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Financial search is a highly demanding task for LLM agents, requiring not only a correct
final answer but also temporally valid information retrieval, authoritative source selection,
entity and period alignment, unit and definition consistency, and verifiable evidence for all
conclusions. Existing benchmarks predominantly evaluate only the final answer, making
it difficult to localize errors or assess whether an answer is well-founded. To address this
gap, we introduce FINFIRST (Financial Information Retrieval, Sourcing and Traceability),
the first financial benchmark to jointly evaluate answers and supporting evidence through
atomic rubrics. FINFIRST comprises 123 expert-authored tasks spanning a graduated
difficulty spectrum, constructed from aggregate patterns of real-world financial scenarios
via an 18-field taxonomy, a 6-axis coverage blueprint, a registry of 138 financial sources,
contributions from over 50 finance experts, and 6-stage quality control pipeline. Each
task is accompanied by an evidence-grounded reference package decomposed into atomic
criteria across three dimensions—raw-information acquisition, source verification, and
computation and answer formation—enabling fine-grained evaluation of the complete
research process. We evaluate 15 model configurations under a unified tool setting: Claude-
Opus-5 achieves the highest atomic score (87.59%), while GPT-5.6-Sol attains the highest
strict pass rate (71.54%), with computation and answer formation consistently lagging
behind raw-information acquisition as a common bottleneck across all systems. FINFIRST
thus retains final-answer correctness as the primary objective while making the supporting
research process measurable, verifiable, and diagnosable a.

Date: September, 2026

Huggingface: https://huggingface.co/datasets/inclusionAI/FinFIRST
aThis paper presents FINFIRST V1; the forthcoming V2 will expand the benchmark further, with tasks

spanning foundational search and advanced financial research.

1 Introduction

Search has emerged as a core capability of Large Language Model (LLM) agents (Wei et al., 2025;
Gou et al., 2025), and finance provides a particularly demanding setting for this capability (Hu
et al., 2025; Bigeard et al., 2025). A successful search in finance rarely means locating a single
webpage or matching a number. Instead, an agent must identify authoritative and time-valid
sources, retrieve information for the correct entity and reporting period, align units and financial

∗Equal contribution. †Corresponding author: <yueyin.zxl@antgroup.com>. ⋄Work done during an internship at Ling Team,
Inclusion AI.
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Table 1 Comparison of representative financial benchmarks. Agentic: requires agents to actively retrieve information or
use external tools. Time-sensitive: contains tasks whose correct answers are tied to a specific point in time and may
change as new information becomes available. Demand-aligned: ensures tasks reflect authentic financial needs or

real-world professional workflows. Expert-authored: requires tasks to be designed and authored by domain experts in
finance. Multi-source: requires integrating and reconciling evidence from multiple heterogeneous sources. Evidence

scoring: evaluates the quality and relevance of the supporting sources and evidence. Atomic assessment: assigns
separate scores to individual intermediate criteria rather than relying solely on final-answer evaluation.

Benchmark Agentic Time-
sensitive

Demand-
aligned

Expert-
authored

Multi-
source

Evidence-
scoring

Atomic-
assessment

ConvFinQA (Chen et al., 2022) ✗ ✗ ✗ ✓ ✗ ✗ ✗
FinanceBench (Islam et al., 2023) ✗ ✗ ✗ ✓ ✗ ✗ ✗
FinanceQA (Mateega et al., 2025) ✗ ✗ ✗ ✓ ✗ ✗ ✗
BizFinBench (Lu et al., 2025) ✗ ✗ ✓ ✓ ✗ ✗ ✗
Finance Agent Benchmark (Bigeard et al., 2025) ✓ ✗ ✗ ✓ ✓ ✗ ✓
FinSearchComp (Hu et al., 2025) ✓ ✓ ✗ ✓ ✓ ✗ ✗
FrontierFinance (research) (Zhang et al., 2026) ✓ ✓ ✗ ✓ ✓ ✓ ✗
FrontierFinance (computer use) (Krumdick et al., 2026) ✓ ✗ ✗ ✓ ✓ ✗ ✗
FinDeepIndicator (Yang et al., 2026) ✓ ✗ ✗ ✗ ✓ ✗ ✓

FINFIRST (ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓

definitions, reconcile evidence across sources, perform necessary calculations, and support its
conclusion with verifiable evidence. Errors at any of these steps can yield a plausible-looking but
unsupported answer. Evaluating financial research agents therefore requires examining not only
the final answer, but also the evidence and intermediate steps used to derive it.

However, existing benchmarks cover complementary parts of this workflow. Financial QA datasets
such as FinQA (Chen et al., 2021), ConvFinQA (Chen et al., 2022), TAT-QA (Zhu et al., 2021), and
FinanceBench (Islam et al., 2023) provide the relevant evidence context, and therefore primarily
evaluate reasoning over evidence rather than the end-to-end process that discovers it.

Finance Agent Benchmark (Bigeard et al., 2025) and FrontierFinance (Zhang et al., 2026) extend
evaluation to tool use and research-style outputs, but do not directly assess supporting evidence
through atomic intermediate criteria. FinDeepIndicator (Yang et al., 2026) evaluates intermediate
stages, but focuses on template-derived financial indicator construction. Among these agentic
financial benchmarks, FinSearchComp (Hu et al., 2025) is most closely related to our work: it
comprises 635 expert-curated questions covering time-sensitive data retrieval, historical lookup,
and complex investigation across global and Greater China markets. Nevertheless, its binary
final-answer evaluation reveals neither where an error occurs—in source selection, data extraction,
definition alignment, or calculation—nor whether a correct response is genuinely supported by
appropriate evidence or merely happens to match the reference answer. Table 1 summarizes these
differences.

In this work, we introduce FINFIRST (Financial Information Retrieval, Sourcing and Traceability),
the first financial benchmark to evaluate both generated answers and retrieved evidence through
atomically decomposed rubrics. The rubrics span three capability groups: (1) Raw-information
acquisition examines whether the required facts and figures are retrieved with the correct entity, pe-
riod, unit, and definition; (2) Source verification assesses whether the cited sources are authoritative,
temporally valid, and preferably first-party; and (3) Computation and answer formation evaluates
subsequent calculations, reasoning, completeness, and instruction following. Traceability is en-
forced throughout by requiring key facts, figures, intermediate calculations, and conclusions to be
explicitly grounded in and traceable to the cited evidence. The construction of FINFIRST benefited
from professional support provided by the investment banking team at China International Capital
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Table 2 An example combining Meta’s official disclosures with an industry report, and its atomic evaluation rubric.

Question. Using the latest official and industry data available as of June 30, 2026, and Meta’s official disclosures
together with the IAB/PwC Internet Advertising Revenue Report, calculate Meta’s 2025 United States & Canada
advertising revenue as a percentage of 2025 U.S. social media advertising revenue. Report the result as a percentage
rounded to two decimal places.
Reference answer. Meta reported quarterly U.S. & Canada advertising revenue of $18.259, $20.045, $21.331, and
$25.643 billion, totaling $85.278 billion. The IAB/PwC report gives 2025 U.S. social media advertising revenue of
$117.70 billion. Therefore, $85.278/$117.70 × 100% = 72.45%.

Capability Atomic criterion Points

Source verification Identifies Meta’s official 2025 disclosure materials or filing. 10
Source verification Identifies the 2025 IAB/PwC Internet Advertising Revenue Report. 10
Raw-information
acquisition

Extracts Meta’s four quarterly U.S. & Canada advertising-revenue figures: $18.259,
$20.045, $21.331, and $25.643 billion.

30

Raw-information
acquisition

Extracts 2025 U.S. social media advertising revenue of $117.70 billion. 20

Computation and
answer formation

Correctly aggregates Meta’s quarterly revenue:
18.259 + 20.045 + 21.331 + 25.643 = 85.278 billion.

10

Computation and
answer formation

Correctly calculates: 85.278/117.70 × 100% = 72.45%. 10

Computation and
answer formation

Reports the final answer as 72.45%, with the required precision and unit. 10

Total 100

Corporation Limited (CICC), lending strong industry-grounded expertise to the development
process.

Specifically, FINFIRST is constructed through the three-phase pipeline. First, we derive an 18-field
taxonomy and a 6-axis coverage blueprint from aggregate patterns in real financial search demand.
In parallel, finance experts compile a routing map of 138 sources, annotating each for authority, task
suitability, and geographic coverage. Second, over 50 finance experts author questions guided by the
coverage blueprint, with continuous rebalancing to fill under-represented categories. Guided by the
source map, they construct a reference package for each question, including the answer, supporting
sources, key definitions and data versions, calculations, valid alternatives, and numerical tolerances.
Each package is then decomposed into atomic rubric items across raw-information acquisition, source
verification, and computation and answer formation. Third, every candidate undergoes 6-stage quality
control: scope review, independent re-solving, cross-validation and adjudication, rubric auditing,
model-based stress testing, and final consistency checks. This pipeline yields 123 realistic, diverse,
and expert-vetted tasks with graduated difficulty, ranging from focused single-source lookups to
complex multi-step research requiring planning, cross-source synthesis, and calculation. Table 2
presents an advanced-research example alongside its atomic rubric.

We evaluate 15 model configurations under a unified toolset comprising web search, webpage
fetching, and Python execution, employing atomic scores and strict pass rates to distinguish partial
progress from complete task success. The results yield three main findings. First, even the strongest
agents remain far from perfect: Claude-Opus-5 achieves the highest overall rubric score (87.59%),
while GPT-5.6-Sol attains the highest strict pass rate (73.54%). The gap between these two metrics
suggests that high aggregate scores often reflect partially correct research processes rather than
consistently complete solutions. Second, computation and answer formation consistently lag behind
raw-information acquisition across all evaluated systems, indicating that successfully retrieving

3



relevant data does not guarantee correct calculation, synthesis, or reporting. Third, similar overall
scores can mask distinct capability profiles. For instance, GLM-5.3 and Kimi-K3 achieve nearly
identical overall scores (80.61% vs. 80.83%), yet GLM-5.3 substantially outperforms Kimi-K3 in
source verification (78.56% vs. 70.70%), whereas Kimi-K3 holds an advantage in raw-information
acquisition and computation and answer formation. Together, these findings demonstrate the
diagnostic value of atomic assessment in pinpointing where financial research agents succeed and
where they fall short.

Our contributions are threefold:

• We introduce and release FINFIRST, a demand-aligned, expert-authored benchmark of 123
tasks with graduated difficulty, accompanied by atomic rubrics that evaluate both answers
and evidence for fine-grained assessment.

• We develop an expert-led construction pipeline grounded in real-world financial scenarios,
combining an 18-field taxonomy, a 6-axis coverage blueprint, 138 financial sources, more than
50 finance experts, and 6-stage quality control.

• We systematically evaluate 15 model configurations under a unified basic-tool setting, re-
vealing a gap between atomic scores and strict task completion, a consistent bottleneck in
computation and answer formation, and distinct capability profiles hidden by similar aggre-
gate scores.

2 Data Construction

The construction of FINFIRST follows four principles: benchmark composition should reflect
financial information needs observed in practice; task difficulty should arise from meaningful re-
trieval, source selection, definition alignment, evidence reconciliation, and computation rather than
obscure facts or artificial traps; each reference answer should be reproducible from authoritative,
version-correct evidence; and evaluation should reveal where an agent succeeds or fails within
the research process. As illustrated in Figure 1, we operationalize these principles through three
phases: data preprocessing, expert-led data construction, and six-stage quality control.

2.1 Data Preprocessing

2.1.1 Demand Analysis and Taxonomy Design

We abstract recurring financial information needs into an 18-field taxonomy, organized across four
semantic groups. Task structure captures question decomposition, subquestion dependencies,
and conditional filtering. Research content covers the research object, target metric, metric defini-
tion or accounting convention, geography or market, temporal-constraint type, and explicit time
specification. Processing requirements specify the verification mode, computation type, output
format, and response language. Source and retrieval intent records whether a source is specified,
its accessibility and mainstreamness, the number of sources required, and the retrieval intent—data
retrieval, fact retrieval, evidence localization, or concept identification. Notably, these four groups
constitute an organizational summary rather than a rigid four-tuple: every question is annotated
over a uniform 18-field schema, with individual fields may be multi-valued or inapplicable. This
representation supports stratified sampling, coverage auditing, and fine-grained capability analysis.
Aggregate patterns from real-world financial-use scenarios determine the baseline distribution,
while professionally important but less frequent settings are retained when they can be supported
by accessible and reproducible evidence.
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Figure 1 Overview of FINFIRST construction pipeline. The pipeline comprises three stages: data preprocessing derives
an 18-field taxonomy, a 6-axis coverage blueprint, and a 138-source map from patterns observed in real-world financial
scenarios; data construction engages over 50 finance experts to iteratively author questions, balance coverage, construct

evidence-grounded reference packages, and define atomic rubrics; and quality control applies a 6-stage review and
filtering procedure, resulting in a final set of 123 verified questions.

2.1.2 Coverage Blueprint

Taking the Cartesian product of all 18 taxonomy fields would yield a large number of implausible or
redundant tasks. We therefore define a coverage blueprint over six dimensions that directly shape
the research process: task structure, research object, market, temporal setting, evidence complex-
ity, and processing complexity. Evidence complexity distinguishes specified-source retrieval from
open search and single-source tasks from multi-source research; processing complexity ranges from
direct extraction and conditional filtering to financial calculation and multi-step synthesis. Together,
these two dimensions jointly determine the difficulty distribution: easy questions involve direct or
limited-step retrieval, medium questions require additional alignment, verification, or straightfor-
ward calculation, and hard questions combine multiple research steps, sources, definitions, periods,
calculations, or synthesis requirements.

2.1.3 Financial Source Map

In parallel, finance experts construct a routing map of 138 financial sources spanning major markets
and research objects. Each source is annotated with its identity, access path, description, authority
level, applicable entities and metrics, task suitability, and geographic coverage. The map covers
regulators and exchanges, statutory and corporate disclosures, official statistics, international
and industry organizations, professional financial databases, specialist research providers, and
established financial media. Its authority hierarchy prioritizes statutory, official, and first-party
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evidence, while allowing established secondary sources when they are appropriate to the task and
can be corroborated.

The source map is a routing aid rather than an answer key. For each question, experts jointly
consider the research object, metric, market, temporal requirement, and verification objective
to identify suitable primary sources and valid alternatives. The exact documents and evidence
accepted for an individual question are recorded separately in its reference package.

2.2 Expert-Led Data Construction

2.2.1 Question Authoring

More than 50 finance professionals participate in question construction. Experts author new ques-
tions according to the taxonomy and coverage blueprint, with each question assigned structured
labels under the same schema used during demand analysis. Coverage is monitored continuously
by comparing the distribution of candidate questions against the target; experts are directed to
fill documented gaps while redundant or over-represented candidates are revised or removed,
creating an iterative loop between authoring and coverage auditing.

Each question must define the research target with sufficient precision. Where relevant to the
answer, the prompt specifies the target entity, temporal range or cutoff, financial or statistical
definition, unit, expected output, and numerical precision. Questions whose difficulty derives
primarily from ambiguity, inaccessible evidence, obscure trivia, or unnecessary computation are
revised or excluded.

2.2.2 Reference-Package Construction

For each candidate question, the expert uses the source map to identify task-appropriate primary
sources and valid alternatives, then constructs an item-specific reference package. The package
contains: reference answer; authoritative documents or URLs with precise evidence locations,
such as the filing, section, page, table, or data-series identifier; the required facts and numerical
inputs; relevant definitions, reporting periods, units, currencies, consolidation scopes, and data
versions; intermediate calculations or synthesis steps; and acceptable alternative sources, equivalent
definitions, and numerical tolerances. For time-sensitive items, the package additionally records the
reference cutoff, publication or filing date, access date, and evidence version, collectively preserving
reproducibility when the underlying information is subsequently updated, revised, or restated.

2.2.3 Atomic Rubric Construction

Finance experts further decompose the reference package into independently assessable atomic
criteria, each of which must be required by the question, supported by the reference package,
and specific enough to evaluate without unstated assumptions. The criteria span three capability
groups: raw-information acquisition, covering whether each required fact or value is retrieved
with the correct entity, period, unit, currency, and definition; source verification, assessing whether
the agent uses authoritative, task-relevant, and time- and version-valid evidence; and computation
and answer formation, measuring the correctness of the required calculations or reasoning and
the completeness and format of the final answer. Traceability is enforced across all three groups
by linking key facts, numerical inputs, intermediate calculations, and conclusions to supporting
evidence. When financially equivalent solutions exist, the rubric records valid alternative evidence
paths, equivalent definitions, and explicit numerical tolerances, thereby rewarding correct inter-
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mediate work, avoiding the treatment of a single reference path as the only valid solution, and
preventing unsupported answers from receiving full credit merely by matching the final value.

2.3 Quality Control

Every candidate undergoes the same six-stage quality-control process; those that fail a stage are
revised and reassessed or removed.

• Value and scope review. Reviewers verify that the question represents a meaningful financial
need with a clear entity, period, definition, source requirement, and answer boundary. Ques-
tions based on artificial search traps, immaterial facts, or complexity unrelated to financial
research are revised or rejected.

• Independent re-solving. A second finance expert solves the question from scratch, indepen-
dently locating authoritative evidence, verifying document versions and reporting periods,
extracting the required inputs, and reproducing the calculation or analysis.

• Cross-validation and adjudication. The independent solution from the second finance expert
is compared with the original reference package, and any disagreements are localized to their
source, version, entity scope, definition, period, unit, currency, calculation, or interpretation
and resolved against the strongest available evidence rather than by majority vote.

• Rubric audit. Reviewers verify that each atomic criterion is explicitly required by the question,
supported by the reference evidence, assigned to the appropriate capability group, and
weighted consistently. The rubric must not introduce source, format, or intermediate-result
requirements that are absent from the prompt. Any revision to the question, answer, evidence,
calculation, or tolerance is propagated to the other components.

• Model-based stress testing. Candidate questions are executed by multiple LLMs, including
CLAUDE-OPUS-5 (Anthropic, 2026), GPT-5.6-SOL (OpenAI, 2026), and GLM-5.3 (Z.ai, 2026b),
to expose residual ambiguity, outdated evidence, omitted sources, brittle scoring conditions,
and unintended shortcuts. Model outputs are used only to identify potential issues and
calibrate task difficulty; all revisions and acceptance decisions remain under expert control.

• Final consistency check. Accepted candidates undergo deduplication, leakage checks, taxon-
omy normalization, evidence-link and version verification, and cross-component consistency
checks. Reviewers confirm that the prompt, reference package, atomic rubric, and taxonomy
labels describe the same research task and evidence requirements.

2.4 Data Statistics

After quality-control filtering, FINFIRST retains 123 expert-authored and verified questions, corre-
sponding to an overall item acceptance rate of 9.78%. Figure 2 summarizes the benchmark along
ten dimensions: difficulty, rubric allocation, task structure, research object, market and geography,
language, computation, conditional filtering, and source specification and count.

The benchmark follows a graded difficulty distribution of 31.7% easy, 42.3% medium, and 26.0%
hard questions, with prompts and reference answers averaging 187.02 and 90.93 characters per
task, respectively. Rubric points are distributed across raw-information acquisition (59.5%), source
verification (17.0%) and computation and answer formation (23.5%), reflecting the benchmark’s
dual emphasis on retrieving required information and producing evidence-supported answers. The
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Figure 2 Composition of FINFIRST across dataset and rubric dimensions. Each panel reports category shares within the
corresponding dimension. Percentages are rounded, and long-tail categories are grouped under Others where applicable.

final composition combines broad coverage with substantial process complexity: more than four-
fifths of the questions contain multiple related subproblems, 61.8% require explicit computation,
32.5% draw on multiple sources, and 14.6% involve conditional filtering. While 75.6% of questions
require open search without a specified source, the remainder involve designated sources—all
of which are publicly accessible. Companies constitute the largest research-object category, with
mainland China and the United States contributing comparable shares of geographic coverage. The
benchmark is bilingual, comprising 60.2% Chinese and 39.8% English questions.

3 Experiment

3.1 Evaluation Setup

We evaluate 15 model configurations on all 123 questions in FINFIRST under a common agent
harness. All models follow the same ReAct-style (Yao et al., 2023) interaction protocol and share
an identical toolset—web search, page visit, and Python execution—thereby reducing variation
introduced by proprietary search stacks and keeping the focus on each agent’s ability to plan
searches, retrieve evidence, and construct well-supported answers. We set the output temperature
T of 1.0, and results were reported over one designated run for each model configuration. Appendix
A details the tool interfaces and their roles in the research workflow.

3.2 Models

A total of 15 model configurations are evaluated: QWEN3.8-MAX (Qwen Team, 2026c), QWEN3.8-
27B (Qwen Team, 2026a), QWEN3.8-FLASH (Qwen Team, 2026b), MINIMAX-M3 (MiniMax, 2026),
HUNYUAN3-THINKING (Hunyuan Team, 2026), GLM-5.3-FLASH (Z.ai, 2026c), GEMINI-3.7-FLASH (Deep-
Mind, 2026), GLM-5.2 (Z.ai, 2026a), CLAUDE-OPUS-5 (Anthropic, 2026), KIMI-K3 (Kimi Team,
2026), GLM-5.3 (Z.ai, 2026b), DEEPSEEK-V4-PRO (DeepSeek-AI, 2026a), DEEPSEEK-V4-FLASH (DeepSeek-
AI, 2026b), and GPT-5.6-SOL (OpenAI, 2026)—together with the finance-specialized LING-3.0-
FLASH-FIN (inclusionAI, 2026). All results are produced under the common basic-tool setting
described above. Detailed model cards and evaluated identifiers are provided in Appendix B.
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3.3 Evaluation Metrics

Each question q contains a set of atomic rubric items Rq, with the total count across all 123 questions
summing to ∑q∈Q |Rq| = 701. Each rubric item i carries an expert-defined weight wq,i, normalized
within each question to 100 points (∑i∈Rq wq,i = 100), yielding 123 × 100 = 12,300 weighted rubric
points in total. Given a binary judge decision zq,i ∈ {0, 1} for each item, we evaluate models using
three complementary metrics:

Atomic =
∑q ∑i∈Rq zq,i

∑q |Rq|
, (1)

Weighted Rubric Score =
∑q ∑i∈Rq wq,izq,i

∑q ∑i∈Rq wq,i
, (2)

Strict Pass =
1
|Q| ∑

q
I
[
∀i ∈ Rq, zq,i = 1

]
. (3)

Atomic is the unweighted pass rate over all 701 criteria, treating every item equally regardless of its
assigned weight. Weighted Rubric Score (referred to as Loose on the internal leaderboard) grants
partial credit proportional to expert-assigned weights across the full 12,300-point benchmark. Strict
Pass counts a question as correct only if all of its atomic criteria are satisfied.

Each atomic criterion is assigned to exactly one of three capability groups—raw-information
acquisition, source verification, and computation and answer formation—with group-level scores
reported as weighted pass rates over their respective point totals

Wg = ∑
q∈Q

∑
i∈Rq,g

wq,i, (4)

where Rq,g ⊆ Rq denotes the criteria of question q in group g. This yields 7,322 points for
raw-information acquisition, 2,085 for source verification, and 2,893 for computation and answer
formation, which together sum to the full benchmark total of 12,300.

3.4 Rubric Judge

We utilize GLM-5.1(GLM-5 Team, 2026) as the rubric judge. Given the question, the atomic rubric
items, and the model’s final response, the judge independently determines whether each item
is fully satisfied—verifying numerical values, units, time ranges, financial definitions, sources,
calculations, and output requirements, and rejecting any item with missing evidence, incorrect
periods, or mismatched definitions. Scores are then computed deterministically from the resulting
binary decisions and its weights. To validate judge reliability, we randomly sampled 50 evaluation
instances for annotation by eight finance experts; after adjudication, item-level agreement between
GLM-5.1 and the human reference labels yielded Cohen’s Kappa κ (Cohen, 1960) = 0.816, indicating
strong agreement. The full judge prompt is provided in Appendix C, Table 7.

4 Result and Analysis

4.1 Overall Performance

Table 3 reports performance and tool-use statistics for all 15 model configurations. CLAUDE-OPUS-5
achieves the highest Atomic (87.59%) and Loose Pass (87.61%) scores, while GPT-5.6-SOL leads in
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Table 3 Overall, rubric-level, and tool-efficiency results on FINFIRST under the common basic-tool setting. ↓ indicates
that lower values denote greater efficiency conditional on comparable task correctness, and efficiency statistics are

averaged over questions with recorded trajectories. † indicates incomplete result coverage: GPT-5.6-SOL has 117 valid
questions, whereas CLAUDE-OPUS-5, GLM-5.3, QWEN3.8-27B, and LING-3.0-FLASH-FIN each have 122. Missing

outputs remain in the fixed 123-question denominator, with all associated rubric items marked as failed.

Model Overall metrics (%) Rubric dimensions (%) Tool efficiency

Atomic Loose Pass Strict Pass
Raw-

information
Source

verification
Computation

& answer
Avg.

rounds ↓
Avg.

tool calls ↓
Max.

tool calls ↓

GPT-5.6-SOL† 85.45 85.92 71.54 86.85 88.68 81.58 24.64 62.28 281
CLAUDE-OPUS-5† 87.59 87.61 69.11 88.98 89.59 82.72 14.80 23.89 153
GEMINI-3.7-FLASH 75.89 76.75 44.72 81.19 66.62 72.80 23.73 23.73 74
QWEN3.8-MAX 78.17 77.40 54.47 80.33 77.75 69.72 32.20 41.47 167
QWEN3.8-FLASH 82.31 81.23 61.79 84.29 83.36 71.93 25.00 35.37 134
DEEPSEEK-V4-PRO 76.03 75.41 51.22 80.09 73.57 64.88 21.78 22.21 100

GLM-5.3† 79.32 80.61 60.98 83.11 78.56 75.77 18.61 24.11 95
GLM-5.3-FLASH 79.60 76.64 56.91 79.50 80.77 66.44 22.43 30.46 135
GLM-5.2 70.61 65.89 43.09 69.75 68.30 54.37 20.34 23.72 87
KIMI-K3 84.45 80.83 59.35 84.84 70.70 77.98 17.59 36.49 313
DEEPSEEK-V4-FLASH 72.90 71.37 48.78 77.49 71.65 55.69 16.49 21.96 106
QWEN3.8-27B† 78.03 77.28 55.28 81.49 76.83 66.92 28.20 37.33 149
MINIMAX-M3 63.05 60.70 37.40 65.51 62.97 46.87 27.45 42.28 177
HUNYUAN3-THINKING 65.76 65.22 40.65 70.43 68.01 50.02 29.24 40.28 189
LING-3.0-FLASH-FIN† 75.89 75.07 52.85 78.43 82.45 61.25 23.08 30.87 119

Strict Pass rate with 88 of 123 questions fully satisfied (71.54%). Even for the strongest systems, the
gap between partial credit and complete task success remains substantial: CLAUDE-OPUS-5’s Strict
Pass rate trails its Loose Pass score by 18.50 percentage points, indicating that a largely correct
solution frequently retains at least one unresolved requirement.

The three rubric groups reveal a consistent downstream bottleneck: computation and answer
formation underperforms raw-information acquisition for each model; the gap ranges from 5.27
percentage points for GPT-5.6-SOL to 21.80 points for DEEPSEEK-V4-FLASH. Rubric decomposition
further distinguishes models with similar aggregate performance: GLM-5.3 and KIMI-K3 achieve
comparable Loose Pass scores (80.61% and 80.83%, respectively), yet GLM-5.3 is stronger in source
verification (78.56% vs. 70.70%), while KIMI-K3 leads in both raw-information acquisition (84.84%
vs. 83.11%) and computation and answer formation (77.98% vs. 75.77%). Among all evaluated
systems, LING-3.0-FLASH-FIN stands out in source verification, reaching 82.45%—the highest
among open-weight models in the lower block of Table 3.

Tool-use volume is not monotonically related to performance. GPT-5.6-SOL averages 62.28 tool
calls per covered question versus 23.89 for CLAUDE-OPUS-5, and KIMI-K3 records the largest
single-question maximum at 313 calls; LING-3.0-FLASH-FIN, by contrast, pairs its strong source-
verification score with a moderate average of 30.87 calls and a maximum of 119. Call counts should
therefore be treated as efficiency indicators only when comparing systems at similar levels of task
correctness, as higher volumes may reflect broad exploration, recovery from retrieval failures, or
inefficient search rather than superior research outcomes.

4.2 Unsupported-Correct Answers

Final-answer accuracy alone cannot distinguish a well-supported result from one reached without
a complete evidence chain. To quantify this distinction, we partition each decomposable question
into an answer layer and an evidence layer: computation-and-answer criteria form the former
when available, while raw-information criteria serve this role for direct-retrieval questions, and all
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Table 4 Answer correctness and evidence completeness. NA denotes questions without independently separable answer
and evidence layers. UCR is Q3/(Q3 + Q4), with ↓ indicating that lower is better.

Model
Q1: Wrong,
no support

Q2: Wrong,
partial process

Q3: Correct,
partial evidence

Q4: Correct,
fully traceable NA UCR (%) ↓

GPT-5.6-SOL† 7 19 8 84 5 8.70
CLAUDE-OPUS-5† 1 26 9 82 5 9.89
GEMINI-3.7-FLASH 9 31 27 51 5 34.62
QWEN3.8-MAX 8 30 17 63 5 21.25
QWEN3.8-FLASH 8 26 11 73 5 13.10
DEEPSEEK-V4-PRO 10 36 13 59 5 18.06

GLM-5.3† 9 25 14 70 5 16.67
GLM-5.3-FLASH 10 31 9 68 5 11.69
GLM-5.2 17 36 14 51 5 21.54
KIMI-K3 10 19 19 70 5 21.35
DEEPSEEK-V4-FLASH 13 35 12 58 5 17.14
QWEN3.8-27B† 7 29 17 65 5 20.73
MINIMAX-M3 20 41 12 45 5 21.05
HUNYUAN3-THINKING 17 42 12 47 5 20.34
LING-3.0-FLASH-FIN† 7 41 7 63 5 10.00

Average 10.20 31.13 13.40 63.27 5.00 17.74

remaining criteria constitute the latter. An answer is deemed correct only when all answer-layer
criteria pass, and fully supported only when every evidence criterion additionally passes. This
yields four outcomes: Q1, incorrect with no credited support; Q2, incorrect with partial research
progress; Q3, correct but incompletely supported; and Q4, correct and fully traceable.

For model m, we define the Unsupported-Correct Rate as

UCRm =
Nm(Q3)

Nm(Q3) + Nm(Q4)
, (5)

where the denominator contains all correct-answer attempts. UCR directly captures the value of
the evidence-aware atomic rubrics in FINFIRST: a lower value indicates that correct answers are
more consistently accompanied by complete, verifiable support. Across the 1,770 decomposable
attempts, 1,150 answers are correct, of which 201 fall into Q3, yielding a micro-averaged UCR
of 17.48% and an unweighted mean across models of 17.74%—meaning that final-answer-only
evaluation would overstate fully traceable success for nearly one in six correct-answer attempts.
GPT-5.6-SOL achieves the lowest UCR (8.70%) and GEMINI-3.7-FLASH the highest (34.62%). LING-
3.0-FLASH-FIN reaches 10.00%—third-lowest overall and below every evaluated open-weight
model—indicating that its correct answers are typically backed by complete evidence chains.

4.3 Slice Analysis

Figure 3 reports per-model Strict Pass across four dataset dimensions, with missing outputs counted
as failures. Task complexity yields the clearest trend: cross-model averages decline from 60.55%
on easy questions to 52.90% on medium and 47.71% on hard, with 14 of 15 models following this
monotonic decline. Source multiplicity produces a comparably consistent effect, as single-source
questions average 58.54% versus 46.94% for multi-source questions, with only GLM-5.3 reversing
the pattern. Market-level performance is more heterogeneous: Hong Kong questions record the
highest average (64.81%), followed by the United States (56.74%), mainland China (52.22%), and
other markets (45.25%). Within this dimension, U.S.-developed models hold a clear advantage
on U.S. questions (67.47% vs. 54.06% for China-developed models), whereas China-developed
models show a narrow edge on Hong Kong questions (65.01% vs. 64.00%), suggesting partial
regional specialization rather than uniform home-market dominance. Finally, English questions

11



Figure 3 Per-model Strict Pass across task complexity, source count, market and geography, and language. Model names
are shown in Green for U.S.-developed models and Blue for China-developed models.

outscore Chinese questions on average (57.14% vs. 51.71%), though model-level exceptions—
notably QWEN3.8-MAX and LING-3.0-FLASH-FIN—indicate that this aggregate gap partly reflects
differences in market and task composition rather than language alone.

5 Related Work

5.1 Financial QA Benchmarks

Early financial benchmarks primarily evaluate language understanding and numerical reasoning
within a bounded evidence setting. FinQA (Chen et al., 2021) and ConvFinQA (Chen et al., 2022)
pair questions with pre-selected passages and tables from annual reports, and additionally annotate
executable reasoning programs or conversational reasoning chains. TAT-QA (Zhu et al., 2021)
focuses on arithmetic reasoning over supplied tabular and textual evidence, while FinanceBench
(Islam et al., 2023) evaluates retrieval and question answering over a fixed corpus of public filings.
Broader suites extend coverage to sentiment analysis, text classification, forecasting, multilinguality,
and multimodality: FLUE (Shah et al., 2022), PIXIU/FLARE (Xie et al., 2023), FinBen (Xie et al.,
2024), MultiFinBen (Peng et al., 2025), and CFBenchmark (Lei et al., 2023) aggregate diverse financial
NLP tasks from multiple sources. FinEval (Guo et al., 2025) additionally covers Chinese financial
knowledge, security, and agent-oriented questions; CPA-KQA (Kuang et al., 2025) introduces
skill-level cognitive diagnosis using professional accounting examinations; and FinDABench (Liu
et al., 2025) targets financial data analysis and visualization. To improve professional realism,
FinanceQA (Mateega et al., 2025) employs tasks written and verified by domain practitioners, while
BizFinBench (Lu et al., 2025) grounds its Chinese tasks in queries drawn from a real-world financial
application.

Despite their diversity, these benchmarks share a fundamental limitation: they assume that relevant
evidence has already been provided or bounded, and thus cannot measure end-to-end performance
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spanning the full pipeline—from discovering and validating sources to extracting structured
information and generating the final answer.

5.2 Agentic Financial Benchmarks

Recent benchmarks have increasingly shifted toward evaluating financial agents that retrieve
and synthesize external information. Finance Agent Benchmark (Bigeard et al., 2025) comprises
537 expert-authored questions spanning nine research categories, and provides a model-agnostic
evaluation harness with access to web search and SEC EDGAR; its atomic rubrics represent an
improvement over exact-match scoring, though the published judge assesses answer content
rather than the quality of the underlying retrieval or reasoning process. FinSearchComp (Hu
et al., 2025) contains 635 questions constructed and quality-controlled by 70 finance professionals,
covering time-sensitive data fetching, historical lookup, and complex investigation tasks, yet
assigns each response a binary final-answer score. FrontierFinance (Zhang et al., 2026) advances
long-form investment research evaluation through 220 timestamped expert queries and 11,543
source-attributed criteria across six investor workflows, while also comparing systems built on
different tool harnesses; however, its grading remains focused primarily on the content of final
responses. A separate benchmark under the same name (Krumdick et al., 2026) extends this
line to long-horizon computer-use tasks that produce financial models and client-ready artifacts.
FinDeepIndicator (Yang et al., 2026) takes a more diagnostic approach by independently scoring
formula specification, data collection, indicator calculation, and answer generation, but its scope is
confined to template-derived indicator-construction questions.

Taken together, existing benchmarks in this line share three limitations: they either emphasize final-
answer content without systematically diagnosing the full evidence-to-answer chain, conflate model
capability with the effects of heterogeneous tool environments, or offer process-level evaluation only
within a narrow task family. None simultaneously combines broad, demand-informed financial
search coverage with provenance-aware grading, stage-level process diagnosis, and a common
configurable evaluation harness.

5.3 General Web Search Benchmarks

Domain-general benchmarks provide complementary views of browsing and tool use across diverse
task types. GAIA (Mialon et al., 2023) tests browsing, multimodality, reasoning, and tools on concep-
tually simple but real-world questions. BrowseComp (Wei et al., 2025) and BrowseComp-ZH (Zhou
et al., 2025) stress multi-step web search for short, time-invariant answers, while BrowseComp-
Plus (Chen et al., 2025) adds a fixed human-verified evidence corpus, controlled retrievers, and
citation-retrieval metrics. WebWalkerQA (Wu et al., 2025) evaluates traversal through website hier-
archies, and AssistantBench (Yoran et al., 2024) evaluates realistic and time-consuming open-web
tasks. SimpleQA (Wei et al., 2024) and Humanity’s Last Exam (Phan et al., 2025) test short-form
factuality and expert-level knowledge, respectively, without treating end-to-end web research as
their primary object of evaluation. Mind2Web 2 (Gou et al., 2025) uses tree-structured rubrics and
judge agents to assess complex, time-varying answers and source attribution; however, it evaluates
final retrieved information rather than intermediate interactions and avoids tasks that explicitly
require complex reasoning or external computation.

The central limitation of these benchmarks for our setting is their lack of financial specialization:
they do not encode authoritative financial source hierarchies, reporting-period and definition
alignment, strict numerical accuracy, or the evidence standards needed for auditable investment
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research.

6 Conclusion

We introduced FINFIRST, an expert-authored benchmark designed to evaluate financial search
agents beyond final-answer matching. Its 123 tasks are grounded in real-world financial scenarios
and constructed through an 18-field taxonomy, a 6-axis coverage blueprint, a registry of 138 financial
sources, contributions from over 50 finance experts, and a 6-stage quality-control pipeline. Each
task includes an evidence-grounded reference package and atomic rubrics, enabling fine-grained
assessment of both the answer and the research process supporting it.

Our evaluation of 15 model configurations under a unified tool environment reveals that current
agents remain far from consistently completing financial search tasks. CLAUDE-OPUS-5 achieves the
highest Atomic and Loose Pass scores, at 87.59% and 87.61%, respectively, yet its Strict Pass rate falls
to only 69.11%. Across models, computation and answer formation consistently lags behind raw-
information acquisition, and 17.48% of correct-answer attempts lack a complete, verifiable evidence
chain. These findings demonstrate that final-answer accuracy alone can obscure incomplete
evidence, unresolved requirements, and distinct capability bottlenecks. By making the underlying
research process measurable and diagnosable, FINFIRST provides a foundation for developing
financial agents whose answers are not only correct, but also well-supported, traceable, and
independently verifiable.
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pages 3277–3287, Online, August 2021. Association for Computational Linguistics. doi: 10.18653/v1/2021.acl-long.254.
https://aclanthology.org/2021.acl-long.254/.
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Table 5 Tools available to every evaluated agent in the common basic-tool environment.

Tool Primary input Returned information Role in the workflow

Web Search A textual search query A ranked list of candidate results, in-
cluding the title, URL, and snippet
when available

Discover potentially relevant
official filings, company dis-
closures, statistics, reports,
databases, and other public
sources

Visit One or more target URLs Extracted content and available docu-
ment metadata from HTML webpages
or PDF documents

Inspect a selected source, lo-
cate supporting passages or
tables, and retrieve evidence
used in the answer

Python Executable Python code Standard output, standard error, and
execution status from an isolated run-
time with common numerical and data-
analysis libraries

Perform arithmetic, aggrega-
tion, unit conversion, filtering,
tabular manipulation, and
consistency checks

A Tool Environment

Our evaluation environment provides three complementary tools for information discovery, evi-
dence inspection, and numerical analysis. All evaluated models receive the same tool descriptions,
interfaces, execution limits, and per-task budgets. The reported leaderboard excludes runs that use
additional professional financial tools, so differences in performance are not attributable to unequal
access to proprietary databases or model-specific plugins.

A.1 Tool Interfaces

Table 5 summarizes the common interfaces. The schemas are intentionally compact: search dis-
covers candidate sources, visit exposes the contents of a selected source, and Python performs
deterministic computation over retrieved information. Search-result snippets are treated only as
navigation aids; evidence-based answers are expected to rely on content inspected through the visit
tool.

Web Search. The search tool accesses search results via SerpAPI1. It accepts a natural-language
query and returns ranked candidate pages. Agents may issue multiple calls and reformulate queries
as the research process develops. Each result provides sufficient routing information to decide
whether the underlying page should be inspected. Because snippets can be incomplete, stale, or
detached from their original context, they are not treated as authoritative evidence by themselves.

Visit. The visit tool employs Jina Reader2 to retrieve and parse the contents of a specified public
URL. It supports both webpages and PDF documents and returns machine-readable text together
with available structural or document metadata. The tool is used to inspect primary materials,
identify exact evidence locations, and verify entities, periods, units, definitions, and data versions.
If extraction fails or a page is inaccessible, the failure is returned to the agent, which may search for
an alternative public source within the remaining budget.

Python. The Python tool executes code in an isolated environment with common numerical and
data-analysis packages. It supports calculations and transformations that would be error-prone to
perform manually, including multi-period aggregation, percentage and growth-rate computation,
unit normalization, conditional filtering, and tabular checks. The tool does not provide independent

1https://serpapi.com/
2https://jina.ai/
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Table 6 Model cards for the systems evaluated in FINFIRST.

MODEL PROVIDER CHECKPOINTS AVAIL. #PARAM REFERENCE

GPT-5.6-SOL OpenAI gpt-5.6-sol � – OpenAI, 2026
CLAUDE-OPUS-5 Anthropic claude-opus-5 � – Anthropic, 2026
GEMINI-3.7-FLASH Google DeepMind gemini-3.7-flash � – DeepMind, 2026
QWEN3.8-MAX Alibaba/Qwen qwen3.8-max � 2.4T / 95B active Qwen Team, 2026c
QWEN3.8-FLASH Alibaba/Qwen qwen3.8-flash � – Qwen Team, 2026b
DEEPSEEK-V4-PRO-0813 DeepSeek-AI DeepSeek-V4-Pro � 1.6T / 49B active DeepSeek-AI, 2026a

GLM-5.3 Z.ai zai-org/GLM-5.3 � 753B / 40B active Z.ai, 2026b
GLM-5.3-FLASH Z.ai zai-org/GLM-5.3-Flash � 320B / 18B active Z.ai, 2026c
GLM-5.2 Z.ai zai-org/GLM-5.2 � 753B / 40B active Z.ai, 2026a
KIMI-K3 Moonshot AI moonshotai/Kimi-K3 � 2.8T / 104B active Kimi Team, 2026
DEEPSEEK-V4-FLASH-0731 DeepSeek-AI deepseek-ai/DeepSeek-V4-Flash � 285B / 13B active DeepSeek-AI, 2026b
QWEN3.8-27B Alibaba/Qwen Qwen/Qwen3.8-27B � 27B Qwen Team, 2026a
MINIMAX-M3 MiniMax MiniMaxAI/MiniMax-M3 � 428B / 23B active MiniMax, 2026; Lai et al., 2026
HUNYUAN3-THINKING Tencent tencent/Hy3 � 295B / 21B active Hunyuan Team, 2026
LING-3.0-FLASH-FIN inclusionAI Ling-3.0-Flash-Fin � 124B / 5.1B active inclusionAI, 2026

financial evidence: all numerical inputs must still be grounded in sources retrieved through the
search and visit workflow.

A.2 Controlled Execution

All models are evaluated through the same ReAct-style loop. At each step, an agent may produce
a final response or invoke one of the three tools; the resulting observation is appended to the
interaction history before the next model call. Tool-call budgets, timeouts, network conditions, and
termination rules are held fixed across model configurations. Tool or model-service failures are
recorded explicitly. Under the fixed-123-question protocol used in the main results, an unresolved
execution or judging failure remains in the denominator and receives zero credit rather than being
silently removed.

B Evaluated Models

Table 6 summarizes the model configurations used in our experiments. We report the evaluated
API identifier or public checkpoint whenever it is available. Parameter counts follow official model
documentation; "active" denotes the parameters activated per token for sparse mixture-of-experts
models, and "–" indicates that the provider has not publicly disclosed the value. � denotes a
proprietary or hosted configuration, whereas � denotes publicly available model weights.

C Judge Prompt Template

Table 7 provides the Judge Prompt Template; Chinese queries use a corresponding Chinese version.
The placeholders are populated with the evaluation date, question, atomic rubric items, and model
response for each instance. Since the judge observes only the final response—not the agent’s
hidden reasoning or tool trajectory—source-verification and traceability scores reflect the evidence
presented in the final response rather than every latent action taken during retrieval. Recorded
trajectories are analyzed separately for tool-use statistics and qualitative case studies, and are not
used to overwrite rubric decisions in the main leaderboard.
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Table 7 Prompt template for the automatic rubric judge.

Automatic Rubric-Judge Prompt
You are a strict and impartial judge for financial-search evaluation. Given a question and its itemized rubric,
determine whether the model response satisfies each rubric item.

Current evaluation date:
{current_date}

Evaluation requirements:

1. Base your decisions solely on the itemized rubric. Do not refer to any reference answer or external ground
truth.

2. Evaluate every rubric item independently and determine whether it is fully satisfied. Do not output a score
for any item; scores are calculated by the evaluation system.

3. Strictly verify numerical values, units, time ranges, measurement definitions and conventions, data sources,
calculation procedures, and final-answer requirements.

4. If the model provides only a conclusion but omits a key source or calculation step required by the rubric,
mark the corresponding rubric item as not satisfied.

5. If the model uses an incorrect source, year, measurement definition, or convention, mark the corresponding
rubric item as not satisfied.

6. The category annotation of each rubric item is used only for subsequent attribution analysis and must not
affect the strictness with which that item is evaluated.

7. For each rubric item, output only passed=true or passed=false. Output true only if the item is fully
satisfied; otherwise, output false.

8. Treat facts, numerical values, and dates explicitly stated in the rubric as authoritative benchmark annota-
tions. Do not reject information marked as correct in the rubric based on your own assessment of dates or
data-release timing.

9. If the rubric requires an official source, a specific source, or a specific definition, strictly verify that the
model response satisfies the corresponding source and definitional requirements.

10. The output must be valid JSON. Do not enclose it in a Markdown code block.

Question:
{question}

Itemized rubric:
(JSON; item numbers and point values have been removed from the rubric text, and category is used only for
attribution analysis)
{rubric_items}

Model response:
{model_answer}

Return JSON in the following format:

{
"rubric_item_judgements": [

{
"id": 1,
"passed": true,
"category": "category from the corresponding input item",
"reason": "primary basis for determining whether the item is satisfied"

}
],
"summary": "one-sentence summary of the main strengths and deficiencies",
"deductions": ["major deduction 1", "major deduction 2"]

}

Note: Do not output total_score, score, or max_score. The evaluation system calculates the final score for each
rubric item from its passed value.
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