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Abstract:

This study investigates the application of deep reinforcement learning in optimizing investment portfolios and integrates it with modern
portfolio theory, illustrating significant advancements in financial management strategies. While modern portfolio theory is recognized as
a mathematical framework aimed at maximizing expected returns while considering risk, its limitations—such as assumptions regarding
the normal distribution of returns and the neglect of transaction costs—clearly highlight the need for adaptable solutions in complex and
dynamic financial markets. This research demonstrates that through the implementation of deep reinforcement learning, investors can
leverage real-time data and dynamic decision-making capabilities to develop more efficient and robust investment strategies. Moreover,
challenges such as data quality, computational complexity, and the interpretability of deep reinforcement learning models are thoroughly
examined. In this study, a Levenberg—Marquardt neural network algorithm for deep reinforcement learning is proposed for portfolio
optimization based on historical data. For this purpose, data from 10 highly liquid companies listed on the Tehran Stock Exchange during
the period from 2011 to 2021 were utilized. The findings of this study indicate that reinforcement learning algorithms can lead to a 15%
increase in cumulative return compared to traditional methods in portfolio selection. Furthermore, the article recommends that analysts
and investors employ advanced techniques to enhance corporate performance stability, enabling better investment decisions. Finally, this
research offers practical pathways for future investigations in this domain.
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Extended Abstract

Introduction

Portfolio optimization remains a cornerstone challenge in modern finance, having evolved significantly since the
introduction of Modern Portfolio Theory (MPT) by Harry Markowitz in the 1950s. MPT offered a mathematical framework
that emphasized diversification and risk-return tradeoffs based on historical covariance matrices, assuming normally
distributed returns and frictionless markets. Despite its foundational contributions, MPT has shown critical limitations in
practice, such as sensitivity to historical parameters, neglect of transaction costs, and oversimplified distributional
assumptions. These deficiencies have prompted researchers to explore more adaptive and intelligent methodologies that can
respond to the volatility, non-stationarity, and multidimensionality of today’s financial markets (Benhamou et al., 2020;
Sutton & Barto, 2018).

In response to the limitations of traditional models, Deep Reinforcement Learning (DRL) has emerged as a transformative
approach capable of learning optimal strategies through interaction with a complex environment. DRL algorithms simulate
human-like decision-making by adjusting strategies through reward-feedback loops, enabling investors to process real-time
financial data and adapt to changing market conditions (Jiang et al., 2017; Mnih et al., 2015). Unlike static models, DRL excels
in dynamic and uncertain environments, particularly in high-frequency or short-term trading scenarios (Chaouki et al., 2020;
Deng et al., 2016). Additionally, integrating DRL with MPT offers a unique advantage: the mathematical robustness of MPT
can be retained through carefully designed reward functions, while DRL compensates for MPT's rigidity by incorporating
nonlinear data such as market sentiment, technical indicators, and unstructured data (Cong et al., 2021; Yifu et al., 2024).

Several studies have demonstrated the efficacy of DRL in outperforming conventional models under complex financial
conditions. For instance, the AlphaPortfolio framework utilized interpretable DRL to construct portfolios directly and showed
superior performance over benchmark strategies (Cong et al., 2021). Similarly, the model developed by Liang et al.
incorporated adversarial training to deal with market unpredictability, highlighting DRL’s adaptability to extreme market
events (Liang et al., 2018). Beyond algorithmic advantages, DRL models also facilitate the inclusion of diverse constraints,
such as investor risk tolerance, liquidity preferences, and transaction cost thresholds (Jyotirmayee Behera, 2025; Koratamaddi
et al.,, 2021). Recent meta-analyses confirm that DRL models consistently yield better cumulative returns and reduced
volatility compared to traditional and supervised learning methods (Ayari Salah, 2025; Chaher, 2025).

Despite their promise, DRL models come with challenges such as data noise, computational intensity, and low
interpretability (Almahdi & Yang, 2017; Liu et al., 2020). Researchers have attempted to overcome these by adopting hybrid
neural architectures—such as combining convolutional and recurrent layers—and by using transfer learning to minimize
training data dependencies (Henriques & Sadorsky, 2023; Lima Paiva et al.,, 2021). The current study builds on these
developments by proposing a DRL framework based on the Levenberg—Marquardt neural algorithm for optimizing stock
portfolios in the Tehran Stock Exchange, aiming to bridge the theoretical gap between MPT and modern Al-driven investment
models.

Methods and Materials

This study designed a DRL-based portfolio optimization model using a Levenberg—Marquardt neural network architecture.
Historical data were collected from ten highly liquid companies listed on the Tehran Stock Exchange, covering the period from

2011 to 2021. The input features included technical indicators such as Moving Average (MA), Relative Strength Index (RSI),

YVYv



ACCOUNTING, FINANCE AND COMPUTATIONAL INTELLIGENCE

and MACD, along with financial metrics like return on assets (ROA), profit before tax (PTI), tax expenses (CTE), net profit, and
fixed asset valuation (PPE). Data preprocessing involved normalization, outlier removal, and handling missing values via
imputation techniques such as mean replacement and mode substitution.

The reward function was engineered to align with the MPT goal of maximizing return while minimizing risk. The state space
included a four-dimensional tensor representing daily technical indicators across assets, and the action space defined
portfolio weight allocations. The DRL agent was trained using an iterative feedback loop, adjusting weights through
backpropagation and optimizing performance metrics. The model's output was evaluated using metrics such as cumulative
return, volatility, Sharpe ratio, and drawdown. A comparative analysis was performed between the proposed DRL model and
a traditional MPT optimization model using the same dataset and variables.

Findings

The proposed DRL model exhibited strong performance in portfolio selection, with a 15% increase in cumulative returns
over the traditional Markowitz model. The net profit and return on assets of the optimized portfolio outperformed the
benchmark across multiple test intervals. For example, the DRL model achieved an 8.41 return on the PPE variable, while the
Markowitz model returned 8.40. Moreover, the DRL model demonstrated lower portfolio variance in critical stocks —such as
12% and 25% variance in the third and second companies, respectively—compared to the benchmark model.

In regression analysis, the DRL model achieved an R-squared value of 0.99971 in the combined test-validation-training
phase, indicating excellent prediction accuracy. Mean squared error (MSE) and RMSE values across training, testing, and
validation remained minimal, with the lowest RMSE observed at 0.15728 in the validation phase. Histogram error analysis
revealed near-zero residuals across all phases, reinforcing the model’s stability. Additionally, the DRL model achieved a
liquidity index of 82% in the seventh company, outperforming traditional strategies in terms of asset liquidity.

Comparative risk-return metrics further emphasized the DRL model's robustness. For instance, the model yielded lower
risk values (e.g., 0.7115 for return) while maintaining higher returns (e.g., 0.8402 for return) compared to the Markowitz
approach. The dynamic portfolio forecasting capabilities of the model, leveraging both static and dynamic predictions,
ensured more accurate future asset valuations. Finally, visualizations including regression plots and variance diagrams
confirmed the superior alignment between model predictions and real market behavior.

Discussion and Conclusion

The findings of this study substantiate the growing consensus that integrating DRL with MPT can significantly enhance the
performance of portfolio optimization strategies. The 15% increase in cumulative returns, along with superior metrics in
variance reduction and profitability, confirms the added value of using intelligent, dynamic algorithms in financial decision-
making. These results validate earlier studies that proposed DRL as a practical alternative to conventional optimization,
especially in non-stationary and volatile market environments.

By employing a neural architecture based on the Levenberg—Marquardt algorithm, this study not only achieved high
precision but also ensured computational efficiency in navigating local minima. The layered use of technical indicators and
financial ratios enabled the agent to capture multifaceted market behaviors, providing a comprehensive decision-making
framework. Furthermore, the model’s ability to maintain high liquidity while optimizing returns aligns with real-world

investment constraints, making it suitable for institutional application.
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The comparative advantage of the proposed model over traditional MPT confirms the theoretical proposition that DRL can
dynamically adjust strategies based on real-time feedback and evolving market states. The inclusion of transaction cost
awareness and adaptive risk thresholds offers a pragmatic layer that is often missing in traditional models. Moreover, the
architecture’s success in processing tensor-based multi-asset data implies scalability to more complex portfolio settings.

In conclusion, this research highlights the transformative potential of DRL in portfolio management. It presents a viable
path for future investment models that combine theoretical rigor with practical adaptability. As financial markets become
more integrated with Al and big data systems, DRL is poised to play a central role in shaping investment strategies that are
not only profit-maximizing but also resilient to structural and behavioral market shocks. This study provides a robust
foundation for applying such models across emerging and developed markets alike, signaling a paradigm shift in how
portfolios are constructed, maintained, and evolved.
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