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Abstract

Alpha factor mining is a fundamental task in
quantitative trading, aimed at discovering inter-
pretable signals that can predict asset returns
beyond systematic market risk. While tradi-
tional methods rely on manual formula design
or heuristic search with machine learning, re-
cent advances have leveraged Large Language
Models (LLMs) for automated factor discov-
ery. However, existing LLM-based alpha min-
ing approaches remain limited in terms of au-
tomation, generality, and efficiency. In this
paper, we propose Chain-of-Alpha, a novel,
simple, yet effective and efficient LLM-based
framework for fully automated formulaic alpha
mining. Our method features a dual-chain ar-
chitecture, consisting of a Factor Generation
Chain and a Factor Optimization Chain, which
iteratively generate, evaluate, and refine can-
didate alpha factors using only market data,
while leveraging backtest feedback and prior
optimization knowledge. The two chains work
synergistically to enable high-quality alpha dis-
covery without human intervention and offer
strong scalability. Extensive experiments on
real-world Chinese A-share and US S&P 500
benchmarks demonstrate that Chain-of-Alpha
outperforms existing baselines across multiple
metrics, presenting a promising direction for
LLM-driven quantitative research.

1 Introduction

Quantitative trading refers to a data-driven ap-
proach to trading that leverages mathematical mod-
eling, statistical analysis, and algorithmic execu-
tion. Despite its systematic nature, it entails signifi-
cant challenges, such as ensuring data quality, man-
aging the complexity of model design and valida-
tion, mitigating overfitting risks, and continuously
adapting to dynamic market (Hou et al., 2011).

Formulaic alpha factor mining (hereafter re-
ferred to as alpha mining) is a fundamental com-
ponent of quantitative trading research, dedicated

to the systematic discovery of return-predictive sig-
nals. The primary objective of alpha mining is to
identify alpha factors, signals that can explain or
forecast asset returns beyond what is captured by
broad market risk exposures (Ng et al., 1992). By
definition, alpha represents asset-specific sources
of return that are largely uncorrelated with gen-
eral market movements, in contrast to beta, which
reflects systematic risk and overall market trends
(Sharpe, 1964). Alpha mining is typically con-
ducted through cross-sectional analysis to uncover
predictive patterns across assets at a given point
in time. Unlike neural-based approaches to alpha
mining (Duan et al., 2022; Xu et al., 2021), which
implicitly learn complex alpha signals through
deep learning and capture intricate patterns in fi-
nancial data, formula-based methods aim to dis-
cover alpha factors expressed as explicit mathe-
matical formulas. Traditionally, such alphas are
manually designed by domain experts and often
reflect well-established market insights (Fama and
French, 2004). Compared to neural-based ones,
formula-based alphas offer greater interpretabil-
ity, improved robustness, stronger generalization
across datasets, and typically require less data to
be effective.

Mining formulaic alpha factors is both time-
consuming and labor-intensive, often requiring sig-
nificant domain expertise and manual effort. Ma-
chine learning (ML) techniques have been widely
used in finance to assist human (Yang et al., 2023;
Cao et al., 2021). In particular, numerous stud-
ies have explored automated alpha mining tech-
niques based on traditional ML methods (Lin et al.,
2019; Zhang et al., 2020; Cui et al., 2021; Yu et al.,
2023a). Recently, Large Language Models (LLMs)
have emerged as a promising tool for alpha mining
(Cao et al., 2025), owing to their powerful capabili-
ties in reasoning, pattern recognition, and natural
language understanding (OpenAI, 2024; Gunasekar
et al., 2023; Plaat et al., 2024). By leveraging
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LLMs, it becomes feasible to generate interpretable
and high-quality alpha factors with significantly re-
duced human intervention. Compared to traditional
ML methods, LLM-based approaches offer greater
flexibility and expressiveness. Several recent works
(Wang et al., 2023a; Tang et al., 2025; Li et al.,
2024; Kou et al., 2025; Wang et al., 2024; Shi et al.,
2025) have explored this direction, demonstrating
the potential of LLMs to automate the discovery of
formulaic alpha signals.

Despite these promising developments, exist-
ing LLM-based alpha mining approaches still face
substantial limitations. (1) Not Fully Automated:
Some methods, such as AlphaGPT (Wang et al.,
2023a) and AlphaAgent (Tang et al., 2025), rely
heavily on human feedback. Others depend on
pre-existing alpha factors for in-context learning,
as in FAMA (Li et al., 2024), thereby limiting au-
tonomy and hindering truly from-scratch discov-
ery. (2) Limited Generality: Certain approaches
rely on multi-modal inputs (Kou et al., 2025), in-
volving data sources and modalities that are not
widely available or generally applicable to alpha
mining. Others focus on broader strategy gener-
ation, such as QuantAgent (Wang et al., 2024),
instead of purely targeting alpha factor discovery,
thereby reducing their generality in the context of
comprehensive alpha mining. (3) Inefficiency: The
LLM+MCTS approach (Shi et al., 2025) improves
generation quality but remains inefficient. It suffers
from limited parallelizability due to the inherently
sequential nature of tree-based search, which con-
strains its efficiency and scalability in large-scale
applications.

To overcome these challenges, we propose
Chain-of-Alpha, a novel, simple, yet effective and
efficient LLM-based framework for automated al-
pha mining. First, our method is fully automated,
requiring no human intervention. It autonomously
generates seed factors, optimizes them, and selects
promising candidates to construct a high-quality
alpha pool. Second, the framework is exclusively
designed to operate on market data, which is more
widely available and broadly applicable to alpha
mining tasks. Third, we introduce a novel dual-
chain mechanism within the framework: the Fac-
tor Generation Chain and the Factor Optimization
Chain. These two synergistic chains operate collab-
oratively, leveraging backtest feedback and prior
optimization knowledge, to ensure both the effi-
ciency and quality of the generated alpha factors.

In summary, our key contributions are as fol-

lows:
• We propose Chain-of-Alpha, a novel, simple, yet

effective and efficient LLM-based framework for
automated alpha mining.

• We design a novel dual-chain architecture com-
prising the Factor Generation Chain and the Fac-
tor Optimization Chain, which work synergisti-
cally to efficiently produce high-quality candi-
date alpha factors.

• We conduct extensive experiments on real-world
A-share stock benchmarks, demonstrating the
effectiveness of Chain-of-Alpha and providing
comprehensive analyses that offer deeper insights
for alpha mining.

2 Related Work

Reasoning with LLMs. Large language mod-
els (LLMs) exhibit emergent reasoning abilities
when scaled to a sufficient size (Wei et al., 2022;
Suzgun et al., 2022). One effective technique to
elicit such reasoning is chain-of-thought prompt-
ing, which guides the model to solve problems step
by step and has been shown to substantially im-
prove performance on complex tasks (Wei et al.,
2023). Building on this foundation, methods such
as self-consistency (Wang et al., 2023b) and struc-
tured reasoning frameworks, including tree-based
(Yao et al., 2023a) and graph-based approaches
(Besta et al., 2024; Cao, 2024), further enhance
the model’s capability to handle more sophisticated
reasoning challenges.

Recent advances have shown that integrating
reasoning and action in LLMs, through interac-
tion with external tools and environments, signif-
icantly enhances their ability to reason over com-
plex, open-ended tasks. Notable approaches in-
clude ReAct (Yao et al., 2023b), which interleaves
chain-of-thought reasoning with tool use, and Tool-
former (Schick et al., 2023), which allows LLMs
to learn when and how to invoke APIs through self-
supervised training. SciAgent (Ma et al., 2024)
focuses on scientific problem solving by incorporat-
ing domain-specific tools, while RAG-Star (Jiang
et al., 2024) enhances multi-step reasoning via re-
trieval and structured planning. In this work, we
extend this paradigm to quantitative finance by en-
abling LLMs to reason over historical market data
for alpha mining.
LLMs for Quantitative Trading. LLMs have
been widely adopted in quantitative trading to assist
humans in making better decisions due to their
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strong reasoning abilities. LLMs have primarily
been used to generate trading decisions and act
as autonomous agents in financial markets (Xiao
et al., 2025; Yu et al., 2023b; Liu and Lo, 2025),
or to collaborate with human traders by providing
investment suggestions (Rao et al., 2025; Guo et al.,
2025). On the other hand, several studies have
explored the use of LLMs for alpha mining (Li
et al., 2024; Shi et al., 2025), aiming to discover
more effective trading signals and strategies. In
this work, we follow the latter direction and aim
to develop a more general and effective framework
for alpha mining using LLMs.
Automatic Mining of Formulaic Alpha Factors.
Traditional formulaic alpha factor mining has pri-
marily relied on Genetic Programming (GP), as
seen in methods such as GPLearn (Lin et al., 2019),
AutoAlpha (Zhang et al., 2020), and AlphaEvolve
(Cui et al., 2021). AlphaGen (Yu et al., 2023a) op-
timizes sets of alpha factors using reinforcement
learning. AlphaForge (Shi et al., 2024) features
a generative-predictive architecture to mine alpha
factor. However, traditional methods often lack the
general reasoning capabilities and flexible knowl-
edge integration that LLMs can provide. For ex-
ample, AlphaGPT (Wang et al., 2023a; Yuan et al.,
2024) and AlphaAgent (Tang et al., 2025) propose
human-AI interactive frameworks for alpha min-
ing and optimization. Automate Strategy Finding
with LLM(Kou et al., 2025) introduces a system
for discovering alpha signals from diverse modality
data. QuantAgent (Wang et al., 2024) features a
two-loop LLM refinement architecture augmented
with a knowledge base for learning trading strate-
gies. FAMA (Li et al., 2024) leverages LLMs to
discover alpha factors through in-context learning
by synthesizing diverse existing alphas and prior
mining experiences. The integration of LLMs with
Monte Carlo Tree Search (MCTS) (Shi et al., 2025)
has been proposed to optimize the generation of al-
pha factors. Despite these promising advances, ex-
isting methods still suffer from notable limitations,
as previously discussed. Therefore, developing a
general, efficient, and fully automated framework
for alpha mining with LLMs remains an open chal-
lenge, which we aim to address in this work.

3 Preliminary

Task 1 (Formulaic Alpha Factor Mining for Daily
Cross-Sectional Stock Return Prediction)
In this task, we consider a stock pool consisting of

n stocks observed over T trading days in the finan-
cial market. For each stock i ∈ {1, . . . , n} and day
t ∈ {1, . . . , T}, a raw feature vector xi,t ∈ Rm is
available, comprising daily open, high, low, and
close prices, trading volume, and other relevant
market features. The complete market history is
represented as a tensor X ∈ RT×n×m. Correspond-
ingly, the realized future returns over a prediction
horizon h form a matrix Y ∈ RT×n, where yi,t de-
notes the realized return of stock i over the h-day
period following day t.

An alpha factor f maps historical feature data
to a predictive signal vt = f(Xt−τ+1:t) ∈ Rn,
where τ denotes the lookback window capturing
temporal patterns. Each vi,t represents the al-
pha’s prediction for the future return of stock i
at time t. The goal of alpha mining is to dis-
cover a diverse set of K alpha factors, denoted
by F = {f1, . . . , fK}. The outputs of these indi-
vidual alphas, {vk,t = fk(Xt−τ+1:t)}Kk=1, are typ-
ically aggregated by a combination model g (e.g.,
a decision tree or neural network) into a compos-
ite predictive signal: zt = g({vk,t}Kk=1; θg) ∈ Rn,
where θg denotes the model parameters. Collecting
these signals across T days yields a composite sig-
nal matrix Z(F , θg) ∈ RT×n. The quality of the
composite signal Z is evaluated against the realized
returns Y using a predefined performance metric
(e.g., Information Coefficient), which we seek to
maximize.

This setup constitutes a bilevel optimization
problem: the inner level learns the optimal combi-
nation parameters θ∗g for a given alpha set F , while
the outer level searches for the optimal alpha set
F∗ that maximizes the performance of the resulting
combined signal. To simplify the optimization pro-
cess under a fixed alpha integration and modeling
pipeline, our objective is to identify a set of high-
quality (e.g., high-IC) and diverse alpha factors
that collectively yield the best overall predictive
performance.

4 Methodology

As illustrated in Figure 1, we propose the Chain-
of-Alpha framework for automated alpha mining.
It primarily consists of two components: the Fac-
tor Generation Chain and the Factor Optimization
Chain. The two chains operate synergistically, and
effective alpha factors are subsequently selected
and passed to the alpha integration and modeling
pipeline.
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Figure 1: The Chain-of-Alpha framework for alpha mining. The left part illustrates the Chain-of-Alpha process,
which comprises two interconnected chains: the Factor Generation Chain, where a large language model (LLM)
sequentially generates diverse seed factors, and the Factor Optimization Chain, where each factor is iteratively
optimized based on feedback from a backtest engine. Selected factors from these chains are aggregated into a
candidate alpha pool. The right part depicts the integration pipeline, where candidate factors are filtered and used to
train predictive models (e.g., decision trees, neural networks), ultimately producing actionable trading signals.

4.1 Factor Selection

Prior to detailing the procedures for factor genera-
tion and optimization, we first describe the factor
selection process. Each generated factor is evalu-
ated by testing it on historical market data through
backtesting to obtain its performance results. Dur-
ing the operation of both chains, each newly gener-
ated factor is immediately evaluated:

Score = Evaluate(f), (1)

where Score = [S,C,E,D] is a four-dimensional
evaluation score representing the factor’s perfor-
mance across four key dimensions:
1. Strength (S): Reflects the predictive power of

the factor. It is measured by the cross-sectional
Rank Information Coefficient (RankIC), which
captures the correlation between factor values
and subsequent realized returns.

2. Consistency (C): Captures the temporal stabil-
ity of the factor’s performance. It is measured
by the RankIC Information Ratio (RankICIR),
defined as the mean RankIC divided by its stan-
dard deviation over time.

3. Efficiency (E): Represents the trading cost im-
plications of the factor. It is measured by the
turnover rate, which quantifies how frequently
portfolio positions change when using the factor.
Lower turnover implies more stable signals and
reduced transaction costs.

4. Diversity (D): Encourages independence
among selected factors. It is quantified as
the minimum of 1 − Corr(f, fk) over all
existing effective factors fk ∈ Fe, promoting
low redundancy and complementarity in the
factor pool. A higher score indicates greater
dissimilarity from existing factors, which is
preferred.
Once the score S is obtained, the factor is further

checked against predefined thresholds to determine
its effectiveness:

E = Check(f,S) (2)

where E is a binary indicator denoting whether the
factor f is considered effective. Valid alpha factors
are selected and added to the candidate alpha pool
Fe = {fe

1 , . . . , f
e
K}. This candidate pool is main-

tained as a reference for subsequent factor genera-
tion, ensuring diversity and avoiding redundancy,
while also serving as a valuable source of guid-
ance for generating additional high-quality factors.
Non-effective factors are also recorded in a depre-
cated pool Fd = {fd

1 , . . . , f
d
M}, which serves as

a negative reference to discourage the LLM from
generating similar low-quality factors in the future.

4.2 Factor Generation
The Factor Generation Chain aims to produce a
diverse collection of seed alpha factors f seed

k us-
ing a large language model (LLM), with diver-
sity being the highest priority. At each iteration,
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the LLM proposes a new formulaic alpha candi-
date f based on the current candidate alpha pool
Fe = {fe

1 , . . . , f
e
K}, the deprecated pool Fd =

{fd
1 , . . . , f

d
M}, and external prompts Pgeneration:

f seed = LLM(Fe,Fd | Pgeneration), (3)

where LLM(·) denotes the inference process of
the large language model using chain-of-thought
reasoning. The output f is initially in text form
and is subsequently parsed and transformed into
executable code representing the factor’s mapping
function. The prompt Pgeneration typically includes
descriptions of available data fields, a list of math-
ematical operators, and task-specific instructions
guiding the LLM on how to construct interpretable
and high-quality alpha factors.

The operation of the Factor Generation Chain
can be formalized as:

f seed
k+1 = Chain-of-Alphageneration(f

seed
1 , f seed

2 , . . . , f seed
k ), (4)

where each factor fi is evaluated to determine
its effectiveness. This process resembles a self-
evolving chain, in which previously generated fac-
tors guide the generation of new ones, enabling
continuous exploration of novel and diverse alpha
candidates.

The Factor Generation Chain can operate au-
tonomously and indefinitely, and this iterative pro-
cedure can be repeated to produce a broad range
of potentially useful seed alpha factors with varied
mathematical structures and behavioral characteris-
tics.

4.3 Factor Optimization
To further enhance the effectiveness of seed alpha
factors, the Factor Optimization Chain performs
iterative refinement based on backtesting feedback,
with LLMs guiding the optimization process. In
this stage, effectiveness is the highest priority.

Given a seed factor f seed
k , the LLM gen-

erates a sequence of optimized variants
{f (1)

k , f
(2)
k , . . . , f

(m)
k }, guided by backtest-

ing results B. For example, if the Information
Coefficient (IC) is low, the LLM attempts to
enhance the signal strength; if the RankICIR is
low, it focuses on improving temporal stability.
This feedback-aware generation enables the LLM
to refine factors progressively.

For each seed factor, an optimization history
Hk is maintained to record all intermediate vari-
ants and their evaluation results. This history is
continuously updated and used within the current

optimization chain. Alongside Hk and B, the LLM
also receives an external prompt Poptimization that
specifies the optimization objective and available
operators:

f
(m+1)
k = LLM(f seed

k , f
(m)
k ,B, Hk | Poptimization),

(5)
Optimized factors that meet performance criteria

are added to the candidate pool Fe, while ineffec-
tive variants are stored in the deprecated pool Fd

to avoid redundant exploration in the future.
The operation of the Factor Optimization Chain

can be formalized as:

f
(m+1)
k = Chain-of-Alphaoptimization(f

seed
k , f

(1)
k , . . . , f

(m)
k ),

(6)

where {f seed
k , f

(1)
k , . . . , f

(m)
k } represents the opti-

mization history Hk of the seed factor f seed
k . Each

new optimized factor is generated based on accu-
mulated optimization experience, forming a chain-
like refinement process guided by prior iterations.

The Factor Optimization Chain operates au-
tonomously, but with a capped number of iterations.
If no effective variant is produced within a prede-
fined limit, the chain is terminated early and the
corresponding seed alpha is discarded, indicating
that the initial direction may not be promising. This
mechanism ensures computational efficiency while
enabling continuous refinement of alpha factors to-
ward higher predictive strength, stability, and lower
trading costs.

Meanwhile, the optimization chains for different
seed factors can operate in parallel and indepen-
dently, without mutual interference. This allows the
main Factor Generation Chain and multiple Factor
Optimization Chains to run synergistically, signifi-
cantly improving the scalability and efficiency of
large-scale alpha discovery.

4.4 Alpha Integration and Modeling
Given a set of candidate alpha factors F =
{f1, . . . , fK}, each factor fk produces a predictive
signal at each time step t:

vk,t = fk(Xt−τ+1:t) ∈ Rn, (7)

where τ denotes the lookback window and n is the
number of stocks in the universe. These signals rep-
resent the expected returns for the next prediction
horizon h.

To construct a unified trading signal, the outputs
of individual alpha factors are integrated using a
combination model g, such as a decision tree or
neural network. The candidate alpha factors are
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first filtered according to predefined rules, and a
specified number of them are selected for integra-
tion. The composite signal at time t is defined as:

zt = g({vk,t}Kk=1; θg) ∈ Rn, (8)

where θg denotes the trainable parameters of the
integration model. Collectively, the signals over
the trading period form a matrix:

Z(F , θg) ∈ RT×n. (9)

The performance of the integrated signal is eval-
uated against the realized future return matrix
Y ∈ RT×n using a predefined metric P (e.g., In-
formation Coefficient, Sharpe ratio, or portfolio
return). The optimal integration parameters are
learned by solving:

θ∗g(F) = argmax
θg

P(Z(F , θg),Y). (10)

This integration process ensures that the most
informative and complementary signals from mul-
tiple alpha factors are effectively combined to pro-
duce a robust and reliable predictive signal. The
alpha mining framework of Chain-of-Alpha serves
as the foundation for this Alpha Integration and
Modeling pipeline, supplying a rich and diverse set
of high-quality factors that enhance the final signal
construction and downstream trading performance.

5 Experiments

5.1 Settings
Datasets. We evaluate the Chain-of-Alpha frame-
work using historical data from the China A-share
market, focusing on two representative stock pools:
CSI 500 (mid-cap) and CSI 1000 (small-cap).
These indices represent distinct segments of the
Chinese equity market—CSI 500 consists of mid-
sized companies, while CSI 1000 captures smaller-
cap stocks with higher market granularity.

The full dataset spans from 2010-01-01 to 2025-
06-30. Specifically, the training set covers the pe-
riod from 2010-01-01 to 2019-12-31, the validation
set spans from 2020-01-01 to 2021-12-31, and the
test set includes data from 2022-01-01 to 2025-06-
30. For alpha mining, we use both the training
and validation sets to guide the factor generation
and optimization processes. For alpha integration,
the model is trained on the training set, validated
on the validation set, and evaluated on the test set.
We adopt a prediction horizon of 10 trading days.

On each trading day t, alpha factors are computed
based on historical features up to time t, while the
prediction target is the forward return from t to
t+ 10.

Evaluation metrics are reported in the Appendix.
All results are benchmarked relative to the corre-
sponding market index (i.e., excess return over the
index).

Baselines. To evaluate the effectiveness of our
proposed Chain-of-Alpha framework, we compare
it against a diverse set of baseline methods span-
ning three major categories:

Classic Factors. These include widely used
hand-crafted factor libraries such as Alpha 101
(Kakushadze, 2016) (with inapplicable formulas
removed), Alpha 158, and Alpha 360 (Yang et al.,
2020), which are commonly employed in quantita-
tive investment strategies.

Traditional Methods. This category includes
automatic factor mining approaches based on Ge-
netic Programming (GP) (Lin et al., 2019), Dif-
ferentiable Symbolic Optimization (DSO) (Landa-
juela et al., 2022), reinforcement learning-based
AlphaGen (Yu et al., 2023a), and AlphaForge (Shi
et al., 2024), a generative framework.

LLM-based Methods. We also compare against
traditional LLM reasoning baselines, including
Chain-of-Thought prompting (LLM+CoT), Tree-
of-Thoughts (LLM+ToT), LLM guided Monte
Carlo Tree Search (LLM+MCTS) (Shi et al., 2025).
All LLM baselines leverage backtest feedback dur-
ing factor generation. Specifically, CoT continu-
ously updates the most recent node, ToT updates
the global node with the highest score, and MCTS
follows the original paper by using the UCT algo-
rithm to select nodes.

To ensure a fair comparison, we benchmark per-
formance under a controlled alpha search budget.
All methods are allowed to generate up to 1,000
candidate factors, from which the top 100 are se-
lected based on their RankIC scores. All results
represent averages across three independent runs
to ensure robustness.

Further details on experimental settings, includ-
ing alpha selection criteria, model configurations,
backtesting strategy, and demo prompts, can be
found in the Appendix.

5.2 Main Results

Table 1 presents a comprehensive performance
comparison across classic factors, traditional meth-
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Method CSI 500 CSI 1000

IC RankIC ICIR RankICIR AR IR IC RankIC ICIR RankICIR AR IR

Classic Factors
Alpha 101 0.0345 0.0617 0.2170 0.4239 0.0568 0.7311 0.0615 0.0832 0.3845 0.5391 0.1006 1.1219
Alpha 158 0.0477 0.0686 0.3202 0.4685 0.0989 1.0424 0.0591 0.0800 0.4420 0.5817 0.1205 1.2307
Alpha 360 0.0457 0.0524 0.3345 0.3975 0.1092 1.1017 0.0551 0.0649 0.4384 0.5175 0.0965 0.9801

Traditional Method
GP 0.0351 0.0659 0.2185 0.4308 0.0792 0.9535 0.0602 0.0823 0.3741 0.5281 0.1116 1.2457
DSO 0.0436 0.0638 0.3140 0.4716 0.0984 1.2640 0.0616 0.0765 0.4583 0.5304 0.1235 1.3079
AlphaGen 0.0460 0.0769 0.2786 0.4711 0.1150 1.2751 0.0655 0.0889 0.4224 0.5573 0.1247 1.2043
AlphaForge 0.0463 0.0638 0.3291 0.4630 0.0989 1.1918 0.0617 0.0768 0.4602 0.5327 0.1325 1.2657

LLM-based Method
LLM + CoT 0.0404 0.0711 0.2558 0.4870 0.0759 0.9659 0.0620 0.0847 0.4464 0.6152 0.1181 1.2625
LLM + ToT 0.0292 0.0607 0.2227 0.4883 0.0994 1.2693 0.0597 0.0876 0.4169 0.6024 0.1267 1.3258
LLM + MCTS 0.0347 0.0595 0.3083 0.5268 0.0815 1.0736 0.0465 0.0713 0.4320 0.5930 0.1235 1.3342

Chain-of-Alpha (Ours) 0.0485 0.0771 0.3047 0.5013 0.1324 1.4178 0.0672 0.0902 0.4630 0.6228 0.1471 1.4043

Table 1: Performance comparison across CSI 500 and CSI 1000. Metrics include IC, RankIC, ICIR, RankICIR,
annualized return (AR), and information ratio (IR). The best result in each column is highlighted in bold.

ods, and LLM-based methods on the CSI 500 and
CSI 1000 indices. The evaluation includes six
metrics: IC, RankIC, ICIR, RankICIR, annualized
return (AR), and information ratio (IR). Among
these, AR and IR are the most critical as they di-
rectly reflect the investment performance of strate-
gies driven by the mined alphas, while IC, RankIC,
ICIR, and RankICIR indicate the correlation be-
tween factor signals and future returns. Our pro-
posed method, Chain-of-Alpha, consistently ranks
among the top performers and achieves the best
results in 10 out of 12 metrics across the two bench-
marks.

On the CSI 500 index, Chain-of-Alpha achieves
the highest AR of 0.1324 and IR of 1.4178,
outperforming both traditional methods such
as AlphaForge and LLM-based baselines like
LLM+MCTS. The improvement is particularly sig-
nificant in return-based metrics, highlighting the
effectiveness of our dual-chain design in captur-
ing return-predictive alpha signals. On the CSI
1000 index, our method remains highly competitive,
achieving top performance across all evaluation
metrics. In particular, it attains an AR of 0.1471
and an IR of 1.4043, outperforming all classic, tra-
ditional, and LLM-based baselines. These results
demonstrate that Chain-of-Alpha generalizes well
across different market universes and benefits from
both robust factor generation and effective opti-
mization.

These results also demonstrate that complex tree-
based exploration with LLMs strategies, such as
those used in ToT or MCTS, are not necessary.
Tree-based exploration is generally more complex
and less efficient compared to chain-based ap-

proaches. Moreover, we consider such methods
often originate from a single root node, which can
limit the diversity of candidate factors. As a result,
the final integrated alpha signal may still under-
perform. In contrast, our dual-chain framework
provides a highly effective and substantially more
efficient alternative, especially when compared to
single-chain CoT methods.

5.3 Ablation Study

Method IC RankIC ICIR RankICIR AR IR

Chain-of-Alpha 0.0672 0.0902 0.4630 0.6228 0.1471 1.4043

Factor Generation 0.0586 0.0867 0.4078 0.6203 0.1346 1.3492
Factor Optimization 0.0620 0.0847 0.4464 0.6152 0.1181 1.2625

Table 2: Ablation study of the Chain-of-Alpha frame-
work and its individual components on the CSI 1000
index.

Table 2 reports the ablation results of the Chain-
of-Alpha framework by isolating its two main com-
ponents: the Factor Generation Chain and the Fac-
tor Optimization Chain. Removing either compo-
nent leads to a noticeable performance drop across
most evaluation metrics. Specifically, using only
the optimization chain reduces the RankIC from
0.0902 to 0.0847 and the AR from 0.1471 to 0.1211.
Conversely, using only the generated factors with-
out refinement also lowers the AR to 0.1346 and the
IR to 1.4492. The complete dual-chain framework
achieves the best trade-off between factor diversity
and the quality of individual alphas in a unified
optimization direction. These results confirm that
both chains are essential for maximizing overall
performance.
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5.4 Impact of Backbone LLM Choice

Method Backbone IC RankIC ICIR RankICIR AR IR

Best of Baselines 0.0655 0.0889 0.4602 0.6152 0.1325 1.3342

Chain-of-Alpha
GPT 0.0672 0.0902 0.4630 0.6228 0.1471 1.4043
DeepSeek 0.0671 0.1011 0.4492 0.6063 0.1517 1.4020
Qwen 0.0653 0.0939 0.4597 0.6342 0.1365 1.5804

Table 3: Performance comparison on the CSI 1000 index
using Chain-of-Alpha across different LLM backbones.
The best result in each column is highlighted in bold.

In addition to the default model GPT-4o, we
evaluate our framework using DeepSeek-V3 and
Qwen3-32B as alternative LLM backbones with
different model architectures and sizes. Table
3 presents the robustness results of Chain-of-
Alpha across these three models. In all cases,
Chain-of-Alpha consistently outperforms the best
of baselines in Table 1 across all evaluation met-
rics, demonstrating the effectiveness of our chain-
based framework regardless of the underlying lan-
guage model. Notably, the DeepSeek-V3 backbone
achieves the highest AR of 0.1517, suggesting that
more powerful LLMs may further enhance perfor-
mance. Meanwhile, both GPT-4o and Qwen3-32B
also yield strong results. These findings confirm
that Chain-of-Alpha is backbone-agnostic and can
benefit from increasingly capable language models.

5.5 Visualization of Strategy Returns Using
Mined Alphas

Figure 2 compares the cumulative returns of
strategies constructed using alphas mined by four
methods: Chain-of-Alpha, LLM+CoT, LLM+ToT,
and LLM+MCTS. In Figure 2(a), Chain-of-Alpha
achieves the highest cumulative absolute return,
consistently outperforming all other strategies for
the majority of the evaluation period. The perfor-
mance gap becomes increasingly significant after
mid-2023, demonstrating the superior robustness
and profitability of Chain-of-Alpha. In contrast,
the benchmark remains in a persistent drawdown,
underscoring the advantage of active alpha mining
over passive exposure.

Figure 2(b) shows cumulative excess returns rel-
ative to the benchmark. Again, Chain-of-Alpha
leads throughout the backtest period, followed by
LLM+ToT, while LLM+MCTS and LLM+CoT lag
behind. This performance indicates that the alphas
generated by Chain-of-Alpha are more predictive
and stable. The consistent superiority observed in
both absolute and excess return plots underscores
the robustness and practical tradability of the pro-

2022-01 2022-07 2023-01 2023-07 2024-01 2024-07 2025-01 2025-07
Date

40

20

0

20

40

C
um

ul
at

iv
e 

R
et

ur
n 

(%
)

Cumulative Return (Absolute)
Chain-of-Alpha
LLM + CoT
LLM + ToT
LLM + MCTS
Benchmark

(a) Cumulative absolute return.

2022-01 2022-07 2023-01 2023-07 2024-01 2024-07 2025-01 2025-07
Date

0

20

40

60

80

Ex
ce

ss
 R

et
ur

n 
(%

)

Cumulative Excess Return
Chain-of-Alpha
LLM + CoT
LLM + ToT
LLM + MCTS

(b) Cumulative excess return.

Figure 2: Visualization of cumulative returns using al-
phas mined by different methods. The strategy perfor-
mance from Chain-of-Alpha is highlighted in bold red.

posed framework.

6 Conclusion

In this paper, we introduce Chain-of-Alpha, a
LLM-powered framework designed to automati-
cally mine alpha factors for quantitative financial
trading. The framework is novel, simple, yet highly
effective and efficient. Unlike traditional LLM-
based reasoning methods, as introduced in previ-
ous related work such as CoT, ToT, and MCTS,
our dual-chain design offers a more scalable and
streamlined approach to alpha discovery.

Experimental results demonstrate the effective-
ness of the Chain-of-Alpha and highlight the po-
tential of LLMs in quantitative finance, marking a
significant step toward the emerging field of LLM-
driven quantitative research.

Limitations

While Chain-of-Alpha shows strong results in au-
tomated alpha mining, several limitations remain.
First, further large-scale validation is needed before
real-world deployment Incorporating other modal-
ities such as news or macroeconomic data may
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further enhance performance, and results could dif-
fer across markets and instruments, requiring more
validation before real-world deployment. Overall,
this work should be viewed as an initial step toward
AI-driven quantitative research, rather than a fully
optimized trading system.
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A Additional Results on the US S&P 500
for Cross-Market Generalization

To further address the concern regarding generaliz-
ability across markets, we evaluate Chain-of-Alpha
on the U.S. equity market using constituents of the
S&P 500 index. We follow the same factor-mining
pipeline, model architecture, and hyperparameter
settings as in the main experiments. The dataset is
split into a training period from 1999–2010, a val-
idation period from 2011–2015, and a test period
from 2016–2020.

Table 4 reports the performance comparison
against classical factor baselines and LLM-based
reasoning baselines. We evaluate all methods us-
ing standard factor-investing metrics, including IC,
RankIC, ICIR, RankICIR, annualized return (AR),
and information ratio (IR).

As shown in Table 4, Chain-of-Alpha consis-
tently outperforms both classical factor sets and
LLM-based reasoning baselines across all evalu-
ation metrics. These results demonstrate that our
framework generalizes effectively beyond the orig-
inal market and maintains robust performance in
the U.S. equity market.

B Case Study

We present a selection of representative alpha fac-
tors automatically generated through our proposed
Chain-of-Alpha on the CSI 1000 index. As shown
in Table 4, each factor is presented in symbolic
form, accompanied by a natural language descrip-
tion and its corresponding evaluation metrics.

These case studies illustrate that the framework
can produce interpretable and diverse alpha fac-
tors with statistically significant predictive power.
Notably, the selected factors capture a range of
market behaviors, including price deviations from
VWAP, volume-adjusted volatility dynamics, and
rank-based correlations between price and trad-
ing activity. The consistently strong RankIC and
RankIR values highlight the framework’s capabil-
ity to mine alpha signals that are both effective and
temporally stable.

C Efficiency Analysis

A key advantage of the Chain-of-Alpha framework
lies in its efficiency across the entire alpha min-
ing pipeline. Unlike previous approaches that rely
on heavy human involvement (e.g., AlphaGPT, Al-
phaAgent) or computationally expensive reason-
ing procedures (e.g., LLM+ToT, LLM+MCTS), our

framework adopts a modular dual-chain design
that enables end-to-end automation, scalability, and
cost-effectiveness.

In particular, the Factor Optimization Chain is
designed for high parallelism. Each seed factor is
independently refined based on backtesting feed-
back, allowing multiple optimization chains to run
concurrently without mutual interference. Let K
denote the number of generated seed factors and
m the maximum number of optimization steps per
factor. The overall complexity of the optimization
stage is O(Km), which is linear and embarrass-
ingly parallel. In practice, m is kept small (e.g.,
m ≤ 5) to ensure rapid convergence with minimal
overhead.

By contrast, tree-based exploration methods
such as LLM+ToT require sequential traversal of a
reasoning tree with branching factor b and depth d,
resulting in a time complexity of O(bd) per factor.
This not only increases the runtime exponentially
but also limits parallelism due to dependency be-
tween nodes.

Overall, our dual-chain design is not only ef-
fective but also highly efficient. Its parallelizable
optimization chains make it especially suitable for
large-scale factor generation.

D Additional Experimental Settings

Alpha Selection Criteria. To assess the quality
of generated alpha factors, we apply the following
quantitative criteria during evaluation:

• Strength: RankIC ≥ 0.015, indicating reli-
able predictive power.

• Consistency: RankICIR ≥ 0.2, ensuring
temporal stability of performance.

• Efficiency: Turnover ≤ 1.5, controlling for
excessive trading costs.

• Diversity: Diversity ≥ 0.2, promoting factor
novelty and complementarity.

Based on these criteria, we select the top-K al-
pha factors with the highest RankIC from the can-
didate pool to construct the final alpha set for inte-
gration and prediction model training. By default,
K is set to 100 in our experiments, though both the
threshold values and K can be adjusted depending
on specific applications or deployment settings.

Model Settings. For all LLM-based operations,
we utilize GPT-4o (gpt-4o-2024-11-20) from
Azure OpenAI by default. The temperature is set
to 1.0 to encourage response diversity, while all
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Method IC RankIC ICIR RankICIR AR IR

Alpha 158 0.0106 0.0117 0.0901 0.0955 -0.0102 -0.0702
Alpha 360 0.0148 0.0199 0.1261 0.1671 0.0212 0.1681
LLM + CoT 0.0228 0.0249 0.1766 0.2082 0.0328 0.2059
LLM + ToT 0.0247 0.0270 0.1924 0.2288 0.0395 0.2433
LLM + MCTS 0.0239 0.0285 0.1970 0.2241 0.0374 0.2381

Chain-of-Alpha (Ours) 0.0289 0.0337 0.2175 0.2614 0.0483 0.3242

Table 4: Performance comparison on the U.S. equity market (S&P 500).

Name Expression Description RankIC RankIR

VWAP_Stability_Enhance Div(Sub($close, Mean($vwap, 2)), Std($amount, 5)) This factor evaluates the deviation of the closing price from the 2-day average
VWAP, normalized by the standard deviation of the trading amount over five
days. It aims to capture stable price zones by reflecting short-term VWAP
trends and accounting for varying market sentiment through trading amount
fluctuations.

0.0688 0.7051

Volume_Adjusted_Mean_Corr Corr(Rank($close, 5), Rank($amount, 5), 5) This factor evaluates the correlation between the 5-day ranked returns of the
closing price and trading amount, suggesting potential price movement adjust-
ments related to the trading amount.

0.0375 0.5084

VWAP_Flow_Variance_Optimization Div(Abs(Sub($close, $vwap)), Add(Sum(Var($amount, 2), 4), 1)) This factor assesses the deviation of the closing price from the VWAP, scaled
by a summation of the 2-day variance of trading amount over a 4-day period.
It captures significant fluctuations in price relative to capital flow variability,
highlighting potential market reversals.

0.0838 0.7590

Table 5: Example alpha factors generated by the Chain-of-Alpha framework, along with their expressions, descrip-
tions, and evaluation metrics.

other generation parameters remain at their default
settings.

For the alpha integration and prediction mod-
eling stage, we adopt the LightGBM (Ke et al.,
2017) framework with the following hyperparam-
eters: mean squared error (MSE) as the loss func-
tion, early stopping after 200 rounds, 24 leaves per
tree, a maximum of 2000 estimators, maximum
tree depth of 8, learning rate of 0.005, L1 regu-
larization coefficient α = 0.1, L2 regularization
coefficient λ = 0.1, and evaluation every 10 steps.
These settings are chosen to ensure stable training
and robust generalization performance.

Backtesting Strategy. We primarily use Qlib
(Yang et al., 2020) to support both alpha factor
evaluation and final strategy backtesting. The back-
tests adopt a top-k/drop-n portfolio construction
strategy configured as follows. On each trading
day, an equal-weighted portfolio is constructed by
selecting the top k stocks based on the predictive
scores produced by the trained model, where k cor-
responds to the top 10% of the stock universe. To
control turnover and mitigate transaction costs, at
most n stocks are allowed to be bought or sold per
day, with n computed as n = k/w, where w is the
prediction horizon. All trades are executed at the
closing price. Transaction costs are accounted for
using an opening cost of 0.03% and a closing cost
of 0.1% per trade. These settings ensure a realistic
evaluation of strategy performance under practical
trading conditions.

E Evaluation Metrics

To quantitatively assess the predictive performance
and trading quality of the mined alpha factors and
their integrated portfolio, we adopt several widely
used evaluation metrics. These include the Informa-
tion Coefficient (IC), Rank Information Coefficient
(RankIC), their corresponding Information Ratios
(ICIR, RankICIR), the Annualized Return (AR),
and the Information Ratio (IR) of the trading strat-
egy.

Information Coefficient (IC). The IC assesses
the degree of linear association between model-
generated alpha scores and the actual realized re-
turns on a cross-sectional basis. At each time step
t, let fi,t denote the predicted signal for stock i and
ri,t+1 the corresponding realized return in the next
period. The IC at time t is calculated as:

ICt = Corr(f1 : Nt, t, r1:Nt,t+1), (11)

where Nt is the number of available stocks at time
t, and Corr(·) denotes the Pearson correlation. The
average IC across T trading periods is given by:

IC =
1

T

T∑

t=1

ICt. (12)

Rank Information Coefficient (RankIC). The
RankIC evaluates the monotonic relationship be-
tween predicted and realized returns, making it less
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sensitive to outliers. It is computed as the Spear-
man rank correlation at each time point:

RankICt = Corr(rank(f1 : Nt, t), rank(r1:Nt,t+1)),
(13)

and averaged across the evaluation window:

RankIC =
1

T

T∑

t=1

RankICt. (14)

Information Coefficient Information Ratio
(ICIR). To assess the consistency of IC over time,
we compute the ICIR as the mean IC normalized
by its temporal standard deviation:

ICIR =
IC

Std(ICt)
, (15)

where Std(ICt) denotes the standard deviation of
IC across the T periods. A higher ICIR indicates
more stable predictive strength across time.

Rank Information Coefficient Information Ra-
tio (RankICIR). Analogously, RankICIR mea-
sures the temporal robustness of RankIC by evalu-
ating its signal-to-noise ratio:

RankICIR =
RankIC

Std(RankICt)
, (16)

where Std(RankICt) is the standard deviation of
RankIC over time. Higher values imply stronger
and more consistent ordinal predictive relation-
ships.

Annualized Return (AR). AR reflects the aver-
age yearly return achieved by a trading strategy. For
a top-k long-only approach, where k stocks with
the highest predicted returns are equally weighted
at each rebalancing time t, the portfolio return for
the subsequent period is:

Rp,t+1 =
1

k

∑

i∈Topk

ri, t+ 1. (17)

The annualized return over Tp holding periods is
then computed as:

AR =


 1

Tp

Tp∑

j=1

Rp,j


× P, (18)

where P is the number of trading intervals in a year
(e.g., P = 252 for daily rebalancing).

Information Ratio (IR). IR evaluates the return-
to-risk efficiency of the strategy by dividing the
annualized return by its annualized volatility:

IR =
AR

σ(Rp)
√
P
, (19)

where σ(Rp) denotes the standard deviation of port-
folio returns over the Tp periods. A higher IR im-
plies better risk-adjusted performance.

Factor Turnover (Efficiency). Turnover mea-
sures the frequency of changes in the portfolio com-
position and reflects trading intensity. For a top-k
long-only strategy, the daily turnover is computed
as the proportion of assets that enter or exit the
top-k set between consecutive trading days. For-
mally, let Mt be the set of top-k assets at time t,
the turnover at time t is given by:

Turnovert =
|Topkt △ Topkt− 1|

k
, (20)

where △ denotes the symmetric difference between
the top-k sets at time t and t − 1. The average
turnover over the evaluation period reflects the ex-
pected trading volume per rebalancing. Lower
turnover is generally preferred, as it implies re-
duced transaction costs and greater operational ef-
ficiency.

Factor Diversity. Diversity quantifies how differ-
ent a candidate alpha factor is from existing ones.
We define it based on the average of the top-k abso-
lute Spearman correlations between the candidate
factor f and a set of reference factors g1, ..., gn,
then subtract from 1 to represent dissimilarity:

Diversity(f) = 1− 1

k

k∑

i=1

|ρ(f, gi)|, (21)

where ρ(f, gi) is the average Spearman correlation
between f and gi over all trading days. A higher
diversity score indicates greater uniqueness and
potential orthogonality with respect to the exist-
ing factor pool, which is beneficial for portfolio
diversification.

F List of Data Fields

Table 5 presents a complete list of data fields avail-
able for constructing formulaic alpha factor expres-
sions.
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Field Symbol Field Name Description

$open Open Opening price of the stock
$high High Highest price of the stock
$low Low Lowest price of the stock
$close Close Closing price of the stock
$volume Volume Trading volume of the stock
$amount Amount Trading amount of the stock
$change Change Price change of the stock
$vwap VWAP Volume-weighted average price of the stock

Table 6: List of available data fields for constructing
formulaic alpha factor expressions.

G List of Operators

Table 6 presents a complete list of data fields avail-
able for constructing formulaic alpha factor expres-
sions.

H Prompts

Figure 4 and Figure 5 illustrate the demo versions
of the prompt templates used for seed factor gener-
ation and factor optimization, respectively. These
prompts are designed to guide the large language
model in generating effective and interpretable
alpha expressions. To ensure consistently high-
quality factor generation, more carefully crafted
prompts are needed. In each template, the blue-
highlighted text indicates variable slots that are
dynamically filled at runtime based on user input,
contextual information, or previously generated re-
sults.
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Category Operator Symbol Operator Name Description

Mathematical

Add(x, y) Addition Element-wise addition of x and y
Sub(x, y) Subtraction Element-wise subtraction of y from x
Mul(x, y) Multiplication Element-wise multiplication of x and y
Div(x, y) Division Element-wise division of x by y
Log(x) Logarithm Natural logarithm of x
Abs(x) Absolute Value Absolute value of x
Power(x, n) Exponentiation Raise x to the power of n
Sign(x) Sign Sign of x (+1, -1, or 0)

Time Series (rolling)

Mean(x, N) Rolling Mean Mean of x over past N days
Std(x, N) Rolling Std Standard deviation over N days
Var(x, N) Rolling Variance Variance over N days
Sum(x, N) Rolling Sum Sum over N days
Max(x, N) Rolling Max Maximum value over N days
Min(x, N) Rolling Min Minimum value over N days
Med(x, N) Median Median over N days
Mad(x, N) Mean Abs Dev Mean absolute deviation over N days
Rank(x, N) Percentile Rank Percentile rank in N -day window
Quantile(x, N, q) Quantile q-quantile over N days
Count(x, N) Valid Count Number of valid values in N days
Ref(x, N) Lag Value N days ago
Delta(x, N) Change Difference from N days ago
IdxMax(x, N) Index of Max Position of max value in window
IdxMin(x, N) Index of Min Position of min value in window

Regression (rolling)
Resi(x, N) Residual Residual of regression of x over N days
Slope(x, N) Slope Regression slope over N days
Rsquare(x, N) R2 Coefficient of determination

Statistical (rolling)

Skew(x, N) Skewness Skewness over N days
Kurt(x, N) Kurtosis Kurtosis over N days
Corr(x, y, N) Correlation Correlation between x and y
Cov(x, y, N) Covariance Covariance between x and y

Conditional

If(cond, x, y) Conditional If condition is true, return x, else y
Gt(x, y) Greater Than 1 if x > y, else 0
Lt(x, y) Less Than 1 if x < y, else 0
Ge(x, y) Greater Equal 1 if x ≥ y, else 0
Le(x, y) Less Equal 1 if x ≤ y, else 0
Eq(x, y) Equal 1 if x = y, else 0
Ne(x, y) Not Equal 1 if x ̸= y, else 0

Logical
And(x, y) Logical AND Logical AND between x and y
Or(x, y) Logical OR Logical OR between x and y
Not(x) Logical NOT Logical NOT of x

Table 7: Categorized list of supported operators for constructing formulaic alpha factors.
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# Objective
You are an expert in alpha factor generation for quantitative trading.

Your task is to design a new **cross-sectional alpha factor**—a mathematical expression that assigns a score to each stock on 
a given trading day based on its recent market data.
This score will be used to rank and select stocks on the same day (i.e., across the market cross-section).

You are provided with:
- A list of available data fields and operators.
- Example sets of **effective** and **non-effective** factors.

Your goal is to generate a factor expression that is:
- Distinct from the examples
- Inspired by effective ones
- Potentially more predictive than the non-effective ones

# Available Data Fields
You may use the following data fields to construct the expression.
Make sure to include a dollar sign ($) before each field name in your expression:
{available_data_fields}

# Available Operators
You may use the following operators to construct your factor expression:
{available_operators}

# Reference Factors
Use the following for reference:
**Effective factors:** 
{effective_factors}

**Non-effective factors:** 
{non_effective_factors}

# Requirements
1. Take inspiration from effective factors and avoid patterns seen in non-effective ones (e.g., poor RankIC or IR).
2. The factor should produce a unitless value, independent of price scale or volume units.
3. Use **only** the provided data fields and operators.
4. You are **not** required to use all data fields. The factor expression should have NO MORE than 3 data fields in total.
5. Avoid excessive operator nesting or overly complex expressions to reduce overfitting risk. 
6. The expression should be concise, readable, and interpretable.

# Response Format
You need to return a JSON object with the following fields:
- factor_name: a brief name of the factor
- factor_expression: the expression of the factor
- description: a 1-2 sentence description of the factor's intuition or financial meaning 

Prompt of Seed Factor Generation

Figure 3: The prompt of seed factor generation.

10622



# Objective
You are an expert in alpha factor optimization for quantitative trading.

Your task is to optimize an existing **cross-sectional alpha factor**—a mathematical expression that assigns a score to each 
stock on a given trading day based on its recent market data.
This score will be used to rank and select stocks on the same day (i.e., across the market cross-section).

You are provided with:
- A list of available data fields and operators.
- The existing factor expression and its performance (e.g., RankIC, RankIR, Turnover, Diversity).
- The optimization history of the factor.

Your goal is to optimize the factor expression to improve its performance.

# Available Data Fields
You may use the following data fields to construct the expression.
Make sure to include a dollar sign ($) before each field name in your expression:
{available_data_fields}

# Available Operators
You may use the following operators to construct your factor expression:
{available_operators}

# Existing Factor Information
The factor name is: {factor_name}
The factor expression is: {factor_expression}
The factor description is: {description}
The RankIC is: {rankic}
The RankIR is: {rankicir}
The Turnover is: {turnover}
The Diversity is: {diversity}

# Optimization History
The optimization history is:
{optimization_history}

# Requirements
1. A good factor should have: RankIC > 0.015, RankIR > 0.2, Turnover < 1.5, Diversity < 0.8.
2. Your goal is to optimize the factor based on these performance metrics. Typically, improving RankIC and RankIR is the 
primary focus; turnover and diversity are secondary.
3. The factor should produce a unitless value, independent of price scale or volume units.
4. Use **only** the provided data fields and operators.
5. You are **not** required to use all data fields. The factor expression should have NO MORE than 3 data fields in total.
6. Avoid excessive operator nesting or overly complex expressions to reduce overfitting risk. 
7. The expression should be concise, readable, and interpretable.
8. Review the optimization history to avoid repeating previous attempts.
9. Inspect the factor expression to guard against overfitting.

# Response Format
You need to return a JSON object with the following fields:
- factor_name: a brief name of the factor
- factor_expression: the expression of the factor
- description: a 1-2 sentence description of the factor's intuition or financial meaning 
- reason: a short explanation of why this optimization was made, such as which metric was improved or which weakness in the 
previous version was addressed

Prompt of Factor Optimization

Figure 4: The prompt of factor optimization.
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