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Abstract
Financial large language models (FinLLMs) have rapidly
evolved from domain-adapted encoders for sentiment anal-
ysis into instruction-tuned, retrieval-augmented, multi-
modal, and agentic systems for financial analysis. This
survey synthesizes recent work on FinLLMs across data
construction, model adaptation, retrieval-augmented gen-
eration, benchmarks, applications, and risk control. We
organize the literature into six layers: financial corpora
and data governance, domain-specific language modeling,
financial reasoning and numerical analysis, retrieval and
evidence grounding, multimodal and time-series integra-
tion, and agentic workflow automation. We also discuss
adjacent financial research on analyst information environ-
ments, sustainability disclosure, satellite imagery, segment
reporting, and volatility modeling, because these domains
define realistic use cases and evaluation targets for Fin-
LLM systems. Our central argument is that the next gen-
eration of FinLLMs should be evaluated less as isolated
text generators and more as auditable decision-support sys-
tems operating under temporal, regulatory, and economic
constraints.

1 Introduction
Financial NLP has long relied on domain dictionaries, su-
pervised classifiers, and task-specific representations for
filings, news, earnings calls, analyst reports, and risk dis-
closures [87, 64, 43, 37]. Large language models (LLMs)
changed the technical baseline by enabling instruction fol-
lowing, few-shot learning, long-document summarization,
retrieval-grounded question answering, and tool-using

agents [25, 6, 50, 35]. Finance is an unusually demanding
domain for these capabilities. Financial statements contain
dense numeric and tabular information; market data are
non-stationary; disclosures are governed by regulation; and
outputs can affect investment, audit, and risk-management
decisions.

The FinLLM literature now includes finance-specialized
pretraining [107], open-source financial LLM frameworks
[113, 59, 67], Chinese and multilingual financial models
[11, 36, 112, 72, 45], data-centric construction methods
[23, 104], multimodal systems [103, 5, 38, 116], retrieval-
based financial question answering [40, 79, 10, 99, 21,
123], and agentic platforms [89, 33, 22, 17, 18]. Surveys
and readiness studies have begun to map the space [53, 48,
122, 57, 31].

This paper contributes a structured synthesis of the cur-
rent FinLLM landscape. It emphasizes three ideas. First,
financial language modeling is data-centric: timestamps,
licenses, source provenance, and market microstructure
assumptions are part of the model design. Second, bench-
mark design must move beyond static answer accuracy
toward evidence-grounded and temporally realistic work-
flows. Third, FinLLMs should be connected to substantive
financial research problems, including disclosure quality,
analyst monitoring, ESG greenwashing, alternative data,
and volatility regimes [63, 24, 62, 15, 16].

2 Scope and Literature Collection

The survey focuses on papers that construct, adapt, eval-
uate, or deploy language models for financial tasks. We
include verified arXiv papers, selected peer-reviewed finan-
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Figure 1: Overview of financial large language model research. The field can be read as a pipeline from governed
financial evidence to domain-adapted models, retrieval-grounded and multimodal reasoning, agentic workflows,
application-specific deployment, and evaluation under temporal, evidential, economic, and regulatory constraints.

cial NLP and accounting/finance papers, and user-specified
papers with DOI, arXiv, SSRN, or conference metadata.
The reference set covers more than one hundred papers,
but the local PDF download policy is narrower: only core,
high-relevance, open-access, or repeatedly cited technical
papers are downloaded to the project folder. Less central
papers are retained in BibTeX and cited in the narrative.

We treat FinLLM work as a layered system rather than
a single model class. The layers are: (i) corpora, data
pipelines, and governance; (ii) pretraining and adaptation;
(iii) instruction tuning and preference alignment; (iv) re-
trieval and grounding; (v) multimodal and temporal mod-
eling; (vi) agents and workflow orchestration; and (vii)
evaluation, safety, and deployment.

3 From Financial NLP to FinLLMs

3.1 Pre-LLM Financial Text Analysis

Traditional financial NLP created task-specific represen-
tations for sentiment, risk, fraud, and disclosure analysis.
Dictionary-based approaches, especially domain-specific
financial dictionaries, demonstrated that general sentiment
lexicons often fail in accounting and finance contexts [64].
Supervised learning and topic modeling were used to infer
risk from 10-K filings, identify analyst information roles,
and quantify media sentiment [43, 87, 37]. These studies
remain important because they define financial validity:
a model’s language output matters only if it connects to
disclosure, governance, risk, or market outcomes.
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Table 1: A layered taxonomy of financial large language model research.

Layer Main technical question Representative topics Example citations

Data and governance What financial evidence can be used,
updated, licensed, and audited?

filings, earnings calls, re-
ports, news, synthetic instruc-
tions, timestamps, contamina-
tion checks

[23, 104, 118]

Model adaptation How should general LLMs be spe-
cialized for finance?

pretraining, continual pre-
training, instruction tuning,
LoRA, quantization, multilin-
gual adaptation

[107, 113, 11, 94]

Retrieval and ground-
ing

How can answers be tied to authori-
tative documents?

RAG, reranking, document
routing, evidence curation, fi-
nancial QA

[50, 40, 79, 17]

Numerical and multi-
modal reasoning

How can models handle tables,
charts, PDFs, time series, and im-
agery?

report tables, chart QA, visual
citation, satellite data, time-
series forecasting

[3, 103, 5, 24]

Agents and work-
flows

Can systems complete multi-step fi-
nancial analysis tasks?

tool use, search agents, invest-
ment memos, portfolio agents,
compliance workflows

[89, 33, 22]

Evaluation and risk How should reliability be measured
under financial constraints?

benchmarks, hallucination,
temporal leakage, bias, au-
ditability, economic validity

[57, 31, 41]

3.2 Encoder Models and Financial Senti-
ment

FinBERT and related encoder models made financial senti-
ment analysis a central benchmark for domain adaptation
[2, 32, 66, 39]. Later work explored instruction-tuned
sentiment models, Chinese financial sentiment, company-
specific bias, bond-market sentiment, and in-context learn-
ing for financial sentiment analysis [119, 47, 30, 120, 28,
77, 9, 88, 81, 70, 4, 127, 69, 105, 61, 93]. This line shows
a recurring pattern: generic LLMs can be competitive,
but domain adaptation, label quality, and context design
remain decisive.

4 Financial Data and Corpus Con-
struction

Financial data are heterogeneous, high-volume, and tem-
porally ordered. Filings, earnings calls, news, prices,

analyst reports, macro releases, and social media each
have different noise patterns and legal constraints. Data-
centric FinLLM work therefore emphasizes collection,
cleaning, deduplication, instruction synthesis, and gov-
ernance [23, 104, 118]. FinGPT’s open-source pipeline
approach explicitly foregrounds dynamic financial data
acquisition and update cycles [113, 59, 67, 96].

Data quality is also a central issue in disclosure-
oriented work. LLMs have been proposed for financial
report extraction, segment disclosure comparability, long-
document information extraction, and regulatory interpre-
tation [78, 62, 8, 18, 95]. These tasks require traceable
document spans, numeric consistency, and consistent defi-
nitions across firms and periods. In sustainability and ESG
contexts, FinLLMs may help parse sustainability reports,
detect greenwashing-related language, and connect textual
disclosures to governance mechanisms [63, 106, 68, 92].
The risk is that a fluent model may normalize weak or per-
formative disclosure unless evaluation explicitly measures
evidence and comparability.
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5 Model Families and Adaptation
Strategies

5.1 Finance-specialized Pretraining

BloombergGPT is a landmark finance-specialized model
trained on a mixture of financial and general corpora [107].
It demonstrates that domain-intensive pretraining can im-
prove financial NLP while preserving broad language abil-
ity. Related work explores high-performance pretraining,
domain-specific Japanese and Dutch models, and multi-
lingual or bilingual financial LLMs [60, 34, 72, 36, 45].
These models suggest that finance is not a single universal
domain: language, regulation, disclosure rules, and market
institutions differ across jurisdictions.

5.2 Open-source FinLLM Frameworks

Open-source FinLLM research aims to reduce depen-
dence on proprietary financial models. FinGPT and its
extensions emphasize democratized data pipelines, instruc-
tion tuning, and open benchmarks [113, 59, 96, 54, 27].
DISC-FinLLM and other Chinese systems highlight expert-
guided tuning, localized data, and Chinese benchmark
construction [11, 112, 124, 85]. KodeX, FinLoRA, and
leaderboard-oriented fine-tuning studies explore practical
adaptation under compute constraints [75, 94, 76].

5.3 Efficient and On-device Adaptation

Parameter-efficient tuning and small language models are
important for financial deployment because data may be
proprietary and latency-sensitive. LoRA-style adaptation
is a general technical foundation [35]; finance-specific
work has explored quantization, small-language-model
readiness, efficient fine-tuning, and on-device or energy-
aware RAG [74, 44, 19, 12]. These studies are relevant
when financial institutions need local inference, auditabil-
ity, and lower operational cost.

6 Retrieval-Augmented Financial
Reasoning

6.1 Why Retrieval Matters

Finance is a natural setting for retrieval-augmented gener-
ation (RAG) because many answers must be grounded
in current filings, tables, policies, or news. General
RAG improves knowledge-intensive NLP by condition-
ing generation on external documents [50]. Financial
RAG extends this idea to noisy PDFs, standardized doc-
uments, filings, regulatory material, and real-time news
[79, 42, 99, 21, 20, 17, 18].

6.2 Financial Question Answering

Financial QA has become one of the most important Fin-
LLM evaluation settings. Early work studied DeBERTa-
based financial QA, zero-shot QA over financial doc-
uments, and FinanceBench [101, 73, 40]. More re-
cent work introduces long-form financial QA, multi-
document QA, end-to-end QA pipelines, FinBERT-QA,
FinDER, FinSage, FinGEAR, and multi-reranker systems
[10, 80, 83, 49, 117, 21, 99, 97]. The key challenge is not
only answer correctness but also evidence sufficiency: a
system should retrieve the right documents, cite the right
spans, and avoid unsupported inference.

6.3 Reranking, Routing, and Evidence Cu-
ration

Recent RAG work increasingly treats retrieval as a multi-
stage workflow. Financial reports contain multiple docu-
ment types and sections, so retrieval may benefit from
query routing, document-level routing, hybrid sparse-
dense search, and local fine-tuning [79, 49, 123, 20, 17].
The user-provided RAG papers fit this line: one empha-
sizes hybrid document-routed retrieval for the robustness-
precision trade-off [17]; the other studies financial report
QA with reranking analysis [18]. A broader RAG robust-
ness question is whether a system can detect and resist mis-
leading retrieved context under knowledge conflict [13].
These papers should be positioned as financial RAG sys-
tem papers rather than generic FinLLM model papers.
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7 Numerical, Tabular, and Multi-
modal Finance

Financial reasoning requires numbers, tables, charts, and
time series. Numerical reasoning over financial reports
is a known bottleneck [3]; numeric-sensitive models and
Text2SQL-style systems target this gap [85, 71]. Mul-
timodal work extends LLMs to financial charts, long
reports, and visual evidence [103, 7, 5, 38, 116, 123].
FinRAGBench-V is especially important because it asks
for visual citation, moving evaluation closer to auditable
financial analysis [123].

Alternative data also matters. Satellite imagery and
geospatial information can reveal local economic activity
and information asymmetry, as shown in work on Chinese
B-share discounts [24]. Although such studies are not
FinLLM papers by themselves, they motivate multimodal
financial foundation models that combine text, imagery,
geospatial signals, and market data.

8 Markets, Forecasting, and Trading
FinLLMs are frequently applied to stock movement pre-
diction, factor discovery, volatility forecasting, portfo-
lio management, and trading agents. Work in this area
includes multimodal stock prediction, breakout trading,
stock-chain RAG, interpretable stock movement predic-
tion, time-series-specialized LLMs, sentiment-driven trad-
ing systems, multi-agent trading, and fund investment
benchmarks [110, 121, 91, 52, 98, 125, 109, 114, 51, 100,
55]. Adjacent reinforcement-learning studies on option
hedging and portfolio optimization provide useful base-
lines and task designs for LLM-assisted trading research
[14, 84, 102]. Agent and ensemble approaches include
institutional portfolio management, end-to-end trading sys-
tems, and multimodal trading agents [1, 33, 26, 125].

This literature must be evaluated carefully. Backtests
can be contaminated by look-ahead bias, survivorship bias,
execution assumptions, and prompt selection. Volatility-
regime studies and cross-market forecasting papers are
relevant because they remind FinLLM researchers that
market dynamics are state-dependent [15, 16]. A credible
LLM trading evaluation should report timestamps, data
availability, transaction costs, baseline strategies, turnover,
drawdown, and regime sensitivity.

9 Benchmarks and Evaluation

9.1 Knowledge, Reasoning, and Readiness
Benchmarks

FinLLM benchmarks evaluate domain knowledge, rea-
soning, sentiment, summarization, QA, and readiness.
FinEval, FinDABench, FinBen, FLAME, Open FinLLM
Leaderboard, Golden Touchstone, and advanced financial
reasoning benchmarks are representative [58, 31, 57, 108,
82]. Some benchmarks focus on Chinese finance or bilin-
gual evaluation, while others evaluate institutional readi-
ness or CFA-style reasoning. Benchmarking suites for
agents and financial LLMs broaden the unit of evaluation
from text completion to task performance [57].

9.2 Task-specific Benchmarks
Task-specific work covers NER, report summarization, re-
port analysis, financial tagging, climate finance, regulatory
challenges, and financial education QA [65, 115, 10, 100,
68, 95]. These datasets are useful because financial com-
petence is multidimensional. A model that performs well
on sentiment may fail at numeric table reasoning; a model
that summarizes filings may still hallucinate unsupported
trends.

9.3 Hallucination, Bias, and Robustness
Finance magnifies hallucination risk. Studies have exam-
ined hallucination in financial reports, empirical deficien-
cies of LLMs in finance, company-specific sentiment bias,
retrieval vulnerability, and detection/editing of hallucina-
tions [78, 41, 70, 123]. RAG helps but does not eliminate
hallucination; retrieved evidence can be irrelevant, out-
dated, or misread. Robustness evaluation should therefore
test adversarial headlines, missing documents, stale filings,
conflicting evidence, and market regime shifts.

10 Agents and Workflow Automa-
tion

Financial tasks are multi-step: collect evidence, clean data,
compute metrics, retrieve filings, compare peers, write an
investment memo, and expose uncertainty. Agent systems
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Table 2: Representative FinLLM systems and benchmarks covered in this survey. The table is illustrative rather than
exhaustive.

Work Type Primary focus Why it matters

BloombergGPT Domain-pretrained
model

financial corpora plus gen-
eral language ability

Establishes large-scale finance-
specific pretraining as a strong
baseline [107].

FinGPT Open-source framework data pipelines and instruc-
tion tuning

Makes financial LLM adaptation
reproducible and easier to update
[113, 59].

DISC-FinLLM Localized model Chinese financial expert tun-
ing

Shows the importance of jurisdic-
tion, language, and expert data [11].

FinBench / Fi-
nanceBench

QA benchmark financial document question
answering

Pushes evaluation toward realistic
document-grounded analysis [40].

FinBen / FLAME Benchmark suite broad financial capability as-
sessment

Moves beyond single-task senti-
ment or QA evaluation [31].

FinTral / Open-
FinLLMs

Multimodal model fam-
ily

reports, tables, charts, and
multimodal finance

Expands FinLLMs beyond text-only
reasoning [5, 38].

FinSage / FinDER RAG systems and
datasets

financial filings QA and re-
trieval evaluation

Makes evidence quality and re-
trieval strategy central [99, 21].

FinRobot / FinA-
gentBench

Agent platform and
benchmark

multi-step financial work-
flows

Evaluates tool use and agentic re-
trieval rather than isolated genera-
tion [22].

attempt to automate these workflows through decomposi-
tion, tool use, and reflection. Examples include FinRobot,
FinGPT search agents, heterogeneous agents for sentiment,
multi-agent reflection for QA, FinSphere, FinTeam, role-
aware education QA, and agentic retrieval benchmarks
[111, 89, 29, 33, 22].

Agentic systems require stricter evaluation than single-
turn models. Intermediate actions should be logged; tool
calls should be reproducible; retrieved evidence should be
cited; and final answers should separate fact from infer-
ence. Secure and auditable RAG platforms are relevant
because financial institutions need traceability and permis-
sion control [99, 17]. Short-text embedding and semantic
retrieval studies, including work outside finance, can in-
form system design when retrieval must operate over noisy
snippets rather than long filings [46].

11 Applications Beyond Core NLP

11.1 Disclosure, Audit, and Regulation

LLMs are increasingly used for disclosure completeness,
segment reporting, regulatory interpretation, auditing,
fraud detection, and compliance verification [62, 8, 95,
90, 86]. These applications differ from market prediction
because they prioritize consistency, completeness, and au-
dit trails. A disclosure assistant should not simply generate
plausible text; it should identify missing segment infor-
mation, compare peer disclosures, and cite authoritative
rules.

11.2 Sustainability and Climate Finance

Sustainability reporting and climate finance are impor-
tant FinLLM applications because they combine narrative
disclosure, quantitative targets, and external verification.
Work on analyst following and greenwashing shows that
information intermediaries can affect firms’ disclosure be-
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havior [63]. SusGen-GPT and Climate Finance Bench
illustrate how LLMs can support sustainability-report gen-
eration and climate-finance reasoning [106, 68]. These
applications require careful treatment of greenwashing:
the model should detect weak evidence rather than trans-
form vague claims into polished language.

11.3 Credit Risk and Model Explainability

Credit risk management is another natural deployment set-
ting for financial AI because model explanations must be
stable enough for review, governance, and user trust. Work
on SHAP stability in credit-card default modeling illus-
trates the need to evaluate not only predictive performance
but also explanation robustness [56]. This is relevant for
FinLLMs because generated rationales, retrieved evidence,
and post-hoc explanations can all become part of the deci-
sion record.

11.4 Financial Education and Literacy

LLMs can also support financial literacy, education QA,
and decision support for non-experts [44, 126]. This set-
ting requires calibration and guardrails, because users may
interpret fluent text as personalized financial advice. Eval-
uation should include refusal behavior, explanation quality,
and user comprehension.

12 Open Problems

Temporal validity. Financial language and market rela-
tionships change over time. Benchmarks should use times-
tamped corpora, rolling-window tests, and post-release
evaluation to avoid leakage.

Evidence-grounded generation. FinLLMs should cite
source spans, preserve numeric values, and distinguish
retrieved facts from model inference. RAG evaluation
should score retrieval, reranking, evidence use, and final
answer separately.

Data governance. Financial corpora may include li-
censed reports, proprietary data, personal information, and

non-public material. Dataset cards, source licenses, dedu-
plication logs, and contamination tests should become
standard.

Economic validity. For trading and forecasting, NLP
metrics are insufficient. Evaluation should include trans-
action costs, risk-adjusted returns, drawdowns, regime
analysis, and economic baselines.

Multimodal reliability. Charts, tables, PDFs, satellite
images, and time series require different error checks. Mul-
timodal FinLLMs should be evaluated on source-grounded
visual and numeric claims, not only final summaries.

Auditable agents. Agent systems need logs, determin-
istic replay, permission control, and human review points.
This is especially important for compliance, investment
research, and financial advisory settings.

13 Conclusion
FinLLMs are becoming an integrated research area con-
necting NLP, machine learning systems, accounting, fi-
nance, and responsible AI. The field has moved beyond
applying generic LLMs to financial text: it now includes
domain pretraining, open-source adaptation, RAG systems,
multimodal models, agent platforms, and financial readi-
ness benchmarks. The next step is methodological con-
solidation. FinLLM research should prioritize verified
data provenance, temporally realistic evaluation, evidence-
grounded outputs, and auditable workflows. These require-
ments are not peripheral; they define whether FinLLMs
can support real financial analysis rather than merely pro-
duce fluent financial prose.
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