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Abstract

Large Language Models (LLMs) have emerged
as transformative, powerful tools for processing
and acting on unstructured financial data. How-
ever, existing surveys suffer from methodolog-
ical fragmentation, evaluation inconsistency,
and application disconnect. This hinders the
transition of research from academia to real-life
applications in financial institutions. To address
these gaps, we (1) introduce a unified taxonomy
organizing approaches by computational com-
plexity, (2) propose a three-stage evaluation
framework, and (3) examine LLM deployment
approaches suited to specific operational con-
texts. Furthermore, we identify key challenges
including validation frameworks, data contam-
ination, and operational compliance that need
to be further investigated.

1 Introduction

Large language models (LLMs) have emerged as
powerful tools in processing the vast amounts of
unstructured text generated from financial mar-
kets. Real-world deployments exemplify this
trend: Bloomberg integrated BloombergGPT into
its Value-at-Risk stress-testing dashboard, reduc-
ing analysis times from hours to minutes (Wu et al.,
2023). This underscores how LLMs are becoming
embedded across the financial value chain, from
data ingestion to trade execution and post-trade
surveillance (Huang et al., 2023; Wu et al., 2023).
Financial NLP is well-established at * ACL venues
through dedicated workshops, shared tasks, and
evaluation benchmarks (Xie et al., 2023, 2024,
Malaysha et al., 2024). Organizing this rapidly
growing body of work serves the ACL community
by providing a unified framework for navigating
computational trade-offs that generalize beyond
finance to other domain-specific NLP applications.
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While the rapid adoption of financial LLMs has
generated significant academic interest, existing
surveys fail to provide comprehensive guidance
for practitioners. Most existing comprehensive sur-
veys suffer from fundamental taxonomic confusion
by mixing computational methods (machine learn-
ing, etc), application domains (trading, etc), and
infrastructure (blockchain, etc) without clear sepa-
ration (Vukovié et al., 2025; Nie et al., 2024). Addi-
tionally, many surveys lack comprehensive evalua-
tion frameworks to assess LLM performance across
the full deployment lifecycle (Li et al., 2023; Lee
et al., 2025; Tatarinov et al., 2025). While some
surveys advocate for financial metrics over tradi-
tional ML measures, they fail to provide systematic
evaluation frameworks connecting laboratory per-
formance to real-world outcomes (Tatarinov et al.,
2025; Lee et al., 2025). Other surveys lack unified
validation frameworks and organize by application
domains rather than computational architectures,
preventing practical selection based on computa-
tional costs (Nie et al., 2024; Vukovic et al., 2025).
Since computational cost is a primary constraint for
financial LLM deployment (Tavasoli et al., 2025),
alternative dimensions such as supervision level
or interpretability can serve as secondary selection
criteria within each computational category.

As a result, we identify three critical gaps:
methodological fragmentation, evaluation inconsis-
tency, and application disconnect. Methodological
Fragmentation is no unified framework for orga-
nizing the diverse approaches to financial LLMs.
Evaluation Inconsistency is the lack of frameworks
connecting laboratory performance to real-world
deployment success. Application Disconnect repre-
sents the isolation of academic advances from the
operational realities of financial institutions.

To address these gaps, we present FinanceLLM,
a comprehensive survey that provides methodolog-
ical clarity, evaluation coherence, and application
guidance. To handle Methodological Fragmenta-

48501

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 48501-48514
October 24-29, 2026 ©2026 Association for Computational Linguistics



Method Representative Model Metrics Baseline Training Dataset
Prompt-optimization Methods
Example-Based Gemini, GPT (cluster) (Wei and Liu, 2025) Acc. Random sel. N/A
Demonstration GPT-4, BARD (Ahmed et al., 2024) Human eval. Zero-shot N/A
Reasoning-Guided Instruct-FinGPT-7B (Zhang et al., 2023a)  Acc., F1 FinBERT, LLaMA TENS, FiQA
Instruction LLaMA-7B + RAG (Zhang et al., 2023b)  Acc., F1 BloombergGPT TENS, FiQA
Prompt-based Inference

Zero-shot ChatGPT (GPT-3.5/4) (Bond et al., 2023)  Acc., corr. L&M dictionary ~ N/A
Deployment GPT-4-32k (Papasotiriou et al., 2024) MAE Analyst ratings N/A

. Qwen-7B-Chat (CoT) (Chen et al., 2024) F1 E2E-BERT N/A
Chain-of-Thought - 5 ; N1 (CoT) (Deng et al., 2023) Acc. FinBERT N/A
Representation FinBERT (quantum) (Yang et al., 2025) F1 FT FinBERT N/A
Enhancement

Agent-based Inference
Sequential MarketSenseAl 2.0 (Fatouros et al., 2025) Cum. return SPY, OEF N/A
Processing
Non-Sequential HAD (Xing, 2025) Acc., F1 Naive prompt N/A
Collaboration TradingAgents (Xiao et al., 2024) AR, SR Buy-and-hold N/A
Parameter-efficient Methods
Low-Rank FinLlama (Iacovides et al., 2024) SR, AR FinBERT FPB, FiQA, TFNS,
Decomp. and +GPT
Quantization Llama-3-8B (QLoRA) (Ni et al., 2024) Acc., F1, MCC GPT-4, Mistral S&P 500 earnings
FinGPT (LoRA+RLSP) (Liu et al., 2023)  F1, Acc. BloombergGPT News, social, filings
Reinforcement SAPPO (Kirtac and Germano, 2025b) SR, AR PPO Refinitiv news
Learning I-RAG-RL (Zhao and Welsch, 2024) Acc., F1 LLaMA-2-70B TENS, FiQA-SA
Fully-tuning Methods
. BioFinBERT (Aparicio et al., 2024) Acc., F1 FinBERT Biopharma-Dive,
Domain Transfer FPB
Llama-2-7B (FT) (Luo and Gong, 2024) Acc. FinBERT, LSTM FPB

Contextual FinSentGPT (Ardekani et al., 2024) Spearman, RMSE Linear reg. NYT, ECB policy
Adaptation KR-FinBERT (Kim et al., 2023) SR, AR KOSPI 200 Paxnet (Korean)

P DistilRoBERTa (Bhat and Jain, 2024) Acc. DistilRoBERTa 76 headlines
Synthetic Data FinBERT-LC (Atsiwo, 2024) Acc., F1 FinBERT FPB + synthetic

Integration

Table 1: Taxonomy of methods, ordered by ascending computational cost. Acc. = accuracy; AR = annualized
return; SR = Sharpe ratio; L&M = Loughran—McDonald dictionary; FPB = Financial PhraseBank; TFNS = Twitter
Financial News Sentiment; +GPT = GPT-labelled news. Dataset details are in Appendix C.

tion, we organize financial LLM approaches into
three methodological pillars ordered by ascending
computational cost: prompt-optimization methods,
inference-based methods, and tuning-based meth-
ods. This enables practitioners to identify the most
suitable approach given their computational budget.
For Evaluation Inconsistency, we establish a three-
stage validation framework: laboratory benchmark-
ing, human evaluation, and production readiness.
This connects academic metrics to performance re-
quirements and operational constraints. For Appli-
cation Disconnect, we examine LLM deployment
across distinct financial functions (algorithmic trad-
ing, equity research, cross-asset domains) bridging

academic advances with practical implementation.
We summarize the contribution of this paper as:

* Unified Computational Taxonomy: Meth-
ods organized by ascending computational
cost: prompt optimization to full fine-tuning.

* Multi-Layer Evaluation Framework: Three
progressive validation stages connecting labo-
ratory benchmarking to production readiness.

* Application-Method Mapping: Computa-
tional approaches mapped to algorithmic trad-
ing, equity research, and cross-asset domains.

We present a comprehensive taxonomy in Table
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1 that distinguishes three strategies ordered by as-
cending computational cost: optimizing prompts
without parameter changes (prompt optimization),
using models directly through API calls or multi-
agent coordination (inference-based), and updating
model parameters for domain adaptation (tuning-
based). This reveals important trade-offs: prompt
optimization methods offer maximum flexibility
and interpretability at minimal cost, inference-
based methods leverage pre-trained capabilities
without modification, and tuning-based approaches
provide superior domain adaptation at higher re-
source costs. We use financial sentiment analysis
(FSA) as the primary illustrative domain because it
offers the richest methodological diversity, though
our taxonomy generalizes to tasks such as fraud de-
tection, regulatory NER, and document extraction.
This structured presentation helps practitioners nav-
igate the cost-performance landscape: organiza-
tions with limited compute can begin with prompt
optimization, scale to inference-based methods as
needs grow, and invest in tuning only when domain
adaptation justifies the resource cost. Our literature
selection methodology is described in Appendix E.

2 Prompt Optimization Methods

At the lowest computational cost, prompt optimiza-
tion adapts LLM behavior through strategic input
design to leverage latent financial reasoning with-
out modifying model parameters. This approach
enables flexible deployment, compatibility with
proprietary models, and greater interpretability via
explicit reasoning chains. We explore prompt op-
timization through two input strategies reflecting
the way we communicate tasks to LLMs. Example-
Based Demonstration examines selecting optimal
examples to help the model infer task requirements
through demonstration. Reasoning-Guided Instruc-
tion goes further by crafting explicit instructions to
guide models in accomplishing the task objective
while also articulating their reasoning.

Example-Based Demonstration. The core intu-
ition behind example-based approaches is that fi-
nancial sentiment patterns can be conveyed through
well-chosen demonstrations. In-context learning
enables fast task adaptation and flexible deploy-
ment. A key challenge is selecting examples that ef-
fectively convey task-specific and domain-relevant
patterns. Wei and Liu evaluate the efficacy of
four demonstration selection strategies: random
selection (picking K samples at random), distance-

based selection (choosing maximally dissimilar
embeddings), difficulty-based selection (using an
LLM to find the hardest examples), and clustering-
based selection (selecting samples nearest to cluster
centroids for diversity and representativeness) (Wei
and Liu, 2025). Evaluation across ten LLMs
on FiQA and Twitter datasets demonstrates that
clustering-based approaches consistently outper-
form other methods by balancing diversity and rep-
resentativeness (Wei and Liu, 2025). Ahmed et al.
propose a structured prompt engineering approach
that distinguishes between local (company-specific)
and global (sector or macroeconomic) context in
financial documents (Ahmed et al., 2024). In zero-
shot settings, the framework is applied directly;
in few-shot settings, it includes two Al-generated
synthetic examples to illustrate the expected out-
put (Ahmed et al., 2024). Evaluations on finan-
cial reports from Pakistani companies using four
LLMs (ChatGPT, Bing Chat, BARD, Cohere) show
that few-shot prompting improves accuracy, partic-
ularly in global sentiment detection, by offering
clearer contextual guidance (Ahmed et al., 2024).
While clustering-based selection provides the most
robust demonstrations, it requires an embedding
computation cost that instruction-based approaches
avoid by shifting the burden to parameter updates.
Reasoning-Guided Instruction. Although instruc-
tion tuning modifies model parameters (as in Sec-
tions 4.1 and 4.2), it teaches prompt-following and
reasoning articulation rather than encoding finan-
cial domain knowledge. This motivates its inclu-
sion with prompt optimization strategies. Instruc-
tion tuning reframes FSA as a natural language gen-
eration task, training models to follow structured
prompts and provide reasoning. How is this refor-
mulation accomplished? Instruct-FinGPT involves
three key steps: (1) converting existing financial
sentiment datasets into instruction-following for-
mats using 10 human-written templates, (2) per-
forming supervised fine-tuning with sequence-to-
sequence loss, and (3) mapping generated outputs
back to sentiment labels during inference (Zhang
et al., 2023a). The approach consistently outper-
forms both FinBERT and ChatGPT on Twitter vali-
dation datasets, while showing particular strength
in contextual understanding scenarios (Zhang et al.,
2023a). Their instruction-tuned model also exhibits
strong zero-shot generalization capabilities, out-
performing ChatGPT-3.5 and vanilla LLaMA-7B
on the Financial PhraseBank dataset (Zhang et al.,
2023a). Zhang et al. extend this approach by com-
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bining instruction tuning with a RAG module that
retrieves context from external financial sources,
addressing the limited context in brief financial
news (Zhang et al., 2023b). Their results show
instruction-guided reasoning achieves optimal per-
formance when paired with external knowledge re-
trieval (Zhang et al., 2023b). Compared to example-
based demonstration, instruction tuning provides
more consistent reasoning but blurs the boundary
with tuning-based methods (Section 4), as both
modify parameters. The shared finding across both
strategies is that external knowledge retrieval con-
sistently improves performance, suggesting FSA
is often bottlenecked by context availability rather
than reasoning capability.

3 Inference-based Methods

While prompt optimization focuses on input de-
sign, inference-based methods leverage the full ca-
pabilities of pre-trained LLMs by direct querying
and multi-agent coordination at moderate compu-
tational cost. These methods require no parameter
modification but incur higher inference-time costs
than prompt optimization, particularly for multi-
agent systems. We organize by interaction architec-
ture: Prompt-based Inference uses direct querying
while Agent-based Inference deploys specialized
collaborating instances. This reflects the complex-
ity shift from querying to multi-instance systems.
Accordingly, techniques like RAG span multiple
categories depending on their deployment cost.

3.1 Prompt-based Inference

Prompt-based inference directly queries a model.
This approach prioritizes computational efficiency
and deployment simplicity while leveraging the ca-
pabilities within a unified model. We explore three
approaches that address different interaction pat-
terns. Zero-shot Deployment directly queries the
model. Chain-of-Thought structures complex anal-
ysis through multi-step reasoning chains. Repre-
sentation Enhancement leverages learned represen-
tations to feed into the model via basic prompting.

Zero-shot Deployment. This deployment ap-
proach uses pre-trained models through direct API
calls without parameter modification. One study
shows ChatGPT outperforms FinBERT and tradi-
tional sentiment classifiers (Loughran & McDon-
ald, etc) in analyzing financial news summaries to
predict S&P 500 returns (Bond et al., 2023). Pa-
pasotiriou et al. utilize GPT-4 to generate stock

ratings across S&P 500 companies using financial
and news data, outperforming the consensus of
45,000 Wall Street analyst ratings (Papasotiriou
et al., 2024). These findings establish prompting
as a low-cost and efficient deployment strategy,
though optimal input design (covered in Section 2)
remains crucial for performance.
Chain-of-Thought.  Chain-of-Thought (CoT)
structures complex tasks into intermediate steps
to improve reasoning. This structure can be useful
for FSA, which involves determining emotional
tone, market sentiment, and opinion polarity. Chen
et al. apply a 4-step CoT framework decompos-
ing FSA into sequential stages (company identifi-
cation, sentiment classification, etc) and achieve
strong performance on long, noisy texts and Chi-
nese financial news (Chen et al., 2024). Meanwhile,
Deng et al. employ multi-path CoT reasoning for
cross-validation between reasoning chains, achiev-
ing 97.3% accuracy on FiQA News and 72.0% on
Reddit sentiment analysis (Deng et al., 2023). In
both cases, the reasoning structure comes entirely
from the prompt while model parameters remain
frozen. This is different from instruction-tuned
reasoning (Section 2) where parameters are up-
dated to internalize reasoning patterns. CoT thus
trades increased latency and token usage for struc-
tured reasoning, a cost-robustness trade-off absent
in zero-shot deployment, which is cheaper but frag-
ile to prompt wording (Dmonte et al., 2024).
Representation Enhancement. This approach
enhances the underlying data representations be-
fore feeding them to LLMs. Unlike prompt opti-
mization strategies, the innovation lies in creating
richer semantic embeddings. Yang et al. propose
a quantum-inspired enhancement of FinBERT em-
beddings, encoding multiple interpretations of am-
biguous financial terms (Yang et al., 2025). This ap-
proach achieves a zero-shot performance within 4.4
percentage points of fully fine-tuned FinBERT on
Financial PhraseBank (Yang et al., 2025). Unlike
the preceding approaches, representation enhance-
ment improves input quality rather than inference
strategy, but shares their core limitation: depen-
dence on pre-trained knowledge that cannot adapt
to novel financial terminology or market regimes.

3.2 Agent-based Inference

Agent-based inference deploys model instances
with specialized roles collaborating to mimic finan-
cial institutions. We explore two approaches: Se-
quential Processing follows strict pipelines where
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agents pass work through defined stages, while
Non-Sequential Collaboration encompasses paral-
lel processing and flexible coordination patterns.
Sequential Processing. MarketSenseAl devel-
oped a Chain-of-Agents system that assigns dis-
tinct LLM agents to sequential tasks (news sum-
marization, fundamental analysis, etc) (Fatouros
et al., 2025). Empirical evaluation shows the se-
quential approach significantly outperforming the
benchmark indices (Fatouros et al., 2025). This
demonstrates how sequential agent coordination
can generate increasingly refined investment in-
sights through structured information handoffs.
Non-Sequential Collaboration. Unlike rigid
pipeline architectures, non-sequential coordination
allows agents to interact flexibly. The Heteroge-
neous Agent Discussion (HAD) framework demon-
strates this: seven specialized agents operate inde-
pendently before a summative agent synthesizes
their perspectives (Xing, 2025). TradingAgents
combines parallel analysis with dynamic interac-
tions. Analysts generate reports independently,
bull-and-bear researchers engage in adaptive de-
bates based on emerging conflicts, and risk man-
agement teams intervene opportunistically as condi-
tions warrant (Xiao et al., 2024). Both approaches
outperform their respective benchmark methods,
suggesting adaptive coordination can be as effec-
tive while offering greater flexibility in agent inter-
actions. However, neither study evaluates robust-
ness to adversarial market conditions or measures
latency overhead from multi-agent coordination,
gaps that can limit deployment conclusions. Addi-
tionally, neither study quantifies coordination over-
head relative to single-model baselines, leaving
the cost-benefit ratio unclear for latency-sensitive
applications.

4 Tuning-based Methods

While inference-based methods are effective, they
are limited by their reliance on pre-trained knowl-
edge. At the highest computational cost, tuning-
based methods achieve in-domain adaptation by
updating full or partial parameters. In FSA, this
approach addresses a key limitation: pre-trained
LLM:s often lack the specialized knowledge needed
for optimal performance. We organize tuning meth-
ods by the extent of parameter updates and compu-
tational cost. Parameter-efficient Methods update
only small subsets of parameters, offering lower
costs and faster deployment. Full-tuning Methods

adapt all model parameters for maximal domain
integration, but require significant resources. This
reflects the field’s move from exhaustive adaptation
to scalable, efficient solutions.

4.1 Parameter-efficient Methods

While fully fine-tuning methods update every pa-
rameter, parameter-efficient fine-tuning only ad-
justs a small subset of parameters while keeping the
rest frozen (Iacovides et al., 2024; Liu et al., 2023;
Kirtac and Germano, 2025b; Zhao and Welsch,
2024). These methods (low-rank adaptation, quan-
tization, reinforcement learning) have reduced com-
putational requirements and faster training times
while achieving domain specialization (Ni et al.,
2024). We explore two complementary strate-
gies that address distinct limitations of resource-
constrained FSA deployment. Low-Rank Decom-
position and Quantization reduces memory and
computation costs while preserving performance.
Reinforcement Learning shifts the training focus
from laboratory-based performance metrics to opti-
mizing for real-world financial outcomes. Together,
these methods enable practical, cost-effective de-
ployment aligned with market goals.

Low-Rank Decomposition and Quantization.
The foundational principle behind low-rank adap-
tation approaches is that task-specific learning can
be effectively captured in low-dimensional param-
eter subspaces. This works by exploiting redun-
dancy in model representations without modifying
entire model architectures. FinLlama utilizes Low-
Rank Adaptation (LoRA) during the fine-tuning
of Llama 2 7B, resulting in FinLlama significantly
outperforming FinBERT while having 4.2 million
trainable parameters compared to FinBERT’s 110
million parameters (Iacovides et al., 2024). Quanti-
zation is another approach to reduce the memory
footprint of a model by representing parameters
with lower precision (e.g., 4-bit instead of 16-bit).
Ni et al. apply a 4-bit QLoRA (quantized LoRA)
quantization before fine-tuning LLaMA-3-8B and
demonstrate superior predictive performance when
integrating multiple types of financial information
(company fundamentals, market signals, and ana-
lyst actions) for predictions (Ni et al., 2024). The
FinGPT series demonstrates the full extent of low-
rank decomposition, combining LoRA/QLoRA
techniques with reinforcement learning to achieve
state-of-the-art performance in just 4 hours on a
single A100 GPU. This stands in stark contrast to
pre-trained baselines: BloombergGPT (53 days)
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and Llama2 (21 days) (Liu et al., 2023). This signi-
fies that low-resource environments can still build
cutting-edge, market-aligned models.
Reinforcement Learning. Reinforcement learn-
ing aligns model training with real-world finan-
cial outcomes rather than classification accuracy.
Sentiment-Augmented Proximal Policy Optimiza-
tion (SAPPO) extends the PPO framework (a rein-
forcement learning method that learns from market
outcomes) by integrating real-time sentiment sig-
nals to guide portfolio decisions (Kirtac and Ger-
mano, 2025b). To generate consistent sentiment
scores, Refinitiv financial news is fed into LLaMa
3.3, and the outputs are used as inputs for the senti-
ment component. This creates a stable information
pipeline (Kirtac and Germano, 2025b). SAPPO out-
performs the baseline PPO agent, demonstrating
that integrating consistent real-time market senti-
ment can be valuable in applications of FSA (Kir-
tac and Germano, 2025b). Further work has ad-
vanced this paradigm by enabling models to dy-
namically select information sources based on cur-
rent market conditions. Zhao and Welsch proposed
a PPO-based reinforcement learning framework en-
hanced with an adaptive Retrieval-Augmented Gen-
eration (RAG) module that strategically retrieves
context-relevant financial information from multi-
ple sources (Zhao and Welsch, 2024). The base
model, LLaMA?2, operates within a dual frame-
work: the RAG module ensures access to con-
textually optimal information, and the reinforce-
ment learning component adapts trading decisions
based on actual financial outcomes (Zhao and
Welsch, 2024). Empirically, LLaMA I-RAG-RL
achieved a 1-6% improvement in classification ac-
curacy and F1 over GPT-4 Turbo, BloombergGPT,
and RoBERTa on the Financial PhraseBank and
TFNS benchmarks, with a 3.61% higher Sharpe
ratio (Zhao and Welsch, 2024). Across parameter-
efficient methods, LoRA achieves competitive per-
formance with 4.2M parameters versus FinBERT s
110M (Iacovides et al., 2024), questioning whether
full fine-tuning (Section 4.2) is justified outside
highly specialized domains.

4.2 Fully-tuning Methods

Full fine-tuning updates all the parameters of a
model, offering strong domain adaptation but com-
ing with the highest computational costs. Among
tuning methods, it’s the most comprehensive and
based on the assumption that FSA requires struc-
tural changes to model weights. We explore full-

tuning methods through three FSA challenges:
knowledge acquisition, representation diversity,
and data scarcity. Domain Transfer addresses the
knowledge acquisition challenge by leveraging spe-
cialized knowledge (e.g., biomedical, general lan-
guage) for finance. Contextual Adaptation explores
the need to model linguistic and cultural diversity
in global financial models (representation diversity
challenge). Synthetic Data Integration mitigates
the data scarcity challenge by examining the use of
synthetic labeled data.

Domain Transfer. The intuition behind this ap-
proach is recognizing that effective FSA requires
a strategic transfer of knowledge from source do-
mains to financial contexts. BioFinBERT exempli-
fies cross-domain transfer by fine-tuning BioBERT
on the Biopharma-Dive and Financial PhraseBank
combined dataset, leveraging BioBERT’s biomed-
ical grounding for FSA in biotechnology mar-
kets (Aparicio et al., 2024). However, BioFin-
BERT’s performance was comparable to FinBERT
in biomedical markets. This suggests cross-domain
transfer may not offer significant advantages even
after fine-tuning on financial data (Aparicio et al.,
2024). In contrast, Luo and Gong demonstrated
highly effective general-to-financial domain adap-
tation. They examined the performance of the pre-
trained model with few-shot prompting, unsuper-
vised domain pre-training (mix of financial and
general-domain text), and fine-tuning on the Fi-
nancial PhraseBank dataset (Luo and Gong, 2024).
This demonstrates the importance of strategic use
of high-quality labeled data rather than relying on
extensive domain pre-training.

Contextual Adaptation. This approach stems
from the fact that financial markets operate across
multiple languages, cultural frameworks, and emo-
tional dimensions. These factors require FSA
approaches to capture this context complexity.
FinSentGPT fine-tuned OpenAl's ADA GPT-3
on diverse datasets: 2,226 NYT articles on US
inflation and European Central Bank’s (ECB)
monthly policy statements in five European lan-
guages (Ardekani et al., 2024). FinSentGPT (ECB
+ NYT fine-tuning) outperformed FinSentGPT
(ECB English-only fine-tuning), highlighting that
linguistic and topical diversity help enhance model
robustness (Ardekani et al., 2024). A Korean FSA
study evaluated three LLMs: KoBERT (Korean-
pretrained BERT), KR-FinBERT (FinBERT fine-
tuned on a Korean financial corpora), and GPT-3.5
(off-the-shelf multilingual) (Kim et al., 2023). Both
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GPT-3.5 and KR-FinBERT outperformed on the
KOSPI 200 EWI benchmark model. Notably, KR-
FinBERT achieved superior risk-adjusted returns,
underscoring the value of domain-specialized fine-
tuning for cultural grounding (Kim et al., 2023).
Bhat and Jain show that fine-tuning DistilRoBERTa
on Ekman’s six emotions outperforms binary sen-
timent for next-day stock movement prediction,
suggesting FSA benefits from finer emotional gran-
ularity (Bhat and Jain, 2024). The need for linguis-
tic diversity extends beyond European and East
Asian languages. The AraFinNLP shared task in-
troduced the first Arabic financial NLP evaluation
covering intent detection and cross-dialectal finan-
cial text processing across Modern Standard Ara-
bic, Tunisian, and Saudi dialects (Malaysha et al.,
2024), while the ArBanking77 dataset provides
Arabic banking intent classification across 77 intent
categories (Jarrar et al., 2023). These efforts high-
light that financial NLP requires not only language-
specific fine-tuning but also dialect-aware adapta-
tion for markets where informal financial commu-
nication diverges significantly from formal text.
Synthetic Data Integration. Integrating synthetic
data generation can address the inherent limita-
tions of the lack of available labeled financial data.
BertNSP further pre-trains BERT on Bloomberg
financial data to generate longer synthetic financial
sentences (Atsiwo, 2024). This data, along with
synthetic data from other LL.Ms and real Financial
PhraseBank data, was used to train FinBERT-LC.
The resulting model achieved a 3—4 point lift in
both accuracy and macro F1 over models trained
on human labels alone (Atsiwo, 2024). Across
full-tuning methods, diminishing returns are evi-
dent: BioFinBERT performed comparably to Fin-
BERT despite additional pre-training (Aparicio
etal., 2024), while multilingual fine-tuning and syn-
thetic data show more consistent gains. This sug-
gests that data diversity matters more than model
capacity for FSA.

5 Evaluations

Having explored the three methodological ap-
proaches to financial LLMs, we now examine how
to systematically evaluate their effectiveness. We
organize evaluation approaches into three progres-
sive validation layers that mirror the development
lifecycle. Laboratory Benchmarking establishes
baseline capabilities on standardized datasets. Hu-
man Evaluation probes reasoning quality and in-

terpretability. Production Readiness validates per-
formance under operational constraints. This pro-
gression reflects the field’s evolution from isolated
performance metrics to comprehensive validation
frameworks. We map representative works to their
achieved validation stages in Appendix B.

Laboratory Benchmarking. Laboratory bench-
marking is useful for understanding the strengths
and weaknesses of different model architectures
rather than simply measuring which achieves the
highest accuracy scores. For example, Kirtac and
Germano compare the performance of bidirectional
models (FinBERT, RoBERTa) versus LLMs (GPT-
4, OPT, LLaMA-3). They find the former excels
at sentiment classification in formal financial doc-
uments (earnings reports, SEC filings), while the
latter provides superior narrative understanding for
informal financial news analysis (Kirtac and Ger-
mano, 2025a). Mahendran et al. confirm this pat-
tern by testing on both formal financial datasets
(PhraseBank) and informal social media (Reddit),
demonstrating that models should be evaluated on
data similar to their intended use (Mahendran et al.,
2025). Standardized benchmarks further support
this principle as the PIXIU framework provides
a multi-task evaluation suite spanning sentiment
analysis, question answering, and named entity
recognition, enabling consistent cross-model com-
parison (Xie et al., 2023). Beyond PIXIU, several
benchmarks expand evaluation scope. FLUE pro-
vides five English financial NLP tasks including
sentiment, NER, and QA (Shah et al., 2022). Fin-
Ben extends this to 42 datasets spanning 24 tasks
with bilingual English-Spanish evaluation (Xie
et al., 2024). CFinBench offers 99,100 questions
for Chinese financial contexts, where even GPT-4
achieves only 60.16% accuracy (Nie et al., 2025).
Together, these benchmarks reveal that evalua-
tion standardization remains fragmented across lan-
guages, with no single framework covering the full
intersection of tasks, languages, and deployment
scenarios. Chen and Kawashima find that incor-
porating LLaMA-3 sentiment analysis works best
when combined with traditional forecasting meth-
ods rather than replacing them entirely (Chen and
Kawashima, 2024). However, laboratory evalua-
tion also reveals critical weaknesses. Dmonte et al.
find that while GPT-4 can outperform specialized
models like FinBERT, small changes in prompt
wording cause dramatic accuracy drops (Dmonte
et al., 2024). Fatemi et al. confirm this sensitivity
problem persists even when models perform empir-
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ically well (Fatemi and Hu, 2023). These findings
establish three key evaluation principles: (1) test
architectural fit for specific contexts (e.g., latency
requirements, compute availability), (2) evaluate
how models work with other financial processes
rather than in isolation, and (3) include robustness
testing beyond peak performance measurement.
Human Evaluation. While laboratory metrics
capture statistical performance, human evaluation
helps gauge the reasoning quality and reliability
required by financial professionals. Du et al. eval-
uate financial reasoning by prompting models to
consider semantics, numbers, time, comparisons,
causality, and risk (Du et al., 2024). Without
this guidance, GPT-3.5 and PaLM-2 show sharp
drops on numerical and comparative tasks, ex-
posing serious gaps in financial reasoning (Du
et al., 2024). However, LLMs show strength in
simpler tasks. Muhammad and Rospocher and
Nakagawa et al. show that ChatGPT-4 matches
specialized models in identifying company senti-
ment from financial headlines, suggesting it can
naturally grasp company-sentiment links without
task-specific training (Muhammad and Rospocher,
2025; Nakagawa et al., 2024). To better understand
these reasoning patterns, Deng et al. have models
verbalize their logic by breaking sentiment analy-
sis into explicit steps (Deng et al., 2023). Human
evaluation thus establishes that effective assess-
ment must probe reasoning depth across multiple
abstraction levels to evaluate explanatory power
and predictive accuracy.

Production Readiness. Production evaluation
tests whether lab results hold up in real-world de-
ployment. It often reveals that infrastructure con-
straints matter more than laboratory performance.
Trading studies confirmed this infrastructure re-
ality: LLM-based strategies achieved strong re-
turns (14.6% annually) and outperformed tradi-
tional methods, but higher trading costs and la-
tency above 300ms significantly degraded perfor-
mance (Liu et al., 2023). These resource con-
straints mean that while specialized models like
FinBERT-C outperform general models, GPT-4
closes the gap through prompt engineering and
serves as a practical, low-compute alternative (Lan
et al., 2024). Further exploring these cost consider-
ations, Roumeliotis et al. demonstrate that although
ChatGPT/Claude match BERT performance with
minimal examples, GPU costs double under dia-
logue streams. This forces cost-cutting strategies
in real-world trading environments (Roumeliotis

et al., 2024). As a result, deployment requires test-
ing real-world constraints and resource scenarios,
since laboratory performance means little without
operational viability.

6 Applications and Challenges

While evaluation frameworks guide model selec-
tion, practical deployment reveals performance
across diverse financial functions. We examine
these applications through three domains that re-
flect different operational needs. Algorithmic Trad-
ing Systems addresses the need for rapid, system-
atic execution in volatile markets. Equity Research
focuses on synthesizing information for investment
research and rating generation. Cross-Asset Class
Domains examines LLM adaptation across differ-
ent asset classes and regulatory environments. Fi-
nally, Challenges and Future Directions explores
issues that hinder large-scale deployment. Our tax-
onomy generalizes beyond FSA to tasks such as
fraud detection, regulatory NER, and document
extraction; we illustrate this in Appendix A.
Algorithmic Trading Systems. Modern capital
markets demand execution strategies with real-
time processing and execution at institutional scale.
Here, sentiment-augmented approaches consis-
tently outperform traditional methods across as-
set types. For example, FinBERT integrated with
econometric models achieves 304.65% gains in
cryptocurrency trading (Liu et al., 2024). Addi-
tionally, fine-tuned LLMs outperform dictionary
methods in U.S. equities over 13 years (Kirtac and
Germano, 2024) and sentiment-enhanced reinforce-
ment learning yields 52.6% profit improvements
in portfolio management (Unnikrishnan, 2024).
A common limitation across these studies is the
absence of transaction cost modeling which can
substantially erode reported gains in live trading.
Furthermore, institutional trading requires collabo-
rative expertise and explainable rationales. This
prompted Xiao et al.’s TradingAgents to repli-
cate institutional trading desks through specialized
agents (fundamental analysts, sentiment analysts,
technical analysts, risk management teams) that co-
ordinate via structured protocols (Xiao et al., 2024).
This yields returns of 26.62% (AAPL), 24.36%
(GOOGL), and 23.21% (AMZN) versus baselines
of 2.05%, 7.78%, and 17.1% (Xiao et al., 2024).
Equity Research. Beyond immediate trade execu-
tion, modern equity research involves synthesizing
vast amounts of unstructured information into ac-
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tionable investment insights and security ratings.
This process suffers from information overload, fil-
ing inconsistencies, and cross-market complexity
in global markets (linguistic, cultural, and regu-
latory understanding). Examining the efficacy of
LLMs for these challenges, Papasotiriou et al. de-
ploy GPT-4-32k for S&P 500 rating generation,
outperforming human analysts with MAE of 1.417
versus 1.570 and validated through 45,000 ratings
from 126 Wall Street firms (Papasotiriou et al.,
2024). Complementing traditional rating method-
ologies, Chen and Kawashima demonstrate how
sentiment-augmented approaches can enhance tra-
ditional equity research by providing systematic
analysis across international stocks (Apple, Ten-
cent, Toyota) (Chen and Kawashima, 2024). Their
sentiment-guided approaches (Llama 3, FinBERT)
outperform traditional approaches (LSTM, SVR,
Random Forest) (Chen and Kawashima, 2024).
These studies show how LLMs can enhance do-
mestic ratings and global equity research, offering
scalable solutions for broad market coverage.
Cross-Asset Class Domains. While general FSA
provides a foundation, different asset classes ex-
hibit distinctive market microstructures and opera-
tional constraints requiring specialized adaptations.
Currency markets require interpretable explana-
tions beyond sentiment classifications. Limonad
et al. achieved 71.33% trend prediction accu-
racy through explainable Al frameworks across
five major currency pairs while maintaining reg-
ulatory transparency (Limonad et al., 2024). On
the other hand, cryptocurrency presents a unique
challenge with its emerging nature. To address this,
Roumeliotis et al. conduct systematic model eval-
uations across crypto news sources (CryptoNews,
CryptoPotato, CoinTelegraph), fine-tuning multiple
LLMs (GPT-4, BERT, FinBERT) using 31,037 arti-
cles to establish performance benchmarks (Roume-
liotis et al., 2024). Results show that fine-tuned
GPT-4 outperforms FinBERT, providing empiri-
cal evidence for model selection to guide crypto
traders (Roumeliotis et al., 2024).

Challenges and Future Directions. One chal-
lenge LLM trading strategies face is validation
when training data contains future information the
model should not have (backtesting data). This
creates a look-ahead bias as it artificially inflates
performance that is misleading about real-world
effectiveness (Glasserman and Lin, 2023). Glasser-
man and Lin demonstrate that removing company
identifiers from headlines (entity anonymization)

used as training data for sentiment analysis trading
strategies leads to an improvement in returns (5.89
basis points) (Glasserman and Lin, 2023). This
suggests that an LLM’s prior knowledge about
specific companies can interfere with sentiment
analysis—a “distraction effect” that limits LLM
performance (Glasserman and Lin, 2023). Another
challenge is data contamination from traditional
noise (spam, misinformation) and LLM-generated
content creating feedback loops detached from au-
thentic market behavior (Nie et al., 2024). Nie et
al. show that cloud-based LLMs amplify contam-
ination risks by both spreading spurious content
and reinforcing feedback loops of Al-generated
financial information (Nie et al., 2024). These
echo chambers disconnect models from real mar-
ket dynamics, ultimately degrading performance
in trading, risk management, and advisory ser-
vices (Nie et al., 2024). Several concrete mitiga-
tion strategies have emerged: temporal train/test
splits that enforce strict chronological separation
to prevent look-ahead bias, n-gram decontamina-
tion filtering that identifies and removes memorized
training sequences from evaluation data, and en-
tity anonymization protocols (Glasserman and Lin,
2023). However, these approaches remain ad hoc
and domain-general as no financial-LLM-specific
decontamination protocol has been established, and
reliable benchmarks that reflect real-world market
conditions are still needed. Addressing these chal-
lenges is essential for safe LLM integration into
financial systems.

7 Conclusion

This survey addresses shortcomings in financial
LLM literature. One contribution is a unified com-
putational taxonomy for informed method selec-
tion. Our three-stage evaluation framework con-
nects laboratory benchmarking to human evalua-
tion and production readiness, bridging the valida-
tion gap between academic metrics and real-world
financial performance requirements. Application-
method mapping demonstrates how different com-
putational approaches suit specific operational con-
texts. Despite significant progress, challenges in
validation, data contamination, and operational
compliance require continued research for safe fi-
nancial LLM deployment.
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Limitations

While this survey provides a comprehensive frame-
work for understanding LLM applications in fi-
nance, there are some limitations we want to ac-
knowledge. As a survey paper, there are limitations
in empirical testing and this paper could benefit
from empirical testing to support the framework
and application-method mapping. Furthermore,
many financial LLM models are proprietary and
undocumented in literature leading to better models
and advances that aren’t documented in this paper.
Additionally the coverage focuses mostly on devel-
oped financial markets: America, Europe, China,
Korea, etc. While recent benchmarks such as CFin-
Bench (Nie et al., 2025) and AraFinNLP (Malaysha
et al., 2024) have begun addressing Chinese and
Arabic financial NLP respectively, comprehensive
coverage of emerging markets (e.g., Southeast
Asian, African, and Latin American financial sys-
tems) remains limited across the field. This po-
tentially leads to a lack of geographic and cultural
diversity found in financial markets.
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B Evaluation Stage Mapping

Table 2 maps representative works to their achieved validation stages, illustrating gaps between laboratory
evaluation and deployment readiness.

Work | Laboratory | Human Evaluation | Production Readiness

Prompt-optimization Methods

Clustering Selection (Wei and Liu, 2025) | v | - | -
Six-part prompt (Ahmed et al., 2024) | - | v | -
Instruct-FinGPT (Zhang et al., 2023a) | v | - | -
LLaMA RAG (Zhang et al., 2023b) | v | - | -
Prompt-based Inference
ChatGPT Zero-shot (Bond et al., 2023) | v | - | -
GPT-4-32k Zero-shot (Papasotiriou et al., 2024) | v | - | v
Qwen-7B-Chat LoRA + CoT (Chen et al., 2024) | v | - | -
PalLM CoT (Deng et al., 2023) | v | v | -
FinBERT (Yang et al., 2025) ‘ v ‘ - ‘ -
Agent-based Inference
MarketSenseAl 2.0 (Fatouros et al., 2025) | v | - | v
Heterogeneous multi-Agent Discussion (Xing, 2025) | v | - | -
TradingAgents (Xiao et al., 2024) | v | - | v
Parameter-efficient Methods
FinLlama (Iacovides et al., 2024) | v | - | v
Llama-3-8b QLoRA (Ni et al., 2024) | v | - | -
FinGPT (Liu et al., 2023) v - | v
SAPPO (Kirtac and Germano, 2025b) ‘ v ‘ - ‘ v
I-RAG-RL (Zhao and Welsch, 2024) | v | - | v
Fully-tuning Methods
BioFinBERT (Aparicio et al., 2024) | v | - | -
Llama2-7B Fine-tuned (Luo and Gong, 2024) | v | - | -
FinSentGPT (Ardekani et al., 2024) | v | - | -
KR-FinBERT (Kim et al., 2023) v - | v
DistilRoBERTa Fine-tuned (Bhat and Jain, 2024) | v | - | -
FinBERT-LC (Atsiwo, 2024) v - | -

Table 2: Validation stages reached by representative works. Laboratory = benchmarking (accuracy, F1); Human
Evaluation = expert reasoning evaluation; Production Readiness = deployment metrics (Sharpe ratio, latency, costs).

C Dataset Characterization

Table 3 provides size, domain coverage, and label information for key datasets referenced in this survey.
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Dataset Domain Size | Labels

Financial PhraseBank (Aparicio et al., 2024; Luo and Gong, | News ~4,840 | 3-class
2024; Atsiwo, 2024)
FiQA Sentiment (Iacovides et al., 2024; Zhang et al., News, social ~1,170 | Continuous
2023a,b)
Twitter Fin. News (lacovides et al., 2024; Zhang et al., Social media ~11,900 | 3-class
2023a,b)
S&P 500 Earnings (Ni et al., 2024) | SEC filings | 3,000+ | Binary
Paxnet (Korean) (Kim et al., 2023) ‘ Korean news ‘ 10,000+ ‘ 3-class
Refinitiv News (Kirtac and Germano, 2025b) ‘ Global news ‘ 100K+ ‘ Continuous
Biopharma-Dive (Aparicio et al., 2024) ‘ Biotech news ‘ 2,500+ ‘ 3-class
NYT + ECB (Ardekani et al., 2024) ‘ News, policy ‘ ~2,200 ‘ Continuous
CryptoNews corpus (Roumeliotis et al., 2024) ‘ Crypto news ‘ ~31,000 ‘ 3-class
FiNER-ORD (Lu and Huo, 2025) | Fin. news \ ~200 | NER
CFinBench (Nie et al., 2025) ‘ Chinese finance ‘ 99,100 ‘ Multi-class
FinBen (Xie et al., 2024) Multilingual (EN, | 42 datasets | Mixed

ES)
ArBanking77 (Jarrar et al., 2023) ‘ Arabic banking ‘ 31,404 ‘ 77 intents

Table 3: Key datasets used in surveyed works.

D Benchmark Desiderata

Existing financial LLM benchmarks each address different evaluation dimensions but none covers the full
intersection of tasks, languages, and deployment scenarios. FLUE (Shah et al., 2022) targets English NLP
tasks, PIXIU (Xie et al., 2023) adds multi-task coverage, FinBen (Xie et al., 2024) extends to bilingual
evaluation and trading, and CFinBench (Nie et al., 2025) addresses Chinese financial contexts. Drawing
on these efforts and our taxonomy, we outline desiderata for a unified financial LLM benchmark:

1. Cost-tier coverage: Evaluation tasks organized by computational cost (prompt optimization,
inference-based, tuning-based) to enable method selection under resource constraints.

2. Cross-domain tasks: Tasks spanning algorithmic trading, equity research, and cross-asset domains
rather than sentiment analysis alone.

3. Validation stage alignment: Metrics mapped to our three-stage framework: laboratory benchmark-
ing (accuracy, F1), human evaluation (reasoning quality, explainability), and production readiness
(latency, transaction costs, Sharpe ratio).

4. Multilingual scope: Coverage beyond English and Chinese to include Arabic, Spanish, and other
underrepresented financial markets.

5. Contamination controls: Built-in temporal splits and decontamination protocols to prevent look-
ahead bias.

E Literature Selection Methodology

We surveyed major NLP and Al venues (ACL, EMNLP, AAAI, NeurIPS, ICAIF, etc) from 2023—
2025, supplemented by arXiv preprints matching queries for “financial LLM” and “financial sentiment
analysis.” We prioritized works demonstrating methodological diversity across our three taxonomy
categories (inference, tuning, prompt optimization) and excluded works focusing exclusively on time-
series forecasting without language components, pure infrastructure surveys, and studies that do not
evaluate on financial text data. Of the 23 works in Table 1, 12 were published in 2024, with six from 2023
and five from 2025. This concentration reflects the rapid growth of financial LLM research following the
release of newer LLMs and open-source alternatives.
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