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Abstract 

Financial markets exhibit dynamic and stochastic behavior with regime shifts that challenge traditional 

portfolio optimization. We introduce M-ROLL (Markov Return Optimization with Learning of 

Likelihoods), an AI-Markov hybrid framework that combines stochastic regime modeling with 

metaheuristic optimization. Our approach uses discrete-time Markov chains to model state transitions in 

asset returns, while Particle Swarm Optimization (PSO) adaptively adjusts portfolio weights to minimize 

divergence between empirical and target return distributions. We systematically evaluate ten divergence 

metrics including Kullback-Leibler, Jensen-Shannon, Hellinger, and Wasserstein distances to capture 

asymmetric and heavy-tailed return behaviors. Chi-square testing validates adherence to Markov 

properties of stationarity and memorylessness. Testing across five U.S. market sectors (Technology, 

Finance, Healthcare, Energy, and Consumer) shows M-ROLL achieves a Sharpe ratio of 1.87, a 260% 

improvement over equal-weight baselines, while cutting maximum drawdown from 44.2% to 28.1%. We 

establish a unified, statistically validated framework that harmonizes probabilistic state modeling, multi-

objective divergence optimization, and metaheuristic learning for adaptive portfolio management. 

 

Keywords: Portfolio Optimization Regime Switching Markov Chains Particle Swarm Optimization 

Divergence Metrics Stochastic Modeling Adaptive Asset Allocation 

 

1 INTRODUCTION 

Financial markets are complex systems marked by stochasticity, volatility clustering, regime transitions, 

and nonlinear dependencies that often violate the assumptions of traditional quantitative models. Mean-

Variance Optimization (MVO) [ 8] and the Capital Asset Pricing Model (CAPM) [ 13] assume normally 

distributed returns, constant correlations, and linear relationships. These assumptions rarely hold during 

periods of market stress or structural change. This gap between theory and empirical behavior has driven 

the adoption of probabilistic and AI-based frameworks that can model dynamic, data-driven dependencies. 

Reinforcement learning (RL) approaches [ 14, 5] use deep neural architectures to capture sequential 

decision-making under uncertainty. Recurrent RL systems [ 2, 1] improve adaptivity through memory-

based learning. But RL frameworks suffer from sample inefficiency, instability, and high portfolio 

turnover, which leads to unreliable performance when market conditions shift. Markov chain models offer 
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an interpretable alternative. Nabiyan et al. [ 9] introduced a Markov chain portfolio optimization model 

that minimizes Kullback-Leibler divergence between empirical and desired return distributions while 

ensuring the Markov property holds. Their approach was promising but limited—it used only a single 

divergence function and lacked AI-driven adaptivity. 

 

Problem Statement 

The central challenge addressed in this study is designing an adaptive, interpretable portfolio optimization 

framework capable of learning from stochastic market transitions and dynamically rebalancing assets in 

non-stationary environments. Traditional models assume stable market distributions, yet real-world 

markets are governed by time-varying transition probabilities driven by investor sentiment, 

macroeconomic shocks, and technological disruptions. The objective is to develop an AI-driven 

optimization model that (1) leverages Markov processes to represent financial markets as probabilistic 

state-transition systems, (2) optimizes portfolio weights such that long-term return distributions align with 

investor-defined risk-return preferences, (3) maintains statistical consistency with Markov properties 

through rigorous validation, and (4) generalizes across diverse market sectors and conditions. 

 

Theoretical Justification for Framework Components 

Why combine Markov chains with metaheuristics? The answer lies in how they complement each other. 

Markov chains give us a clean probabilistic framework for regime identification and transition modeling. 

They capture the temporal dependencies and state-persistence we observe in financial markets. But here’s 

the problem: optimizing portfolio weights to match a desired steady-state distribution under realistic 

constraints creates a non-convex, multimodal objective function. Gradient-based methods get stuck in 

local optima. This is where metaheuristics shine. Algorithms like PSO excel at global optimization in 

complex landscapes without needing derivatives. The theoretical coherence comes from a two-stage 

approach. First, Markov chains capture market dynamics through probabilistic state modeling. Second, 

metaheuristics find weight configurations that align portfolio distributions with investor preferences. It’s 

a clean separation of concerns that works in practice. Different divergence metrics matter because they 

encode different risk preferences. KL divergence emphasizes asymmetric risk—it heavily penalizes 

underperformance in high-probability states, making it useful for investors worried about downside risk. 

JS divergence is symmetric and bounded—better for balanced portfolios. Hellinger distance focuses on 

distributional shape—it’s more robust when volatility spikes. Wasserstein distance captures how much 

probability mass needs to move—effective when you’re trying to model structural regime shifts. By 

testing multiple divergences, we can identify which metric best matches investor preferences and current 

market conditions. 

 

Our Contribution 

We propose M-ROLL (Markov Return Optimization with Learning of Likelihoods), an AI- Markov hybrid 

that unifies stochastic modeling, statistical validation, and multi-objective optimization. Building on 

Nabiyan et al. [9]’s single-divergence approach, we introduce five key innovations. 

 

1. First, our multi-divergence loss formulation tests ten different distance metrics—KL, JS, Hellinger, 

Wasserstein, Bhattacharyya, Total Variation, Chi-Square, Jensen, Energy, and Reverse KL. This captures 

asymmetric and heavy-tailed behaviors that single metrics miss. 
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2. Second, we deploy an AI-driven optimization engine with PSO plus nine other metaheuristics, ensuring 

we find global optima in non-convex landscapes. 

 

3. Third, we validate the Markov property rigorously using chi-square tests for stationarity and memory 

lessness—no hand-waving about assumptions. 

 

4. Fourth, we test across five sectors (Technology, Finance, Healthcare, Energy, Consumer), not just one. 

This matters because cross-sector generalization is where most models fail. 

 

5. Fifth, we incorporate realistic transaction costs (5 bps per trade baseline with sensitivity analysis up to 

50 bps). This bridges the gap between theoretical performance and practical implementation. 

 

The framework integrates stochastic process theory with metaheuristic learning to improve adaptability, 

robustness, and interpretability. But more importantly, it works—achieving 260% Sharpe improvement 

while cutting drawdowns by 36%. 

 

 

2 RELATED WORKS 

 

2.1 Regime Switching Models 

 

Markov Switching Models, pioneered by Hamilton, let market parameters like expected return and 

volatility transition between finite unobservable states. Hidden Markov Models infer regimes 

stochastically, which is elegant but computationally expensive. We take a more direct approach: 

discretizing asset returns using quantiles to define observable regimes. This simplifies inference and lets 

us focus directly on the return distribution characteristics that form our target distribution Pdes. Nystrup 

et al. [11] showed dynamic portfolio optimization across hidden market regimes works, while Escobar et 

al. [4] developed affine models with Markov switching. Rieder and B¨auerle [ 12] explored Markov- 

modulated stock prices and interest rates. These studies prove Markov frameworks are viable, but they 

don’t integrate modern AI optimization. That’s the gap we’re filling. 

 

2.2 Divergence-Based Portfolio Optimization 

 

Recent work in quantitative finance has explored using information theory and probability divergence for 

portfolio objectives. Minimizing KL divergence to match portfolio distributions to benchmarks shows 

promise [9]. We expand this significantly by testing en complementary metrics—geometric distances like 

Hellinger and Total Variation, plus optimal transport metrics like Wasserstein. The question isn’t just ”does 

it work?” but ”which metric works best for which conditions?” Clempner and Poznyak [3] proposed sparse 

mean-variance Markowitz optimization for Markov chains using Tikhonov regularization. Their work 

improved sparsity and robustness, but focused on a single optimization framework. We’re testing whether 

different divergences capture different aspects of the alignment between Pdes and Q(w). 
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2.3 Metaheuristic Optimization in Finance 

 

Complex, non-convex objective functions need powerful global optimization. Gradient based methods fail 

in noisy financial landscapes—they get trapped in local optima. Metaheuristics like Swarm Intelligence 

(PSO, GWO) and Evolutionary Algorithms (GA,DE) explore vast, multi-modal search spaces effectively 

[6]. We run a rigorous comparison of ten algorithms to identify which optimizer handles the M-ROLL 

objective best. Spoiler: swarm intelligence wins, but we’ll show you why in Section 6. 

 

2.4 Reinforcement Learning Approaches 

 

Yu et al. [ 14] proposed model-based deep RL for dynamic asset allocation, while Jang and Seong [5] 

incorporated Modern Portfolio Theory into deep RL. Niu et al. [ 10] introduced MetaTrader, using 

imitation and meta-policy learning to adapt across regimes. These approaches are impressive but remain 

black boxes. Despite improvements, RL lacks the interpretability that probabilistic frameworks provide. 

When a portfolio manager asks ”why did you make this trade?”, we want better answers than ”the neural 

network said so.” 

 

 

3 DATASET AND METHODS 

 

Notations: Let the financial dataset be denoted as D = {(xi, yi)}N i=1, where each xi ∈ Rn represents the 

vector of asset log-returns at time ti, and yi ∈ {R+, R0, R−} denotes the corresponding discrete Markov 

regime label (bullish, neutral, or bearish). The portfolio is constructed by assigning a weight vector w = 

(w1, w2, ..., wN )T where wi ≥ 0 and . The portfolio return at time t is expressed as: 

 
 

where ri,t denotes the return of asset i on day t. The return process of the portfolio is modeled as a discrete-

time Markov chain characterized by the transition probability matrix  with each element 

defined as: 
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where n(i → j) denotes the observed number of transitions from regime i to regime j, and n(i) represents 

the total occurrences of regime i. The Markov process properties—stationarity and memory lessness—

are statistically verified using Pearson’s Chi-square Goodness-of-Fit test (χ2) which compares the 

observed (f ) and expected (e) transition frequencies. 

The optimization framework seeks to minimize the divergence between the investor’s desired regime 

distribution Pdes and the empirical portfolio regime distribution Q(w). The objective function is thus 

formulated as: 

 

where   denotes the divergence measure—Kullback-Leibler, Jensen-Shannon, Hellinger, or 

Wasserstein. The final optimization problem can be stated as:. 

 

 
 

Optimization is performed using the Particle Swarm Optimization (PSO) algorithm, which iteratively 

updates the candidate weight vectors w(j) according to standard velocity and position update rules, while 

enforcing the same non-negativity and budget constraints. Performance evaluation employs multiple 

metrics, including mean return (μ), standard deviation (σ), Value-at-Risk (VaR at 95%), Sharpe ratio, and 

regime transition frequencies, validated through out-of-sample back testing. 

 

Data and Data Preprocessing: The comprehensive dataset employed in this study comprises daily 

adjusted closing prices of twenty-five major U.S. equities, obtained from the Yahoo Finance API, 

covering the period from January 2018 to December 2024. To ensure broad and representative coverage 

of market dynamics, five critical sectors—Technology, Finance, Healthcare, Energy, and Consumer 

Staples—were selected, each represented by five leading firms. Representative examples include AAPL, 

MSFT, GOOGL, NVDA, and META from Technology; JPM, BAC, GS, C, and MS from Finance; JNJ, 

PFE, MRK, TMO, and ABT from Healthcare; XOM, CVX, COP, SLB, and BP from Energy; and PG, 

KO, PEP, WMT, and MCD from the Consumer sector. This sectoral balance mitigates bias from 

idiosyncratic market movements and ensures analytical robustness. For each asset, logarithmic daily 

returns were computed using rt = ln(Pt/Pt−1) where Pt denotes the adjusted closing price at day t. The 

dataset was split chronologically into training (85%) and testing (15%) subsets to preserve temporal 

dependencies and avoid lookahead bias in Markov process modeling. A rigorous preprocessing pipeline 

was implemented to ensure numerical stability and comparability across assets. Missing values caused 

by trading holidays or data gaps were imputed via forward-fill interpolation, and all return series were 

standardized to zero mean and unit variance to maintain consistent volatility scales. Outliers exceeding 

three standard deviations from the mean were Winsorized to reduce the influence of extreme market 

shocks, and all time series were aligned on a common trading calendar to ensure synchronicity across 

sectors. The weak stationarity of returns was validated using the Augmented Dickey-Fuller (ADF) test, 

confirming their suitability for Markov modeling. Subsequently, returns were discretized into three 

market regimes—bullish (R+), neutral (R0), and bearish (R−)—using equal-width binning based on 
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quantile thresholds. This discretization facilitated state classification, transition probability estimation, 

and subsequent portfolio optimization. 

 

4 M-ROLL Architecture 

 

 
 

Figure 1: M-ROLL System Pipeline: Integration of stochastic validation and metaheuristic 

search 

 

 

4.1 Component 1: Adaptive State Discretization Module 

 

The first component establishes the foundational states that define our market regimes. Given a time 

series of returns {r1, r2, ..., rT }, we partition them using quantiles to define N regimes. This ensures each 

regime has approximately equal empirical frequency, which stabilizes statistical characterization and 

enables robust Markov chain analysis. We compute (N − 1) quantile boundaries {θ1, ..., θN −1} at 

cumulative probability levels {1/N, ..., (N − 1)/N }. State sk contains all returns satisfying θk−1 < rt ≤ 

θk, with boundary conditions θ0 = −∞ and θN = +∞. Each regime sk has a conditional expected return 

μk = E[rt|rt ∈ sk], regime-specific volatility  and empirical frequency πemp k 

= nk/T . The steady-state distribution  becomes our target Pdes for 

optimization. 

 

4.2 Component 2: Markov Property Validation Module 

 

To model regime dynamics, we construct the transition probability matrix P = [pij ] via maximum 

likelihood estimation: pij = n(i → j)/ Pk n(i → k) where n(i → j) counts observed transitions from state i 

to j. This guarantees row-stochasticity: Pj pij = 1. 

Simple enough, but does the Markov property actually hold? Most papers assume it does. We 

implemented a strict validation gate using two non-parametric tests (α = 0.05): Then, we tested it. 
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The first test checks temporal stationarity (time-homogeneity). Are transition probabilities stable across 

different time windows? We split the data into R non-overlapping periods and test the null hypothesis H0 

: pij,1 = pij,2 = · · · = pij,R using chi-square: 

 

 
 

High p-values (above 0.05) confirm the P matrix stays consistent throughout our sample period. The 

second test verifies memory lessness (first-order sufficiency). Does the next state depend only on the 

current state, or do we need to look further back? The null hypothesis 

 

 High p-values validate that first-order Markov is 

sufficient—we don’t need higher-order models. These aren’t just formalities. If the tests fail, our entire 

theoretical foundation collapses. Fortunately, they pass consistently across all sectors (see Section 6). 

Here is the updated LaTeX code for the Multi-Divergence Optimization Module, incorporating the 

explicit risk-profile mapping and the numerical protocols required for the M-ROLL framework. 

 

4.3 Component 3: Multi-Divergence Optimization Module 

 

The core innovation of M-ROLL resides in its combined loss function L, which formalizes the trade-off 

between achieving a desired risk profile and maximizing risk-adjusted financial returns: 

 

 
 

  where the hyperparameter λ serves as a regularization 

constant balancing distributional alignment with return maximization. 

 

4.3.1 Divergence-Risk Profile Mapping 

 

We evaluate ten distinct divergence functions to measure the statistical “distance” between the target 

regime distribution Pdes and the portfolio-generated distribution Q(w). Each metric is strategically 

mapped to a financial risk profile based on its mathematical sensitivity: 

 

• Kullback-Leibler (KL) → Downside Protection Profile: As an asymmetric measure, DKL(P ∥ 

Q) = Px P (x) log [P (x)/Q(x)] heavily penalizes the portfolio if it assigns near-zero probability to 

a regime that has a high probability in the target distribution. Financially, this ensures the model 

does not “ignore” critical bear market or crash regimes, prioritizing safety-first capital 

preservation. 
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• Jensen-Shannon (JS) → Symmetric Stability Profile: This metric provide a symmetric and 

numerically stable alternative: DJS (P, Q) = 2 [DKL(P ∥ M ) + DKL(Q ∥ M )] where M = (P + 

Q)/2. It treats deviations in actual vs. target distributions equally, making it ideal for balanced, 

market-neutral profiles seeking consistent performance. 

 

• Wasserstein (W1) → Structural Adaptation Profile: Known as the Earth Mover’s Distance, 

this metric captures the spatial displacement of probability mass by measuring the distance 

between cumulative distribution functions: DW (P, Q) =Px |FP (x) − FQ(x)|. It is uniquely 

sensitive to the “distance” between regimes, making it superior for navigating structural shifts, 

such as transitioning from low volatility to high-volatility environments. 

 

• Hellinger (DH ) → Geometric Robustness Profile: This metric emphasizes shape similarity 

between distributions: DH (P, Q) = 1√2 ∥√P − √Q∥2. It offers enhanced robustness during periods 

of high market volatility where distribution tails may be unstable. 

 

4.3.2 Numerical Stability and Utility Encoding 

 

To prevent numerical singularities (such as log (0)) during metaheuristic search, all computations employ 

epsilon-smoothing with ϵ = 10−9: 

 
 

The target distribution Pdes is derived from the steady-state distribution of the validated Markov chain. 

For an investor with exponential utility and risk aversion parameter γ, the target probability for each state 

sk is governed by its conditional mean μk and volatility 

σk: 

 

normalized such that values force 

 

Note: This is only 4 of the 10 divergence functions that were evaluated, and these were our top 4. 

 

4.4 Component 4: Metaheuristic Optimization Module 

 

To solve the non-convex and non-differentiable objective function F (w) = D(Pdes ∥ Q(w)) − λ · Sharpe 

(w), we employ a suite of ten derivative-free metaheuristic algorithms. These algorithms are essential for 

navigating the complex financial loss surface, which often contains multiple local optima that traditional 

gradient-based methods fail to bypass. 
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4.4.1 Hyperparameter Standardization 

 

To ensure a fair comparison across different optimization paradigms and to maintain experimental rigor, 

we standardize the computational budget for all evaluated algorithms. The following global 

hyperparameters are applied: 

 

• Population Size (P ): 30 candidate weight vectors. 

• Iteration Limit (I): 100 generations per optimization run. 

• Constraint Handling: Every candidate vector is projected onto the simplex 

using a normalization operator to maintain portfolio validity. 

 

4.4.2 Algorithm-Specific Formulations 

 

The optimization engine utilizes diverse search mechanisms to ensure global convergence: 

 

 
 

4.4.3 Bio-Inspired Baselines 

 

The framework further incorporates the Whale Optimization Algorithm (WOA) using spiral bubble-net 

hunting, Artificial Bee Colony (ABC), Firefly Algorithm (FA), Ant Colony Optimization (ACO), and 

Cuckoo Search (CS). This multi-algorithmic approach ensures that the M-ROLL framework’s 

performance is robust across various market sectors and regime densities. 
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4.5 Transaction Cost Modeling 

 

 
 

5 EXPERIMENTAL DESIGN 

 

5.1 Evaluation Framework 

 

Evaluation focuses on high-volatility Technology sector assets (AAPL, MSFT, GOOGL, AMZN, META, 

TSLA) during 756 trading days (2022-2024), encompassing growth and correction periods. Phase 1 

(Exploration) involves brute-force sweep across hyperparameter combinations: 7 state dimensions (N ), 

10 divergence metrics (D), and 10 optimizers, resulting in ≈ 700 distinct configurations identifying top-

3 performers per category. Phase 2 (Refinement) subjects top performers to 3 replications for stability 

assessment, out-of-sample validation (train: 2022-2023, test: 2024), and transaction cost sensitivity 

analysis. 

 

5.2 Performance Metrics 

 

We evaluate configurations using Sharpe ratio Sharpe = μp/σp, annualized return annual = (1 + 

μdaily)252 − 1, annualized volatility σannual = σdaily √252, maximum drawdown MDD maxt[(P eakt − 

V aluet)/P eakt], and average portfolio rebalancing magnitude (turnover). 

 

5.3 Ablation Study Design 

 

To isolate component contributions, we conduct ablation experiments: divergence-only (optimize using 

single divergence, no metaheuristic learning), PSO-only (optimize without Markov regime modeling), 

Markov-only (static weights based on steady-state distribution), and state discretization impact 

comparing N ∈ {3, 5, 7, 9}. 

 

6 RESULTS 

 

6.1 Overall Performance Comparison 

 

Empirical results demonstrate significant M-ROLL outperformance over static benchmarks. Optimal 

configuration (GWO + JSD + N = 7) achieved Sharpe ratio 1.87, representing 260% improvement over 

equal-weight baseline (0.52). Table 1 shows M-ROLL’s risk management capability validated by 
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maximum drawdown reduction from 44.2% (equal- weight) to 28.1%, demonstrating successful stable 

risk management through distributional alignment. 

 

6.2 State Dimension Analysis 

 

Results strongly confirm intermediate granularity (N = 6 − 7) consistently outperforms coarse (N = 4) 

and fine (N = 10) alternatives. Mean Sharpe ratio peaks at N = 7, indicating seven regimes provide 

optimal balance between capturing market complexity and maintaining statistical robustness, as shown 

in Table 2. 

 

6.3 Divergence Metric Comparison 

 

Jensen-Shannon Divergence (JSD) leads metrics with mean Sharpe 1.68 across trials, as presented in 

Table 3. JSD’s symmetry and boundedness provide significantly greater stability than asymmetric 

Kullback-Leibler (KLD) divergence (1.61, higher variance). This suggests minimizing symmetric 

distance between desired and actual portfolio distributions yields more predictable, robust allocation. The 

divergence-risk preference mapping establishes that JS corresponds to symmetric risk profiles and 

balanced portfolios, KL emphasizes downside risk for conservative strategies, Wasserstein captures 

structural regime shift sensitivity, and Hellinger provides volatility robustness through distributional 

shape matching. 

 

6.4 Optimizer Performance 

 

Grey Wolf Optimizer (GWO) achieves highest average Sharpe ratio (1.72) with lowest variance (0.10), 

as detailed in Table 4. GWO’s hierarchical search mechanism using alpha, beta, delta wolves proved 

highly effective navigating complex, multi-modal financial fitness landscapes, followed closely by 

Particle Swarm Optimization (PSO) (1.65), affirming swarm intelligence superiority for balancing local 

exploitation with global exploration. 

 

6.5 Ablation Study Results 

 

Table 5 demonstrates each component’s critical contribution. Markov modeling provides 52% Sharpe 

improvement over PSO-only, metaheuristic optimization yields 33% improvement over static Markov, 

and multi-divergence contributes 21% improvement over single-divergence approaches. 

 

6.6 Cross-Sector Generalization 

 

M-ROLL demonstrates robust generalization across sectors, with Technology achieving highest Sharpe 

(1.87) and Consumer showing lowest drawdown (26.8%), as shown in Table 6. Average cross-sector 

Sharpe of 1.58 substantially exceeds baseline strategies, validating the framework’s applicability beyond 

single-sector focus. 
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6.7 Transaction Cost Impact 

 

Even with realistic 5 bps costs, M-ROLL maintains Sharpe of 1.79, demonstrating robustness to 

implementation friction, as evidenced in Table 7. Performance remains competitive up to 20 bps, 

validating practical viability for institutional deployment. 

 

6.8 Hyperparameter Sensitivity 

 

Variance decomposition via tornado plots identifies critical hyperparameters: state count (N ) explains 

42% of variance, divergence metric explains 31%, optimizer choice explains 18%, and risk parameter 

(λ) explains 9%. State discretization emerges as most influential factor, validating careful regime design 

importance. 

 

7 DISCUSSION 

 

7.1 Key Findings 

 

Results robustly validate that combining intermediate state granularity (N = 6 − 7), symmetric 

distributional divergences (JSD), and hierarchical search algorithms (GWO, PSO) provides optimal 

engine for dynamic portfolio construction in volatile environments. M-ROLL’s significant 

outperformance over static strategies empirically supports core value of explicit regime modeling for risk 

management. The divergence loss term D forces resulting portfolio return distribution to maintain lower-

risk statistical properties 
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inherent in desired steady-state distribution Pdes. Framework success lies not merely in maximizing 

returns but in substantial risk exposure reduction, evidenced by dramatic maximum drawdown cut from 

44.2% (baseline) to 28.1% (optimal M-ROLL)—directly attributable to distributional alignment 

objective. 

 

7.2 Theoretical Implications 

 

Chi-square tests consistently confirm stationarity (p > 0.05) and memory lessness (p > 0.05) across all 

sectors, validating theoretical foundation. First-order Markov assumption proves sufficient for regime 

modeling without requiring higher-order dependencies. Empirical mapping between divergence metrics 

and risk preferences enables principled selection: conservative investors should use KL divergence 

emphasizing downside risk, balanced profiles benefit from JS divergence providing symmetry, regime-

shift sensitive portfolios employ Wasserstein distance, and volatility-robust strategies leverage Hellinger 

distance. The non-convex optimization landscape necessitates global search, as gradient-based methods 

consistently trap in local optima while swarm intelligence achieves 47% higher Sharpe ratios on average. 

 

7.3 Practical Implications 

 

With 5 bps transaction costs and daily rebalancing, M-ROLL maintains 1.79 Sharpe ratio, demonstrating 

practical viability. Average turnover of 23% remains manageable for institutional implementation. 

Consistent performance across five sectors (mean Sharpe 1.58) validates generalization capability 

beyond Technology focus, suggesting applicability to diversified portfolios. Single optimization run 

completes in approximately 15 minutes on standard hardware (Intel i7, 16GB RAM), enabling daily 

rebalancing for medium-sized portfolios. 
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7.4 Comparison with Prior Work 

 

Relative to Nabiyan et al. [ 9], M-ROLL achieves 16% higher Sharpe ratio (1.87 vs 1.61), 23% lower 

maximum drawdown (28.1% vs 36.5%), superior cross-sector generalization (tested on 5 sectors vs 1), 

and multi-divergence robustness versus single-metric dependence. Compared to RL approaches [14, 10], 

M-ROLL provides full interpretability through explicit regime modeling, statistical validation via chi-

square testing, lower computational requirements (no neural network training), and stable performance 

without sample inefficiency issues. 

 

 

8 LIMITATIONS 

 

This study acknowledges several limitations requiring future investigation. First-order Markov 

assumption may oversimplify markets exhibiting longer memory. Future work should evaluate second- 

and third-order Markov models or hidden Markov models with latent state persistence. Current 

framework assumes memoryless regime transitions, but real markets exhibit regime persistence (trending 

periods). Incorporating semi-Markov processes allowing state-dependent holding times could improve 

realism. While chi-square tests validate stationarity over 2018–2024, structural breaks (regulatory 

changes, technological disruptions) may violate time-homogeneity. Adaptive transition matrix updating 

or regime-switching Markov models merit exploration. Testing period (2024, 252 days) provides limited 

validation. Extending evaluation to multiple market cycles (bull/bear/sideways) would strengthen 

robustness claims. Current implementation models univariate return regimes. Cross-asset dependencies 

and correlation regime shifts remain unexplored. Multivariate Markov chains or copula-based extensions 

could capture portfolio- level dynamics. While 5 bps modeling provides realism, slippage, market impact, 

and bid-ask spreads remain unmodeled. High-frequency implementation requires finer cost modeling. 

Stochastic nature of metaheuristics introduces run-to-run variability. While 3 replications establish 

stability, production deployment requires ensemble methods or deterministic alternatives. Short-selling 

constraints, position limits, and regulatory requirements remain unaddressed. Incorporating realistic 

constraint sets would enhance practical applicability. Framework requires substantial historical data (5+ 

years) for reliable transition estimation. Applicability to emerging markets or new assets may be limited. 

Current evaluation uses 6–25 assets. Scaling to universe sizes (100+) requires computational 

optimization and sparse matrix techniques. 

 

9 FUTURE DIRECTIONS 

 

Building on M-ROLL foundations, we identify promising research directions. Extending to portfolio-

level regimes rt = [r1,t, ..., rA,t]T ∈ RA with joint regime classification would enable correlation regime 

identification. Incorporating latent regime inference via HMM using transition P (St|St−1) and emission 

P (rt|St) ∼ N (μSt , ΣSt ) would allow probabilistic regime identification rather than hard discretization. 

Combining Markov structure with neural networks through LSTM for transition probability prediction, 

autoencoders for regime representation learning, and graph neural networks for cross-asset dependency 

modelling presents exciting opportunities. Developing online learning algorithms updating transition 
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matrices with streaming data using Pt = αPt−1 + (1 − α)Precent would enable adaptation to evolving 

market dynamics. Extending beyond Sharpe ratio to incorporate ESG scores and sustainability metrics, 

liquidity constraints and turnover limits, tax efficiency and capital gains management, and drawdown 

constraints with CVaR optimization addresses practical needs. Combining multiple M-ROLL 

configurations through wensemble = PK k=1 αkwk weighted by historical Sharpe ratios would reduce 

configuration risk. Applying M-ROLL to cryptocurrency portfolios (high volatility, regime shifts), fixed 

income (interest rate regime modeling), commodities (cyclical regime patterns), and real estate 

investment trust expands applicability. Adapting framework for dynamic hedging strategies, stress testing 

under regime scenarios, value-at-risk estimation via regime-conditional distributions, and tail risk 

management addresses risk management needs. 

 

10 CONCLUSION 

 

We presented M-ROLL, a comprehensive AI–Markov hybrid framework for portfolio optimization that 

moves beyond static historical assumptions by explicitly integrating Markov chain state modeling with 

multi-divergence learning and metaheuristic optimization. Through rigorous experimentation across five 

market sectors, we demonstrated that optimal M-ROLL configuration (GWO + JSD + N = 7) achieves 

Sharpe ratio of 1.87 versus 0.52 baseline, representing 260% improvement, while reducing maximum 

drawdown from 44.2% to 28.1%. Systematic hyperparameter evaluation confirmed that intermediate 

state granularity (N = 6–7), symmetric divergence metrics (Jensen–Shannon), and hierarchical swarm 

intelligence (Grey Wolf Optimizer) provide robust foundation for adaptive portfolio management. 

Ablation studies validated each component’s critical contribution, while cross-sector evaluation 

demonstrated generalization capability. M-ROLL’s novelty lies in unifying probabilistic regime 

modeling, statistical validation via chi-square testing, multi-objective divergence optimization, and 

metaheuristic learning within interpretable, theoretically grounded framework. By aligning portfolio 

return distributions with investor risk preferences through explicit distributional optimization, M-ROLL 

successfully navigates non-stationary market dynamics while maintaining computational efficiency and 

practical implementability. Future work should prioritize incorporating realistic transaction costs into 

optimization routines, extending Markov modeling to multivariate settings capturing cross-asset 

dependencies, and validating framework across longer time horizons and diverse asset classes. The M-

ROLL framework provides robust, empirically validated foundation for next-generation quantitative 

portfolio management that successfully adapts to evolving financial markets. 
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