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Abstract
Automated multilingual financial question an-
swering requires models to synthesize evi-
dence across SEC filing statements and par-
allel news reporting in five languages, ground-
ing every claim in aligned, verifiable source
material. We participate in the FinNLP 2026
Shared Task (FinEval 2026) Subtask 3, built on
the challenging MultiFinBen/PolyFiQA bench-
mark, under a strict 70-billion-parameter con-
straint and a Macro-averaged ROUGE-1 F1
evaluation metric. We find that shared task’s
practice (train) and test splits encode an in-
verted query-answer contract, and highly spe-
cific prompt engineering tuned against one split
overfits and fails to transfer to the other. Moti-
vated by this, we introduce an explicit answer-
contract knowledge policy encoding evidence-
boundedness, multilingual evidence alignment,
exact-value preservation, reporting-period dis-
ambiguation, and intentional non-response, and
implement it through two complementary gen-
eration strategies: Chain-of-Verification (CoVe)
and Prompt-variant ensembling with heuristic
re-ranking. Our submitted system (ensembling)
improves over direct-prompting baseline and
CoVe (0.41 to 0.49 ROUGE-1 F1 over train set)
and achieves 0.324 ROUGE-1 F1 on the shared
task’s leaderboard, ranking 11 of 15 teams.

1 Introduction

Automated financial QA increasingly requires
models to aggregate information across multi-
ple sources, and often times across multi-lingual
sources. The FinNLP 2026 Shared Task (FinEval
2026) Subtask 3: Multilingual Financial Q&A for-
malizes this challenge by evaluating Q/A across
SEC core filing statements and parallel news ar-
ticles published in English (EN), Chinese (ZH),
Japanese (JA), Spanish (ES), and Greek (EL) us-
ing the MultiFinBen/PolyFiQA (Peng et al., 2026)
benchmark. Participating models, constrained
strictly to under 70 billion parameters, are eval-
uated on their ability to extract verified figures,

synthesize multi-document findings, and ground
claims in aligned evidence under Macro-averaged
ROUGE-1 F1. However, standard prompting ap-
proaches suffer from critical failure modes in this
benchmark, namely, conversational hedging, tem-
poral conflation between quarterly and cumulative
figures, and subtle stylistic divergences. To ad-
dress these challenges, we present our approaches
for this shared task as explicit answer-contract en-
forcement rather than brute-force prompting. We
introduce a policy framework that enforces domain
constraints across both generative reasoning via
Chain-of-Verification (CoVe) and deterministic se-
lection via prompt-variant ensembling with heuris-
tic re-ranking, bridging the gap between single-
pass model generation and the strict precision re-
quired by the shared task.

1.1 Dataset
PolyFiQA, introduced in the MultiFinBen bench-
mark, has two splits: PolyFiQA-Easy, PolyFiQA-
Expert. However, as a part of the shared task, the
following were shared with participating teams:

• Train: a 76-row set of query (prompt query,
financial statements evidences in EN, ZH, JA,
ES, EL, question and gold answers.

• Test: a 76-row set of query and question with-
out gold answers.

The relation between PolyFiQA-Easy and
PolyFiQA-Expert and the shared task’s train and
train sets cannot be established as no gold an-
swers were released to confirm this mapping. We
therefore treat PolyFiQA-Expert as the validation
dataset on the basis that it is the more challenging
of the two upstream splits. From the experiments
conducted to evaluate the performance of our ap-
proaches on train and from inspection of query
phrasing on the test data (gold answers were with-
held for test), we observed the following:
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• Train: Queries in this set require answer to
be composed as an ‘answer’ using financial
statements and verified using financial news,
both provided in the context.

• Test: Queries in this set require answer to
be a ‘summary’ of the financial news, using
financial statements as evidence. This has
been inferred from the query structure alone
as gold answers were unavailable to confirm
the effect on the test set. Validation set follows
the same structure.

These findings challenge conventional prompt
engineering practices where tailoring prompts with
highly specific instructions frequently induced over-
fitting on the validation set.

2 Methodology

2.1 Baseline
As baseline, we utilize the default prompts pro-
vided in training dataset. Each instance contains a
target question, ground-truth answer with evidence,
context (financial statements, multilingual news
and question) with instance-specific prompt. We
feed this directly into the LLM without modifica-
tion.

2.2 Knowledge-based Generation
From the baseline experiments (Section 2.1), we
observed gaps between the dataset’s query, gold an-
swer and the answers generated by our approaches.
We identified a critical need to bridge these gaps
by adding knowledge, or answering policies for
multilingual financial question answering over fi-
nancial statements and financial news. This knowl-
edge encodes how to interpret the dataset’s query-
answer contract, how to align evidence to that con-
tract, and how to constrain model outputs so that
they match the benchmark’s latent annotation logic.
This knowledge has the following components:

• Evidence-bounded Answering: Answer
must be derived exclusively from provided fi-
nancial statements and multilingual news. No
unsupported information, background finan-
cial knowledge or guesses are allowed. This
also includes inventing values, periods, causal
explanations, derived evidence snippets.

• Multilingual Evidence Alignment: Multi-
lingual news sections in the query should be
interpreted as independent, parallel renderings

of shared facts rather than unrelated or con-
flicting articles. Therefore, recurring shared
facts across EN, ZH, JA, ES and EL would be
considered as stronger evidences.

• Financial Exact Value Handling: All values
reported in the multilingual news evidences
must always be preserved in the same form
that they appear in. This includes units, cur-
rencies, language-based decimal conventions
and reporting-period labels.

• Strict Interpretation of Reporting Periods:
When a question refers to the current figure,
the answer should use the relevant current re-
porting column rather than mixing quarterly
and cumulative values.

• Intentional Non-Response: If the requested
metric is not explicitly available or cannot
be computed directly from the evidences, the
correct output should be "None". From the
dataset, the QA task does not necessarily re-
ward hedged explanations or alternatives like
"not provided" or "undetermined".

This knowledge “policy" is important to be con-
sidered, as the metric (ROUGE-1 F-1) required
for this shared task rewards a particular combi-
nation of evidence selections, temporal descrip-
tions, alignment, formatting and exclusion behav-
iors, and does not simply evaluate the financial
correctness of the generated answers. We inte-
grate this knowledge into the following approaches
- Chain-of-Verification (2.3) and Prompt-variant en-
sembling with heuristic re-ranking and generation
(2.4). We emphasize that these components consti-
tute a general answering policy rather than fixed
bundle applied identically across all methods; in-
dividual generation methods incorporate different
subsets of this policy depending on their underlying
mechanism.

2.3 Chain-of-Verification (CoVe)
Building upon the baseline, we employ the Chain-
of-Verification (CoVe) framework to systematically
mitigate factual hallucinations in complex financial
reasoning (Dhuliawala et al., 2024). Unlike the
direct generation approach, CoVe decomposes the
reasoning process into the following four explicit
stages: 1. Draft Generation. The LLM gener-
ates an initial draft response to the target question.
2. Verification Planning. It identifies key fac-
tual claims within the draft and formulates targeted
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verification questions. 3. Verification Execution.
The model independently answers these verifica-
tion queries by strictly grounding its reasoning in
the provided financial statements and multilingual
news. 4. Final Response Synthesis. Finally, the
LLM cross-references the initial draft against the
verified facts, revising any inconsistencies to syn-
thesize a highly accurate, refined final response.

2.4 Prompt-variant Ensembling with
Heuristic Re-ranking

To improve robustness against variance in single-
pass generation, we employ a prompt-variant en-
sembling strategy that samples multiple stylisti-
cally distinct completions from the same underly-
ing model and selects among them with a deter-
ministic scoring function, rather than ensembling
across different models. For each query, up to
five candidate responses are generated from the
base system prompt augmented with a short style-
override suffix: (a) Base, an unmodified comple-
tion; (b) Concise, instructed to keep the answer
to 1–2 sentences, avoid derivation language for
"final result(s)" questions, and include one short
aligned quote when the question requests news evi-
dence; (c) Extractive, instructed to reuse wording
and numeric expressions from the provided context
rather than paraphrasing; (d) Final-result-only, in-
structed to return only the requested result(s) and
omit derivation steps; and (e) Quote-priority, in-
structed to prioritize a short aligned quote in the ev-
idence field when the question requests one. Each
candidate is generated independently, with auto-
matic retry on transient provider errors. A deter-
ministic candidate scorer then selects among the
available candidates without requiring access to the
gold answer. The candidate’s score is incremented
for the presence of both required output sections,
decremented if the question specifies “only the fi-
nal result(s)" but the candidate’s answer nonethe-
less contains derivation markers, incremented if the
question requests a quote and the candidate sup-
plies non-null evidence, decremented otherwise,
and adjusted for length. The highest-scoring candi-
date is then selected as the final response.

3 Results

3.1 Experimental Setup
Large Language Models. We evaluate base-
line and CoVe approaches using Llama 3.3-70B-
Instruct (Grattafiori et al., 2024) with temperature

set to 0.3 for baseline and 0.5 for CoVe for draft
generation to encourage sufficient information re-
trieval and 0.1 for both verification planning and ex-
ecution to ensure the deterministic extraction of fac-
tual claims. The verified answer generation stage
employs a temperature of 0.3 to balance factual fi-
delity with linguistic fluency. The Prompt-variance
Ensemble method with Heuristic Reranking has
been evaluated using Qwen3-32B (Yang et al.,
2025) with temperature at 0.0, top p at 0.70, pres-
ence and frequency penalties at 0.0. For the prompt-
variance ensemble method, other models such as
Llama 3.3-70B-Instruct, Gemma4 (Team et al.,
2026), Qwen3-8b (Yang et al., 2025), Qwen2.5-
14b-Instruct (Qwen et al., 2025) and Gemma3-27b
(Team et al., 2025) were also explored but did not
reach comparable performance on both train and
validation set as compared to the selected model.
All the models are under 70 billion parameters, as
required by the shared task.
Prompts. The complete set of prompts utilized in
our methods is provided in the Appendix A.
Evaluation Metrics. For the shared task, we re-
quire to evaluate the performance of our models
on the test set using Macro-averaged ROUGE-1 F1
metric (Lin, 2004). In addition to this, we also re-
port BERTScore F1 computed using the pre-trained
bert-base-multilingual-cased model (Devlin
et al., 2019), for semantic alignment.
Evaluation Process. We evaluate our methods and
model selection on the train and validation sets.
For the train and validation set, we locally compute
both the macro-averaged ROUGE-1 F1 score and
BERTScore F1. To evaluate our approach on the
test set, we submitted our generated responses us-
ing Prompt-variant Ensembling as this had the high-
est scores on the train set, to compute the ROUGE-
1 F1, recall, and precision scores for the public
leaderboard. Furthermore, to ensure reproducibil-
ity and obtain the final evaluation metrics, we sub-
mitted our executable solution code to the platform
for independent verification. The scores yielded
from this verified code are reported on the private
leaderboard.

3.2 Evaluation Results
We present our evaluation results across the train
and validation set in this section. On the private
leaderboard for this shared task, we rank 11 out of
the 15 participating teams, with a macro-averaged
ROUGE-1 F1 score of 0.324 (a gap of 0.06 against
the highest ranking team on the leaderboard) on
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Split Method R-1 F1 R-1 Prec. R-1 Rec. BERTScore F1
Train Baseline 0.41 0.54 0.41 0.78

CoVe 0.48 0.52 0.49 0.85
Ensemble 0.49 0.53 0.47 0.86

Valid Baseline 0.25 0.23 0.42 0.81
CoVe 0.30 0.28 0.41 0.82
Ensemble 0.36 0.35 0.40 0.87

Test Ensemble 0.3240 0.3042 0.3897 N/A

Table 1: Model performance across Train and Validation
sets. Test set scores were computed by the shared task
organizers based on the submitted code and are available
on the leaderboard. Shared task required only Macro-
averaged ROUGE-1 F1.

the test set. In addition to the ROUGE-1 F1 score,
we also computed BERTScore F1 on train and vali-
dation sets to assess the semantic value of the gen-
erated answers. The shared task only required to
compute the macro-averaged ROUGE-1 F1 score.

3.3 Discussion
Our submitted system, integrating answer-contract
knowledge policy (2.2) with prompt-variant ensem-
bling (2.4), achieved a leaderboard score of 0.32
ROUGE-1 F1 on the test set, ranking 11th of 15 par-
ticipating teams; the top-ranked submission scored
0.38. Relative to our own baseline (0.25 on the
validation set) and Chain-of-Verification approach
(0.30), this represents a consistent improvement
attributable to our answer-contract framing, sug-
gesting that explicitly encoding the benchmark’s la-
tent query-answer conventions is a more productive
lever than iterating on generic instruction phras-
ing. This is consistent with our findings in Sec-
tion 1.1 that highly specific ad-hoc instructions
tended to overfit the validation set rather than gen-
eralize to the test distribution. Additionally, we
view our result as evidence that lightweight, policy-
driven approach is competitive on this challeng-
ing benchmark without requiring large-scale search
over model or prompt configurations.

3.4 Limitations
Our evaluation is conducted on a small dataset
(76 test examples, split into a 24-example pub-
lic and 52-example private partition); at this scale,
individual-example variance can meaningfully af-
fect both absolute scores and relative rankings, and
we caution against over-interpreting small differ-
ences between submissions, including the gap to
the top-ranked team. The shared task’s evaluation
metric, macro-averaged ROUGE-1 F1, rewards lex-
ical overlap with a single human-authored refer-
ence rather than financial correctness directly. Fac-

tually accurate answers phrased differently from
the reference receive no credit under this metric.
Finally, due to compute and time constraints, our
model selection reflects a practical comparison
across a limited set of candidate models under our
specific prompting setup rather than an exhaustive
search, and we cannot rule out that a different base
model or more extensive tuning would narrow the
observed gap.
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A Appendix

A.1 Baseline
The default instance specific prompt in Section 2.1
is as follows:

You are tasked with answering the user’s ques-
tion using the provided context, which includes
financial statements (Income Statements, Balance
Sheets, and Cash Flow Statements) and financial
news articles in multiple languages (English,
Chinese, Japanese, Spanish, and Greek). Please
provide a detailed and well-supported answer
based on the information available. Limit your
response to 100 words or fewer. If you cannot
answer the question or if no relevant evidence is
found, write “None”.

Answer Format:
Answer: {Answer using the financial statement.}
News Evidence: {Verify your answer using quote(s)
from the financial news. Write “None” if no news
evidence is available.}
Context:
Financial Statements: {FINANCIAL STATE-
MENTS AND MULTILINGUAL NEWS}

Question:
{QUESTION} Please quote the piece(s) of news
aligned with the finding(s), if any.

A.2 CoVe
For the CoVe framework detailed in Section 2.3, the
specific prompt templates utilized for each stage
and system prompt over all stages are as follows:

Draft Generation
{QUERY}

Generate a draft answer.
Follow the required Answer / News Evidence
format.

Verification Planning
{QUERY}

Draft answer:
{DRAFT ANSWER}

Create a concise verification plan. List the
facts, numbers, reporting periods, calculations,
and news evidence that must be checked against
the provided context before finalizing the answer.

Do not answer the original question yet.

Verification Execution
{QUERY}

Draft answer:
{DRAFT ANSWER}

Verification plan:
{VERIFICATION PLAN}

Execute the verification plan using only the
provided context. For each check, state whether
the draft answer is supported, unsupported, or
needs correction. For ratio questions, verify the
numerator and denominator values from the same
reporting period. Do not produce the final answer
yet.

Final Response Synthesis
{QUERY}

Draft answer:
{DRAFT ANSWER}

Verification plan:
{VERIFICATION PLAN}

Verification results:
{VERIFICATION RESULTS}

Produce the final verified answer. Correct
any unsupported or wrong parts from the draft.
Include the final result and a brief reason using
verified source values. For ratio questions, state
the numerator and denominator values used.
Use only supported financial-statement values
and directly relevant news evidence. Follow
the required format exactly: Answer: ... News
Evidence: ...

System Prompt
You are a precise financial question-answering
assistant.

Terminology:
- Use the terminology from the question and
financial evidence consistently.
- Distinguish carefully between revenue, sales,
income, profit, assets, liabilities, equity, cash
inflows, and cash outflows.
- Do not confuse financial-statement evidence with
news evidence.

798



Numbers, currencies, and dates:
- Preserve every reported number exactly as it
appears in the evidence, including decimal points,
commas, percentage signs, and units.
- Preserve currency symbols exactly as they appear
in the evidence.
- Preserve dates and reporting periods exactly as
they appear in the evidence.
- Do not silently round, convert currencies or
units, or change a decimal into a percentage. If
a calculation is required, show the result using
the requested format and retain the source values
exactly.
- Use only information supported by the provided
evidence. Do not invent or infer unsupported
values.

Answer language and evidence:
- Write the explanatory answer entirely in English.
- Evidence quotes may remain in their original
language. Do not translate, rewrite, or alter
quoted evidence; reproduce each selected quote
exactly.
- Use news evidence only when it refers to the
same company, metric, and reporting period as the
question. If no relevant news evidence is present,
write "None".

Answer requirements:
- Follow the requested answer format exactly.
- Keep the complete response within 100 words
unless the question explicitly requests a different
length.
- Answer every part of the question. Include all
requested values, comparisons, periods, and
relevant evidence.
- For R&D ratio questions, output only the
requested period and requested comparison period.
Do not output all available periods.
- For cash-flow questions, distinguish cash inflow
from cash outflow. A more negative value means a
larger cash outflow.
- For revenue questions, include the exact revenue
values, comparison period, percentage change,
and segment drivers if they are present in the
financial statements.
- Explain the answer in the Answer section. When
the answer is "Yes", state which changes occurred,
their direction, and the relevant values. When the
answer is "No", explain why when the evidence
supports an explanation. If the answer is "None",

Criterion Score Adjustment
Contains Answer: section +2
Contains evidence-field section +2
Question says “only final result(s)” but Answer
contains derivation markers ((, /, “from”, “to”)

−2

Question requests a quote and evidence is non-
null

+3

Question requests a quote but evidence is
“None”

−1

Answer length ≤ 220 characters +1
Answer length > 350 characters −2
Detected provider/API error text −10

Table 2: Candidate Scoring Rubric

do not add an explanation.
- Do not label financial-statement values as news
evidence.

A.3 Prompt-variant Ensembling with
Heuristic Re-ranking

For the ensembling re-ranking detailed in Section
2.4, each candidate reuses baseline system prompt
(A.1) with a short style-override suffix appended.
Five candidates. The five candidate variants for
style override are as follows:

• Base: No suffix — the unmodified baseline
prompt is used as-is.

• Concise: Keep Answer very short (1-2 sen-
tences). For ‘final result(s)’ questions, avoid
derivation language and extra comparisons.
If the question asks for quoted news evidence,
include one short aligned quote when avail-
able.

• Extractive: Be extractive. Reuse wording and
numeric expressions from the provided context.
Avoid paraphrasing and avoid adding extra
analysis not explicitly requested.

• Final-result Only: Return only the final re-
sult(s) requested by the question. Keep An-
swer concise and avoid derivation steps.

• Quote-priority: If the question asks for news
quote(s), provide one short aligned quote in
News Evidence. If no aligned quote is avail-
able, return News Evidence: None.

Candidate Scoring Rubric. The candidate scoring
rubric used for the heuristic re-ranking is in Table
2. Scorer ranks all candidates and the single top-
scoring one is selected as the final output, the rest
are discarded.
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