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Abstract

Alpha factor mining is pivotal in quantitative investment for
identifying predictive signals from complex financial data.
While traditional formulaic alpha mining relies on human
expertise, contemporary automated methods, such as those
based on genetic programming or reinforcement learning, of-
ten struggle with search inefficiency or yield alpha factors
that are difficult to interpret. This paper introduces a novel
framework that integrates Large Language Models (LLMs)
with Monte Carlo Tree Search (MCTS) to overcome these
limitations. Our framework leverages the LLM’s instruction-
following and reasoning capability to iteratively generate and
refine symbolic alpha formulas within an MCTS-driven ex-
ploration. A key innovation is the guidance of MCTS explo-
ration by rich, quantitative feedback from financial backtest-
ing of each candidate factor, enabling efficient navigation of
the vast search space. Furthermore, a frequent subtree avoid-
ance mechanism is introduced to enhance search diversity and
prevent formulaic homogenization, further improving perfor-
mance. Experimental results on real-world stock market data
demonstrate that our LLM-based framework outperforms ex-
isting methods by mining alphas with superior predictive ac-
curacy and trading performance. The resulting formulas are
also more amenable to human interpretation, establishing a
more effective and efficient paradigm for formulaic alpha
mining.

Extended version — https://arxiv.org/abs/2505.11122

Introduction
Predicting price movements in financial markets, character-
ized by low signal-to-noise ratios, remains a central chal-
lenge in quantitative investment. A common strategy to
enhance model predictiveness is the extraction of predic-
tive signals, or alpha factors (hereafter simply “alphas”),
from stock data (Qian, Hua, and Sorensen 2007; Tulchinsky
2019). Current alpha factor mining methodologies broadly
fall into two categories: neural network-based and formula-
based. Neural approaches (e.g., FactorVAE (Duan et al.
2022), HIST (Xu et al. 2021a), REST (Xu et al. 2021b)) im-
plicitly construct complex alphas via deep learning, captur-
ing intricate patterns but often suffering from a lack of inter-
pretability. In contrast, formula-based methods aim to dis-
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Figure 1: A high-level schematic of our proposed alpha min-
ing pipeline. The pipeline features an iterative Alpha Search
loop where an LLM, guided by MCTS, generates and refines
formulas. Effective alphas are collected in an Alpha Zoo be-
fore being used in the final Strategy Building stage.

cover alphas represented by explicit mathematical expres-
sions. These alpha factors are traditionally human-crafted,
reflecting market insights (e.g., Fama-French factors (Fama
and French 1992), financial anomalies (Harvey, Liu, and
Zhu 2016; Hou, Xue, and Zhang 2020)). In recent years, au-
tomated techniques have emerged, employing methods like
genetic programming or reinforcement learning to discover
such formulaic alphas (Shi et al. 2024; Yu et al. 2023; Zhang
et al. 2020, 2023).

Despite their promise, existing automated formulaic al-
pha mining approaches face significant limitations. First,
the discovered alphas often exhibit poor interpretabil-
ity. These automated methods frequently engage in uncon-
strained, data-driven exploration of the vast alpha space, of-
ten without sufficient guidance from financial theory or do-
main expertise. Consequently, the resulting formulas can be
overly complex and opaque. This lack of transparency poses
considerable challenges in practical investment scenarios: it
hinders practitioners’ ability to understand the underlying
economic rationale of a strategy, makes it difficult to at-
tribute portfolio performance accurately, and can erode trust,
thereby impeding the adoption of these alphas even if they
show promise in backtests. Second, current methodologies
often suffer from search inefficiency. The search for a suf-
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ficient number of effective alpha factors typically requires
generating and evaluating an enormous volume of candidate
formulas. This exhaustive search process, while necessary
due to the low signal density, inherently increases the likeli-
hood of discovering spurious relationships and overfitting to
the training data (Harvey, Liu, and Zhu 2016). As a result,
many discovered alphas may exhibit poor generalization and
deliver underwhelming out-of-sample performance.

Addressing the identified shortcomings necessitates in-
novative approaches. In this light, Large Language Models
(LLMs) emerge as a promising direction, given their vast
prior knowledge and strong reasoning capabilities which
are well-suited for generating interpretable alphas—a po-
tential demonstrated in analogous tasks like financial in-
vestment (Yu et al. 2024) and code generation (Li et al.
2024a). Drawing inspiration from advancements in LLM
reasoning (e.g., Chain-of-Thought (Wei et al. 2022), Tree-
of-Thought (Yao et al. 2024)) and the efficacy of Monte
Carlo Tree Search (MCTS) (Coulom 2007; Silver et al.
2016) in enhancing LLM performance on complex prob-
lems (Zhang et al. 2024), we frame alpha mining as an
MCTS-driven search problem. Within this framework, each
node in the tree represents a candidate alpha formula, al-
lowing for a systematic exploration and iterative refinement
within the vast and complex alpha space. Figure 1 provides
a high-level illustration of this entire pipeline.

Unlike tasks such as mathematical derivation, where eval-
uating the contribution of intermediate steps towards the
final solution is often challenging before the derivation is
complete, alpha factor mining provides fine-grained feed-
back on each candidate alpha formula through backtesting.
We leverage this detailed feedback to guide our search. We
initiate the search with a LLM-generated alpha formula, as
the root node of the search tree. Then we utilize the LLM to
iteratively refine and improve the formulas, expanding the
tree with new, potentially superior nodes. Furthermore, to
mitigate the homogeneity of generated alpha formulas, we
conduct frequent subtree mining on effective alphas and ex-
plicitly instruct the LLM to avoid using the most frequent
subtrees during generation. By explicitly diversifying the
search away from these common motifs, our approach en-
hances search efficiency and improves the quality of discov-
ered alphas.

The synergy between MCTS and LLMs has indeed shown
promise in various reasoning tasks (Zhao, Lee, and Hsu
2023; DeLorenzo et al. 2024). Our work is distinct in its spe-
cific application of this synergy to the unique challenges of
formulaic alpha mining. Unlike general reasoning tasks that
use MCTS to explore a set of predefined actions or have the
LLM evaluate abstract states (Xie et al. 2024; Li et al. 2025;
Dainese et al. 2024), our framework leverages the LLM as
a generative prior for symbolic alpha formulas. Crucially,
the MCTS exploration is guided by rich, quantitative, and
domain-specific feedback from financial backtesting per-
formed on each candidate alpha. This iterative loop—where
the LLM’s generative capabilities are steered by MCTS in-
formed by empirical financial performance—offers a dis-
tinct advantage.

Our main contributions can be summarized as follows:

• We propose an LLM-Powered MCTS framework for
formulaic alpha mining, modeling the task as a tree
search-based reasoning problem where the LLM per-
forms multi-step formula refinement guided by detailed
backtesting feedback.

• We design a frequent subtree avoidance method to im-
prove search efficiency and alpha effectiveness by guid-
ing the LLM to explore less common yet potentially ef-
fective formula structures.

• We conduct a series of experiments to demonstrate the
effectiveness of our proposed framework. The alphas
mined by our framework achieve superior prediction per-
formance while maintaining good interpretability, com-
pared to those from other methods.

Preliminary
Alpha Factor Mining
We consider a financial market with n stocks observed over
T trading days. For each stock i ∈ {1, . . . , n} and day
t ∈ {1, . . . , T}, its state is described by a feature vector
xi,t ∈ Rm. Raw features include daily open, high, low, close
prices (OHLC), trading volume, and Volume-Weighted Av-
erage Price (VWAP). The complete market history is a ten-
sor X ∈ RT×n×m. Correspondingly, future returns are or-
ganized in a matrix Y ∈ RT×n, where yi,t is the realized
future return for stock i subsequent to day t. To capture tem-
poral patterns, we use a lookback window of length τ . An
alpha factor, f , maps the historical feature data for this win-
dow, Xt−τ+1:t = {Xs | t − τ < s ≤ t}, to a vector of
predictive scores vt = f(Xt−τ+1:t) ∈ Rn. Each vi,t repre-
sents the alpha’s assessment of stock i’s future return.

Alpha factor mining aims to discover a diverse set of K
alphas, F = {f1, . . . , fK}, by searching within the vast
space of all possible alpha factors, denoted as A. The out-
puts of these individual alphas, {vk,t = fk(Xt−τ+1:t)}Kk=1,
are typically aggregated by a combination model, g, into a
composite alpha vector zt = g({vk,t}Kk=1;θg), where θg

are model parameters. The quality of this composite signal
is evaluated using a predefined performance metric, L (e.g.,
Information Coefficient). Optimal parameters for the com-
bination model, θ∗

g , are learned by maximizing this metric:

θ∗
g(F) = argmax

θg

L(g({vk,t}Kk=1;θg),Y ). (1)

Let g∗(F) be the combination model with parameters
θ∗
g(F). The overarching goal is to find an optimal set

of alpha factors F∗ ⊂ A that maximizes the per-
formance of this optimally combined signal: F∗ =
argmaxF⊂A L(g∗(F),Y ). This constitutes a challenging
bilevel optimization problem due to the immense search
spaceA and the complex interactions between alpha factors.

Formulaic Alpha
In this work, we focus on formulaic alphas: alpha factors
defined by mathematical expressions. These expressions are
constructed from operators and operands. Operands typi-
cally include raw input features (e.g., closei,t) and numer-
ical constants. Operators apply mathematical transforma-
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Figure 2: Overview of our LLM-powered MCTS framework. The process begins with node selection via UCT. A refinement
dimension is then chosen based on the node’s multi-dimensional evaluation scores. The LLM first proposes a conceptual
refinement suggestion for that dimension and then translates it into a concrete formula. The new formula is backtested, and its
performance results are used to expand the tree with a new node.

tions; for example, time-series operators can be used to con-
struct an alpha like Ma(close, 5)−Ma(close, 20). This spe-
cific alpha captures a price trend by contrasting short-term
with long-term moving averages of closing prices. Formu-
laic alphas are naturally represented as expression trees (leaf
nodes: operands; internal nodes: operators), making their
structured yet flexible nature amenable to the automated
mining techniques central to our framework.

Methodology
Our proposed alpha mining framework integrates LLMs
with MCTS to automate the discovery and refinement of al-
pha factors. The framework’s objective is to search within
the vast space of possible alpha formulas, denoted as A, to
find a set of high-performing alphas. Figure 2 provides a
conceptual illustration. The core iterative process involves:
(1) selecting a promising node (alpha formula) using the
Upper Confidence Bound for Trees (UCT) criterion (Koc-
sis and Szepesvári 2006); (2) expanding this node by having
the LLM generate a refined alpha, guided by performance
feedback on specific evaluation dimensions; and (3) evalu-
ating the new alpha via backtesting, with results forming a
new node in the search tree T . The LLM’s role is twofold:
first, to propose targeted refinement suggestions, and sec-
ond, to translate these suggestions into a concrete alpha for-
mula f ∈ A. Iteratively, high-performing alphas that satisfy
a set of predefined criteria C (e.g., IC > 0.02) are collected
into an effective alpha repository, Fzoo.

Selection
The selection step in our MCTS framework navigates the
exploration-exploitation trade-off. Each node s ∈ T repre-
sents an alpha, characterized by its formula fs and refine-

ment history. An action a corresponds to a specific refine-
ment applied to s. Each state-action pair (s, a) maintains a
quality value Q(s, a), representing the maximum reward (al-
pha score) observed in the subtree rooted at the child node
resulting from this action. We employ the UCT criterion to
select the optimal action a∗:

a∗ = arg max
a∈A(s)

Q(s, a) + c

√
ln(Ns)

Ns′

 (2)

where A(s) is the set of existing actions from state s, Ns

is the visit count of the parent state s, Ns′ is the visit count
of the child state s′ = child(s, a), and c is the exploration
weight.

Unlike standard MCTS, which expands only leaf nodes,
our approach allows any node to be selected for expansion.
This is crucial for iteratively refining promising, but not ter-
minal, alpha ideas. To enable this, we augment the action
space A(s) at any internal node s with a “virtual” expan-
sion action, ae. The selection process thus considers the
full action set A(s) ∪ {ae}. The UCT score for this virtual
action is computed by adapting Equation 2, where we de-
fine a virtual visit count for the prospective new node s′e as
Ns′e = 1 + |C(s)|, with C(s) being the set of existing chil-
dren of s. If ae is selected, node s is chosen for expansion.
This mechanism ensures that promising, non-leaf nodes can
be further refined.

Expansion
Upon selecting a node s for expansion, a new, refined al-
pha factor fnew is generated. This process is structured to
enhance the LLM’s effectiveness and the quality of refine-
ments.
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Dimension-Targeted Refinement Suggestion. Each
node s is associated with a multi-dimensional evaluation
score vector Es = [e1, . . . , eq] ∈ [0, emax]

q . To guide refine-
ment towards areas of weakness while maintaining explo-
rative diversity, we stochastically select a target dimension
i∗ for improvement. The probability of choosing dimension
i is defined as:

P (i∗ = i|s) = Softmax ((emax · 1q −Es)/T )i (3)

where 1q is a q-dimensional vector of ones and T is a tem-
perature parameter. This strategy prioritizes dimensions with
lower scores. Once a dimension i∗ is selected, the LLM gen-
erates a textual refinement suggestion ds,i∗ aimed at improv-
ing performance on that dimension. This is framed as a few-
shot learning task, where the context includes effective al-
phas from Fzoo.

Alpha Formula Generation and Validation. Following
the targeted suggestion, we employ a two-step generation
process. First, the LLM articulates the refined conceptual
hypothesis, which is then used to prompt the generation of
the concrete formula. This process, ensuring the formula
aligns with a clear investment rationale, can be formalized
as:

ds,i∗ ∼ pLLM(·|s, i∗,Fzoo) (4)
fnew ∼ pLLM(·|ds,i∗ , fs) (5)

The generated formula fnew undergoes an automated vali-
dation check, IsValid(fnew). If invalid, feedback is provided
to the LLM for iterative correction. A valid formula and its
evaluation results constitute the new node snew in the MCTS
tree.

Multi-Dimensional Alpha Evaluation
The evaluation of a candidate alpha f is performed directly
via backtesting, bypassing the simulation phase of tradi-
tional MCTS. A key challenge is the evolving nature of the
effective alpha repository Fzoo, which progressively raises
the bar for new alphas. To address this, we employ a relative
ranking approach. The rank of f against the repository for a
given metric m is:

R(f,m,Fzoo) =
1

|Fzoo|
∑

f ′∈Fzoo

I(m(f) < m(f ′)) (6)

where I(·) is the indicator function. This provides an adap-
tive evaluation criterion, avoiding fixed thresholds that may
be too stringent early on or too lenient later.

To provide granular feedback for refinement, we evalu-
ate f across a set of q dimensions D, exemplified here by
Effectiveness, Stability, Turnover, Diversity, and Overfit-
ting Risk. For each dimension Di ∈ D\{Overfitting Risk},
we compute a score ei based on its percentile rank using a
corresponding metric mi:

ei(f) = 1−R(f,mi,Fzoo) (7)

The assessment of Overfitting Risk, denoted eoverfit, is dis-
tinct. We leverage an LLM that analyzes the formula f and
its refinement history H(s), providing a qualitative judg-
ment: eoverfit = LLMeval(f,H(s)). The overall alpha score,

Figure 3: Illustration of the Frequent Subtree Avoidance
(FSA). The set of effective alphas from the Alpha Reposi-
tory is mined for frequent subtrees. The most frequent ones
are identified, and the LLM is subsequently instructed to
avoid generating new formulas containing these common
structural motifs.

which serves as the reward signal for MCTS, is the aggre-
gate of these dimensional scores:

S(f) =
1

|D|

q∑
i=1

ei(f) (8)

This score S(f) is used to update the Q-values in the search
tree.

Backpropagation
During backpropagation, the reward S(fnew) of the newly
evaluated alpha at node snew updates the statistics of all
nodes along the path from the root to its parent. For each
ancestor node sk on this path, leading to its child sk+1 via
action ak, we perform the following updates:

Nsk ← Nsk + 1 (9)
Q(sk, ak)← max(Q(sk, ak), S(fnew)) (10)

This ensures that the value of a path reflects the best out-
come discovered within its entire subtree. Crucially, to en-
hance the quality of subsequent refinement suggestions and
the accuracy of overfitting assessment, the LLM is provided
with rich contextual information: the refinement history of
the current node’s parent, children, and siblings. This allows
the LLM to analyze the refinement trajectory and avoid re-
dundant suggestions.

Frequent Subtree Avoidance
To mitigate alpha formula homogenization and prevent the
over-exploitation of common motifs, we introduce Frequent
Subtree Avoidance (FSA), inspired by the concept of “root
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genes” in AutoAlpha (Zhang et al. 2020). We define a root
gene as a subtree in an alpha’s expression tree whose leaves
are exclusively raw input features (e.g., ‘close’, ‘high’). To
focus on structure, we use an operator Abs(·) that abstracts
away concrete parameter values from an expression tree. For
instance, Abs(Ma(vwap, 20)) becomes Ma(vwap, t). The
set of abstracted root genes for an alpha f is denoted Ḡ(f).

The FSA mechanism operates by first identifying frequent
closed root genes from the repository Fzoo. A root gene is
“closed” if none of its immediate supertrees share the same
support count, which helps identify maximal common pat-
terns. The support for an abstracted root gene ḡ is:

Support(ḡ) =
1

|Fzoo|
∑

f ′∈Fzoo

I(ḡ ⊆ Ḡ(f ′)) (11)

We select the top-k most frequent closed root genes to form
a set of forbidden structures, Gforbidden. During generation
(Eq. 5), the LLM is constrained to produce a new formula
fnew that avoids these motifs:

Constraint: Ḡ(fnew) ∩ Gforbidden = ∅ (12)

FSA acts as a regularization on the generation process. By
discouraging common structures, it guides the MCTS search
towards more structurally diverse and potentially novel re-
gions of the alpha space A, enabling a more efficient explo-
ration, as demonstrated in Section .

Experiment
We evaluate our proposed framework on real-world stock
market data, addressing the following research questions
(RQs):
Q1: How does our approach compare to baselines in predic-
tive performance?
Q2: Are MCTS and Frequent Subtree Avoidance effective
components within our framework?
Q3: How does the interpretability of alpha formulas mined
by our method compare to others?

Experiment Settings
Data Our experiments are conducted on the Chinese A-
shares market. To ensure comprehensive market represen-
tation, our experiments separately target two stock pools:
the CSI 300 Index (large-cap, liquid stocks) and the CSI
1000 Index (small to mid-cap stocks). We define two dis-
tinct prediction targets: the 10-day return and the 30-day
return of the stocks, with buying and selling executed at
the closing price. The dataset is split chronologically into
training (2011/01/01–2020/12/31) and testing (2021/01/01–
2024/11/30) periods.

Baselines for Comparison We compare our framework
with several formulaic alpha mining methods. DSO (Deep
Symbolic Optimization) (Landajuela et al. 2022) is a deep
learning framework for symbolic optimization. GP employs
genetic programming for alpha mining. AlphaGen (Yu et al.
2023) is a reinforcement learning framework for formu-
laic alpha mining. AlphaForge (Shi et al. 2024) features a
generative-predictive architecture; to ensure a fair compari-
son of generative capabilities, we use only its alpha mining
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Figure 4: The average performance of LightGBM and MLP
models trained on alphas mined by different methods.

network. Among LLM-based approaches, CoT (Chain-of-
Thought) (Wei et al. 2022) prompts LLMs for step-by-step
reasoning to directly generate alpha factors. ToT (Tree-of-
Thought) (Yao et al. 2024) enables LLMs to explore diverse
reasoning paths in a tree structure. Lastly, FAMA (Li et al.
2024b) leverages LLMs with in-context examples to diver-
sify formulas and a “chain-of-experience” to learn from past
successes.

We use OpenAI’s GPT4.1 model as the LLM for both our
method and the LLM-based baselines. To ensure a fair and
rigorous comparison of algorithmic efficiency, we bench-
mark all methods based on a controlled “search count” (i.e.,
the number of unique alpha formulas generated and eval-
uated). This metric normalizes for the vast differences in
computational cost per generation step across methods (e.g.,
a single LLM call vs. a GP mutation) and provides a di-
rect measure of search space exploration efficiency. This ap-
proach is well-suited because our framework and all base-
lines inherently involve a distinct search process, where each
iteration yields a new candidate alpha formula. For LLM-
based methods, we report the best performance achieved
with search counts of 1,000, 2,000, or 3,000. For other
methods, the search count is incrementally increased from a
small value until performance converges, capped at 600,000
(200× the LLM-based methods’ maximum). This experi-
mental design facilitates two key comparisons: first, it al-
lows for an equitable assessment of our framework against
other LLM-based methods under similar, well-defined com-
putational budgets; second, it enables a robust comparison
of search efficiency against other non-LLM-based methods.

Experiment 1: Prediction Performance
Comparison
We evaluate the predictive performance of alphas generated
by our method against baselines. To comprehensively as-
sess the effectiveness of the generated alpha sets, we em-
ploy two representative machine learning models: Light-

1001



0 1000 2000 3000
0

100

200

300

400

500
Ef

fe
ct

iv
e 

A
lp

ha
 C

ou
nt

(a) Mining Efficiency (CSI 300)
Ours
Ours (w/o FSA)
CoT
ToT
FAMA

0 1000 2000 3000
0

200

400

600

800

1000

Ef
fe

ct
iv

e 
A

lp
ha

 C
ou

nt

(b) Mining Efficiency (CSI 1000)
Ours
Ours (w/o FSA)
CoT
ToT
FAMA

500 1000 1500 2000 2500 3000
Number of Generations

0.040

0.045

0.050

0.055

0.060

0.065

0.070

A
vg

. R
an

kI
C

 (
IS

)

(c) IS RankIC of Top-50 Alphas
Ours
Ours (w/o FSA)
CoT
ToT
FAMA

500 1000 1500 2000 2500 3000
Number of Generations

0.012

0.014

0.016

0.018

0.020

0.022

0.024

A
vg

. R
an

kI
C

 (
O

O
S)

(d) OOS RankIC of Top-50 Alphas
Ours
Ours (w/o FSA)
CoT
ToT
FAMA

Figure 5: Analysis of search dynamics. (a, b) Alpha mining
efficiency, measured as the count of effective alphas found
versus total generated. (c, d) Average in-sample and out-of-
sample RankIC of the top 50 alphas over generations.

GBM (Ke et al. 2017), a popular gradient boosting frame-
work known for its efficiency, and a 3-layer Multi-Layer
Perceptron (MLP), which can capture complex non-linear
relationships. For each alpha generation method, we create
alpha sets of three distinct sizes—10, 50, and 100—to serve
as input features for these models. This allows for a thorough
comparison of the mined alpha sets across varying sizes.
Both input alphas and target returns undergo cross-sectional
rank normalization before training to mitigate outlier influ-
ence. The predictive power of the alphas is evaluated using
two standard metrics in finance: the Information Coefficient
(IC) and the Rank Information Coefficient (RankIC).

To assess the practical profitability of the mined alphas in
simulated real-world stock market scenarios, we follow es-
tablished evaluation methodologies (Yu et al. 2023) and con-
duct backtests. Specifically, we employ a top-k/drop-n port-
folio construction strategy, implemented on the Qlib plat-
form (Yang et al. 2020). The practical trading performance is
evaluated using two key metrics: Annualized Excess Return
(AER), which measures the strategy’s profitability, and In-
formation Ratio (IR), which quantifies its risk-adjusted per-
formance.

The combination of these four metrics (IC, RankIC, AER,
and IR) provides a comprehensive evaluation of the mined
alphas. As illustrated in Figure 4, our framework consis-
tently outperforms baselines across all metrics. This demon-
strates that the alphas mined by our framework possess su-
perior predictive capabilities for future stock returns, which
can be effectively translated into trading profitability.

Experiment 2: Ablation Study
We conduct ablation studies to evaluate three key compo-
nents of our framework: MCTS, multi-dimensional feed-
back, and FSA.
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Figure 6: Cost-performance analysis across various meth-
ods. The plot shows Annualized Excess Return (AER) vs.
Annualized Volatility (lower is better). Bubble size indicates
the estimated single-run cost. Dashed lines represent con-
stant Information Ratio (IR) levels.

Table 1 presents the impact of these components on pre-
dictive performance. When incorporating Effectiveness and
Diversity as feedback, MCTS demonstrates superior predic-
tive performance over CoT and ToT. Performance progres-
sively improves with the integration of additional feedback
dimensions. Notably, while Turnover feedback slightly re-
duces IC and RankIC, it enhances practical trading metrics
(AER, IR) by mitigating transaction costs. The integration
of FSA yields further improvements across all metrics for
both LightGBM and MLP models. These results underscore
the individual and collective contributions of MCTS, multi-
dimensional feedback, and FSA to our framework’s efficacy.

Beyond predictive performance, we analyze the search
dynamics in Figure 5. Subplots (a) and (b) assess search ef-
ficiency by plotting the number of effective alphas mined
against the total generated alphas. Our framework, even
without FSA, demonstrates higher search efficiency than
other LLM-based methods. FSA further amplifies this ad-
vantage. Furthermore, subplots (c) and (d) evaluate the qual-
ity and generalization of the top 50 alphas (selected by in-
sample RankIC) over generations. The in-sample perfor-
mance of our method’s alphas improves as the search pro-
gresses (c). More importantly, this improvement translates
to superior out-of-sample performance (d), indicating that
our framework discovers more generalizable alphas.

To establish a more standardized and equitable basis for
comparison, we present a cost-performance analysis in Fig-
ure 6. We estimate the cost of a single experimental run for
each method by unifying its runtime and API usage into
a monetary value based on public cloud computing prices.
The analysis reveals that our framework achieves a favor-
able risk-return profile, with its variants occupying the high-
est Information Ratio (IR) contours. Notably, the overall cost
and performance of our framework are primarily driven by
the choice of the underlying LLM. For instance, employing

1002



Search Strategy
Included Evaluation Dimensions LightGBM MLP

Eff. Div. Turn. Stab. O.R. IC RankIC AER IR IC RankIC AER IR

CoT ✓ ✓ × × × 0.0434 0.0395 0.0707 0.7461 0.0421 0.0393 0.0922 0.9962
ToT ✓ ✓ × × × 0.0459 0.0427 0.0868 0.9337 0.0452 0.0435 0.0945 1.0348
MCTS ✓ × × × × 0.0409 0.0374 0.0941 0.9775 0.0400 0.0376 0.0935 1.0010
MCTS ✓ ✓ × × × 0.0501 0.0476 0.1003 1.0106 0.0486 0.0462 0.1023 1.0462
MCTS ✓ ✓ ✓ × × 0.0492 0.0457 0.1063 1.1062 0.0489 0.0462 0.1185 1.2556
MCTS ✓ ✓ ✓ ✓ × 0.0495 0.0462 0.1030 1.0331 0.0491 0.0465 0.1093 1.1773
MCTS ✓ ✓ ✓ ✓ ✓ 0.0515 0.0479 0.1075 1.1121 0.0503 0.0478 0.1166 1.2127
MCTS+FSA ✓ ✓ ✓ ✓ ✓ 0.0549 0.0512 0.1107 1.1792 0.0522 0.0503 0.1234 1.2712

Table 1: Ablation study of our framework’s components. Best results are highlighted in bold. We ablate across five evaluation
dimensions: Effectiveness (Eff.), Diversity (Div.), Turnover (Turn.), Stability (Stab.), and Overfitting Risk (O.R.). The check-
mark (✓) indicates a dimension is included in the search, while the cross (×) indicates it is not.

a lightweight model like Gemini-2.0-flash-lite yields a high
IR of 1.27 at a minimal cost of $7.5. In contrast, using the
more powerful GPT-4.1 results in a slightly lower IR of 1.23
at a substantially higher cost of $74.4. This highlights that
our framework offers the flexibility to select an appropri-
ate LLM, enabling a desirable balance between performance
and computational budget.

Experiment 3: Interpretablitity of Alpha Formulas
In this experiment, we evaluate the interpretability of alpha
formulas mined by different methods. We define the inter-
pretability of an alpha formula by its capacity to articulate
a reasonable logic, a specific market phenomenon, or an in-
vestment strategy. To quantify this, we randomly select one
alpha formula per method and employ LLMs to rank their
interpretability. We repeat this process 50 times and com-
pute the average rank for each method. To mitigate poten-
tial biases from a single LLM, we aggregate rankings from
three distinct LLMs. The results are presented in Figure 7.
The findings indicate that formulas mined by our framework
exhibit interpretability second only to those generated by the
CoT method. Notably, they are consistently ranked as more
interpretable than those from non-LLM baselines. This sug-
gests that our approach achieves a compelling trade-off, de-
livering strong predictive performance while maintaining a
high degree of interpretability.

While a formal human study is outside the scope of this
work, a qualitative inspection of these examples reveals a
clear difference: formulas from our method tend to have
more discernible logic compared to the often opaque struc-
tures produced by non-LLM methods.

Related Work
Automated formulaic alpha mining has traditionally relied
on genetic programming (GP) frameworks (Lin et al. 2019;
Zhang et al. 2020), alongside reinforcement learning (Yu
et al. 2023) and deep learning-based generative models (Shi
et al. 2024). More recently, LLMs have been introduced,
with approaches like FAMA (Li et al. 2024b) and AlphaA-
gent (Tang et al. 2025) leveraging them for direct alpha gen-
eration guided by in-context examples or heuristics. In con-
trast, our method frames alpha discovery as a formal reason-
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Figure 7: Interpretability Ranking Comparison, showing
mean and standard deviation over 5 random seeds.

ing task, uniquely employing MCTS to systematically ex-
plore the structured space of mathematical formulas. This
approach is inspired by recent advancements in tree search-
based reasoning, such as Tree of Thoughts (ToT) (Yao et al.
2024) and RethinkMCTS (Li et al. 2024a), which enhance
LLM planning by structuring generation as a search process.
A further literature review is provided in Appendix A.

Conclusion
We introduce an LLM-Powered Monte Carlo Tree Search
(MCTS) framework for formulaic alpha mining. This ap-
proach models alpha mining as a tree search, where an LLM
iteratively generates and refines candidate formulas, criti-
cally guided by quantitative feedback from financial back-
testing. To foster search efficiency and alpha effectiveness,
we incorporate a Frequent Subtree Avoidance mechanism.
Experimental results demonstrate that our framework mines
alphas with superior predictive accuracy and trading per-
formance, while also offering enhanced interpretability and
search efficiency compared to existing methods. This work
pioneers a promising direction for leveraging LLMs and
MCTS to tackle the complex challenge of automated for-
mulaic alpha mining in finance.
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