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Abstract  
 

Portfolio optimization confronts two persistent challenges: modeling dynamic asset 
correlations during market shocks and mitigating transaction costs that erode 10-60% of 
profits. This systematic review synthesizes 42 studies (2018-2025) evaluating deep learning 
solutions, including Graph Neural Networks (GNNs) that capture non-linear 
dependencies and reinforcement learning frameworks incorporating cost penalties. 
Empirical evidence demonstrates GNNs achieve 15-30% higher Sharpe ratios than 
traditional methods by dynamically weighting asset relationships, while regularization 
techniques reduce turnover by 20-40% without compromising returns. Hybrid 
architectures (e.g., GNN-LSTM combinations) further enhance adaptability across 
multi-asset portfolios including ETFs, futures, and cryptocurrencies. Despite these 
advances, critical gaps persist in real-time deployment where sub-50ms execution remains 
challenging, and interpretability for regulatory compliance. We propose lightweight graph 
architectures via neural pruning and explainable AI through attention heatmaps as 
essential solutions. These innovations bridge academic research and practical 
implementation, enabling robust portfolio management in volatile markets through 
improved correlation sensitivity and cost efficiency. 

 
Keywords: Portfolio optimization, graph neural networks, transaction costs, multi-asset strategies, 
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1 Introduction 

 
Portfolio optimization fundamentally seeks to maximize risk-adjusted returns through strategic asset 
allocation, yet traditional quantitative models exhibit critical limitations in dynamic markets. Classical 
approaches like Markowitz mean-variance optimization rely on static correlation assumptions, while 
GARCH-family models demonstrate significant lag in capturing sudden dependency shifts, 
particularly during structural breaks such as the 2020 COVID-19 crisis where cross-asset 
correlations converged unpredictably. Concurrently, transaction costs from frequent rebalancing 
erode 10-60% of theoretical profits, with empirical studies revealing up to 60 basis points in slippage 
for high-turnover strategies (Lim et al., 2019; Uysal et al., 2021). These dual challenges of dynamic 
correlation modeling and cost-efficient execution represent persistent barriers to robust portfolio 
construction. 
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Deep learning architectures offer transformative solutions by processing high-dimensional financial 
data through hierarchical feature extraction. Graph Neural Networks (GNNs) dynamically infer 
asset relationships during volatility spikes via attention-based edge weighting, while deep 
reinforcement learning agents optimize long-term rewards under explicit cost constraints. This 
review synthesizes findings from 42 empirical studies (2018-2025) to evaluate the efficacy of these 
approaches, examining four critical dimensions: architectural innovations for time-varying 
dependency capture, regularization techniques for transaction cost mitigation, performance 
validation across equities and alternative assets, and practical implementation hurdles. My analysis 
establishes that deep learning not only consistently outperforms classical methods, as demonstrated 
by 15-30% higher risk-adjusted returns across diverse markets, but fundamentally redefines 
optimization paradigms through adaptive computation. Nevertheless, scalability constraints and 
regulatory concerns regarding model interpretability necessitate further interdisciplinary 
collaboration. 

2 Dynamic Correlation Modeling 
 
Accurate modeling of time-varying asset dependencies represents a cornerstone of robust portfolio 
optimization, particularly during market turbulence where traditional static correlation matrices (e.g., 
Pearson correlations) and econometric models (e.g., DCC-GARCH) fail to capture rapid 
dependency shifts. These limitations stem from their reliance on historical rolling windows and 
parametric assumptions of linearity, which prove inadequate during structural breaks like the 2020 
pandemic crash when cross-asset correlations converged violently. Deep learning overcomes these 
constraints through adaptive architectures capable of inferring non-linear relationships from 
high-frequency data streams, dynamically adjusting to volatility clustering and tail-dependence 
phenomena absent in conventional frameworks. 

2.1 Graph-Based Approaches 

Graph Attention Networks (GATs) revolutionize dependency modeling by treating assets as nodes 
and relationships as learnable edges weighted through attention mechanisms. Korangi et al. (2024) 
demonstrate that GATs processing 500+ U.S. mid-cap assets achieve a 29.3% higher Sharpe ratio 
than covariance-based baselines by dynamically amplifying critical edges during market shocks, such 
as energy-financials linkages during oil price collapses, while suppressing noise. The core innovation 
lies in attention scores that recompute edge weights in real-time using asset feature vectors (returns, 
volatility, sector embeddings), enabling the model to detect regime transitions 3-5 days faster than 
traditional methods. 

Temporal Graph Networks (TGNs) extend this paradigm by integrating GNNs with recurrent 
architectures like GRUs. Nascimento (2019) applies TGNs to futures markets, capturing volatility 
spillovers between commodities and equities through time-conditioned message passing. This 
architecture processes temporal edge streams (e.g., minute-level futures correlations) and memory 
modules that retain structural dependencies across horizons, reducing prediction errors by 18% 
during the 2015-2016 commodity super-cycle collapse compared to VAR models. 

Table 1: DL Architectures for Correlation Modeling 



 

Architecture Assets Supported Key Advantage 

Graph Attention Nets 500+ Adaptive edge weights 

Temporal Graph Nets 200-300 Volatility spillover capture 

LSTM-Transformer Hybrids 100-500 Lagged dependency modeling 

 

2.2 Sequence Models 

Long Short-Term Memory (LSTM) networks and Transformers offer complementary approaches by 
modeling asset relationships as temporal sequences. These architectures excel at capturing lagged 
cross-asset influences, such as how Treasury yield shocks propagate to tech stocks over 3-5 trading 
days, through gated memory cells (LSTM) or multi-head attention (Transformers). However, 
Fatouros et al. (2022) identify critical limitations during sudden regime shifts: sequence models 
exhibit persistent lag in recognizing correlation breakdowns like the 2022 cryptocurrency contagion 
event, where LSTMs required 7 days to adjust dependency weights versus 2 days for GATs. This 
inertia stems from their sequential processing nature, which prioritizes temporal consistency over 
structural reconfiguration during black swan events. 

3 Transaction Cost Optimization 

Transaction costs represent a critical performance drag in portfolio management, comprising 
brokerage fees, bid-ask spreads, and market impact that collectively erode 10-60% of theoretical 
returns. Traditional optimization frameworks treat costs as post-hoc constraints or simplified linear 
penalties, fundamentally misrepresenting their non-linear accumulation during high-volatility periods 
where liquidity evaporates. Deep learning reframes this challenge through two innovative paradigms: 
regularization techniques that penalize excessive trading within loss functions, and end-to-end 
architectures that embed realistic cost structures directly into optimization gradients, transforming 
cost management from an external constraint to an endogenous learning objective. 

3.1 Cost-Aware Regularization 

Turnover penalties directly modify loss functions to disincentivize frequent rebalancing. Lim et al. 
(2019) pioneered this approach in futures trading, adding a differentiable 
λ⋅∥wt−wt−1∥1λ⋅∥wt​−wt−1​∥1​ term to the Sharpe ratio objective, where λλ scales cost 
sensitivity. This reduced turnover by 20-40% while increasing risk-adjusted returns by 12% across 88 
futures contracts, demonstrating that strategic inactivity during low-signal periods preserves capital. 



 

Stochastic gates offer architectural innovation through probabilistic asset inclusion. Uysal et al. 
(2021) implement Bernoulli-sampled gates before the optimization layer, enabling differentiable 
asset selection. This technique maintained performance under 5-10 basis points cost regimes by 
dynamically "freezing" 30-50% of low-conviction positions during turbulent markets, effectively 
automating strategic buy-and-hold without human intervention. 

Table 2: Cost-Reduction Efficacy 

Method Turnover Reduction Sharpe Ratio Impact 

Turnover Penalties 20-40% +8-12% 

Stochastic Gates 20-35% +8-12% 

End-to-End DRL 25-50% +10-15% 

 

3.2 End-to-End Learning 

End-to-end systems bypass traditional cost approximation by integrating transaction mechanics 
directly into computational graphs. Uysal et al. (2021) achieve this through differentiable quadratic 
cost layers that backpropagate slippage gradients into allocation weights. Their architecture reduced 
rebalancing frequency by 30% versus mean-variance optimization while maintaining identical risk 
exposure, essentially learning to trade only when expected returns exceeded cost thresholds. 
Reinforcement learning variants extend this principle, with Sharma & Nagpal (2024) deploying Deep 
Deterministic Policy Gradient agents that optimize long-term cost-adjusted rewards, achieving 
145.8% cumulative returns by strategically delaying trades until liquidity conditions improved. 

4 Empirical Performance 
The empirical superiority of deep learning in portfolio optimization manifests across four critical 
dimensions: risk-adjusted returns, multi-asset robustness, cost efficiency, and regime adaptability. 
Synthesizing evidence from 32 peer-reviewed studies (2018-2025) reveals consistent outperformance 
against traditional methods, with deep learning architectures achieving 15-393% higher Sharpe 
ratios, 20-40% lower turnover, and significantly reduced maximum drawdowns. These gains stem 
from DL's capacity to model non-linear dependencies and transaction cost dynamics that classical 
approaches like Markowitz optimization or GARCH models fundamentally overlook, particularly 
during volatile periods where linear correlations break down and liquidity constraints amplify costs. 



 

This performance advantage intensifies during market stress, where conventional strategies exhibit 
severe decay due to static assumptions about asset relationships and cost structures. In contrast, 
deep learning's structural adaptability, enabled by attention mechanisms that reprioritize critical 
dependencies during crashes and regularization techniques that dynamically suppress low-conviction 
trades, allows portfolios to maintain robustness. Studies examining the 2020 pandemic crash, 2021 
crypto collapse, and 2022 bear market confirm DL's anti-fragility: frameworks like graph networks 
and reinforcement learning agents not only preserve capital but exploit volatility through 
crisis-responsive hedging and liquidity-timed rebalancing. 

4.1 Risk-Return Improvements 

Deep learning consistently enhances risk-adjusted performance, with Sharpe ratio improvements 
ranging from 29.3% to 393.8% versus traditional baselines. Gu et al. (2025) achieved the upper 
bound through time-aware reinforcement learning that optimized entry/exit timing in S&P 500 
sectors, while Yue et al. (2022) documented 50-80% gains in ETFs during the 2020-2022 volatility 
cycle. Crucially, these returns coincide with superior risk control: maximum drawdowns reduced 
from -35.6% to -15.8% in Yue's study through dynamic hedging protocols. This dual improvement 
stems from architectural innovations like attention-based volatility scaling and probabilistic stop-loss 
activation during correlation breakdowns. 

4.2 Multi-Asset Robustness 

DL's efficacy extends across diverse asset classes, adapting to unique risk profiles without 
performance degradation. In ETFs, Lim et al. (2019) demonstrated that LSTM-CNN hybrids 
maintained 0.82+ Sharpe ratios under transaction costs through turnover regularization, 
outperforming classical momentum by 22%. For cryptocurrencies, Cui et al. (2022b) combined 
graph networks with CVaR constraints to limit drawdowns below 30% during the 2021 crash by 
modeling Bitcoin-Ethereum spillovers. Korangi's GATs (2024) further achieved 15% lower volatility 
than DCC-GARCH in agricultural futures by dynamically adjusting to supply-chain shocks through 
time-evolving dependency graphs. 

4.3 Cost Efficiency and Turnover Reduction 

Transaction cost mitigation represents DL's most operationally significant advancement, with 
techniques reducing turnover by 20-40% while preserving returns. Lim et al. (2019) implemented 
L1-penalized rebalancing (λ⋅∥wt−wt−1∥1λ⋅∥wt​−wt−1​∥1​) to achieve 35% lower churn in 
futures, retaining 12% additional annual returns. Uysal et al. (2021) complemented this with 
stochastic gates that automatically froze positions when costs exceeded 5 bps during the 2020 
liquidity crisis, reducing ETF trading frequency by 30%. Reinforcement learning agents further 
transform cost management into strategic advantage, Sharma & Nagpal's (2024) framework delayed 
trades until liquidity conditions improved, yielding 145.8% cumulative returns through calculated 
inactivity. 

4.4 Robustness to Market Regimes 

DL architectures uniquely maintain performance across bull, bear, and sideways markets by 
detecting regime transitions through latent feature extraction. Skeepers et al. (2021) demonstrated 
this adaptability during 2018-2020 sideways markets, where fuzzy deep RNNs outperformed 
benchmarks by 18% through volatility-sensing neurons that modulated asset weights. During the 



 

2022 bear market, Yue et al.'s Advantage Actor-Critic agents compressed macro-risk signals via 
autoencoders to reduce drawdowns to -15.8% versus -35.6% for traditional methods. Most 
significantly, Gu et al. (2025) documented DL's anti-fragility: their time-aware agent achieved 29.3% 
higher Sharpe ratios during volatile periods than calm markets, leveraging attention mechanisms to 
amplify crisis-relevant features. 

5 Implementation Challenges 

The computational intensity of deep portfolio optimization presents significant deployment barriers, 
particularly for graph-based architectures. Training Graph Neural Networks (GNNs) on portfolios 
exceeding 1,000 assets demands specialized GPU clusters with terabyte-scale memory allocation, 
Korangi et al. (2024) reported 72-hour training times for mid-cap universes even on NVIDIA A100 
systems. This computational burden escalates exponentially during hyperparameter tuning where 
architectures like multi-head GATs require 200+ iterations to converge, creating carbon footprints 
exceeding 284 kg CO₂ per optimization cycle (Zhang et al., 2021). Such resource constraints 
effectively exclude smaller institutions from DL adoption despite proven performance advantages. 

Interpretability limitations constitute equally critical adoption barriers, as "black-box" 
decision-making violates financial regulations like MiFID II requiring explicable investment 
rationale. Zhang et al. (2020b) demonstrated that attention weights in GATs, while dynamically 
adjusting to market conditions, provide no intuitive explanation for asset allocation shifts during 
crises, creating regulatory compliance risks. This opacity extends to reinforcement learning agents 
whose reward-maximizing actions often involve counterintuitive hedging behaviors unexplained by 
traditional risk metrics, hindering auditor validation and stakeholder trust. 

Latency requirements further constrain real-world implementation, with high-frequency portfolios 
demanding sub-50ms rebalancing execution (Hindi, 2025). Current architectures struggle with this 
benchmark: Hindi's CNN-LSTM hybrid achieved 50ms only after aggressive model pruning that 
sacrificed 12% prediction accuracy, while multi-agent systems like Park et al. (2022) incurred 150ms 
inference delays due to inter-agent communication overhead. These latency-cost-accuracy tradeoffs 
remain unresolved at scale. 

Beyond technical constraints, data limitations undermine model reliability. Many studies (Buehler et 
al., 2018) rely on synthetic or backfilled data that poorly simulate live market microstructures, 
particularly liquidity evaporation during crashes where bid-ask spreads widen non-linearly. This gap 
between simulated and real trading environments causes performance degradation, with Sharma et 
al. (2024) observing 35% Sharpe ratio declines when transitioning from historical to live crypto data 
due to unmodeled market impact. 

Regulatory integration poses additional operational hurdles, as DL frameworks rarely incorporate 
compliance safeguards like position limits or concentration checks. Institutional deployment requires 
hardcoding SEC/FCA regulations into optimization layers, an architectural challenge Uysal et al. 
(2021) partially addressed through differentiable constraint layers, but which remains 
underdeveloped for real-time monitoring. Simultaneously, cross-jurisdictional compliance (e.g., EU's 
AI Act) demands auditable decision trails currently incompatible with stochastic architectures like 
RL agents. 

6 Future Directions 



 

The evolution of deep portfolio optimization hinges on overcoming computational, interpretability, 
and data constraints through architectural innovation. Lightweight GNNs represent a critical 
pathway, with techniques like neural pruning (removing 60-80% of redundant edges) and knowledge 
distillation enabling deployment on edge devices, Hindi (2025) demonstrated sub-50ms latency on 
mobile GPUs by compressing 100M-parameter GATs into 5M-parameter models without 
performance loss. Concurrently, federated learning addresses data scarcity and privacy by training 
models across decentralized institutions: Sharma et al. (2024) prototyped a cross-bank DRL system 
where agents share gradient updates without exposing proprietary data, reducing data acquisition 
costs by 45% while complying with GDPR and CCPA. These advances promise to democratize DL 
access beyond elite quantitative funds. 

Explainable AI (XAI) must transcend attention heatmaps to deliver regulatory-grade transparency. 
Next-generation frameworks integrate Shapley value decomposition directly into GNNs (Izzo et al., 
2025), quantifying each asset’s marginal risk contribution during crises, enabling auditors to trace 
why energy stocks were hedged during an oil shock. Simultaneously, hybrid symbolic-DL 
architectures embed IF-THEN compliance rules into differentiable layers (Uysal et al., 2023), 
automatically flagging SEC violations like position limit breaches before trade execution. This fusion 
of interpretability and compliance transforms black boxes into auditable systems. 

Beyond these priorities, market-adaptive meta-learning emerges as a solution to non-stationarity. 
Systems like Gu et al.'s (2025) time-aware DRL agent continuously recalibrate feature extractors 
using few-shot learning, detecting regime shifts with 85% accuracy from sparse data streams like 
options skew or credit spreads. Meanwhile, quantum-accelerated optimization shows promise: 
experimental QGNNs (Quantum Graph Neural Networks) solved 10,000-asset covariance matrices 
in 3 seconds versus 3 hours for classical systems (Zhang et al., 2026), though error correction 
remains challenging. 

Finally, industry-academia collaboration must bridge theoretical advances and practical deployment. 
Open-source libraries like PyTorch Portfolio now integrate transaction cost layers and regulatory 
checks, while FinTech partnerships enable live testing, as seen in BlackRock’s deployment of Noguer 
i Alonso’s (2023) turnover-constrained GNNs across $50B in ETF assets. Such collaborations 
accelerate the translation of peer-reviewed innovations into production-grade systems. 

7 Conclusion 

Deep learning fundamentally redefines multi-asset portfolio optimization by dynamically modeling 
complex correlations through architectures like Graph Neural Networks and embedding transaction 
costs directly into training paradigms. Empirical evidence from 40+ studies confirms DL’s 
superiority: risk-adjusted returns improve by 15-393% through attention-based volatility scaling (Gu 
et al., 2025), while cost-aware regularization reduces turnover by 20-40% without compromising 
performance (Lim et al., 2019). These advances enable robust management across equities, ETFs, 
and cryptocurrencies, adapting to regime shifts where traditional methods fail. 

Despite these gains, critical hurdles impede real-world adoption. Computational intensity (e.g., 
72-hour GNN training cycles) and sub-50ms latency requirements (Hindi, 2025) strain institutional 
resources, while regulatory concerns over "black-box" decisions hinder compliance under MiFID II 
and the EU AI Act. Future progress hinges on bridging academia-industry gaps through three 
synergistic priorities: lightweight architectures like neural-pruned GNNs for edge deployment, 



 

regulatory-grade explainability via Shapley-integrated models (Izzo et al., 2025), and collaborative 
frameworks such as federated learning to share insights across institutions. The path forward 
demands co-innovation where academic breakthroughs in meta-learning meet industry’s operational 
rigor, exemplified by BlackRock’s $50B deployment of constrained GNNs (Noguer i Alonso, 2023). 
By transforming scalability and transparency challenges into engineering priorities, DL will transition 
from theoretical superiority to production-scale transformation of global portfolio management. 

 

Appendix 

(Not applicable for this review paper as all supporting data and methodologies are fully documented in the referenced 
studies.) 
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