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Abstract:

This study examines the use of Generative Adversarial Networks (GANs) for producing synthetic
market data to improve portfolio optimization in asset management. Conventional portfolio
optimization methods heavily depend on historical data, which is often limited by sparsity, lack of
representativeness for future conditions, and an inability to capture intricate market behaviours. Our
proposed approach utilizes GANs to generate synthetic financial time series that retain the statistical
properties and interdependencies of real market data. These artificially generated datasets are
incorporated into mean-variance optimization frameworks to enhance asset allocation and risk
management. Empirical tests using historical returns from the S&P 500, a bond index, and gold prices
reveal that portfolios optimized with GAN-generated data achieve superior out-of-sample performance
in terms of Sharpe ratio and maximum drawdown compared to those relying solely on historical data.
This method supports comprehensive stress testing and scenario analysis, equipping portfolio managers
with a robust tool to simulate various market conditions, including rare financial events. Our findings
underscore the potential of GANs to transform asset management by integrating advanced machine
learning techniques with financial theory. We explore practical applications such as risk assessment
enhancements and propose further research directions, including refining GAN architectures and
increasing model interpretability, to enhance the efficacy of this approach.
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INTRODUCTION

Portfolio optimization plays a central role in asset management by maximizing returns while managing risk
through effective asset allocation. The mean-variance optimization framework, introduced by Markowitz
(1952), serves as a foundational principle in modern portfolio theory, relying on historical market data to
estimate expected returns and covariance structures. However, this reliance presents notable limitations.
Historical data can be insufficient for newly emerging asset classes, struggle to predict future market
conditions, and fail to capture the nonlinear relationships inherent in financial markets (Cont, 2010). These
challenges are particularly relevant in rapidly evolving or highly volatile markets, where past trends may not
provide reliable forecasts.

Recent advancements in machine learning offer promising alternatives to address these issues. Generative
Adversarial Networks (GANSs), originally proposed by Goodfellow et al.. (2014), have demonstrated
remarkable success in generating synthetic data that closely resembles real-world samples in domains such as
image synthesis and natural language processing. In the financial sector, GANs can learn the statistical
properties of financial time series, enabling the generation of synthetic market data that mirrors real-world
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market behaviours (Wiese et al., 2020). This ability holds significant value for portfolio optimization by
improving parameter estimation, facilitating stress testing, and supporting scenario analysis beyond historical
observations.

Traditional asset management techniques frequently rely on Monte Carlo simulations or historical back testing
to model potential market scenarios. However, these methods often assume simplistic distributions (e.g.,
Gaussian models) that fail to replicate key characteristics of financial data, such as volatility clustering and
fat-tailed distributions (Cont, 2010). GANs address these shortcomings by producing synthetic data that
preserves complex temporal and cross-asset dependencies.

This research aims to investigate the application of GANs in generating synthetic market data to enhance
portfolio optimization strategies. Our study is structured around three key objectives: (1) developing a GAN-
based methodology for generating realistic financial time series, (2) integrating synthetic data into portfolio
optimization frameworks, and (3) assessing the impact on asset allocation and risk management. This study
contributes to the growing intersection of finance and machine learning by offering portfolio managers a novel
tool for improving investment strategies.

The remainder of this paper is structured as follows: Section 2 presents the problem statement, Section 3
outlines the methodology, Section 4 discusses benefits and applications, Section 5 provides experimental
results, Section 6 explores future research directions, and Section 7 concludes the study.

PROBLEM STATEMENT

Portfolio optimization encounters several persistent challenges:

e Limited Historical Data: Emerging asset classes, such as cryptocurrencies and frontier market equities,
often lack extensive historical records, making it difficult to estimate risk and return parameters
accurately (Wiese et al., 2020).

e Non-Stationary Market Conditions: Financial markets are dynamic and evolve over time, which
renders historical data unreliable for predicting future conditions, particularly in the wake of economic
crises or structural shifts (Cont, 2010).

e Complex Dependencies: Traditional models struggle to accurately capture non-linear interactions,
volatility clustering, and tail dependencies between different asset classes, leading to suboptimal risk
assessments (Yoon et al., 2019).

e Stress Testing Needs: Portfolio managers require robust scenario analysis, including simulations of
extreme events such as the 2008 financial crisis, which are often underrepresented in historical datasets
(Goodfellow et al., 2014).

These limitations compromise the resilience of asset allocation strategies, increasing portfolio exposure to

unforeseen risks. By leveraging GANs to generate synthetic financial data, this study seeks to augment

historical records, mitigate data scarcity issues, and enable simulations of potential future market conditions
to enhance portfolio optimization.

SOLUTIONS/METHODOLOGY

We propose a GAN-driven method for generating synthetic financial time series data for portfolio
optimization. A Generative Adversarial Network (GAN) consists of two neural networks: a generator, which
produces synthetic data, and a discriminator, which differentiates between real and generated data. These
networks are trained in opposition until the generator's output becomes statistically similar to real financial
data (Goodfellow et al., 2014).

For financial applications, we employ TimeGAN, a specialized GAN designed for time series data (Yoon et
al., 2019). TimeGAN integrates recurrent neural networks (RNNs) with a supervised loss function to capture
both temporal dependencies and asset correlations. The generator takes random noise as input and produces
sequences that replicate daily return patterns, while the discriminator evaluates their realism in comparison to
historical market data.
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e Data and Training:

The model is trained using 10 years of daily return data from the S&P 500, a bond index such as the
Bloomberg Barclays US Aggregate Bond Index, and gold prices spanning from 2012 to 2021. The dataset
undergoes preprocessing, including normalization of returns and handling of missing values. The training
process is executed on an NVIDIA GPU, with hyperparameter tuning performed through a grid search
methodology (e.g., learning rate = 0.001, batch size = 64). The training objective incorporates both
adversarial loss and a supervised reconstruction loss to ensure the generated data maintains temporal
coherence.

e Synthetic Data Generation:
Following training, the GAN generates 1,000 synthetic sequences, each spanning 252 trading days,
approximating one market year. These generated sequences exhibit statistical properties consistent with
real data, including mean, variance, autocorrelation, and cross-asset correlations, which are validated
using Kolmogorov-Smirnov tests (Yoon et al., 2019).

e Portfolio Optimization:
Synthetic data is integrated into a mean-variance optimization framework alongside historical data. The
efficient frontier is computed using both datasets by solving the following optimization problem:
where represents the expected portfolio return, denotes portfolio variance, are asset weights, and reflects
the level of risk aversion.

BENEFITS/APPLICATIONS

e Enhanced Data Availability: Synthetic data addresses the limitations of sparse historical records,
making it particularly beneficial for assets with limited data, such as ESG funds and cryptocurrencies
(Yoon et al., 2019).

e Improved Risk Assessment: GANs can simulate extreme market scenarios, such as a 20% market
decline, enhancing Value-at-Risk (VVaR) estimation and stress testing (Goodfellow et al., 2014).

e Strategy Testing: Portfolio managers can backtest investment strategies under diverse conditions,
improving strategy robustness (Yoon et al., 2019).

e Industry Applications: Robo-advisors, such as Wealthfront, can utilize synthetic data for automated
asset allocations, while regulatory bodies may leverage it for stress testing under Basel 111 compliance
frameworks (Goodfellow et al., 2014).

Case Example: A hedge fund utilizing GAN-generated data observed a 15% increase in its Sharpe ratio
during simulations compared to using historical data alone.

IMPACT/RESULTS

Experiment

Portfolio optimizations were performed using purely historical data versus a combination of historical and
synthetic data. Out-of-sample performance evaluation on 2022 market data yielded the following results:

° Sharpe Ratio: 1.2 (synthetic-enhanced) vs. 0.9 (historical-only).

° Maximum Drawdown: -12% (synthetic-enhanced) vs. -18% (historical-only).
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Figure 1 Portfolio Growth Comparison: Historical vs. GAN-Enhanced Data

QUALITATIVE ANALYSIS
The generated synthetic data demonstrated key financial market characteristics such as volatility clustering
and fat-tailed distributions, aligning well with real-world financial data trends

FUTURE RESEARCH DIRECTIONS

e Investigate the use of Wasserstein GANs for improved training stability and data quality

e Integrate GANs with reinforcement learning to enable dynamic portfolio optimization

e Explore explainability techniques, such as SHAP values, to enhance the interpretability of synthetic
financial data

e Assess model robustness against adversarial perturbations to ensure reliability in practical applications

CONCLUSION

This study highlights the significant potential of Generative Adversarial Networks (GANS) in generating
synthetic financial data that can enhance portfolio optimization strategies. By leveraging GAN-generated data,
investors and asset managers can construct portfolios that achieve superior risk-adjusted returns, leading to
improved financial decision-making. The ability of GANs to model complex financial patterns provides a
valuable tool for developing more resilient investment strategies that can adapt to evolving market conditions.
Additionally, the integration of synthetic data into portfolio management facilitates enhanced scenario
analysis, allowing for a more comprehensive assessment of market risks and opportunities.

The findings demonstrate that GANs offer notable advantages in financial applications, particularly in
improving portfolio diversification and risk mitigation. Traditional financial models often rely on historical
market data, which may not fully capture extreme events or abrupt market shifts. By contrast, GANs can
generate diverse financial scenarios that enable investors to conduct more thorough stress testing and evaluate
portfolio performance under various conditions. This capability strengthens the robustness of asset allocation
strategies and enhances risk management practices in uncertain economic environments.

Despite these advantages, the adoption of GANSs in finance presents several challenges that must be addressed.
One of the key concerns is model validation, as ensuring the reliability and accuracy of GAN-generated data
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is crucial for its effective application in portfolio optimization. Additionally, the interpretability of GAN
models remains an important issue, as financial professionals require transparency in their decision-making
processes. Without adequate explainability, the trust and adoption of GANSs in asset management may be
limited.

Furthermore, industry-wide adoption of GANSs requires regulatory considerations to ensure compliance with
financial standards and ethical data usage. Financial institutions must develop robust frameworks for
incorporating synthetic data into their investment strategies while adhering to risk management principles.
Continued research in this field is necessary to refine GAN methodologies, improve validation techniques,
and enhance model interpretability.

In conclusion, this study underscores the transformative potential of GANs in financial data generation and
portfolio optimization. While the results demonstrate promising improvements in risk-adjusted returns and
scenario analysis capabilities, further advancements are required to ensure their successful integration into
asset management. By addressing challenges related to validation, interpretability, and regulatory compliance,
GANs can become a powerful tool for modern portfolio optimization, driving innovation in data-driven
investment strategies.
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