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Abstract

We propose FinDRA, a multi-agent framework
for financial question answering under asym-
metric information access. FinDRA partitions
a financial report into agent-specific evidence
regions, allows agents to exchange only their
answers, concise reasoning, and confidence es-
timates, and coordinates their revisions through
full-document verifier feedback and authority-
framed debate. Experiments on MultiHiertt
show that the asymmetric verifier condition ob-
tains the highest overall point estimates among
the compared settings, with an EM score of
0.284 and a mean LLM-as-a-Judge score of
0.753 on a 0–2 scale. Importantly, the bene-
fit of asymmetric access depends on evidence
structure: it is strongest when question-relevant
evidence remains within an agent-accessible re-
gion, whereas cross-partition questions expose
a trade-off between semantic adequacy and ex-
act numerical agreement. Agent-level analyses
further show revision patterns consistent with
the assigned authority framing, without attribut-
ing these differences to authority alone. Cross-
dataset experiments on FinQA and TAT-QA
similarly show that asymmetric access is not
universally beneficial. These findings suggest
that effective multi-agent financial reasoning
depends not simply on providing more informa-
tion, but on how evidence is partitioned, com-
municated, and verified.

1 Introduction

Real-world collaborative decision-making often in-
volves organizations that possess different infor-
mational assets but cannot fully disclose their un-
derlying data because of competitive, legal, or in-
stitutional constraints. Participants must therefore
form partial judgments from limited evidence and
coordinate them through selectively shared reports,
analyses, and conclusions.

*Corresponding author.

This challenge is particularly salient in finance,
where information sources differ not only in con-
tent but also in their epistemic characteristics. Nar-
rative disclosures provide contextual explanations,
expectations, and strategic interpretations, whereas
structured financial tables provide more explicit
values and calculation traces. Financial reasoning
under restricted access must therefore coordinate
heterogeneous evidence while accounting for dif-
ferences in source and format.

Many LLM-based multi-agent reasoning frame-
works induce diversity through roles, perspectives,
or interaction strategies while providing agents
with identical or substantially overlapping evidence.
Recent work has begun to examine information
asymmetry as an explicit design dimension, sug-
gesting that diversity in evidence access can ma-
terially affect multi-agent deliberation. However,
less is known about how such asymmetric access
behaves in document-grounded reasoning, where
relevant evidence may be distributed across hetero-
geneous textual and tabular regions and may need
to be reconstructed through communication.

To study this setting, we propose FinDRA, a
framework for Multi-Agent Financial Reasoning
under Asymmetric Information. FinDRA partitions
a financial report into agent-specific evidence re-
gions and assigns each agent a document-based role
with authority-framed behavioral guidance. Each
agent first produces an independent judgment using
only its assigned evidence. Agents subsequently
exchange their answers, concise reasoning, and
confidence estimates—but not their underlying doc-
ument regions—and revise their judgments through
iterative debate supported by a verifier with full-
document access. The resulting agent judgments
are then aggregated into a final answer. This design
allows us to examine when localized evidence ac-
cess supports specialization and when information
separation creates coordination costs.

We address three research questions: (1) How
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does partitioned information access compare with
shared-information multi-agent and single-agent
reasoning? (2) How are authority-framed roles and
verifier feedback associated with answer retention
and revision during debate? (3) Under what evi-
dence structures does asymmetric access help or
hinder financial reasoning?

Our contributions are threefold. First, we for-
mulate financial document QA as a multi-agent
reasoning problem with structurally partitioned ev-
idence, where agents reason over restricted docu-
ment regions and communicate judgments without
directly sharing their underlying evidence. Sec-
ond, we systematically compare partitioned and
shared-information settings with and without full-
document verification, showing that the value of
asymmetric access depends on evidence structure:
it is most beneficial when relevant evidence re-
mains locally accessible, while cross-partition rea-
soning introduces coordination costs. Third, we
characterize the resulting coordination dynamics
through agent-level revision behavior, alternative
authority encodings, aggregation strategies, and
cross-dataset experiments on MultiHiertt, FinQA,
and TAT-QA.

2 Related Work

2.1 Financial Question Answering

Financial question answering requires models to
identify relevant evidence from narrative text and
tables and perform numerical or cross-format rea-
soning. FinQA formalized the task using financial
reports and executable reasoning programs, TAT-
QA extended it to evidence identification across
tables and text, and ConvFinQA introduced conver-
sational numerical reasoning over prior questions
and intermediate results (Chen et al., 2021; Zhu
et al., 2021; Chen et al., 2022).

Despite these advances, strong LLMs still strug-
gle with semi-structured financial documents as
table complexity and reasoning depth increase (Sri-
vastava et al., 2024). Identifying the correct calcu-
lation arguments among numerous candidate val-
ues also remains a major challenge (Lim et al.,
2024). MultiHiertt further requires reasoning over
multiple hierarchical tables and lengthy narrative
content, making it necessary to connect evidence
across tables and distant document regions (Zhao
et al., 2022).

Recent work has decomposed financial QA into
agent roles for formula selection, evidence extrac-

tion, calculation, and verification (Liu et al., 2025).
However, such systems generally retain access to
the complete task evidence. FinDRA instead parti-
tions the underlying financial report and examines
how agents coordinate judgments formed from re-
stricted information.

2.2 Multi-Agent Debate with Large Language
Models

Multi-agent debate enables LLM agents to review
and revise one another’s answers. Iterative ex-
changes and structured debate have been shown
to improve factuality and reasoning, with final an-
swers selected through consensus or adjudication
(Du et al., 2024; Liang et al., 2024). Multi-agent
interaction has also been applied to evaluation:
ChatEval organizes debate among evaluator agents,
while M-MAD assigns evaluation dimensions to
specialized agents before final adjudication (Chan
et al., 2024; Feng et al., 2025).

Performance depends on how agents communi-
cate and aggregate their judgments. Prior work
has examined sparse and dynamic communication
structures (Li et al., 2024; Sun et al., 2025), vot-
ing and consensus mechanisms (Kaesberg et al.,
2025), confidence-weighted aggregation (Chen
et al., 2024b), and uncertainty communication
(Yoffe et al., 2025). However, most settings pro-
vide agents with identical or substantially overlap-
ping information and induce diversity through roles,
identities, positions, or prompts (Choi et al., 2026).
FinDRA differs by separating access to source in-
formation before debate and allowing agents to
exchange only answers, concise reasoning, and
confidence estimates rather than the other agents’
original evidence.

2.3 Multi-Agent Systems in Finance
LLM-based agents have been applied to financial
analysis, investment research, portfolio manage-
ment, and quantitative finance (Dong et al., 2025;
Kundu et al., 2025). Specialized agents have also
been used in simulated trading and investment
workflows (Li et al., 2025). FinDebate organizes
agents around corporate performance, market con-
ditions, sentiment, valuation, and risk and inte-
grates their analyses through structured debate (Cai
et al., 2025).

Role-based systems have further supported finan-
cial report generation. Prior work assigns analyst,
writer, and editor roles to produce investment re-
ports from earnings calls (Satapathy et al., 2025),

225



while adversarial agent perspectives have been used
to generate more balanced financial interpretations
(Sadhu et al., 2025). These systems distinguish
agents primarily through analytical functions, per-
spectives, or workflow stages while commonly re-
taining access to a shared document or retrieval
source. FinDRA instead separates access to the
financial report itself and analyzes how authority-
framed roles revise judgments derived from differ-
ent information regions.

3 Methodology

3.1 Task Definition

We consider a multi-agent reasoning problem in
which agents with access to different information
subsets must produce a joint answer. Let q de-
note the question, D the complete information set,
and Di ⊆ D the subset assigned to agent i. Each
agent generates an initial judgment using only Di,
without direct access to the original information
assigned to other agents.

Agents iteratively revise their judgments using
the answers, concise reasoning, and confidence es-
timates shared by the other agents. Each agent
is assigned a document-based role, an authority
level, and corresponding behavioral guidance that
affects whether it retains or reconsiders its answer
when conflicting judgments arise. Here, authority
refers to prompt-defined behavioral guidance that
conditions how strongly an agent is encouraged to
retain or reconsider its current judgment; it is nei-
ther learned nor inferred by the system. A verifier
with access to D evaluates the agent responses after
each round. Feedback from the first two evalua-
tions is provided in the subsequent debate rounds,
while the third evaluation is used during final ag-
gregation.

In financial document QA, D consists of nar-
rative content, core financial statements, and sup-
plementary tables or footnotes. Partitioning these
regions across agents enables comparison between
asymmetric multi-agent reasoning and shared-
information settings.

3.2 Datasets

We use MultiHiertt, which contains narrative text
and multiple hierarchical tables from SEC 10-K
reports, as the primary dataset (Zhao et al., 2022).
From its development set, we select 591 questions
containing both textual and tabular evidence, com-
prising 458 arithmetic and 133 span-selection ques-

Question type Count Proportion

Single-table 352 76.9%
Multi-table 37 8.1%
Cross-partition 69 15.1%

Table 1: Distribution of the 458 MultiHiertt arithmetic
questions by evidence location.

Agent Information source

A1 paragraphs
A2 tables[0:2]
A3 tables[2:]

Table 2: Agent-specific information partitioning in Mul-
tiHiertt.

tions.
We categorize the arithmetic questions by ev-

idence location. Single-table questions rely on
one table, multi-table questions require multiple
tables within the region assigned to the same agent,
and cross-partition questions require evidence from
both A2 and A3.

Some MultiHiertt paragraphs contain markers
linked to accompanying tables, which could indi-
rectly expose tabular information to the text-based
agent. We identify 199 such cases and remove the
embedded table markers so that A1 receives only
the surrounding narrative.

For cross-dataset evaluation, we additionally use
735 FinQA development questions requiring both
textual and tabular evidence (Chen et al., 2021) and
507 TAT-QA questions whose evidence spans text
and tables (Zhu et al., 2021).

3.3 FinDRA Framework
FinDRA integrates judgments formed from parti-
tioned financial information through four stages:
information partitioning, independent initial rea-
soning, verifier-supported debate, and final aggre-
gation, as illustrated in Figure 1.

For MultiHiertt, narrative paragraphs are as-
signed to A1, tables[0:2] to A2, and tables[2:] to
A3. The partition is position-based rather than se-
mantic; A2 and A3’s financial-statement role labels
provide authority framing and do not imply that
every assigned table belongs to the corresponding
category.

Agents cannot access the original content as-
signed to other agents and exchange only their cur-
rent answers, concise reasoning, and confidence
estimates during debate. For FinQA, pre_text,
table, and post_text are assigned to A1, A2, and
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Figure 1: Overview of FinDRA. Agents independently reason over assigned document regions and subsequently
exchange answers, concise reasoning, and confidence estimates. A full-document verifier provides support scores
and feedback after each round. Final agent outputs are combined through majority vote, weighted vote, a debate
judge, or a full-evidence judge.

A3, respectively. For TAT-QA, the earlier textual
paragraphs, table, and later textual paragraphs are
assigned to A1, A2, and A3, respectively.

FinDRA additionally assigns authority-framed
roles based on the intended epistemic reliability as-
sociated with each document-based role. In the pri-
mary setting, A1 has low authority, A2 high author-
ity, and A3 intermediate authority. Lower-authority
agents are encouraged to reconsider their answers
when stronger conflicting evidence is presented,
whereas higher-authority agents retain evidence-
supported judgments unless clear counterevidence
is available. Authority does not indicate that an
agent is necessarily correct and does not reveal
the gold answer. Full prompts are provided in Ap-
pendix C, and numerical authority encodings are
examined separately as robustness checks.

In Round 1, each agent independently answers
using only its assigned information. After each
round, a verifier receives the question, complete
document, and agent responses, but not the gold
answer, and returns support scores together with
evidence-based assessments of factual support and
calculation correctness. Agent-specific verifier as-
sessments from Rounds 1 and 2 are provided to
the corresponding agents in the subsequent round,
while the Round 3 evaluation is retained for final

aggregation. The verifier’s global best_agent pre-
diction and synthesis are not exposed to the rea-
soning agents. In Rounds 2 and 3, agents retain or
revise their answers using their local information,
other agents’ shared judgments, verifier feedback,
and authority guidance.

After Round 3, we compare four aggregation
strategies. Majority vote selects the most frequent
answer, while weighted vote weights each agent’s
final answer using the support score assigned by the
verifier after Round 3. The debate judge generates
a prediction from the final agent responses and
the latest verifier assessment and is used for the
main results. The full-evidence judge additionally
receives the complete original document.

3.4 Experimental Settings and Evaluation

We construct four conditions that vary informa-
tion access and verifier availability. Asym-verifier
and asym-free provide each agent with its assigned
document partition and differ in whether verifier
feedback is available. Sym-verifier and sym-free
provide all agents with the complete document and
likewise differ in verifier availability. Authority
framing, task instructions, and decoding settings
are otherwise held constant.

We additionally compare three single-agent base-
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Condition Information access Verifier

Asym-verifier Partitioned Yes
Asym-free Partitioned No
Sym-verifier Full document Yes
Sym-free Full document No

Table 3: Experimental conditions.

lines: single-full receives the complete text and
tables, single-tables receives only the tables, and
single-text receives only the narrative content.

Numerical answers are evaluated using
EM@1%, which treats a prediction as correct
when its relative error from the gold answer is
within 1%. Percentage and decimal representations
are normalized before evaluation, while textual
answers use normalized string matching. We also
report LLM-as-a-Judge scores to capture semantic
correctness not reflected by strict matching. Given
the question, gold answer, and prediction, the
judge assigns 0 for incorrect, 1 for partially correct,
or 2 for fully correct, and we report the mean
item-level score. The same prompt is used for all
conditions, following prior model-based evaluation
work (Liu et al., 2023). Because LLM judges can
exhibit systematic biases and robustness failures,
Judge scores are reported alongside, rather than
in place of, EM (Chen et al., 2024a; Raina et al.,
2024).

We analyze agent revision behavior using posi-
tion change rate, the proportion of responses that
change between consecutive rounds. Wrong-to-
correct transitions are treated as beneficial revi-
sions, while correct-to-wrong transitions are harm-
ful revisions. We also track the verifier’s document-
support scores across rounds. These scores assess
the evidential support for an answer and its rea-
soning and are not treated as direct correctness
measures.

A1, A2, and A3 use GPT-4o-mini with temper-
ature 0.1, while the GPT-4o verifier uses temper-
ature 0.0. The debate judge and evaluation judge
use GPT-4o-mini with temperature 0.0. All multi-
agent conditions use three debate rounds. The main
experiments use the v1 natural-language authority
framing; the numerical v2 and v4 variants are eval-
uated separately as prompt-robustness checks.

Estimated input-token cost. Both verifier con-
ditions require 13 model calls per question, but
asym-verifier uses approximately 18.1K input to-
kens compared with 33.3K for sym-verifier because

All questions (N=591) Arithmetic (N=458)

Method EM Judge (0–2) EM@1% Judge (0–2)

Single-full 0.1963 0.5482 0.1397 0.3908
Single-tables 0.2420 0.5550 0.1747 0.3755
Single-text 0.0118 0.0254 0.0066 0.0175
Sym-free 0.2000 0.3847 0.1507 0.2860
Asym-free 0.2780 0.5881 0.2096 0.4083
Sym-verifier 0.2780 0.6390 0.2249 0.4978
Asym-verifier 0.2843 0.7530 0.2424 0.5917

Table 4: Main results on MultiHiertt (N=591).

each reasoning agent receives only its assigned
partition. Detailed estimates are provided in Ap-
pendix A.

4 Experiments

4.1 Overall Performance
Table 4 reports the results on the full MultiHiertt
set and the arithmetic subset. Asym-verifier ob-
tains the highest point estimates across all reported
metrics, with EM and Judge scores of 0.2843 and
0.7530 on all questions and 0.2424 and 0.5917 on
the arithmetic subset. Table 5 reports pairwise sig-
nificance tests on the arithmetic subset. Relative to
Sym-free, every alternative condition yields a statis-
tically significant improvement in both EM (Holm-
corrected p < 0.05) and correctness (p < 0.01).
Notably, Asym-free significantly exceeds Sym-free
despite neither condition receiving verifier feed-
back, providing direct evidence that partitioned
access itself can benefit reasoning in this setting.
Likewise, Sym-verifier significantly exceeds Sym-
free, showing an independent benefit from veri-
fier feedback under shared access. Among the
stronger conditions, however, EM differences are
not statistically significant (Asym-verifier vs. Sym-
verifier: p = 1.00; Asym-verifier vs. Asym-free:
p = 0.452), while the corresponding judge-based
correctness gains remain significant in both cases
(p < 0.03), indicating that combining partitioning
with verification continues to improve semantic an-
swer quality even where it does not measurably
shift the EM@1% rate at this sample size. Because
each condition is evaluated with a single inference
run, these item-level paired tests do not capture run-
to-run stochastic variability. Accordingly, small
differences among the stronger conditions should
be interpreted cautiously.

To rule out self-preference bias from the shared
GPT-4o-mini/GPT-4o model family used across
agents and judges, we additionally validate correct-
ness scores against an independent cross-provider

228



Comparison ∆EM EM p (Holm) ∆Corr. Corr. p (Holm)

Asym-Ver vs Sym-Ver +0.017 1.000 +0.094 0.023
Asym-Ver vs Asym-Free +0.033 0.452 +0.183 <0.001
Asym-Free vs Sym-Free +0.059 0.042 +0.122 0.005
Sym-Ver vs Sym-Free +0.074 <0.001 +0.212 <0.001
Asym-Ver vs Sym-Free +0.092 <0.001 +0.306 <0.001

Table 5: Pairwise statistical significance across the four
conditions on the arithmetic subset (debate judge, n =
458). EM uses exact McNemar’s test; correctness (0–2
scale) uses a paired permutation test (N = 100,000).
p-values are Holm-corrected across all five comparisons
within each metric.

Type Method EM@1% Judge (0–2)

Multi-table

Single-full 0.0270 0.1622
Single-tables 0.0811 0.1351
Sym-verifier 0.2703 0.5676
Asym-verifier 0.3243 0.7838

Cross-partition

Single-full 0.0725 0.2464
Single-tables 0.1014 0.2174
Sym-verifier 0.2319 0.5072
Asym-verifier 0.2029 0.6087

Table 6: Results by evidence distribution.

judge (Appendix B.1).

4.2 Performance by Evidence Distribution
and Question Type

Table 6 reports results by evidence distribution.
On multi-table questions, asym-verifier performs

best on both metrics, suggesting that asymmetric
access can be beneficial when question-relevant ev-
idence remains within an agent-accessible region.
This advantage may reflect several mechanisms, in-
cluding more focused local contexts, reduced expo-
sure to irrelevant evidence, greater diversity across
agent judgments, and potential specialization; the
current experiments do not isolate these effects.

Cross-partition questions reveal the complemen-
tary failure mode: sym-verifier achieves higher
EM, whereas asym-verifier achieves a higher Judge
score. When the required evidence is distributed
across partitions, agents must reconstruct the rele-
vant information from generated messages rather
than inspect the original evidence directly. This
communication bottleneck may omit or distort nu-
merical values, units, or calculation conditions
needed for exact agreement.

Verifier feedback also affects arithmetic and
span-selection questions differently. On span-
selection questions, asym-free achieves the highest
EM score of 0.5152, compared with 0.4286 for
asym-verifier, while asym-verifier obtains the high-

Agent Authority Change R1 R2 R3

A1 Low 92.1% 0.348 0.566 0.784
A2 High 19.3% 0.346 0.652 0.747
A3 Medium 62.6% 0.317 0.616 0.787

Table 7: Position change rates and verifier scores under
the v1 authority-framing prompt.

Agent Auth. W→C C→W C→C W→W Net

A1 Low 0.132 0.033 0.053 0.782 +0.099
A2 High 0.095 0.040 0.074 0.791 +0.055
A3 Medium 0.122 0.035 0.074 0.769 +0.087

Table 8: Revision quality under the v1 authority-framing
prompt. Net denotes W→C minus C→W.

est Judge score of 1.3083. Verifier-supported re-
visions may therefore improve semantic adequacy
without preserving the exact expressions required
by normalized string matching.

4.3 Authority and Debate Dynamics
We examine whether agent revision patterns are
consistent with the v1 authority framing. Table 7
shows that position-change rates follow the author-
ity ordering: A1 revises most frequently, A2 least
frequently, and A3 lies between them.

To evaluate revision quality, we classify valid
round-to-round transitions as wrong-to-correct
(W→C), correct-to-wrong (C→W), correct-to-
correct, or wrong-to-wrong using EM@1%. Net
revision gain is defined as the W→C rate minus the
C→W rate.

All three agents achieve positive net revision
gains, with A1 obtaining the largest gain of +0.099.
Thus, the most frequently revising role also exhibits
the largest balance of beneficial over harmful revi-
sions.

Across valid responses, the mean verifier score
increases from 0.338 in Round 1 to 0.611 in Round
2 and 0.777 in Round 3, while agent-level EM in-
creases from 0.045 to 0.161 and 0.206. Correct
answers receive a higher mean verifier score than
incorrect answers (0.872 vs. 0.528), although the
correlation between verifier score and correctness
is modest (r = 0.243). The verifier therefore pro-
vides a positive but imperfect signal of answer qual-
ity.

Overall, the v1 setting exhibits revision patterns
consistent with its authority-framed roles, while
positive net gains suggest that revisions are more
often beneficial than harmful. Because authority
level is coupled with document role and informa-
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Setting v2 EM v4 EM v2 Judge v4 Judge

Uniform 0.2402 0.2358 0.5415 0.4891
Domain hierarchy 0.2533 0.2533 0.5306 0.5175
High gap 0.2686 0.2380 0.5131 0.5044
Reversed 0.2293 0.2140 0.4738 0.4782

Table 9: Results of alternative authority encodings on
the MultiHiertt arithmetic subset (N = 458). Judge
scores use a 0–2 scale.

tion access, these patterns should be interpreted as
associations rather than isolated causal effects of
authority.

4.4 Robustness to Alternative Authority
Encodings

We test two numerical authority variants: v2 pro-
vides only an authority score, while v4 additionally
instructs agents to consider evidence quality. Both
are evaluated under uniform, domain-hierarchy,
high-gap, and reversed configurations.

As shown in Table 9, Domain hierarchy out-
performs the reversed setting under both variants,
whereas larger authority gaps do not consistently
improve performance. Across these prompt vari-
ants, the relative authority ordering appears more
consistent than the magnitude of the assigned au-
thority gaps, although the effect remains sensitive
to the specific authority encoding.

4.5 Aggregation Strategy Ablation

We compare majority vote, weighted vote, a debate
judge, and a full-evidence judge, with full results re-
ported in Appendix Table 12. The debate judge per-
forms best under verifier conditions, whereas the
full-evidence judge performs best without verifier
feedback, suggesting that direct document access
at aggregation is most useful when full-document
verification has not already occurred.

4.6 Cross-Dataset Generalization

We further evaluate FinDRA on FinQA and TAT-
QA, which differ from MultiHiertt in document and
evidence structure. Table 10 reports the evaluated
multi-agent conditions and single-agent baselines.

On FinQA, sym-free achieves the highest EM
of 0.5143, while sym-verifier obtains the highest
Judge score of 0.7973. Asym-verifier outperforms
both single-agent baselines but remains below the
evaluated symmetric conditions. These results
suggest that partitioning is less beneficial when
question-relevant evidence is concentrated within

Dataset Method EM Judge (0–2)

FinQA

Single-full 0.3714 0.6952
Single-tables 0.4068 0.6816
Asym-verifier 0.4435 0.7660
Asym-free 0.4190 0.6721
Sym-verifier 0.5007 0.7973
Sym-free 0.5143 0.7878

TAT-QA

Single-full 0.3452 1.1972
Single-tables 0.4004 1.2012
Asym-verifier 0.4135 1.2982
Asym-free 0.4266 1.2560
Sym-verifier 0.3865 1.3127
Sym-free 0.3865 1.2789

Table 10: Cross-dataset generalization results on FinQA
and TAT-QA.

a table and its associated textual context.
On TAT-QA, asym-free achieves the highest EM

of 0.4266, whereas sym-verifier obtains the highest
Judge score of 1.3127. Asym-verifier exceeds both
single-agent baselines in Judge score and slightly
exceeds single-tables in EM (0.4135 vs. 0.4004).
The different EM and Judge rankings again indicate
that verifier-supported interaction may improve se-
mantic evaluation without consistently improving
exact agreement.

Overall, the cross-dataset results provide quali-
fied evidence of generalization. Multi-agent con-
ditions generally improve over single-agent base-
lines, but asymmetric access does not consistently
outperform shared access. Together with the Multi-
Hiertt evidence-distribution analysis, these results
suggest a structural trade-off: partitioning can sup-
port local specialization when relevant evidence is
concentrated within agent-accessible regions, but
can become detrimental when solving the ques-
tion requires precise reconstruction of evidence
distributed across those regions.

5 Discussion

5.1 Benefits and Limits of Asymmetric
Information

Asymmetric access is most beneficial when
question-relevant evidence remains within an agent-
accessible region, as observed for MultiHiertt
multi-table questions. When evidence spans par-
titions, communication may omit numerical de-
tails needed for exact agreement. FinDRA is there-
fore not universally superior to shared-information
reasoning; its effectiveness depends on whether
the benefits of partitioning—such as more fo-
cused local contexts, reduced irrelevant evidence,
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and potentially more diverse or specialized agent
judgments—offset the information loss and co-
ordination costs introduced by partitioning. The
asymmetric-verifier condition should therefore be
interpreted as restricted agent-level access with cen-
tralized verification, rather than strict information
isolation. Accordingly, the Asym-free condition of-
fers a more direct assessment of partitioned access
without information being reintroduced through
full-document verifier feedback.

5.2 Authority-Framed Revision and
Verification

Authority-framed roles exhibit distinct revision be-
havior, but these patterns cannot be attributed solely
to authority because role, access, and authority are
coupled. Numerical variants further suggest that
domain-informed authority ordering is more reli-
able than its reversal, while the optimal magnitude
remains prompt-dependent.

Verifier feedback improves arithmetic reasoning
but does not consistently improve exact agreement
on span-selection or cross-dataset questions, indi-
cating that verification provides a useful but imper-
fect signal for revision.

6 Conclusion

This study introduced FinDRA, a multi-agent finan-
cial reasoning framework combining partitioned
information access, authority-framed roles, verifier-
supported debate, and final aggregation. On Mul-
tiHiertt, asym-verifier obtains the strongest over-
all point estimates, particularly when relevant ev-
idence remains within an agent-accessible region,
while cross-partition and cross-dataset results show
that asymmetric access is not uniformly advanta-
geous.

Agent-level analyses show revision patterns con-
sistent with the assigned authority framing and pos-
itive net revision gains, although authority, docu-
ment role, and information access remain coupled.
Overall, effective multi-agent financial reasoning
depends on matching information access, authority,
communication, verification, and aggregation to
the structure of the underlying evidence.

7 Limitations

The evidence categories analyzed in this study are
limited in size. The multi-table and cross-partition
subsets contain only 37 and 69 questions, respec-
tively, so their results should be interpreted as ex-

ploratory. The experiments use one inference run
per condition. Although we conduct item-level
paired significance tests across conditions, these
tests do not capture run-to-run variability arising
from stochastic model inference. Small perfor-
mance differences should therefore be interpreted
cautiously.

In the primary setting, authority is instantiated
together with document-specific roles, reflecting
realistic differences in the epistemic reliability of
financial information sources. Although the alter-
native authority configurations show performance
differences across authority orderings, fully isolat-
ing its causal effect would require controlling doc-
ument roles and information access across agents.
The partitions are also predefined by dataset struc-
ture. In MultiHiertt, A2 and A3 receive position-
based table regions rather than semantically veri-
fied financial-statement categories. Although the
authority prompts characterize A2 as a primary
financial-statement analyst and A3 as a cash-flow
and supplementary-data analyst, these labels func-
tion as role and authority framing and do not guar-
antee that every assigned table belongs to the cor-
responding semantic category. Alternative seman-
tically grounded partitioning strategies may yield
different results.

The experiments primarily use one model fam-
ily and an LLM-based evaluator. Although Judge
scores are reported alongside EM, they may remain
sensitive to model bias and do not replace task-
specific correctness measures. The token analysis
also estimates only input-context consumption and
does not include output tokens, latency, or mone-
tary cost.

Finally, agents exchange generated answers, con-
cise reasoning, and confidence estimates rather
than original evidence. This design may omit or
alter important numerical details and can lead to
premature consensus. Such failures were identified
qualitatively rather than measured systematically.
Future work should examine additional models,
adaptive information and authority assignment, and
structured evidence exchange that preserves source
references, table coordinates, units, and numerical
values.

While the agents, debate judge, and evalua-
tion judge primarily use models from the GPT-4o-
mini/GPT-4o family, cross-model validation with
an independent judge (Appendix B.1) preserves
the same condition ranking and confirms that all
three stronger conditions significantly outperform
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Sym-free. However, the smaller validation subsam-
ple does not reproduce all pairwise significance
differences among the stronger conditions. These
results reduce, but do not eliminate, concerns about
judge–agent model-family overlap.
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A Estimated Input-Token Cost

Both the asymmetric and symmetric verifier con-
ditions issue 13 model calls per question: three
agents across three debate rounds, three verifier
evaluations, and one judge call. However, in the
symmetric condition, each agent receives the com-
plete document, whereas in the asymmetric condi-
tion, each agent receives only its assigned partition.
Estimating input tokens at approximately four char-
acters per token, the sym-verifier condition con-
sumes roughly 33.3K input tokens per question,
compared with 18.1K for the asym-verifier condi-
tion, corresponding to a ratio of 1.84.

Thus, asym-verifier achieves higher LLM-as-a-
Judge performance while consuming fewer esti-
mated input tokens, indicating that its advantage
is not explained by greater input-context consump-
tion. These estimates measure input tokens only
and do not include output tokens, latency, or mone-
tary API cost.

Condition Calls Input tokens Judge (0–2)

Single-full 1 2.5K 0.391
Sym-verifier 13 33.3K 0.498
Asym-verifier 13 18.1K 0.592

Table 11: Estimated model calls and input-token con-
sumption per question on the MultiHiertt arithmetic
subset (N = 458). Input tokens are estimated at approx-
imately four characters per token.

B Aggregation Strategy Results

Condition Aggregation EM Judge (0–2)

Asym-verifier

Majority 0.2538 0.7022
Weighted 0.2623 0.7259
Debate judge 0.2843 0.7530
Full-evidence 0.2843 0.7479

Asym-free

Majority 0.2237 0.5271
Weighted 0.2237 0.5271
Debate judge 0.2780 0.5881
Full-evidence 0.2932 0.6288

Sym-verifier

Majority 0.2407 0.5678
Weighted 0.2373 0.6085
Debate judge 0.2780 0.6390
Full-evidence 0.2729 0.6305

Sym-free

Majority 0.1932 0.3695
Weighted 0.1915 0.3780
Debate judge 0.2000 0.3847
Full-evidence 0.2102 0.4220

Table 12: Aggregation strategy comparison on the full
MultiHiertt evaluation set (N = 591).
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Condition GPT-4o-mini Judge Claude Haiku Judge

Sym-Free 0.262 0.338
Asym-Free 0.392 0.554
Sym-Verifier 0.515 0.654
Asym-Verifier 0.585 0.746

Table 13: Cross-model judge validation on a random
subsample (n = 130). Correctness scores from GPT-
4o-mini (in-family) and Claude Haiku 4.5 (independent
provider) judges preserve the same condition ordering.
Exact agreement: 85.0%; Pearson r = 0.886.

B.1 Cross-Model Judge Validation

To rule out self-preference bias arising from the
shared GPT-4o-mini/GPT-4o model family used
by the agents, debate judge, and evaluation judge,
we additionally scored a random subsample of 130
arithmetic-subset questions (n = 130 × 4 condi-
tions = 520 predictions) using Claude Haiku 4.5
as an independent, cross-provider judge. Claude
and GPT-4o-mini correctness scores agree exactly
on 85.0% of predictions (Pearson r = 0.886) and,
more importantly, preserve the same condition or-
dering (Asym-verifier > Sym-verifier > Asym-
free > Sym-free). As shown in Table 13, every
condition improves significantly over Sym-free
under the independent judge (p < 0.02, Holm-
corrected), while pairwise differences among the
three stronger conditions remain non-significant
on this smaller subsample. Thus, the cross-model
validation preserves the overall condition order-
ing and the separation of the three stronger con-
ditions from Sym-free, although it does not repro-
duce all pairwise significance results reported in
the full evaluation. This cross-model agreement
(Table 13) therefore provides additional support for
the condition-level differences reported in Table 4,
while reducing, rather than eliminating, concerns
about judge–agent model-family overlap.

C Primary v1 Prompt Templates

This appendix presents the prompt templates used
in the primary v1 FinDRA experiments. The v1
setting assigns each agent an information region, a
document-based role, and explicit natural-language
authority guidance describing how strongly the
agent should retain or reconsider its judgment dur-
ing debate.

C.1 Shared System Prompt

Shared system prompt

You are a financial analyst in a multi-agent
debate.
You have access ONLY to your assigned
section.
For arithmetic questions, show your
calculation steps clearly.
Return ONLY valid JSON, no markdown.

C.2 Agent Roles and Authority Guidance

A1 — Low authority

You are a financial narrative analyst with
access ONLY to the narrative text sections
(MD&A, business description, risk factors).
Your authority level is LOW: You provide
contextual background and qualitative
signals. Financial numbers in other
sections take precedence over your
textual interpretations. If other agents
present concrete numerical evidence that
contradicts your reading, update your
position—your role is to add context, not
override hard data.

A2 — High authority

You are a financial statement analyst with
access ONLY to the primary financial tables
(income statement, balance sheet).
Your authority level is HIGH: The figures
in your tables are GAAP-certified objective
facts. You are the authority on these
numbers. Defend your numerical findings
strongly—only revise if your own data
clearly shows a calculation error, or if
A3 presents cash flow figures that directly
override your statement numbers. Do NOT
yield to textual interpretations from A1
over hard numbers.

A3 — Medium authority

You are a cash flow and supplementary
data analyst with access ONLY to the cash
flow statement and supplementary financial
tables.
Your authority level is MEDIUM: Your cash
flow data is objective and authoritative
within your domain. Maintain your position
when you have direct numerical evidence
from your tables. However, remain open
to A2’s primary statement figures if they
provide the correct base data for your
calculations. Update when mathematically
justified.
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C.3 Round 1: Independent Judgment

Initial reasoning prompt

Question: {question}

Your assigned section ({agent_id} —
authority: {authority_level}):
{content}

Answer based ONLY on your section. Return
JSON:
{ "agent_id": "{agent_id}",
"authority_level": "{authority_level}",
"relevant_data": ["key numbers or facts
from your section"],
"calculation": "show steps if arithmetic",
"answer": "your answer",
"confidence": 0.0,
"can_answer": true,
"reasoning": "brief explanation" }

C.4 Rounds 2–3: Debate

Debate prompt with verifier feedback

Question: {question}

Your assigned section ({agent_id} —
authority: {authority_level}):
{content}

Other agents’ positions:
{other_positions}

Verifier feedback on your previous answer:
{verifier_feedback}

Given your authority level
({authority_level}), update your position.
- HIGH authority: only change if
mathematically forced by data
- MEDIUM authority: change if evidence
clearly justifies it
- LOW authority: change if other agents
provide stronger numerical evidence

Return JSON:
{ "agent_id": "{agent_id}",
"authority_level": "{authority_level}",
"position_change": "changed | unchanged",
"change_reason": "why you changed or
defended your position",
"relevant_data": ["key data points"],
"calculation": "updated calculation if
needed",
"answer": "updated answer",
"confidence": 0.0,
"reasoning": "updated reasoning" }

Debate prompt without verifier feedback

Question: {question}

Your assigned section ({agent_id} —
authority: {authority_level}):
{content}

Other agents’ positions:
{other_positions}

(No verifier feedback available—reason
based on your own section and other agents’
arguments.)

Given your authority level
({authority_level}), update your position.

Return JSON:
{ "agent_id": "{agent_id}",
"authority_level": "{authority_level}",
"position_change": "changed | unchanged",
"change_reason": "why you changed or
defended your position",
"relevant_data": ["key data points"],
"calculation": "updated calculation if
needed",
"answer": "updated answer",
"confidence": 0.0,
"reasoning": "updated reasoning" }

C.5 Verifier Prompt

Verifier prompt

You are an impartial financial verifier
with access to ALL sections of the report.
Evaluate each agent’s answer for factual
accuracy and calculation correctness.

Question: {question}

Agent positions:
{agent_positions}

Full report content:
{all_content}

Evaluate each agent. Return JSON
containing, for each agent: agent_id,
factual_support (supported | weak
| unsupported), calculation_correct
(boolean), key_evidence, and score.
Additionally return best_agent and a
synthesis describing what the complete
report suggests the answer is. Although
the implementation includes an optional
gold_answer placeholder, it was left empty
in all reported experiments; therefore,
the verifier did not receive the gold
answer.

The verifier evaluates the agent responses after
each of the three debate rounds. Agent-specific
assessments produced after Rounds 1 and 2 are pro-
vided to the corresponding agents in the subsequent
round, while the Round 3 evaluation is retained for
final assessment and aggregation. The verifier’s
global best_agent prediction and synthesis are not
exposed to the reasoning agents.
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C.6 Aggregation Prompts

Debate judge

You are an expert financial analyst acting
as a judge. Given the final positions
produced by three agents, provide the best
possible answer to the question.

Question: {question}

Final agent positions:
{final_positions}

Latest verifier assessment, when
available:
{verifier}

Based on the debate, provide the best
answer.
Return JSON with fields: answer,
confidence, key_evidence, reasoning,
abstain.

Full-evidence judge

You are an expert financial analyst
acting as a judge. Given the final
positions produced by three agents and the
complete original document, provide the
best possible answer to the question.

Question: {question}

Final agent positions:
{final_positions}

Latest verifier assessment, when
available:
{verifier}

Full document excerpts:
{all_docs}

Based on the debate and complete document,
provide the best answer.
Return JSON with fields: answer,
confidence, key_evidence, reasoning,
abstain.

D Alternative Numerical Authority
Encodings

We additionally evaluate v2 and v4 as alternative
numerical authority encodings. The four evaluated
configurations are uniform, domain hierarchy, high
gap, and reversed. The authority scores for (A1,
A2, A3) are set to (0.5, 0.5, 0.5) for uniform, (0.3,
0.8, 0.6) for domain hierarchy, (0.1, 0.9, 0.5) for
high gap, and (0.8, 0.3, 0.5) for reversed.

D.1 v2 Numerical Authority Prompt

In v2, authority is conveyed through a numerical
score without explicit authority-dependent behav-
ioral instructions.

v2 authority block

Your document authority score:
{authority_score} / 1.0
This score reflects the epistemic
reliability of your document section.
Higher scores indicate a stronger
evidentiary basis for your claims.

D.2 v4 Contextual Numerical Authority
Prompt

In v4, the same numerical score is accompanied
by an explicit instruction to consider authority and
evidence quality during answer revision.

v4 authority block

Your document authority score:
{authority_score} / 1.0
When deciding whether to retain or revise
your current answer, consider both the
relative authority scores of the agents and
the quality of the supporting evidence.
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