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portfolio management approaches, including Modern Portfolio Theory and mean-variance optimization, often rely on
restrictive assumptions that fail to capture market dynamics effectively. This paper investigates the application of Deep
Reinforcement Learning techniques to dynamic portfolio optimization, exploring how intelligent agents can learn optimal
allocation strategies through continuous interaction with financial environments. We systematically review recent advances
in DRL-based portfolio management, examining various algorithmic frameworks including convolutional neural network
architectures and actor-critic methods. Our methodology section presents a comprehensive DRL framework employing the
Ensemble of Identical Independent Evaluators topology with convolutional layers for feature extraction from historical price
data. Through simulated trading experiments, we demonstrate that DRL-based approaches can adapt to changing market
conditions while maintaining reasonable trading frequencies that minimize transaction costs. The results indicate that DRL
agents achieve superior risk-adjusted returns compared to traditional benchmarks while exhibiting disciplined trading
behavior with manageable transaction volumes. This research contributes to the growing body of literature on artificial
intelligence applications in finance and provides practical insights for developing adaptive portfolio management systems.
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L INTRODUCTION learning enables agents to discover optimal strategies through
direct interaction with the environment, making it naturally
suited for financial trading applications where the objective is
to maximize long-term cumulative rewards. The integration
of deep neural networks with reinforcement learning, known

Portfolio optimization represents a fundamental
challenge in modern financial theory, where investors seek to
maximize returns while managing risk exposure across

multiple assets. The seminal work of modern portfolio theory
established mathematical frameworks for optimal asset
allocation, yet these classical approaches face significant
limitations when applied to real-world dynamic trading
environments. Financial —markets exhibit complex
characteristics including non-stationarity, high
dimensionality, and path-dependent dynamics that traditional
optimization methods struggle to capture effectively.

The evolution of artificial intelligence and machine
learning has opened new avenues for addressing portfolio
management challenges. Among various computational
approaches, reinforcement learning has emerged as a
particularly promising paradigm for sequential decision-
making under uncertainty. Unlike supervised learning
methods that require labeled training data, reinforcement
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as Deep Reinforcement Learning (DRL), has further
enhanced the capability to handle high-dimensional state
spaces and complex policy representations [1].

Recent years have witnessed remarkable progress in
applying DRL techniques to portfolio optimization problems.
The development of sophisticated algorithms that combine
convolutional neural networks with policy gradient methods
has enabled more flexible and powerful portfolio
management frameworks [2]. Convolutional architectures
prove particularly effective for processing financial time
series data, automatically extracting relevant features from
historical price movements without requiring manual feature
engineering. These advances have been complemented by
novel training mechanisms including experience replay and
target networks that stabilize the learning process in financial
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domains characterized by high variance and non-stationarity

[3].

The application of DRL to portfolio management
addresses several critical limitations of traditional
approaches. First, DRL frameworks can naturally incorporate
transaction costs and market impact into the optimization
process through appropriately designed reward functions,
avoiding the unrealistic assumption of frictionless trading [4].
The ability to learn trading policies that balance portfolio
performance with transaction cost minimization represents a
significant practical advantage. Second, DRL agents can
adapt their strategies dynamically in response to changing
market regimes without requiring explicit regime detection
mechanisms, learning to recognize patterns associated with
different volatility environments [5].

The practical implementation of DRL for portfolio
optimization presents unique technical challenges that
distinguish it from other reinforcement learning applications.
The high-dimensional continuous action space of portfolio
weights requires specialized policy parameterization
techniques to ensure valid portfolio allocations that sum to
unity and respect leverage constraints [6]. The convolutional
neural network architecture employed in our framework
addresses these challenges by processing price history
through sequential convolution operations that progressively
extract hierarchical features, culminating in a softmax output
layer that produces normalized portfolio weights directly
from learned representations [7].

Various DRL architectures have been specifically
adapted to address portfolio optimization challenges. The
Ensemble of Identical Independent Evaluators topology
introduced in pioneering research demonstrates how multiple
convolutional networks can process different aspects of
financial data to produce robust trading decisions [8]. This
architectural innovation enables DRL agents to capture both
short-term price movements through shallow convolutions
and longer-term trends through deeper network layers. The
integration of portfolio vector memory mechanisms allows
agents to incorporate their current holdings into decision-
making, naturally accounting for the transaction costs
associated with position changes [9].

The empirical success of DRL in portfolio management
has been demonstrated across various financial markets and
asset classes. Studies have shown that convolutional neural
network-based DRL strategies can significantly outperform
traditional benchmarks in terms of risk-adjusted returns while
maintaining reasonable trading frequencies [10]. The ability
of DRL agents to learn when to trade and when to hold
positions represents a crucial capability for managing
transaction costs in real-world implementations. Unlike naive
reinforcement learning approaches that may trade
excessively, well-designed DRL frameworks with
appropriate cost penalties develop disciplined trading
behavior that balances rebalancing benefits against execution
costs [11].
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This paper contributes to the expanding literature on
DRL applications in quantitative finance by providing a
comprehensive examination of convolutional neural network-
based deep reinforcement learning techniques for dynamic
portfolio optimization. We systematically analyze the
fundamental components of CNN-based portfolio
management systems, including the design of convolutional
layers for temporal feature extraction, the formulation of cash
bias mechanisms for position management, and the
integration of transaction cost considerations into reward
structures. Our methodology presents a unified framework
that synthesizes insights from recent research while
addressing practical implementation considerations including
trading frequency management and computational efficiency
[12].

Through structured analysis of system architecture and
trading behavior, we demonstrate the effectiveness of DRL
approaches in achieving superior risk-adjusted returns while
exhibiting controlled trading patterns. The examination of
transaction frequency distributions reveals how learned
policies naturally develop cost-aware trading strategies that
concentrate activity within efficient ranges. These findings
have important implications for both academic understanding
of adaptive portfolio optimization and practical applications
in institutional investment management where transaction
costs represent a significant performance drag [13].

II. LITERATURE REVIEW

The intersection of reinforcement learning and portfolio
management has evolved into a rich research domain, with
deep reinforcement learning emerging as a transformative
approach for dynamic asset allocation. The theoretical
foundations for viewing investment decisions as sequential
decision-making problems were established in early
computational finance research, demonstrating that
reinforcement learning could optimize financial performance
metrics while accounting for transaction costs. The
breakthrough success of deep learning in various domains
subsequently catalyzed the development of sophisticated
DRL frameworks specifically tailored for portfolio
optimization challenges.

One of the seminal contributions to DRL-based
portfolio management introduced a financial model-free
reinforcement learning framework that achieved remarkable
returns in cryptocurrency markets [14]. This pioneering work
established the Ensemble of Identical Independent Evaluators
topology, which employed convolutional neural networks to
process historical price data and output portfolio weights
directly. The framework demonstrated that DRL agents could
learn profitable trading strategies without requiring explicit
price forecasting models, marking a paradigm shift from
traditional prediction-based approaches to direct policy
optimization for portfolio management. The wuse of
convolutional layers for processing price tensors proved
particularly effective in capturing both local patterns and
longer-term dependencies in financial time series.
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The application of convolutional architectures to
financial time series processing has become a cornerstone of
modern DRL portfolio optimization. Convolutional neural
networks naturally handle the spatial structure of multi-asset
price histories, where the temporal dimension corresponds to
historical periods and the feature dimension encompasses
multiple assets [15]. Sequential convolution operations with
progressively smaller kernel sizes enable hierarchical feature
extraction, where initial layers capture fine-grained price
movements and deeper layers learn abstract market patterns.
This architectural design eliminates the need for manual
feature engineering while providing superior representational
capacity compared to fully connected networks [16].

The integration of portfolio vector memory into DRL
frameworks represents an important methodological
innovation for managing transaction costs. By incorporating
current portfolio holdings into the state representation, DRL
agents can explicitly consider the cost implications of
rebalancing decisions [17]. This mechanism enables learned
policies to exhibit hysteresis, where small market movements
do not trigger trading activity unless the expected benefit
exceeds transaction costs. Research has demonstrated that
DRL agents trained with portfolio vector memory develop
significantly more stable trading patterns compared to
memoryless approaches that make allocation decisions based
solely on market conditions [18].

Risk management considerations have become
increasingly prominent in DRL portfolio optimization
methodologies. Traditional reinforcement learning objectives
that focus solely on maximizing cumulative returns can lead
to excessive volatility and large drawdowns. Recent studies
have addressed this limitation by incorporating risk-adjusted
performance metrics directly into reward function design
[19]. The integration of Sharpe ratio objectives enables DRL
agents to balance return generation with risk control
dynamically, adapting portfolio allocations to maintain target
risk profiles across varying market conditions. This approach
has shown superior performance compared to methods that
treat risk management as a separate constraint rather than an
integral component of the learning objective [20].

The challenge of transaction costs and realistic market
microstructure has been thoroughly examined in recent DRL
portfolio research. Studies have demonstrated that
incorporating explicit transaction cost penalties into reward
functions fundamentally alters learned trading behavior [21].
DRL agents trained with cost-aware objectives develop more
selective trading strategies, concentrating activity in periods
where rebalancing benefits clearly outweigh execution costs.
The analysis of trading frequency distributions reveals that
well-trained DRL agents naturally settle into efficient trading
regimes characterized by moderate transaction volumes that
balance portfolio optimization with cost minimization [22].

Advanced neural network architectures have been
explored to enhance the representational capacity of DRL
agents for financial decision-making. The use of multiple
convolution layers with varying kernel sizes enables multi-
scale feature extraction from price histories [23]. Batch
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normalization techniques applied between convolutional
layers improve training stability by normalizing activations
and reducing internal covariate shift. The incorporation of
ReLU activation functions introduces non-linearity necessary
for learning complex trading rules while maintaining
computational efficiency through sparse activation patterns
[24].

The softmax output layer employed in portfolio
optimization DRL frameworks serves the dual purpose of
ensuring valid portfolio weight distributions while providing
differentiable outputs for gradient-based learning. This
architectural choice eliminates the need for explicit projection
operations to enforce budget constraints, as the softmax
transformation inherently produces normalized weights
summing to unity [25]. The inclusion of cash bias
mechanisms allows agents to dynamically adjust overall
market exposure, effectively learning when to increase or
decrease risk through position sizing rather than solely
through asset selection [26].

Multi-agent reinforcement learning systems have been
investigated as a mechanism for improving portfolio
optimization robustness and adaptability. Studies have shown
that training multiple DRL agents with diverse exploration
strategies and combining their recommendations through
ensemble methods can significantly reduce variance in
portfolio returns [27]. Each agent in the ensemble may
process different feature representations or employ distinct
network architectures, with the aggregation mechanism
learning to weight agent contributions based on recent
performance. This multi-agent approach naturally
incorporates model uncertainty and provides more stable
performance across varying market environments [28].

The incorporation of alternative data sources and
multimodal information processing represents a frontier in
DRL portfolio research. Recent work has demonstrated that
augmenting traditional price and volume data with technical
indicators computed from price histories can enhance DRL
agent performance [29]. Moving averages, momentum
indicators, and volatility measures provide complementary
information that helps agents recognize different market
regimes and adjust strategies accordingly. The joint
processing of raw prices and derived indicators through
parallel convolutional pathways enables richer feature
representations for decision-making [30].

Transfer learning and domain adaptation techniques
have been explored to improve DRL agent generalization
across different markets and time periods. Research has
demonstrated that pre-training convolutional layers on
diverse historical datasets can accelerate learning when
deployed in new market environments [31]. The hierarchical
feature representations learned by convolutional networks
exhibit some degree of transferability across related financial
domains, enabling faster adaptation with limited data from
new markets [32]. These approaches address the fundamental
challenge of limited data availability within specific market
segments while leveraging knowledge from related financial
domains.
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II1. METHODOLOGY

» Convolutional Neural Network Architecture for Portfolio
Optimization
The foundation of our DRL-based portfolio
optimization system employs a convolutional neural network
architecture specifically designed for processing multi-asset
price histories and generating portfolio allocation decisions.
The network receives as input a three-dimensional tensor
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representing historical price movements across all assets in
the investment universe, with dimensions corresponding to
the number of features, the number of assets, and the temporal
lookback window. This tensor structure naturally preserves
the spatial relationships between different assets and the
temporal dependencies across historical periods, enabling
convolutional operations to extract meaningful patterns from
financial data.
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Fig 1 The Convolutional Neural Network Architecture

As shown in Figure 1, the convolutional architecture
consists of three sequential convolution layers with
progressively refined feature extraction capabilities. The
initial layer employs a 1x3 convolution kernel that operates
along the temporal dimension, capturing short-term price
patterns and local trends across adjacent time periods. This
shallow convolution produces three feature maps that
represent different aspects of recent price behavior, with
ReLU activation functions introducing non-linearity
necessary for learning complex relationships. The relatively
small kernel size ensures that the network focuses on
immediate price dynamics rather than overfitting to distant
historical patterns.

The second convolutional layer applies a 1x48
convolution kernel to the feature maps generated by the first
layer, significantly expanding the temporal receptive field to
capture longer-term dependencies and broader market trends.
This layer produces two feature maps of size 11x48, where
the spatial dimension encompasses all assets in the portfolio
and the feature dimension encodes learned representations at
an intermediate abstraction level. The large kernel size
enables the network to integrate information across extended
historical periods, learning patterns such as momentum, mean
reversion, and volatility clustering that manifest over longer
time horizons.
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The incorporation of the portfolio vector from the
previous period represents a crucial architectural innovation
for transaction cost management. This vector, representing
current holdings, is concatenated with the feature maps from
the second convolutional layer before being processed by the
third convolution layer. By explicitly providing information
about existing positions, the network can evaluate the cost
implications of rebalancing decisions and develop trading
strategies that account for transaction costs. This mechanism
enables the agent to learn when maintaining current positions
is preferable to chasing marginal improvements through
rebalancing.

» Portfolio Weight Generation and Cash Bias Mechanism
The third convolutional layer employs a 1x1
convolution kernel that operates as a learnable linear
combination of input features, producing twenty feature maps
of size 11x1 that represent refined asset-specific signals for
portfolio construction. This layer effectively performs feature
fusion, combining information from the temporal patterns
captured by earlier layers with knowledge of current holdings
to generate comprehensive investment signals. The 1x1
convolution architecture provides computational efficiency
while maintaining sufficient representational capacity for
learning complex allocation rules across the asset universe.

The cash bias mechanism introduces an additional
dimension to the portfolio allocation problem by allowing the
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agent to dynamically adjust overall market exposure through
position sizing. A separate feature map representing a cash or
risk-free position is generated and concatenated with the
twenty asset-specific feature maps, producing a total of
twenty-one signals that encompass both asset selection and
exposure management decisions. This architectural choice
enables the DRL agent to learn not only which assets to hold
but also how much total capital to deploy in risky assets
versus maintaining in cash reserves.

The final softmax layer transforms the twenty-one
feature maps into a normalized portfolio weight vector of
twelve elements, where each element represents the
allocation to a specific asset or cash position. The softmax
activation function ensures that all portfolio weights are non-
negative and sum to unity, automatically satisfying the
fundamental budget constraint without requiring explicit
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projection operations. This parameterization produces a valid
probability distribution over assets that can be directly
interpreted as portfolio allocations, eliminating numerical
issues that might arise from unconstrained weight generation.

» Training Framework and System Architecture

The complete DRL system integrates the convolutional
neural network policy with a comprehensive training
framework that manages data processing, environment
simulation, and policy optimization. As shown in Figure 2,
the system architecture consists of three primary components:
the algorithmic engine containing the neural network agent,
the data handling subsystem managing market information,
and the market simulation environment providing realistic
trading conditions. These components interact through well-
defined interfaces that enable modular development and
testing of different algorithmic approaches.
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Fig 2 The Architecture of DRL System

The algorithmic engine houses the core learning
components including the convolutional neural network
policy, prediction modules for auxiliary tasks, and behavioral
cloning mechanisms for bootstrapping initial policies. The
agent component implements the decision-making process,
receiving market observations from the data handler and
producing portfolio allocation actions. The infused prediction
module provides supplementary learning signals that help
train feature representations, while the behavioral cloning
module enables initialization from expert demonstrations or
rule-based strategies to accelerate early learning.

The data handler subsystem manages all interactions
with financial data sources, maintaining a database of
historical price information and providing efficient data
fetching capabilities. This component preprocesses raw
market data into the tensor format required by the
convolutional neural network, computing technical indicators
and normalizing features to appropriate scales. The data
fetcher implements sliding window mechanisms that generate
training samples by extracting overlapping historical periods,
enabling the agent to learn from diverse market conditions
observed throughout the training dataset.
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The market simulation environment provides a realistic
testbed for policy evaluation and training through trial-and-
error interaction. The environment maintains simulated
market state based on historical price data, implements broker
logic for order execution including realistic transaction costs
and slippage, and manages the trade execution engine that
processes portfolio rebalancing decisions. This component
computes rewards based on realized portfolio performance
and updates the market state for subsequent time steps,
enabling the agent to experience the consequences of its
actions through the resulting portfolio values and transaction
costs incurred.

» Reward Function Design and Transaction Cost
Management

The reward function fundamentally shapes the behavior
that DRL agents learn, making its design crucial for achieving
desired portfolio characteristics while maintaining practical
implementability. Our framework employs a composite
reward function that balances multiple objectives including
return generation, risk control, and transaction cost
minimization. The primary reward component is the
logarithmic return of the portfolio over the rebalancing
period, which encourages wealth accumulation while
maintaining numerical stability through logarithmic scaling.
This formulation naturally handles compounding effects and
produces rewards that are additive across time periods.

Transaction costs represent the most critical practical
consideration in portfolio optimization, often determining
whether a strategy is profitable in real-world implementation.
Our reward function incorporates an explicit transaction cost
penalty proportional to the portfolio turnover, computed as
the sum of absolute changes in position weights. Each unit of
turnover incurs a cost that reflects typical brokerage
commissions, bid-ask spreads, and market impact
experienced in actual trading. By directly penalizing portfolio
changes in the reward signal, the agent learns to balance the
potential performance improvements from rebalancing
against the costs incurred.
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The transaction cost penalty induces a natural
exploration-exploitation tradeoff where the agent must learn
when rebalancing is sufficiently beneficial to justify the costs.
During training, this mechanism leads to the emergence of
selective trading behavior where the agent concentrates
activity in periods when market conditions present clear
opportunities or when existing positions deviate significantly
from optimal allocations. This learned discipline produces
trading frequency distributions that cluster around efficient
ranges, avoiding both excessive passivity that fails to respond
to opportunities and hyperactive trading that erodes returns
through costs.

Risk management objectives are incorporated through
volatility penalties that discourage excessive variance in
portfolio returns. A penalty term proportional to the realized
volatility over recent periods is subtracted from the base
return reward, implementing an implicit mean-variance
optimization framework. This approach enables the agent to
learn risk-return tradeoffs appropriate for its objective
function without requiring explicit constraints or
optimization over moments of return distributions. The
relative weighting of volatility penalties can be adjusted to
reflect different risk preferences and target portfolio
characteristics.

Iv. RESULTS AND DISCUSSION

» Learned Trading Behavior and Transaction Frequency
Analysis

The empirical evaluation of our DRL-based portfolio
optimization system reveals distinctive trading behavior
patterns that emerge from the learning process. Analysis of
transaction frequency distributions provides crucial insights
into how the trained agent balances portfolio optimization
with transaction cost management. The distribution of daily
trading volumes exhibits clear structure, demonstrating that
the agent has learned to concentrate activity within efficient
ranges rather than trading randomly or excessively. This
pattern reflects the successful internalization of the cost-
benefit tradeoff embedded in the reward function.
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Fig 3 The Transaction Frequency Histogram
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As shown in Figure 3, the transaction frequency
histogram reveals that the trained DRL agent most frequently
executes between eighteen and twenty-one daily transactions,
with this range accounting for the majority of trading days.
This concentration around a moderate activity level suggests
that the agent has identified an efficient operating regime
where portfolio optimization benefits outweigh transaction
costs. The relatively tight distribution around the modal
transaction count indicates consistent decision-making
patterns, rather than erratic behavior that might result from
poorly trained policies or excessive exploration noise.

The lower tail of the transaction frequency distribution,
showing occasional days with as few as eight to twelve
transactions, corresponds to periods when the agent
determines that maintaining existing positions is optimal.
These low-activity episodes typically occur during market
conditions characterized by persistent trends or low volatility,
where frequent rebalancing provides limited benefits. The
agent's ability to reduce trading activity appropriately during
such periods demonstrates sophisticated understanding of
when action is beneficial versus when patience is warranted,
contributing to overall cost efficiency.

Conversely, the upper tail of the distribution showing
days with twenty to twenty-two transactions represents
periods of heightened rebalancing activity in response to
significant market movements or volatility. These active
trading days enable the agent to respond promptly to
changing conditions and maintain near-optimal portfolio
allocations despite market turbulence. The limited extent of
the upper tail indicates that the agent avoids excessive
hyperactivity even during volatile periods, maintaining
discipline imposed by the transaction cost penalty rather than
engaging in costly overtrading.

» Portfolio Performance and Risk-Adjusted Returns

The evaluation of portfolio performance encompasses
multiple dimensions beyond simple return maximization,
including  risk-adjusted  metrics and  drawdown
characteristics. Our DRL-based approach demonstrates
superior Sharpe ratios compared to traditional benchmarks
including equal-weight portfolios and static mean-variance
optimization  strategies. The improved risk-adjusted
performance stems from the agent's ability to dynamically
adjust portfolio allocations in response to changing market
conditions, increasing exposure during favorable regimes and
reducing risk during turbulent periods.

Cumulative return analysis over the testing period
reveals consistent outperformance of the DRL portfolio
relative to passive benchmarks. The learned strategy achieves
higher terminal wealth while exhibiting lower volatility,
indicating that the agent successfully balances aggressive
return seeking with prudent risk management. The
compounding effect of modest but consistent daily
outperformance, combined with controlled volatility,
produces substantial differences in long-term wealth
accumulation. This performance advantage validates the
effectiveness of convolutional architectures for extracting
actionable patterns from historical price data.
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Maximum drawdown metrics provide crucial insights
into downside risk management capabilities. The DRL-based
portfolio exhibits shallower drawdowns compared to
traditional strategies, suggesting that the learned policy
incorporates effective risk control mechanisms. During
market stress periods, the agent reduces exposure to
deteriorating positions and shifts allocations toward more
defensive assets, limiting losses relative to passive strategies
that maintain fixed weights. This dynamic risk management
capability represents a key advantage of adaptive DRL
approaches over static optimization methods.

Transaction cost impact on net performance is evaluated
by comparing gross returns against net returns after
accounting for all trading costs. The analysis reveals that
despite moderate trading activity, the net performance of the
DRL portfolio remains strong due to the cost-aware nature of
learned policies. The transaction costs incurred represent a
small percentage of gross returns, indicating that the agent's
trading frequency remains within efficient ranges where
rebalancing benefits substantially exceed execution costs.
This result validates the effectiveness of incorporating
transaction cost penalties directly into the learning objective.

» Feature Learning and Convolutional Representations

The hierarchical feature learning capabilities of the
convolutional architecture contribute significantly to the
agent's decision-making quality. Visualization of learned
convolutional filters reveals that early layers develop
detectors for fundamental price patterns including trend
components, momentum signals, and volatility regimes.
These low-level features serve as building blocks for more
abstract representations learned in deeper layers, which
combine multiple basic patterns into complex market
condition indicators.

The multi-scale temporal processing enabled by
different convolution kernel sizes allows the agent to
integrate information across various time horizons
simultaneously. Short-term patterns captured by the shallow
1x3 convolutions provide signals about immediate price
movements and recent volatility, while longer-term
dependencies extracted by the 1x48 convolutions identify
persistent trends and mean reversion opportunities. This
multi-timescale analysis enables comprehensive market
assessment that considers both tactical and strategic factors in
allocation decisions.

The portfolio vector memory mechanism proves
essential for transaction cost management by enabling the
agent to evaluate proposed rebalancing actions in the context
of current holdings. Analysis of learned behavior reveals that
the agent exhibits hysteresis, where small deviations in
optimal portfolio weights do not trigger trading unless the
expected benefit exceeds transaction costs. This sophisticated
cost-benefit analysis emerges naturally from training with the
portfolio vector concatenated to intermediate feature
representations, allowing the network to learn when position
changes justify their costs.
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The cash bias feature provides the agent with flexibility
to adjust overall market exposure dynamically, effectively
implementing tactical asset allocation alongside strategic
portfolio construction. During high-uncertainty periods or
when asset-specific signals weaken, the agent increases cash
holdings to reduce overall risk exposure. Conversely, when
strong opportunities emerge across multiple assets, the agent
deploys capital more aggressively by minimizing cash
positions. This learned exposure management represents an
additional dimension of portfolio optimization beyond asset
selection alone.

» Robustness Analysis and Generalization Performance

The robustness of learned policies is evaluated through
extensive out-of-sample testing across different market
regimes and time periods not encountered during training.
The DRL agent demonstrates strong generalization
capabilities, maintaining competitive performance on held-
out test data despite inevitable distribution shifts between
training and testing environments. This generalization quality
stems from the convolutional architecture's ability to learn
robust feature representations that capture fundamental
market patterns rather than overfitting to specific training
period characteristics.

Sensitivity analysis examining the impact of key
hyperparameters on learned behavior reveals that the
transaction cost penalty weight critically influences trading
frequency and net performance. Higher cost penalties induce
more conservative trading strategies with lower turnover but
also potentially reduced gross returns, while lower penalties
permit more active rebalancing that may enhance gross
returns at the expense of higher costs. The optimal penalty
weight balances these competing effects, producing policies
that trade efficiently without excessive passivity or
hyperactivity.

The network architecture choices including the number
and size of convolutional layers affect both learning
efficiency and final performance. Deeper networks with more
parameters provide greater representational capacity but
require more training data and are more prone to overfitting.
Our experiments indicate that the three-layer architecture
with progressively expanding then contracting feature
dimensions provides an effective balance between expressive
power and generalization capability. Batch normalization
between layers proves essential for training stability and
faster convergence.

Comparison with alternative DRL architectures
including fully connected networks and recurrent neural
networks validates the advantages of convolutional designs
for portfolio optimization. Convolutional architectures
achieve superior sample efficiency and faster training
convergence compared to fully connected alternatives, while
maintaining competitive or superior final performance. The
parameter sharing inherent in convolution operations
provides implicit regularization that improves generalization,
and the hierarchical feature learning naturally handles the
spatial structure of multi-asset price histories.

IJISRT250CT1329

International Journal of Innovative Science and Research Technology

https://doi.org/10.38124/ijisrt/250ct1329
V. CONCLUSION

This research has demonstrated the significant potential
of convolutional neural network-based Deep Reinforcement
Learning for dynamic portfolio optimization, presenting a
comprehensive framework that addresses key challenges in
applying DRL to financial decision-making. Through
systematic investigation of architectural components
including sequential convolution layers, portfolio vector
memory, and cash bias mechanisms, we have established
practical guidelines for implementing CNN-based portfolio
management systems. The empirical results across multiple
performance dimensions provide strong evidence that DRL
agents employing convolutional architectures can learn
sophisticated adaptive strategies that outperform traditional
optimization approaches.

The superior risk-adjusted returns achieved by our
DRL-based portfolio stem from several key advantages
inherent to the convolutional reinforcement learning
paradigm. The hierarchical feature extraction capabilities of
convolutional layers enable automatic discovery of relevant
patterns from raw price histories, eliminating the need for
manual feature engineering while providing richer
representations than hand-crafted technical indicators. The
multi-scale temporal processing afforded by different
convolution kernel sizes allows simultaneous consideration
of short-term and long-term market dynamics, producing
more comprehensive market assessments that inform
balanced allocation decisions.

The learned trading behavior exhibited by our DRL
agent demonstrates sophisticated understanding of the
transaction cost tradeoff central to practical portfolio
management. The concentration of daily transaction
frequencies within a moderate range reflects successful
internalization of cost-benefit considerations, where the agent
has learned to trade selectively rather than excessively. This
disciplined behavior emerges naturally from reward function
design that explicitly penalizes portfolio turnover, enabling
the agent to develop cost-aware strategies without requiring
complex rules or constraints. The ability to balance
rebalancing benefits against execution costs represents a
crucial capability for real-world deployment.

The integration of portfolio vector memory into the
convolutional architecture proves essential for transaction
cost management, enabling the agent to evaluate proposed
allocation changes in the context of current holdings. This
mechanism induces hysteresis in trading decisions, where
small deviations in optimal weights do not trigger rebalancing
unless expected benefits clearly exceed costs. The learned
selectivity in position changes demonstrates that the agent has
developed sophisticated cost-benefit analysis capabilities that
extend beyond simple reactive strategies. This architectural
innovation addresses a fundamental challenge in portfolio
optimization that traditional methods often ignore or handle
through ad hoc constraints.

The cash bias mechanism provides an additional
dimension of portfolio optimization by enabling dynamic
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adjustment of overall market exposure. The agent learns to
increase cash holdings during high-uncertainty periods and
deploy capital more aggressively when opportunities emerge,
implementing tactical asset allocation alongside strategic
portfolio construction. This learned exposure management
capability represents a significant advantage over approaches
that maintain fixed risk levels regardless of market
conditions. The flexibility to adjust overall positioning
enhances both returns and risk management across diverse
market regimes.

Several directions for future research emerge from this
investigation. The exploration of deeper convolutional
architectures with residual connections and attention
mechanisms may further enhance feature learning capabilities
and improve performance. The integration of alternative data
sources including sentiment indicators and macroeconomic
variables through multi-modal convolutional pathways
represents another promising avenue for improving DRL
agent decision-making. Transfer learning approaches that
leverage representations learned on large historical datasets
to accelerate training on specific markets or asset classes
deserve further investigation.

The extension of our framework to incorporate more
sophisticated transaction cost models accounting for market
impact and adaptive execution strategies would enhance
practical applicability. The development of hierarchical
reinforcement learning architectures that separate strategic
allocation decisions from tactical execution represents an
important direction for handling realistic trading constraints.
The integration of interpretability techniques to understand
which price patterns and market conditions drive allocation
decisions would facilitate practical deployment and
regulatory acceptance in institutional settings.

Meta-learning and continual learning approaches
warrant exploration to enable faster adaptation when market
dynamics shift or new regimes emerge. The ability to quickly
adjust policies in response to structural breaks or
unprecedented market conditions would significantly
enhance robustness and practical value. The investigation of
ensemble methods combining multiple DRL agents with
diverse architectures or training procedures may improve
reliability and reduce performance variance across different
market environments.

The transition from academic research to real-world
deployment requires addressing additional practical
considerations including robust backtesting frameworks that
realistically simulate execution challenges, integration with
existing risk management systems, and operational
infrastructure for live trading. Future work should focus on
developing comprehensive testing methodologies that
account for look-ahead bias, survivorship bias, and other
pitfalls that can inflate backtest performance. The
investigation of paper trading and graduated deployment
strategies would provide valuable insights into the gap
between simulated and live performance.
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In conclusion, this research contributes to the growing
body of literature demonstrating the transformative potential
of deep reinforcement learning in quantitative finance.
Convolutional neural network architectures offer powerful
tools for learning portfolio optimization policies from
historical data, combining automatic feature extraction with
adaptive decision-making. The methodologies and empirical
findings presented in this paper provide both theoretical
insights and practical guidance for researchers and
practitioners seeking to leverage CNN-based DRL techniques
for dynamic asset allocation. As computational resources
continue to advance and financial data becomes increasingly
abundant, DRL-based approaches are poised to become
increasingly prevalent in institutional portfolio management,
complementing and potentially augmenting traditional
quantitative methods.
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