1. Submission Configuration

Following the protocol described in Section 8.4 below, we generated answers for all 128 Easy and
128 Expert blind-test questions (256 total) using P7 with deterministic decoding (temperature ~ 0)
and enforced the required Answer:/Evidence: schema in post-processing. The submission file



Table 11

Exp. 6: Reward-Guided Best-of-N (N=5 candidates, ROUGE-1 selection + refine pass) vs single-strategy runs
(Expert). Reward max=26. Note: format compliance drops to 64-67% across tiers in Best-of-N vs 100% in
single-strategy runs.

System R1 R2 RL Reward/26
PO Baseline 0.3058  0.0995 0.1878 —

P5 Combined 0.2864  0.0856 0.1740 —

P7 ROUGE-Opt 0.3411 0.1330 0.2201 —
Structured IR 0.3253  0.1068  0.1971 —
Best-of-N (+Refine) 0.4111 0.1733 0.2559 9.46

Table 12
Exp. 6: Mean reward dimensions from the LLM reward model (Expert tier, n = 172). Low language coverage and
format compliance scores reveal a quality-ROUGE tension.

Reward Dimension Max Mean

Factual accuracy 4 2.24
Groundedness 3 0.70
Language coverage 3 0.12
Format compliance 2 0.00
Conciseness 2 1.58
ROUGE-1 bonus 12 4.81
Total reward 26 9.46

FinMMeval_T2_FTest_submission. jsonl was exported and uploaded to the external evaluation
portal.

7.2. Official Portal Evaluation

Table 13 shows the per-tier development scores for reference; Table 14 reports the official blind-test
scores returned by the evaluation portal. The system achieved Rank #1 on the Task 2 leaderboard with
ROUGE-1 F1 = 0.3118 and full 100% coverage across all 256 blind-test instances (128 Easy + 128 Expert),
which differ from the 344-instance development set (172 Easy + 172 Expert) used for all ablations above.
The test aggregate (R1 F1 = 0.3118) is slightly below the development average (P7 avg R1 ~ 0.344),
consistent with the expected development-to-test distribution shift on unseen financial documents. The
deterministic, inference-only nature of the P7 pipeline — no test-set tuning, no gold-label dependency —
suggests that the generalisation holds without any blind-test-specific adaptation.

Table 13
Development-set ROUGE scores (P7, from Exp. 2) by tier. The portal reports aggregate scores only; tier breakdown
is from internal evaluation.

Tier ROUGE-1 ROUGE-2 ROUGE-L

Easy 0.346 0.153 0.268
Expert 0.341 0.133 0.220

Avg 0.344 0.143 0.244




Table 14

Official blind-test results from the evaluation portal (P7 submission, 256 instances: 128 Easy + 128 Expert).
Rank #1 on the Task 2 leaderboard as of 2026-05-14. Note: the blind-test set (256) differs from the development
set used for all ablations (344: 172 Easy + 172 Expert).

System ROUGE-1 F1  Precision Recall Coverage

Calibrated Signals (P7) 0.3118 0.3025 0.3764 100.0%

8. Evaluation and Improvement Opportunities

8.1. Key Findings

P7 beats P5 as the best single strategy. Despite P5 being our designed primary submission,
P7 (ROUGE-Opt) achieves R1=0.346/0.341 Easy/Expert versus P5’s 0.304/0.286. Critically, P5
underperforms PO zero-shot on Expert (—0.019 AR1), suggesting the combined role+CoT+tier-
routing prompt adds noise for analytical questions.

LLM-as-Judge is the most effective inference-time technique. Judge filtering raises Easy R1
from 0.2904 to 0.4096 (+0.119) — the single largest gain in any experiment.

Greek (EL) is the most informative non-English language on Expert. Removing EL drops
Expert R1 by 0.010, the largest single-language drop; removing English reduces Expert R1 by
0.045, indicating multilingual context is genuinely useful.

Best-of-N is the empirical ceiling. Exp. 6 achieves R1=0.413/0.411 but at a cost: format
compliance falls to 64-67% (vs 100% for all single-strategy runs), and language coverage reward
averages only 0.12/3.00, revealing a quality-ROUGE tension.

Hallucination is the dominant failure mode (60% of low-ROUGE cases), followed by English
bias (30%) — both addressable by fine-tuning on the DPO pairs generated by Exp. 6.

8.2. Known Issues and Improvements

Table 15 summarises the issues identified and proposed fixes.

Table 15
Issues identified and proposed fixes.

Issue

Proposed Fix

P5 (Combined) under-
performs PO on Expert
(R1=0.286 vs 0.306)
LLM-as-Judge scores are low
(3.7/10 Easy, 3.1/10 Expert)
despite high ROUGE
Best-of-N format compli-
ance drops to 64-67%

Language coverage reward
near zero (0.02 Easy, 0.12 Ex-
pert)

ROUGE refinement prompt
may hallucinate

No deduplication of DPO
pairs when best strategy
changes

Decouple the three sub-rules; run ab-
lation to identify which sub-rule hurts
Expert

Calibrate judge threshold; judge
may be penalising format compliance
rather than factual quality

Filter candidates by format compli-
ance before ROUGE selection; add for-
mat penalty to reward

Add a hard constraint to include at
least one non-English citation in the
reward model prompt

Constrain rewrite to swap vocabulary
only; prohibit changing numeric val-
ues

Hash (question, chosen, rejected) tu-
ples before appending




8.3. Remaining Limitations and Improvement Roadmap
Three concrete directions for future work follow directly from our results:

1. Fine-tuning with DPO preference data. Exp. 6 generated 172x4 = 688 (winner, loser) prefer-
ence pairs per tier as a by-product at zero extra cost. Fine-tuning an open-weight multilingual
model (e.g. Qwen2.5 [11] or mT5 [12]) on these pairs with DPO [5] or GRPO [13] should directly
reduce hallucination and English bias — the two dominant failure modes.

2. Multilingual retrieval augmentation. The consistency check (Exp. 4) shows 41.3% of responses
ignore non-English sources. Prepending a per-language retrieved sentence (dense retrieval over
the news corpus) before each news section would encourage the model to anchor its answer in
non-English text without relying solely on prompt instructions.

3. Format-ROUGE joint optimisation. Best-of-N (Exp. 6) raises R1 to 0.41 but format compliance
drops to 64-67%. Adding a binary format-compliance filter before ROUGE selection (reject any
candidate lacking both Answer: and Evidence: sections) would trade a small ROUGE reduction
for fully compliant outputs, which is the requirement for official submission scoring.

8.4. Final Blind-Test Submission Protocol

To align with the external portal setup (questions only, hidden labels), we use the following fixed
inference-only protocol:

1. Use P7 as the system prompt (best deployable strategy in Exp. 2).

2. Generate one response per item with deterministic settings (temperature near 0).

3. Enforce required schema in post-processing: Answer: and Evidence:, with answer length
<100 words.

4. If schema is violated, run one constrained retry with the same prompt.

5. Export outputs as task-compliant JSONL for portal submission.

This protocol is reproducible, low-cost, and free of any gold-answer dependency.

9. Conclusion

We presented an inference-only system for cross-lingual financial QA, evaluated across six experiments
designed to progressively identify the strongest deployable strategy for the blind test portal.

Experiment progression and P7 selection. Exp. 1 established PO zero-shot as the baseline
(R1=0.294/0.308 Easy/Expert). Exp. 2 (prompting ablation over PO-P7) showed that adding role, CoT,
and tier-routing instructions does not consistently help and that P5 (Combined) actually underperforms
PO on Expert (—0.019 AR1), while P7 (ROUGE-Opt) — which instructs the model to reuse question
key-terms and exact numeric values — achieves the best average score across both tiers (R1=0.346/0.341
Easy/Expert; avg 0.344). P6 (Few-Shot) achieves a higher Easy R1 (0.350) but drops on Expert (0.297); its
cross-tier average of 0.324 is below P7’s 0.344, making P7 a robust single strategy. Exp. 3 suggests that
P7’s advantage holds across all per-language ablations and that non-English sources — Greek (EL) in
particular — provide genuine signal on Expert queries.

Exps. 4-6 tested techniques that could potentially surpass P7 but each introduced a deployment
obstacle. Exp. 4 showed that LLM-as-Judge filtering raises Easy R1 to 0.410 (+0.119 over P0) — the
largest single-technique gain — but this relies on retry passes with gold-label-calibrated thresholds that
add latency and cost. Exp. 5 (error analysis) identified hallucination (60%) and English bias (30%) as
the two dominant failure modes, motivating the reward dimensions in Exp. 6. Exp. 6 (Reward-Guided
Best-of-N oracle) reached R1=0.413/0.411 but requires reference ROUGE for candidate selection, which
is unavailable on the blind test set, and incurs a 64-67% format-compliance drop — disqualifying it from
submission.



Submission decision. Because all techniques in Exps. 4-6 that outperform P7 either depend on
gold-answer signals or degrade schema compliance, P7 is the strongest deployable configuration
in our experiments. We froze P7 with deterministic decoding and strict post-processing as our official
portal submission and report the resulting blind-test scores in Section 7 (Table 14).

Limitations and future work. A key finding is the quality-ROUGE tension: Best-of-N maximises
ROUGE but format compliance drops to 64-67%, and language coverage rewards average only 0.12/3.00
on Expert, indicating the agent still defaults to English-centric generation despite explicit multilingual
prompting. The 688 DPO preference pairs generated by Exp. 6 (per tier) are a concrete asset for future
fine-tuning with GRPO/PPO [13, 14] on open-weight multilingual LLMs such as Qwen2.5 [11] or
mT5 [12], which should directly reduce hallucination and English bias — the two dominant failure
modes. Real-time multilingual retrieval augmentation and a binary format-compliance filter in the
reward-guided candidate selection loop are the two highest-priority engineering improvements.
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A. P7 System Prompt (ROUGE-Optimised)

The complete system prompt used for strategy P7 (ROUGE-Optimised), referenced in Table 2 and
selected as the best deployable strategy in Exp. 2.

Listing 1: P7 (ROUGE-Optimised) system prompt.

You are a financial analyst. Your answers will be scored against
reference answers using ROUGE-1 unigram overlap.
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RULES to maximise score:

1. Re-use KEY TERMS and EXACT PHRASES from the question.

2. Include SPECIFIC NUMBERS with exact units
($35.0 billion, 15 percent, Q3 FY2020).

3. State COMPANY NAME, METRIC, and TIME PERIOD explicitly.

4. Keep Answer section to 60 words or fewer -- high precision
beats recall.

5. Do NOT use filler phrases. Start the answer directly.

6. Consult ALL five language sources (EN, ZH, JA, ES, EL).

7. Follow the exact Answer/Evidence format in the query.

B. LLM-as-Judge Prompts (Exp. 4)

The following prompts are used for the Judge Filtered technique in Exp. 4 (Table 3). A retry is triggered
when the returned total field is below the threshold of 6/10.

System prompt

You are an expert evaluator of financial question answering
systems. You will evaluate answers on four dimensions.

User prompt template ({question}, {reference}, {generated} are filled at runtime)

Listing 2: LLM-as-Judge user prompt template (Exp. 4).

Evaluate the following financial QA answer.
QUESTION: {question}

REFERENCE ANSWER: {reference}

GENERATED ANSWER: {generated}

Score on these four dimensions:

1. GROUNDEDNESS (0-3):

0 = Contains hallucinated facts not in context

1 = Mostly grounded, minor unsupported claims

2 = Fully grounded in provided documents

3 = Fully grounded with explicit source attribution

2. LANGUAGE COVERAGE (0-3):
0 = Only English sources used
1 = Mostly English, minimal non-English
2 = At least 2 non-English sources consulted
3 = All 5 language sources clearly consulted

3. FORMAT COMPLIANCE (0-2):

0 = Missing required Answer/Evidence sections
1 = Partially correct format
2 = Perfect format compliance

4. CONCISENESS (0-2):
0 Over 100 words in answer section
1 = Under 100 words but verbose
2

Concise and complete under 100 words




Respond in this exact JSON format:
{
"groundedness": <0-3>,
"language_coverage": <0-3>,
"format_compliance": <0-2>,
"conciseness": <0-2>,
"total": <0-10>,
"reasoning": "<one sentence explanation>"
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