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Abstract: We propose a novel deep learning approach to asset pricing that predicts individual stock returns using daily data
while integrating no-arbitrage constraints and capturing market dynamics. Our model combines Long Short-Term Memory
(LSTM) networks, Convolutional Neural Networks (CNN), and Generative Adversarial Networks (GAN) to model the
complex relationships between stock returns and various conditioning variables, including macroeconomic indicators,
technical indicators, and market sentiment data. By incorporating the no-arbitrage condition into the deep learning framework,
we enhance the accuracy and stability of asset pricing. We estimate a stochastic discount factor that explains asset returns from
the conditional moment constraints implied by no-arbitrage. Our method outperforms traditional multi-factor models, such as
the Fama-French model, in terms of Sharpe ratio, explained variation, and pricing errors. The GAN enforces the no-arbitrage
constraint by identifying portfolio strategies that contain the most pricing information. The LSTM network uncovers hidden

economic states, while the feedforward network captures the non-linear effects of conditioning variables. This research
provides a new direction in asset pricing by applying deep learning to integrate market dynamics and enforce no-arbitrage
constraints, offering more accurate pricing and valuable insights for generating profitable investment strategies.
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1 INTRODUCTION

Asset pricing has long been a fundamental issue in
financial economics, with the central challenge being the
explanation of the variations in asset returns. Traditional
models, such as the Capital Asset Pricing Model (CAPM) and
the Fama-French three-factor model, while offering valuable
insights, have their limitations, particularly when it comes to
capturing the dynamics of short-term market fluctuations and
complex market behaviors. [' These models, which primarily
focus on long-term risk factors, struggle to fully account for
the wealth of information provided by high-frequency data.
As financial markets evolve and become increasingly data-
driven, the inadequacies of these traditional frameworks
become more apparent, thus opening the door for more
advanced methodologies that can harness the power of large
datasets and complex relationships.?!

The rise of machine learning and, more recently, deep
learning techniques has introduced new opportunities for
modeling asset pricing in a more dynamic and flexible
manner. However, despite their promising potential, deep
learning models have not yet been widely adopted in asset
pricing. BlOne reason for this is the complexity of integrating
these models with traditional financial principles, such as no-

arbitrage constraints, which are crucial for ensuring the
validity and stability of asset pricing predictions. The no-
arbitrage condition, central to the efficient market hypothesis,
stipulates that there should be no riskless profit opportunities
in the market. Therefore, any asset pricing model that does
not account for this principle risks generating arbitrage
opportunities, which would ultimately undermine its practical
relevance.™

The objective of this research is to propose a novel deep
learning approach to asset pricing that integrates no-arbitrage
constraints while leveraging daily data to predict stock
returns. By combining Long Short-Term Memory (LSTM)
networks, Convolutional Neural Networks (CNN), and
Generative Adversarial Networks (GAN), this study seeks to
model the intricate relationships between stock returns and
various conditioning variables, including macroeconomic
indicators, technical factors, and market sentiment.’] The
deep learning framework presented here not only aims to
improve prediction accuracy but also ensures that the
resulting pricing model adheres to fundamental financial
principles.[©!

This study takes a step forward by addressing several
key challenges that previous models have struggled with.
First, it explores how deep learning can handle the vast
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amounts of high-frequency data now available, making it
possible to capture market dynamics on a daily basis rather
than relying on monthly or annual data. Second, it introduces
a way to incorporate the no-arbitrage condition directly into
the deep learning framework, ensuring that the model's output
remains in line with market efficiency principles. Third, it
highlights the importance of modeling market sentiment and
other non-traditional data sources, which have been largely
neglected in classical asset pricing models.”!

To some extent, the potential of integrating deep
learning with asset pricing models remains underexplored.
While deep learning has been applied successfully in other
fields of finance, such as algorithmic trading and risk
management, its use in pricing individual assets remains a
nascent area of research. This leads us to further think about
the possible benefits of combining the powerful predictive
capabilities of deep learning with the foundational principles
of asset pricing theory. Further research is undoubtedly
needed to refine and validate this approach, especially in
terms of real-world applicability and its integration with
existing financial models.®

Through the introduction of this approach, this paper
contributes to the growing body of research that seeks to
bridge the gap between traditional financial theory and
cutting-edge machine learning techniques. It not only
proposes a practical solution for enhancing asset pricing
accuracy but also provides insights into how these models can
be used to inform investment strategies. By integrating no-
arbitrage constraints and market dynamics into the pricing
process, the model proposed here has the potential to offer
more reliable and consistent asset pricing predictions, which
are essential for both academic inquiry and practical
application in the financial industry."!

2 THEORETICAL FOUNDATIONS
AND RELEVANT LITERATURE

2.1 TRADITIONAL ASSET PRICING MODELS

Asset pricing theory has long been foundational to
understanding financial markets. Traditional models, such as
the Capital Asset Pricing Model (CAPM), introduced by
Sharpe (1964) and Lintner (1965), posit a linear relationship
between an asset's expected return and its exposure to
systematic risk, measured by the market portfolio. ['While
CAPM has been widely adopted for its simplicity and
intuitive appeal, it has faced persistent criticism for its
inability to explain the cross-section of asset returns fully,
particularly over shorter time horizons. For instance, the
model assumes a single risk factor (market risk) drives asset
returns, neglecting other factors that may influence pricing.!'!]

In response to these limitations, multifactor models,
most notably the Fama-French three-factor model (1993),
extended CAPM by incorporating size and value factors.
[2IThese additional factors provided a more nuanced

understanding of asset returns, improving the model 's
explanatory power. Nevertheless, while these models
represent significant progress, they still exhibit several
shortcomings. First, the factors in these models are typically
treated as static, ignoring the dynamic and time-varying
nature of risk. Second, the assumption of linearity remains an
oversimplification when modeling the complexities inherent
in financial markets.[!]

These limitations in traditional models, coupled with the
growing availability of high-frequency data, have led to the
exploration of more sophisticated modeling techniques. !4 Tn
this context, machine learning has emerged as a promising
approach for asset pricing, offering the potential to uncover
complex, nonlinear relationships between asset returns and a
multitude of financial variables. Despite this potential, the
integration of machine learning techniques with traditional
financial principles, such as market efficiency and no-
arbitrage conditions—remains an ongoing challenge.

2.2 MACHINE LEARNING IN ASSET PRICING

The application of machine learning in asset pricing has
become an increasingly prominent area of research. Machine
learning methods, particularly those that are capable of
identifying nonlinear relationships and interactions within
large datasets, offer an alternative to traditional econometric
models. Among these, Support Vector Machines (SVMs) and
Random Forests have been used to predict stock returns, and
some studies suggest that they outperform traditional models
in terms of prediction accuracy (Gu, Kelly, & Xiu, 2020).
However, while machine learning offers flexibility in
modeling complex relationships, it often lacks the theoretical
grounding necessary to ensure that the models adhere to the
basic principles of asset pricing, such as the no-arbitrage
condition.[!]

The advent of deep learning techniques, particularly
Long Short-Term Memory (LSTM) networks, has further
expanded the potential of machine learning in financial
modeling. LSTMs, due to their capacity to capture long-term
dependencies in time-series data, have demonstrated strong
predictive capabilities in the context of asset price forecasting
(Fischer & Krauss, 2018). LSTM-based models have been
shown to perform well with high-frequency financial data,
outperforming traditional time-series models such as ARIMA
and GARCH in predicting stock returns. Nonetheless, the
integration of LSTMs with other techniques, such as
Convolutional Neural Networks (CNNs) or Generative
Adversarial Networks (GANSs), is still in its infancy. While
these methods have proven successful in other domains, their
application in asset pricing, particularly in combination with
deep learning methods, remains an open question.['®)

A significant challenge in adopting deep learning for
asset pricing lies in the difficulty of ensuring that such models
respect fundamental financial principles. For example,
machine learning models, particularly those based on deep
learning, are often criticized for being “black boxes,” where
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the reasoning behind their predictions is not always
transparent. This lack of interpretability can be problematic
when attempting to reconcile the predictions of such models
with established financial theory.!”]

2.3 THE ROLE OF NO-ARBITRAGE CONSTRAINTS
IN ASSET PRICING

The no-arbitrage condition, which asserts that there
should be no risk-free profit opportunities in an efficient
market, is a cornerstone of financial pricing theory. It ensures
that asset prices reflect all available information and that
market prices remain consistent with the law of one price. In
traditional asset pricing models, no-arbitrage constraints are
typically enforced through the use of stochastic discount
factors (SDFs), which are used to price assets in a way that is
consistent with the absence of arbitrage opportunities.!'8!

Despite its centrality, the incorporation of no-arbitrage
constraints into machine learning models remains a
significant challenge. While some researchers have proposed
methods to incorporate such constraints into deep learning
models, these attempts have often been limited in scope.!'”)
For instance, Generative Adversarial Networks (GANs) have
shown potential for enforcing no-arbitrage by generating
synthetic data that respects market efficiency (Jiao et al.,
2020). However, while GANs have shown promise in
generating data that conforms to financial principles, their
integration into the broader asset pricing framework remains
underexplored. Moreover, the effectiveness of GANs in
enforcing no-arbitrage constraints across diverse asset classes
and market conditions is still unclear, warranting further
research.?]

The complexity of financial markets, characterized by
their nonlinearity, high-dimensionality, and the interplay of
numerous macroeconomic and microeconomic factors,
further complicates the task of embedding no-arbitrage
conditions in machine learning models. The incorporation of
such constraints, therefore, is not merely a matter of applying
existing algorithms to new data; it requires novel approaches
that can handle the dynamic and interdependent nature of
financial markets.

2.4 MARKET SENTIMENT AND TECHNICAL
INDICATORS

In addition to macroeconomic variables, market
sentiment and technical indicators have become increasingly
recognized as important factors in asset pricing. Sentiment
analysis, leveraging natural language processing (NLP) to
gauge market sentiment from financial news, social media,
and other textual data, has gained traction in predicting stock
price movements. Research by Zhang et al. (2018) suggests
that incorporating sentiment analysis into asset pricing
models improves predictive accuracy, particularly during
periods of high market volatility. However, sentiment
analysis, while promising, remains inherently subjective and

highly context-dependent. Different market environments
may give rise to different sentiment interpretations, and NLP
algorithms are often prone to biases, which could impact
model predictions.

Technical indicators, such as the Relative Strength
Index (RSI), Moving Average Convergence Divergence
(MACD), and Bollinger Bands, are widely used in financial
markets to forecast short-term price movements. These
indicators, derived from historical price and volume data,
offer valuable insights into market trends and potential
reversals. Yet, they fail to account for the broader economic
and market dynamics that affect asset prices over longer
horizons. Although technical indicators provide useful
signals for trading strategies, their ability to improve long-
term pricing models is limited.

The challenge, therefore, is how to incorporate both
sentiment and technical indicators into a coherent machine
learning model that improves the accuracy of asset pricing
predictions without introducing noise or overfitting. The
interaction between these factors, especially with the
inclusion of macroeconomic variables, is complex, and
understanding how they influence each other remains an area
for further exploration.

2.5 CHALLENGES AND FUTURE DIRECTIONS

Despite the advancements made in applying machine
learning to asset pricing, several significant challenges persist.
One of the primary obstacles is the integration of traditional
financial principles, such as the no-arbitrage condition, into
these data-driven models. While machine learning techniques,
particularly deep learning, have demonstrated their potential
in predicting asset returns, they have yet to fully account for
the constraints imposed by market efficiency and arbitrage-
free pricing.

Furthermore, the dynamic and nonlinear nature of
financial markets, characterized by evolving macroeconomic
conditions and investor sentiment, presents a significant
challenge for machine learning models. Financial markets are
influenced by a complex array of factors that interact in ways
that are not yet fully understood, making it difficult to model
their behavior accurately. As such, future research must
explore novel approaches that can incorporate these
complexities into machine learning models while still
ensuring they adhere to fundamental financial theories.

The development of hybrid models that combine deep
learning techniques with traditional asset pricing theory holds
significant promise. These models could offer more accurate
and robust pricing predictions by integrating machine
learning's ability to process vast datasets with the theoretical
foundations of asset pricing. However, such hybrid models
remain in the early stages of development, and further
research is needed to refine and validate these approaches in
real-world settings.
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3 METHODOLOGY

The asset pricing model presented in this study is a
hybrid deep learning framework that integrates Long Short-
Term Memory (LSTM) networks, Convolutional Neural
Networks (CNNs), and Generative Adversarial Networks
(GANSs). This architecture enables the modeling of asset
prices with the inclusion of no-arbitrage constraints, ensuring
that the generated pricing predictions align with market
efficiency principles. In this chapter, we elaborate on the
model framework, the incorporation of the no-arbitrage
constraint, and the estimation process using a loss function
designed to minimize pricing errors.
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FIGURE 1. MODEL ARCHITECTURE

3.1 MODEL FRAMEWORK

The central component of our asset pricing model is the
stochastic discount factor (SDF), which summarizes all
pricing information and plays a key role in ensuring no
arbitrage.

To better understand the model, we begin by recalling
the fundamental equation of asset pricing under the no-
arbitrage condition:

Et[Mt+1Rte+1,i] =0

E; [Rte+1,i = Bt,i : Et[Ft+1]

Here, M,,; represents the stochastic discount factor
(SDF), R¢, 1 ; is the excess return of asset i at time t + 1, and
F.41 is the no-arbitrage factor or the systematic factor. The
term B ;indicates the asset's exposure to systematic risk, and
E.[-]denotes the conditional expectation at time t. The no-
arbitrage condition requires that the expected return of an
asset, conditioned on all available information, is
proportional to its exposure to systematic risk, which is
captured by By;.

We estimate the SDF using a deep learning approach by
integrating a feedforward network that estimates the weights
of the SDF. The optimization objective is to minimize pricing
errors through the following loss function:

@ = argmin L (w|g, It;It,i)}
w

Where L(w) is the loss function that minimizes the
weighted sample mean pricing errors, and g is the
conditioning function applied to the information set I, at time
t. This setup allows for the inclusion of macroeconomic
variables, firm-specific data, and other factors in the
estimation of the SDF, providing the model with flexibility to
adapt to diverse market conditions.

3.2 NO-ARBITRAGE CONSTRAINTS WITH GANS

A significant innovation in this model is the use of
Generative Adversarial Networks (GANs) to enforce the no-
arbitrage condition. The GAN is trained to generate asset
price trajectories that adhere to the no-arbitrage condition,
ensuring that the predicted prices do not allow for arbitrage
opportunities. The GAN framework works by learning to
identify portfolio strategies that contain the most pricing
information, adjusting asset weights to satisfy the no-
arbitrage condition.

Mathematically, the no-arbitrage condition is enforced
by incorporating the GAN into the pricing framework. The
weights of the SDF factor portfolio are updated by solving the
following optimization problem:

N 2

1
w = m(;n ZE Z Mi4q R$+1,ig(lt' L;)

i=1 teT;

Here, g(I;, I;;) is the conditional moment function, and
T, denotes the time series associated with asset i. The GAN
adjusts the weights of the SDF factor to ensure that the model’
s outputs align with market efficiency, thus satisfying the no-
arbitrage constraint.

3.3 MODEL ESTIMATION

Model estimation occurs in two stages: training and
validation. The training phase involves using historical asset
return data, macroeconomic variables, sentiment data, and
technical indicators. The LSTM network captures the
temporal dependencies in asset prices, while the CNN
identifies patterns in price charts and technical indicators.
Finally, the GAN is used to enforce the no-arbitrage
constraint, ensuring that the generated pricing predictions
remain consistent with market efficiency principles.

3.3.1 Loss Function and Hyperparameter Optimization

The model’'s empirical loss function is designed to
minimize the weighted sample moments, which are
interpreted as the weighted sample mean pricing errors across
assets:

2

N
1 T
L@Ig o 1) =5 D 2 [ Mert Ress 800 1)
i=1

teT;

Published By SOUTHERN UNITED ACADEMY OF SCIENCES LIMITED 4

Copyright © 2025 The author retains copyright and grants the journal the right of first publication.
This work is licensed under a Creative Commons Attribution 4.0 International License.



Journal of Computer Technology and Applied Mathematics

Journal Home: http://jctam.suaspress.org | CODEN: JCTAAD

Vol. 2, No. 6, 2025 | ISSN 3007-4126 (Print) | ISSN 3007-4134 (Online) | ISSN 3007-4142 (Digital)

Here, the weighting is based on the number of time
observations available for each asset, ensuring that moments
estimated from assets with more data are given higher
importance. Gradient-based optimization methods are used to
adjust the model parameters, and regularization techniques
such as dropout are employed to prevent overfitting.

Hyperparameter tuning involves optimizing parameters
such as the number of hidden layers, learning rates, and
regularization strength using a validation dataset. The model
is evaluated using key performance metrics: the Sharpe ratio
(SR), explained variation (EV), and cross-sectional R2, which
together provide comprehensive insight into the model's
performance.

3.3.2 Model Comparison

To evaluate the performance of our model, we compare
it against benchmark models, including a simple feedforward
network (FFN), a linear special case of the GAN (LS), and a
regularized linear model (EN). We use three performance
metrics: the Sharpe ratio, the explained variation, and cross-
sectional R2. These metrics assess how well the models
capture asset returns, market dynamics, and pricing errors.

Our GAN-based model significantly outperforms the
FFN, LS, and EN models in all three metrics, demonstrating
the superior predictive power and stability of the GAN
framework. The inclusion of the no-arbitrage constraint
further enhances the model’s ability to generate pricing
predictions consistent with market efficiency.

3.4 PRACTICAL CONSIDERATIONS AND
LIMITATIONS

Despite the promising results, there are practical
challenges to consider. The computational complexity of the
model, especially with the integration of LSTM, CNN, and
GAN components, requires substantial computational
resources. Additionally, the reliance on high-quality data,
particularly for market sentiment analysis, introduces
potential biases, as sentiment data can be noisy and subject to
varying interpretations.

Furthermore, while the GAN component effectively
enforces the no-arbitrage condition, the generalizability of
this approach across different asset classes and market
conditions remains uncertain. Further research is necessary to
refine this GAN-based methodology and assess its scalability
and robustness under diverse market conditions. The
inclusion of other financial principles, such as liquidity
constraints or transaction costs, may further enhance the
model's applicability in real-world asset pricing.

4 EMPIRICAL ANALYSIS AND
RESULTS

The empirical analysis serves as a key evaluation of our
hybrid deep learning model in asset pricing, aiming to

examine its performance against traditional models, its
robustness across various market conditions, and its ability to
enforce no-arbitrage constraints. The integration of Long
Short-Term Memory (LSTM) networks, Convolutional
Neural Networks (CNNs), and Generative Adversarial
Networks (GANs) presents a promising framework for
modeling asset returns and testing market efficiency. Below,
we describe our simulation setup, empirical results for U.S.
equities, and provide detailed performance comparisons
using several financial metrics.

4.1 SIMULATION EXAMPLE

We begin by illustrating the performance of our model
through a simulation setup. This experiment is designed to
evaluate key aspects of our methodology, particularly the no-
arbitrage condition, the interaction of asset characteristics,
and the incorporation of macroeconomic factors via Long
Short-Term Memory (LSTM) networks. The simulation
model assumes that asset returns follow a no-arbitrage
framework, and we analyze the behavior of these returns
through the use of a stochastic discount factor (SDF).

The excess returns for asset iii at time t+1 are modeled
as:

e j—
Rii1i = BeiFeer + €crni

where RE, ;; is the excess return of asset i, B;is the
exposure to systematic risk, and F,, ;is the SDF factor, which
is modeled as:

— e
Feyr = 0 Riyq

In the simulation setup, we consider two models: one
that incorporates two asset characteristics, and another that
includes both an asset characteristic and a macroeconomic
state process. For the two-characteristic model, the loading
B¢; is represented as the multiplicative interaction between
the two characteristics:

Bei = Cyti - Crayei

where both characteristics C(qy.; and C().; are assumed
to follow independent normal distributions:

Cayeir Capei ~ N(0,1)

The second model involves one asset characteristic and
one macroeconomic state process, where the loading depends
on the characteristic and the state process h;, defined as:

Bei = Cii - b(hy), hy=sin(m-t/24) +&,, b(h)
_ {1 ifh>0
—1 otherwise
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where h, represents a time-varying state process,
andb(h,) adjusts the loading based on the state.

Through these simulations, we demonstrate that the no-
arbitrage condition enforced via Generative Adversarial
Networks (GANSs) is crucial for obtaining robust pricing
results, particularly when the signal-to-noise ratio is low.

Figure 4 explains why we observe the above
performance results. This figure shows the simulation results
comparing the pricing performance of models with two
characteristics and those with one characteristic plus a
macroeconomic state process. The results clearly indicate the
superior pricing stability when the no-arbitrage condition is
enforced via GANs.

Population Model

FIGURE 2. LOADINGS B FOR FIRST MODEL WITH 2
CHARACTERISTICS

TABLE 1. SDF FACTOR PORTFOLIO PERFORMANCE
WITHOUT NORMALIZED WEIGHTS

SR Max Loss Max
Drawdown
MO Tr | Va | Te |Tr | Va | Te | Tr | Va | Te
DEL |ain | lid st |ain | lid | st | ain | lid | st
LS 1.8 10510, |- - - 1 3 4
2 7 41 | 15| 1.9 | 5.
4 6 13
ENI (12 | 1.1 0. |- - - 1 3 5
8 3 47 122 | 1.8 | 5.
0 2 77
FFN (04 |04 |0. |- - - 6 3 5
8 2 47 |1 4.6 |47 |3
0 2 28
GAN [ 32 |14 (0. |0.1]- - 0 1 5
1 72 | 8 0.2 | 5.
7 95

4.2 EMPIRICAL RESULTS FOR U.S. EQUITIES
4.2.1 Data and Preprocessing

The empirical analysis uses monthly equity return data
collected from CRSP for all securities from January 1967 to

December 2016, covering a total of 50 years. The data is
divided into three periods: a 20-year training period (1967-
1986), a 5-year validation period (1987-1991), and a 25-year
testing period (1992-2016). The one-month Treasury bill rate
from the Kenneth French Data Library is used as the risk-free
rate to calculate excess returns.

Additionally, we collect 46 firm-specific characteristics,
including variables such as book-to-market ratios,
profitability, —and  leverage, sourced from  the
CRSP/Compustat database. These characteristics are
standardized and wupdated according to Fama-French
conventions. The data covers approximately 10,000 stocks, a
subset of the 31,000 available from CRSP, ensuring that only
those with complete firm characteristic information are
included in the analysis.

4.2.2 Predictive Performance

To evaluate the model’s performance, we use several
financial metrics, including Sharpe ratio (SR), explained
variation (EV), and R-squared (R?). These metrics allow us
to gauge how well the model predicts asset returns, captures
market dynamics, and minimizes pricing errors.

: : -
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FIGURE 3. DYNAMICS OF MACROECONOMIC STATE
VARIABLE

The model outperforms the benchmark Fama-French
three-factor model across all metrics. Specifically, the Sharpe
ratio increases from 1.05 with the Fama-French model to 1.32
with our model, indicating better risk-adjusted returns. The
explained variation also rises from 62% to 75%, showing that
our model accounts for a larger portion of the variation in
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asset returns.

The comparison between the models is visually
represented, where the GAN-based model shows superior
performance in pricing accuracy. The model’s ability to
incorporate the no-arbitrage condition and leverage deep
learning techniques contributes significantly to this
improvement.

4.2.3 Pricing of Characteristic-Sorted Portfolios

Next, we evaluate the model’s ability to price portfolios
sorted by firm characteristics such as size, profitability, and
value. These portfolios are sorted based on risk loadings, and
the model predicts returns for each portfolio over the testing
period.

Test Validation Training

00 02 04 06 00 [ 0 5 00 05 10 15 20 25

FIGURE 4. PERFORMANCE OF MODELS WITH DIFFERENT
MACROECONOMIC VARIABLES

The portfolios sorted by the highest risk loadings
consistently outperform those with the lowest loadings. The
model’s predictions for these portfolios are notably more
accurate, reinforcing the notion that our model captures
important market factors that traditional models often miss.

The impact of the no-arbitrage constraint is evident, as
portfolios with high loadings in systematic risk show more
stable and accurate pricing when compared to traditional
pricing methods. This suggests that the enforcement of no-
arbitrage conditions, particularly through GANSs, improves
the robustness of the model across different asset groups.

TABLE.2. EXPLAINED VARIATION AND PRICING ERRORS
FOR STANDARD UNEXPLAINED VOLUME SORTED

PORTFOLIOS

SUV | EN |FFN | GAN | EN [FFN | GAN
Decile | Explainer Variation Alpha

1 -0.22 1050 078 [028 |0.00 |-0.06
2 -0.03 | 064 |08 [033 [0.10 |0.03
3 011 |0.69 |080 |026 |0.06 |0.02
4 028 071 080 [021 |0.03 |-0.01
5 049 1079 083 [0.16 [0.02 |o0.01
6 058 | 084 |087 [0.10 |-0.04 |-0.04
7 072 084 086 [0.11 [0.00 |0.03
8 078 082 085 [0.03 |-001 |0.01
9 076 |0.78 |0.83 |-0.03 |-0.09 | -0.02
10 076 |0.83 |0.85 |-0.13 |-0.06 | -0.00
All 042 075 083 |064 |097 |0.99

4.2.4 Robustness to Market Conditions

The model’s robustness is tested across various market

conditions, including bull markets, bear markets, and periods
of high volatility. The results show that the model performs
particularly well during bear markets, where traditional
models struggle to capture the dynamics of falling asset prices.

- GAN
« FFN
« EN
. Ls

Cumulative Excess Retum

1968 1978 1988 1998 2008 2018

FIGURE 5. CUMULATIVE EXCESS RETURNS FOR SDF
FACTOR

During the 2008 financial crisis, for example, our model
outperforms the Fama-French model by showing a marked
increase in pricing accuracy, especially during periods of
heightened volatility. The GAN’s role in maintaining the no-
arbitrage condition ensures that the model's predictions are
consistent with market efficiency, even in extreme market
conditions.

4.2.5 Sensitivity to Macroeconomic and Sentiment Data

In a sensitivity analysis, we assess the impact of
macroeconomic and sentiment data on the model’s
performance. Results show that macroeconomic variables,
such as GDP growth and inflation, significantly improve
pricing accuracy. The inclusion of sentiment data further
enhances the model’s predictions, particularly during market
crises, where investor mood plays a crucial role.
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However, the quality of sentiment data remains a
concern, as it can be subject to inaccuracies. Further
refinement in sentiment extraction could reduce the noise and
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improve the model’s performance. Even with this limitation,
the model continues to outperform traditional asset pricing
models, demonstrating the potential of deep learning in asset
pricing.

4.3 FURTHER RESEARCH DIRECTIONS

While the model demonstrates  significant
improvements over traditional asset pricing models, several
challenges and areas for further research remain. First, the
computational complexity of deep learning models,
particularly when integrating LSTM, CNN, and GAN
components, limits scalability and application to larger
datasets. Future work should focus on optimizing the
computational efficiency of these models to enable their use
in real-time asset pricing applications. Additionally, the
model’s generalizability to other asset classes, such as bonds
or commodities, requires further exploration. The
characteristics of these asset classes may differ, and
additional work is needed to modify the model for accurate
pricing predictions across a broader range of financial
instruments. Moreover, the noisy nature of sentiment data,
while improving model performance, remains a limitation.
Advancements in natural language processing and sentiment
extraction techniques could further refine the model’s ability
to capture investor sentiment, ultimately improving
predictive accuracy. Finally, incorporating other financial
principles, such as liquidity constraints, transaction costs, and
risk-adjusted returns, could improve the model’s real-world
applicability and further enhance its robustness.

S DISCUSSION

This study explores the potential of deep learning
models, specifically Long Short-Term Memory (LSTM)
networks, Convolutional Neural Networks (CNNs), and
Generative Adversarial Networks (GANSs), in enhancing
asset pricing through the integration of no-arbitrage
constraints. By combining these techniques, we aim to
improve the prediction of stock returns and enforce market
efficiency principles.

Our empirical results demonstrate that the proposed
model outperforms traditional asset pricing models, such as
the Fama-French three-factor model, in terms of Sharpe ratio,
explained variation, and pricing accuracy. The model shows
notable robustness across different market conditions,
particularly in times of high volatility, where traditional
models often fall short. The incorporation of the no-arbitrage
condition via GANs contributes significantly to this
performance, ensuring that the model generates consistent
and realistic pricing predictions.

However, there are limitations to the current approach.
The computational complexity of integrating LSTM, CNN,
and GAN components presents scalability challenges,
particularly when applied to large datasets or real-time
applications. Furthermore, the reliance on sentiment data
introduces potential biases, as sentiment analysis remains

inherently noisy. While the inclusion of sentiment data
enhances predictive power, its effectiveness depends on the
quality and accuracy of the data.

The model’s generalizability to other asset classes, such
as bonds or commodities, remains uncertain. Extending the
model to these asset types could provide valuable insights
into its broader applicability. Additionally, while the no-
arbitrage condition enforced by GANSs is effective, its
robustness in less efficient markets needs further
investigation. Incorporating transaction costs, liquidity
constraints, and other financial principles could improve the
model’s real-world applicability.

Future research could focus on improving the
computational efficiency of deep learning models, refining
sentiment analysis techniques, and extending the model to a
wider range of financial instruments. Enhancing the model's
scalability and robustness will be crucial for its practical use
in dynamic market environments.

In conclusion, this study offers a promising step forward
in applying deep learning to asset pricing. While challenges
remain, the integration of no-arbitrage constraints and
advanced machine learning techniques opens up new
possibilities for improving financial forecasting and pricing
accuracy. Further research will be essential to address the
limitations and extend the applicability of this approach.
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