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Figure 1: The FinForge Process - The framework ingests raw unstructured financial text (1) and identifies explicit causal
triggers and outcomes. Crucially, the Reasoning Engine (2) applies domain-specific schemas to infer the implicit financial
mechanism linking them. Finally, it synthesizes a complex, multiple-choice question and answer (3).

Abstract
Evaluating Language Models (LMs) in specialized, high-
stakes domains such as finance remains a significant chal-
lenge due to the scarcity of open, high-quality, and domain-
specific datasets. Existing general-purpose benchmarks pro-
vide broad coverage but lack the depth and domain fidelity
needed to assess LMs’ capabilities for real-world finan-
cial reasoning, which requires both conceptual understand-
ing and quantitative rigor. To address this gap, we intro-
duce FinForge, a scalable, semi-synthetic pipeline for con-
structing finance-specific evaluation benchmarks through a
hybrid of expert-guided data curation and controlled LM-
based synthesis. FinForge combines manual and program-
matic corpus construction from authoritative financial sources
with structured question generation and validation using
Gemini 2.5 Flash. The resulting benchmark comprises
over 5,000 human-validated question–answer pairs across
11 finance subdomains, derived from a curated corpus of

*Equal Contribution
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

100,000 verified documents totaling 143M tokens. Evalua-
tion of state-of-the-art open-source and closed-source models
on FinForge reveals significant differences in financial rea-
soning, with leading models achieving accuracy levels near
80%. These findings underscore FinForge’s utility for diag-
nosing current model limitations and guiding future improve-
ments in financial domain competence.

Introduction
Language Models (LMs) are increasingly adopted for de-
cision support in complex, high-stakes domains such as fi-
nance, law, and public policy. While recent advances in LMs
have demonstrated strong performance on general knowl-
edge benchmarks and professional exams, reliably evaluat-
ing these systems in specialized, knowledge-intensive, and
dynamic domains remains a significant challenge. Exist-
ing evaluation sets offer broad subject coverage and serve
as useful indicators of general knowledge. However, static
benchmarks are limited by potential data leakage into LM
training corpora, which can artificially inflate performance



due to LM memorization. These challenges are exacerbated
in dynamic domains like finance, where knowledge must
be continually updated to reflect real-world developments.
Empirical evidence suggests that top-performing general
models do not necessarily excel at financial tasks requiring
domain-specific nuance or quantitative reasoning. This un-
derscores the necessity of dynamic benchmark generation
to rigorously assess LM financial knowledge and reasoning
robustness in realistic industry scenarios.

Finance presents unique challenges for LM evalua-
tion due to its multi-domain complexity, stochastic char-
acteristics, and stringent regulatory requirements. Effec-
tive financial analysis requires both comprehensive do-
main knowledge—such as familiarity with financial instru-
ments, regulations, and policies—and advanced quantita-
tive problem-solving using real-world data, including asset
valuations and risk projections. Additionally, the financial
sector evolves rapidly, with new markets, regulations, and
trends emerging continuously due to the dynamic nature of
global economic systems. Consequently, maintaining up-to-
date knowledge is essential for accurate financial reasoning.

This paper introduces FinForge, a methodology for gen-
erating semi-synthetic benchmarks tailored to the financial
domain. FinForge addresses the gap in the dynamic evalua-
tion of language models’ financial knowledge by providing
a novel approach to generate a large, diverse set of challeng-
ing finance questions grounded in real-world content. The
methodology combines human-guided data curation with
LM-driven question synthesis, thereby overcoming the lim-
itations of prior static, easily memorizable methods. Ini-
tially, domain experts curate a high-quality corpus of up-to-
date financial documents—comprising 143M tokens across
more than 100,000 curated articles spanning 11 subdomains,
including personal finance, corporate finance, macroeco-
nomics, and securitized investments—to ensure comprehen-
sive domain coverage.

The FinForge methodology curates relevant knowledge
exclusively from authoritative sources, such as academic
textbooks, institutional research, and domain experts, de-
liberately excluding user forums and trivial stock data. By
leveraging verified knowledge, FinForge increases the diffi-
culty of AI evaluations by generating challenging scenarios
that test domain-specific problem-solving capabilities. The
process employs a multi-stage language model workflow to
analyze long-context documents, extract key information,
and generate knowledge for creating question–answer pairs.
Each question is planned by identifying a central concept
or reasoning challenge within the source material, formu-
lating a complex question with embedded background in-
formation, and providing a correct answer and distractors.
A more advanced language model serves as a judge to val-
idate the quality and financial relevance of each question.
This controlled generation process produces difficult, self-
contained questions that require expert-level economic in-
sight and multi-step reasoning.

FinForge generates a benchmark comprising 5,000
expert-level finance question–answer pairs, enabling rigor-
ous evaluation of language models’ mastery of both concep-
tual and quantitative finance knowledge. Notably, the bench-

mark methodology is dynamic: the FinForge framework
can be rerun and new documents incorporated to update
the question set, allowing continual adaptation to emerg-
ing financial knowledge. This paper details the FinForge
methodology and demonstrates its utility by benchmarking
several state-of-the-art models, thereby highlighting current
strengths and weaknesses in financial reasoning.

Related Works
Existing public datasets for evaluating Question Answering
(QA) in the financial domain are limited in scope, focus, and
recency. While several benchmarks have made significant
contributions to specific subtasks, their coverage remains
narrow. For example, FinQA (Chen et al. 2021) and its con-
versational extension ConvFinQA (Chen et al. 2022) provide
8,200 QA pairs centered on numerical reasoning with plain-
text representations of tabular financial data, and TAT-QA
(Zhu et al. 2021) similarly targets QA on annual reports with
tables and text. Although valuable, these datasets primarily
address numeric reasoning and do not encompass broader
conceptual finance knowledge. The recent FinanceBench
(Islam et al. 2023) initiative sought to expand the range
of finance QA but offers only 150 question–answer pairs,
with relatively simple questions that do not reflect real-world
complexity. Similarly, FinTextQA, a long-form QA dataset
compiled from textbooks and policy documents, encourages
explanatory answers and highlights the limitations of prior
benchmarks that focused predominantly on stock data or ba-
sic calculations. In the industry, the scarcity of robust evalua-
tion sets has prompted efforts such as S&P Global Kensho’s
S&P AI Benchmarks, which assembled 600 expert-verified
questions across categories, including domain knowledge,
quantity extraction, and quantitative reasoning. The emer-
gence of these initiatives underscores the growing demand
for more realistic and challenging evaluations of LMs in fi-
nance.

A central challenge in constructing dynamic benchmarks
is ensuring that questions remain both novel and sufficiently
difficult. Since most language models are trained on exten-
sive public internet data, static test suites risk being memo-
rized during training, thereby compromising their evaluative
value. To address this, researchers are increasingly exploring
dynamic or semi-synthetic benchmarks that can be refreshed
or generated as needed (Das et al. 2021; Guo et al. 2024).
Previous studies have demonstrated that carefully controlled
LM-based generation can yield high-quality, semi-synthetic
data at scale, enabling contamination-free evaluation.

General Knowledge and QA Benchmarks
Several benchmarks have been developed to measure broad
knowledge and reasoning ability in LMs. MMLU, which
tests models on everything from elementary math to profes-
sional law and accounting, has become a standard evalua-
tion suite. Other efforts include Big-Bench (Srivastava et al.
2023) and ARC (Chollet et al. 2025), which target complex
reasoning or scientific questions. These static benchmarks
have driven progress, but are increasingly prone to contami-
nation from training data as models ingest questions and an-



Figure 2: An overview of the FinForge pipeline.

swers from the web. This has sparked interest in more adap-
tive evaluation methods.

One line of work uses LM-based generation to create
new test items. For instance, Auto-Dataset and StructEval
prompt LMs to rewrite or expand existing benchmark ques-
tions into novel variants. More holistically, LatestEval con-
structs entirely new reading comprehension sets from real-
time sources such as BBC News, using an LM to generate
questions for up-to-date passages. There are also interac-
tive evaluation schemes where one LM poses questions or
follow-ups to another in a multi-turn dialogue to probe its
understanding.

Recently, multi-agent systems have been proposed for au-
tomated benchmark creation: BenchAgents splits the task
into planning, generation, and verification agents that collab-
orate (with humans in the loop) to produce high-quality eval-
uation data. Such approaches yield dynamically extendable
benchmarks and help ensure test data novelty. In parallel,
research on controllable question generation has introduced
techniques to enforce difficulty and content constraints on
generated questions. Notably, Li and Zhang (Li and Zhang
2024) propose a “Planning First, Question Second” (PFQS)
method in which an LM first outlines a detailed answer plan
(with target answer, relevant facts, and cognitive steps), and
then another LM generates a question conforming to this
plan. This leads to more faithful, expert-aligned questions,
as the model must adhere to a blueprint for the desired rea-
soning. Our FinForge methodology draws inspiration from
these advances in controllable question generation.

Financial QA Datasets and Benchmarks
Before our work, relatively few datasets existed for evaluat-
ing QA or reasoning in the financial domain, and each cov-

ered only a slice of the domain. FinQA was one of the first,
featuring questions that require numerical reasoning over
company financial reports. It introduced the challenge of
performing multi-step arithmetic operations on statements
and tables, and showed that models lag far behind human
experts on such tasks. TAT-QA (Table-and-Text QA) simi-
larly targets reasoning with hybrid data (earnings tables +
text) in financial reports. These datasets primarily evaluate
the ability to do structured data reasoning (e.g., reading an
annual report) and include annotated programs or formulas
for interpretability. A later extension, ConvFinQA, turned
FinQA into a multi-turn dialogue challenge. Beyond corpo-
rate reports, other benchmarks have been even more limited:
the FiQA challenge (Macedo Maia et al. 2018) (2018) re-
leased a small set of user-submitted questions and answers
on personal finance topics. Most of these lack the complex-
ity and diversity of knowledge needed to test an advanced
AI’s full financial acumen. For instance, FinQA and TAT-
QA do not include conceptual questions on economics or
open-ended advisory questions, focusing instead on factoid
numeric problems.

A recent effort, FinanceBench (Islam et al. 2023), sought
to compile a wider range of financial QA pairs (covering
banking, markets, accounting, etc.). Still, it contains only
150 questions in total – too small to capture the breadth of fi-
nance or to reliably benchmark modern LMs. Moreover, Fi-
nanceBench’s question complexity remains limited, falling
short of the complexity of real-world expert queries. Recog-
nizing these gaps, Chen et al. introduced FinTextQA (Chen
et al. 2024), a long-form QA dataset drawn from finance
textbooks and government agency documents. FinTextQA’s
1,262 questions are designed to elicit paragraph-length an-
swers, emphasizing explanatory responses over simple cal-



culations. This provides a valuable test of explanation and
retrieval capabilities. However, the dataset is relatively small
and requires generative answers rather than the multiple-
choice format often used in benchmarking. Complemen-
tary to academic datasets, industry researchers have also
developed proprietary benchmarks. Notably, Kensho’s S&P
“BizBench” (developed by Koncel-Kedziorski et al.) evalu-
ates models on finance and business tasks across three main
categories: domain knowledge (e.g., concept definitions or
CFA exam questions), quantitative reasoning (multi-step
problems requiring math and finance formulas), and quantity
extraction from financial documents. The benchmark con-
sists of 600 expert-curated questions and includes eight tasks
for financial reasoning, ranging from code generation for
math problems to the FinKnow QA task for conceptual ques-
tions. A public leaderboard shows that even top-tier models
(e.g., Claude 3.5, GPT-4) struggle with the hardest numeri-
cal reasoning questions. These efforts underscore the grow-
ing importance of domain-specific evaluation. Our work dif-
fers in that we propose an open-source, automated pipeline
to generate a much larger set of finance QA pairs (5,000),
blending the breadth of coverage of FinanceBench/FinTex-
tQA with the realism and difficulty seen in expert-written
exams. FinForge’s use of real financial texts as the ground-
ing for each question ensures that the content is current and
verified, addressing both the dynamic knowledge aspect and
the quality-control issue by providing source evidence for
each answer. We view FinForge as a complement to prior
benchmarks – pushing the envelope on scale and difficulty
– and hope it will enable more robust assessment and im-
provement of LMs for financial applications.

Methodology

To enable scalable and controlled evaluation of financial
reasoning, we required a robust corpus of finance-relevant
documents encompassing both numerical and conceptual
knowledge. Specifically, the corpus needed to capture (i)
quantitative material such as financial calculations and an-
alytical exercises, and (ii) qualitative content reflecting eco-
nomic principles, market behavior, and institutional context.
However, the lack of open-source datasets with verified, di-
verse, and high-quality financial text posed a significant bot-
tleneck.

To address this gap, we constructed a semi-synthetic
dataset using a two-stage pipeline that integrates expert-
guided data curation and LM-based question generation. In
the first stage, we curated a corpus of high-quality financial
documents drawn from authoritative web sources, leverag-
ing a hybrid manual–programmatic pipeline that combines
domain expertise with automated filtering and extraction. In
the second stage, we employed frontier LMs (specifically,
Gemini 2.5 Flash)(Team et al. 2025a) to generate di-
verse, high-quality question–answer pairs from a representa-
tive subset of this corpus. Together, these stages yield a scal-
able, high-fidelity foundation for benchmarking and training
models on financial reasoning tasks.

Data Curation
We structured our data curation methodology as a hybrid
manual–programmatic pipeline that balances domain exper-
tise with scalability. To minimize effort while maximiz-
ing domain coverage and quality, we first decomposed fi-
nance into a structured hierarchy of 11 subdomains, includ-
ing personal finance, corporate finance, investment theory,
and macroeconomics. This taxonomy was guided in part by
authoritative educational frameworks (i.e., Chartered Finan-
cial Accountancy exam) to ensure conceptual completeness
and internal consistency.

For each subdomain, humans identified authoritative web
domains based on content rigor, institutional credibility, and
topical relevance. Sources without clear editorial oversight
or academic grounding—such as discussion forums or infor-
mal opinion sites—were systematically excluded. This fil-
tering ensured that only high-quality, verifiable content was
included in the corpus.

The pipeline then applies a suite of open-source tools
and heuristics—including domain whitelisting, keyword co-
occurrence, sitemap traversal, and link structure analysis—
to automatically identify, filter, and rank candidate sites
for extraction. Once candidate sites were finalized, we
leveraged each site’s structure to efficiently extract rele-
vant financial text, avoiding the need for exhaustive man-
ual traversal. For text extraction and parsing, we employed
Trafilatura and BeautifulSoup for HTML-based
content, and PyMuPDF4LLM for PDF documents, ensuring
consistent text normalization and formatting across source
types.

The process cleanly separates filtering and extraction
stages, enabling parallelized domain filtering and asyn-
chronous content extraction at scale.

Question Generation and Validation
Recent works in question generation demonstrate the scala-
bility and controllability of using tailored LM agents for this
task (Li and Zhang 2024; Noorbakhsh et al. 2025). Our ap-
proach synthesizes insights from these methods and adapts
them for controlled generation from domain-specific docu-
ments.

FinForge uses an automated five-stage process, as illus-
trated in Figure 2. First, we perform a deep analysis of the
input documents to extract salient information. This analy-
sis informs the generation of a structured answer plan, which
serves as a blueprint for guiding question formulation. Using
this plan, we then generate complex questions that remain
strictly grounded in the source material. In the final stage, an
LM-as-a-judge framework validates these questions against
a predefined rubric, filtering for relevance and quality.

Synthetic Question Generation The preliminary docu-
ment analysis phase aims to discern deep financial thinking
patterns within articles to uncover opportunities for probing
questions. We specifically focus on identifying four essential
characteristics in a document: causal relationships, promi-
nent and competing hypotheses, necessary assumptions, and
counterfactual possibilities.



This breakdown of the document is crucial during the
planning stage. In this stage, we translate the unstructured
information into a concrete blueprint for generation. This
involves identifying a specific, testable conceptual nucleus
within the text that serves as the “focus area.” The agent also
assesses the cognitive complexity of this concept, assigning
a difficulty rating on a five-point scale. Finally, it extracts
the minimal set of relevant passages required to construct
a self-contained question. This plan ensures that the ques-
tion is well-defined, appropriately challenging, and directly
traceable to the source document.

In the third stage, we use this blueprint to formulate a
complete question–answer pair. Adhering to the principle
of self-containment, all necessary context and data from the
relevant passages are embedded directly into the question’s
premise. The language model for this stage is prompted to
generate a natural-language question, plausible distractors,
and a concise explanation for the correct answer, all while
adhering to the domain-specific requirements provided in
the inputs.

In addition to the preceding processes, we implement
a supplementary labeling phase to categorize the artifacts
based on the financial issue, perceived difficulty, and the tar-
geted model’s finance-related capability. These labels help
filter out irrelevant questions and provide valuable insights
into a model’s performance across diverse settings. Each la-
bel is linked to its own case-specific rules that help the model
adapt to the nature of the topic it must address.

Validation and Filtering The primary issue of automated
generation is that outputs frequently fail to meet benchmark
standards. We frequently observed unclear inquiries, erro-
neous hypotheses, or entirely unrelated questions arising
from ostensibly direct materials. Consequently, we imple-
mented an extra question validation phase that uses a lan-
guage model to assess the question’s validity for the specific
use case. Each question is evaluated across multiple dimen-
sions, including financial relevance, self-sufficiency, logical
consistency, clarity, and complexity, before being deemed
suitable for a benchmark.

Each iteration of the pipeline development has under-
gone rigorous validation through a human-in-the-loop pro-
cess, independent of the existing automated checks. Human
validation requires sampling a small portion of the devel-
oped questions for thorough quality inspection. The selec-
tion of these questions is based on the response capabilities
of the GPT-4o (team et al. 2024) and Qwen-2.5-72B (Team
2024) models. The sampled questions included responses
from both models, including incorrect answers and instances
where one model answered correctly while the other did not.
This allowed the human expert to obtain a comprehensive
understanding of the pipeline’s generation quality compared
to random sampling of generated questions. Based on this
expert feedback, we iteratively refined the generation and
filtering logic to produce a final set of higher-quality, more
challenging questions.

Results
The complete corpus construction and question-generation
pipeline was executed over seven days, encompassing tax-
onomy design, domain filtering, and content extraction. The
data curation stage yielded over 100,000 high-quality and
verified financial documents spanning eleven well-defined
subdomains. Collectively, these documents contained 143M
tokens of domain-specific text, providing a diverse founda-
tion that integrates both quantitative and conceptual financial
knowledge.

From this corpus, we sampled 10,000 documents
for question generation using Gemini 2.5 Flash as
the synthesis model. This process produced 10,000
initial question–answer (Q/A) pairs. Subsequent auto-
mated filtering—combining rule-based quality control with
LM-as-judge scoring for relevance, clarity, and factual
accuracy—resulted in a refined, high-quality benchmark set
of 5,000 Q/A pairs. To further validate reliability, a stratified
random sample of 500 Q/A pairs was manually reviewed by
domain experts to ensure alignment with real-world finan-
cial reasoning standards.

Model Benchmarking
The validated FinForge benchmark was used to evaluate a
range of both open-source and closed-source language mod-
els (Table 1). Performance was measured using a consistent
multiple-choice setup, with accuracy defined as the propor-
tion of correctly predicted answers across 5,000 question–
answer pairs.

The table summarizes performance across representative
models. The models evaluated can be categorized into two
distinct approaches: availability and scale. We initially cat-
egorized the evaluation models into proprietary and open-
source models based on their availability. Our evaluations
indicate that while closed-source models such as GPT-4o
and Claude Sonnet 4 exhibit superior generalizabil-
ity compared to mid-range and large open-source mod-
els, they underperform on financial benchmarks, achiev-
ing comparable accuracies of 73.4% and 72.6%, respec-
tively. Open-source models of the same generation, such
as Qwen-3-235B and DeepSeek v3.1, demonstrate
markedly superior performance on the benchmark.

Additionally, we have categorized the evaluated mod-
els into three key groups to assess the influence of model
scale on their performance against the benchmark. Sur-
prisingly, mid-range models (32-110B) demonstrate perfor-
mance comparable to large-scale proprietary models, with
Qwen3-Next-80B exhibiting only a 5% deficit relative to
Qwen-3-235B and remaining within 1% of the DeepSeek,
GPT-4o, and Sonnet models.

The performance scores reveal two crucial factors for fi-
nancial evaluation:

• Even among generalist models, attaining state-of-the-art
performance does not necessarily indicate superior finan-
cial reasoning capabilities.

• The foundational training distribution and the architec-
tural designs for financial reasoning frequently over-
shadow the model’s scale.



Table 1: Model accuracies (proportion correct) on the FinForge benchmark (5k samples).

Models Overall Alt/RE Beh/Quant
Corp Fin

& Val FinTech FAR
Ethics &

Gov
Mkt &
Deriv

Reg &
Comp

Portf
Mgmt

Wealth
Mgmt

Pub/Intl
Fin

Qwen 3 235B(2025) 0.771 0.776 0.852 0.739 0.950 0.783 0.938 0.874 0.819 0.803 0.610 0.815
DeepSeek V3.1(2024) 0.739 0.705 0.820 0.698 0.950 0.743 0.938 0.863 0.794 0.774 0.603 0.818
GPT-4o(2024) 0.734 0.717 0.762 0.704 0.875 0.743 0.875 0.822 0.767 0.746 0.653 0.818
Qwen3-Next-80B(2025) 0.732 0.720 0.803 0.700 0.925 0.739 0.938 0.855 0.782 0.744 0.590 0.793
Sonnet 4(2025) 0.726 0.756 0.713 0.693 0.875 0.770 0.812 0.798 0.787 0.750 0.613 0.771
Llama 3.3 70B Turbo(2024) 0.725 0.709 0.779 0.690 0.875 0.686 0.875 0.839 0.804 0.726 0.640 0.799
OLMo-2-7B(2024) 0.608 0.626 0.730 0.568 0.750 0.566 0.812 0.727 0.662 0.636 0.450 0.702
OLMo-2-32B(2024) 0.567 0.516 0.721 0.516 0.750 0.527 0.812 0.738 0.615 0.605 0.463 0.650
Llama 4 Scout(2025) 0.465 0.413 0.590 0.363 0.600 0.593 0.812 0.724 0.625 0.520 0.283 0.581

Notes:
(i) Alt/RE = Alternative Investments & Real Estate; Beh/Quant = Behavioral & Quant Finance; Corp Fin & Val = Corporate Finance &
Valuation; FinTech = FinTech & Innovation; FAR = Financial Accounting & Reporting; Ethics & Gov = Financial Ethics & Governance; Mkt
& Deriv = Markets & Derivatives; Reg & Comp = Regulation & Compliance; Portf Mgmt = Investment & Portfolio Management; Wealth
Mgmt = Personal Finance & Wealth Management; Pub/Intl Fin = Public & International Finance.

Expert Evaluation
To enhance the validation of the quantitative results on the
benchmarks, we conducted a qualitative assessment on 10%
of the benchmark dataset. The qualitative assessment en-
tailed verifying the clarity, self-containment, plausibility,
and real-world relevance of the questions.

The expert review validated the high quality and complex-
ity of the generated questions, with 70% of the 500 sam-
ples deemed clear, accurate, and relevant. Importantly, the
remaining 30% were not necessarily factually incorrect, but
were flagged by experts for ambiguity, missing contextual
assumptions required for a definitive answer, or a lack of
real-world plausibility, making them not ideal for a rigor-
ous benchmark. This validation rate significantly contrasts
with the 100% approval rate observed from the automated
LM-as-a-judge (Stage 5) for the identical 500-sample set.
The 30-point discrepancy offers quantitative support for our
conclusion regarding the limitations of the ’LM-as-a-judge,’
indicating that it currently lacks the sophistication required
to assess complex financial reasoning, thereby underscoring
the necessity of human-in-the-loop validation.

This expert review served two critical functions:

• It quantified the final benchmark’s quality, with a 70%
expert approval rate.

• It starkly demonstrated the critical 30-point gap between
automated LM validation (100% approval) and human
expert scrutiny, proving that human-in-the-loop oversight
remains essential for this complex domain.

Addressing Data Contamination and Circularity
As a methodological sanity check, we evaluated the gener-
ator model (Gemini 2.5 Flash) and a model from the same
family (Gemma 27B Team et al. (2025b)) on the resulting
benchmark. They achieved scores of 79.3% and 74.0%, re-
spectively. Due to the inherent risk of data contamination
from this circular evaluation, we explicitly omit the Gemma
and Gemini models from our primary benchmark (Table 1)
to ensure a fair and rigorous assessment of other models.

Discussion
The purpose of a benchmark is to assess a model’s perfor-
mance in a particular domain or task, thereby helping re-
searchers identify gaps that require attention. The sample
benchmark created using the FinForge framework enables
the identification of analogous deficiencies in the model’s
capabilities. To obtain a comprehensive assessment of model
performance, we conduct a two-stage evaluation. In addi-
tion to the accuracy scores presented in Table 1, we perform
a proportional error analysis to assess the model’s perfor-
mance on a given topic precisely.

Our analysis indicates that Personal Finance & Wealth
Management and Corporate Finance & Valuation are no-
tably challenging topics relative to others in the benchmark.
This factor may arise from multiple reasons; however, fun-
damentally, we characterize these domains as essential per-
sonalization and true-reasoning challenges in contrast to tra-
ditional retrieval-based finance tasks. Recent studies indi-
cate that LMs lack the personalization needed to address per-
sonal finance inquiries in their native state (Takayanagi et al.
2025; Hean, Saha, and Saha 2025). Another contributing
factor may be the excessive availability of investment and
stock-market data in contemporary finance datasets, as evi-
denced by the comparatively high performance of the mod-
els in the Markets and Derivatives and Portfolio Manage-
ment questions. This excessive nature may negatively affect
the model’s reasoning process in other domains, leading to
a decline in performance.

Conversely, across subjects, evidence indicates that the
models struggle to address quantitative questions, followed
by counterfactual inquiries. This aligns with the recent un-
derstanding of language model capabilities. It is notewor-
thy that the multi-hop reasoning questions within the frame-
work are frequently derived from different sections of the
same document, thereby considerably reducing the difficulty
level.

Expert evaluation of incorrect quantitative answers iden-
tified two distinct failure modes. The initial issue was a fail-
ure in conceptual reasoning, characterized by the application



of incorrect financial methodologies, flawed assumptions, or
inadequate multi-step logic construction (e.g., miscalculat-
ing depreciation or utilizing an incorrect tax rate). The sec-
ond issue was arithmetic failure, in which the model recog-
nized the appropriate financial steps but erred in the final
calculation. This distinction is essential. Arithmetic failures,
a recognized limitation of models as token predictors, can
be effectively mitigated by integrating external calculators
or tools. However, the conceptual failures reveal a more fun-
damental deficiency. Models are not merely failing in calcu-
lations; they are fundamentally misinterpreting the intricate
financial reasoning demanded by the prompt. Future studies
should concentrate on identifying and addressing these con-
ceptual misinterpretations to facilitate meaningful advance-
ment in financial reasoning tasks.

The findings possess substantial real-world implications.
The significant shortcomings in Personal Finance & Wealth
Management highlight that the average user cannot currently
rely on these models for important financial decisions. This
represents a significant gap that has previously been over-
looked in benchmarks focused on conventional information
retrieval.

This work contributes in two ways. We first identify and
analyze specific, high-impact weaknesses in contemporary
LMs concerning financial reasoning and personalization.
We demonstrate that the FinForge framework is an effec-
tive method for generating nuanced, domain-specific bench-
marks. This outlines a clear framework for guiding future
advancements and focused enhancements to financial-sector
models.

Conclusion

FinForge demonstrates that scalable, domain-grounded
benchmark generation is achievable through a principled
combination of expert oversight and controlled LM syn-
thesis. By integrating verified financial sources with struc-
tured question generation and multi-stage validation, Fin-
Forge produces high-quality datasets that accurately reflect
the depth of reasoning and quantitative rigor demanded in
economic analysis. Our evaluations reveal not just variabil-
ity but specific, high-impact weaknesses, particularly the
models’ tendency to fail at conceptual reasoning rather than
simple arithmetic. Furthermore, our human-in-the-loop val-
idation revealed a critical 30-point discrepancy between au-
tomated (100%) and expert (70%) approval, underscoring
the necessity of human oversight in complex domains. Be-
yond its immediate utility as a financial reasoning bench-
mark, FinForge offers a generalizable methodology for cre-
ating transparent, extendable evaluation pipelines in other
specialized domains. Future work will focus on expand-
ing the corpus to additional subfields, integrating temporal
and dynamic data to assess model recency, and establishing
continual-learning benchmarks that evolve alongside finan-
cial markets. Ultimately, FinForge lays the groundwork for
systematic, reproducible, and evolving evaluation of LMs in
finance and other expert-driven disciplines.

Limitations and Future Work
The primary limitation of the study is the reliance on Gem-
ini 2.5 Flash for both question generation and evaluation.
Manual verification indicated that, although the generated
questions were often challenging, their contexts frequently
lacked the necessary assumptions for a precise response.
The ambiguity, likely arising from the generator’s speed op-
timization, poses a risk of leading assessed LMs to make
incorrect assumptions, thereby compromising the reliability
of assessments.

Gemini 2.5 Flash’s design, which prioritizes speed, re-
sults in a capabilities mismatch when evaluating complex
reasoning models. This likely led to the evaluator lacking
the sophistication necessary to accurately assess advanced
outputs, which may have distorted performance metrics.
The boolean validator operated as a “black box.” The sys-
tem effectively filtered out irrelevant questions; however, its
lack of transparency obstructed the analysis of failed ques-
tions, thereby impeding the improvement of the generation
pipeline.

It is important to consider the issues of data contamination
and circular dependency arising from the evaluation of the
same family of models on benchmark datasets. The present
study omits the performance of Gemini and Gemma models
from the discussion; however, future research should focus
on addressing this issue to enhance the accuracy of perfor-
mance evaluations for these models.

Future research should concentrate on creating more
transparent, multi-dimensional validation strategies, such as
clarity and contextual sufficiency, to address the “black box”
issue and enhance question generation, moving beyond sim-
plistic boolean evaluations.
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