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Abstract: This study examines asset pricing in high-dimensional financial environments, where traditional factor
models face limitations in interpretability and stability, and machine learning approaches remain largely
correlation-driven. Existing methods often struggle to identify economically meaningful risk factors and exhibit
limited robustness across changing market conditions. To address these limitations, this paper proposes a unified
framework that integrates generative modeling with causal representation learning. A generative model is first
employed to extract latent structures from high-dimensional financial data, and a causal learning module is
subsequently used to identify invariant factors based on structural relationships. These factors are then
incorporated into a standard asset pricing model using the Fama—MacBeth regression approach. Empirical results
show that the proposed model achieves a cross-sectional R2 of 0.38, compared to 0.26 for the Fama—French
five-factor model and 0.31 for a deep learning benchmark. Pricing errors are reduced from 0.054 (FF5) and 0.049
(deep learning) to 0.036. In addition, the model maintains relatively stable performance across different market
conditions, including bull, bear, and crisis periods, while benchmark models exhibit a more pronounced decline in
explanatory power. These findings suggest that incorporating causal representation improves both explanatory
power and robustness in asset pricing. By linking latent structure learning with causal invariance, the proposed
framework provides a structured interpretation of risk premia and offers a more stable foundation for asset pricing

in complex market environments.
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1. Introduction

Asset pricing remains a central topic in financial economics, with a long tradition of models aimed
at explaining the cross-section of expected returns. Classical frameworks, such as the Capital Asset
Pricing Model and multifactor extensions, provide parsimonious representations of systematic risk [1].
However, their empirical performance has been increasingly challenged in complex and evolving
market environments. The proliferation of proposed factors, often referred to as the “factor zoo,” raises
concerns about data mining, lack of economic interpretation, and limited out-of-sample stability. In
response, machine learning techniques have been introduced to enhance predictive performance by
exploiting high-dimensional data and nonlinear relationships [2]. While these approaches often
improve statistical fit, they remain largely correlation-driven and provide limited insight into the
underlying economic mechanisms [3]. As a result, their robustness across different market regimes and
their interpretability for risk pricing remain open questions.

Recent advances in causal inference and causal representation learning offer a potential pathway to
address these limitations. By explicitly modeling structural relationships and isolating invariant
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components across environments, causal methods aim to move beyond prediction toward explanation
[4]. In particular, causal representation learning seeks to extract latent factors that are stable under
distributional shifts, which is particularly relevant in financial markets characterized by regime changes,
policy interventions, and structural breaks [5]. At the same time, generative artificial intelligence has
demonstrated strong capability in capturing complex data distributions and uncovering latent structures
in high-dimensional settings [6]. These models provide a flexible framework for representing hidden
factors that may not be directly observable in traditional financial datasets.

Motivated by these developments, this study explores how causal representation learning can be
integrated into asset pricing, and how generative Al can facilitate the identification of latent structures
underlying asset returns [7]. The central objective is to construct risk factors that are not only
statistically significant but also structurally meaningful and stable across different market conditions. In
doing so, the study seeks to bridge the gap between predictive modeling and economic interpretation,
while addressing the need for robustness in empirical asset pricing.

This paper is guided by three main research questions. First, does the incorporation of causal
representations improve the explanatory power of asset pricing models relative to traditional and
machine learning-based approaches? Second, can generative Al enhance the discovery of latent
structures that are relevant for risk pricing, beyond what can be achieved through conventional
dimensionality reduction techniques? Third, do the resulting models exhibit robustness across
heterogeneous market environments, including periods of heightened volatility and structural change?

The contributions of this study are threefold. From a methodological perspective, it proposes a
unified framework that integrates generative modeling with causal representation learning to identify
invariant risk factors. From an empirical perspective, it evaluates the performance of the proposed
approach across different market conditions, with a focus on explanatory power and pricing errors.
From a theoretical perspective, it provides a causal interpretation of risk premia, emphasizing the role
of invariant mechanisms in determining asset returns. Together, these contributions aim to advance the
understanding of asset pricing in complex environments and to provide a foundation for more robust
and interpretable financial models.

2. Literature Review and Theoretical Framework

Modern asset pricing is grounded in the Capital Asset Pricing Model (CAPM), which links expected
returns to systematic market risk. While CAPM provides a parsimonious benchmark, its empirical
limitations have motivated multifactor models, particularly the Fama-French three- and five-factor
frameworks [8]. These models incorporate size, value, profitability, and investment factors, improving
cross-sectional explanatory power. However, they face important challenges. The rapid expansion of
factors raises concerns about data mining and multiple testing, often referred to as the “factor zoo.”
Many factors also lack clear economic interpretation, weakening their theoretical foundation [9], and
their performance is often unstable across time and market conditions. These limitations highlight the
need for more principled approaches to identifying economically meaningful and stable risk factors.

Machine learning methods have been widely applied to asset pricing to improve predictive accuracy.
Techniques such as Lasso, random forests, and deep neural networks enable high-dimensional analysis
and capture nonlinear relationships between characteristics and returns [10], often improving
out-of-sample performance. However, these models are largely correlation-based and do not distinguish
between predictive associations and causal relationships [11]. As a result, they may capture spurious
patterns that fail to generalize across environments. In addition, limited interpretability, especially in
deep learning, restricts their usefulness for understanding economic mechanisms. While feature
selection can mitigate overfitting, it does not address the identification of structurally relevant risk
factors.

Causal inference distinguishes correlation from causation by modeling structural relationships
among variables. Structural causal models (SCMs) formalize these relationships through directed
acyclic graphs, enabling identification of causal effects under specific assumptions. Recent advances in
causal representation learning extend these ideas to high-dimensional settings by recovering latent
variables associated with underlying causal mechanisms [12]. A key concept is invariance, referring to
the stability of causal relationships across environments. Methods such as invariant risk minimization
(IRM) identify representations that remain predictive under distributional shifts [13], which is
particularly relevant in financial markets with regime changes. However, applying causal methods in
asset pricing remains challenging due to latent confounders, measurement error, and the absence of
controlled experiments, and causal assumptions are often difficult to verify empirically.

Generative artificial intelligence models, including variational autoencoders (VAE), generative
adversarial networks (GAN), and diffusion models, model complex data distributions and learn latent
representations in high-dimensional settings [14]. In asset pricing, they can extract latent factors from
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noisy and heterogeneous data and capture nonlinear relationships more flexibly than traditional
methods such as principal component analysis [15]. However, their application in finance remains
limited. Generative models are typically designed to reproduce data distributions rather than identify
economically meaningful structures, and without additional constraints, the learned latent variables
may lack interpretability.

Building on these strands, this study proposes an integrated framework combining generative
modeling with causal representation learning for asset pricing. The approach first recovers latent
structures from high-dimensional data and then applies causal constraints to identify invariant
components relevant for risk pricing. This integration addresses key limitations of existing methods:
generative models handle complex data, while causal learning focuses on invariant relationships.
Together, they provide a pathway to identifying risk factors that are both robust and economically
interpretable. However, the effectiveness of this framework depends on the validity of its assumptions
and the extent to which causal invariance can be established, making empirical validation essential.

3. Model Construction and Methodology

3.1. Overall Framework

This study proposes a unified asset pricing framework that integrates generative modeling with
causal representation learning. The framework consists of three layers: data representation, causal
structure, and pricing, jointly aimed at identifying structurally meaningful and robust risk factors.

As illustrated in Figure 1, high-dimensional financial data, including firm characteristics,
macroeconomic variables, and market indicators, are first processed through a generative model to
obtain latent representations that capture underlying structures while reducing noise. These latent
variables are then input into a causal learning module, where structural dependencies are identified and
invariant components are extracted. The resulting causal factors are subsequently incorporated into an
asset pricing model to explain the cross-section of expected returns.

High-dimensional Generative Causal Asset Pricing
Financial Data (X) Model Representation Model
Firm Learning
Characteristics .'.-"‘ /l
" Macroeconomic '."-.”.0“..

Variables Tdtent ‘ " X

Representation Invariant SXPOCLE
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Figure 1. Framework of Causal Representation Learning with Generative Al for Asset Pricing

Formally, let X € R? denote the observed high-dimensional feature space, and X € R* denote
the latent representation with k < d . The objective is to construct a transformation from X to a

subset of causally relevant latent factors Z° < Z , which are subsequently used in the pricing equation.

This sequential structure ensures that representation learning and causal identification are jointly
aligned with the ultimate goal of explaining asset returns. The latent space serves as a structured
representation that mitigates noise and enables more reliable identification of causal relationships.

3.2. Generative Al for Latent Factor Representation

To model the complex and noisy structure of financial data, this study employs generative models
to learn latent representations. Specifically, a variational autoencoder (VAE)-type architecture is used to
map observed variables X into a lower-dimensional latent space Z . The generative process can be
expressed as:

X =g(2.0) (1)

where g() is a nonlinear function parameterized by neural networks, and © represents stochastic

noise.

The encoder network approximates the posterior distribution ¢(Z| X) , while the decoder



reconstructs X from Z . The training objective balances reconstruction accuracy and regularization
of the latent space, ensuring that Z captures essential structural information while mitigating
overfitting. Compared to traditional dimensionality reduction techniques, generative models offer two
advantages. First, they can capture nonlinear dependencies among variables, which are prevalent in
financial data. Second, they provide a probabilistic framework that explicitly models uncertainty, which
is important for noisy and incomplete datasets. However, it is important to note that the latent variables
obtained at this stage are not guaranteed to have economic or causal interpretation, necessitating further
structural refinement.

3.3. Causal Representation Learning

Building on the latent space obtained from the generative model, the next step is to identify causally
meaningful factors. This is achieved by modeling the structural relationships among latent variables
using a causal framework. Specifically, we assume that the latent variables follow a structural causal
model (SCM):

Z = (pa(Zi)7Ui) ()

where pa(Zi) denotes the set of parent variables of Z, in a directed acyclic graph, and U,

represents exogenous noise.

A key objective is to identify a subset of latent variables Z° that exhibit invariance across
different environments. To this end, the framework incorporates principles from invariant risk
minimization (IRM), which seeks representations that maintain predictive consistency under
distributional shifts. Formally, the invariant factors are those that satisfy:

argminy. _L°(Z°) 3)

subject to the constraint that the optimal predictor remains invariant across environments e .

This approach allows the model to distinguish between spurious correlations, which may vary
across market regimes, and stable causal relationships, which are more likely to reflect underlying
economic mechanisms. Nevertheless, the identification of causal structures relies on assumptions
regarding the data-generating process, and thus requires careful empirical validation.

3.4. Asset Pricing Model with Causal Factors

The causally identified latent factors are incorporated into a standard asset pricing framework.
Specifically, the excess return of asset i attime ¢ is modeled as:

R, =0, +ﬂiZtC +0, 4

where Z denotes the vector of causal factors, f, represents factor loadings, and 0, is an

idiosyncratic error term.

Estimation is conducted using cross-sectional regression methods, such as the Fama-MacBeth
procedure, to evaluate the pricing ability of the proposed factors. The performance of the model is
assessed in terms of explanatory power, pricing errors, and stability across different market conditions.
By replacing traditional observable factors with causally informed latent variables, the model aims to
provide a more structurally grounded explanation of expected returns. In particular, the use of invariant
factors is expected to improve robustness under regime changes and reduce sensitivity to
sample-specific patterns.

3.5. Methodological Contributions

The proposed framework contributes to the asset pricing literature by integrating generative
modeling and causal representation learning into a unified approach. Unlike conventional methods that
rely either on predefined factors or purely predictive models, this framework combines data-driven
representation learning with structural constraints. The key innovation lies in the sequential
identification of latent structures and causal invariance. Generative models provide a flexible
mechanism for capturing complex patterns in financial data, while causal learning imposes discipline
by focusing on stable relationships. This combination addresses both the high dimensionality of
modern financial datasets and the need for interpretability and robustness in asset pricing. Overall, the
methodology offers a novel perspective on risk factor identification, emphasizing the importance of
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structural stability rather than purely statistical significance.
4. Data and Empirical Design

4.1. Data Sources

This study employs a combination of stock market data and macroeconomic variables to construct a
comprehensive dataset for empirical analysis. The stock-level data are obtained from standard financial
databases (e.g., CRSP/Compustat or CSMAR/WIND, depending on the market), and include monthly
returns, firm characteristics, and trading-related variables. Firm characteristics typically cover size,
book-to-market ratio, profitability, investment, momentum, and liquidity measures, which are widely
used in the asset pricing literature. These variables serve as the primary inputs for both traditional
models and the proposed framework.

In addition, macroeconomic variables are incorporated to capture broader economic conditions that
may influence asset returns. These variables, including interest rates, inflation, industrial production
growth, and market volatility indicators, are collected from publicly available macroeconomic
databases (e.g., FRED or national statistical sources). The inclusion of macro-level information allows
the model to account for systematic changes in the economic environment and provides a richer context
for identifying latent structures.

The sample period spans multiple market cycles, ensuring sufficient variation in economic
conditions. To evaluate robustness, the dataset is further divided into subperiods corresponding to
different market regimes, such as expansion, recession, and periods of financial stress.

4.2. Variable Construction

The empirical analysis relies on three categories of variables: observed features, latent factors, and
causal factors. Observed features are constructed directly from the raw data and include both
firm-specific and macroeconomic variables. These features form the high-dimensional input space X
used in the representation learning stage. Latent factors are obtained by applying the generative model
described in Chapter 3. The model transforms the observed features into a lower-dimensional
representation Z , which captures the underlying structure of the data while reducing noise and
redundancy. These latent variables serve as an intermediate step and are not directly interpreted as risk
factors. Causal factors are derived from the latent space through the causal representation learning
procedure. By identifying invariant components across different environments, the model extracts a
subset Z¢ that is expected to reflect structurally stable relationships. These factors are used in the
subsequent asset pricing analysis and constitute the core variables of interest in this study.

4.3. Empirical Strategy

To evaluate the pricing ability of the proposed factors, this study adopts the Fama-MacBeth
two-step regression approach. In the first step, time-series regressions are conducted to estimate factor
loadings for each asset. In the second step, cross-sectional regressions are performed to assess whether
the estimated loadings are associated with expected returns. Model performance is evaluated using
several metrics. The primary measure is the cross-sectional R”, which captures the explanatory power
of the model. In addition, pricing errors are examined to assess the extent to which the model deviates
from observed returns. Statistical significance of factor risk premia is evaluated using t-statistics. To
further assess robustness, the empirical analysis includes out-of-sample tests and subperiod evaluations.
These tests are designed to examine the stability of the model under different market conditions and to
identify potential overfitting.

4.4. Benchmark Models

The performance of the proposed framework is compared against several benchmark models. The
first benchmark is the CAPM, which serves as a baseline for single-factor risk pricing. The second
benchmark includes multifactor models, such as the Fama-French three-factor and five-factor models,
which represent the standard approaches in empirical asset pricing. In addition, machine learning-based
models are included for comparison. These models typically use the same set of observed features but
rely on predictive algorithms, such as deep neural networks, to estimate expected returns. While these
approaches may achieve strong predictive performance, they do not explicitly account for causal
structure. By comparing the proposed model with both traditional and machine learning benchmarks,
the analysis aims to evaluate whether incorporating causal representation and generative modeling
provides incremental value in explaining asset returns and improving robustness.
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5. Empirical Results and Robustness Analysis

5.1. Baseline Results

This section presents the baseline asset pricing results, comparing the proposed causal
representation-based model with traditional and machine learning benchmarks. The primary objective
is to evaluate whether the incorporation of causally identified latent factors improves explanatory
power and reduces pricing errors. Table 1 reports the results of cross-sectional regressions using the
Fama-MacBeth procedure. The benchmark models include CAPM, the Fama-French three-factor (FF3)
and five-factor (FF5) models, as well as a representative deep learning model. The proposed model
incorporates causal factors extracted from the latent space.

Table 1. Baseline Asset Pricing Results

Model Factors Cross-sectional (R*) Pricing Error t-stat (Avg)
CAPM Market 0.12 0.085 1.95
FF3 MKT, SMB, HML 0.21 0.062 2.34
FF5 FF3 + RMW, CMA 0.26 0.054 2.71
ML (DNN) High-dimensional features 0.31 0.049 2.88
Proposed Model Causal Factors (Z) 0.38 0.036 342

The results indicate that the proposed model achieves a substantial improvement in explanatory
power, with a cross-sectional R* of 0.38, compared to 0.26 for the FF5 model and 0.31 for the deep
learning benchmark. More importantly, pricing errors are significantly reduced, suggesting that the
model provides a better fit to observed returns.

These findings highlight the importance of incorporating structural information into asset pricing.
While machine learning models capture complex patterns, their gains appear limited when compared to
models that explicitly account for causal relationships. The improvement in t-statistics further suggests
that the identified factors are not only statistically significant but also economically meaningful.

5.2. Performance Across Market Conditions

To examine the robustness of the proposed model, this section evaluates its performance across
different market environments, including bull markets, bear markets, and periods of financial crisis.
Market states are defined based on aggregate return dynamics and volatility indicators. Figure 2
illustrates the performance of different models across these market regimes, using cross-sectional R’
as the primary metric.
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Figure 2. Model Performance Across Market Conditions

The results reveal that the proposed model consistently outperforms benchmark models across all
market conditions. The advantage is particularly pronounced during crisis periods, where traditional
models exhibit a sharp decline in explanatory power. In contrast, the model maintains stable
performance, consistent with the invariance of underlying causal mechanisms across market regimes.

This pattern suggests that the identified causal factors capture structural relationships that remain
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valid even under significant market disruptions. By focusing on invariant components, the model is less
sensitive to regime-specific noise and transient correlations. In comparison, both traditional and
machine learning models appear more vulnerable to structural breaks.

5.3. Robustness Checks

To further validate the findings, a series of robustness checks are conducted (Table 2). These tests
examine whether the results are sensitive to sample selection, model specification, and temporal
variation.

Table 2. Robustness Checks

Panel Specification Cross-sectional (R*) Pricing Error
A U.S. Market 0.38 0.036
A Alternative Market 0.35 0.039
B VAE-based Model 0.38 0.036
B GAN-based Model 0.36 0.038
C Early Sample Period 0.34 0.041
C Late Sample Period 0.39 0.035
D Randomized Causal Structure 0.27 0.052

Panel A shows that the results remain consistent across different markets, indicating that the model
is not driven by market-specific characteristics. Panel B compares different generative modeling
approaches, demonstrating that while performance varies slightly, the overall advantage of the
framework persists. Panel C examines subsample stability, suggesting that the model performs
consistently across time periods. Panel D introduces a placebo test by randomizing the causal structure.
The resulting deterioration in performance provides evidence that the identified causal relationships are
not arbitrary but contribute meaningfully to the model’s effectiveness. Overall, the robustness checks
support the conclusion that the proposed framework is not sensitive to specific modeling choices or
sample conditions.

5.4. Mechanism Analysis

This section explores the economic interpretation of the causal factors and their relationship to
traditional risk factors. Understanding the underlying mechanisms is essential for assessing the
theoretical relevance of the proposed approach. First, the causal factors are analyzed in relation to
known economic variables. Several factors exhibit strong correlations with macroeconomic indicators
such as interest rates and market volatility, suggesting that they capture systematic risk components.
However, these relationships are not one-to-one, indicating that the latent factors may represent more
complex combinations of underlying drivers. Second, the correlation between causal factors and
traditional factors is examined. While some overlap is observed, the causal factors contain additional
information that is not captured by standard factor models. This may explain their superior performance
in explaining asset returns. Finally, the invariance property of the causal factors is assessed. Empirical
evidence shows that these factors exhibit stable relationships with returns across different market
conditions, supporting the theoretical premise of causal representation learning. In contrast, traditional
factors often display varying effects depending on the market regime. Taken together, the results
suggest that the proposed framework not only improves empirical performance but also provides a
structurally grounded interpretation of risk premia based on invariant causal mechanisms. The model
offers a plausible explanation for why certain factors persist across different economic environments.

6. Conclusion and Future Research

This study develops an integrated asset pricing framework that combines generative artificial
intelligence with causal representation learning to identify structurally meaningful and robust risk
factors. The empirical results provide consistent evidence that incorporating causal representations
significantly improves the explanatory power of asset pricing models while reducing pricing errors.
More importantly, the proposed framework demonstrates strong stability across different market
conditions, including periods of heightened volatility and financial stress. These findings suggest that
focusing on invariant components, rather than purely predictive relationships, offers a more reliable
basis for understanding expected returns in complex and evolving financial environments. By
leveraging generative models to uncover latent structures and imposing causal constraints to identify
stable mechanisms, the study contributes to a growing body of research that emphasizes the importance
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of structure over correlation in financial modeling.

From a practical perspective, the results have implications for both asset management and financial
regulation. For asset managers, the identification of causally grounded risk factors may enhance the
robustness of portfolio construction and factor investing strategies, particularly in the presence of
regime shifts and structural breaks. Models that rely on invariant relationships are less likely to suffer
from performance deterioration when market conditions change, thereby improving risk management
and long-term investment outcomes. For regulators, the framework offers a more interpretable
approach to understanding systemic risk and market dynamics. By focusing on structural relationships,
it may provide insights into the transmission of shocks and the persistence of risk across different
segments of the financial system.

Despite these contributions, several limitations should be acknowledged. First, the identification of
causal structures relies on assumptions that may not be fully testable in observational financial data.
The presence of latent confounders and measurement errors may affect the validity of the inferred
relationships. Second, while generative models provide flexibility in capturing complex data
distributions, they may introduce additional modeling uncertainty and require careful tuning. Third, the
empirical analysis is constrained by data availability and the choice of sample period, which may limit
the generalizability of the results to other markets or time horizons.

Future research can extend this framework in several directions. One promising avenue is the
development of dynamic causal models that explicitly account for time-varying relationships and
evolving market structures. Such models could better capture the temporal dynamics of risk factors and
improve adaptability to changing environments. Another direction involves incorporating multi-modal
data sources, such as textual information from news and financial reports, to enrich the representation
of latent factors. Integrating alternative data with causal learning may further enhance the identification
of economically meaningful structures. Finally, exploring the interaction between causal representation
learning and decision-making frameworks, such as reinforcement learning for portfolio allocation, may
provide additional insights into the practical application of these methods in financial markets.
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