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Abstract

Retrieval-augmented generation (RAG) has be-
come a widely adopted paradigm for realis-
tic financial analysis over financial documents.
However, existing benchmarks fail to capture
realistic financial analysis settings that involve
cross-document retrieval, multi-page evidence
integration, and diverse analytical tasks. To
address this gap, we introduce FinMRAG-
Bench, a comprehensive multi-modal finan-
cial RAG benchmark in which most questions
require retrieving evidence scattered across
multiple pages and documents, constructed
from large-scale real-world annual reports
and comprising 887 expert-verified QA pairs
spanning five representative financial analysis
tasks. Moreover, we introduce FinMRAGA-
gent, an agent trained on high-quality agen-
tic trajectories following the reasoning-and-
acting (ReAct) paradigm, capable of dynamic
tool invocation and multi-step financial anal-
ysis. Our extensive experiments show that
current multi-modal RAG systems still strug-
gle with incomplete retrieval and complex fi-
nancial reasoning. In contrast, FinMRAGA-
gent achieves the strongest overall performance
across all models, demonstrating that our
structured reasoning approach significantly en-
hances multi-modal RAG in realistic financial
scenarios. The code and data are available at
https://github.com/sqyangit/FinMRAGBench.

1 Introduction

Retrieval-Augmented Generation (Yang et al.,
2024; Zhang et al., 2025) has emerged as an effec-
tive paradigm for mitigating hallucinations (Huang
et al., 2025) and improving overall large language
model performance by integrating external knowl-
edge with internal parametric knowledge (Zhang
et al., 2024; Gao et al., 2023). Its success has led
to broad adoption across various vertical domains.
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Figure 1: Comparison of Traditional Financial Bench-
marks and FinMRAGBench. Traditional benchmarks
rely on oracle context, text-only evidence, or single-
page retrieval, limiting realistic evaluation. In con-
trast, FinMRAGBench supports end-to-end multi-modal
RAG with cross-document, multi-page financial evi-
dence across diverse financial analysis tasks.

The financial domain, in particular, places press-
ing demands on multi-modal RAG: financial doc-
uments are typically long, information-dense, and
contain complex multi-modal content such as text,
tables, and charts (Lai et al., 2025; Krumdick et al.,
2024). In this context, accurate retrieval becomes
critical, as even minor errors in financial question
answering can lead to significant consequences in
investment decisions, regulatory compliance, and
risk management (Hopkin, 2018; Haeri et al., 2025).
Therefore, building a reliable multi-modal RAG
system tailored to the characteristics of financial
documents is of critical importance.

To evaluate financial RAG systems, existing
benchmarks have made notable efforts toward
grounding question answering in financial docu-
ments. However, they still fall short of capturing
the complexity of real-world financial analysis in
several key aspects: some focus exclusively on
text-based retrieval, neglecting critical visual infor-
mation (e.g., FinAgentBench (Choi et al., 2025b)
and OmniEval (Wang et al., 2025c)), while others
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incorporate multi-modal inputs only under oracle-
context settings that circumvent end-to-end re-
trieval evaluation (e.g., FinChart-Bench (Shu et al.,
2025) and FinMME (Luo et al., 2025)). Although
FinRAGBench-V (Zhao et al., 2025) integrates
both multi-modality and retrieval, the majority of
its questions rely on evidence from a single page
or trivially adjacent pages within the same doc-
ument. In contrast, real-world financial analysis
requires practitioners to routinely retrieve and syn-
thesize heterogeneous evidence across multiple fil-
ings, non-adjacent pages, and modalities to support
a diverse range of analytical tasks. Moreover, exist-
ing benchmarks typically cover only a narrow set of
task types such as numerical calculation and binary
fact verification, failing to capture the full spec-
trum of analytical activities performed by financial
professionals. Collectively, these limitations under-
score the urgent need for a more realistic, complex,
and comprehensive multi-modal RAG benchmark
tailored to financial document analysis.

In this work, we propose FinMRAGBench, a
realistic and complex benchmark that encompasses
five task families to evaluate the core analytical
capabilities essential for real-world financial re-
port analysis and exhibits four key characteristics:
(1) Realistic Financial Evidence: All evidence
is drawn from authentic financial reporting docu-
ments, reflecting the information sources actually
used by professional analysts. The evidence covers
multi-modal content in financial reports, including
text, tables, and charts. (2) Diverse Task Types:
The benchmark spans five task families grounded
in practices, enabling comprehensive evaluation
of multi-modal RAG capabilities in authentic sce-
narios. (3) Complex Retrieval Process: Nearly
88.73% of questions require evidence from mul-
tiple non-adjacent pages, and 75.20% further ne-
cessitate cross-document synthesis. (4) Multi-step
Generation Demand: Solving tasks requires mul-
tiple rounds of agent-environment interaction, av-
eraging 7.49 interaction steps per question. Fin-
MRAGBench is built upon a large-scale retrieval
corpus sourced from 10-K, 10-Q, and 8-K filings
of publicly listed companies on the SEC EDGAR
platform, comprising 723 documents and 96,549
pages, ultimately resulting in 887 expert-verified
QA pairs, each linked to its evidence pages.

We conducted a comprehensive evaluation of
FinMRAGBench by benchmarking three multi-
modal retrievers and 15 multi-modal generators,
from which we draw the following key findings:

(1) multi-modal retrieval across documents remains
highly challenging, with an average Recall@10 of
only 42.46% across all tasks. (2) Current models
consistently struggle with generation across all task
categories in this complex and realistic financial
setting, with the best-performing model achieving
an average score of only 47.13% across all tasks.
To address these challenges, we further introduce
FinMRAGAgent, an agent trained on high-quality
agentic trajectories following the reasoning-and-
acting paradigm, enabling it to dynamically invoke
search and computation tools during inference for
multi-step financial analysis. As a result, (3) Fin-
MRAGAgent achieves the strongest overall perfor-
mance, with an average score of 59.75%, demon-
strating that the reasoning-and-acting paradigm can
significantly enhance model capabilities in realistic
financial RAG scenarios.

2 Related Work

Retrieval-Augmented Generation and Multi-
Modal LLM. Retrieval-Augmented Generation
(RAG) extends large language models with exter-
nal knowledge and has been widely adopted in
domain-specific applications (Lewis et al., 2020;
Yang et al., 2024). In the financial domain, RAG is
particularly important for analyzing long and multi-
modal documents such as annual reports, which
interleave text, tables, and charts across multiple
sections and filings (Loukas et al., 2025). Recent
advances in multi-modal large language models
enable joint reasoning over textual and visual in-
puts, making multi-modal RAG increasingly feasi-
ble (Abootorabi et al., 2025; Mei et al., 2025). How-
ever, existing RAG methods (Wang et al., 2025a)
are still primarily designed for short contexts or lim-
ited evidence scopes, struggling to robustly handle
multi-page, cross-document, multi-modal evidence
integration in realistic financial analysis settings.

Financial RAG Benchmark. Following the
growing adoption of RAG in financial analysis,
several benchmarks have been proposed to evalu-
ate retrieval-augmented question answering over
financial documents. Prior work such as Fi-
nanceBench (Islam et al., 2023), FinDER (Choi
et al., 2025a), FinDVer (Zhao et al., 2024), FinA-
gentBench (Choi et al., 2025b), OmniEval (Wang
et al., 2025c), and XBRL-Agent (Han et al., 2024)
primarily focuses on text-centric financial QA set-
tings, overlooking the rich visual content in fi-
nancial reports. Some benchmarks incorporate
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Benchmark
Retrieval Corpus Task Type Evidence-Sources

Domain Multi-Modal FV NR CG TG KR Cross-Docs(%) Cross-Pages(%)

M3DocVQA General ✓ ✗ ✓ ✗ ✗ ✗ – –
FinDER Finance ✗ ✗ ✓ ✗ ✗ ✗ 0 0
FinDVer Finance ✗ ✓ ✗ ✗ ✗ ✗ 0 0

OmniEval Finance ✗ ✓ ✓ ✗ ✗ ✓ 0 0
FinAgentBench Finance ✗ ✗ ✓ ✗ ✗ ✗ 0 0

FinRAGBench-V Finance ✓ ✗ ✓ ✗ ✗ ✓ 0 12.64

FinMRAGBench Finance ✓ ✓ ✓ ✓ ✓ ✓ 75.20 88.73

Table 1: Comparison of existing dataset with FinMRAGBench. In contrast to prior benchmarks, FinMRAGBench
supports a diverse set of financial analysis tasks and exhibits substantially higher proportions of cross-document and
cross-page evidence, reflecting more realistic financial reasoning scenarios.

multi-modal inputs (Shu et al., 2025; Luo et al.,
2025), but often adopt oracle-context settings that
bypass end-to-end retrieval challenges. Although
FinRAGBench-V (Zhao et al., 2025) introduces
multi-modal retrieval, its questions are largely
grounded in single or adjacent pages within a doc-
ument. In contrast, FinMRAGBench targets realis-
tic financial analysis by requiring cross-document,
multi-page multi-modal evidence and diverse ana-
lytical tasks, as summarized in Table 1.

3 FinMRAGBench

3.1 Realistic Financial Corpus Construction

Real-world financial analysis relies heavily on cor-
porate annual reports, which contain dense, multi-
modal evidence spanning narrative text, structured
tables, and visual charts. To reflect this reality, we
construct our retrieval corpus primarily from au-
thentic annual filings. To support retrieval over
this corpus, each page is annotated with structured
metadata (industry, company, and filing year), en-
abling hierarchical retrieval and fine-grained filter-
ing as described in Section 4.3. This realistically
structured and information-dense corpus provides
a strong foundation for evaluating RAG systems in
authentic financial scenarios.

3.2 Diverse Task Definition

Existing financial RAG benchmarks oversimplify
real-world financial analysis by focusing narrowly
on numerical calculation or binary fact verification,
thereby overlooking the diverse analytical capabil-
ities required in professional practice. To bridge
this gap, we define five task families grounded in
authentic analyst workflows: Explainable Fact Ver-
ification, Numerical Reasoning, Table Generation,

Chart Generation, and Knowledge-Intensive Rea-
soning. Crucially, each task requires models to re-
trieve and integrate multi-modal evidence dispersed
across multiple documents and non-adjacent pages,
spanning narrative text, tables, and charts, reflect-
ing the complexity of real-world financial analysis.
They also feature diverse output formats, from natu-
ral language explanations to executable code. This
design reflects the integrative, multi-step nature of
real-world financial analysis and enables a holistic
evaluation of RAG capabilities. Full details are
provided in Appendix C.1.

3.3 Complex QA Creation

To better capture the real-world complexity of fi-
nancial analysis, we adopt a evidence guided QA
generation pipeline. As shown in Figure 3, finan-
cial experts first select specific evidence fragments
from designated pages across multiple annual re-
ports and then construct questions that require in-
tegrating these pre-identified pieces, ensuring that
each question requires multi-modal evidence re-
trieved from multiple pages and documents.

Analysis-driven Evidence Selection. To con-
struct complex and realistic financial questions,
we recruited financial experts to curate evidence
pages by explicitly following established finan-
cial analysis practices. Guided by these practices
(e.g., time-series analysis of a single firm and cross-
sectional comparison among industry peers), the
selected evidence is distributed across multiple doc-
uments and non-adjacent pages, spanning hetero-
geneous modalities. As illustrated in Figure 2(b),
this analysis-driven evidence selection yields ques-
tions that require models to retrieve and align multi-
modal content, including text, tables, and charts,
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Question: (Knowledge-Intensive Reasoning) 
Analyze McDonald’s capital expenditure 
efficiency in 2024, focusing on total CapEx, ...

Corpus: Multiple 
Financial Documents

In 2024, the Company opened 2,116 restaurants 
and closed 461 restaurants. In 2023, the 
Company opened 2,067 restaurants and closed 
520 restaurants. The increase in openings in 
2024 is a result of ...

(b) Multimodal Alignment: Text, tables, charts evidences

(c) Multi-Step Reasoning with Iterative Retrieval
Think-and-Search: 1) <think>To evaluate McDonald’s capital expenditure 
efficiency in 2024, I focused on the scale of total CapEx, ...</think> 
<search>From the Segment and Geographic Information table, I retrieved 
the ...</search> 2) <think>...</think> <search> ...</search> 3) ...
Answer: McDonald's demonstrates a capital-efficient growth strategy by 
directing the majority of its CapEx toward expansion while maintaining ...
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Figure 2: A representative example from FinMRAGBench. (a) Cross-document retrieval is challenged by highly
similar layouts and contents across financial reports, leading to visually or textually similar but irrelevant evidence.
(b) Relevant multi-modal evidence (text, tables, and charts) is distributed across multiple non-adjacent pages. (c)
Answering the question requires iterative retrieval and multi-step reasoning to integrate heterogeneous evidence.

scattered across disparate pages and filings, reflect-
ing the integrative nature of real-world financial
analysis. Appendix C.2 details the financial analy-
sis practices used to guide evidence page selection.

Evidence-guided QA Generation. Building on
curated high-quality pages, we use GPT-4o (Ope-
nAI, 2023) with task-specific prompts to generate
diverse QA pairs. For each page set, the model pro-
duces candidate questions along with supporting
evidence drawn from the input pages. All questions
are manually reviewed against five criteria: rele-
vance, completeness, feasibility, clarity, and con-
text independence, and those failing any criterion
are revised or discarded. We further enforce round-
trip consistency verification to ensure that each
question genuinely depends on its evidence and
that the evidence is sufficient for answering it. Re-
dundant pages are removed and missing evidence
is manually supplemented, yielding a final set of
question-evidence pairs with bidirectional consis-
tency. As illustrated in Figure 2(c), answering
these questions often requires multi-step reason-
ing with iterative retrieval, where models must
resolve intermediate sub-questions by dynamically
retrieving additional evidence across multiple turns
before producing a final answer. To ensure high
fidelity, we generate initial answers using GPT-4o
with task-specific reasoning prompts and subject
them to rigorous manual verification by at least
two financial experts, resulting in a final set of

high-fidelity, expert-validated answers.
To further ensure annotation reliability, we adopt

a formal multi-stage verification protocol covering
question review, evidence verification, and answer
validation. We also report inter-annotator agree-
ment statistics in Appendix B.3.

3.4 Difficulty and Complexity Analysis

To faithfully reflect the complexity of real-world
financial analysis, we explicitly engineer difficulty
into both retrieval and generation stages during
annotation. (1) Document Similarity: Financial
filings exhibit strong structural and semantic simi-
larity due to standardized reporting templates and
overlapping industry narratives, making it diffi-
cult to distinguish relevant evidence from plausible
but irrelevant content. (2) Cross-page and cross-
document Retrieval: Nearly 88.73% of questions
require evidence from multiple non-adjacent pages,
and 75.20% further demand retrieve across multi-
ple documents. (3) Multi-modal Alignment: Rel-
evant information is distributed across heteroge-
neous modalities (narrative text, structured tables,
and visual charts), requiring models to align and
reason over semantically equivalent but format-
divergent content. (4) Multi-step Reasoning: Solv-
ing tasks requires multi-step agent-environment in-
teraction, averaging 7.49 interaction steps per ques-
tion as measured from expert trajectories. More-
over, the output formats are also highly diverse,
ranging from natural language explanations and
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Figure 3: Overview of our dataset construction pipeline.

numerical values to executable code (e.g., Python
for chart generation) and structured formats (e.g.,
markdown tables), reflecting the varied analytical
demands of financial professionals.

3.5 Dataset Statistic
Financial Multi-Modal Corpus. The financial
corpus is constructed from 723 Form 10-K filings
collected from the SEC EDGAR1 database, cover-
ing 127 publicly listed companies across 10 Global
Industry Classification Standard (GICS) sectors
over the last five years. Each filing is converted into
PDF format and segmented into individual pages
using wkhtmltopdf2, resulting in 96,549 pages that
serve as the atomic units for retrieval. This corpus
design reflects realistic financial analysis settings,
where analysts must retrieve and integrate evidence
from large, multi-year, cross-company filings.

Question Categories. Drawing from real-world
financial analysis workflows, FinMRAGBench
comprises 887 questions organized into five pri-
mary task categories and 16 fine-grained subcat-
egories. These categories capture the diverse an-
alytical demands encountered when interpreting
corporate annual reports, ranging from factual val-
idation and numerical computation to structured
content generation and in-depth reasoning. The
distribution of question categories and subtypes is
shown in Figure 4. Compared to existing finan-
cial RAG benchmarks, FinMRAGBench covers a
broader and more realistic range of question types,
particularly in terms of numerical reasoning, multi-
modal generation, and knowledge-intensive analy-
sis. A detailed comparison of task coverage across
benchmarks is provided in Table 1.

4 FinMRAGAgent

Beyond the benchmark, we propose FinMRAGA-
gent, an agentic, tool-integrated RAG framework

1https://www.sec.gov/search-filings
2https://wkhtmltopdf.org/
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Figure 4: Statistics of Task Types in the Dataset.

for financial document analysis. As shown in Fig-
ure 5, the framework is trained on high-quality
agentic reasoning trajectories to enable step-by-
step reasoning with explicit tool use.

4.1 Agentic Reasoning Trajectories

In real-world financial analysis, evidence is scat-
tered across multiple pages and documents in het-
erogeneous modalities, requiring experts to itera-
tively retrieve information, perform analytical op-
erations, and refine their conclusions. Inspired
by this workflow, we construct tool-integrated
reasoning trajectories to capture the interaction
between internal reasoning and external tools.
Each trajectory consists of interleaved reason-
ing states, tool-use actions, and environment ob-
servations, following a structured protocol with
<think>, <search>, <python>, and <answer>
steps. Formally, a trajectory is represented as
a sequence τ = {(tj , aj , oj)}Lj=1, where tj de-
notes the agent’s internal reasoning at step j, aj ∈
{search, python, answer} denotes the executed
action, and oj is the corresponding observation re-
turned by the external environment.

To ensure high-quality supervision, we retain a
trajectory τ only if it satisfies three criteria: answer
correctness, reasoning consistency, and reasoning
complexity. Additional details of trajectory synthe-
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Figure 5: The overall framework of FinMRAGAgent.

sis and filtering are provided in Appendix C.3.

4.2 Learning and Execution of the Agent

FinMRAGAgent is trained via supervised fine-
tuning on the filtered tool-integrated reasoning tra-
jectories, allowing it to learn when and how to
coordinate internal reasoning with external tool
usage. Given a set of K trajectories, the i-th tra-
jectory is denoted as τ (i) = {(t(i)j , a

(i)
j , o

(i)
j )}Li

j=1.
At each step j, the model is trained to predict the
target output conditioned on the multi-modal in-
put image I(i), the query q(i), and the interaction
history (t

(i)
<j , a

(i)
<j , o

(i)
<j). The supervised fine-tuning

objective is defined as:

max
θ

K∑

i=1

Li∑

j=1

log pθ
(
y
(i)
j | I(i), q(i), t

(i)
<j , a

(i)
<j , o

(i)
<j

)

(1)
where θ denotes model parameters and y

(i)
j denotes

the supervised target token sequence at step j.
At inference time, the agent performs a multi-

step reasoning process by alternately generating
intermediate reasoning steps and invoking exter-
nal tools. Conditioned on the interaction his-
tory, it adaptively selects actions such as issuing
<search> requests for evidence retrieval or invok-
ing <python> for numerical computation, until a
final <answer> is produced. Detailed inference
procedures are provided in Appendix D.4.

4.3 Coarse-to-Fine Retrieval

As discussed previously, financial documents ex-
hibit strong structural and semantic similarity,
which introduces significant retrieval ambiguity. To
address this, FinMRAGAgent adopts a coarse-to-
fine multi-modal retrieval strategy when executing
actions to retrieve relevant evidence. At the coarse
stage, we restrict the search space using document-
level metadata. Each page p is associated with
metadata m(p) = (industry, company, year), and
candidate pages are filtered as:

Pcoarse(q) = { p | m(p) ∈M(q) } (2)

whereM(q) denotes metadata constraints inferred
from the query. Within this reduced space, a multi-
modal retriever encodes the query and pages into
vector representations Vq = E(q) and Vp = E(p)
to retrieve top-k candidates. These candidates are
further refined by a query-aware relevance scorer:

Sfine(p, q) = fϕ(p, q), (3)

which selects the most informative pages for down-
stream reasoning. This hierarchical design facili-
tates robust and precise retrieval over large-scale
financial corpora. Implementation details are pro-
vided in Appendix D.3.

5 Experiment

5.1 Experimental Setup

Baselines. We evaluate a diverse set of multi-
modal RAG systems spanning retrieval, genera-
tion, and advanced RAG methods. Specifically,
we benchmark three multi-modal retrievers and se-
lect the strongest one to retrieve the top-k pages
(k = 10) for downstream generation. For gen-
eration, we evaluate 15 multi-modal large lan-
guage models, including both closed-source and
open-source models. We further include advanced
RAG baselines beyond vanilla generation, includ-
ing ReAct-style methods such as IRCOT (Trivedi
et al., 2023), multi-agent visual-document RAG
methods such as ViDoRAG (Wang et al., 2025a),
and our proposed FinMRAGAgent.

Metrics. We evaluate multi-modal RAG systems
on FinMRAGBench from two complementary per-
spectives aligned with the RAG pipeline: retrieval
quality and answer accuracy. Retrieval quality is
measured using Recall to assess evidence coverage
of retrieved pages. Answer accuracy is evaluated
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Fact Verification Numerical Reasoning Table Generation Chart Generation Knowledge Reasoning
Model

LJS HQR F1 HQR RMS P RMS R ECR PASS LJS HQR
Open-source Models with Vanilla RAG

Qwen2.5-VL-7B-Instruct 28.97 10.32 22.53 15.02 23.85 24.20 32.97 4.40 38.90 16.23
Qwen2.5-VL-32B-Instruct 42.71 28.39 30.12 22.54 33.49 33.40 92.31 24.18 49.03 27.27
Qwen2.5-VL-72B-Instruct 54.32 44.52 37.45 22.07 40.49 39.97 96.70 37.91 42.66 28.57

Qwen3-VL-4B-Instruct 42.77 25.81 23.89 10.80 24.84 24.14 88.46 18.13 37.47 14.94
Qwen3-VL-8B-Instruct 50.32 40.51 24.83 20.66 29.45 29.41 97.25 29.67 38.08 21.15
Qwen3-VL-32B-Instruct 60.89 53.16 33.37 27.70 37.25 37.12 93.41 40.11 48.97 35.26

MiniCPM-V-4.5 46.58 30.97 21.44 10.33 14.58 15.05 76.67 8.24 37.21 12.34
InternVL3.5-8B 24.32 14.84 26.60 14.08 19.30 19.26 88.46 10.44 41.88 13.64
InternVL3.5-38B 43.61 33.55 31.81 20.19 26.24 26.15 88.46 16.48 43.51 24.03

Close-source Models with Vanilla RAG
GPT-4o 57.28 51.27 38.01 26.29 46.58 46.43 96.70 39.56 51.28 35.26
GPT-5.1 64.18 56.33 41.90 38.97 48.37 48.44 96.70 47.25 54.10 47.44

Gemini-2.5-Flash 57.74 49.03 28.52 19.25 39.70 39.32 96.15 23.63 42.66 25.32
Gemini-2.5-Pro 63.16 56.13 32.63 25.35 50.06 48.15 96.15 36.81 49.74 39.61

Claude-3.5-Sonnet 56.58 50.97 31.92 25.35 42.38 42.13 98.35 37.36 49.48 33.12
Claude-4.5-Sonnet 56.32 44.52 37.98 28.17 40.40 40.92 99.45 36.81 52.01 35.71

Qwen3-VL-8B-Instruct with Advanced Methods
Vanilla∗ 57.87 47.10 47.07 50.23 38.81 38.64 98.90 45.60 40.65 24.68
IRCOT∗ 62.58 56.13 52.45 60.56 55.13 54.48 93.41 46.15 47.86 25.97

ViDoRAG†∗ 48.84 38.37 41.28 36.32 29.95 29.44 98.24 31.76 56.71 42.86
FinMRAGAgent (Ours)∗ 63.94 55.48 62.39 65.73 54.47 52.01 97.25 64.29 63.44 56.49

Table 2: Main results on FinMRAGBench across five financial analysis tasks: FV (Explainable Fact Verification), NR
(Numerical Reasoning), TG (Table Generation), CG (Chart Generation), and KR (Knowledge-Intensive Reasoning).
Methods marked with ∗ are enhanced with our coarse-to-fine retrieval (C2F) strategy. ViDoRAG† is evaluated using
GPT-5.1, as its multi-agent prompting relies on stronger backbone models for handling complex financial tasks.

with task-specific metrics. Specifically, for Explain-
able Fact Verification and Knowledge-Intensive
Reasoning, we use an LLM-based judge score
(LJS) together with the High-Quality Rate (HQR).
For Numerical Reasoning, we report F1 as the pri-
mary automatic metric and additionally use LJS
and HQR to complement exact matching. For Table
Generation, we adopt Relative Mapping Similarity
(RMS), and for Chart Generation, we evaluate code
executability and data correctness using ECR and
PASS@1. Full metric definitions and evaluation
protocols are provided in Appendix E.

For the open-ended tasks evaluated with LJS,
we additionally conduct a Human-LLM agreement
analysis on a randomly sampled subset to validate
judge reliability, with detailed results provided in
Appendix E.4.

5.2 Main Result

① Overall generation performance remains lim-
ited across all task categories. Across the five
task categories in FinMRAGBench, generation per-
formance remains limited (Table 2), indicating that
current multi-modal LLMs struggle with realistic
financial RAG. For numerically intensive tasks (Nu-
merical Reasoning, Table Generation, and Chart

Generation), the best score reaches only 50.06%.
For explanation-oriented tasks (Explainable Fact
Verification and Knowledge-Intensive Reasoning),
the highest score is 64.18%. Although code ex-
ecutability in Chart Generation is relatively high,
numerical accuracy remains a major bottleneck.
As further illustrated in Figure 6, different task
types stress distinct model capabilities, leading
to pronounced task-dependent performance varia-
tions across models. Overall, this performance gap
can be partially attributed to models’ limited abil-
ity to integrate and reason over fragmented multi-
modal evidence, as well as the intrinsic difficulty of
precise numerical computation and visualization-
oriented generation in financial analysis.

② Realistic financial RAG is bottlenecked by
multi-modal retrieval. As shown in Table 3, cur-
rent multi-modal retrievers struggle to retrieve rele-
vant evidence from complex financial documents.
Even the strongest retriever, ColQwen2 (Faysse
et al., 2025), achieves only 42.46% average recall,
indicating substantial room for improvement. We
observe two dominant failure modes from the re-
trieval results: (i) retrieving visually similar but
semantically irrelevant pages due to standardized
financial report templates, and (ii) missing com-
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Model FV NR TG CG KR

ColPali 33.43 20.58 23.63 40.20 28.05
VisRAG-Ret 43.74 31.22 34.34 49.08 32.41
ColQwen2 45.59 36.42 42.87 53.80 33.61
C2F (Ours) 63.67 75.16 74.41 84.94 56.75

Table 3: Recall@10 of different multi-modal retrievers.
C2F denotes results of our coarse-to-fine retrieval ap-
plied to ColQwen2.

plete evidence when relevant pages are scattered
across multiple documents and non-adjacent pages.
These results highlight the inherent difficulty of
realistic financial retrieval, where evidence is frag-
mented across documents, pages, and modalities.
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Figure 6: Radar plot comparing representative multi-
modal LLMs across five financial analysis task cate-
gories in FinMRAGBench.

③ FinMRAGAgent yields substantial perfor-
mance improvements in complex financial set-
tings. Under fair comparison with enhanced re-
trieval, FinMRAGAgent consistently outperforms
vanilla RAG, ReAct-style baselines, and visual-
document RAG methods across all tasks. For
example, on Chart Generation, FinMRAGAgent
improves performance from 29.67% (Vanilla),
46.15% (IRCOT), and 31.76% (ViDoRAG) to
64.29%. These gains stem from explicitly inte-
grating tools into an agentic, step-by-step reason-
ing process, enabling iterative evidence search and
verifiable numerical computation rather than single-
pass generation. Notably, while document RAG
methods such as ViDoRAG perform competitively
on single-page question answering, they struggle to
adapt to complex cross-document, multi-page rea-
soning tasks, and can even underperform simpler
ReAct-style approaches like IRCOT. Overall, these
results highlight the importance of explicit task de-
composition and tool-guided reasoning for reliable

financial analysis under realistic multi-page and
multi-hop settings.

5.3 Ablation Study

Impact of Coarse-to-Fine Retrieval. We con-
duct ablation experiments to evaluate the effective-
ness of the proposed coarse-to-fine retrieval strat-
egy. As shown in Table 4, both hierarchical re-
trieval and fine-grained page filtering consistently
improve retrieval performance in a vanilla RAG
pipeline. For Chart Generation, coarse-grained re-
trieval increases recall from 53.80% to 65.11%,
and fine-grained filtering further boosts recall to
84.94%. Using the improved retrieval for gen-
eration with Qwen3-VL-8B-Instruct yields corre-
sponding gains in end-to-end performance (from
29.67% to 45.60%), confirming retrieval quality
as a key driver of overall RAG effectiveness.

Method FV NR TG CG KR

Vanilla 45.59 36.42 42.87 53.80 33.61
HR 55.55 56.22 64.83 65.11 46.62

HR+PS 63.67 75.16 74.41 84.94 56.75

Table 4: Ablation results of coarse-to-fine retrieval,
showing the impact of hierarchical retrieval (HR) and
page selection (PS) on Recall@10 across different tasks.

Impact of Supervised Fine-Tuning on Tool Use.
To analyze the impact of tool-integrated supervised
fine-tuning, we compare FinMRAGAgent with a
ReAct-style tool-use baseline built on an untuned
Qwen3-VL-8B-Instruct model (Bai et al., 2025a).
As shown in Table 5, ReAct-style tool use yields
moderate improvements over the vanilla setting,
but consistently underperforms FinMRAGAgent
across financial analysis tasks. Qualitative anal-
ysis shows that the ReAct baseline often suffers
from weaker intent recognition, suboptimal tool
selection, and less reliable instruction following. In
contrast, supervised fine-tuning enables FinMRA-
GAgent to learn when to invoke tools and which
tools to use, resulting in more accurate and efficient
tool utilization. These results indicate that the per-
formance gains of FinMRAGAgent arise not from
tool use alone, but from supervised fine-tuning that
enables more accurate and timely tool invocation.

Note: We place more experimental results in the
Appendix A, including upper-bound and sanity-
check experiments, model scaling analysis, and
inference-time efficiency comparisons.
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Model FV NR TG CG KR

w/o SFT 63.10 57.55 49.15 46.70 46.63
w/ SFT 63.94 65.73 54.47 64.29 63.44

Table 5: Comparison between tool use with and with-
out supervised fine-tuning on Qwen3-VL-8B-Instruct
across financial analysis tasks. Reported scores corre-
spond to task-specific primary metrics: LJS for FV and
KR, HQR for NR, RMS-P for TG, and PASS for CG.

6 Conclusions

In this paper, we introduce FinMRAGBench, a
multi-modal financial RAG benchmark that evalu-
ates large language models in realistic financial
analysis tasks, especially under multi-page and
multi-document scenarios. Extensive experiments
show that current systems struggle with cross-page
and cross-document retrieval, multi-modal under-
standing, and complex reasoning. To address these
challenges, we further propose FinMRAGAgent, a
tool-integrated RAG framework trained on agen-
tic reasoning trajectories, achieving the strongest
overall performance.

Limitations

Despite its strengths, FinMRAGBench has several
limitations. Due to the inherent complexity of finan-
cial analysis tasks and the need for careful expert
validation, the current version of FinMRAGBench
is limited in scale compared to fully automated
datasets. While this design prioritizes annotation
quality and realism, it constrains the overall dataset
size. We leave the expansion of FinMRAGBench to
larger document collections and broader coverage
of financial scenarios to future work.
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Ethical Considerations

FinMRAGBench is constructed entirely from pub-
licly available financial documents, primarily
Form 10-K filings released through official reg-
ulatory channels. These documents are intended
for public disclosure and do not contain personal,
private, or sensitive information.

The dataset is annotated by human experts with
financial backgrounds under a well-defined an-
notation protocol. Annotators are provided with

detailed task instructions that specify annotation
guidelines, quality requirements, and intended re-
search use of the data. All annotations are per-
formed with informed consent. Annotators are re-
cruited through academic or professional channels
and are compensated appropriately for their contri-
butions.

To ensure data integrity and ethical compliance,
we adopt a multi-stage human verification process.
Each question-evidence pair and its corresponding
answer are reviewed by multiple annotators to en-
sure correctness, neutrality, and faithfulness to the
source documents. Throughout the annotation pro-
cess, we take care to avoid introducing misleading
interpretations, speculative content, or any sensi-
tive information beyond what is explicitly stated in
the original filings.

Given that the data sources are publicly avail-
able and the annotation process does not involve
personal data or vulnerable populations, this study
poses minimal ethical risk and does not require
institutional ethics board approval. Overall, FinM-
RAGBench is designed to be a clean and ethically
sound benchmark for research on financial retrieval-
augmented generation systems. Additional details
regarding data sources and annotation procedures
are provided in Section 3 and Appendix B.
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A More Experiments and Analysis

A.1 Upper-Bound and Sanity-Check
Experiments

To better contextualize the main results, we con-
duct two supplementary experiments that serve as
an upper bound and a sanity check for multi-modal
financial RAG. Results for both settings are sum-
marized in Table 6.

Oracle setting In the oracle setting, we provide
the generator with gold evidence pages annotated
by experts, bypassing the retrieval stage entirely.
This setting reflects an upper bound on generation
performance under perfect evidence access, allow-
ing us to isolate the limitations of the generation
model itself. As expected, oracle results substan-
tially outperform standard RAG settings across all
tasks, indicating that retrieval errors remain a dom-
inant bottleneck in realistic financial analysis. Nev-
ertheless, performance does not saturate even under
oracle evidence, suggesting that complex financial
reasoning and multi-step analysis continue to pose
challenges for current multi-modal LLMs.

Interestingly, on several tasks, Qwen3-VL-8B-
Instruct still underperforms our ReAct-style Fin-
MRAGAgent even with gold evidence, suggesting
that step-by-step reasoning and explicit evidence in-
tegration remain critical for effectively leveraging
multi-page, cross-document information. Consis-
tent with this observation, replacing Qwen3-VL-
8B-Instruct with its Thinking variant further im-
proves performance under oracle evidence, indicat-
ing that deeper reasoning remains necessary even
when perfect evidence is available.

Direct generation setting We additionally eval-
uate a direct generation setting, where models an-
swer questions without any retrieval and rely solely
on their parametric knowledge. This serves as a
sanity check to assess the necessity of external evi-
dence and to rule out potential data leakage. Across
all task categories, direct generation performs sig-
nificantly worse than RAG-based approaches, con-
firming that FinMRAGBench requires grounding in
retrieved financial documents and cannot be solved
reliably from parametric knowledge alone. Notably,
GPT-5.1 and Qwen3-VL-8B-Instruct exhibit non-
trivial performance on a subset of tasks, likely due
to more recent pretraining data that may encode
partial financial knowledge, but such parametric
knowledge alone remains insufficient for robust
financial analysis.

A.2 Detailed Retrieval Performance Analysis

To provide a more fine-grained understanding of
retrieval behavior, we report task-wise retrieval re-
call across all five financial analysis tasks. As
shown in Table 7, we compare vanilla retrieval,
coarse-to-fine (C2F) retrieval, ReAct-style retrieval
(IRCOT), and our proposed FinMRAGAgent, all
built on ColQwen2 as the base retriever. Across
all tasks, vanilla retrieval exhibits limited recall,
highlighting the difficulty of identifying complete
evidence in realistic financial settings. Applying
coarse-to-fine retrieval substantially improves re-
call across all task categories, with particularly
large gains on tasks requiring cross-document and
multi-page evidence, such as Numerical Reason-
ing and Knowledge-Intensive Reasoning. IRCOT
further improves recall by enabling iterative re-
trieval conditioned on intermediate reasoning steps,
demonstrating the benefits of reasoning-aware re-
trieval. FinMRAGAgent achieves the strongest
overall retrieval performance across tasks. Com-
pared to IRCOT, it consistently attains higher re-
call on evidence-intensive tasks, indicating that
supervised agentic trajectories enable more effec-
tive iterative evidence expansion and integration in
complex financial scenarios.

A.3 Model Scaling Analysis

We additionally evaluated the effect of model ca-
pacity by training a larger 32B backbone (Qwen3-
VL-32B-Instruct) with LoRA SFT using the same
agentic trajectories and evaluation protocol. Ta-
ble 8 compares the task-wise performance of the
8B and 32B versions of FinMRAGAgent. We ob-
serve consistent improvements across most task
categories: FV improves from 63.94 to 70.26, TG
from 54.47 to 64.82, CG from 64.29 to 69.46, and
KR from 63.44 to 68.05, while numerical reason-
ing changes only slightly (from 65.73 to 64.29).
Notably, gains are most pronounced on generation
and knowledge-intensive reasoning tasks (TG, CG,
KR), while numerical reasoning remains compara-
ble across scales. This pattern suggests that Fin-
MRAGAgent primarily improves structured multi-
step reasoning and evidence integration rather than
compensating for weak model capacity. Therefore,
the effectiveness of the agent framework is not lim-
ited to small models: the reasoning-and-tool-use
design remains beneficial as model scale increases.
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Fact Verification Numerical Reasoning Table Generation Chart Generation Knowledge Reasoning
Model

LJS HQR F1 HQR RMS P RMS R ECR PASS LJS HQR
Models with Gold Evidence

GPT-5.1 83.80 82.91 64.40 83.57 66.79 67.21 97.80 67.03 86.28 91.67
Qwen3-VL-8B-Instruct 66.39 60.65 52.31 53.52 37.18 36.94 98.90 51.65 63.96 59.09

Qwen3-VL-8B-Thinking 79.74 78.71 51.64 61.03 45.06 44.76 81.32 49.45 69.55 71.43

Direct Generation
GPT-5.1 34.90 22.58 24.18 16.43 10.80 11.15 98.90 1.10 29.48 20.78
GPT-4o 23.68 8.39 18.41 6.10 3.89 3.86 99.45 0.00 31.56 5.85

Qwen3-VL-8B-Instruct 28.58 14.19 22.52 4.23 1.57 1.55 95.60 0.00 21.43 4.55
Qwen2.5-VL-7B-Instruct 19.29 1.94 16.04 3.76 0.80 0.78 82.97 0.00 35.13 4.55

Table 6: Results under two controlled settings on FinMRAGBench. Models with Gold Evidence are provided with
ground-truth evidence pages, while Direct Generation answers questions without retrieval.

Method FV NR TG CG KR
Vanilla Retrieval 45.59 36.42 42.87 53.80 33.61

C2F Retrieval 63.67 75.16 74.41 84.94 56.75

IRCOT∗ 59.35 77.89 71.17 79.25 53.76
FinMRAGAgent∗ 60.97 81.57 69.05 88.97 57.16

Table 7: Task-wise Retrieval Recall@10 under Different
Retrieval Strategies on ColQwen2. Methods marked
with ∗ are enhanced with the proposed coarse-to-fine
(C2F) retrieval strategy.

Model FV NR TG CG KR

8B (Full SFT) 63.94 65.73 54.47 64.29 63.44
32B (LoRA SFT) 70.26 64.29 64.82 69.46 68.05

Table 8: Model scaling analysis of FinMRAGAgent.
We compare an 8B backbone trained with full SFT and
a 32B backbone trained with LoRA SFT under the same
training trajectories and evaluation protocol.

A.4 Inference-Time Efficiency Comparison

To further contextualize computational efficiency,
we measure the average per-sample inference time
on a single A100 GPU using Qwen3-VL-8B-
Instruct as the backbone. Table 9 reports the
average runtime for Vanilla RAG, IRCOT, and
FinMRAGAgent, together with the task-wise run-
time breakdown. As expected, agent-based rea-
soning introduces additional overhead compared
with single-pass vanilla generation. However, Fin-
MRAGAgent remains substantially more efficient
than IRCOT-style iterative retrieval, with an aver-
age runtime of 12.92 seconds per sample compared
with 22.54 seconds, while also achieving stronger
overall performance across tasks. These results
suggest that FinMRAGAgent provides a more fa-
vorable efficiency-performance trade-off. It signif-
icantly improves structured multi-step reasoning

while avoiding the excessive latency of fully itera-
tive reasoning pipelines.

Method FV NR TG CG KR Avg.

Vanilla 4.46 5.87 3.76 4.88 7.04 5.19
IRCOT 11.93 12.99 28.31 17.94 46.36 22.54
FinMRAGAgent 11.63 8.80 14.85 12.37 18.07 12.92

Table 9: Inference-time efficiency comparison in sec-
onds per sample on a single A100 GPU. All methods
use Qwen3-VL-8B-Instruct as the backbone.

B More Dataset Details

B.1 Corpus Sources

The retrieval corpus is constructed from publicly
available annual reports of publicly listed compa-
nies, covering a broad range of industries and re-
porting practices. In total, the corpus consists of
96,549 page-level documents extracted from 723
annual reports, spanning 10 Global Industry Clas-
sification Standard (GICS) sectors.

The collected reports exhibit substantial diversity
in document length, layout structure, and informa-
tion density. Pages include a mixture of narrative
disclosures, financial tables, and visual elements
such as charts and figures, reflecting the heteroge-
neous nature of real-world financial filings. This
structural variability poses non-trivial challenges
for document retrieval and evidence aggregation.

The corpus provides broad sectoral coverage
across industries with distinct business models
and reporting characteristics. Figure 7 illustrates
the distribution of page volumes across industries,
highlighting differences in reporting scale and dis-
closure intensity. Table 10 summarizes industry-
level statistics, including the number of companies,
reports, and pages per sector. In addition, Table 11
lists a representative subset of automobile compa-
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nies included in the corpus to illustrate the diversity
of firm-level coverage.

22.68%

11.74%

11.35%

8.87%

8.31%

8.26%

7.78%

7.46%

7.08%

6.49%

Electric
Bank
Retail
Energy
Restaurant
Semiconductors
Pharmaceuticals
Aerospace
Apparel
Automobile

Figure 7: Industry-wise distribution of page counts in
the retrieval corpus.

Industry #Companies #Files #Pages #Avg_Pages
Electric 15 88 21,894 248.8
Bank 10 60 11,337 188.9
Retail 20 115 10,961 95.3
Energy 10 60 8,560 142.7
Restaurant 15 81 8,024 99.1
Semiconductors 15 78 7,975 102.2
Pharmaceuticals 10 59 7,507 127.2
Aerospace 11 63 7,198 114.3
Apparel 11 65 6,831 105.1
Automobile 10 54 6,262 116
TOTAL 127 723 96,549 133.5

Table 10: Statistics of companies, reports, and pages
across industries.

Company Name Ticker CIK S&P 500 Pages

Tesla, Inc. TSLA 1318605 Yes 733
General Motors Company GM 1467858 Yes 654

Ford Motor Company F 37996 Yes 1,063
Rivian Automotive, Inc. RIVN 1874178 No 433

Oshkosh Corporation OSK 775158 No 570
Federal Signal Corporation FSS 277509 No 522

Lucid Group, Inc. LCID 1811210 No 642
Harley-Davidson, Inc. HOG 793952 No 713

REV Group, Inc. REVG 1687221 No 458
Blue Bird Corporation BLBD 1589526 No 474

Table 11: An Example of 10 Companies in the Automo-
bile Industry (GICS Code: 25102010)

B.2 Task Composition and Dataset
Complexity

FinMRAGBench consists of 887 expertly verified
question–answer pairs, covering five primary task
categories, including Explainable Fact Verification
(FV), Numerical Reasoning (NR), Chart Genera-
tion (CG), Table Generation (TG), and Knowledge-
Intensive Reasoning (KR), which are further di-

vided into 16 fine-grained subcategories, as illus-
trated in Figure 4. As shown in the figure, the
dataset maintains a relatively balanced distribu-
tion across the five categories, without any sin-
gle task type dominating the overall composition.
Within each category, multiple subtypes are in-
cluded to capture diverse reasoning patterns and
evidence modalities, ranging from numerical com-
putation and comparison to visual interpretation
and knowledge-intensive analysis over financial
filings.

Beyond task taxonomy, FinMRAGBench ex-
hibits varying levels of retrieval and reasoning com-
plexity across different task categories. To char-
acterize this complexity, we annotate each ques-
tion with two difficulty-related measures: retrieval
depth, defined as the number of distinct evidence
retrievals required, and reasoning depth, defined
as the number of inference steps needed to reach
the final answer. Figure 8 shows the distribution of
these measures across task categories, highlighting
substantial variation in both retrieval and reasoning
demands induced by different task types.
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Figure 8: Retrieval and reasoning complexity of FinM-
RAGBench.
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B.3 Human Verification Protocol and
Inter-Annotator Agreement

Annotation protocol. FinMRAGBench adopts
an evidence-guided, multi-stage human verifica-
tion workflow. First, financial experts validate the
evidence pages by checking whether the selected
pages are necessary and sufficient to answer the
question and correcting missing or redundant ev-
idence. During QA construction, candidate ques-
tions are manually reviewed under explicit criteria
(relevance, completeness, feasibility, clarity, and
context-independence), and we further apply round-
trip consistency verification to ensure each question
genuinely depends on its evidence.

For answer annotation, each question-evidence
pair is independently verified by at least two finan-
cial experts. Disagreements are resolved through
discussion and manual adjudication, and the final
answers are checked for correctness and faithful-
ness to the source documents. This design inten-
tionally prioritizes expert validation and evidence
faithfulness rather than lightweight crowd labeling.

Inter-annotator agreement. To further quantify
reliability, we conducted an additional verification
study on 50 randomly sampled QA pairs follow-
ing the same protocol. Two financial experts inde-
pendently judged answer correctness (Correct/In-
correct), and we observed substantial agreement
(Cohen’s κ = 0.6269, observed agreement = 92%).
This supports that the annotations are reproducible
rather than subjective.

C Dataset Construction Details

C.1 Task Definition

Based on a systematic analysis of real-world us-
age of financial annual reports, we organize the
questions into five high-level task categories and
16 finer-grained sub-task types.

Explainable Fact Verification This task cate-
gory evaluates a model’s ability to verify factual
claims grounded in financial reports and provide
concise, evidence-based explanations. Each ques-
tion requires the model to determine whether a
given claim is Supported, Refuted, or Insufficient,
and to justify the decision using retrieved evidence.

• Numerical Fact Verification Verifies claims
involving explicit numerical values or quan-
titative comparisons (e.g., revenues, ratios,

year-over-year changes). Correct answers re-
quire accurate retrieval of relevant figures and
precise numerical reasoning across tables or
charts.

• Textual Fact Verification Verifies claims
based on textual statements in financial re-
ports, such as business descriptions, risk dis-
closures, or accounting policies. This sub-task
emphasizes semantic understanding and evi-
dence grounding in narrative sections.

Numerical Reasoning This task category as-
sesses a model’s ability to perform quantitative
reasoning over financial data retrieved from reports.
Questions require extracting numerical values from
tables, charts, or text and applying arithmetic or
logical operations to derive correct answers.

• Multi-hop Numerical Reasoning Requires
combining numerical information from multi-
ple pages, documents, or reporting periods to
answer a single query, testing cross-document
retrieval and multi-step reasoning.

• Calculation Involves direct arithmetic oper-
ations such as summation, subtraction, ratio
computation, or percentage change based on
retrieved financial figures.

• Comparison Requires comparing numerical
values across companies, time periods, or fi-
nancial indicators to determine relative mag-
nitude or trend.

• Ranking Asks the model to order entities
(e.g., companies or fiscal years) according to
specific financial metrics, requiring accurate
aggregation and comparison of multiple val-
ues.

Table Generation This task category evaluates
a model’s ability to synthesize structured tabular
outputs from retrieved financial evidence. Models
are required to organize relevant numerical infor-
mation into well-formed tables that align with the
query intent and underlying financial semantics.

• Indicator Computation Requires computing
financial indicators (e.g., ratios or derived met-
rics) from retrieved values and presenting the
results in a structured table format.

• Information Extraction Involves extracting
relevant financial figures from reports and or-
ganizing them into tables without additional
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computation, emphasizing accurate retrieval
and structural consistency.

Chart Generation This task category evaluates
a model’s ability to generate visual representations
of financial data based on retrieved evidence. Mod-
els are required to select appropriate chart types
and correctly encode numerical information into
executable or structured chart specifications.

• Pie Chart Generation Requires generating
pie charts to illustrate proportional relation-
ships among financial components.

• Bar Chart Generation Involves creating bar
charts to compare financial values across cat-
egories, such as companies or reporting peri-
ods.

• Line Chart Generation Focuses on generat-
ing line charts to depict trends or temporal
changes in financial metrics.

• Scatter Chart Generation Requires produc-
ing scatter plots to visualize relationships or
correlations between two financial variables.

• Other Chart Types Covers additional chart
formats, including radar charts, stacked bar
charts, area charts, and bubble charts, which
are grouped for conciseness.

Knowledge-Intensive Reasoning This task cat-
egory evaluates a model’s ability to perform long-
form analytical reasoning grounded in retrieved
evidence. Questions typically require synthesizing
information across multiple pieces of evidence and
producing coherent, well-supported explanations
rather than short factual answers.

• Text Evidence Requires reasoning primarily
over narrative text, such as business descrip-
tions, management discussion sections, or risk
disclosures.

• Table Evidence Involves analytical reason-
ing based on tabular financial data, requiring
interpretation and synthesis of numerical in-
formation from tables.

• Chart Evidence Requires extracting and rea-
soning over information conveyed in charts or
visual plots, emphasizing multi-modal under-
standing.

• Hybrid Evidence Combines multiple evi-
dence types (e.g., text, tables, and charts),
requiring integrated reasoning across hetero-
geneous modalities.

C.2 Expert-Guided Page Selection

To ensure that selected evidence pages reflect au-
thentic financial analysis practices, financial ex-
perts guided page selection based on a set of
well-established financial analysis perspectives.
These perspectives correspond to common analyti-
cal workflows used by practitioners and naturally
induce the need for cross-page, cross-document,
and multi-modal evidence. We describe the pri-
mary perspectives below.

Temporal (Time-Series) Analysis. Time-series
analysis examines period-to-period changes in a
firm’s key financial indicators across reporting pe-
riods. Financial experts compare financial data of
the same company across different fiscal years or
quarters to identify period-specific changes, growth
signals, and potential anomalies.

In practice, financial experts collect filings span-
ning at least three fiscal years for a target company
and focus on core indicators such as revenue, net
income, cash flow, leverage ratios, and profitability
metrics. These indicators are compared using year-
over-year and period-over-period analyses, often
supported by tables or simple visualizations (e.g.,
line or bar charts). Observed changes are then
interpreted in conjunction with business context,
including strategic initiatives, market conditions,
and macroeconomic factors.

From a page selection perspective, temporal
comparison motivates selecting pages from multi-
ple fiscal periods, including income statements, bal-
ance sheets, cash flow statements, and their accom-
panying explanatory text. As a result, answering
temporally grounded questions typically requires
aggregating evidence across years and synthesiz-
ing both numerical tables and contextual textual
explanations.

Cross-Sectional (Industry Peer) Analysis.
Cross-sectional (industry peer) analysis assesses
a firm’s relative performance and competitive
position by comparing it with peer companies
within the same industry. Financial experts bench-
mark a target company against comparable firms
with similar business models, scale, and market
exposure to contextualize financial performance.
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In practice, financial experts identify a set of peer
companies within the same GICS sector and collect
their publicly disclosed filings. Key financial ratios,
such as gross margin, net margin, return on equity
(ROE), and efficiency indicators, are extracted and
organized into comparative tables or visual sum-
maries. These quantitative comparisons are further
interpreted alongside qualitative factors, including
market share, product differentiation, and brand
positioning.

From a page selection perspective, industry-level
comparison motivates selecting evidence pages
from multiple companies and filings, often drawn
from analogous sections across different firms. As
a result, questions grounded in industry compari-
son typically require integrating structured finan-
cial tables with narrative disclosures and visual
summaries to support informed comparative rea-
soning.

Ratio-Based Financial Analysis. Ratio analy-
sis is one of the most widely used techniques in
financial statement analysis, as it normalizes raw fi-
nancial figures into interpretable indicators of prof-
itability, liquidity, solvency, and operational effi-
ciency. By transforming absolute values into ratios,
this perspective enables meaningful comparisons
across firms and across reporting periods.

In practice, financial experts first clarify the ana-
lytical objective, such as assessing short-term liq-
uidity, operational efficiency, or overall financial
risk, and then extract relevant variables from bal-
ance sheets and income statements. Commonly
used ratios include liquidity ratios (e.g., current ra-
tio, quick ratio), profitability ratios (e.g., gross mar-
gin, net margin), and efficiency ratios (e.g., asset
turnover). The computed ratios are benchmarked
against industry norms or the firm’s historical lev-
els to identify potential weaknesses, strengths, or
emerging risks.

From a page selection perspective, ratio analysis
requires jointly accessing multiple financial state-
ments together with their supporting notes within
the same filing. Interpreting ratios often depends
on both numerical tables and accompanying textual
explanations, such as accounting policies or man-
agement commentary, motivating the inclusion of
statement pages and related explanatory text.

Common-Size (Vertical) Structural Analysis.
Common-size analysis, also known as vertical anal-
ysis or internal structural comparison, examines
the internal composition of financial statements

by expressing individual line items as percentages
of a common base, such as total revenue or total
assets. This perspective highlights the relative rela-
tionships among cost components, asset categories,
and resource allocations within a firm.

In practice, financial experts organize income
statements and balance sheets and normalize ex-
pense items by total revenue to analyze cost struc-
tures, and asset items by total assets to examine
balance sheet composition. By comparing these
percentage distributions across reporting periods
or against industry benchmarks, they can identify
structural imbalances, disproportionate spending,
or potential inefficiencies in resource allocation.
Such analysis is commonly used to assess cost opti-
mization opportunities and strategic prioritization,
for example, between sales, research and develop-
ment, and administrative expenditures.

From a page selection perspective, common-size
analysis requires access to complete financial state-
ments rather than isolated figures, together with
consistent reporting across sections within the same
filing. Interpreting structural proportions often re-
lies on both numerical tables and accompanying
narrative disclosures that explain cost drivers or
strategic intent, motivating the inclusion of full
statement pages and their related explanatory text.

Longitudinal Trend Analysis. Longitudinal
trend analysis focuses on identifying long-term di-
rectional patterns in a firm’s financial performance
by continuously tracking key indicators over ex-
tended time horizons. Unlike discrete period-to-
period comparisons, this perspective emphasizes
sustained trajectories and directional changes that
are informative for understanding long-run perfor-
mance dynamics.

In practice, financial experts collect multi-year
data from filings, often spanning five to ten years,
and focus on indicators such as net income growth,
leverage ratios, and operating or free cash flows.
These indicators are commonly examined through
trend curves or time-series plots to reveal persis-
tent upward or downward movements. Observed
trends are then interpreted in light of underlying
drivers, including market expansion, cost structure
evolution, financing activities, and macroeconomic
conditions.

From a page selection perspective, longitudinal
trend analysis requires aggregating temporally dis-
tributed evidence across multiple filings and report-
ing periods. Relevant pages are therefore drawn
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from different fiscal years and sections, combining
numerical tables, visual summaries, and explana-
tory narrative text to support long-horizon financial
reasoning.

Budget-to-Actual Variance Analysis. Budget-
to-actual variance analysis is a core management
control technique that evaluates execution effec-
tiveness by comparing realized financial outcomes
against pre-established budgets. This perspective
shifts the focus from reported performance alone to
the alignment between planned targets and actual
execution.

In practice, financial experts examine budgeted
figures for revenues, costs, operating expenses, and
capital expenditures alongside their realized coun-
terparts, typically on a periodic basis. Deviations
are quantified using variance measures and inter-
preted through qualitative explanations provided
in management disclosures, such as management
discussion and analysis (MD&A). This analysis
is commonly used to assess operational discipline,
cost control effectiveness, and the feasibility of
strategic plans.

From a page selection perspective, budget-to-
actual analysis requires integrating numerical com-
parisons with narrative justifications when such
information is disclosed. Relevant evidence is
therefore drawn from tables and explanatory text in
management-facing sections, motivating the inclu-
sion of both quantitative summaries and contextual
explanations for variance-driven reasoning.

Earnings–Cash Flow Linkage Analysis.
Earnings–cash flow linkage analysis examines the
consistency between reported profitability and
actual cash generation, reflecting the principle that
accounting earnings do not necessarily translate
into sustainable liquidity. This perspective is
central to financial risk assessment and investment
decision-making.

In practice, financial experts jointly analyze in-
come statements and cash flow statements to com-
pare net income with operating cash flows, and con-
textualize discrepancies using balance sheet items
such as accounts receivable and inventory. Persis-
tent gaps between earnings and cash inflows may
indicate aggressive revenue recognition, working
capital pressure, or heightened financial risk.

From a page selection perspective, earnings–
cash flow linkage analysis requires integrating
information across multiple financial statements
within the same filing, together with relevant ex-

planatory notes. Supporting evidence therefore
spans profit figures, cash flow components, and nar-
rative disclosures, motivating the selection of state-
ment pages and accompanying explanatory text for
reliable financial judgment.

C.3 Trajectory Synthesis and Filtering

Trajectory Synthesis Protocol To construct
training data for Tool-Integrated iterative reason-
ing, we synthesize multi-step reasoning trajecto-
ries using large language models (GPT-5.1) guided
by ReAct-style prompts. Each trajectory is gener-
ated incrementally, allowing the model to alternate
between reasoning and external tool usage as the
context evolves.

Concretely, at each iteration t, the model takes as
input the accumulated context history and produces
one of the following structured actions:

• <think> step: the agent’s intermediate rea-
soning or planning process, explicitly articu-
lated to guide subsequent actions;

• <search> step: a tool invocation for retriev-
ing additional evidence from the retrieval sys-
tem;

• <python> step: a tool invocation for perform-
ing numerical computation or data processing;

• <answer> step: the final response generation
that concludes the trajectory.

Trajectory Quality Filtering To ensure high-
quality and effective supervision for training, we
apply a multi-stage trajectory filtering procedure
to the automatically synthesized reasoning trajecto-
ries. Specifically, we perform the following three
filtering steps:

1. Final Answer Verification. We retain a tra-
jectory τ only if its final answer matches the
corresponding ground-truth answer, ensuring
that the complete sequence of reasoning and
tool-use steps leads to a correct solution.

2. Step-by-Step Reasoning Consistency. We
verify the logical consistency of each interme-
diate step in trajectory τ . Each tool call and
its corresponding observation are checked to
ensure alignment with the preceding reason-
ing context and the overall problem-solving
objective. Trajectories that exhibit incomplete
reasoning, incoherent transitions, or incorrect
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tool usage are discarded. This step prevents
spurious trajectories in which correct answers
are obtained without meaningful reasoning.

3. Complexity-Aware Trajectory Selection. To
encourage substantive multi-step reasoning,
we further apply complexity-based filtering.
Trajectories with longer and more elaborate
reasoning chains are retained, while those
with overly short reasoning paths or lacking
explicit external tool invocation are filtered
out. This criterion promotes training signals
that reflect realistic, process-driven analyti-
cal workflows rather than trivial or shortcut
solutions.

C.4 QA Prompt

To construct high-quality question–answer pairs
across diverse financial reasoning tasks, we design
task-specific prompts for both question generation
and answer annotation. For each of the five task cat-
egories in FinMRAGBench, we specify a dedicated
question generation prompt that guides the formu-
lation of queries grounded in financial reports, as
well as a corresponding answer annotation prompt
that enforces correctness, completeness, and evi-
dence grounding.

Question Generation Prompt. The question
generation prompts are designed to elicit task-
appropriate questions that reflect realistic finan-
cial analysis objectives. Each prompt specifies the
task scope, required evidence type, and expected
reasoning pattern, while avoiding trivial surface-
level queries. As summarized in Tables 20–24,
the prompts vary across task categories to account
for differences in analytical focus, such as factual
verification, numerical computation, visual inter-
pretation, structured information extraction, and
knowledge-intensive reasoning. Together, these
prompts ensure that generated questions span di-
verse reasoning demands and are grounded in au-
thentic financial reporting scenarios.

Answer Annotation Prompt. For answer an-
notation, we design prompts that instruct anno-
tators to produce accurate, well-justified answers
based strictly on retrieved evidence. The annotation
prompts emphasize evidence consistency, correct
numerical calculation when applicable, and faith-
ful interpretation of tables or figures. Tables 25–29
present the answer annotation prompts used for
the five task categories, highlighting task-specific

requirements such as explanation generation, inter-
mediate computation, and structured output format-
ting. This prompt design helps standardize answer
quality across tasks while preserving task-specific
characteristics.

D Implementation Details

D.1 Experiments Details

Model Setup. We evaluate a diverse set of multi-
modal RAG systems, covering retrieval, gener-
ation, and agentic reasoning baselines. For re-
trieval, we benchmark three multi-modal retrievers:
ColQwen2 (Faysse et al., 2025), ColPali (Faysse
et al., 2025), and VisRAG-Ret (Yu et al., 2025a).
Unless otherwise specified, we use the strongest
retriever to retrieve the top-k pages (k = 10) for
downstream generation. For generation, we eval-
uate 15 multi-modal large language models, in-
cluding proprietary models such as GPT-4o (Ope-
nAI, 2023), GPT-5.1 (OpenAI, 2025), Gemini-
2.5-Flash, Gemini-2.5-Pro (Comanici et al., 2025),
Claude-3.5-Sonnet (Anthropic, 2024), and Claude-
4.5-Sonnet (Anthropic, 2025), as well as open-
source models from the Qwen2.5-VL (Bai et al.,
2025b), Qwen3-VL (Bai et al., 2025a), MiniCPM-
V-4.5 (Yu et al., 2025b), and InternVL-3.5 (Wang
et al., 2025d) families. Beyond vanilla single-
pass RAG, we include advanced baselines with ex-
plicit reasoning and tool use, including the ReAct-
style IRCOT (Trivedi et al., 2023), the multi-agent
visual-document RAG method ViDoRAG (Wang
et al., 2025a), and our proposed FinMRAGAgent.
IRCOT and FinMRAGAgent are implemented with
Qwen3-VL-8B-Instruct, while ViDoRAG is evalu-
ated using GPT-5.1, as its multi-agent prompting
relies on stronger backbone models to handle com-
plex financial tasks.

Environment. We deploy open-source models
using the vLLM framework on 8 NVIDIA A100
GPUs, while proprietary models are accessed
through their official APIs. For all generation ex-
periments, we set the temperature to 0 to ensure de-
terministic outputs and cap the maximum number
of generated tokens at 8,196. For training, we fine-
tune Qwen3-VL-8B-Instruct on our high-quality
agentic trajectories using LLaMA-Factory3. The
maximum image resolution is set to 262,144 pixels,
and we adopt a cosine annealing scheduler with an
initial learning rate of 1e-5, training the model for

3https://github.com/hiyouga/LLaMA-Factory
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3 epochs.

Training Details. We follow the training
paradigm introduced in VRAG (Wang et al., 2025b)
to model agentic reasoning with tool use through
multi-round generation. Specifically, trajectories
that interleave reasoning steps with external tool in-
vocations (e.g., search and Python-based numerical
computation) are converted into the ShareGPT for-
mat supported by LLaMA-Factory. Each trajectory
is represented as a sequence of alternating user and
assistant messages, enabling the model to learn it-
erative decision-making over multiple turns. Under
the multi-round formulation, observations returned
by the external environment are injected into the
trajectory as user messages. This design choice is
necessary to align with the model’s pre-training in-
teraction protocol, in which image tokens are only
allowed to appear in user messages. In total, we
construct approximately 6K high-quality training
trajectories for supervised fine-tuning.

D.2 Baseline Prompt and Configuration

Vanilla RAG. For Vanilla RAG, we use task-
specific answer-generation prompts to produce fi-
nal responses for each task category. The corre-
sponding prompt templates for the five tasks are
provided in Tables 25–29.

IRCOT. For IRCOT, we adapt the original iter-
ative retrieval–reasoning procedure to our multi-
modal RAG setting and implement it under a
ReAct-style interaction protocol that alternates be-
tween explicit think and search steps. In this
setting, task-specific instructions are injected into
the main IRCOT prompt to adapt the prompt to
different task requirements, such as output format
and task-specific constraints. The base prompt tem-
plate for IRCOT is shown in Table 13, while the
task-specific prompt components are summarized
in Table 15.

ViDoRAG. For ViDoRAG, we follow the origi-
nal implementation and adopt its three-agent archi-
tecture, consisting of a Seeker Agent, an Inspector
Agent, and an Answer Agent, each instantiated with
the prompt templates provided in the original work.
To adapt ViDoRAG to the diverse financial analysis
tasks in FinMRAGBench, we inject task-specific
instructions into the Answer Agent’s prompt, anal-
ogous to the task-specific prompting strategy used
for IRCOT (Table 15). In our implementation, we
instantiate all three agents in ViDoRAG using GPT-

5.1, as its multi-agent prompting relies on stronger
backbone models for handling complex financial
tasks.

FinMRAGAgent. FinMRAGAgent is instanti-
ated with a unified agent prompt that defines the in-
teraction protocol, available actions (e.g., search,
python, answer), and response format. The full
agent prompt template is provided in Table 14.
For each task category, we additionally inject task-
specific prompt components into the agent prompt
to encourage task-appropriate outputs and con-
straints; these task-specific components are sum-
marized in Table 15.

D.3 Coarse-to-Fine Retrieval Details

Hierarchical Indexing and Coarse Retrieval
To support efficient retrieval from a large-scale fi-
nancial corpus, we organize documents using hi-
erarchical indexing based on structured document
attributes. Each page is associated with metadata
such as industry, company, and filing year. Given a
query, these attributes are used to constrain the re-
trieval space before semantic matching, restricting
candidate pages to a relevant subset of documents.

This coarse-grained filtering step significantly
reduces retrieval ambiguity caused by repetitive ta-
ble structures and standardized reporting templates
across different companies and fiscal periods, while
maintaining high recall for relevant evidence.

Fine-grained Page Filtering After coarse-
grained retrieval, the candidate set may still contain
redundant or weakly relevant pages. To address
this, we use a two-stage fine-grained filtering strat-
egy. We first apply a reranker to rerank the retrieved
candidate pages according to their query relevance.
This reranking stage provides a stronger relevance
prior and reduces noise introduced by visually or
structurally similar financial pages.

We then apply a prompt-based page filter-
ing stage that assigns a relevance score to each
reranked candidate page with respect to the query.
The scoring model can either share parameters with
the downstream generation model or be instanti-
ated separately, depending on the evaluation set-
ting. Pages are finally re-ranked according to these
scores, and only the top-ranked pages are passed to
the generation stage. The scoring prompt used for
page filtering is provided in Table 16.
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D.4 Inference Procedure of FinMRAGAgent
We describe the inference procedure in terms of
state representation, action selection, state transi-
tion, and termination.

State Representation. During inference, the
agent maintains an abstract reasoning state that
summarizes the multi-modal input, query, and accu-
mulated interaction history. Following the history-
compressed formulation in the main text, the state
at step j is defined as

sj = ϕ(I, q, t≤j , a<j , o<j) , (4)

where tj denotes the internal reasoning state, aj
the executed action, and oj the corresponding ob-
servation returned by the external environment.

Action Selection Policy. At each inference step
j, the agent selects the next action by maximizing
the learned policy conditioned on the current state:

aj = argmax
a∈A

πθ(a | sj), (5)

where the action space is defined as A =
{search, python, answer}.
State Transition. After executing action aj , the
agent receives an observation oj from the external
environment. The state is then updated as

sj+1 = ϕupd(sj , aj , oj), (6)

where oj may correspond to retrieved evidence or
numerical computation results.

Termination. The inference process proceeds it-
eratively until the agent selects the terminal action
aj = answer, at which point the final response is
generated based on the current state. The abstract
inference mechanism described above is instanti-
ated with a coarse-to-fine retrieval strategy in the
following subsection.

D.5 Inference with Coarse-to-Fine Retrieval
To efficiently retrieve relevant financial evidence
from large-scale multi-modal corpus, FinMRAGA-
gent integrates a coarse-to-fine retrieval strategy
into the inference process. At each search step,
the agent first infers high-level metadata constraints
from the current query and reasoning state, such
as industry, company, and fiscal year, to filter the
retrieval space. It then applies a multi-modal re-
triever followed by query-aware re-ranking to iden-
tify the most relevant evidence, which is incremen-
tally added to the evidence set. The complete infer-
ence procedure is summarized in Algorithm 1.

Algorithm 1 FinMRAGAgent Inference with
Coarse-to-Fine Retrieval
Require: Query q, retrieval corpus C, agent policy

πθ
1: Initialize reasoning state t0 ← ∅, evidence set
E ← ∅

2: for l = 1 to Lmax do
3: Generate internal reasoning

tl ∼ πθ(t<l, E , q)
4: Predict next action al ∼ πθ(t≤l, E , q)
5: if al = search then
6: Infer metadata constraintsM(q, tl)
7: Pcoarse ← {p ∈ C | m(p) ∈M(q, tl)}
8: Retrieve candidates using multi-modal

retriever (e.g., ColQwen2)
9: Re-rank candidates via query-aware

scoring
10: Update evidence set E ← E ∪

Top-k(P)
11: else if al = python then
12: Execute numerical computation and ob-

serve result
13: Update reasoning state with computa-

tion output
14: else if al = answer then
15: Generate final answer and break
16: end if
17: end for
18: return Final answer

E Evaluation Metrics Details

E.1 Retrieval Quality
To evaluate retrieval quality, we report Recall@10,
which measures the coverage of relevant evidence
within the top-10 retrieved pages. This metric re-
flects whether the retrieval module successfully
captures the required evidence for downstream gen-
eration in realistic financial RAG settings.

E.2 Answer Accuracy
Due to the substantial diversity in answer for-
mats across financial analysis tasks, we adopt task-
specific evaluation metrics, including both auto-
matic metrics and LLM-based evaluation. For all
LLM-based evaluations, we additionally sample a
subset of instances for human verification to vali-
date the reliability of the automatic judgments.

Explainable Fact Verification For explainable
fact verification, we evaluate both the predicted
veracity label and the accompanying explanation.
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The veracity label is a three-class classification
problem (Supported, Refuted, and Insufficient) and
can be evaluated using Exact Match (EM). In this
work, we primarily focus on the quality of the gen-
erated explanations, which better reflects a model’s
ability to reason over and justify financial claims.
Accordingly, our main reported metrics for this task
are LJS and HQS, both derived from an LLM-as-
judge evaluation protocol.

Inspired by the human evaluation design of
FinDVer (Zhao et al., 2024), we introduce an
LLM-based evaluation to assess explanation qual-
ity. Specifically, a large language model scores
each generated explanation on a discrete scale from
1 to 10 based on factual correctness, reasoning
soundness, and consistency with the reference an-
swer. The resulting score is normalized to a percent-
age and reported as LJS in the main results table.
We further report HQR, defined as the proportion
of instances with scores greater than or equal to
7. The detailed judging prompt is provided in Ta-
ble 17.

Numerical Reasoning For numerical reasoning
tasks, we report F1 as the primary automatic met-
ric, following MULTIHIERTT (Zhao et al., 2022).
Compared to Exact Match, F1 better captures
partial correctness in financial scenarios where
answers often contain multiple numerical values
rather than a single scalar.

Given the open-retrieval setting and frequent
use of natural language descriptions, we em-
ploy an LLM-as-judge evaluation following Vi-
DoRAG (Wang et al., 2025a), which assigns a dis-
crete score from 1 to 5 to each generated answer
based on numerical correctness and consistency
with the reference answer. We define HQR as the
proportion of predictions with a score greater than
or equal to 4. The judging prompt used for this
evaluation is provided in Table 19.

Table Generation For table generation, model
outputs are first normalized into a canonical table
format. We then evaluate them using the RMS
metric proposed in DePlot (Liu et al., 2023a) and
FinAR-Bench (Wu et al., 2025b), which jointly
measures structural alignment and value accuracy
between the generated and ground-truth tables. De-
tailed computation steps are provided in Appendix
E.3.

Chart Generation For chart generation, we fol-
low RealHitBench (Wu et al., 2025a) and evaluate

both executability and data correctness. Specifi-
cally, we compute ECR to measure whether the
generated code is executable, extract the resulting
y-axis values for comparison with reference data,
and report PASS@1 as the overall success rate.

Knowledge-Intensive Reasoning Knowledge-
intensive reasoning requires models to generate
long-form analytical responses. We evaluate an-
swer quality using an LLM-as-judge protocol based
on G-Eval (Liu et al., 2023b).

For each generated long-form answer, the LLM
assigns a score from 1 to 10 based on factual cor-
rectness, reasoning coherence, and overall answer
quality with respect to the reference answer. The
normalized score is reported as LJS in the main
results table. We further report HQR, defined as
the proportion of responses receiving a score of
at least 7, indicating satisfactory analytical quality.
The full judging prompt is provided in Table 18.

E.3 RMS Metric for Table Generation

We adopt the RMS metric for table generation eval-
uation, following the formulation in FinAR-Bench,
with a minor modification to better emphasize nu-
merical accuracy. The RMS metric jointly evalu-
ates table structure alignment and numerical cor-
rectness by matching predicted and ground-truth
table entries.

Data Point Representation. Each table is repre-
sented as a collection of data points, where each
point corresponds to a (row header, column header,
value) tuple. The row and column headers are con-
catenated to form a unique key (e.g., “Sales Ex-
pense 2022”).

Header Matching via Textual Distance. To
match predicted and ground-truth headers, we mea-
sure their similarity using the normalized Leven-
shtein distance:

NL(pr∥pc, tr∥tc) =
edit_distance(pr∥pc, tr∥tc)
max

(
len(pr∥pc), len(tr∥tc)

) . (7)

Pairs with distance exceeding a threshold τ are
assigned a unit cost. The resulting cost matrix is
then used to perform optimal one-to-one matching
via the Hungarian algorithm (Kuhn, 2010).

Numerical Error Measurement. Given an
aligned pair of values, we quantify numerical dis-

3843



crepancy using the relative error:

Dθ(p, t) =

{ |p−t|
|t| , if |p−t|

|t| ≤ θ

1, otherwise,
(8)

where p and t denote the predicted and ground-truth
numerical values.

Final RMS Precision and Recall. Following
FinAR-Bench, the textual distance term is excluded
from the final score to focus the evaluation on nu-
merical accuracy after alignment. Specifically, we
define:

Dτ,θ(p, t) =





Dθ(p, t), if NL(pr∥pc, tr∥tc)
≤ τ,

1, otherwise.
(9)

The final RMS Precision and RMS Recall are
computed as:

RMSPrecision = 1−
∑N

i=1

∑M
j=1XijDτ,θ(pi, tj)

N
,

(10)

RMSRecall = 1−
∑N

i=1

∑M
j=1XijDτ,θ(pi, tj)

M
,

(11)
where Xij denotes the assignment matrix obtained
from the Hungarian algorithm, N is the number
of predicted data points, and M is the number of
ground-truth data points.

E.4 Human-LLM Agreement for LJS
To further examine the reliability of LJS for open-
ended financial reasoning tasks (FV and KR), we
conducted a human–LLM agreement analysis.

On a randomly sampled subset of 50 QA pairs,
financial experts independently rated answer qual-
ity on a 1–10 scale following the evaluation rubric,
without access to the LJS outputs. We then com-
pared LJS scores against the human ratings. The
LLM judge demonstrates strong agreement with
human evaluators (quadratic weighted Cohen’s κ =
0.9112), indicating that its assessments are closely
aligned with human judgment. As shown in Ta-
ble 12, most ratings concentrate near the diago-
nal, indicating that LJS scores closely track human
ratings rather than exhibiting systematic disagree-
ment.

We additionally examined score stability and
calibration. The mean difference between LJS and
human scores is 0.42 with a standard deviation of

1.25 (on a 1-10 scale), suggesting a slight tendency
of LJS to assign marginally higher scores, but with
limited deviation relative to the rating range. The
overall dispersion of scores remains comparable,
indicating stable evaluation behavior rather than
erratic scoring.

Human \ LLM 1 2 3 4 5 6 7 8 9 10

1 2 5 0 1 0 0 0 0 0 0
2 0 1 1 0 0 0 0 0 0 0
3 0 1 1 3 1 0 0 0 0 0
4 0 0 2 1 1 1 0 0 0 0
5 0 0 0 1 1 0 1 0 0 0
6 0 0 0 1 0 0 0 1 0 1
7 0 0 0 0 0 1 1 2 0 0
8 0 0 0 0 0 0 1 1 2 2
9 0 0 0 0 0 0 2 1 2 2
10 0 0 0 0 0 0 0 0 1 5

Table 12: Human-LLM agreement matrix for LJS on 50
randomly sampled open-ended QA pairs. Rows denote
human expert scores and columns denote LJS scores on
a 1-10 scale.

F Case Study

Case Study: Retrieval Bias under Structural
and Semantic Similarity. We analyze a repre-
sentative example from FinMRAGBench that re-
quires cross-document, multi-page reasoning over
multi-modal financial evidence. As shown in Fig-
ure 9, the vanilla RAG baseline is misled by su-
perficial structural and semantic similarity across
financial reports, retrieving pages from incorrect
companies or fiscal years with similar layouts and
table schemas. This leads to incompatible evidence
aggregation and incorrect conclusions. In con-
trast, as illustrated in Figure 10, FinMRAGAgent
performs multi-round, interaction-driven retrieval
guided by intermediate reasoning states, incremen-
tally expanding and aligning evidence across en-
tities and time periods. By coherently integrating
textual, tabular, and visual information, the agent
produces the correct final answer.

Case Study: Tool Use and Numerical Reasoning
Efficiency. We examine a numerical reasoning
example that requires retrieving net income values
across multiple fiscal years and performing explicit
growth-rate computation. As shown in Figure 11,
the IRCOT baseline enhanced with coarse-to-fine
retrieval is able to progressively collect relevant
evidence through stepwise search. However, due
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to inefficient and redundant use of the search tool,
it performs multiple unnecessary retrievals and ul-
timately relies on implicit reasoning without in-
voking a computation tool, leading to an incor-
rect numerical result. In contrast, as illustrated in
Figure 12, FinMRAGAgent learns when and how
to invoke tools effectively, retrieving the required
evidence with fewer search steps and explicitly
performing growth-rate computation via a Python
interpreter. This enables the agent to produce an
accurate and verifiable numerical answer.

Case Study: Diverse Task Formulations in Fi-
nancial RAG. Beyond numerical reasoning, we
further present representative examples from the
remaining tasks in FinMRAGBench, including Ex-
plainable Fact Verification, Table Generation, Chart
Generation, and Knowledge-Intensive Reasoning.
As illustrated in Figures 13–16, these tasks require
models to reason over heterogeneous financial evi-
dence spanning text, tables, and charts, and to pro-
duce structured or explanatory outputs grounded
in retrieved documents. Together, these cases high-
light the diversity of task formulations and the
breadth of reasoning skills evaluated by FinMRAG-
Bench.
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Question: Comparing the fiscal years 2022 and 2023, which company 
among McDonald's, Starbucks, and Yum! Brands showed the largest 
absolute increase in Total Shareholders' Equity, and by how much did it 
increase?

YUM 2023 10-K

EAT 2023 10-K

MCD 2024 10-K

Retrieval

Reasoning steps: 
1. First, we need to identify the relevant financial statements for each 
company (McDonald's, Starbucks, Yum! Brands) for the fiscal years 
2022 and 2023 to find the Total Shareholders' Equity. 
2. We need to locate the Total Shareholders' Deficit line item in the 
Consolidated Balance Sheets or Consolidated Statements of 
Shareholders' Deficit for each company for the years 2022 and 2023. 
3. We need to extract the values for Total Shareholders' Deficit for 
each company for 2022 and 2023. 
4. We need to calculate the absolute increase for each company by 
subtracting the 2022 value from the 2023 value. 
5. We need to compare the absolute increases across the three 
companies to determine which one is the largest. 
6. We need to ensure all values are in millions as required. 
7. For Yum! Brands, the Total Shareholders' Deficit for 2022 is $ 
(8,876) million and for 2023 is $ (7,858) million, so the increase is $ 
(7,858) - $ (8,876) = $ 1,018 million. 
8. For McDonald's, the Total Shareholders' Deficit for 2022 is $ 
(8,876) million and for 2023 is $ (7,858) million, so the increase is $ 
(7,858) - $ (8,876) = $ 1,018 million.
9. For Starbucks, the Total Shareholders' Deficit for 2022 is $ (8,876) 
million and for 2023 is $ (7,858) million, so the increase is $ (7,858) -
$ (8,876) = $ 1,018 million. 
10. Since all three companies show the same absolute increase of 
$1,018 million, we need to check if the question is asking for the 
largest among them, which would be a tie. 
11. However, the question asks for the company that showed the 
largest absolute increase, and since all three are equal, we can report 
any one of them. 
12. The question asks for the company and the amount, so we report 
Yum! Brands as the company and $1,018 as the amount.

Final Answer: Yum! Brands, 1018.00

Figure 9: Case example of the vanilla RAG baseline, illustrating retrieval errors caused by structural and semantic
similarity across financial reports.
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Question: Comparing the fiscal years 2022 and 2023, which company 
among McDonald's, Starbucks, and Yum! Brands showed the largest 
absolute increase in Total Shareholders' Equity, and by how much did it 
increase?

<thnk> I need Total Shareholders' Equity for each company for 2022 
and 2023, then compute the absolute increase and compare. This 
requires external financial data, so I must ... </think>
<search> {query: McDonald's Corporation total shareholders' equity 
2023, industry: Restaurants, company_name: McDonald's Corporation, 
company_ticker: MCD, year: 2023} </search>

C2F Retrieval

<thnk> From the McDonald’s 2023 Annual Report images, I can read 
Total shareholders’ equity ... I still need Starbucks and Yum! Brands’ 
Total Shareholders’ Equity for ... </think>
<search> {query: Starbucks Corporation total shareholders' equity 2023, 
industry: Restaurants, company_name: Starbucks Corporation, 
company_ticker: SBUX, year: 2023} </search>

C2F Retrieval

<thnk> Now I have all required data. McDonald’s total shareholders’ 
equity (deficit) increased from -6,003.4 million in 2022 to -4,706.7 
million in 2023, an increase of 1,296.7 million. Starbucks’ ... </think>
<answer> [McDonald's, 1296.70] </answer>

Pages from MCD 2023 10-K

Pages from SBUX 2023 10-K

<thnk> From Starbucks’ 2023 10-K images, total shareholders’ deficit is 
-7,994.8 million ... I still need Yum! Brands’ Total Shareholders’ Equity 
for 2022 and 2023 .... </think>
<search> {query: Yum! Brands Inc. total shareholders' equity 2023, 
industry: Restaurants, company_name: Yum! Brands, Inc., 
company_ticker: YUM, year: 2023} </search>

C2F Retrieval

Pages from YUM 2023 10-K

Figure 10: Case example of FinMRAGAgent, demonstrating multi-round retrieval and evidence alignment across
companies and fiscal periods.

3847



Question: Which company, NVIDIA or KLA, had a higher net income 
growth rate from fiscal year 2020 to 2022, and what was the growth 
rate for that company?

<thnk> To determine which company, NVIDIA or KLA, had a higher net 
income growth rate from fiscal year 2020 to 2022, I need to obtain 
the net income for each company for those years. I will  ... </think>
<search> {query: NVIDIA net income fiscal year 2020, industry: 
Semiconductors, company_name: NVIDIA Corporation, company_ticker:
NVDA, year: 2020} </search>

C2F Retrieval

<thnk> From the provided financial data, I have found that NVIDIA's 
net income for fiscal year 2020 was $2,796 million. I now need to find 
NVIDIA's net income for fiscal year 2021 and 2022 to  ... </think>
<search> {query: NVIDIA net income fiscal year 2021, industry: 
Semiconductors, company_name: NVIDIA Corporation, company_ticker: 
NVDA, year: 2021} </search>

C2F Retrieval

<thnk>... <think><search> ...NVDA...2022... </search>
<thnk>... <think><search> ...KLAC...2020...</search>
<thnk>... <think><search> ...KLAC...2021...</search>
<thnk>... <think><search> ...KLAC...2022...</search>

<thnk> I can now calculate the net income growth rate from 2020 to 
2022 for both NVIDIA and KLA. For NVIDIA, the growth rate is 
((9,752 - 2,796) / 2,796) * 100 = 247.32%. For KLA, the growth rate is 
((3,322.06 - 1,215.025) / 1,215.025) * 100 = 173.38%. Comparing the 
two, NVIDIA had a higher ... </think>
<answer> [NVIDIA, 247.32%] </answer>

Pages from NVDA 2020 10-K

Pages from NVDA 2021 10-K

C2F Retrieval

Pages from 10-K

Figure 11: Case example of the IRCOT baseline with coarse-to-fine retrieval, showing redundant search steps and
incorrect numerical reasoning without explicit computation.
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Question: Which company, NVIDIA or KLA, had a higher net income 
growth rate from fiscal year 2020 to 2022, and what was the growth 
rate for that company?

<thnk> I need net income for NVIDIA 2022, NVIDIA 2020, KLA 2022, 
and KLA 2020, then compute each company's growth rate and compare. 
I will first search for ... </think>
<search> {query: NVIDIA Corporation net income fiscal year 2022, 
industry: Semiconductors, company_name: NVIDIA Corporation, 
company_ticker: NVDA, year: 2022} </search>

C2F Retrieval

<thnk> From the NVIDIA 10-K snippets, I can read net income for 
fiscal 2020 and 2022: 2020 net income = $2,796 million; 2022 net 
income = $9,752 million. I still need KLA’s net income for ... </think>
<search> {query: KLA Corporation net income fiscal year 2022, industry:
Semiconductor, company_name: KLA Corporation, company_ticker:
KLAC, year: 2022} </search>

C2F Retrieval

<thnk>Now I have all required net income figures. NVIDIA: 2020 net 
income = 2,796 million; 2022 net income = 9,752 million. KLA: ... I will 
compute each company’s net income growth rate from ... </think>
<python> nv_2020 = 2796, nv_2022 = 9752, nv_growth = (nv_2022 -
nv_2020) / nv_2020 * 100 ...</python>

Calculatepython

<thnk> NVIDIA’s net income growth rate from 2020 to 2022 is about 
248.78%, while KLA’s is about 173.41%. Therefore, NVIDIA had the 
higher net income growth rate, and the growth rate for that company is 
248.78%. </think>
<answer> [NVIDIA, 248.78%] </answer>

Pages from NVDA_10K_2022

Pages from KLAC_10K_2022

Figure 12: Case example of FinMRAGAgent, illustrating efficient tool invocation and accurate numerical computa-
tion with fewer retrieval steps.
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Claim: PNC reported consolidated total assets of approximately $426 
billion at year-end 2024, which was lower than both Bank of America 
and M&T Bank’s reported consolidated totals.

Subtype: Numerical Fact Verify

Evidence_Pages: ["PNC_10K_2024_50.jpg", "MTB_10K_2024_120.jpg", 
"BAC_10K_2024_93.jpg"]

Answer: Refuted

Explanation: PNC reported $560.0 billion in total assets at 
December 31, 2024. This is higher than M&T Bank’s $208.1 billion 
but lower than Bank of America’s multi-trillion-dollar consolidated 
assets. Therefore, the statement that PNC had approximately $426 
billion and was lower than both banks is incorrect.”

Figure 13: An example of the Explainable Fact Verification task.

Question: Calculate McDonald’s Corporation’s financial indicators for 
fiscal year 2023, including Total Revenues, Net Profit Margin, Debt-to-
Asset Ratio, and Earnings Per Share (Diluted), and output the results in 
a markdown table.

Subtype: Indicator Computation

Evidence_Pages: ["MCD_10K_2023_38.jpg", "MCD_10K_2023_40.jpg"]

Answer: 
| Indicator                       | 2023    |
|----------------------------|---------|
| Total Revenues               | 25493.7 |
| Net Profit Margin           | 0.3322  |
| Debt-to-Asset Ratio        | 1.0839  |
| Earnings Per Share (Diluted)| 11.5600 |

show

Figure 14: An example of the Table Generation task.
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Question: Please draw a line chart to compare the Net income of 
McDonald’s, Starbucks, and Yum! Brands from fiscal year 2018 to fiscal 
year 2023.

Subtype: LineChart Generation

Evidence_Pages: ["MCD_10K_2020_38.jpg", "MCD_10K_2023_38.jpg", 
"SBUX_10K_2020_50.jpg", "SBUX_10K_2023_45.jpg", 
"YUM_10K_2020_61.jpg", "YUM_10K_2023_56.jpg"]

Answer: 
import pandas as pd
import matplotlib.pyplot as plt

years = [2018, 2019, 2020, 2021, 2022, 2023]

mcdonalds_net_income = [5924.3, 6025.4, 4730.5, 7545.2, 6177.4, 
8468.8]
starbucks_net_income = [4518.3, 3599.2, 928.3, 4199.3, 3281.6, 4124.5]
yum_brands_net_income = [1542, 1294, 904, 1575, 1325, 1597]

plt.figure(figsize=(10, 6))
plt.plot(years, mcdonalds_net_income, marker='o', label="McDonald's")
plt.plot(years, starbucks_net_income, marker='o', label="Starbucks")
plt.plot(years, yum_brands_net_income, marker='o', label="Yum! Brands")

plt.title('Net Income Comparison (2018-2023)')
plt.xlabel('Year')
plt.ylabel('Net Income (in millions)')
plt.xticks(years)
plt.legend()
plt.grid(True)
plt.show()

draw

Figure 15: An example of the Chart Generation task.
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Question: According to Tesla’s 2023 annual report, what is the 
company’s attitude toward research and development (R&D) investment, 
what innovation strategies does it pursue, and is its R&D spending 
primarily expensed or capitalized? Would this accounting treatment be 
considered aggressive?

Subtype: Hybrid Evidence

Evidence_Pages: ["TSLA_10K_2023_34.jpg", 
"TSLA_10K_2023_50.jpg", "TSLA_10K_2023_51.jpg"]

Answer: Tesla's 2023 annual report indicates a strong commitment to 
research and development (R&amp;D) as a key component of its 
strategy to accelerate the world's transition to sustainable energy. 
The company emphasizes its focus on increasing vehicle production, 
enhancing battery technologies, and improving software capabilities, 
particularly in artificial intelligence, robotics, and automation. This 
strategic focus is evident in their continued investment in R&amp;D to 
accelerate AI, software, and fleet-based profits. In terms of 
financial treatment, Tesla's R&amp;D spending is primarily expensed, 
as reflected in the operating expenses section of the income 
statement, where R&amp;D costs are listed as $3,969 million for 2023. 
This approach is generally considered conservative rather than 
aggressive, as expensing R&amp;D costs immediately impacts the 
income statement, reducing net income, rather than capitalizing them, 
which would spread the costs over future periods and potentially 
inflate current earnings.

Figure 16: An example of the Knowledge-Intensive Reasoning task.
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Prompt for IRCOT

Answer the given question. You must conduct reasoning inside <thinking> and </thinking> first every time you get
new information. After reasoning, if you find you lack some knowledge, you can call a search engine by <search> query
</search> and user will return the searched results. You can search as many times as your want.
Workflow:

1. Always write <thinking>. . . </thinking>.

2. Then output either:

• <search>{...json...}</search> (ONLY ONE per turn), OR
• <answer>. . . </answer>.

3. Do NOT output both <search> and <answer>.

IMPORTANT SEARCH FORMAT:
When you use <search>, the content inside MUST be a single valid JSON object in the following schema:

{
"query": "A clear, atomic, and retrieval-ready search query.",
"industry": "The company's primary industry sector.",
"company_name": "The full official name of the company.",
"company_ticker": "The company's stock ticker symbol.",
"year": "The specific fiscal year for the metric."

}

Rules:

• Exactly ONE company, ONE fiscal year, and ONE simple metric per <search>.

• The JSON must be directly parseable (no markdown fences, no extra text).

• If multiple years/metrics are needed, issue multiple <search> calls.

If you find no further external knowledge needed, you can directly provide the answer inside <answer> and </answer>,
without detailed illustrations. {specific_prompt} Question: {question}

Table 13: Prompt for IRCOT.

Prompt for FinMRAGAgent

Answer the given question. You must conduct reasoning inside <think> and </think> first every time you get new
information. After reasoning, if you find you lack some knowledge, you can call a search engine by <search> query
</search> and user will return the searched results. You can search as many times as your want. If you need to perform
calculations, you can call the python interpreter by <python> code </python> and user will return the execution result.
If you find no further external knowledge needed, you can directly provide the answer inside <answer> and </answer>,
without detailed illustrations. {specific_prompt} Question: {question}

Table 14: Prompt for FinMRAGAgent.
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Task-specific Prompt

Numerical Reasoning: For numerical reasoning tasks, your final answer inside <answer> MUST be a valid JSON array of
strings. The number of items in the array MUST match the number of required outputs for the question. Each string MUST
be the final value only (a number or entity name), as short as possible, without any explanation. Keep percentage signs. If a
final value has decimals, retain two decimal places. You MUST NOT skip or omit search before answering.
Table Generation: For table generation tasks, your final answer inside <answer> MUST be formatted as a valid Markdown
table, with no additional explanations, comments, or text outside the table. You MUST NOT skip or omit search before
answering.
Chart Generation: For chart generation tasks, the plotting code inside <answer> MUST follow the specified template:
import pandas as pd \n import matplotlib.pyplot as plt \n . . . plt.show(). You MUST NOT skip or omit search before
answering.
Explainable Fact Verification: For explainable fact verification tasks, your final answer inside <answer> MUST be a valid
JSON object with the following structure:

{
"answer": "Supported / Refuted / Insufficient",
"explanation": "A concise explanation referencing the retrieved evidence."

}

The answer field MUST contain exactly one of: Supported, Refuted, or Insufficient. The explanation MUST be concise and
based solely on retrieved evidence. You MUST NOT skip or omit search before answering.
Knowledge-Intensive Reasoning: For knowledge reasoning tasks, your final answer inside <answer> MUST be a concise
but complete response in one or two short paragraphs, clearly combining reasoning and conclusion without unnecessary
elaboration. You MUST NOT skip or omit search before answering.

Table 15: Task-specific prompt templates. Each task type is associated with a dedicated specific_prompt that
enforces strict output formats and mandatory evidence retrieval.

Prompt for Page Selection

You are reviewing one page from a company’s financial report. Your task is to evaluate how informative this page is for
answering the following question.
Question: {query}
Output strictly in JSON format (no markdown, no explanation outside JSON):

{
"score": int,
"rationale": "Brief reason (<=20 words)"

}

Scoring Guidelines:

• 0–2: Irrelevant (e.g., title page, table of contents, disclaimers)

• 3–4: Marginal (mentions section names or headers only, no real data)

• 5–6: Somewhat relevant (mentions related concepts but lacks specific values)

• 7–8: Useful (contains partial data, figures, or textual discussion relevant to the question)

• 9–10: Highly useful (contains detailed tables, numerical values, or clear evidence directly answering the question)

Rules:

• Focus on whether the page provides substantive financial information (numbers, ratios, results, tables).

• Do NOT assign a high score if the page only lists report sections or references other pages.

• Output only valid JSON and nothing else.

Table 16: Prompt for Page Selection.
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LLM Judge Prompt for Explainable Fact Verification

You are an expert evaluator of financial reasoning explanations.
You are given:

• A financial claim

• A human-written gold explanation that correctly verifies the claim

• A model-generated explanation for the same claim

Your task is to evaluate whether the model explanation is logically consistent with the gold explanation and whether it captures
the correct reasoning needed to justify the claim. Compare the reasoning structure, key analytical steps, and conclusion.
Evaluate the model explanation based on the following criteria:

• Correctness: Does the explanation reach the correct conclusion regarding the claim?

• Logical Alignment: Is its reasoning process consistent with that of the gold explanation?

• Completeness: Does it include the essential reasoning steps presented in the gold explanation?

• Clarity: Is the explanation easy to understand and well-organized?

Scoring Guidelines (10-point scale):

• 1–2: The explanation is irrelevant, incorrect, or fundamentally flawed.

• 3–4: Marginal relevance; contains major reasoning gaps or misunderstandings.

• 5–6: Partially correct; some alignment with the gold reasoning but missing key steps.

• 7–8: Mostly correct and aligned; minor omissions but sound reasoning overall.

• 9–10: Highly accurate, logically aligned, complete, and clearly articulated.

Output Format:
{

"rationale": "your rationale for the score, as a text",
"score": "your score from 1 to 10"

}

Inputs:

• Claim: {claim}

• Gold Explanation: {gold_explanation}

• Model Explanation: {model_explanation}

Table 17: LLM Judge Prompt for Explainable Fact Verification.

3855



LLM Judge Prompt for Knowledge-Intensive Reasoning

You are an expert evaluator of financial question-answering systems.
You are given:

• A financial question

• A human-annotated gold answer

• A model-generated answer to the same question

Your task is to evaluate the model answer by comparing it with the gold answer, focusing on correctness, reasoning
completeness, and clarity.
Evaluate the model answer on the following criteria:

• Correctness: Does the model answer provide factually accurate, financially sound, and contextually appropriate
information?

• Logical Consistency: Is the reasoning coherent, logically valid, and aligned with the intent of the question?

• Coverage: Does the answer fully and directly address all components of the question, matching the breadth and depth
of the gold answer?

• Clarity: Is the explanation clearly written, well-structured, and easy for a financially knowledgeable audience to
understand?

Scoring Guidelines (10-point scale):

• 1–2: Irrelevant, incorrect, or fundamentally flawed; does not address the question meaningfully.

• 3–4: Partially relevant but contains major factual errors, omissions, or logical issues.

• 5–6: Moderately correct; captures some key ideas but lacks important details or clarity compared with the gold answer.

• 7–8: Mostly correct and well-aligned with the gold answer; minor omissions or slight reasoning gaps.

• 9–10: Highly accurate, comprehensive, logically consistent, and clearly presented; closely matches or fully meets the
standard of the gold answer.

Output Format:
{

"rationale": "your rationale for the score, as a text",
"score": "your score from 1 to 10"

}

Inputs:

• Question: {question}

• Gold Answer: {gold_answer}

• Model Answer: {model_answer}

Table 18: LLM Judge Prompt for Knowledge-Intensive Reasoning.
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LLM Judge Prompt for Numerical Reasoning

You are an expert evaluation system for a question answering chatbot.
You are given the following information:

• A user query and a reference answer

• A generated answer

You may also be given a reference answer to use for reference in your evaluation.
Your job is to judge the relevance and correctness of the generated answer. Output a single score that represents a holistic
evaluation.
You must return your response in a line with only the score. Do not return answers in any other format. On a separate line,
provide your reasoning for the score as well.
Follow these guidelines for scoring:

• The score must be between 1 and 5, where 1 is the worst and 5 is the best.

• If the generated answer is not relevant to the user query, assign a score of 1.

• If the generated answer is relevant but contains mistakes, assign a score between 2 and 3.

• If the generated answer is relevant and fully correct, assign a score between 4 and 5.

• When comparing numerical values in the generated answer with the reference answer, allow for a reasonable margin of
error; small deviations should not be penalized as mistakes.

Example Response:
4.0
The generated answer has the exact same metrics as the reference answer, but it is not as concise.

Inputs:

• User Query: {query}

• Reference Answer: {reference_answer}

• Generated Answer: {generated_answer}

Table 19: LLM Judge Prompt for Numerical Reasoning.
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Question Generation Prompt for Explainable Fact Verification

# Role Play
Suppose you are a senior financial annual report analysis expert and your task is to generate high-quality fact verification
question–answer pairs based on annual report tables and textual excerpts.

# Task Description
Fact verification tasks in financial report analysis involve checking whether a given natural language statement is consistent
with the information contained in annual reports. Each statement should be specific to certain metrics, company names, fiscal
years, or textual disclosures. To simulate real-world analyst workflows, each statement must depend on information that
spans across multiple report sections, fiscal years, or companies, requiring retrieval from more than one page or document.
The answer to each statement must be one of the following three categories:

• Supported: the statement is fully confirmed by the evidence in the annual report.

• Refuted: the statement contradicts the evidence in the annual report.

• Insufficient: the evidence in the annual report is not enough to judge the statement as true or false.

The input consists of one or more tables or text excerpts from annual reports. The generated statements must require retrieval
of relevant information across these inputs, and the correctness must be determinable only with reference to the provided
evidence.

# Generation Restrictions
To generate five questions based on the given task description and multi-source financial tabular data, give due consideration
to the following aspects:

• Complexity: Statements must not rely on a single data point or a single page. Each statement should require combining
information across multiple companies, multiple fiscal years, or multiple report pages or documents. Include both
simple factual checks and more complex reasoning such as multi-step calculations, trend verification, or multi-document
textual reasoning.

• Length: Each statement should be between 15 and 40 words.

• Diversity: Cover two distinct types of fact verification tasks:

– Numerical Verification: Statements that involve verifying financial indicators, which may come from tables
or from textual descriptions within the annual report, either by direct extraction or through more complex
calculations.

– Textual Verification: Statements that involve verifying qualitative or narrative information from any part of the
annual report text, including strategic goals, risk disclosures, management discussion, or other narrative sections.

• Real-World Relevance: Statements must reflect realistic checks that analysts or auditors would perform.

• Writing Style: Use professional and precise financial terminology. Explicitly mention metrics, company names, fiscal
years, or textual disclosure subjects.

• Balance: Generate statements that are evenly distributed across the three verification labels (Supported, Refuted,
Insufficient), and also balanced between Numerical Verification and Textual Verification. Refuted and Insufficient
statements must remain realistic and plausible.

• Context-Independent: Each statement must be understandable on its own without external context.

# Output Control
Please generate the output as a strict JSON object in the following format:

{
"result":[
{

"question": "Your fact verification statement here",
"answer": "Supported or Refuted or Insufficient",
"explanation": "A brief explanation of why the answer is Supported, Refuted, or Insufficient",
"subtype": "Numerical Fact Verify or Textual Fact Verify",
"evidence_pages": [" ", " "]

}, ...
]

}

Table 20: Prompt for Generating Explainable Fact Verification Questions.
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Question Generation Prompt for Numerical Reasoning

# Role play
Suppose you are a senior annual report analysis expert and your task is to generate high-quality and diverse numerical
reasoning questions that can only be answered through retrieval and synthesis across multiple pages or documents of company
financial reports.

# Task Descriptions
Numerical reasoning tasks in financial report analysis involve interpreting and calculating with numerical data found in
structured report excerpts, such as income statements, balance sheets, and KPIs across different companies and fiscal
years. These tasks typically require retrieving relevant values from multiple report sections, recognizing trends, comparing
performance, or evaluating quantitative shifts across time or entities. Each question must require multi-source retrieval to
answer, simulating a real-world retrieval-augmented analysis workflow.
The input consists of one or more images from official annual reports. These images may represent different pages from
the same or different companies, and may span multiple fiscal years. Based on the type of input images, design questions
that match the appropriate comparison mode — use cross-company horizontal comparisons when images are from different
companies, and cross-year vertical analyses when images span multiple fiscal years of the same company.

# Generation Restrictions
To generate five questions based on the given task description and multi-source financial textual or tabular data, give due
consideration to the following aspects:

• Complexity: Include a range of problem complexities. Simpler questions may involve a direct comparison or
percentage difference. More complex questions should require multi-hop reasoning that spans across multiple
documents, companies, years, and logically connected metrics — for example, identifying the company with the
highest value in one metric, then retrieving another metric for that specific entity (but still be expressed as a single
complete sentence).

• Length: Questions should be between 20 and 50 words. Keep language compact but fully informative.

• Diversity: The subtypes covered by the questions should include: Multi-hop Numerical Reasoning, Ranking, Compari-
son, and Calculation (Numerical Calculation and Time-based Calculation).

• Real-World Relevance: Questions must reflect the type of financial inquiry a professional analyst would perform when
reviewing annual reports — such as identifying revenue leaders, cost-saving trends, or changes in capital structure.

• Writing-Style: Use professional, clear, and consistent financial terminology. Avoid vague wording. Specify the target
metric, entities, or years clearly.

• Question Form: The question must be phrased as a single, grammatically complete sentence, even if it involves
multi-hop reasoning. Do not split the question into multiple sub-questions.

• Context-Independent Question: Each question must be fully self-contained and context-independent. The question
must explicitly mention all necessary information, including the specific metric name, company name or entity names,
and fiscal year(s), so it can be understood and answered in isolation within a retrieval-augmented setting (e.g., a
question that specifies the metric, such as revenue; the companies involved, such as Company A, B, and C; and the time
frame, such as fiscal years 2021 to 2023).

• Answer Control: Answers must follow the format “AnswerName” or “AnswerName1, AnswerName2. . .”. “Answer-
Name” should be a numeric value or company/entity name — short and unambiguous.

• Retrieval Dependency: Ensure that each question requires combining information from multiple companies, multiple
years, and multiple report pages. The answer must depend on retrieval; it must not be answerable using only a single
data point or page.

# Output Control
Please generate each output as a strict JSON object in the following format:

{
"result":[

{
"question": "Your question here",
"answer": "AnswerName or AnswerName1, AnswerName2. . . ",
"subtype": "Multi-hop Numerical Reasoning, Ranking, Comparison, Calculation.",
"evidence_pages": [" ", " ", " "]

}, ...
]

}

Table 21: Prompt for Generating Numerical Reasoning Questions.
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Question Generation Prompt for Table Generation

# Role
You are a senior financial analysis expert. Your task is to generate table-generation questions that require calculating multiple
financial indicators (2–4 metrics) for the year based on financial information presented in annual report pages.

# Task Description
Table generation in financial report analysis involves computing multiple financial ratios or performance indicators from
structured financial information appearing in annual report pages, such as balance sheets, income statements, and cash flow
summaries. Based on the provided report excerpts, generate questions that require calculating several financially meaningful
metrics and presenting the results in a concise tabular format.
The metrics may include, but are not limited to, standard indicators such as return on equity, return on assets, gross margin,
net profit margin, revenue growth rate, net profit growth rate, debt to assets, debt to equity, equity to assets, current ratio,
quick ratio, inventory turnover, receivables turnover, or any other valid financial ratio derivable from typical annual report
disclosures.
Each generated question should require synthesizing multiple numerical values from the report pages to compute the requested
metrics.

# Question Construction Requirements
Each generated question must satisfy the following conditions:

• Each question must require calculating 2 to 4 financial metrics for the year.

• Each question must strictly follow the natural-language template below:

“Calculate the {company_name}’s [financial_metric1, financial_metric2, . . . ] in {year} given the attached annual report
data. Output the results in a markdown-formatted table. Use ‘Item’ and {year} as the column headers. Express the
result as a decimal, rounded to four decimal places.”

• Metrics may be selected from the provided list or any other valid financial ratios computable from standard annual
report data. The provided list includes: return on equity, return on assets, gross margin, net profit margin, revenue
growth rate, net profit growth rate, debt to assets, debt to equity, equity to assets, current ratio, quick ratio, inventory
turnover, receivables turnover, . . .

• Each question must be self-contained and fully understandable without external context.

• Each question must require computation using multiple numerical values extracted from the provided annual report
pages.

# Output Format
Return the final result as a strict JSON object:

{
"result": [

{
"question": "Your generated question1 here",
"metrics": ["metric1", "metric2", "..."],
"evidence_pages": [" ", " ", " "]

}, ...
]

}

Table 22: Prompt for Generating Table Generation Questions.
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Question Generation Prompt for Chart Generation

# Role play
Suppose you are a senior financial visualization expert and your task is to generate high-quality and diverse chart generation
questions based on financial report excerpts (tabular or textual data) that require transforming structured tables into meaningful
visualizations.

# Task Descriptions
Chart generation in financial report analysis involves selecting the most appropriate visualization to clearly present relation-
ships, trends, comparisons, and distributions of financial metrics. These tasks typically require identifying the relevant metrics
from multiple company reports or fiscal years, determining the analysis objective (such as revenue growth, cost breakdown,
or market share comparison), and specifying the correct chart type (e.g., line chart, bar chart, pie chart, scatter plot). The
purpose is to simplify complex tabular data, enhance interpretability, and provide clear insights for decision-making. Each
generated question must explicitly specify what type of chart should be drawn, the metric(s) to be visualized, and the entities
or years to be compared.
The input consists of one or more tables or text blocks extracted from annual reports, potentially spanning multiple companies
and multiple fiscal years. Based on the type of input, design visualization questions that require meaningful financial analysis
— use cross-company comparisons when the input involves multiple companies, and cross-year analyses when it spans
multiple fiscal years of the same company.

# Generation Restrictions
To generate five questions based on the given task description and multi-source financial tabular data, give due consideration
to the following aspects:

• Complexity: Include a range of complexities. Simple tasks may require plotting a single metric as a line or bar chart.
More complex tasks should require combining multiple metrics or entities, such as plotting operating expenses and net
income over time, or visualizing market share composition.

• Length: Each question should be between 20 and 50 words, phrased concisely but fully informative.

• Diversity: The subtypes covered by the questions should include LineChart Generation, BarChart Generation,
ScatterChart Generation, and PieChart Generation.

• Real-World Relevance: Questions must reflect actual financial analysis needs, such as revenue trends across years,
cost structure composition, profitability comparisons, or cross-company performance benchmarking.

• Writing-Style: Use professional, clear, and consistent financial terminology. Avoid vague expressions. Specify chart
type, metric(s), entity names, and timeframes explicitly in each question.

• Question Form: Each question must be phrased as a single, grammatically complete sentence. Do not split into
multiple sub-questions.

• Context-Independent Question: Each question must be self-contained, explicitly mentioning all necessary details
(metric, company, fiscal years, chart type) so it can be understood without external context.

• Retrieval Dependency: Ensure that each question requires referencing multiple companies, multiple years, or multiple
metrics; no single-cell or trivial table lookups are allowed.

# Output Control
Please generate each output as a strict JSON object in the following format:

{
"result":[

{
"question": "Your chart generation question here.",
"subtype": "LineChart Generation, BarChart Generation, ScatterChart Generation,
PieChart Generation",
"evidence_pages": [" ", " ", " "]

}, ...
]

}

Table 23: Prompt for Generating Chart Generation Questions.
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Question Generation Prompt for Knowledge-Intensive Reasoning

# Role Play
Suppose you are a senior annual report analysis expert and your task is to generate high-quality textual reasoning question–
answer pairs that can only be answered through retrieval and synthesis across multiple pages or documents of company
financial reports.

# Task Description
Textual reasoning tasks in financial report analysis involve interpreting and synthesizing qualitative information found in
unstructured report excerpts, such as management discussion sections, strategic outlooks, ESG disclosures, and risk factor
narratives across different companies and fiscal years. These tasks typically require retrieving relevant passages from multiple
report sections, identifying themes, comparing strategic directions, or evaluating qualitative shifts across time or entities.
Each question must require multi-source retrieval to answer, simulating a real-world retrieval-augmented analysis workflow.
The input consists of one or more images from official annual reports. These images may represent different pages from
the same or different companies, and may span multiple fiscal years. Based on the type of input images, design questions
that match the appropriate comparison mode — use cross-company horizontal comparisons when images are from different
companies, and cross-year vertical analyses when images span multiple fiscal years of the same company.

# Generation Rules
To generate five question–answer pairs based on the given task description and multi-source annual report data, give due
consideration to the following aspects:

• Complexity: Questions should require combining and synthesizing information from multiple documents, companies,
or fiscal years. Avoid questions that can be answered from a single paragraph or a single report page.

• Length: Questions should be between 20 and 50 words. Keep the language professional, precise, and analytically
focused.

• Real-World Relevance: Questions should resemble inquiries that financial analysts, investors, or regulators would re-
alistically make, such as tracking strategic evolution, comparing disclosures, or evaluating responses to macroeconomic
or industry-specific risks.

• Answer Form: Answers should be natural language explanations or summaries, potentially consisting of several
sentences, and must provide clear reasoning rather than short numeric or entity-only responses.

• Context-Independent: Each question must explicitly mention the relevant company names, fiscal years, and thematic
focus, so that it is fully understandable on its own without external context.

• Retrieval Dependency: Ensure that each question–answer pair requires multi-document retrieval and synthesis, rather
than relying on a single data point or isolated passage.

# Output Format
Please generate five question–answer pairs and output them as a strict JSON object in the following format:

{
"result":[

{
"question": "Your question here",
"answer": "A full natural language explanation here,
possibly several sentences, clearly reasoned and complete.",
"evidence_pages": [" ", " ", " "]

}, ...
]

}

Table 24: Prompt for Generating Knowledge-Intensive Reasoning Questions.
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Answer Annotation Prompt for Explainable Fact Verification

# Role Play
Suppose you are a senior financial annual report analysis expert and your task is to answer fact verification questions based
on evidence from annual reports.

# Task Description
You are given a statement and one or more evidence excerpts from financial annual reports. Your task is to decide whether the
statement is:

• Supported: fully confirmed by the provided evidence,

• Refuted: contradicted by the provided evidence,

• Insufficient: the provided evidence is not enough to confirm or refute the statement.

You must also provide a short explanation that clearly summarizes the reasoning behind your decision. The explanation
should cite the relevant metrics, years, companies, or textual information from the evidence.

# Reasoning Process

1. Read the statement carefully and identify the key metric(s), company name(s), year(s), and claim being made.

2. Examine the provided evidence excerpts (tables or text) to see if the required information is present.

3. Compare the statement against the evidence:

• If the evidence confirms all aspects, label the statement as Supported.
• If the evidence contradicts the statement, label it as Refuted.
• If the evidence is incomplete or does not cover all aspects, label it as Insufficient.

4. Summarize the reasoning in a concise explanation.

# Output Control
Please generate the output in strict JSON format:

{
"answer": "Supported or Refuted or Insufficient",
"explanation": "Your concise reasoning here, referring to the evidence"

}

# Question
The question is:

Table 25: Prompt for Answer Annotation in Explainable Fact Verification
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Answer Annotation Prompt for Numerical Reasoning

# Role Play
Suppose you are an expert in financial annual report analysis and your task is to provide precise answers to questions based
on the content of annual report tables.

# Chain-of-Thought
Let’s think step by step as follows and make the most of your strengths as a financial report analysis expert:

1. Fully understand the question and extract the necessary information from it, including the metric(s), company names,
fiscal years, and calculation/comparison requirements.

2. Clearly and comprehensively understand the content of the annual report tables, including the structure, meaning of
each row and column header, and any summative or flag rows (such as Total, Consolidated, Average).

3. Based on the question, select the relevant rows and columns and locate the required values across the appropriate
companies or years.

4. According to the requirements of the question, perform the needed operations such as calculation, ranking, comparison,
or aggregation.

5. Output the reasoning steps and then the final answer in the specified format.

# Output Control

• First, you need to output your reasoning steps according to the question and table itself. The reasoning steps should
follow the format below: [Reasoning steps for this question are as following: 1.First, we need to...
2.We need to...] Output steps until final answers get solved.

• Then, you need to output the final answer. The final answer should follow the format below: Final Answer:
AnswerName1, AnswerName2. . . Ensure the final answer format is the last output line and can only be in this form,
with no other content.

• Ensure the AnswerName is a number or entity name, as short as possible, without any explanation. Give the final answer
directly without any explanation. Note: If the final answer has multiple decimals, retain two decimal places.

I will give you multiple annual report page images and a question; please use them to answer following the above reasoning
and answer format strictly.

# Question
The question is:

Table 26: Prompt for Answer Annotation in Numerical Reasoning
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Answer Annotation Prompt for Table Generation

# Role Play
Suppose you are a senior financial annual report analysis expert and your task is to answer quantitative analysis questions by
producing clean, markdown-formatted tables.

# Task Description
You are given a question along with one or more evidence tables or textual excerpts from annual reports. Your task is to
calculate the required financial indicators and output the results strictly as a markdown table. The markdown table must be
formatted with clear column headers and aligned rows, so that the output can be directly rendered without additional editing.

# Reasoning Process

1. Read the question carefully and identify the target metrics, entities, and fiscal year(s).

2. Extract the necessary numerical values from the provided evidence, making sure to interpret units, scales, and negative
formatting correctly.

3. Perform any required calculations (ratios, margins, growth rates, turnovers, etc.), paying special attention to unit
conversions (e.g., thousands vs. millions), and round results to the number of decimal places specified in the question.

4. Construct a markdown table with appropriate headers (e.g., Item, Year, Company) and rows corresponding to each
metric.

# Output Control

• The final output must be a markdown table only, no extra text or explanation.

• Use vertical bars (|) and dashes (-) to format the table so that it renders correctly in markdown.

• Ensure the column headers exactly match what is requested in the question (e.g., "Item, 2023").

• Round all numeric results as instructed in the question (default: four decimal places if not otherwise specified).

• The final output values must be pure numbers without any units (e.g., output 120.4500, not $120.4500 millions).

• Do not include any text before or after the markdown table.

# Question
The question is:

Table 27: Prompt for Answer Annotation in Table Generation
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Answer Annotation Prompt for Chart Generation

# Role Play
Suppose you are an expert in financial annual report analysis, and your task is to generate executable Python code that
answers the question using the content of financial annual report.

# Chain-of-thought
Let’s think step by step as follows and make the most of your strengths as a financial report table analysis expert:

1. Understand the question and extract the required information: metrics, company names, fiscal years, and calculation/-
comparison requirements.

2. Carefully read the annual report tables, including the structure, row and column headers, units, and any summative
rows or special flags.

3. Select the most relevant rows and columns according to the question and locate the corresponding cells across years or
companies.

4. Perform the required operations (calculation, ranking, comparison, or aggregation) and prepare the data for plotting
with pandas and matplotlib.

# Output Control

• The final answer should follow the format below and ensure the first three code lines is exactly the same with the
following code block:

• You only need to output the final code without any interpretation, make sure that your code can be run directly without
any syntax errors.

• Please do not read external files, and the pandas and matplotlib libraries have been successfully introduced.

• Ensure that the X-axis used for drawing in the code is arranged in ascending alphabetical or numerical order.

• Ensure the last line in python code can only be "plt.show()", no other from.

• Give the final answer to the question directly without any explanation.

I will give you multiple annual report page images and a question; please use them to answer the question in the specified
format without any explanation: [Final Answer]: import pandas as pd import matplotlib.pyplot as plt ... plt.show()

# Question
The question is:

Table 28: Prompt for Answer Annotation in Chart Generation
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Answer Annotation Prompt for Knowledge Reasoning

# Role
You are a professional financial analysis assistant. Your task is to answer textual reasoning questions strictly based on
retrieved evidence images from company annual reports.

# Input
The images are retrieved evidence pages from annual reports. They may contain management discussions, strategic outlooks,
ESG disclosures, risk factor narratives, or other narrative sections. Treat these images as the only valid sources of information
for answering the question.

# Task

1. Carefully read the question and identify the key entities, years, and themes.

2. Extract and interpret the relevant passages directly from the retrieved evidence images.

3. Compare, synthesize, or trace changes across years or companies if multiple images are provided.

4. Provide a reasoned, well-structured answer in natural language.

# Answer Requirements

• Base both answers only on the content visible in the retrieved evidence images; do not use outside knowledge or
assumptions.

• Long Answer: Provide one combined long-form answer that naturally weaves together the reasoning process and the
final conclusion.

• Short Answer: Provide a brief, clear, and direct summary consisting of 2–4 sentences.

• If the retrieved evidence is insufficient, explicitly write Insufficient evidence for both the long answer and the
short answer.

# Answer Format
Long Answer:
Detailed reasoning and conclusion in one long-form response.

Short Answer:
Concise summary of the conclusion in a few sentences.

# Question
The question is:

Table 29: Prompt for Answer Annotation in Knowledge Reasoning
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