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Abstract: Alpha mining, which refers to the systematic discovery of data-driven signals predictive of future cross-
sectional returns, is a central task in quantitative research. Recent progress in large language models (LLMs) has
sparked interest in LLM-based alpha mining frameworks, which offer a promising middle ground between human-
guided and fully automated alpha mining approaches and deliver both speed and semantic depth. This study presents
a structured review of emerging LLM-based alpha mining systems from an agentic perspective, and analyzes the
functional roles of LLMs, ranging from miners and evaluators to interactive assistants. Despite early progress, key
challenges remain, including simplified performance evaluation, limited numerical understanding, lack of diversity
and originality, weak exploration dynamics, temporal data leakage, and black-box risks and compliance challenges.
Accordingly, we outline future directions, including improving reasoning alignment, expanding to new data modalities,
rethinking evaluation protocols, and integrating LLMs into more general-purpose quantitative systems. Our analysis
suggests that LLM is a scalable interface for amplifying both domain expertise and algorithmic rigor, as it amplifies
domain expertise by transforming qualitative hypotheses into testable factors and enhances algorithmic rigor for
rapid backtesting and semantic reasoning. The result is a complementary paradigm, where intuition, automation,
and language-based reasoning converge to redefine the future of quantitative research.
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1 Introduction perspective, an alpha refers to any variable, either
constructed or observed, which can be used to rank

The construction of quantitative investment  fiyancial assets by their expected relative perfor-

strategies is an inherently iterative and data-driven
process, involving stages such as data preprocessing,
alpha factor design, model training, portfolio opti-
mization, trade execution, and performance attribu-
tion. At the core of this process lies alpha mining,
the systematic discovery of signals that predict fu-
ture cross-sectional returns. From a computational

* Corresponding author

ORCID: Junjie ZHANG, https://orcid.org/0000-0001-7962-
0680; Yuchen SHI, https://orcid.org/0000-0002-1885-8043
(© Zhejiang University Press 2025

mance. Rather than forecasting exact price levels, an
alpha aims to distinguish between likely outperform-
ers and underperformers over a given horizon. A key
feature of alpha mining is its practical orientation.
Therefore, in this paper, we adopt a broad and prac-
tical definition: an alpha is any data-derived signal
that exhibits empirical predictive power for excess re-
turns. It may originate from financial ratios, techni-
cal indicators, sentiment scores, or other structured
or unstructured information sources (Jegadeesh and
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Titman, 1993; Chen HL et al., 2014). This view ex-
tends beyond the classical asset pricing notion, where
the alpha denotes returns unexplained by known risk
factors (Fama and French, 1993; Cochrane, 2011).
In addition, the alpha mining research field concen-
trates mostly on single-factor alphas, i.e., structured,
interpretable signals that encode specific return hy-
potheses. These alphas are typically defined in sym-
bolic or rule-based form, and may depend on one or
multiple features. Compared to black-box models
that extract latent structure from high-dimensional
inputs (Gu et al., 2020; Zhang Q et al., 2022), single-
factor alphas provide transparency, control, and at-
tribution. Each single-factor alpha can be tested
independently, evaluated statistically, and combined
modularly to form larger alpha libraries. These prop-
erties make them suitable for systematic validation
and scalable deployment.

Alpha mining methodologies have evolved
through multiple stages. Traditionally, the process
has relied on human-driven alpha design, where can-
didate signals are manually constructed and peer-
reviewed based on economic theory or domain ex-
pertise. Despite growing automation, such hand-
crafted alphas remain a cornerstone of quantitative
research, valued for their interpretability, domain
alignment, and theoretical grounding (Harvey et al.,
2016; Kent et al., 2020). With the surge of arti-
ficial intelligence (AI), algorithm-based alpha min-
ing emerges as a scalable alternative. Early systems
leverage heuristic search (Mirjalili, 2019; Real et al.,
2020), automated feature construction (Zhang TP
et al., 2023), deep learning (Shi H et al., 2025),
and reinforcement learning (Yu S et al., 2023) to
uncover patterns across large feature spaces. These
approaches expand the search frontier and reveal sig-
nals that often elude manual exploration. Empirical
studies have shown that algorithmically mined al-
phas can match or exceed the out-of-sample per-
formance of manually engineered ones (Chen AY
et al., 2022), though often at the cost of trans-
parency, interpretability, and operational robust-
ness. More recently, advances in large language mod-
els (LLMs) and artificial general intelligence (AGI)
have introduced a new paradigm. Frontier models
such as generative pre-trained Transformer (GPT)-4
(OpenAl, 2023), Claude 3 (Anthropic, 2024), Gem-
ini 1.5 (Gemini Team of Google, 2024), and DeepSeek
R1 (DeepSeek-Al et al., 2025) exhibit strong capa-

bilities in symbolic reasoning, code generation, and
multi-stage instruction following. These shifts have
led to the emergence of LLM-based alpha mining as
arapidly growing research area. The appeal of LLMs
lies in three key advantages. First, LLMs can pro-
cess and reason over unstructured information, such
as news, earnings transcripts, and policy documents,
beyond the reach of purely structured-data meth-
ods. They can also articulate the economic rationale
behind a signal, producing natural language justifi-
cations useful for hypothesis refinement and regula-
tory review. Second, LLMs enable rapid generations
of large numbers of candidate factors, accelerating
the alpha discovery process relative to traditional
human-led formulation. Third, LLMs support inter-
active, prompt-driven workflows that allow users to
iteratively refine ideas in natural language, bridging
the gap between domain intuition and executable im-
plementation. Taken together, these capabilities po-
sition LLMs as a promising middle ground between
human-guided design and fully automated search,
offering both generative speed and semantic depth.

Although several surveys have examined the in-
tersection of LLMs and financial Al, existing works
have yet to systematically address the pivotal ques-
tion: How can LLMs concretely benefit alpha min-
ing? Notably, Guo J et al. (2024) proposed the
paradigm of Quant 4.0, emphasizing automation,
explainability, and knowledge-driven AI, but their
work predates the widespread emergence of LLMs
and does not address their role in alpha discov-
ery. Similarly, Ding et al. (2024) offered a com-
prehensive review of LLM agents in financial trad-
ing, covering agent architectures, data modalities,
and evaluation metrics. While they acknowledged
alpha mining as an essential component of finan-
cial trading workflows, it was only briefly touched
upon, with no dedicated synthesis. More broadly,
Nie et al. (2024) and Cao BK et al. (2025) surveyed
LLM applications in finance and quantitative invest-
ment, spanning sentiment analysis, forecasting, and
reasoning, without zooming in on alpha mining as
a distinct problem domain. To bridge this gap,
this survey conducts a focused and in-depth review
of LLM-based alpha mining, aiming to provide the
first comprehensive synthesis in this emerging do-
main. Through targeted keyword searches, including
LLM alpha mining, financial signal generation with
LLMs, LLM quantitative trading, and LLM factor
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discovery, we have identified and analyzed eight rep-
resentative papers published between 2023 and 2025.
We will analyze these recent academic efforts and as-
sess whether LLMs represent a breakthrough in al-
pha mining research or a tool whose promise remains
largely aspirational.

2 Formulations and engineering path-
ways of alpha mining systems

2.1 Definition and evaluation of alpha

Consider a financial market with n assets ob-
served over T discrete time periods. Let 7;; de-
note the realized return of asset i € {1,2,...,n} at
time ¢t € {1,2,...,T}. Let x;; € R™ be the fea-
ture vector associated with asset ¢ at time ¢, consist-
ing of m observable variables such as historical re-
turns, fundamental indicators, technical signals, and
macroeconomic data.

We define alpha as a function o : R™ — R that
maps features to a scalar prediction. The predicted
return at time ¢t + 1 for asset ¢ is

fi,t+1 = Oé(fci,t)- (1)

Therefore, the objective of alpha mining is to
construct a function « such that #; ., aligns with
the realized return r; ;. To evaluate an alpha,
we consider three dimensions: effectiveness, stabil-
ity, and practicality. Each corresponds to a distinct
property of signal quality.

1. Effectiveness

This measures the predictive power of « in fore-
casting cross-sectional returns. A standard metric is
the information coefficient information ratio (ICIR),
defined as

ICIR = E[IC,]/Std[IC,], (2)

where E refers to expectation calculation, Std refers
to standard deviation, and the information coeffi-
cient at time ¢, IC; = Corr(ay,r141), is the cross-
sectional Pearson correlation between factor values
and future returns. IC refers to the information co-
efficient. A higher ICIR indicates stronger and more
consistent predictive performance.

Another widely used metric is the factor return,
typically measured as the return spread between top
and bottom quantiles:

FactorReturn; = rtQ 5 — T,gQ ', (3)

' denote the average returns

where 7° and r;
of the top and bottom quintile portfolios, respec-
tively. Other metrics include RankIC (Spearman
correlation) and hit ratio (accuracy of directional
predictions).

2. Stability

This refers to the temporal and cross-sectional
robustness of the alpha. The decay profile is a com-
mon diagnostic, which evaluates IC at multiple hori-
zons h, and is used to assess the persistence of signal
strength:

ICy, = Corr(ay, re4n). (4)

Besides, orthogonality to known risk factors
(e.g., market, size, and value) is often measured to
ensure independence. Additional diagnostics include
the standard deviation of IC, stability of factor re-
turns, and robustness across subsamples and market
regimes.

3. Practicality

This captures the implementability of the alpha
in real-world settings. A widely used metric is the
turnover ratio, which reflects trading costs due to
position changes:

N
1
Turnover; = 5 Z |ws ¢ — wi -1, (5)

i=1

where w; ; is the weight of asset ¢ at time ¢, and IV is
the number of assets. Other considerations include
factor breadth, the proportion of assets for which
the factor is defined, and cost-adjusted returns that
account for slippage, transaction costs, and market
impact.

2.2 A general alpha mining pipeline

We outline a general alpha mining pipeline that
applies across human-driven, algorithmic, and LLM-
based workflows. As illustrated in Fig. 1, the pro-
cess comprises four core modules: miner, implemen-
tor, backtester, and evaluator.
are supported by a centralized data and knowledge
base, which aggregates structured financial datasets
(e.g., prices, fundamentals, and alternative sources)
and domain knowledge (e.g., research reports, expert
insights, and narrative priors). This base serves as a
queryable substrate for informed alpha design. In ad-
dition, a dedicated human-system interaction layer
facilitates collaboration across human experts, al-
gorithmic tools, and LLMs throughout the pipeline.

These components
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Fig. 1 A general alpha mining pipeline integrating human experts, algorithmic tools, and LLMs

We examine the roles and responsibilities of each core
module in detail. These components form a loosely
coupled pipeline, where each module performs a dis-
tinct function but remains interoperable with the
others.

1. Miner

The miner generates and refines candidate alpha
signals based on historical data and domain priors.
It may operate via deductive reasoning or system-
atic exploration, e.g., perturbation, recombination,
or constraint-based search. Outputs are typically
expressed as symbolic formulas or executable code,
supporting both abstraction and direct evaluation.

2. Implementor

The implementor transforms generated alpha
logic into concrete, computable signals. It binds the
required data inputs, handles preprocessing, and val-
idates execution. For symbolic alphas, this involves
expression parsing and feature resolution; for code-
based alphas, it ensures secure and syntactically cor-
rect execution in sandboxed environments.

3. Backtester

The backtester evaluates historical performance
for each alpha. It computes predictive and opera-
tional metrics (as defined in Section 2.1), and sum-
marizes results under realistic market assumptions,
forming the empirical foundation for downstream
selection.

4. Evaluator

The evaluator integrates statistical outputs with
economic reasoning. It assesses signal plausibil-

ity, robustness, and deployment feasibility. Oper-
ating autonomously or in human-in-the-loop mode,
it scores candidate alphas and directs iterative re-
finement by prioritizing promising signals.

2.3 LLM-enhanced alpha mining pipeline

Having established the general architecture of
an alpha mining pipeline, we turn our focus to the
unique contributions of LLMs, which exhibit a ver-
satile capability to operate across multiple stages of
the pipeline. In the following, we first explain how
current LLM-based alpha mining frameworks are or-
ganized, and then analyze how LLMs enhance each
module in the alpha mining pipeline.

From the perspective of AGI, current LLM-
based alpha mining frameworks coalesce around an
agentic design that is essentially augmented by a tri-
adic structure: tool, memory, and planning (Weng,
2023). While conceptually general, these elements
are functionally asymmetric in the specific context
of alpha mining. Planning is deliberately minimal.
The alpha mining process typically follows a prede-
termined research—implementation—evaluation loop,
leaving little room for autonomous decomposition or
dynamic scheduling. In contrast, tool integration
is indispensable. All frameworks couple LLMs with
dedicated implementors and backtesters, which han-
dle numerical evaluation beyond the model’s gen-
erative scope. This coupling forms the backbone
of the reasoning—feedback loop. Memory serves
as the crucial bridge between one-shot generation
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and sustained discovery. At its simplest, basic sys-
tems operate with prompt-only memory, relying en-
tirely on internal model priors and static input,
which limits adaptivity and generalization. More
advanced systems incorporate retrieval-augmented
memory from alpha libraries or structured knowl-
edge bases, while some deploy persistent memory
to regulate novelty, enforce constraints, and avoid
redundancy across generations. Beyond the triadic
infrastructure, the core differentiation among frame-
works lies in how they shape the LLM’s reasoning
process. This involves shaping the model’s genera-
tive process through structured workflows and hy-
pothesis constraints. Simpler frameworks treat the
LLM as a one-pass generator, producing candidate
signals from static prompts. In contrast, ensem-
ble workflows organize interaction across LLMs, hu-
mans, and auxiliary tools. The most structured de-
signs deploy multi-agent systems, decomposing the
alpha mining task into interpretable subroles, such
as idea generation, formula synthesis, and seman-
tic evaluation, each managed by specialized agents
within the LLM framework. In summary, while
research is still at its early exploratory stage, we
observe a clear trend toward converging on a sta-
ble agentic template: an LLM scaffolded by tools,
memory, and modular workflows. This convergence
does not reflect stagnation but rather conceptual
consolidation. As seen in the evolution of retrieval-
augmented generation (RAG) systems, convergence
often precedes scale and refinement. The key inno-
vation lies not in architectural novelty, but in how
each framework disciplines the model’s generative
capacity with domain-aware constraints, thus trans-
forming a general-purpose LLM into a useful alpha
mining framework.

Having clarified the agentic design of LLM-
based alpha mining frameworks, we show Fig. 1 to
illustrate how the general alpha mining pipeline is
enhanced by LLMs. Essentially, LLMs enhance the
alpha mining pipeline by flexibly occupying three
principal roles—miner, evaluator, and interactive as-
As miners, LLMs expand the hypothesis
space by synthesizing novel alpha expressions from
domain knowledge, retrieved signals, or natural lan-

sistant.

guage prompts and further refine the hypothesis via
memory-augmented reasoning, thereby augmenting
both the diversity and creativity of candidate factors.
As evaluators, LLMs serve as semantic filters that

assess the plausibility, originality, and interpretabil-
ity of generated signals, offering a complementary
perspective to purely statistical validation. Finally,
LLMs can serve directly as interactive assistants.
As can be seen in Fig. 1, human-system interaction
falls into three paradigms. Workflow assistants pro-
vide stability but are rigid and brittle in open-ended
tasks. ChatBot assistants offer structured interac-
tion, but often lack depth and adaptability. Among
them, direct LLM assistants stand out as they en-
able fluid dialogue, fast iteration, and context-aware
reasoning. By embedding these multi-role capabil-
ities into each module, LLMs not only improve the
efficiency of the alpha mining process but also make
it more interpretable, scalable, and adaptive to real-
world constraints.

3 Dissecting the functional roles of
LLMs in alpha mining

Based on the previous descriptions, in this sec-
tion, we explain more explicitly how LLMs can be
cast as the above-mentioned functional components
by reviewing the representative works. These roles
are not mutually exclusive. Most recent frameworks
adopt hybrid configurations that integrate multiple
roles in a coordinated workflow. In essence, the role
assignment reflects a trade-off between automation
and control. We summarize the reviewed works in

Table 1.
3.1 LLMs as the miner

When acting as a miner, the LLM maps raw
knowledge and structured data into candidate alpha
functions:

LLMMincr : (IC,D) — Q, (6)

where K represents domain knowledge and D de-
notes historical datasets. The output a may take
the form of a symbolic expression or code snippet
that is suitable for further evaluation. Typical in-
stantiations include formula generation, hypothesis
translation, and feature recombination. This role is
foundational in nearly all reviewed systems. Most of
the memory and cognitive workflows reviewed are de-
signed to enhance LLM’s capability as a miner. The
simplest systems, such as those in Cheng and Tang
(2024) and Wang YN et al. (2024), treat the LLM as

a one-pass generator. They use static prompts and
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Table 1 Summary of representative LLM-based alpha mining frameworks

Framework Open source LLM used Data type Knowledge base LLM role
Alpha-GPT Existing alpha library Miner and
(Wang SZ et al., No GPT-3.5-turbo- Price—volume and historical interactive
16k . .
2023) experiment records assistant
Cheng-Tang-2023
(Cheng and Tang, No ChatGPT Price—volume None Miner and evaluator
2024)
GPT-signal
(Wang YN et al., Planned GPT-4 Fundamental None Miner
2024)
Multimodal data: market
Kou-2024 (Kou et al., . dynamics, financial .
2024) Yes ChatGPT Price—volume reports, trading charts, Miner
etc.
QuantAgent . . .
(Wang SZ et al., No GPT-4 Price—volume Historical experiment Miner and evaluator
2024) records
FAMA (Li ZW et al., GPT-3.5 (text- . . . .
2024) No davinci-002) Price—volume Existing alpha library Miner
GPT-4o-(mini), Miner, evaluator
R&D-Agent (Li YT Yes 03-(mini), Price_volume Historical experiment and 7intcractivc,
et al., 2025) GPT-4.1, records assistant
GPT-4-turbo
Human knowledge,
AlphaAgent (Tang No GPT-3.5-turbo Price—volume research reports, and Miner and evaluator
et al., 2025) R
market insights
Existing alpha library
LLM—'Powered MCTS No GPT-4.1 Price—volume and historical Miner and evaluator
(Shi Y et al., 2025) .
experiment records
Chain-of-Alpha GPT-4o, ) Ex1st1ng. alp.ha library )
(Cao L et al., 2025) No DeepSeek-V3, Price—volume and historical Miner
v Qwen3-32B experiment records

MCTS: Monte Carlo tree search; FAMA: foundation for the advancement of monetary affairs

rely on internal model priors to produce alpha ex-
pressions directly from textual instructions. These
approaches are lightweight and intuitive, but often
struggle with adaptivity and generalization. More
structured approaches emphasize memory and rea-
soning, adopting a more mature agentic design. For
instance, Alpha-GPT (Wang SZ et al., 2023) includes
user feedback loops and auxiliary algorithmic tools
that help exploit and refine promising ideas. The sys-
tem employs a prompt to interpret natural language
inputs from quantitative researchers, and translates
them into executable and high-quality alpha expres-
sions by integrating knowledge extracted from the
existing alpha library. The inclusion of user feed-
back loops and auxiliary algorithmic tools further
refines the alpha mining strategies. R&D-Agent
(Chen HT et al., 2024; Yang et al., 2024) focuses
on data-centric automatic research and development
(R&D) by benchmarking operations that extract
methods from raw information, such as financial re-
ports and papers, facilitating the implementation of
methods through code. It further tracks research
history across development stages, enabling conver-
sational editing and hypothesis iteration. FAMA

(Li ZW et al., 2024) is a neural-symbolic framework
that leverages external knowledge through two key
components: cross-sample selection (CSS) and chain-
of-experience (CoE). CSS mitigates homogeneity
in factor generation by incorporating diverse, low-
correlation factors as contextual samples, while CoE
guides the LLM to explore novel factor paradigms
by using past successful mining paths as experien-
tial prompts. QuantAgent (Wang SZ et al., 2024)
implements a writer—judge loop, where the min-
ing phase is constrained by feedback from an inter-
nal judge that scores for novelty, performance align-
ment, and economic rationale. Kou et al. (2024)
extracted alpha factors from multimodal financial
data. Seed alphas are assigned with confidence scores
based on predictive quality and market status. A
dynamic weight-gating mechanism then selects and
assigns weights, enabling the creation of an adaptive
and context-aware composite alpha formula. Al-
phaAgent (Tang et al., 2025) introduces a multi-
agent framework with three key mechanisms: (1)
originality enforcement through similarity measures
against existing alpha libraries, (2) hypothesis—factor
alignment via LLM-evaluated semantic consistency
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between market hypotheses and generated factors,
and (3) complexity control to prevent overfitting.
These mechanisms collectively guide the alpha gen-
eration process to balance originality, financial ratio-
nale, and adaptability to evolving market conditions,
mitigating the risk of alpha decay.

3.2 LLMs as the evaluator

When acting as an evaluator, the LLM inter-
prets both the statistical performance and the se-
mantic structure of a candidate alpha to provide di-
agnostic feedback or filtering. We formalize this role
as

LLMEvat : {My(a), T(@)} g = S(@),  (7)

where My, () denotes traditional evaluation metrics
such as IC, Sharpe ratio, or turnover, and 7 («) rep-
resents natural language descriptions or code struc-
ture capturing the semantic logic of «. The re-
sulting S(«a) reflects a synthesized assessment based
on quantitative indicators and qualitative reason-
ing. This formulation supports evaluator behav-
iors such as performance-guided selection, seman-
tic alignment checking, and explanation generation.
Rather than relying solely on statistical metrics, sys-
tems increasingly invoke the LLM to assess the plau-
sibility, novelty, or coherence of a factor. For exam-
ple, in QuantAgent, a judge module evaluates signals
based on expected performance and prior knowledge
(Wang SZ et al., 2024). In AlphaAgent, evaluation
is framed as alignment checking, verifying that the
factor remains faithful to the underlying economic
rationale (Tang et al., 2025). More generally, LLMs
are often used to generate natural language explana-
tions that support human decision-making (Wang SZ
et al., 2023).

3.3 LLMs as the interactive assistant

Beyond fixed tasks, LLMs can act as a natural
language interface between the system and the re-
searcher. Beyond generation and evaluation, it sup-
ports interpretation, guided prompting, and task-
level feedback:

LLMcpat : (Prompt C) — Actionyext, (8)

user?’

where Prompt,... denotes the prompt inserted by
the user, C denotes context (e.g., current alpha,
performance logs, and external documents), and

Actiongeyy may include modifying formulas, query-
ing knowledge, or planning subsequent evaluations.
This aligns with agentic workflows such as human-in-
the-loop alpha tuning or co-design. Together, these
roles frame the LLM to support both autonomous
alpha discovery and human-guided iteration, en-
abling a hybrid intelligence paradigm that bridges
machine reasoning and domain expertise. For exam-
ple, Alpha-GPT exemplifies this mode, translating
user intuitions into factor code while offering justifi-
cations (Wang SZ et al., 2023). R&D-Agent builds
on this further by logging task iterations and en-
abling conversational refinement (Chen HT et al.,
2024; Yang et al., 2024).

4 Reported LLM-based alpha mining
results

After presenting the alpha mining pipeline and
the functional roles of LLMs, one open question re-
mains: How good are the alphas mined by LLMs in
practice? To address this, we compile the reported
experiment results from the literature, summarized
in Table 2. All the reported backtesting results fol-
low the academic convention of daily-frequency eval-
uation, except that LLM-Powered MCTS calculates
10-d and 30-d forward return and Chain-of-Alpha
calculates 10-d forward return. Note that the liter-
ature often adopts very different choices of assets,
backtest periods, evaluation metrics, and baselines
in empirical experiments and case studies. As a re-
sult, while we list the reported results as clearly as
possible for completeness, the comparability across
studies is inherently limited.

Across the reported works, we can observe sev-
eral consistent patterns. First, model choice mat-
ters: most experiments rely on the GPT series as
GPT-4 based approaches gener-
ally report higher Sharpe ratios and annualized re-
turns than GPT-3.5 based ones. Only Cao BK et al.
(2025) disclosed results with more recent and ma-
ture models (GPT-40, DeepSeek-V3, and Qwen3-
32B), and their comparison shows that these three
models perform on par with each other. Second,
advanced search or control mechanisms—such as

the base model.

dual-loop self-improvement (Wang SZ et al., 2024),
MCTS guidance (Shi Y et al., 2025), and CoT style
parallel exploration (Cao BK et al., 2025)—tend
to yield stronger IC/RankIC stability and higher
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Table 2 LLM-based factor mining experiments and baseline comparisons

Framework Data scope Disclosed backtest metric Comparison with baseline
Alpha-GPT IC doubled compared with LLM-only
(I;N'an a7 US S&P500 Single factor IC=0.020-0.025; annualized generation (0.010—0.020); AR
ot al g2023) (2012-2021) return=5%-10% improved from marginally positive to
v 5%-10%
Cheng-Tang- . - - . Excess returns unexplained by
2023 (Cheng CRSP US Stock Single fact.or AR=66.16%, Sharpc74..49, Fama-French five-factor model;
equal-weighted GPT factor portfolio . . . .
and Tang, (2021-2022) AR—88%. Sharpe—2.46 superior to heuristic factor design in
2024) TR pe=2. novelty and efficiency
US S&P500 IC improved by 3%-5%; annualized return
GPT-signal sectoral data improved by 5%—8%; portfolio Sharpe from IC and Sharpe improved by 30%
(Wang YN (healthcare, 1.2 to >1.5; strongest gains in IT and compared with traditional
et al., 2024) IT, energy) healthcare; development time reduced by financial-signal models
(2016-2020) 30%
Dual-loop (inner-outer) mechanism
outperforming ablated single-loop
QuantAgent China A-share, IC;:;}?S; 01;2821‘1:211‘5 g'oclliség}cl:rﬁ‘;cincreased settings: without the outer loop IC
(Wang SZ 500 stocks P Y T b stagnated at ~0.012 and without the
from 0.85 to >1.25; AR improved by . _
et al., 2024) (2023) o/ =0y . . inner loop Sharpe dropped to <1;
~5%—7% compared to a static baseline
overall performance nearly doubled
relative to static factors
Dual-loop (inner+outer) mechanism
outperforming single-loop variants; IC
FAMA (Li ZW US S&P500 RankIC=0.054, RankICIR=0.485, annualized stagnation (~0.012) without outer

et al., 2024)

(2015-2022)

return ~38.4%, Sharpe ~6.67

loop; Sharpe <1 without inner loop;
performance nearly doubled vs. static
factors

Kou-2024 (Kou

China SSE 50

cum. return 53.17%, Sharpe >1.5, MaxDD

AR improved by +30%-40%; Sharpe
improved by 0.5 compared to classical
and deep (ALSTM, Transformer)

et al., 2024) (2021-2023) —7% models; superior to AlphaEvolve and
RL-based alpha factories in return
and drawdown control
Superior AR, IR, and IC vs. LSTM,
AlphaAgent China CSI500, CSI500: AR—=11.00%, IR—1.488, IC=0.0212, Transformer, LightGBM, TRA,
(Tang et al., US S&P500 MaxDD=-9.36%; S&P500: AR=8.74%, StockMixer, AlphaForge, R&D-Agent,
2025) (2015-2024) IR=1.055, IC=0.0056, MaxDD=-9.10% and LLM baselines (OpenAl-ol,
DeepSeek-R1)
RD-Factor: 1C=0.0497, IR=1.36, Superior to AlphalOl factor library,
R&D-Agent- ARR=11.84%, MaxDD=-9.10%; RD-Model: GP-based methods, and earlier
Quant (Li YT China CSI300 1C=0.0469, IR=1.70, ARR=10.09%, RD-Agent; also superior to deep
et al., 2025) (2016-2024) MaxDD=-6.94%; RD-Agent (Q): models (LSTM/Transformer) on

1C=0.0532, IR=1.74, ARR=14.21%,
MaxDD=-7.42%

CSI300 in both IC and risk-adjusted
return

LLM-Powered
MCTS (ShiY
et al., 2025)

China CSI300,
CSI1000
(2011-2024);
US S&P500
(2015-2024)

CSI300: AR=8.20%, IR=0.94, IC=0.0420,
RankIC=0.0395; CSI1000: AR=13.90%,
IR=1.36, IC=0.0800, RankIC=0.0730;
S&P500: 1C=0.0132, RankIC=0.0130

Superior IC/RankIC/AR/IR vs. GP,
DSO, AlphaGen, AlphaForge,
CoT/ToT, FAMA, and AlphaAgent;
consistent advantage on
CSI300/CSI1000 and S&P500

Chain-of-Alpha
(Cao L et al.,
2025)

China CSI500
& CSI1000
(2010-2025)

CSI500: IC=0.0485, RankIC=0.0771,
ICIR=0.3047, RankICIR=0.5013,
AR=0.1324, IR=1.4178; CSI1000:
1C=0.0672, RankIC=0.0902, ICIR=0.4630,
RankICIR=0.6228, AR=0.1471, IR=1.4043

Superior to Alphal01/158/360, GP,
DSO, AlphaGen, AlphaForge, and
LLM baselines
(LLM+CoT/ToT/MCTS)

ALSTM: attention-based long short-term memory; AR: autoregressive; CoT: chain-of-thought; CRSP: center for research in security
prices; CSI: China securities index; DSO: direct search optimization; GP: genetic programming; IR: information ratio; LSTM:
long short-term memory; SSE: Shanghai stock exchange; ToT: tree-of-thought; TRA: trading return analysis; cum.: cumulative

IR than single-pass prompting or static genera-
Third, compared with traditional factor li-
braries (Alphal01/158/360), symbolic methods (GP
and DSO), and machine learning baselines (LSTM,

tion.

Transformer, and Light GBM), LLM-based methods
almost universally show gains in commonly seen
backtest metrics such as IC and IR, and generally
produce more interpretable signals. Literature such
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as Cheng and Tang (2024) points out that the ex-
cess returns of GPT-generated factors cannot be ex-
plained by the Fama-French five-factor model, in-
dicating that these factors contain new information
beyond traditional asset pricing frameworks.

At the same time, limitations remain. Reported
results differ widely in data scope (US vs. China
markets), evaluation frequency (daily vs. multi-day
horizons), and baseline selection, making direct com-
parability limited. More importantly, some studies
emphasize the analysis of single factors, while oth-
ers focus on portfolio-level returns; some highlight
comparisons with existing methods, whereas other
experimental setups are designed to validate the ad-
vantages of their proposed LLM-based approaches
rather than to perform a direct comparative bench-
mark against other specific alpha mining algorithms
from the literature. In addition, current evidence re-
mains constrained by model choice, as most studies
rely on the GPT series with only limited exploration
of alternatives such as DeepSeek or Qwen. More-
over, there has been no systematic discussion of how
configurations, such as distillation, quantization, and
extended context length, affect mining effectiveness.
We highlight this lack of discussion as a research gap
for future benchmark studies.

In summary, existing experiments demonstrate
that LLMs already generate alpha signals that out-
perform traditional factor mining methods across
multiple markets and benchmarks. However, the
heterogeneity in experimental settings and the ab-
sence of standardized evaluation protocols mean that
the current evidence is promising but still frag-
mented. Establishing unified benchmarks will be an
important step for assessing the true effectiveness of
LLM-based alpha mining.

5 Challenges

Despite the promising potential of LLMs in as-
sisting alpha mining, several critical challenges re-
main, hindering their practical adoption in rigorous
quantitative investment workflows.

1. Simplified performance evaluation

Most existing studies emphasize feasibility over
rigor. Performance is often demonstrated using sim-
plified settings, loose validation criteria, or selective
backtests. Few works benchmark against established
academic or industry-standard factors, nor do they
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quantify incremental value beyond naive baselines.
In some cases, this is due to academic abstraction or
confidentiality constraints; in others, it reveals limi-
tations in handling the full rigor of production-grade
alpha validation. As a result, the connection between
research output and real-world utility remains weak.

2. Limited numerical understanding

LLMs’ ability to handle complex numerical
logic remains limited. = While factor generation
from price-volume data is common, extending to
fundamentals or alternative datasets requires pre-
cise accounting logic, time alignment, and cross-
sectional consistency—requirements that are often
under-specified or ignored. More critically, fully end-
to-end pipelines risk introducing information leak-
age, system-level coupling, and label contamination.
These issues compromise factor stability and gen-
eralization, leading to inflated backtest results and
poor live deployment outcomes.

3. Lack of diversity and originality

Many LLM-based frameworks have yet to
demonstrate the ability to consistently generate di-
verse and novel alpha signals. Most empirical results
report only a handful of candidate factors, with-
out showing whether the system can support con-
tinued idea generation over time. A central chal-
lenge lies in how to integrate heterogeneous knowl-
edge sources (such as academic finance literature, do-
main priors, and latent signals in unstructured data)
and systematically transform them into valid, inter-
pretable alpha expressions. While RAG offers a pos-
sible route, the finance domain poses unique barriers:
Publicly available research tends to include quali-
tative ideas but lacks reproducible alpha construc-
tion details, and the natural language descriptions of
trading strategies are often imprecise or ambiguous.
Bridging the gap between vague narrative intent and
executable factor logic remains non-trivial.

4. Weak exploitation dynamics

While LLMs are effective in creative ideation,
they often fall short in iterative refinement. Empir-
ically, many systems fail to exhibit consistent im-
provement across generations. Without explicit op-
timization objectives or structured feedback loops,
the model’s search process lacks direction. This re-
flects a deeper tension: Exploration is well supported
by generative priors, but exploitation—extracting
durable value—requires more disciplined control and
training strategies.
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5. Temporal data leakage

The risk of information leakage is particularly
acute in finance. LLMs may have been pretrained
on historical data, but robust factor validation typ-
ically spans a 10-year horizon or more. It becomes
difficult to determine whether strong results reflect
true signal discovery or inadvertent access to future-
sensitive patterns seen during training. Without
explicit decontamination mechanisms, this under-
mines claims of generalization and may lead to spu-
rious conclusions.

6. Black-box risks and compliance challenges

Integrating black-box LLM
quantitative workflows raises concerns over au-
ditability, explainability, and regulatory compliance.

inferences into

Note that compared with conventional deep learning
methods, LLMs already offer a partial remedy: Their
ability to generate natural language explanations for
discovered factors provides a novel channel for in-
terpretability and human oversight. Therefore, the
challenge is to bridge the gap between free-form ex-
planations and rigorous, regulator-ready documen-
tation. Without provenance tracking, structured di-
agnostics, and human-in-the-loop validation, deploy-
ing such signals in production remains problematic.
Enhancing transparency and compliance will be es-
sential before LLMs can be safely adopted in insti-
tutional investment pipelines.

6 Future directions

Looking ahead, several research directions can
be pursued to address the current limitations and ex-
pand the frontier of LLM-driven alpha mining. Some
of these directions respond directly to the challenges
discussed earlier, while others reflect natural progres-
sions as the field evolves beyond its nascent stage.

1. Enhancing reasoning structure through do-
main alignment

Based on the limitations discussed above, future
work with more structured task guidance will ap-
pear to further improve LLM reasoning. In parallel,
domain-specific fine-tuned models may be trained to
improve LLMs’ ability to interpret backtesting out-
puts, perform quantitative diagnostics, and reason
over financially grounded metrics. Progress in this
direction hinges on the construction of high-quality,
labeled financial corpora and carefully designed re-
ward functions that reflect investment-relevant met-

rics. A particularly promising direction lies in
enhancing the numerical reasoning capabilities of
LLMs, which are critical for expressing, manipulat-
ing, and validating financial signals in alpha min-
ing. Recent studies have proposed several promising
approaches. For instance, Srivastava et al. (2024)
evaluated LLMs’ mathematical reasoning on finan-
cial tabular datasets, highlighting the importance
of tailored prompting techniques to improve perfor-
mance in complex numerical tasks. Furthermore, Su
et al. (2024) proposed NumLLM, a numeric-sensitive
LLM fine-tuned on financial corpora, demonstrating
enhanced understanding of financial texts involving
numerical variables. These methodologies collec-
tively suggest that integrating structured numeri-
cal reasoning and domain-specific adaptations into
LLMs can significantly advance their effectiveness in
alpha factor generation. A more comprehensive re-
view on how foundation models and the fine-tuning
process can empower financial applications can be
seen in Chen LY et al. (2025).

2. Expanding into fundamental and alternative
data domains

Extending current LLM-based frameworks to
structured fundamental data (e.g., income state-
ments and balance sheets) and alternative datasets
(e.g., environmental, social, and governance (ESG)
scores, satellite data, and transaction records)
presents a rich avenue for future exploration, en-
abling a broader and more diversified alpha hy-
pothesis space. The challenge lies in translating
these heterogeneous inputs into formats that LLMs
can reason over while preserving context, causal-
ity, and economic meaning.
proposed several promising strategies for integrating
structured and semi-structured data into LLM work-
flows. Wu et al. (2023) introduced BloombergGPT,
a b0-billion-parameter language model trained on
a diverse corpus of financial data, demonstrat-
ing superior performance in financial natural lan-
guage processing (NLP) tasks. Mehra et al. (2022)
developed ESGBERT, a domain-specific language
model fine-tuned on ESG-related texts, achieving
improved accuracy in ESG classification tasks. Ad-
ditionally, Xia et al. (2024) presented a pipeline

Recent studies have

leveraging pre-trained language models for accu-
rate ESG prediction, highlighting the effectiveness
of domain-specific adaptations. These approaches
suggest that augmenting LLMs with structured
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data parsers, schema-aware embeddings, or exter-
nal memory modules can enhance their capability to
process non-textual financial inputs effectively. Mov-
ing toward multimodal signals will inevitably require
more advanced fusion strategies (e.g., cross-modal
embeddings and data fusion pipelines) and scalable
training infrastructure, and we highlight this as an
important but currently unexplored research gap for
future work.

evaluation

3. Revisiting backtesting and

methodologies

The entry of LLMs offers an opportunity to re-
think classical evaluation pipelines.
works may leverage LLMs to automate hypothesis
formation, construct regime-aware benchmarks, or
These
capabilities could modernize traditional backtesting
pipelines and increase their flexibility under vary-

Future frame-

simulate counterfactual market conditions.

ing market regimes. Note that such contributions
are complementary to, rather than substitutes for,
the broader challenges of standardized validation,
benchmarking, and industry comparability discussed
earlier. Recent studies have proposed innovative
approaches to enhance backtesting and evaluation
methodologies using LLMs. For example, Tang et al.
(2025) integrated LLM agents with regularization
mechanisms to mitigate alpha decay, employing orig-
inality enforcement, hypothesis alignment, and com-
plexity control. While this work does not directly es-
tablish new evaluation standards, it illustrates how
LLM integration can expand the scope of evaluation
practices. Building on this, future work should aim
to formalize transparent and reproducible validation
schemes aligned with established benchmarks, and to
further explore how LLMs can enable regime-aware,
context-sensitive, and more adaptive forms of back-
testing. With such efforts, LLMs may help establish
a new paradigm for hypothesis testing and signal
validation in modern alpha mining systems.

4. Developing a comprehensive general-purpose
quantitative investment framework

As LLMs evolve from narrow tools to general-
ized agents, a broader ambition emerges: the con-
struction of comprehensive quantitative platforms
that integrate macroeconomic signals, sentiment
data, and multi-modal inputs—including tabular,
textual, visual, and even audio information. Re-
cent efforts have begun to explore these comprehen-
sive platforms. Yuan et al. (2024) proposed Alpha-

GPT 2.0, a quantitative investment framework that
further encompasses crucial modeling and analysis
phases in quantitative investment. Their framework
demonstrates how LLMs can participate at multiple
stages of the investment workflow—from interpret-
ing qualitative narratives to generating interpretable
alpha signals. Similarly, Papasotiriou et al. (2024)
presented a large-scale evaluation of LLMs applied
to equity stock rating tasks, highlighting their abil-
ity to blend structured fundamentals with finan-
cial language modeling. Their findings suggest that
LLMs can support semi-systematic investment deci-
sions that historically require deep analyst expertise.
Looking further, Yu YY et al. (2024) introduced Fin-
Con, a multi-agent LLM system enhanced with ver-
bal reinforcement learning, enabling agents to rea-
son collaboratively over complex financial scenar-
ios. Their architecture supports interactive decision-
making across modalities and agents, hinting at fu-
ture intelligent platforms where LLMs orchestrate
data ingestion, reasoning, and execution within uni-
fied pipelines. Together, these works point to an
emerging vision: general-purpose quantitative sys-
tems where LLMs not only automate subtasks but
also mediate among diverse informational sources,
human decision-makers, and machine-learning-based
execution engines. Realizing this vision will require
advances in multi-modal learning, agent coordina-
tion, and domain alignment protocols.

7 Conclusions

This paper presents the first comprehensive sur-
vey of LLMs in the domain of alpha mining—an
emerging intersection of natural language reasoning
and quantitative finance. We begin by formalizing
the notion of alpha as a structured, interpretable
signal for cross-sectional return prediction, and out-
line a modular pipeline encompassing miner, imple-
mentor, backtester, and evaluator components. We
then dissect how recent LLM-based systems—such as
Alpha-GPT, QuantAgent, and AlphaAgent—adopt
agentic designs to enhance different modules in the
pipeline, with LLMs playing functional roles as min-
ers, evaluators, and interactive assistants.

Despite promising capabilities, current frame-
works face several challenges:
uation remains simplified, numerical reasoning is
limited, original signal generation lacks depth,

Performance eval-
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exploitation dynamics are weak, and risks of tempo-
ral leakage persist. These limitations hinder LLMs
from being deployed in production-grade workflows.
To address these issues, we highlight four promis-
(1) enhancing LLM rea-
soning structures through domain alignment and
fine-tuning, (2) expanding into fundamental and al-
ternative data domains, (3) revisiting backtesting
and evaluation methodologies, and (4) developing a
comprehensive general-purpose quantitative invest-

ing research directions:

ment framework that unifies human, algorithmic,
and LLM capabilities.

As a broader discussion, we notice that the tra-
jectory of LLM-based alpha mining mirrors the de-
velopment trajectory of AGIL: from emergent capa-
bility to structured reliability. The field stands at a
promising threshold, with early systems proving fea-
sible, and future ones poised to reshape the practice
of alpha discovery at scale.

Ultimately, we argue that the value of LLMs in
alpha mining lies not in replacing human or algorith-
mic intelligence but in amplifying it. Human exper-
tise remains the most differentiated source of alpha,
while LLMs offer a powerful interface for acceler-
ating hypothesis validation. In tandem, algorith-
mic mining provides scale and consistency, whereas
LLMs excel at cold-start exploration and seman-
tic reasoning. This hybrid paradigm—merging do-
main intuition, computational rigor, and generative
flexibility—represents a promising frontier for the
next generation of quantitative research.
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