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Abstract

This paper introduces the task of analytical
question answering over large, semi-structured
document collections. We present MuD-
ABench, a benchmark for multi-document an-
alytical QA, where questions require extract-
ing and synthesizing information across numer-
ous documents to perform quantitative anal-
ysis. Unlike existing multi-document QA
benchmarks that typically require information
from only a few documents with limited cross-
document reasoning, MuDABench demands
extensive inter-document analysis and aggre-
gation. Constructed via distant supervision by
leveraging document-level metadata and anno-
tated financial databases, MuDABench com-
prises over 80,000 pages and 332 analytical
QA instances. We also propose an evaluation
protocol that measures final answer accuracy
and uses intermediate-fact coverage as an aux-
iliary diagnostic signal for the reasoning pro-
cess. Experiments reveal that standard RAG
systems, which treat all documents as a flat re-
trieval pool, perform poorly. To address these
limitations, we propose a multi-agent workflow
that orchestrates planning, extraction, and code
generation modules. While this approach sub-
stantially improves both process and outcome
metrics, a significant gap remains compared to
human expert performance. Our analysis identi-
fies two primary bottlenecks: single-document
information extraction accuracy and insuffi-
cient domain-specific knowledge in current
systems. MuDABench is available at https:
//github.com/Zhanli-Li/MuDABench.

1 Introduction

Large language models (LLMs) combined with
retrieval-augmented generation (RAG) are now the
dominant paradigm for question answering over
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Analytical Question

Answer
In 2024, 600001 changed its accounting 
firm from A to B,  610031 changed from 
C to D, …

Intermediate steps

Doc Year Ticker Symbol Doc Type
2023 600001 Annual Report
2024 600001 Annual Report
2020 600002 ESG Report

… thousands of docs

Filter files:
     doctype=Annual reports and
     year in [2023, 2024]

For each file, extract information    
[ticker symbol, year, accounting 
firm]

Group results by ticker symbol, 
compare accounting firms in 2023 
vs 2024

Find changed firms 

Which companies change accounting firm in 
2024?

Document collection & metadata

1

2

3

4

Figure 1: An example of multi-doc analytical QA. The
collection of documents behind a question is organized
into a semi-structured database through metadata, and
answering the question involves first identifying which
documents are useful and then targeting the information
extraction for the final aggregated answer.

unstructured content such as the web, enterprise
knowledge bases, and document repositories (Gao
et al., 2023). In most settings, these systems treat
documents as loosely-related snippets: the goal is
to retrieve a small set of passages that fit into a
single context window and then answer the query
in one or a few model calls. Wikipedia-style multi-
hop datasets such as HotpotQA and its succes-
sors (Yang et al., 2018b; Ho et al., 2020; Trivedi
et al., 2022; Zhu et al., 2024; Levy et al., 2025) in-
stantiate this view, and recent work on long-context
benchmarks extends it to longer inputs without
changing the underlying interaction pattern.

However, another class of real-world document
QA applications, namely, analytical QA over multi-
document collections, has received limited research
attention. Here, a document collection behaves like
a semi-structured database: documents are com-
plementary along dimensions such as entity, year,
or document type, and answering a question re-
quires aggregating information across dozens of
filings. For example, financial regulators analyze
annual reports, ESG disclosures, and corporate an-
nouncements of listed companies to detect abnor-
mal changes in accounting firms or risk indicators;
researchers survey hundreds of papers to construct
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Table 1: Benchmark Comparison. Compared to Wikipedia-type benchmarks and benchmarks with long contexts,
our benchmark has advantages in the number and size of documents as well as document structuring.

Dataset Doc / Q Pages / Doc Multihop Metadata Multilingual Realistic Publicly released

HotpotQA (Yang et al., 2018b) ∼ 3 webs - ✓ ✗ ✗ ✓ ✓
2WikiMultiHopQA (Ho et al., 2020) ∼ 3 webs - ✓ ✗ ✗ ✓ ✓
MuSiQue (Trivedi et al., 2022) ∼ 2-4 webs - ✓ ✗ ✗ ✗ ✓
FanOutQA (Zhu et al., 2024) ∼ 5-7 webs - ✓ ✗ ✗ ✓ ✓
MoreDocsSameLen (Levy et al., 2025) ∼ 2 webs - ✓ ✗ ✗ ✗ ✓
Financebench (Islam et al., 2023) 1 pdf ∼ 10-200 pages ✗ ✓ ✗ ✓ ✓
Aryn (Anderson et al., 2024) - 4-7 pages ✓ ✗ ✗ ✓ ✗
DocETL (Shankar et al., 2024) - - ✓ ✗ ✗ ✓ ✗
LongBench (Bai et al., 2024) - - ✓ ✗ ✓ ✓ ✓
RULER (Hsieh et al., 2024) - - ✓ ✗ ✗ ✗ ✓
Loong (Wang et al., 2024a) ∼ 11 pdf ∼ 30 pages ✓ ✗ ✓ ✓ ✓
LongDocURL (Deng et al., 2024) 1 pdf 85.6 pages ✓ ✗ ✗ ✗ ✓
M3DocVQA (Cho et al., 2025) ∼1.4 pdf ∼12 pages ✓ ✓ ✗ ✓ ✓
FinAgentBench (Choi et al., 2025) 1 pdf ∼ 100 pages ✗ ✓ ✗ ✓ ✗
MuDABench (Ours) 14.8 pdf 149.7 pages ✓ ✓ ✓ ✓ ✓

performance tables over datasets and tasks; and
public-sector agencies aggregate heterogeneous re-
ports to audit policy outcomes. In these settings,
missing one relevant document or misinterpreting
one table can invalidate the final conclusion.

Figure 1 illustrates an example of analytical QA
that is of critical concern to financial regulators.
The underlying data consists of annual reports from
multiple companies over several years, and the
question asks which companies changed their ac-
counting firms in 2024, as this may signal signifi-
cant financial changes. To answer this question, the
required steps include: filtering all company annual
reports from 2023 and 2024, extracting informa-
tion tuples (year, company, accounting firm) from
each report, then aggregating the information into
records of the form (company, 2023 accounting
firm, 2024 accounting firm, whether changed), and
finally outputting the list of companies that made
changes. Regulators can then focus on examining
the financial status of these companies to detect
problems early.

The key challenge of this problem is the large
number of documents involved in the analysis.
More specifically, not only is the document col-
lection large, but the number of documents requir-
ing actual data extraction is also substantial, po-
tentially thousands of documents, which stands
in stark contrast to datasets like HotPotQA (Yang
et al., 2018b). Therefore, traditional approaches
that directly perform retrieval over all documents
or rely on long-context methods both fail, necessi-
tating further research tailored to this problem.

Current benchmarks do not cover this research
problem. Wikipedia-based multi-hop datasets cap-

ture compositional reasoning but operate over short,
homogeneous pages and small numbers of docu-
ments per question. Long-context benchmarks such
as LongBench, RULER, and LongDocURL probe
context-length limits, but they typically assume that
all relevant content fits into a single context window.
While recent efforts like M3DocVQA (Cho et al.,
2025) extend multimodal understanding to multiple
documents, they operate on relatively small scales
(∼12 pages) compared to real-world repositories.
In the financial domain, FinanceBench evaluates
single-document QA (Islam et al., 2023), and FinA-
gentBench (Choi et al., 2025) introduces “agentic
retrieval” to precisely locate document types and
chunks. However, these benchmarks focus on re-
trieval precision rather than the downstream aggre-
gation and analysis of content from massive col-
lections. System papers such as Aryn and DocETL
propose multi-step workflows but do not release
large-scale public benchmarks (Anderson et al.,
2024; Shankar et al., 2024). Table 1 summarizes
these trends.

This paper introduces MuDABench, a bench-
mark for multi-document analytical QA over large
collections of financial filings. Built from an-
nual reports, ESG reports, and corporate announce-
ments of Chinese and U.S. listed companies, MuD-
ABench spans over 80,000 pages, 332 questions.
For each question, we construct a document set
with 15 documents on average. This quantity is
sufficiently large such that the combined length ex-
ceeds the context window of current long-context
LLMs, yet remains manageable to control the cost
of LLM API calls during evaluation. We provide
metadata information for these documents and an-

6878



notate an intermediate data point set that captures
the essential per-document facts required to answer
the question.

For evaluation, we primarily focus on final an-
swer correctness, while also introducing a process-
oriented diagnostic metric based on intermediate
results. Enabled by the intermediate data point
set in our dataset, this auxiliary signal is evaluated
with task-specific LLM-as-judge protocols, includ-
ing double-check fact-coverage estimation for stan-
dard RAG and cell-wise evaluation for document-
grounded workflows.

We propose a metadata-aware multi-agent work-
flow that plans sub-queries, performs single-
document extraction, normalizes answers into flat
JSON, and aggregates them with generated anal-
ysis code. Experimental results show that ordi-
nary RAG frameworks achieve low accuracy even
with large retrieval budgets, and our workflow sub-
stantially improves final-answer accuracy while
also yielding more complete intermediate extrac-
tion patterns in many cases. But all methods re-
main significantly below human performance. We
conduct a detailed analysis and identify the key
challenges of this task, including the requirement
that a large number of single-document informa-
tion extractions must all be correct (resulting in low
overall success rates), as well as the insufficient
domain-specific knowledge required for effective
planning.

2 Related Work

There are a number of works for QA on documents,
including QA on pages, images, and tables within
a document, QA on a single document, and QA
on multiple documents. We describe each of these
works below.

QA on Document Elements Complex docu-
ment elements, such as tables and images, pose
distinct challenges for LLMs owing to their struc-
tured and visual characteristics. In the realm of doc-
ument image QA, Kahou et al. (2017) pioneered
the FigureQA dataset, which comprises synthetic
scientific-style figures, including line plots, dot-line
plots, vertical and horizontal bar graphs, and pie
charts. Complementing this, Mathew et al. (2021)
introduced DocVQA, a dataset encompassing over
12,000 document images paired with questions.
Recent advancements in optical character recog-
nition (OCR) and multimodal LLMs have facili-
tated effective performance by open-source models

on these tasks. In the realm of Table QA, Pang
et al. (2024) developed the TabIS benchmark, em-
ploying single-choice questions to assess LLMs,
while Wu et al. (2025) created TableBench, a com-
prehensive dataset sourced from industry. These
investigations underscore a performance disparity,
with open-source models trailing behind propri-
etary counterparts, such as the GPT, which exhibit
near-human performance in table-based reasoning.

QA on Single Document Single-document QA
involves a user specifying a document and using its
information to answer questions. The development
of long-context models and RAG systems has led to
significant improvements in single-document QA
results. This is particularly evident in specialized
domains and multimodal contexts. For instance, in
the financial domain, which requires specialized
knowledge, the correctness rate of FinanceBench
(Islam et al., 2023) has increased from VectifyAI
(2024) to 98.7%. But there are still challenges here,
in single-document multimodal QA, Deng et al.
(2024) introduced LongDocURL, highlighting the
challenges that document layout poses for LLMs.

QA on Multi-Document Multi-document QA
broadly involves utilizing both the web and spe-
cific document repositories as data sources. This
task presents heightened complexity, necessitat-
ing that LLMs synthesize information and rea-
son across disparate documents. Existing multi-
document benchmarks, often primarily sourcing
data from Wikipedia, frequently emphasize multi-
hop reasoning problems involving multiple entities.
These benchmarks highlight persistent deficiencies
in LLMs’ capabilities for robust multi-hop reason-
ing (Ho et al., 2020; Trivedi et al., 2022; Zhu et al.,
2024; Levy et al., 2025). In the financial domain,
FinAgentBench (Choi et al., 2025) targets the re-
trieval stage, evaluating whether agents can identify
the correct document types and passages. Simi-
larly, M3DocVQA (Cho et al., 2025) addresses
the challenge of visual reasoning across multiple
documents.

However, a common characteristic of much prior
work is its treatment of multiple documents pri-
marily as data sources from which relevant snip-
pets are retrieved and aggregated into a single
context for an LLM. Studies introducing bench-
marks like Loong (Wang et al., 2024a) and RULER
(Hsieh et al., 2024) reveal significant limitations in
current long-context LLMs specifically for multi-
document QA. However, existing research has pre-
dominantly focused on addressing multi-document
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questions through a single LLM call, without ex-
plicitly distinguishing among individual documents
within the query set.

Crucially, analytical queries require comprehen-
sive multi-step analysis across documents. While
prior work has proposed frameworks for such multi-
step, multi-document QA systems (Anderson et al.,
2024; Shankar et al., 2024), standardized bench-
marks for evaluating this capability remain publicly
unavailable, and their documents are very short. To
address this gap, we present MuDABench, a novel
benchmark for Multi-Document Analysis and tar-
geting scenarios involving document sets exceed-
ing the context window of a single long-context
LLM.

3 Benchmark

We collected 589 documents from US and Chinese
listed companies with explicit metadata. Second,
we set up about 5-38 PDF documents after each
question, which is more than all existing work in
terms of document pages and far exceeds the maxi-
mum LLM context. In the following, we will intro-
duce our document types and annotation process in
turn, and finally introduce our evaluation metrics.

3.1 Document Source

Our document collection constitutes the most
comprehensive repository of financial documents
among available benchmarks. We systematically
crawled annual reports, corporate announcements,
and ESG report documents from two primary
sources: cninfo1 and SEC2.

Annual reports contain comprehensive disclo-
sures of listed companies’ operational status, pub-
lished annually. These documents feature extensive
structured tabular data.

Announcements represent ad-hoc disclosures
by listed companies, with significant proportions
of scanned documents.

ESG reports disclose corporate performance
in environmental, social responsibility, and gov-
ernance. These documents are characterized by
complex visual layouts, including richly colored
backgrounds and extensive pictorial elements (Li
and Yang, 2025; Zhang et al., 2025; Li et al., 2026).

This heterogeneous document format distribu-
tion ensures benchmark diversity and fits Hui et al.
(2024)’s emphasis on the importance of parsing

1cninfo: https://www.cninfo.com.cn/
2SEC: https://www.sec.gov/
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Figure 2: Document Elements Distribution. The distri-
bution is divided into three sections: annual report, ESG
report and announcement

for document QA. Figure 2 illustrates the format
distribution following parsing through an advanced
commercial PDF processing tool provided by Chat-
DOC (2025)3.

3.2 Metadata Annotation
Each document is accompanied by metadata, such
as subject category and author’s name in academic
contexts, or date and coverage area in news do-
mains. In our benchmark, each document is anno-
tated with three metadata fields:

Ticker symbol: Identifies the company associ-
ated with the document.

Fiscal year: Indicates the period the document
covers, distinct from its publication year.

Document type: Classified as annual reports
(US or CN), ESG reports, meeting of sharehold-
ers announcement, or profit distribution equity an-
nouncements.

This metadata can be used to filter or prioritize
documents without accessing their specific content.

3.3 Question Annotation
We employ a distant supervision annotation strat-
egy (Yang et al., 2018a) combined with expert cu-
ration to construct our benchmark. First, we lever-
age authoritative financial databases to curate a
comprehensive repository of structured data points,
encompassing metrics such as revenue, executive
details, dividends, and social responsibility indica-
tors. These data are systematically organized into
a master spreadsheet where each row corresponds
to a document Di, indexed by metadata fields Mi.

3ChatDOC: https://chatdoc.com/
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To generate the questions Qj , financial do-
main experts designed natural language question
templates targeting specific analytical tasks (e.g.,
trend analysis, peer comparison, see more in Ap-
pendix A.8). These templates are instantiated using
the structured data to produce diverse and realis-
tic queries. Crucially, to facilitate robust evalua-
tion via an LLM-as-a-judge, experts manually tran-
scribed the specific structured indicators required
for each question into natural language statements.
These descriptive statements constitute the interme-
diate information set Sj , serving as the fine-grained
ground truth for verifying whether the model has
correctly extracted the necessary facts from the
documents.

Formally, for each question Qj , we sample a
set of k relevant documents to form the collection
Dj = {Dj1, Dj2, . . . , Djk}. The final dataset is
formalized as:

X = {(Qj ,Dj ,Mj ,Sj) | j = 1, 2, . . . , n} , (1)

where Mj represents the metadata set for docu-
ments in Dj , Sj denotes the set of natural language
fact descriptions derived from the structured data,
and n is the total number of samples.

3.4 Question Grouping

Roughly speaking, we categorize the benchmarks
into Simple and Complex problems, based on three
key dimensions: the volume of single-document
information required, the complexity of numeri-
cal computation involved, and the depth of logical
reasoning demanded to derive the answer.

For instance, a typical simple problem is for-
mulated as: Please calculate the variance of the
company’s total cost in 2021 based on your knowl-
edge base. In contrast, a more complex version
of the same problem would be: Please calculate
the variance of total costs for companies audited
by Big 4 accounting firms in your knowledge base
for the year 2021. The increased difficulty here
is reflected in multiple layers of reasoning: first,
identifying all companies in the dataset that meet
the ”audited by Big 4” criterion (which may require
cross-referencing multiple documents or verifying
implicit attributes); second, extracting total cost
figures for only those filtered entities; and third,
performing the variance calculation on this subset
of data. Such a problem thus demands both condi-
tional filtering of information and multi-step logi-
cal integration, distinguishing it from the straight-

forward extraction-computation pipeline of simple
questions. More cases are in the Appendix A.8.

3.5 Annotation Verification

Despite the existence of specialized databases as a
reference, manual labeling may also contain errors.
Therefore, we adopt a multi-document problem Q,
use DeepSeek R1 to generate a single document
query qi for every single document, and then input
it into an RAG system, to get an answer ai on
the document, and if there is any contradiction
with Si, then the problem is manually re-labeled
or the question description needs to be modified.
However, since ChatDOC is unable to adjust the
number of recalled chunks, we did not include it in
our subsequent experiments.

3.6 Evaluation Metrics

We evaluate each system with three metrics: pro-
cess accuracy, final-answer accuracy, and full
accuracy. Among them, final-answer accuracy
is our primary end-task metric, while process ac-
curacy is mainly used as a diagnostic signal for
intermediate extraction quality. We note that pro-
cess coverage can be less reliable when equivalent
evidence can be expressed in multiple non-atomic
fact forms.
Final-answer accuracy. For each question Qi ∈
Q, let Ai be the gold final answer and Âi be the
model prediction. Let Ti ∈ {0, 1} denote whether
Âi is semantically equivalent to Ai (judged by an
LLM):

Accuracyfinal =
1

|Q|
∑

i

Ti. (2)

Process accuracy. Let Si denote the gold set of
minimal supporting facts for Qi, and Ii denote the
facts extracted by the system.

(a) Standard RAG (question-level). For standard
RAG systems (single retrieved context, no explicit
document alignment), we estimate fact coverage
by judging how many gold supporting facts in Si

are semantically supported by the extracted infor-
mation Ii. Formally, we write

Ci =
|Ii ∩ Si|
|Si|

, (3)

where the intersection denotes judge-determined
semantic matches rather than exact string identity.
Because a single judge may overestimate coverage,
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we apply a double-check judge that estimates the
error/missing ratio:

Ei =
# incorrect or missing facts in Si

|Si|
. (4)

We then use conservative coverage

C̃i = min
(
Ci, 1− Ei

)
. (5)

(Manual verification: agreement improves from
16/30 to 26/30.)

(b) Document-grounded workflow (cell-wise on
aligned rows). Since MuDABench is derived from
remotely annotated structured data, it is natural to
evaluate how well the required table content can
be reconstructed when answering such questions.
We therefore evaluate process quality in a cell-wise
manner on aligned rows. Let Ci be the set of re-
quired gold metric cells across all aligned rows
for question Qi, and Ĉi be the subset of correctly
extracted cells:

Ccell
i =

|Ĉi|
|Ci|

. (6)

To assess the reliability of this cell-wise judge, we
manually audited 30 cases and compared the au-
tomatic cell-level decisions against human veri-
fication. The resulting cell-level agreement was
81.93%. To unify both settings, define the per-
question process score as

Pi =

{
C̃i, standard RAG,

Ccell
i , document-grounded workflow.

(7)
Then process accuracy is defined as

Accuracyprocess =
1

|Q|
∑

i

Pi. (8)

Full accuracy. Finally, we report a strict joint met-
ric: a sample is counted as correct only if process
is fully correct and final answer is correct. Let
mi = 1[Pi = 1]. Then

Accuracyfull =
1

|Q|
∑

i

mi Ti. (9)

4 Methodology

MuDABench presents a unique challenge where
document collections exceed the context window
of current LLMs, rendering single-pass ingestion
infeasible (Huang et al., 2023; Levy et al., 2025).

Algorithm 1 Metadata-Aware Multi-Agent Ana-
lytic QA Workflow
Input: Query Q, document collection D = {D1, . . . , Dn},

metadataM = {M1, . . . ,Mn}, batch size B
Output: Final answer A
1: // Phase 1: Planning
2: T ← PLANAGENT(Q,Mschema) ▷ Generate sub-query

templates with optional metadata restrictions
3: // Phase 2: Metadata-Guided Extraction
4: Qpairs ← ∅
5: for i = 1 to n do
6: for each Tj ∈ T do
7: if SATISFYRESTRICTION(Mi, Tj) then
8: qi,j ← FILLTEMPLATE(Tj ,Mi) ▷

Instantiate the template using document metadata
9: ai,j ← RAGSYSTEM(Di, qi,j) ▷

Single-document targeted extraction
10: Qpairs ← Qpairs ∪ {(Mi, qi,j , ai,j)}
11: end if
12: end for
13: end for
14: // Phase 3: Schema Definition and Batch Normalization
15: Sjson ← DEFINESCHEMA(SAMPLE(Qpairs), Q)
16: J ← ∅
17: K ← ⌈|Qpairs|/B⌉
18: for k = 1 to K do
19: Bk ← GETBATCH(Qpairs, k, B)
20: Jk ← NORMAGENT(Bk, Sjson)
21: J ← J ∪ Jk

22: end for
23: // Phase 4: Programmatic Analysis
24: pJ ← SAVEJSON(J ) ▷ Save full structured records to

an external file
25: Jdemo ← SAMPLE(J ) ▷ Provide only examples to the

code agent
26: Ccode ← CODEAGENT(Q,Jdemo, Sjson, pJ )
27: Rexec ← EXECUTE(Ccode, pJ )
28: // Phase 5: Final Synthesis
29: A← FINALAGENT(Q,Rexec,Jdemo)
30: return A

To address this, we propose a scalable Multi-Agent
Analytic QA Workflow that explicitly orchestrates
multi-step reasoning over large-scale repositories.
A key feature of this approach is its ability to scale
to processing hundreds or thousands of documents.
The procedure is detailed in Algorithm 1 and visu-
alized in Figure 3. The workflow consists of four
specialized components:

Scalable Planning Agent: Instead of retrieving
documents immediately, this agent decomposes
the global query Q into question templates to be
asked on each document. The template can be filled
with metadata of documents. This abstraction min-
imizes planning errors and ensures the approach
scales to collections of arbitrary size.

Document-Level Information Extractor: We
perform targeted extraction by instantiating the
query templates for each document Di using its
specific metadata Mi. A standard document RAG
system then processes these instantiated queries in
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issue 
queries

Please give the ticker symbols of
the A-share listed companies in
your knowledge base that will
change accounting firms in 2023.

Norm
Agent

Code
Agent

Plan
Agent

In [doctype], which organization is 
the accounting firm with ticker 
[symbol]  in 2022?

Template 1
In [doctype], which organization 
is the accounting firm with 
ticker [symbol] in 2023?

Template 2

Semi-structured data

Fill query templates with metadata & Perform Document QA

In CN Annual Report, which 
organization is the accounting 
firm with ticker 000056 in 2023?

It is EY Hua Ming

… …

DocTypeYearSymbolDocID
CN Annual Report20220000561
CN Annual Report20230000562

…

MetadataDocuments

DocType=CN Annual Report
Symbol=000056 

DocType=CN Annual Report
Symbol=000058 

Based on the results of the
structured data from the code
analysis, companies with the
following ticker symbols changed
accounting firms in 2023:
symbol1, symbol2, ...

Figure 3: Document agentic workflow. A planning agent uses a metadata schema to generate sub-queries, an
end-to-end RAG system answers single-document queries, then responses are normalized to JSON and analyzed by
code to obtain the final answer.

parallel, producing intermediate textual evidence
that captures local facts.

Scalable Norm Agent: To enable downstream
programmatic reasoning, this agent converts un-
structured extraction transcripts into structured
JSON records. Crucially, to avoid context overflow
when processing thousands of documents, we adopt
a batch-iterative strategy: a schema is defined from
a small sample, and subsequent records are normal-
ized in batches under this unified schema.

Scalable Code Agent: Rather than feeding the
entire extracted information into the LLM, we pro-
vide the agent with the schema and some examples.
The agent synthesizes a program to perform analy-
sis over the full structured dataset J (Wang et al.,
2024b), yielding the final answer A.

5 Experiment

5.1 Experimental Setup
The experiments are conducted on MuDABench.
As a natural baseline, we employ a RAG sys-
tem (Lewis et al., 2020) over the multi-document
corpus. We consider two prompt variants: one
that omits document metadata and one that in-
jects all metadata into the prompt (detailed in Ap-
pendix A.7). Both use OpenAI’s File Search as
the retrieval layer with GPT-4o-2024-11-20 as the
reader (?). To study the effect of recall, we set

the number of retrieved chunks to |D| and then in-
crease it to 1.5× |D|, 2× |D|, and 2.5× |D|.4 All
other hyperparameters follow OpenAI defaults.

We also evaluate our proposed agentic
workflow. We use DeepSeek-R1-0528 (Guo
et al., 2025) for the planning and code agent,
DeepSeek-Chat-V3-0324 (Liu et al., 2024)
for the normalization agent, and OpenAI file
search for single document QA. To control
cost, we use gpt-4o-2024-11-20 for one
high-budget chunk of the workflow (approx-
imately 30,000 tokens per document) and
gpt-4.1-mini-2025-04-14 (OpenAI, 2025) for
the remaining workflow experiments. To study
robustness under noisy contexts, we additionally
inject 0.5 × |D| irrelevant documents in the
5-chunk workflow setting, e.g., adding 2023 filings
to questions about 2021–2022.

Given the task complexity, we adopt an LLM-
as-judge protocol (Gu et al., 2024). Evaluation
has two components: (1) assessing information
extraction to obtain Ci, and (2) verifying answer
correctness, from which we derive the three met-
rics defined in the previous Section 3.6. For RAG,
since it lacks explicit intermediate outputs, we eval-
uate the retrieval recall by checking if the retrieved

4OpenAI caps the number of chunks at 50; larger multipli-
ers would truncate some examples and bias the evaluation.
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Simple Complex

Model Accprocess Accfinal Accfull Accprocess Accfinal Accfull

GPT 4o + Chunk = 1 |D| 0.1572 0.0663 0.0241 0.1459 0.0482 0.0181
GPT 4o + Chunk = 1.5 |D| 0.1761 0.0964 0.0301 0.1801 0.0482 0.0241
GPT 4o + Chunk = 2 |D| 0.1793 0.1265 0.0422 0.2212 0.0361 0.0181
GPT 4o + Chunk = 2.5 |D| 0.2163 0.1084 0.0301 0.2623 0.0482 0.0120

GPT 4o + Chunk = 1 |D| + Metadata 0.1338 0.1084 0.0422 0.1398 0.0301 0.0181
GPT 4o + Chunk = 1.5 |D| + Metadata 0.1620 0.1145 0.0301 0.1773 0.0181 0.0120
GPT 4o + Chunk = 2 |D| + Metadata 0.1978 0.1386 0.0422 0.2232 0.0361 0.0181
GPT 4o + Chunk = 2.5 |D| + Metadata 0.2514 0.1325 0.0542 0.2522 0.0422 0.0120

WF w/ GPT 4o + Chunk = 1 0.4179 0.0667 0.0000 0.4021 0.0667 0.0095
WF w/ GPT 4.1 mini + Chunk = 3 0.5803 0.2430 0.0654 0.5338 0.0865 0.0673
WF w/ GPT 4.1 mini + Chunk = 5 0.5888 0.2243 0.0748 0.5749 0.1619 0.1143
Noise WF w/ GPT 4.1 mini + Chunk = 5 0.5961 0.1636 0.0727 0.5680 0.1238 0.0762

Human Performance 0.8940 0.8334 0.7334 0.8120 0.7334 0.6667

Table 2: Experiment Results. Bolded labels indicate the optimal setup within each model group. The Accprocess
metric has been adjusted to reflect the full evaluation set.

Document Category Avg. Tokens / Doc Chunk = 1 Chunk = 3 Chunk = 5
Simple Complex Simple Complex Simple Complex

A-share Annual Report (CN) 499k 0.4696 0.4555 0.6537 0.6674 0.6447 0.6570
A-share ESG Report (CN) 72k 0.3998 0.3898 0.6067 0.4813 0.5865 0.4992
A-share Announcement (CN) 144k 0.3903 0.3786 0.5222 0.4976 0.5542 0.5575
US Stock Annual Report (EN) 120k 0.4472 0.3955 0.3167 0.5374 0.4643 0.7375

Table 3: Impact of Chunk Number on Accprocess across Document Categories, including average document length.

Metric Simple Complex Avg

Independent accuracy
Planning 86.7% 93.3% 90.0%
Extraction 40.0% 20.0% 30.0%
Normalization 100.0% 100.0% 100.0%
Code 93.3% 93.3% 93.3%

Accuracy given all previous steps correct
Planning 86.7% 93.3% 90.0%
Extraction 38.5% 14.3% 25.9%
Normalization 100.0% 100.0% 100.0%
Code 80.0% 100.0% 85.7%

Table 4: The percentage of correct in each step

chunks cover the gold facts Si. Specific prompts
are provided in Appendix A.7. All LLMs are run
with temperature 0 for reproducibility. Two volun-
teers answer a subset of the benchmark to estimate
human performance.

5.2 Main Result

The experimental results, summarized in Table 2,
highlight the significant challenges posed by MuD-
ABench and the distinct behaviors of different sys-
tem architectures.

Standard RAG pipelines struggle with multi-
document aggregation, and metadata injection
only provides limited gains. Even when pow-

ered by GPT-4o, commercial RAG systems exhibit
clear structural limitations on MuDABench. In-
creasing the number of retrieved chunks generally
improves evidence coverage, as reflected by higher
process accuracy, but this gain does not translate re-
liably into better final answers: on simple questions,
final-answer accuracy improves only up to a point
and then fluctuates, while on complex questions it
remains consistently low despite better coverage.
This pattern suggests that the main bottleneck is
not merely retrieval recall, but the model’s ability
to synthesize fragmented evidence into a correct
aggregated conclusion. Explicitly incorporating
document metadata offers only partial mitigation.
Although metadata can provide a coarse global
structure and sometimes improves performance,
the overall gains remain limited, indicating that
neither larger retrieval budgets nor metadata cues
are sufficient without a more structured reasoning
workflow.

Agentic workflows significantly improve end-
to-end answer quality. The proposed agentic
workflow substantially outperforms direct RAG in
final-answer accuracy, demonstrating the value of
decomposing extraction and reasoning into mod-
ular stages. Although the workflow also tends to
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achieve higher process-coverage scores, we treat
this metric as a diagnostic signal rather than the
primary basis for comparison, because equivalent
evidence can be represented in flexible and some-
times non-atomic ways. Under stronger chunk bud-
gets, the workflow delivers markedly better end-to-
end performance than standard RAG. Furthermore,
robustness analysis reveals that injecting noise (ir-
relevant documents) causes a noticeable drop in
final-answer accuracy, especially on complex ques-
tions, indicating that downstream aggregation and
reasoning remain important bottlenecks.

500k 1.0M 2.0M 5.0M 10.0M 20.0M
Document Collection Token Count

0.0
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0.4

0.6

0.8
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Figure 4: The Impact of Document Collection Token
Count on Document Information Extraction

5.3 Fine-Grained Error Analysis

We conduct a fine-grained diagnostic study on 30
randomly selected examples under the 5-chunk
workflow setting, with results summarized in Ta-
ble 4. Since final-answer accuracy is our primary
metric, we use process-oriented analysis mainly to
identify bottlenecks rather than as a fully reliable
standalone measure. Process coverage can be noisy
because equivalent evidence may be expressed in
non-atomic forms: for example, “an increase of
6% from 2021 to 2022” may correspond to two
separate facts such as “100k in 2021” and “106k in
2022”, while the final answer may only require the
growth rate. With this caveat, the results still indi-
cate that document-level information extraction is
the main bottleneck. We also find planning errors
caused by insufficient financial domain knowledge
(Appendix A.2.1), and coding errors mainly due to
encoding or JSON path-reading issues.

To further explore why document-level extrac-
tion remains difficult, we estimated a logit model
with fixed question type effects. The resulting
curve, shown in Figure 4, suggests that informa-
tion extraction becomes more difficult as document

length increases.
This length-dependent performance degradation

is further corroborated by the category-wise break-
down in Table 3. In general, shorter document
categories tend to be easier to process, although the
pattern is not uniform across all settings. For exam-
ple, A-share ESG reports, which have a relatively
small average token count, achieve competitive ex-
traction accuracy, but they are not consistently the
best-performing category under every chunk bud-
get; in several settings, A-share annual reports or
U.S. annual reports perform better. Overall, Ta-
ble 3 suggests that document length is an important
factor, but extraction difficulty also depends on
document type and language.

6 Conclusion

We present MuDABench, the first large-scale
benchmark designed for complex, metadata-driven
analysis over semi-structured document collections.
It requires navigating over 80,000 pages of finan-
cial documents. Evaluations reveal that standard
RAG systems struggle at this scale. While our
metadata-aware agentic workflow significantly im-
proves final-answer accuracy over the baselines,
it still trails human performance. We hope MuD-
ABench serves as a rigorous testbed for future scal-
able document analysis systems.

Limitations

Our work is restricted to the financial domain due
to the scarcity of dense semi-structured data else-
where. We also limited the dataset size. Although
distant supervision can increase the size easily, the
testing is costly and does not yield new discov-
eries. Finally, because financial atomic facts in-
volve numerous issues related to granularity and
equivalence, they must be handled with care when
evaluating different QA systems.

Ethical Considerations

The documents curated in MuDABench are col-
lected exclusively from publicly available financial
disclosures (e.g., filings from the SEC and cninfo),
ensuring that no private or non-public personal in-
formation is compromised. While this benchmark
utilizes real-world financial figures, it is intended
solely for the research and evaluation of NLP sys-
tems. We used AI assistants for minor language
polishing; they did not contribute to ideas, experi-
ments, or results.
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A Appendix

A.1 Comparison on the Same Selected Subset
To provide a fair comparison between human performance and agentic workflows under the same
evaluation scope, we report results on the same selected subset used in our human perfermance. This
subset is divided into Simple and Complex cases. Table 5 shows that, although stronger workflow
configurations improve both process and final-answer performance on this subset, all agentic systems still
remain substantially below human performance.

Table 5: Performance comparison on the subset of Human Performance.

Model Simple Complex

Accprocess Accfinal Accfull Accprocess Accfinal Accfull

WF w/ GPT 4o + Chunk = 1 0.5936 0.1429 0.0000 0.5396 0.3333 0.0667
WF w/ GPT 4.1 mini + Chunk = 3 0.6983 0.2667 0.2000 0.6978 0.3333 0.2667
WF w/ GPT 4.1 mini + Chunk = 5 0.6897 0.2000 0.2000 0.7230 0.3333 0.2000
Noise WF w/ GPT 4.1 mini + Chunk = 5 0.7328 0.2667 0.1333 0.6906 0.2667 0.1333

Human Performance 0.8940 0.8334 0.7334 0.8120 0.7334 0.6667

A.2 Case Study
A.2.1 Planning Errors Prior to Information Extraction
In complex financial question answering, a substantial fraction of failures arise already in the planning
phase, before any document-level extraction is performed. These errors are typically rooted in insufficient
domain knowledge about market conventions and disclosure practices, which leads the agent to design
sub-queries that are structurally misaligned with the underlying task.

Figure 5 illustrates a representative planning error driven by an incorrect mental model of corporate event
frequencies. The user query explicitly requests the companies with the highest number of extraordinary
general meetings. However, the Plan Agent generates a sub-query that only verifies the existence of such a
meeting (i.e., whether at least one was convened). This effectively reduces a counting problem to a binary
classification problem, and ignores the fact that listed firms may hold multiple extraordinary general
meetings within a single fiscal year. As a result, the downstream pipeline never triggers the aggregation
logic necessary to rank companies by meeting counts.

Figure 6 shows a second class of planning failure related to annual report disclosure protocols. The
task requires identifying changes in accounting firms between 2021 and 2022. Instead of decomposing
the task into two extraction steps—retrieving the engaged accounting firm in 2021 and in 2022, and then
comparing them—the agent attempts to locate an explicit textual description of the “change” event within
a single document. This strategy contradicts standard reporting practices, where annual reports usually
disclose only the currently engaged firm for that specific fiscal year rather than the full transition history.
Because the plan does not incorporate this protocol knowledge, the system fails to construct the necessary
multi-hop reasoning chain and the retrieval stage subsequently breaks down.

A.2.2 Errors After Information Extraction
Even when the planning stage is successful, errors can still emerge in the information extraction and
normalization stages. Figure 7 illustrates a failure caused by coupled extraction and normalization issues.
Financial reports routinely present data for both the current and previous fiscal years within the same
table or paragraph. Models often struggle to disambiguate which subset of these values corresponds to the
target reporting period, leading to extractions that conflate multi-year information. When such ambiguous
entries are later merged with strictly single-year values from other documents, the resulting heterogeneity
in temporal scope severely complicates normalization and downstream analysis.

Figure 8 depicts a related failure mode at the schema alignment stage. Here, the extracted JSON records
deviate from the predefined schema, for example by introducing inconsistent field names or missing
mandatory keys. Although these deviations may appear minor at the textual level, they cause runtime
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Metadata Schema

1. symbol
2. year
3. doctype
......

For the Chinese A- share 
market,  please provide 
the stock codes of the 
three companies with 
the highest number of 
extraordinary general 
meetings held in 2021  
from your knowledge 
base.

Plan
Agent Subquery

In the [doctype] for [year],  
does the announcement 

concerning the company with 
stock code [symbol] explicitly 
mention the convening of an 

extraordinary general meeting?

The mistaken belief that 
listed companies only have the 
option of convening or not 
convening extraordinary 
general meetings overlooks the 
possibility of holding multiple 
extraordinary general 
meetings.

Figure 5: Case Study: Planning errors stemming from a lack of knowledge regarding shareholder meetings

Metadata Schema

1. symbol
2. year
3. doctype
......

For the Chinese A- share 
market,  please provide the 
stock codes of companies 
that changed their 
accounting firms between 
2021  and 2022 from your 
knowledge base,  along with 
the specific accounting 
firms they switched from 
and to.

Plan
Agent

Subquery

Please provide information 
regarding the change of 

accounting firm in the [doctype] 
of the company with stock 

[symbol] for the [year],  including 
detalis of the accounting firms 
before and after the change.

This planning error stems from the 
fact that listed companies may only 
disclose the accounting firm 
information for the current year in 
their annual reports. Directly asking 
whether there has been a change 
fails to properly integrate 
information from two years.

Figure 6: Case Study: Planning errors stemming from a lack of established annual report preparation protocols

exceptions in the code analysis agent and prevent the execution of otherwise valid analytical programs.
This highlights that robust large-scale multi-document analysis requires not only accurate extraction but
also strict adherence to a stable schema across all stages of the workflow.

A.3 Data Source Details
To construct our dataset, we sourced data from several authoritative financial databases widely used by
researchers. These sources are detailed in Table 6.

A.4 Benchmark Construction Detail
Overall, our annotation is semi-automated by means of distant supervision. First we download some
structured data in .csv format from CSMAR, which stores financial and non-financial metrics of listed
companies, and then we match each document with the data in this .csv, and then our annotators just
need to convert each metric into natural language descriptions and define a series of questions, through
the permutations and combinations our annotation strategy can be easily scaled to generate large amounts
of data.

6889



Question
Based on US stock market, Which three companies achieved the highest operating profit in 2021 in 
your knowledge base? Provide their stock symbols.

Branch
Subtask: According to the {doctype} for stock symbol {symbol} in {year}, what was the company's operating 
profit?
restriction:
year = [2021]
doctype = [US Stock Annual Report]
Docset = Docset.fliter(restriction)
for metadata in Docset:

Querys.append(Subtask.format(metadata))
Answer.append(llm.chat(Query)) # append the operating profit of 2020 and 2021 w/o year information

{Querys,Answers} -> [JSON, schema] # Incorrectly normalizing 2020 data to 2021 and dismiss data of 2021
JSON: [{
symbol:
year:
operating_profit:
}]
Correct Schema:
JSON match with the Schema
Correct Code: Logically correct for multi-document problems.

Wrong Answer: Wrong, because there a wrong data in the JSON

Figure 7: Case Study: Ambiguous Information Extraction and Normalization Failure

Data Source Description

CN Annual Report https://www.cninfo.com.cn/ Annual financial disclosures of Chinese listed companies
US Annual Report https://www.sec.gov/ Annual financial disclosures (e.g., 10-K) of US listed companies
CN ESG Report https://www.cninfo.com.cn/ Environmental, Social, and Governance reports of Chinese companies
CN Announcement https://www.wind.com.cn/ Ad-hoc corporate announcements of Chinese listed companies
CN Financial Data https://data.csmar.com/ Structured financial metrics and market data for China
US Financial Data https://data.csmar.com/ Structured financial metrics and market data for the US

Table 6: Data Source. Among them, cninfo and SEC are free public data, and wind and CSMAR are commercial
databases.

A.4.1 Announcement of merger strategy

For the announcement category, since there is no standardization of announcements made by different
companies, but it can be confirmed that the disclosure of information has a lag, so we use a MERGE
strategy, that is, the same category of announcements of 2021 and 2022 as the announcement of the fiscal
year 2021. This ensures that the information in the document includes all the information of the fiscal
year 2021.

A.4.2 Cross-year Problem

It’s worth mentioning that for the cross-year problem, we generate an intermediate information collection
S that is half the size of the document collection D, and we merge two years of information for the same
company. An intuitive example would be, Which are the three companies with the highest revenue growth
rates from 2022–2023 among U.S. publicly traded companies in your knowledge base, and the Si for this
question would look like this: Company A’s revenue in 2022 was xx, and in 2023 it was xx, an increase
of xx, and in this way we encourage the QA system to do some simple computational reasoning in the
information extraction. This design doesn’t affect the design of the evaluation metrics in our paper.
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Question
For China's A-share market, analyze the donation efficiency (donation efficiency = social donationssocial contribution value per 
share) based on the data in your knowledge base for the year 2023, giving the ticker symbols, the amount of social donations, and 
the donation efficiency of the three highest companies.

Branch 1 Branch 2
Subtask: What is the specific value of social donations paid in 
the {year} year {doctype} in which the ticker symbol is 
{symbol}?
restriction: 
year = [2021] 
doctype = [CN annual report, CN ESG resport, CN shareholders' 
meeting type of announcement, CN profit distribution class 
announcement]

Subtask: What is the specific value of the social contribution 
value per share for the {year} year {doctype} with the ticker 
symbol {symbol}?
restriction: 
year = [2021]
doctype = [CN annual report, CN ESG resport, CN 
shareholders' meeting type of announcement, CN profit 
distribution class announcement]

Docset = Docset.fliter(restriction)
for metadata in Docset:
   Querys.append(Subtask.format(metadata))
   Answers.append(llm.chat(Query))

Docset = Docset.fliter(restriction)
for metadata in Docset:
   Querys.append(Subtask.format(metadata))
   Answers.append(llm.chat(Query))

{Querys,Answers} -> [JSON, schema]
JSON: [{
symbol:
year:
social_donations:
}]
Correct Schema: 
JSON match with the Schema

{Querys,Answers} -> [JSON, schema]
JSON: [{
symbol:
year:
social_contribution_value_per_share:
}]
Wrong Schema:
didn’t cover columns’ true name

Wrong Code: can not read wrong column

Wrong Answer: Sorry I can’t give the answer, because the code return errors so that I can’t get enough information to answer this 
question.

Figure 8: Case Study: Schema Alignment Error in Code Execution

Model Source Usage

ChatDOC https://chatdoc.com/ PDF parsing
OpenAI GPT 4o https://platform.openai.com/docs/models/gpt-4o?snapshot=gpt-4o-2024-11-20 LLM for RAG
OpenAI GPT 4.1 mini https://platform.openai.com/docs/models/gpt-4.1-mini LLM for RAG
OpenAI File Search https://platform.openai.com/docs/guides/tools-file-search Retrieve
DeepSeek R1 https://openrouter.ai/deepseek/deepseek-r1-0528 Plan and Code Agent
DeepSeek V3 https://openrouter.ai/deepseek/deepseek-chat-v3-0324 Norm Agent
DeepSeek V3.2 https://openrouter.ai/deepseek/deepseek-v3.2 Cell-wise Rejudge Judge
Kimi k2 https://openrouter.ai/moonshotai/kimi-k2 Other Judge Tasks

Table 7: Model Source. All of the above except DeepSeek and Kimi are closed-source models, and all of them call
commercial API services in the experiments of this paper.

A.5 Model Details

In this paper we use a range of expensive commercial modeling services, from pdf parsing and model
measurement, as shown in Table 7.

A.6 Judge Details

We use different judge models for different evaluation components. In particular, DeepSeek-V3.2 is used
for the cell-wise rejudge setting on aligned rows, which requires fine-grained field-level matching between
extracted evidence and aligned gold rows, while Kimi K2 is used for the remaining correctness judgments.
All judge models are run at temperature 0.
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A.7 Prompt Template

A.7.1 Prompt Template of adding metadata to RAG

Prompt: adding metadata to RAG

The list of document metadata you can query is as follows: [document info]
You need to answer the question: [question]

A.7.2 Prompt Template of Plan Agent

Prompt: Plan Agent

• Initial Prompt: You are a multi-document problem decomposition and query assistant. The
user is provided with a metadata description of a complex task and multiple documents. Each
document has a unique metadata identifier, and instead of answering the final question directly,
you need to design specialized query templates for each document so that you can extract
information from it that is relevant to the overall task and organize these subqueries in a
reasonable order. Also you need to generate the query templates based on using the same
language as the language of user’s task. For example, if the user speaks Chinese, you generate
the query template in Chinese.

• Question template specification

1. Single Document Oriented: Each sub-question template must focus on a single document
to ensure that the required information can be located within that document.

2. Semantic Mutual Exclusivity: different templates should be independent of each other in
meaning and not duplicated; populated to be able to ask questions naturally and smoothly
and logically self-consistent.

3. Metadata Placement: all available metadata fields are placed by {} in at least one template,
while all metadata fields must use naming consistent with the metadata field description
when placed in templates.

4. Metadata constraints (optional): for each sub-question template, metadata can be con-
strained. If you think that answering a multi-document question requires that this sub-
question template restricts a certain (some) metadata, please use the name of that metadata
as a label, with all possible values listed in list format within the label. For example:
"restriction": {"year": ["2021", "2022"]}. If there is no restriction, the field can
be left out.

• User-supplied information:

– Multi-document task description: [task]
– Available metadata fields: [metadata description]

• Output format (JSON only; no extra text)

[
{

"subtask": "Format template for subquestion",
"restriction": {"year": ["2021","2022"]}

},
{

"subtask": "Format template for subquestion"
}

]
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A.7.3 Prompt Template of Norm Agent (Stage 1)

Prompt: Norm Agent (schema)

• Initial Prompt: You are an expert in structured data extraction, extract structured data related
to complex tasks directly from multiple sub-question answered conversations and transform it
into json format, the final output json data should be easily scalable when transform similar
conversations to json. Also you need to generate schema based on using the same language
as the users’s task language. For example, if the user speaks Chinese, you generate the query
template in Chinese.

• Input information:

1. Complex problem description: [task]
2. Complete dialog record of sub-question answers: [multi conversation]

• Processing requirements:

– extract all specific data values (numbers, options, measurements, etc.) related to the complex
task and standardize the units of measurement.

– identify variable types and add metadata:

* Classification variables: list the values that actually occur

* Ordinal variables: Preserve sequential relationships

* Quantitative variables: specify the units used
– For information not provided by the user, keep it as null.
– Naming of variables should reflect the meaning of the variable and the unit of measure.
– ideal json structure must just have one level, no nested structure and can be easily analysis

by python code.

• Output format: Please output data surrounded by <json>...</json> (must be a JSON
list[dict]), and add a brief schema with <des>...</des>.

A.7.4 Prompt Template of Norm Agent (Stage 2)

Prompt: Norm Agent (continuation)

• Initial Prompt: You are a json continuation helper that converts new conversation records to
json data based on the original conversation record converted json data (list[dict]) format
provided by the user, which is easy to merge with the original data.

• Input information:

1. json data of the original conversation record: [json]
2. new conversation record: [new conversation]

• Processing requirements:

1. Convert the new conversation record to json format, making sure it is consistent with the
original data structure.

2. Maintain consistency in variable naming and units of measure.
3. Make sure the new json data can be seamlessly connected to the original data.

• Output Format: Please enclose your extended section with <json>...</json> (a list[dict]
that can be concatenated to the original data with + in Python).
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A.7.5 Prompt Template of Code Agent
Prompt: Code Agent

• Initial Prompt: You are a question answering expert, the user will provide a complex task and
multiple copies of related json data and their paths, you need to write code based on this data to
get the data needed to answer the question. Please note for each available, the user only provides
the few shot of original json data (list[dict]) for you to write code for this task, and the user
will provide the path to the json data, you need to read the json data from the user-provided path,
execute the code will directly solve the task ideally.

• Input information:

1. task description: [task]
2. available json data (few shot): [json data]
3. path to the json data: [json path]
4. schema of the json data: [json schema]

• Processing requirements

1. Analyze the task description to identify key issues and data requirements.
2. Based on the json data provided, write executable python code to read the json data from

the user-provided path and extract the required information.
3. The code output should be readable, ideally the code output should answer the task directly.

• Output format: Wrap your code in <execute>...</execute> and you can add necessary
explanations outside the tags.

A.7.6 Prompt of Final Answer
Prompt: Final Answer

The user is provided with a complex task, JSON data description, Python code, and run results.
Produce the final concise answer (in the user’s language).
Inputs: [task], [data], [code], [code resp].

A.7.7 Prompt Template of judging Information Extraction (cell-wise on aligned rows)
Prompt: Judge — Information Extraction

The user will provide:

1. Multi-document question: [question]

2. Source table headers: [source headers]

3. One gold source row (row index = {row index}): [source row]

4. Aligned target document metadata (already matched by the dataset, do not judge metadata again):
[aligned doc meta]

5. Metric columns to judge from this row (metric total = {metric total}): [metric columns]

6. Complete dialog record of all sub-question answers on this document: [agent conversation]

Evaluation Criteria:

1. Judge only against this single gold row and this single document dialog.

2. This gold row has already been aligned to the correct document by the dataset metadata. Treat
the document identity as given.
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3. Do not score metadata fields in this step. Judge only the metric columns in this row one by one.

4. A metric column counts as correct only if the document dialog contains the same core fact under
the correct symbol and year context.

5. For numeric columns, treat the extraction as correct if the integer digits and the first decimal
place are correct, unless the task clearly requires exact discrete identifiers.

6. Extra information in the dialog does not hurt correctness.

7. Count each column at most once.

TASK:

1. Return only the metric fields that are correctly supported by the dialog.

Constraints:

1. correct metric fields must contain only field names from the provided metric columns.

2. If none are correct, return an empty list.

Return JSON only:
{

"correct metric fields": ["<metric field name>"]
}

A.7.8 Prompt Template of Judging RAG Information Extraction (The correct side)

Prompt: Judge — RAG Information Extraction (The correct side)

The user will provide:

1. Information (list) needed to answer the question (total required = {len source}):
[source answer]

2. Information extracted by the model (each part separated by <next chunk> is independent of
each other): [info]

Evaluation Criteria:

1. If the information extracted by the model contains the key information with true entity from the
reference, the correct extraction is added by one.

2. If the information does not match the entity or does not provide the entity information, it is
judged incorrect and the number of correct extractions remains unchanged.

3. If the key information is missing or does not match the reference, it is judged incorrect and the
number of correct extractions remains unchanged.

4. If the extraction is missing or does not match the reference information, it is judged incorrect
and the number of correct extractions remains unchanged.

5. If the extracted information involves numerical values, the model is considered correct as long
as it correctly extracts integer digits and the first decimal place.

Note: If the extraction of the model contains information other than the reference information or uses
a different language, this does not affect the determination. Multiple correct extractions of the same
information are counted only once.
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TASK: Calculate the number of intersections between the information extracted by the model and the
information that needs to be extracted.
Return JSON:
{

"correct extractions": <number of correct entries>,
"total required": len source,
"explanation": "..."

}

A.7.9 Prompt Template of Judging RAG Information Extraction (The incorrect side)

Prompt: Judge — RAG Information Extraction (The incorrect side)

The user will provide: The user will provide:

1. Information (list) needed to answer the question (total required = {len source}):
[source answer]

2. Information extracted by the model (each part separated by <next chunk> is independent of
each other): [info]

Evaluation Criteria:

1. Treat the reference information list as the gold standard.

2. For each required entry in the reference list, check all extracted chunks:

3. If at least one chunk correctly contains the key information with the true entity, this entry is
counted as correctly extracted.

4. If the key information is missing, conflicts with the reference (wrong entity/value), or is otherwise
incorrect, this entry is counted as an error.

5. If the extracted information involves numerical values, the model is considered correct as long
as it correctly extracts integer digits and the first decimal place.

6. Extra information that is not in the reference list, or uses a different language, does not affect the
judgment. Only the correctness of the required entries is considered.

7. Multiple correct extractions of the same reference entry are counted only once.

8. error extractions is the number of required entries that are incorrect or missing (i.e., entries in
the reference list that do not have a correct extraction).

TASK:You are asked to consider each part of the model output separated by ¡next chunk¿ as a piece
of information extracted by the model, and compute:

1. error extractions = number of incorrect or missing entries among the required information.

2. total required = len source.

Return JSON only:
{

"error extractions": <number of incorrect or missing entries>,
"total required": {len source},
"explanation": "your simple explanation"

}
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A.7.10 Prompt Template of Judging Final Answer
Prompt: Judge — Final Answer

The user will provide:

1. Multi-document question: [question]

2. Multi-document reference answer: [final answer]

3. Model’s answer: [model answer]

Evaluation Criteria:

1. Model’s answer will be judged as correct if it contains the key information in the reference
answer.

2. If the key information is missing or the answer does not match the reference answer, the answer
will be judged as incorrect.

3. If the answer is missing or does not match the reference answer, the answer is judged as incorrect.

4. If the answer involves a numerical value, it is considered correct as long as the model answers
the whole number of digits and the first decimal place correctly.

Note: If a model answer contains additional information beyond the reference answer or use different
language, this does not affect the judgment as correct.
TASK: Determine whether the model’s final answer is correct with respect to the reference answer.
Return JSON:
{"is correct": true/false, "explanation": "..."}

A.8 Benchmark Examples
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Table 8: Some Examples of Our Benchmark

Simple

Question Source Answer

For China’s A-share market, please provide the stock codes
of the three companies with the highest capital adequacy
ratio in 2021 from your knowledge base.

Stock code [symbol] had a capital adequacy ratio of xx in
[year].

Please calculate the range of total operating costs for
A-share companies in 2021 from your knowledge base.

Based on [year] data, the maximum total operating cost for
A-share companies was xx, the minimum was xx, and the
range was xx.

Based on the US stock market, which three companies had
the highest proportion of other business revenue in 2021 in
your knowledge base? List their stock symbols.

Company [symbol] had main business revenue of $xx million
and other business revenue of $xx million in [year], with
other revenue representing xx% of total revenue.

Based on the US stock market, which three companies had
the highest proportion of other business revenue in 2022 in
your knowledge base? List their stock symbols.

Company [symbol] had main business revenue of $xx million
and other business revenue of $xx million in [year], with
other revenue representing xx% of total revenue.

For China’s A-share market, which companies in your
knowledge base had their equity registration date in 2023
advanced by more than two weeks compared to 2022?
Provide their stock codes.

Stock code [symbol] had an equity registration date of xx in
[year] and xx in [year+1].

Complex

Question Source Answer

Based on the US stock market, report the top three companies
by total assets in 2022, including their stock symbols and
exact asset values.

Stock code [symbol] had total assets of $xx in [year].

For China’s A-share market, please calculate the amount of
change in the total cost of doing business in your knowledge
base from 2021 to 2023 in terms of extreme variance.

Based on data from [year1] to [year2], the maximum change
in total operating cost for A-share companies was xx, the
minimum change was xx, and the range of changes was xx.

Please provide the stock codes of the three companies in your
knowledge base with the highest pre-tax dividend per share
growth rates in the 2022–2023 annual distribution and their
specific growth rates.

Stock code [symbol] from year to year+1, the pre-tax
dividend per share changes from xx to xx, with a growth rate
of xx.

Based on the data in your knowledge base for the 2023
annual distribution, analyze the intervals between the share
registration date and the ex-dividend date, and provide the
ticker symbols of the three companies with the shortest
intervals and the number of days between them.

Stock code [symbol] in [year] yearly distribution had a share
registration date of xx, ex-rights and ex-dividend date of xx,
with an interval of xx days.

Please provide the stock codes of the outlier firms whose rate
of change in capital adequacy, total operating costs, or net
income exceeds the knowledge base mean ± twice the
standard deviation over the period 2022–2023.

Stock code [symbol] ratio of change in capital adequacy xx
(knowledge base mean xx, standard deviation xx), ratio of
change in total operating costs xx (knowledge base mean xx,
standard deviation xx), and ratio of change in net income xx
(knowledge base mean xx, standard deviation xx) over the
period from [year] to [year+1].
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