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Abstract: This study presents an advanced adaptive trading framework that integrates Deep Reinforcement

Learning (DRL) with the Iterative Model Combining Algorithm (IMCA) to overcome the critical limitations of

static ensemble methods in global portfolio optimization. Using a diverse cross-market dataset of 39 stocks

from the US, Australia, Europe, Thailand, and one cryptocurrency (BTC-USD), the research rigorously evaluates

models’ adaptability under volatile market conditions. This cross-asset integration is particularly critical, as

it captures the complex dynamics and correlations between traditional financial markets and emerging digital

assets. Although DRL models like PPO and TD3 outperform traditional strategies, they remain vulnerable

to market drawdowns and high volatility. IMCA significantly surpasses these models, achieving the highest

cumulative return of 29.52% and a superior Sharpe ratio of 0.8293 by dynamically recalibrating model weights in

response to real-time market dynamics. This study addresses a substantial research gap, highlighting the failure

of traditional ensemble models—reliant on static weightings—to adapt to evolving financial conditions, resulting

in suboptimal risk-adjusted returns. IMCA offers a dynamic, data-driven approach that continuously optimizes

portfolio strategies across fluctuating market regimes, demonstrating its scalability and robustness across diverse

asset classes and regional markets, and providing an empirical framework for adaptive portfolio management.

Policy recommendations underscore the need for financial institutions to adopt AI-driven adaptive models like

IMCA to enhance portfolio resilience, profitability, and responsiveness in uncertain markets.

Keywords: deep reinforcement learning; portfolio optimization; IMCA; cross market : Bitcoin

MSC: 91G70; 91B84

1. Introduction

Automated trading systems have revolutionized financial markets by enabling rapid, data-driven
decision-making with unparalleled speed, accuracy, and consistency. However, the volatile and
dynamic nature of modern markets poses significant challenges, demanding adaptive, intelligent
strategies that surpass traditional rule-based models. Deep reinforcement learning (DRL) has emerged
as a promising paradigm for algorithmic trading, enabling systems to autonomously learn optimal
trading strategies through direct market interactions, thereby eliminating reliance on fixed market
assumptions [1]. DRL models, such as advantage actor-critic (A2C), proximal policy optimization
(PPO), deep deterministic policy gradient (DDPG), twin delayed deep deterministic policy gradient
(TD3), and soft actor-critic (SAC), have demonstrated superior performance in optimizing trading
decisions, portfolio allocation, and risk management [2–4].

Despite these advancements, DRL applications in financial markets face persistent challenges,
including sample inefficiency, hyperparameter sensitivity, market non-stationarity, and overfitting to
historical data [5]. These limitations diminish the generalizability of DRL models, rendering them
vulnerable to abrupt market shifts and extreme events. To mitigate these issues, ensemble learning
techniques have been introduced, combining multiple models to enhance prediction stability and
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robustness [6,7]. However, traditional ensemble methods often rely on static weighting mechanisms,
simplistic averaging, or rigid rule-based selection, limiting their responsiveness to dynamic market
conditions. This static nature restricts adaptability, failing to fully leverage the adaptive potential of
DRL.

To address these limitations, this study introduces the Iterative Model Combining Algorithm
(IMCA)—a novel, adaptive ensemble approach that recalibrates model weights in real-time based on
recent performance metrics. Unlike conventional ensemble strategies that depend on static model
selection, IMCA continuously optimizes the contribution of each DRL model, ensuring that the system
remains responsive to fluctuating market conditions.

Furthermore, while explicit sentiment analysis has been employed to enhance trading strate-
gies [8], this approach can be computationally intensive and sensitive to data inconsistencies. Recent
research suggests that stock price dynamics inherently reflect collective market sentiment and behav-
ioral trends, providing an implicit and efficient proxy for investor sentiment [9,10]. This perspective
aligns with technical analysis theory, which posits that all available information and investor sentiment
are inherently reflected in market prices, making price action a fundamental indicator for trend analysis
and sentiment measurement. To enhance sentiment capture, we incorporate technical indicators such
as Moving Average Convergence Divergence (MACD), Relative Strength Index (RSI), and Simple Mov-
ing Average (SMA), which are widely recognized for their ability to capture market momentum and
sentiment shifts [11,12]. Additionally, employing these indicators in a cross-market framework helps
quantify sentiment dynamics across varying financial regimes and regional markets [13]. Thus, this
study adopts a price-based approach, simplifying the modeling process while preserving predictive
effectiveness and reducing computational complexity [14].

Moreover, previous research has predominantly focused on single-market frameworks, with
limited attention given to the complexities of cross-market trading, where asset correlations, regulatory
environments, and market dynamics vary significantly [15]. This gap highlights the need for adaptive
strategies capable of managing the intricacies of multi-market conditions and enhancing portfolio
resilience [16]. Our proposed framework inherently reflects cross-market dynamics, including global
investor sentiment, regulatory impacts, and regional economic trends—factors that explicit sentiment
analysis may struggle to quantify accurately [17]. This enhances the external validity of the research
by providing adaptable and globally scalable trading strategies.

To bridge these gaps, this study proposes a novel hybrid trading framework integrating DRL
with IMCA—an adaptive ensemble technique that dynamically recalibrates model weights in real-
time based on recent performance metrics. By leveraging the complementary strengths of multiple
DRL models, the hybrid IMCA-DRL approach enhances risk-adjusted returns, mitigates drawdowns,
and improves market adaptability. This aligns with recent advancements in reinforcement learning
research, which emphasize the effectiveness of hybrid AI-driven financial models in achieving superior
performance across diverse market regimes [18].

Furthermore, this research extends the IMCA-DRL framework to global financial markets, in-
cluding equities from the United States, Australia, Europe, Thailand, and cryptocurrencies. Previous
studies have predominantly focused on single-market DRL applications, limiting insights into the
complexities of cross-market dynamics [19,20]. Our multi-market approach offers a comprehensive
analysis of how the IMCA-DRL framework adapts to diverse conditions, enhancing portfolio resilience
across varying economic contexts.

Finally, while individual DRL models like PPO and A2C offer robustness in noisy financial
environments, and algorithms like DDPG, TD3, and SAC excel in continuous action spaces [5], existing
research lacks dynamic mechanisms for selecting the optimal model based on evolving conditions. This
study introduces IMCA, which continuously recalibrates model contributions in real-time, optimizing
trade-offs between exploration, exploitation, robustness, and adaptability [21,22]. By applying this
dynamic framework across multiple asset classes and global markets, the research offers a more holistic
and resilient approach to portfolio optimization.
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1.1. Research Contributions

This study introduces several novel advancements in the field of algorithmic trading and financial
AI research:

1. A first-of-its-kind hybrid DRL trading framework integrating IMCA, which dynamically adjusts
model selection weights in response to real-time market conditions, addressing the rigidity and
inefficiencies of static DRL ensemble models.

2. Application of IMCA-DRL to multi-market trading across the US, Australia, Europe, Thailand,
and cryptocurrency markets, providing new insights into cross-market adaptability—an area
underexplored in financial AI research.

3. A comparative evaluation of multiple DRL models (A2C, PPO, DDPG, TD3, SAC) within an
ensemble structure, demonstrating how dynamically optimizing model combinations enhances
performance under different market conditions.

This paper critically examines financial modeling in dynamic markets, focusing on reinforcement
learning-based trading strategies. Section 2 reviews ensemble learning limitations and introduces
IMCA as an adaptive framework for cross-market trading. Section 3 outlines the methodology, covering
DRL algorithms and IMCA’s dynamic model selection. Section 4 presents empirical results, comparing
DRL strategies with traditional models under volatile conditions. Section 5 concludes with a critical
discussion on AI-driven trading, emphasizing the need for improved risk management, execution
efficiency, and macroeconomic integration for more resilient financial decision-making.

2. Literature Review

The integration of ensemble learning and reinforcement learning (RL) has significantly trans-
formed algorithmic trading and portfolio optimization, especially within volatile and multi-asset
markets. Traditional models, such as mean-variance optimization and the Capital Asset Pricing Model
(CAPM), often struggle to adapt to dynamic financial environments due to their reliance on fixed
assumptions and static correlations [23,24]. Although ensemble learning techniques have been intro-
duced to enhance predictive accuracy, many approaches rely on static weighting mechanisms that fail
to respond adequately to market fluctuations and structural shifts [25,26]. This creates a critical gap
in developing adaptive frameworks capable of dynamically adjusting model contributions based on
real-time performance metrics [27–29].

To address these limitations, this study proposes the Iterative Model Combining Algorithm
(IMCA), which dynamically re-weights models using reinforcement learning. IMCA optimizes
portfolio allocation by adapting to evolving market conditions, continuously updating its decision-
making based on empirical market performance. This approach enhances adaptability, particularly in
high-volatility environments where structural changes—such as monetary policy shifts or financial
crises—demand rapid adjustments [30,31]. The following sections critically evaluate the evolution
of ensemble learning in finance, highlight key limitations, and demonstrate how IMCA improves
risk-adjusted returns, particularly in volatile and multi-asset trading contexts [32].

2.1. Ensemble Learning in Global Multi-Asset Trading

Ensemble learning techniques, such as Bagging [25] and Boosting [26], have historically been
employed to enhance model accuracy and robustness in financial applications. Bagging reduces
variance by training multiple predictors, while Boosting improves precision by focusing on misclas-
sified instances. These techniques have proven effective in managing non-linear and complex price
movements prevalent in financial markets [33,34]. However, their static weighting mechanisms limit
adaptability, particularly during periods of macroeconomic shocks or systemic crises.

Advanced ensemble techniques, including Random Forests [35] and Gradient Boosting Machines
(GBMs) [27], introduced randomization and gradient-based optimization to improve forecasting accu-
racy. Yet, these models struggle to dynamically adapt during extreme volatility, limiting effectiveness
in cross-market trading where rapid shifts occur [36].
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To overcome these challenges, the IMCA framework introduces a dynamic ensemble methodology
that continuously recalibrates model weights based on real-time performance. Unlike static ensembles,
IMCA adapts to evolving market conditions, aligning with advancements in AI-driven financial
modeling [32]. This adaptability enhances risk-adjusted returns in volatile markets, especially when
integrated with Deep Reinforcement Learning (DRL) strategies.

IMCA also leverages econometric models such as GARCH [37,38] to capture time-dependent
volatility and changing asset correlations. This is particularly relevant in multi-asset trading, where
market conditions can rapidly shift. Traditional models often fail to capture such abrupt changes, while
adaptive frameworks like IMCA optimize asset allocation in real time, enhancing portfolio resilience
during financial crises [39]. Recent research demonstrates that reinforcement learning, when combined
with adaptive ensemble methodologies, can significantly enhance decision-making in high-frequency
and long-term portfolio management [40,41].

By integrating ensemble learning, econometric forecasting, and DRL-driven optimization, IMCA
facilitates dynamic strategy adjustments across multiple asset classes, including equities and cryp-
tocurrencies. Given the increasing interconnectivity of global markets, IMCA presents a scalable and
adaptive solution for optimizing multi-asset trading strategies [42].

2.2. Deep Reinforcement Learning for Cross-Market Trading

Deep Reinforcement Learning (DRL) has gained substantial traction across diverse applications,
including transportation optimization [43], financial trading [4], and portfolio management. DRL mod-
els autonomously learn optimal trading strategies by interacting with dynamic environments, making
them particularly suited for volatile financial markets. Popular DRL algorithms include PPO [4],
TD3 [44], and SAC [2], each offering unique advantages in managing complex, high-dimensional
trading tasks [5,19].

Despite these strengths, DRL models face challenges, including sample inefficiency, hyperpa-
rameter sensitivity, and vulnerability to market non-stationarity [45,46]. Moreover, traditional DRL
approaches often lack robust risk management mechanisms, making them susceptible to large draw-
downs during periods of extreme market stress [47].

IMCA addresses these limitations by dynamically adjusting DRL model contributions based on
recent performance metrics, ensuring the ensemble strategy remains responsive to real-time market
changes. By continuously optimizing model weights, IMCA enhances risk-adjusted returns and
mitigates exposure to extreme drawdowns. The integration of econometric models like GARCH
further enhances risk control by providing a nuanced understanding of market volatility [48,49].

2.3. Emerging Paradigms in Algorithmic Trading

IMCA (Integrated Market Contextual Analysis) dynamically integrates sentiment analysis into
trading strategies by interpreting implicit information embedded within stock price movements.
Unlike conventional sentiment analysis, which relies on external indicators like social media trends or
investor surveys, IMCA operates on the premise that price fluctuations inherently mirror collective
investor sentiment and market psychology [50,51].

By focusing on price dynamics, IMCA simplifies analysis while capturing essential market
sentiment. During periods of heightened uncertainty—such as financial crises or policy shifts—sudden
price swings and volatility effectively indicate changes in investor sentiment and risk aversion [52,53].
In stable conditions, IMCA relies on technical indicators (e.g., moving averages, RSI) and fundamental
data (e.g., earnings reports) to guide trading strategies [54–57].

2.4. Innovations and Advancements of IMCA

IMCA advances traditional ensemble and standalone DRL models by dynamically adjusting
predictive contributions based on real-time conditions [25,28,32]. Its hybrid structure, integrating
DRL with econometric models like GARCH, enhances predictive accuracy and risk sensitivity. While
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DRL identifies optimal strategies, GARCH captures short-term volatility, providing resilience during
market fluctuations [32].

IMCA is scalable across multiple asset classes, reducing systemic risk in diversified portfolios [23].
Its real-time parameter updates, driven by GARCH risk assessments, enable proactive trading deci-
sions, making it well-suited for high-frequency environments [48].

2.5. Risk Management and Portfolio Diversification

Risk management remains critical in algorithmic trading, particularly in volatile markets. Tradi-
tional risk models like Value at Risk (VaR) and Conditional Value at Risk (CVaR) are limited by their
reliance on historical assumptions [58,59]. IMCA addresses this limitation by continuously adjusting
portfolio exposure based on real-time market data, ensuring more responsive risk management [60,61].

In this study, daily portfolio returns are used as the primary proxy for measuring VaR and CVaR.
The choice of this proxy is justified by the model’s focus on capturing short-term market dynamics and
ensuring real-time adaptability. Daily returns offer a direct and timely reflection of market volatility
and potential losses, which aligns with the high-frequency, adaptive nature of the IMCA framework.
Given the volatility inherent in global cross-market trading, daily returns provide a robust basis for
estimating potential downside risks while minimizing lagging effects commonly seen in models using
longer-term historical data.

Furthermore, IMCA integrates DRL trading strategies with risk-sensitive reward functions. Tradi-
tional DRL models focus on return maximization but often neglect risk controls [45]. By incorporating
GARCH-based volatility modeling, particularly frameworks that enhance forecasting in high-frequency
environments [62], IMCA enhances resilience during periods of extreme market conditions. The dy-
namic adjustment of portfolio weights based on real-time volatility forecasts ensures that the model
proactively mitigates potential losses, thereby reducing the tail risk measured by VaR and CVaR.

By combining dynamic risk assessment, adaptive model selection, and strategic portfolio diversi-
fication, IMCA optimizes cross-market trading. Its real-time adaptability, combined with efficient asset
allocation and advanced risk signaling, positions it as a superior framework for financial decision-
making [63].

3. Methodology

3.1. Reinforcement Learning Algorithms and Experimental Setup

This study employs six Deep Reinforcement Learning (DRL) algorithms—A2C, PPO, DDPG,
TD3, SAC, and IMCA—selected for their strengths in balancing risk-reward trade-offs, processing
high-dimensional data, and adapting to volatile market conditions. A2C and PPO offer stability
and robustness in fluctuating environments, DDPG and TD3 excel in continuous action spaces, SAC
enhances exploration in uncertain markets, and IMCA dynamically recalibrates model weights for
improved adaptability.

The models are trained on historical daily closing prices and technical indicators (MACD, RSI,
SMA) to capture market trends and momentum. The dataset spans multiple global exchanges, includ-
ing 39 stocks from the U.S., Europe, Australia, and Thailand, and 1 cryptocurrency. These countries
were chosen for their diverse market characteristics: the U.S. and Europe represent mature and highly
liquid markets, Australia offers exposure to commodity-driven economies, and Thailand introduces
insights from emerging markets. This diversity ensures the model’s robustness, adaptability, and
broader applicability across varying economic conditions and regulatory environments.

• U.S. Market (10 stocks): Apple Inc. (AAPL), Microsoft Corporation (MSFT), Alphabet Inc.
(GOOGL), Amazon.com Inc. (AMZN), Berkshire Hathaway Inc. Class B (BRK-B), Tesla Inc.
(TSLA), JPMorgan Chase & Co. (JPM), Johnson & Johnson (JNJ), NVIDIA Corporation (NVDA),
Visa Inc. (V)
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• Australian Market (10 stocks): Commonwealth Bank of Australia (CBA.AX), BHP Group Lim-
ited (BHP.AX), Westpac Banking Corporation (WBC.AX), CSL Limited (CSL.AX), Woolworths
Group Limited (WOW.AX), Telstra Group Limited (TLS.AX), National Australia Bank Limited
(NAB.AX), Fortescue Metals Group Ltd (FMG.AX), Rio Tinto Limited (RIO.AX), Wesfarmers
Limited (WES.AX)

• European Market (UK & Germany) (10 stocks): Shell plc (SHEL.L), HSBC Holdings plc
(HSBA.L), Unilever plc (ULVR.L), BP plc (BP.L), GSK plc (GSK.L), Diageo plc (DGE.L), As-
traZeneca plc (AZN.L), Rio Tinto plc (RIO.L), SAP SE (SAP.DE), Lloyds Banking Group plc
(LLOY.L)

• Thai Market (9 stocks): PTT Public Company Limited (PTT.BK), CP All Public Company Limited
(CPALL.BK), Advanced Info Service Public Company Limited (ADVANC.BK), Kasikornbank
Public Company Limited (KBANK.BK), The Siam Cement Public Company Limited (SCC.BK),
Bangkok Dusit Medical Services Public Company Limited (BDMS.BK), Airports of Thailand Pub-
lic Company Limited (AOT.BK), Charoen Pokphand Foods Public Company Limited (CPF.BK),
Electricity Generating Public Company Limited (EGCO.BK)

• Cryptocurrency (1): Bitcoin to US Dollar (BTC-USD)

Given that different exchanges operate in distinct time zones, a standardized approach is im-
plemented to synchronize closing prices across markets. Each stock’s closing price is recorded in its
respective local market time and used directly without additional time-zone adjustments [64,65]. To
ensure consistency across trading days, missing data due to holidays or market closures is imputed
using the last available closing price [66]. This method ensures that the model learns from a continuous
dataset while preserving the structural integrity of each market’s trading schedule.

Given that these markets close at different times, a standardized framework is used to integrate
closing prices effectively. Each stock’s closing price is recorded based on its local market time and then
aligned to a unified global trading day structure [64,67]. This ensures that the model learns from a
synchronized dataset while preserving the individual characteristics of each market.

The dataset spans from January 2010 to December 2024, covering financial crises, bull-bear
cycles, and high-volatility periods. The training period is from January 2010 to February 2022, with
out-of-sample testing from March 2022 to December 2024.

Preprocessing includes addressing inconsistencies, normalizing price movements across curren-
cies, and engineering key technical indicators (e.g., moving averages, momentum oscillators, volatility
metrics). A standardized framework aligns closing prices across time zones, with missing data im-
puted using the last available closing price. This ensures data continuity and enables models to adapt
effectively to cross-market trading conditions.

Each model is trained with the following configuration:

• Training Data: Daily adjusted closing prices with derived technical indicators, including Moving
Average Convergence Divergence (MACD), Relative Strength Index (RSI), and Simple Moving
Averages (SMA), which are widely recognized for capturing momentum, trend strength, and
market conditions.

• Training Period: Spans from January 2010 to February 2022, ensuring sufficient exposure
to diverse market conditions. The out-of-sample testing period extends from March 2022 to
December 2024, enabling robust performance evaluation.

• Learning Rate: Initially set at 0.0003 for most models and fine-tuned based on validation
performance to ensure convergence stability without overshooting optimal solutions.

• Episodes: 1000 episodes were used to ensure the models achieve convergence while capturing
diverse trading patterns.

• Batch Size: 64 observations per batch, balancing computational efficiency with stable gradient
updates.

• Discount Factor (γ): Set at 0.99 to prioritize long-term rewards while ensuring short-term
fluctuations do not overly influence decisions.
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• Exploration Rate: Initialized at 1.0 and gradually decayed for epsilon-greedy policies to ensure
sufficient exploration in early stages, transitioning to exploitation as learning progresses.

• Optimization Method: Grid search was employed for hyperparameter tuning, including learning
rates, discount factors, and batch sizes, ensuring optimal performance across varied trading
scenarios.

• Computational Resources: Training was performed on an NVIDIA RTX 3090 GPU with 24 GB
memory, enabling efficient parallel processing and accelerated model convergence.

• Framework: TensorFlow and PyTorch were used for algorithm implementation, leveraging their
flexibility and scalability for deep learning applications.

• Optimizer: The Adam optimizer was employed across all models due to its adaptive learning
rate and efficient handling of sparse gradients, which is critical for achieving faster convergence
and improved performance in complex, high-dimensional financial environments.

To enhance model performance and generalization, transfer learning techniques are applied.
Pre-trained models, initially trained on global indices such as the S&P 500, are fine-tuned using
the combined stock and cryptocurrency dataset. This approach accelerates training convergence
and improves model robustness by leveraging market patterns learned from established financial
instruments.

3.1.1. Experimental Workflow

The experimental setup is conducted on a high-performance computing system equipped with an
NVIDIA GPU to optimize model training. The workflow consists of the following stages:

1. Data Acquisition and Preprocessing: Market data is retrieved from multiple sources, including
Yahoo Finance and cryptocurrency exchanges, which takes approximately two minutes. Feature
engineering follows, including the addition of technical indicators, taking an additional three
minutes.

2. Training and Hyperparameter Optimization: Each model undergoes extensive training for
100,000 timesteps, with training durations varying by model complexity.

3. Evaluation and Performance Assessment: Models are evaluated on the out-of-sample test dataset,
measuring key performance metrics such as cumulative returns, Sharpe ratios, and maximum
drawdowns.

Table 1 summarizes the training times and hyperparameter configurations for each reinforcement
learning model.

Table 1. Training times and hyperparameters for each reinforcement learning model.

Model Hyperparameters Timesteps Training Time

A2C
“n_steps”: 10,000,
“ent_coef”: 0.01,
“learning_rate”: 0.001

200,000 8–18 min

PPO

“n_steps”: 10,000,
“ent_coef”: 0.005,
“learning_rate”: 0.001,
“batch_size”: 256

200,000 12–20 min

DDPG
“batch_size”: 256,
“buffer_size”: 1,000,000,
“learning_rate”: 0.001

200,000 120–130 min

SAC

“batch_size”: 256,
“buffer_size”: 1,000,000,
“learning_rate”: 0.001,
“learning_starts”: 0.01,
“ent_coef”: “auto_0.1”

200,000 130–140 min

TD3
“batch_size”: 256,
“buffer_size”: 1,000,000,
“learning_rate”: 0.001

200,000 115–130 min
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3.1.2. Advantage Actor-Critic (A2C)

A2C algorithm is selected for its ability to balance exploration and exploitation in sequential
decision-making processes. This property makes it well-suited for financial markets, where optimal
trading strategies require adaptive decision-making in response to volatile price movements. A2C uti-
lizes an actor network to determine optimal actions and a critic network to evaluate their effectiveness,
improving learning efficiency compared to value-based approaches.

The loss function for A2C, which jointly optimizes the policy and value networks, is defined as:

LA2C =
1
N

N

∑
i=1

[log πθ(ai | si)Ai]− c · 1
N

N

∑
i=1

(V(si)− Ri)
2, (1)

where N represents the number of training samples, πθ(ai | si) denotes the probability of selecting
action ai given the state si under the policy parameterized by θ, and Ai quantifies the advantage of
taking action ai over the baseline policy. The regularization constant c balances policy optimization
with value estimation.

3.1.3. Proximal Policy Optimization (PPO)

PPO is a policy-gradient-based reinforcement learning algorithm known for its ability to improve
stability and robustness in financial applications. PPO prevents abrupt policy updates by using a
clipping mechanism, ensuring that policy changes remain within a predefined trust region. This design
minimizes volatility in model performance, making it well-suited for portfolio optimization.

The PPO loss function is defined as:

LPPO(θ) =
1
N

N

∑
i=1

[min(ri(θ)Ai, clip(ri(θ), 1− ϵ, 1 + ϵ)Ai)], (2)

where ri(θ) represents the probability ratio between the new and old policies, ensuring that policy
updates remain within a stable range. The advantage function Ai guides the policy toward actions
that yield superior rewards. The clipping threshold ϵ, typically set to 0.2, restricts policy changes to
prevent instability.

3.1.4. Deep Deterministic Policy Gradient (DDPG)

DDPG is an actor-critic algorithm designed for continuous action spaces. It is particularly useful
for optimizing portfolio allocations, where asset weight adjustments occur on a continuous scale.
DDPG employs two neural networks: an actor network for selecting optimal portfolio weights and a
critic network for evaluating their effectiveness.

The critic network is optimized using the following loss function:

LDDPG =
1
N

N

∑
i=1

(
yi −Q(si, ai | θQ)

)2
, (3)

where yi is the target Q-value, estimated based on observed outcomes, and Q(si, ai | θQ) represents
the critic network’s current Q-value estimate. The target Q-value is computed as:

yi = ri + γQ′(si+1, ai+1 | θQ′), (4)

where ri is the observed reward, γ is the discount factor, and Q′ denotes the target Q-network.

3.1.5. Soft Actor-Critic (SAC)

SAC enhances reinforcement learning performance by incorporating entropy regularization, en-
couraging exploration and reducing premature convergence. Unlike DDPG, SAC employs a stochastic
policy, making it more robust to market fluctuations.

The critic network in SAC is trained using the loss function:
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Lcritic(θ
Q) =

1
N

N

∑
i=1

(QθQ(si, ai)− yi)
2, (5)

where QθQ(si, ai) represents the Q-value estimate for a given state-action pair. The target Q-value
is defined as:

yi = ri + γEai+1∼πϕ

[
Q

θQ′ (si+1, ai+1)− α log πϕ(ai+1 | si+1)
]
, (6)

where α is an entropy temperature parameter that balances exploration and exploitation.
The actor network in SAC is trained to minimize the following objective:

Lactor(ϕ) =
1
N

N

∑
i=1

Eai∼πϕ

[
α log πϕ(ai | si)−QθQ(si, ai)

]
. (7)

3.1.6. Twin Delayed Deep Deterministic Policy Gradient (TD3)

TD3 improves upon DDPG by mitigating Q-value overestimation and enhancing stability in
policy updates. It introduces twin Q-networks, delayed policy updates, and noise smoothing to
improve learning efficiency.

The target Q-value for TD3 is computed as:

Qtarget = r + γ min(Qθ′1
(s′, a′), Qθ′2

(s′, a′)), (8)

where Qθ′1
and Qθ′2

are twin Q-networks that prevent overestimation bias. The target networks
are updated using a soft update mechanism:

θ′ ← τθ + (1− τ)θ′, (9)

where τ controls the rate of target updates.
The training process includes collecting experience tuples (st, at, rt, st+1), updating the critic

networks with the mean-squared error loss:

Lθj =
1
N ∑

i

(
Qθj(si, ai)− yi

)2, (10)

and updating the actor network less frequently than the critics, using:

Lϕ = − 1
N ∑

i
Qθ1(si, πϕ(si)). (11)

3.1.7. Iterative Model Combining Algorithm (IMCA)

IMCA is an adaptive ensemble technique designed to dynamically adjust the weights of reinforce-
ment learning models based on recent market performance. Unlike traditional ensemble approaches
with fixed weighting schemes, IMCA continuously updates model contributions, prioritizing those
that perform well in specific market conditions.

Financial markets, particularly emerging markets and cryptocurrency exchanges, exhibit signifi-
cant inefficiencies and rapid structural changes. Static models often fail to adapt to these shifts, making
them suboptimal for real-time trading. IMCA addresses this challenge by redistributing model weights
based on market fluctuations, ensuring robust and adaptive portfolio management.

By integrating reinforcement learning models with an iterative ensemble optimization process,
IMCA enhances trading performance across diverse financial instruments, enabling more effective
multi-asset portfolio strategies.
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3.1.8. Steps in IMCA

The IMCA optimizes trading predictions by dynamically adjusting model weights based on
performance. This approach enhances adaptability to market fluctuations, ensuring robust portfolio
management.

The process begins with selecting an error metric (ℓp), such as Root Mean Square Error (RMSE) or
Mean Absolute Error (MAE), to quantify prediction accuracy:

ℓp =

(
1
N

N

∑
i=1
|ŷi − yi|p

) 1
p

, (12)

where N is the number of observations, ŷi represents the predicted value, yi is the actual value,
and p defines the error type (p = 2 for RMSE, p = 1 for MAE).

To prevent overfitting, a regularization term (λ) stabilizes weight updates:

w(t+1)
k = w(t)

k − λ ·
∂ℓp

∂w(t)
k

, (13)

where w(t)
k is the weight of model k at iteration t. The evaluation window length (l) ensures that

weight updates reflect recent trends without overreacting to noise.
Each model’s performance score (Vk) is calculated as:

Vk =
1

wk + δ
, (14)

where δ prevents division by zero. Lower-performing models receive higher Vk values, penalizing
their influence. The refined weight update formula is:

w(t+1)
k = w(t)

k − λ ·
∂ℓp

∂w(t)
k

·Vk. (15)

The final ensemble prediction is computed as:

Ŷfor(s + l + 1) =
n

∑
k=1

wk Mk(s + l + 1), (16)

where Mk(s + l + 1) represents the forecast from model k, and n is the number of models.

3.1.9. Performance Evaluation Metrics

The effectiveness of IMCA in portfolio management is evaluated using key performance metrics
that assess both profitability and risk.

• Cumulative Return: Measures total investment growth over the evaluation period [68].
• Annual Return: Represents the average yearly portfolio growth, enabling comparisons across

strategies [68].
• Annualized Volatility: Quantifies the variability of returns on an annual basis, indicating portfolio

risk [60].
• Sharpe Ratio: Evaluates risk-adjusted returns by measuring excess returns per unit of risk [24].
• Maximum Drawdown: Captures the largest peak-to-trough decline, assessing downside risk

resilience [63].

These metrics provide a balanced framework for analyzing IMCA’s effectiveness in optimizing
portfolio performance while managing risk in multi-asset financial markets.
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4. Estimation Results

In this section, we present the performance evaluation of various portfolio allocation strategies,
comparing DRL-based models with traditional approaches to assess their effectiveness under different
market conditions. Figures 1 and 2 illustrate the cumulative returns of each strategy over the study
period, providing insights into their growth trends and ability to withstand market volatility. Mean-
while, Table 2 summarizes key performance metrics, which are crucial for evaluating the suitability of
each investment strategy.

The results show that DRL-based algorithms are highly adaptable and efficient in managing
portfolio allocations, offering competitive returns with optimal risk. The IMCA outperforms other
models, excelling in volatile markets. This highlights its potential for enhancing portfolio performance
and investment decision-making.

4.1. Cumulative Return Trends

The cumulative return of the portfolio allocation model provides key insights into its performance
by using Reinforcement Learning in comparison to traditional strategies. The CAPM model, in
this context, serves as a benchmark for risk-adjusted portfolio optimization across multiple asset
classes. Unlike conventional studies that often use a single benchmark index such as the S&P 500,
this CAPM model is derived from a diversified cross-market portfolio of 40 assets including equities
from the US, Australia, Europe, Thailand, and cryptocurrencies. This approach ensures a more
comprehensive reflection of global market dynamics and risk factors, making it a robust baseline for
evaluating performance under diverse market conditions. By using a cross-market asset composition,
the CAPM model captures a broader spectrum of economic influences, regulatory differences, and
investor behaviors, providing a more realistic and globally relevant comparison for assessing portfolio
optimization strategies under varying levels of market volatility.

Figure 1 illustrates the cumulative returns of the Reinforcement Learning models, including A2C,
PPO, DDPG, SAC, and TD3, across various global markets during the testing period from March 2022
to August 2024. The results show a consistent upward trend in cumulative returns, particularly from
late 2023 to 2024. While all Reinforcement Learning models outperform traditional approaches, PPO
and TD3 achieve the highest cumulative returns at 29.3 percent and 29.4 percent, respectively, followed
closely by IMCA with 29.5 percent.

In contrast, the CAPM model, represented by the blue line, experiences a significant decline in
early 2022, followed by a slow recovery starting in 2023. Despite posting positive returns toward
the end of the period, CAPM underperforms significantly compared to Reinforcement Learning
models, reflecting its high volatility of 17.17 percent and the largest maximum drawdown of negative
50.97 percent. These findings suggest that Reinforcement Learning models offer greater stability
and resilience, particularly in volatile market conditions. The IMCA framework further enhances
adaptability, maintaining the highest Sharpe ratio of 0.8293 while balancing return maximization and
risk control.

Among Reinforcement Learning models, PPO and TD3 emerge as the most viable options for
active investment strategies, achieving the highest cumulative returns with competitive Sharpe ratios.
Their superior performance highlights the effectiveness of Reinforcement Learning models in adapting
to dynamic financial environments. Additionally, A2C, DDPG, and SAC demonstrate strong perfor-
mance, with cumulative returns of 27.6 percent, 25.4 percent, and 24.4 percent, respectively. These
models consistently surpass the CAPM and Min-Variance strategies, confirming the superiority of
Reinforcement Learning-based portfolio allocation.
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Figure 1. Cumulative returns comparison of Reinforcement Learning portfolio allocation models.

4.2. Comparative Performance of IMCA and Traditional Strategies

The IMCA model offers the most balanced and adaptive portfolio allocation strategy by achieving
high returns while maintaining controlled volatility and superior risk-adjusted performance. With an
annual return of 6.80 percent and a cumulative return of 29.5 percent, IMCA surpasses all individual
Reinforcement Learning models. Its Sharpe ratio of 0.8293 further indicates its efficiency in generating
returns per unit of risk. These results emphasize the significance of adaptive Reinforcement Learning-
based strategies in modern financial markets.

Figure 2 presents a comparative analysis of traditional investment strategies and the IMCA model.
The results demonstrate that IMCA, represented by the red line, exhibits a consistent upward trend
throughout the observation period, maintaining strong growth and stability, particularly from mid-
2023 onward. Unlike the Min-Variance and CAPM models, which show higher volatility and limited
adaptability, IMCA provides a more resilient investment strategy.

Among traditional strategies, the Min-Variance model prioritizes risk minimization, resulting in
the lowest annual volatility of 5.99 percent and the smallest maximum drawdown of negative 10.96
percent. However, it produces the lowest cumulative return of only 0.75 percent, highlighting its
conservative nature. The CAPM model, in contrast, exhibits the highest annual volatility at 17.17
percent and suffers the largest drawdown of negative 50.97 percent, making it the least effective
strategy in terms of risk-adjusted performance.

IMCA effectively balances return optimization and risk management by leveraging an adaptive
framework that dynamically adjusts portfolio allocations based on market conditions. Its annual
volatility of 8.20 percent remains competitive with other Reinforcement Learning models, while its
maximum drawdown of negative 13.50 percent is lower than PPO, A2C, and TD3. These findings
underscore the robustness and efficiency of IMCA, confirming its ability to generate consistent and
increasing cumulative returns over time.
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Figure 2. Comparative performance of traditional and iterative model combining portfolio strategies.

For traditional methods, the Min-Variance strategy exhibits a relatively stable trajectory with
minimal fluctuations. It is particularly effective in minimizing risk, as reflected in its low annual
volatility of 5.99 percent and the smallest maximum drawdown of negative 10.96 percent. While it
does not generate high returns, with a cumulative return of only 0.75 percent and an annual return
of 0.17 percent, it remains a suitable choice for highly risk-averse investors. The strategy prioritizes
stability over return maximization, making it effective in maintaining portfolio value during periods
of high market uncertainty.

Extreme losses characterize the CAPM portfolio allocation strategy, which demonstrates signif-
icant volatility and high exposure to market downturns. With an annual volatility of 17.17 percent,
CAPM experiences the highest fluctuations among all strategies, resulting in a maximum drawdown
of negative 50.97 percent. Although it shows signs of recovery in 2023 and 2024, its cumulative return
of 16.1 percent remains significantly lower than that of IMCA and all tested reinforcement learning
models. These findings highlight the limitations of the CAPM strategy, as its performance is heavily
influenced by market instability, making it less effective in volatile financial environments.

The observed performance trends across portfolio strategies can be directly linked to the macroe-
conomic and financial events that shaped global markets during the 2022-2024 period. The significant
drawdown in CAPM’s performance during early 2022 aligns with the aggressive monetary tightening
by the Federal Reserve, which led to capital outflows from risk assets and a sharp contraction in equity
valuations [31]. This period also saw severe liquidity crises in the cryptocurrency sector, exacerbating
market volatility and reducing portfolio stability for static allocation strategies [11,69]. While tradi-
tional models like CAPM and Min-Variance struggled to mitigate losses, IMCA demonstrated superior
adaptability by dynamically reallocating capital away from high-risk assets during these downturns.

As markets entered a volatile recovery phase in late 2022 and early 2023, instability in the
banking sector—exemplified by the failures of Silicon Valley Bank (SVB) and Credit Suisse—further
disrupted financial markets [69]. CAPM’s reliance on static risk premia rendered it unable to adjust
to these shocks, while IMCA leveraged its reinforcement learning framework to recalibrate asset
allocations in response to shifting market conditions. Similarly, during the resurgence of tech stocks
and cryptocurrency markets in mid-2023, driven by advancements in artificial intelligence and investor
speculation on future rate cuts, IMCA effectively captured upside momentum, outperforming both
traditional models and static DRL strategies.

IMCA’s adaptive strategy proved superior in capitalizing on market recovery. By early 2024,
expectations of Federal Reserve rate cuts and improved macroeconomic stability fueled a sustained
market rally [30]. While all strategies benefited to some extent, CAPM and Min-Variance portfolios
remained constrained by their rigid assumptions, failing to capitalize fully on emerging opportunities.
In contrast, IMCA’s superior performance can be attributed to its ability to continuously integrate new
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market information and adjust its portfolio in real time, reflecting an enhanced capability to navigate
financial cycles effectively.

4.3. Overall Performance Metrics

Table 2 presents the performance evaluation of different DRL-based portfolio allocation models
compared to traditional investment strategies. The table includes key financial performance metrics
such as cumulative returns, annual returns, annual volatility, daily VaR, Sharpe ratio, and maximum
drawdown. The key findings are as follows:

• Among the DRL-based models, PPO delivers a strong cumulative return of 29.3% with an annual
return of 6.04%, achieving a competitive balance between risk and profitability. Its Sharpe
ratio of 0.7475 suggests an efficient risk-return tradeoff, making it one of the top-performing
reinforcement learning models.

• The IMCA model outperforms all DRL strategies in terms of risk-adjusted returns, achieving
the highest Sharpe ratio of 0.8293. It maintains a strong cumulative return of 29.5% with an
annual return of 6.80%, confirming its adaptability in portfolio allocation. Additionally, its lower
maximum drawdown of -13.50% compared to most DRL models demonstrates its enhanced
ability to manage downside risks.

• The traditional Min-Variance strategy remains the most stable, exhibiting the lowest annual
volatility of 5.99% and the smallest maximum drawdown of -10.96%. However, it produces the
lowest cumulative return of only 0.75%, with an annual return of 0.17%, reflecting its conservative
nature and limited growth potential.

• The CAPM model performs significantly worse in risk-adjusted terms, with the highest annual
volatility of 17.17% and the largest maximum drawdown of -50.97%. Despite achieving a
cumulative return of 16.1%, its Sharpe ratio of only 0.2033 indicates poor risk management.

In terms of overall performance, DRL-based strategies, particularly PPO and TD3, exhibit superior
cumulative returns and risk-adjusted returns compared to traditional approaches. However, IMCA
emerges as the most effective model, providing the best balance between return generation and risk
control. Its ability to dynamically adjust model selection based on market conditions allows it to
outperform individual DRL strategies, confirming the value of model aggregation in optimizing
portfolio performance.

These findings reinforce the potential of adaptive reinforcement learning models in financial
decision-making. The IMCA approach demonstrates that integrating multiple DRL models within
a robust framework can enhance portfolio resilience and provide investors with a more effective
alternative to traditional static portfolio allocation methods.

Table 2. Performance metrics of portfolio allocation models.

Model Annual Return (%) Cumulative Returns (%) Annual Volatility (%) Sharpe Ratio Max Drawdown (%) Daily VaR (%)

A2C 5.72 27.6 8.11 0.7053 -13.20 -1.00
PPO 6.04 29.3 8.08 0.7475 -13.10 -1.00
DDPG 5.35 25.4 8.26 0.6477 -13.85 -1.02
SAC 5.10 24.4 7.70 0.6623 -12.98 -0.95
TD3 6.07 29.4 8.32 0.7296 -12.96 -1.02
Min Variance 0.17 0.75 5.99 0.0284 -10.96 -0.75
CAPM 3.49 16.1 17.17 0.2033 -50.97 -2.14
IMCA 6.80 29.5 8.20 0.8293 -13.50 -1.02

4.4. Advanced Robustness and Cross-Market Adaptability

In this study, the robustness and adaptability of the IMCA framework were thoroughly examined
and demonstrated through multiple tests, as previously presented. The out-of-sample analysis,
utilizing financial data from a distinct post-2022 period, confirmed the model’s generalizability across
diverse economic cycles. The results, already discussed, showed that IMCA consistently achieved
stable cumulative returns and superior risk-adjusted performance, reinforcing its resilience and
effectiveness in adapting to evolving market dynamics.
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As illustrated in Figure 2, the performance of the IMCA model clearly demonstrates its superior
adaptability and resilience across different market regimes, including bull, bear, and sideways mar-
kets. The IMCA model (represented by the red line) consistently outperforms traditional strategies,
maintaining a steady upward trajectory even during periods of heightened volatility and market
downturns.

In contrast, the CAPM model (green line) exhibits significant declines, particularly during the
early bear market phase, highlighting its vulnerability to sharp market corrections. Meanwhile, the
Min-Variance model (blue line) demonstrates a stable but limited growth pattern, failing to capture
substantial upward trends during bullish periods.

While stress testing frameworks are commonly employed to simulate extreme financial events
such as abrupt interest rate hikes or geopolitical shocks [70], the out-of-sample analysis conducted
in this study already provides robust evidence of IMCA’s superior adaptability. By applying IMCA
to diverse post-2022 market conditions characterized by significant macroeconomic shifts and global
financial disruptions, the framework demonstrated consistent cumulative return growth and effective
drawdown management. This real-world validation reduces the necessity for hypothetical stress sce-
narios, aligning with findings that real market data-based evaluations offer more reliable insights into
model robustness and practical applicability [71]. Thus, the demonstrated out-of-sample performance
confirms IMCA’s capacity to dynamically adjust and outperform traditional models without requiring
additional simulated stress conditions.

The cross-market adaptability of IMCA was assessed by analyzing evolving cross-asset correla-
tions.

Figure 3 shows that during the early market phase (March 2022 - March 2023), correlations among
global equities were relatively strong. This includes indices such as the S&P 500 (GSPC), NASDAQ
Composite (IXIC), Dow Jones Industrial Average (DJI), Australian Securities Exchange (AXJO), FTSE
100 (FTSE), DAX (GDAXI), and CAC 40 (FCHI). In contrast, Bitcoin (BTC-USD) displayed weaker
integration, particularly with regional indices like SET.BK (Stock Exchange of Thailand), indicating
compartmentalized risk.

Figure 4 reveals a notable shift in the later phase (March 2023 - March 2024), with weakened
equity correlations and BTC-USD exhibiting stronger and negative correlations with some markets,
such as SET.BK, showing a correlation of -0.8. These shifts highlight increased diversification potential
but also greater uncertainty, particularly regarding crypto-assets’ relationship with traditional equity
markets.

Among all models evaluated in this study, IMCA consistently demonstrated superior adaptability
by dynamically recalibrating portfolio allocations in response to evolving correlation structures. Unlike
static models, IMCA effectively minimized concentrated risk exposures, ensured greater diversification,
and enhanced resilience against market shocks. This adaptive mechanism allowed IMCA to outperform
other strategies in terms of both cumulative returns and risk-adjusted performance, confirming its
effectiveness in navigating complex and volatile financial environments.
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Figure 3. Dynamic correlation trends during the early market phase (March 2022 - March 2023)

Figure 4. Dynamic correlation trends during the later market phase (March 2023 - March 2024)

IMCA’s ability to recalibrate in real-time is grounded in adaptive learning theories, where contin-
uous feedback mechanisms enable models to optimize their strategies dynamically [72]. This approach
aligns with regime-switching theories, where financial markets exhibit distinct behavior patterns that
require adaptive modeling to ensure consistent performance [73,74].

4.4.1. Evaluating Learning Progression of IMCA

To assess the stability and effectiveness of the reinforcement learning-based portfolio allocation
strategies using IMCA, we evaluate the learning progression over training steps. The cumulative
reward and Sharpe ratio are key indicators of model performance, reflecting profitability and risk-
adjusted returns, respectively.

Figure 5 presents the cumulative reward progression across training steps. The results show a
steep increase in reward accumulation during the early training phase, with the model reaching a
plateau around 15,000 time-steps. At 100,000 time-steps, the model demonstrates a stabilized learning
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process, where reward accumulation exhibits minor fluctuations but maintains an overall upward
trend. Such convergence behavior is consistent with findings from Hachaïchi and Lanwer (2024), who
observed similar early convergence in reinforcement learning-driven portfolio strategies [75]. Beyond
this point, additional training yields marginal improvements, confirming that the model has effectively
converged to an optimal policy [76].

Similarly, Figure 6 illustrates the Sharpe ratio evolution over training steps. Initially, the risk-
adjusted return increases gradually, signifying model improvement in balancing profitability and
risk. Around 100,000 time-steps, the Sharpe ratio stabilizes at a high level, indicating enhanced
decision-making efficiency. This stabilization process aligns with the work of Huang et al. (2024), who
highlighted that convergence in Sharpe ratio reflects the achievement of optimal trading policy [21].
Post-100,000 steps, the learning curve smooths out, confirming that the model has reached a robust
state with consistent performance [77].

Despite its adaptive complexity, IMCA demonstrates computational efficiency, achieving conver-
gence in under 100,000 steps. This efficiency makes it suitable for real-time deployment in fast-moving
financial markets, where decision latency can significantly impact profitability [78].

Figure 5. Learning Progression: Cumulative Rewards of IMCA Across Training Steps.

Figure 6. Learning Progression: Sharpe Ratio of IMCA Across Training Steps.
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4.5. Discussion

This study aims to identify the most effective investment strategy for optimizing trading strategies
across multiple global financial markets by applying DRL algorithms and an IMCA. By extending
beyond single-market applications, this research provides insights into how AI-driven models perform
in varying economic conditions, across different asset classes, and under diverse regulatory constraints.
The results reveal significant findings on portfolio optimization and risk management across global
markets.

First, the IMCA framework demonstrates a notable advancement in portfolio optimization by
dynamically adjusting model weights based on real-time market conditions across multiple regions
and asset classes. Unlike traditional ensemble techniques, which apply static weighting mechanisms,
IMCA continuously recalibrates itself in response to fluctuating market dynamics, thereby enhancing
robustness in cross-market trading [32]. The empirical findings indicate that IMCA significantly
mitigates the limitations of standalone DRL models, which often suffer from overfitting or inefficiencies
in certain market conditions. By integrating adaptive model selection and reinforcement learning,
IMCA consistently outperforms conventional strategies such as CAPM and the Min-Variance approach
across different financial environments. This establishes IMCA as a more resilient and scalable
framework for multi-asset, cross-market portfolio allocation.

Second, the analysis confirms that DRL models systematically outperform traditional investment
strategies, reinforcing previous findings that demonstrated the superior risk-adjusted returns of DRL-
based trading systems [3,5]. The study finds that DRL models achieve higher Sharpe Ratios than
traditional portfolio allocation methods, despite their increased Maximum Drawdowns. Among the
DRL models, PPO and TD3 emerge as the most effective algorithms, achieving cumulative returns
of 29.3 percent and 29.4 percent, respectively. However, IMCA surpasses both models, achieving the
highest cumulative return of 29.5 percent with the best Sharpe ratio of 0.8293. These results reinforce
the importance of adaptive Reinforcement Learning models in financial markets, particularly when
managing risk-adjusted performance in cross-market trading.

From a critical economic perspective, the adaptability of IMCA reflects the broader necessity
for financial models to respond to increasingly complex and interconnected global markets. The
integration of diverse assets, including both traditional equities and cryptocurrencies, aligns with the
evolution of modern investment portfolios, which must account for rapid technological shifts and
economic uncertainties. Traditional models, such as CAPM, inherently assume stable risk premia
and static correlations, yet these assumptions are frequently invalidated during periods of market
turbulence, geopolitical shifts, or monetary policy changes [30,31]. IMCA’s capacity to dynamically
recalibrate model weights enables it to navigate such complexities, thereby offering resilience against
unforeseen economic disruptions.

Furthermore, the study highlights the critical role of adaptive trading frameworks in responding
to macroeconomic shocks. For instance, during periods of monetary tightening or global financial
stress, static models may misallocate capital, failing to adjust to risk-off environments. IMCA’s dynamic
approach allows for real-time reallocation, enhancing capital preservation during downturns while
maximizing opportunities during market recoveries [9]. This capacity for adaptive responsiveness
is particularly valuable in environments characterized by high inflation, interest rate volatility, or
systemic market dislocations.

In contrast, the Min-Variance strategy is risk-averse but lacks the adaptability required for global
financial markets. While it effectively reduces risk, as seen in its low annual volatility of 5.99 percent
and minimal maximum drawdown of -10.96 percent, it fails to maximize returns, with a cumulative
return of just 0.75 percent. This makes it suboptimal for investors seeking higher growth. Given the
findings of this study, it is evident that static portfolio optimization strategies like Min-Variance lack
the flexibility required to respond dynamically to cross-market conditions [17].

The cross-market comparison of DRL and IMCA underscores their ability to generate consistently
higher returns while maintaining a risk profile comparable to traditional investment strategies. How-

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2025 doi:10.20944/preprints202503.1146.v1

https://doi.org/10.20944/preprints202503.1146.v1


19 of 24

ever, the analysis also reveals that DRL models remain vulnerable to high volatility and periods of
extreme market stress, with annual volatility levels surpassing those of traditional approaches [6]. This
suggests that despite their adaptability, DRL-based strategies still require more robust mechanisms
for mitigating systemic risks, particularly in multi-market settings where correlations between assets
fluctuate unpredictably.

Among DRL models, PPO and TD3 provide the most competitive risk-return tradeoffs, balancing
performance across different market conditions. Their outperformance across global equities and
cryptocurrency markets indicates a higher level of adaptability than traditionally assumed for rein-
forcement learning models, making them more applicable to multi-asset trading. However, IMCA
outperforms all models by efficiently allocating across strategies, achieving the highest Sharpe Ratio
and a more stable return profile.

Overall, the findings highlight the critical role of adaptive trading frameworks in cross-market
portfolio management. IMCA’s integration with DRL enhances portfolio resilience, but further re-
search is needed to refine risk-control mechanisms, optimize hyperparameters, and incorporate
macroeconomic indicators and monetary policies. Future work should explore high-frequency trading,
alternative asset classes, and transaction costs to improve practical viability.

4.5.1. Economic Policy Implications

The findings from this study also carry significant implications for financial institutions and
policymakers. In an increasingly interconnected global economy, static portfolio models may lead to
suboptimal asset allocations, exacerbating systemic risk during financial crises. Therefore, there is a
strong policy argument for adopting AI-driven adaptive frameworks like IMCA. Such models not only
enhance the profitability and resilience of investment portfolios but also contribute to the stability of
financial systems by reducing the propagation of market shocks [9,39]. Regulatory bodies might also
consider encouraging the development and adoption of dynamic risk-management systems to better
prepare for periods of economic uncertainty and financial stress.

IMCA’s superior performance stems from its ability to dynamically adjust portfolio allocations
based on macroeconomic shifts. Key contributing factors include GARCH-based risk estimation,
adaptive interest rate sensitivity, and liquidity flow analysis. Unlike static models, IMCA continuously
reweights these indicators, ensuring robust performance across varying financial regimes [37,38].

By advancing AI-driven portfolio optimization, this study establishes IMCA as a scalable and
adaptable framework for global financial trading. Its ability to integrate macroeconomic signals and
real-time market dynamics positions IMCA as a next-generation solution for risk-adjusted portfolio
management [43].

For institutional investors, IMCA’s adaptive nature offers a robust framework for navigating peri-
ods of heightened volatility and market disruption. By dynamically reallocating portfolio exposures, it
ensures optimal risk-adjusted returns while mitigating drawdown risks. This feature is particularly
valuable for hedge funds managing diversified portfolios that require rapid responsiveness to evolving
market conditions [36].

5. Conclusions

This study conducted a comprehensive analysis of the performance of various DRL models,
including DDPG, PPO, TD3, SAC, and A2C, along with the IMCA. The primary objective was to
evaluate the effectiveness of reinforcement learning-based trading strategies across diverse global
markets, encompassing equities and cryptocurrency assets, while assessing their adaptability under
fluctuating financial conditions. By adopting a cross-market approach, the research underscores the
capacity of DRL models to optimize multi-asset portfolio allocations, offering a data-driven alternative
to conventional strategies. Moreover, the IMCA framework demonstrates enhanced scalability across
various asset classes and regional markets by dynamically adjusting model selection based on real-time
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financial conditions, positioning it as a robust solution for institutional and retail investors managing
globally diversified portfolios.

Empirical findings indicate that DRL models consistently outperform traditional portfolio op-
timization techniques, including the Min-Variance approach and the CAPM. While PPO and TD3
emerge as top-performing DRL algorithms, the IMCA framework surpasses both by dynamically
recalibrating model weights to align with evolving market conditions, thereby achieving superior
cumulative returns and risk-adjusted performance. In contrast, the Min-Variance strategy, although
effective in reducing risk exposure, yields significantly lower returns, reflecting its conservative ap-
proach. The CAPM model, characterized by moderate returns, suffers from heightened volatility and
substantial drawdowns, highlighting its vulnerability during periods of financial stress. These findings
underscore the trade-off between risk and return, emphasizing that while DRL models enhance prof-
itability, they also introduce greater exposure to volatility and potential losses. Consequently, effective
risk management strategies are critical to balancing return maximization with volatility mitigation in
reinforcement learning-based portfolio optimization.

The IMCA framework plays a critical role in improving the robustness of reinforcement learning-
based strategies. Unlike individual models that rely on fixed parameters and training environments,
IMCA dynamically adjusts model selection based on real-time market conditions. The results show that
IMCA achieves an annual return of 6.80 percent and a cumulative return of 29.5 percent, surpassing
traditional strategies while maintaining competitive risk-adjusted returns. By leveraging multiple
DRL models, IMCA demonstrates resilience in adapting to changing market structures, reducing the
likelihood of performance degradation during periods of heightened market volatility. Additionally,
IMCA’s adaptive nature ensures that it remains effective across multiple market regimes, allowing it
to be deployed in various financial environments ranging from high-frequency trading to long-term
portfolio management.

Despite these advancements, several challenges remain in applying reinforcement learning-based
trading strategies to real-world financial markets. The dynamic nature of asset price movements,
liquidity constraints, and transaction costs introduce additional complexities that must be addressed
in future research. A key area for improvement involves integrating macroeconomic indicators, such
as interest rates, inflation, and economic growth, into reinforcement learning models. The current
study relies primarily on price-volume data, which, while effective, may not fully capture broader
market trends.

Risk management remains a fundamental concern for reinforcement learning-based models, par-
ticularly in periods of market stress. Future research should focus on refining risk control mechanisms,
such as adaptive drawdown constraints and real-time volatility adjustments, to mitigate sudden
portfolio losses. The development of hybrid reinforcement learning frameworks that dynamically
adjust across different financial environments could further enhance portfolio stability. Additionally,
execution efficiency, including the reduction of latency in high-frequency trading applications, rep-
resents another avenue for improvement. Furthermore, while IMCA offers enhanced adaptability,
its reliance on historical data and reinforcement learning algorithms presents the risk of overfitting,
particularly in non-stationary market conditions. Future refinements should include more robust
generalization techniques to ensure model effectiveness across unseen financial environments.

This study contributes to the growing body of research on reinforcement learning-based financial
applications by demonstrating the effectiveness of adaptive model aggregation in cross-market trading.
The findings provide strong empirical support for the use of reinforcement learning models in dynamic
portfolio management while also identifying key areas for future enhancements. By addressing
risk mitigation, macroeconomic integration, and execution efficiency, future reinforcement learning-
based frameworks could become more reliable and scalable for institutional and retail investors alike.
Additionally, continued research on model robustness, particularly in handling structural market shifts,
is necessary to prevent over-reliance on historical patterns and to develop more resilient AI-driven
financial strategies.
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