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Abstract

This study proposes a hierarchical signal-to-policy learning framework for risk-aware
portfolio optimization that integrates model-based return forecasting, explainable machine
learning, and deep reinforcement learning (DRL) within a unified architecture. In the first
stage, next-period returns are estimated using gradient-boosted tree models, and SHAP-
based feature attributions are extracted to provide transparent, factor-level explanations of
the predictive signals. In the second stage, a Proximal Policy Optimization (PPO) agent
incorporates both predictive forecasts and explanatory signals into its state representation
and learns dynamic allocation policies under a mean–CVaR reward function that explicitly
penalizes tail risk while controlling trading frictions. By separating signal extraction from
policy learning, the proposed architecture allows the use of economically interpretable
predictive signals to incorporate into the policy’s state representation while preserving the
flexibility and adaptability of reinforcement learning. Empirical evaluations on U.S. sector
ETFs and Dow Jones Industrial Average constituents show that the hierarchical framework
delivers higher and stable out-of-sample risk-adjusted returns relative to both a single-layer
DRL agent trained solely on technical indicators, a mean–CVaR optimized portfolio using
the same parameters used in the proposed hierarchical model and standard equal weight
as well as index-based benchmarks. These results demonstrate that integrating explainable
predictive signals with risk-sensitive reinforcement learning improves the robustness and
stability of data-driven portfolio strategies.

Keywords: hierarchical reinforcement learning; portfolio optimization; Conditional Value-
at-Risk (CVaR); XGBoost; explainable artificial intelligence (XAI); SHAP values; Proximal
Policy Optimization (PPO)

1. Introduction
Dynamic portfolio allocation requires balancing return generation with effective risk

control in the presence of changing market conditions. Classical mean–variance optimiza-
tion (Markowitz, 1952) provides a foundational framework for this trade-off, but its reliance
on variance as the sole risk measure and its sensitivity to estimation error can lead to poor
downside protection and unstable portfolio allocations. These limitations have motivated
the use of downside-oriented risk measures, such as Conditional Value-at-Risk (CVaR),
which better capture extreme losses and tail risk.

More recently, deep reinforcement learning (DRL) has been applied to portfolio man-
agement as a flexible framework for sequential decision-making. By interacting with
features directly from market environments, DRL agents can learn adaptive rebalancing
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strategies and have shown promising empirical results. However, most existing DRL-based
portfolio methods adopt end-to-end architectures that map raw market features directly to
portfolio weights. Despite their empirical effectiveness, these black box designs entangle
return prediction and allocation decisions, making portfolio actions difficult to interpret
and limiting explicit control over risk and trading behavior.

This study proposes a hierarchical signal-to-policy learning framework that separates
return prediction from portfolio allocation. In the first stage, supervised learning models
are used to generate short-horizon return forecasts together with interpretable, factor-level
explanations of those predictions. In the second stage, a reinforcement learning agent uses
these model-driven signals to learn dynamic portfolio allocation policies under a risk-aware
objective that accounts for downside risk and trading frictions. By decoupling signal extraction
from policy learning, the framework separates predictive modeling from portfolio decision-
making while preserving the flexibility and adaptability of reinforcement learning.

The proposed framework is evaluated on two representative equity universes, i.e.,
U.S. sector exchange-traded funds and constituents of the Dow Jones Industrial Average,
based on a rolling out-of-sample back-testing design. The empirical results show that
the hierarchical approach delivers stronger and more stable risk-adjusted performance
than both end-to-end DRL benchmarks and traditional allocation strategies. The proposed
model also provides more consistent downside risk control across market conditions.

The primary contribution of this work is to show that a hierarchical signal-to-policy
architecture delivers more stable and robust out-of-sample performance under a mean–
CVaR objective. By separating predictive signal extraction from risk-aware policy learning,
the framework improves the robustness of dynamic portfolio construction under estimation
uncertainty and tail risk.

The remainder of this work is organized as follows. Section 2 reviews the related
literature on portfolio optimization, predictive modeling, reinforcement learning in finance,
and explainable AI. Section 3 introduces the proposed signal-to-policy framework, detailing
both the Stage-1 return-forecasting module and the Stage-2 PPO-based portfolio allocation
agent. Section 4 describes empirical design, including data preparation, feature engineering,
the back-testing protocol, and statistical evaluation, followed by a comprehensive analysis
of the results. Section 5 concludes with the main findings, practical implications, and
directions for future research.

2. Literature Review
2.1. Portfolio Optimization and Risk Management

Modern Portfolio Theory (MPT), first introduced by Markowitz (1952), established the
mean–variance framework that remains the foundation of portfolio optimization theory. By
defining the efficient frontier, MPT formalized the trade-off between expected return and
risk and highlighted the role of diversification in reducing portfolio variance. Related early
work by Roy (1952) further emphasized the importance of controlling downside outcomes.
Subsequent theoretical extension includes that Sharpe (1964) proposed the Capital Asset
Pricing Model (CAPM), which links expected returns to systematic market risk, while
Ross (1976) introduced the Arbitrage Pricing Theory (APT), allowing multiple risk factors
to explain asset returns. Empirical studies by Fama and French (1992, 1993) showed that
firm characteristics such as size and value explain a significant portion of cross-sectional
return variation, motivating the widespread use of multifactor asset-pricing models.

Despite its wide influence, the classical mean–variance framework has several well-
known limitations. First, it relies on second-moment risk measures and implicitly assumes
that returns are approximately normally distributed, which leads to symmetric treatment of
upside and downside volatility (Harvey et al., 2010). Second, mean–variance optimization
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is highly sensitive to estimation error, i.e., small changes in expected returns or covariance
estimates can lead to large shifts in optimal portfolio weights (Hurley & Brimberg, 2015).
As a result, portfolios optimized using historical estimates often perform poorly when
evaluated out of sample, as shown by Welch and Goyal (2008).

To address these issues, a large body of research has focused on alternative risk mea-
sures and robust optimization approaches. Roy (1952) proposed the safety-first criterion,
which emphasizes controlling the probability of extreme losses. Downside-focused mea-
sures, such as semivariance, were later introduced to better reflect investor preferences
toward losses rather than total volatility (Harvey et al., 2010). A major advance was made
by Rockafellar and Uryasev (2000, 2002), who introduced Conditional Value-at-Risk (CVaR)
as a coherent risk measure that explicitly focuses on tail losses. CVaR-based optimization is
computationally efficient and has been shown to provide stronger protection against large
drawdowns than variance-based methods.

Other approaches aim to improve robustness with respect to parameter uncertainty.
The Black–Litterman model (Black & Litterman, 1992) combines a market equilibrium
prior with investor views to generate more stable expected return estimates. Risk-parity
strategies allocate capital so that each asset contributes equally to total portfolio risk and
have been shown to deliver more stable performance across market regimes than tradi-
tional heuristic allocations, such as the 60/40 portfolio (Chaves et al., 2011). Overall, this
literature highlights the importance of accounting for estimation uncertainty, asymmetric
return distributions, and tail risk in portfolio construction, providing strong motivation
for frameworks that incorporate downside-risk penalties such as CVaR and adopt robust
optimization principles. Extending CVaR-based portfolio construction to data-driven fore-
casting settings, Yu and Chang (2020) integrate neural network return prediction with
simulation-based mean–CVaR optimization. Their results suggest that nonlinear predictive
signals can enhance downside-risk-adjusted performance when embedded within coherent
risk-aware portfolio frameworks.

Dynamic allocation under non-stationary market conditions has also been examined
in adaptive rebalancing frameworks. Chang et al. (2017) emphasizes that portfolio weights
must adjust to evolving market structure, characterizing asset allocation as a moving
target problem rather than a static optimization exercise. This perspective highlights the
importance of flexibility and responsiveness in multi-period portfolio design.

Evidence from empirical portfolio studies further highlights the trade-off between
theoretical optimality and practical robustness. DeMiguel et al. (2009) show that the naïve
1/N allocation often outperforms mean–variance optimized portfolios out of sample due
to estimation error and parameter instability. Related work from Kehinde et al. (2025)
on volatility-targeting portfolios demonstrates that constraint-aware allocation rules can
deliver stable risk profiles without relying on precise return forecasts. Together, these
findings suggest that robust portfolio construction benefits from simplicity, explicit risk
control, and resistance to estimation noise, which motivates approaches that prioritize
stability over pure optimality.

Recent studies emphasize that implementation frictions materially affect long-only
factor performance. Y. Chen and Israelov (2024a) show that frequent rebalancing erodes
after-tax alpha and that buy-and-hold portfolios tilted toward value, quality, and defensive
characteristics retain strong performance. Related work from Y. Chen and Israelov (2024b)
on personalized indexing finds that portfolios are highly robust to stock and industry
exclusions, suggesting that realistic constraints do not necessarily imply large efficiency
losses. These findings motivate portfolio frameworks that explicitly control turnover and
operate within practical constraints. These observations suggest that portfolio construction
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methods must jointly address risk, estimation uncertainty, and implementation frictions
within a dynamic decision-making framework.

2.2. Deep Reinforcement Learning and Predictive Modeling in Finance

Machine learning (ML) methods have become increasingly important in empirical asset
pricing and return prediction. Traditional linear factor models often show weak out-of-sample
forecasting performance (Welch & Goyal, 2008), partly because linear specifications cannot
capture nonlinear interactions and structural patterns in financial data. Recent studies show
that nonlinear ML models can significantly improve predictive accuracy. Gu et al. (2020)
demonstrate that tree-based ensembles and neural networks outperform ordinary least
squares when predicting U.S. equity returns, roughly doubling out-of-sample predictive R2

by exploiting nonlinear relationships among firm characteristics. Fischer and Krauss (2018)
similarly find that Long Short-Term Memory (LSTM) networks improve short-horizon return
direction prediction and lead to higher risk-adjusted performance in trading applications.

These results suggest that ML models can extract weak but persistent signals from
high-dimensional and noisy financial datasets. In particular, methods such as random
forests and gradient-boosted trees perform well because they can identify a small number
of influential predictors from a large pool of candidate variables, effectively performing
automatic feature selection (L. Chen et al., 2024; Kelly et al., 2019; Krauss et al., 2017).

Building on advances in predictive modeling, reinforcement learning (RL) provides a
framework for learning dynamic trading and portfolio allocation strategies in a sequential
decision-making context. Unlike supervised learning, which focuses on forecasting returns
and then relies on external rules to form portfolios, RL directly learns trading policies that
optimize the long-horizon investment reward function. Early work by Moody et al. (1998)
showed that RL systems could directly learn to maximize reward functions such as the
Sharpe ratio. Almahdi and Yang (2017) further demonstrated that incorporating risk-
adjusted objectives in recurrent RL frameworks leads to more stable performance than
return-only optimization.

The development of deep reinforcement learning (DRL) has enabled agents to
process high-dimensional states involving multiple assets and technical indicators.
Jiang et al. (2017) proposed a convolutional–recurrent DRL architecture for cryptocurrency
portfolio management and reported strong performance relative to heuristic strategies.
Liu et al. (2022) applied an actor–critic DRL approach using DDPG to equity trading and
observed higher cumulative returns and Sharpe ratios. The introduction of open-source
platforms such as FinRL (Liu et al., 2020) has further standardized experimental environ-
ments and facilitated systematic evaluation of DRL algorithms, including DQN, DDPG,
and PPO. Among these, Proximal Policy Optimization (PPO) (Schulman et al., 2017) has
gained particular attention due to its training stability in noisy and non-stationary fi-
nancial environments. More recent studies combine DRL with transformers, ensemble
learning, and regime-switching mechanisms to improve robustness and tail-risk control
(Choudhary et al., 2025; Gao et al., 2023). More recent work applies deep reinforcement
learning to dynamic portfolio construction. Yu and Chang (2025) develop a DRL-based
tangency portfolio framework in which the agent learns time-varying risk aversion and
rebalancing frequency under changing market conditions. While effective in improving
risk-adjusted performance, such approaches primarily rely on end-to-end policy learning
and do not explicitly separate predictive signal extraction from allocation decisions.

A parallel strand of research explores how predictive signals can be translated directly
into portfolio weights. Brandt et al. (2009) propose parametric portfolio policies that map
firm characteristics to portfolio allocations, providing an early bridge between cross-sectional
prediction and portfolio construction. More recent studies from Oyewola et al. (2026) apply
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deep learning architectures, such as LSTM-based hybrid models, to learn nonlinear map-
pings from price dynamics to portfolio weights. While these approaches improve flexibility
and predictive capacity, they typically embed prediction and allocation in a single layer,
limiting interpretability and explicit risk control.

Despite recent progress, most DRL methods rely on end-to-end mappings from raw
market features to portfolio weights. This structure combines prediction and decision-
making in a single step, making policies difficult to interpret and hard to constrain using
economic or risk-based principles. In addition, many end-to-end models do not explic-
itly account for tail risk, even though ML-based forecasts contain informative signals.
These limitations motivate hybrid frameworks that separate signal generation from policy
learning, as implemented in the hierarchical architecture proposed in this study.

2.3. Explainable AI and Interpretable Decision-Making

As ML and DRL models become more complex, interpretability has become an increas-
ingly important concern, especially in financial applications where decisions have material
economic and regulatory consequences. Black-box models provide limited insight into why
specific portfolio actions are taken, which complicates risk oversight, model validation,
and practical deployment. Explainable AI (XAI) methods address this issue by offering
structured ways to decompose model outputs into interpretable components.

SHAP (Shapley Additive Explanations), proposed by Lundberg and Lee (2017), has
become one of the most widely used XAI tools in finance. Grounded in cooperative game
theory, SHAP provides locally accurate and consistent feature attributions, quantifying
the marginal contribution of each input variable to a model prediction. This framework
aligns naturally with factor-based thinking in asset pricing. Applying SHAP to ML return
prediction models allows practitioners to identify whether predicted returns are driven by
momentum, valuation, quality, macroeconomic factors, or other economic variables.

Recent studies have explored the direct integration of XAI methods into trading and
portfolio management systems. de-la-Rica-Escudero et al. (2025) develop an explainable
DRL framework in which SHAP and LIME are used to interpret the agent’s actions in
real time, helping to verify that portfolio decisions remain economically reasonable under
changing market conditions. Sun et al. (2024) incorporate SHAP-based feature selection into a
GraphSAGE–PPO combined trading model and show that filtering low contribution inputs
improves both training efficiency and out-of-sample performance. Beyond prediction-level
explanations, Shapley value concepts have also been applied to portfolio-level analysis to
decompose risk and return contributions across assets, providing transparent measures of
diversification and marginal risk exposure (Shalit, 2021). Industry practitioners have adopted
similar approaches; for example, Man Group (2023) reports using SHAP to analyze proprietary
ML trading strategies and finds that their behavior aligns with intuitive factor exposures.
Evidence from dividend-based strategies by Y. Chen and Israelov (2024c) further highlights
the importance of understanding underlying return drivers. While high-dividend stocks
appear to outperform historically, their performance is fully explained by exposures to value,
quality, and defensive factors, and dividend tilts reduce after-tax returns. This reinforces the
need for interpretable, factor-level signal decomposition rather than reliance on surface-level
characteristics, aligning naturally with explainable machine learning approaches.

The proposed framework builds on these developments by embedding interpretability
directly into the learning architecture. Return forecasts from gradient-boosted tree models
are paired with SHAP-based factor attributions and passed explicitly to the DRL agent,
ensuring that portfolio decisions are based on transparent and economically meaningful
signals. By integrating explainability into both prediction and decision-making, the hierar-
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chical framework supports risk-aware portfolio construction, strengthens risk management,
and facilitates practical deployment.

2.4. Literature Synthesis and Research Gap

The literature reviews above show clear progress in portfolio optimization, machine
learning-based return prediction, deep reinforcement learning, and explainable AI. However,
these areas of research have largely developed in isolation and have not yet been integrated
into a unified framework for dynamic, risk-aware, and interpretable portfolio allocation.

Classical portfolio models provide strong theoretical foundations and effective tools
for controlling downside risk and estimation uncertainty, but they typically rely on static
parameters and fixed rebalancing rules. Machine learning models improve return pre-
diction by capturing nonlinear and regime-dependent patterns, yet most studies focus
on forecasting accuracy or apply simple trading rules, leaving the portfolio construction
problem only partially addressed. Deep reinforcement learning offers a flexible framework
for sequential decision-making, but most existing applications adopt end-to-end designs
that are difficult to interpret and provide limited control over tail risk and trading frictions.
At the same time, explainable AI methods such as SHAP have improved transparency, but
are mainly used for post hoc analysis rather than as inputs to policy learning.

Overall, the existing literature lacks an approach that jointly combines nonlinear pre-
dictive modeling, explicit downside-risk-sensitive optimization, and interpretable economic
signals within a single dynamic portfolio framework. This gap motivates the hierarchical
signal-to-policy framework proposed in this study, which integrates machine learning,
risk-aware reinforcement learning, and explainable AI as a trading signal in a coherent and
practically implementable way.

3. Problem Setup and Proposed Methodology
Return forecasts play a central role in investment decision-making and portfolio con-

struction. Building on this insight, this section introduces a hierarchical signal-to-policy
learning framework designed for dynamic and risk-aware portfolio allocation. The frame-
work begins with a supervised learning stage that estimates next-period asset returns and
computes model-based explanatory indicators. These predictions and explanations form
structured signals that are passed to a downstream reinforcement learning policy, which
translates them into allocation decisions. The following subsections formalize the problem
setting, describe each modeling component, and present the theoretical foundations for
integrating these elements into a coherent signal-to-policy mapping. Figure 1 provides
a high-level process flow overview of the proposed hierarchical signal-to-policy (HSTP)
framework. This framework explicitly separates signal extraction from policy learning,
i.e., predictive modeling and interpretability are handled upstream, while allocation de-
cisions are optimized downstream under an explicit risk–return trade-off and real-world
trading assumptions.
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Figure 1. Hierarchical signal-to-policy (HSTP) framework for risk-aware portfolio optimization. Note:
The figure summarizes the proposed two-stage hierarchical signal-to-policy (HSTP) framework. In
Stage 1, asset-level technical indicators and macroeconomic factors are processed through a deterministic
feature engineering pipeline and filtered using a unified SHAP-based feature gate, yielding predictive
return signals and interpretable SHAP attributions. These outputs are transformed into the agent’s
observation space via cross-sectional normalization and context aggregation. In Stage 2, the resulting
observation vector is consumed by a PPO actor–critic agent, which produces portfolio weights under
realistic trading constraints and is trained using a risk-aware reward that balances expected return,
downside risk (CVaR), and portfolio regularization penalties.
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3.1. Multifactor Return Decomposition and Mean-Risk Portfolio Optimization

Let ri,t+1 denote the simple return on asset i from time t to t + 1, and let r f ,t+1 be the
contemporaneous risk-free rate. In a general K-factor setting, the excess return of an asset
can be written as

ri,t+1 − r f ,t+1 = αi + β⊤
i ft+1 + εi,t+1, (1)

where ft+1 ∈ RK represents realizations of systematic factors, βi denotes factor loadings,
and εi,t+1 is an idiosyncratic risk with zero conditional mean. Under standard no-arbitrage
conditions and efficient market assumptions, the pricing errors satisfy αi ≈ 0, and expected
excess returns reduce to

E[ri,t+1 − r f ,t+1] = β⊤
i λ, (2)

with λ representing factor risk premia, as proposed by Ross (1976).
A canonical empirical specification is the Fama–French three-factor model

(Fama & French, 1993), which adds factors like the size (SMB) and value (HML) on
top of market excess returns. Subsequent work (Fama & French, 2015) extends this
to the well-known five-factor model, further adding profitability (RMW) and asset
growth factor (CMA) of using conservative minus aggressive.

Therefore the five factors included in this setting are ft+1 = (MKTt+1, SMBt+1, HMLt+1,
RMWt+1, CMAt+1). For a portfolio with weight vector w ∈ RN , the excess portfolio return
can be written as

rp,t+1 − r f ,t+1 = w⊤(rt+1 − r f ,t+11) = αp + β⊤
p ft+1 + εp,t+1, (3)

where the portfolio’s factor exposure is βp = ∑i wiβi. This expression highlights the role
of systematic factors in shaping both expected performance and risk. Classical portfolio
theory (Markowitz, 1952) relies on the mean–variance structure of asset returns, a structure
that is naturally shaped by underlying factor exposures as captured in multifactor asset-
pricing models. In our framework, this factor decomposition provides the economic
foundation for the predictive modelling stage. Fama–French factors and related macro-
financial variables are selected as the Stage-1 feature set, ensuring that the supervised
learning model is informed by exposures that have well-documented explanatory power
in asset pricing. By incorporating factor-based signals into the prediction stage, the model
relies on empirically validated drivers of return variation, ensuring that its forecasts reflect
economically meaningful sources of systematic risk.

3.2. Stage 1: Supervised Return Prediction with Gradient-Boosted Trees
3.2.1. Overview of the XGBoost Prediction Model

Stage 1 uses supervised learning to predict next-period returns using gradient-boosted
regression trees (Friedman, 2001; T. Chen & Guestrin, 2016). This approach was selected
as a practical and well-established tree-based learner for noisy financial return prediction,
supported by mature and stable SHAP implementations. Tree-based boosting methods are
widely used in financial machine learning settings characterized by low signal-to-noise
ratios and complex nonlinear interactions (Feng et al., 2020), and TreeSHAP provides
a consistent and theoretically grounded feature attribution framework for boosted tree
models. Importantly, the role of Stage 1 is not to maximize standalone predictive accuracy,
but to extract a stable and structured signal representation that can be reliably consumed
by the downstream reinforcement learning policy. Each investment asset is assigned to its
own predictive model, but all models share a unified feature set consisting of investment
instrument specific technical indicators and Fama–French-style factor returns. Gradient
boosting (Friedman, 2001) builds an ensemble of predictive models by sequentially adding
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decision trees, where each new tree is trained to correct the errors made by the previous
ones under a chosen loss function. Let f (M)(x) denote the ensemble prediction after m
boosting iterations. The model takes the form

f (M)(x) =
M

∑
m=1

ν h(m)(x), (4)

where h(m)(·) is a regression tree and ν ∈ (0, 1] is a shrinkage parameter controlling the
learning rate. At each iteration, the newly added tree is trained to approximate the negative
functional gradient of the loss evaluated at the current ensemble prediction. This stage-
wise construction enables the model to flexibly capture nonlinearities, interaction effects,
and regime-dependent patterns that are difficult to encode using linear or parametric
specifications.

For each asset i, the final predictor takes the form

ŷi,t = fi(Xi,t) =
Ki

∑
k=1

fi,k(Xi,t), (5)

where each fi,k is a regression tree. A tree partitions the feature space into leaf regions and
assigns a constant weight to each leaf. XGBoost estimates the ensemble by minimizing a
regularized objective based on a second-order Taylor expansion of the loss function. The
objective is:

min
θi

{
∑

t
L(yi,t, fi(Xi,t; θi)) +

Ki

∑
k=1

Ω( fi,k)

}
, (6)

where the loss is the squared error,

L(y, ŷ) = (y − ŷ)2, (7)

and the regularization penalty for tree fi,k is

Ω( fi,k) = α Tk +
λ

2

Tk

∑
j=1

w2
j , (8)

Here Tk is the number of leaves in the tree, while α and λ control tree size and weight
shrinkage. The use of both first-order and second-order derivatives allows XGBoost to
evaluate split gains in an efficient and numerically stable manner, making it well-suited for
noisy financial data with complex nonlinear patterns.

3.2.2. Model Training and Forward-Return Prediction

Let ri,t+1 denote the simple return of asset i from day t to day t + 1. For a forecasting
horizon of H trading days, the supervised learning target is the cumulative simple return:

yi,t =
H

∏
h=1

(1 + ri,t+h)− 1, (9)

This label reflects the realized forward performance of the asset over the next H days
and is used without risk adjustment.

For each date t, the feature vector Xi,t contains only information available at time t,
ensuring the no-look-ahead conditions. Prior to model training and prediction, all features
are standardized to ensure features are placed on comparable scales.
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Model hyperparameters, including tree depth, learning rate, subsampling, and regu-
larization parameters (α, λ), are tuned by maximizing the Information Coefficient (IC):

IC = Spearman(ŷi,t, yi,t), (10)

This correlation measures whether the model correctly ranks assets by expected return.
After tuning, the model is re-estimated using the combined training data and subsequently
applied to generate out-of-sample predictions.

For each asset and date t, Stage 1 produces both the point forecast ŷi,t and a cross-
sectional percentile score that normalizes predictions to the unit interval. This score is
computed as:

Scorei,t =
rank(ŷi,t)− 1

N − 1
, (11)

where N is the number of assets. This rank (or percentile score) represents the cross-
sectional ordering of one-day-ahead predicted returns across assets on each date, and is
used as a relative, scale-free signal. The realized forward return yi,t is retained for out-of-
sample evaluation of the Stage 1 predictive models. Throughout the paper, the predicted
return produced by the Stage-1 model refers to the one-day-ahead return forecast for each
asset, computed using information available up to the prediction date.

3.3. SHAP-Based Explainability and Signal Construction

While Stage 1 focuses on predicting returns based on relevant features for investment
assets, it is important to extract structured information from the prediction model that can
be used to construct informative and economically useful signals. This applies both for
interpreting the economic meaning and for transforming model outputs into informative
signals that can be used by the downstream allocation policy. Because our predictive
models are generated by tree-based XGBoost ensembles, the associated feature attribu-
tions can be computed exactly using the TreeSHAP algorithm (Lundberg & Lee, 2017;
Lundberg et al., 2020).

Shapley values were developed in cooperative game theory (Shapley, 1953), and provide
a useful way to allocate a model’s prediction across its input features. SHAP is adopted as the
explainability mechanism for the Stage 1 prediction models due to its theoretical grounding
and suitability for integration into a downstream learning pipeline. Unlike local surrogate
approaches, such as LIME, which can exhibit instability across sampling realizations, SHAP
provides additive, model-consistent feature attributions derived from cooperative game theory.
Compared to permutation importance and partial dependence methods, SHAP produces
observation-level attributions that capture nonlinear feature interactions and can be directly
used as structured numerical inputs. These properties are essential in our framework, where
explainability outputs are not used solely for interpretation, but serve as state representations
for the Stage 2 reinforcement learning agent.

Beyond interpretability, these attributions can also be used as structured, econom-
ically meaningful signals, such as grouped technical and factor-level contributions and
cross-sectionally demeaned “relative Shapley” score. These attribution-based signals are
subsequently passed to the Stage 2 reinforcement learning agent, where they inform portfo-
lio allocation decisions using economically grounded predictive signals derived from the
return prediction models.
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3.3.1. Shapley Value Decomposition and Group Attribution

For each investment asset i, prediction model fi, and feature vector Xi,t, TreeSHAP
yields the Shapley decomposition

ŷi,t = fi(Xi,t) = ϕi,0 +
d

∑
j=1

ϕi,j,t, (12)

where ϕi,0 is the base value (the expected model output under a reference distribution), and
ϕi,j,t is the Shapley value for feature j at time t. Each ϕi,j,t measures the marginal contribution
of feature j to the deviation in the prediction from the base value. Because SHAP originates
from cooperative game theory, this decomposition satisfies local accuracy, symmetry, and
consistency, properties that are particularly important in financial applications where
explanations must be numerically consistent to model outputs.

To obtain economically meaningful explanations, we aggregate SHAP values within
feature families. Let Gtech(s) denote the set of technical features associated with suffix s
(e.g., all combinations of a 5-day simple moving average) and let Gff( f ) denote the features
associated with a Fama–French factor family f . We define group-level attributions as

Φtech
i,s,t = ∑

j∈Gtech(s)

ϕi,j,t, Φff
i, f ,t = ∑

j∈Gff( f )

ϕi,j,t, (13)

These quantities measure the total contribution of an entire technical indicator class or
factor family to the predicted forward return at time t. Because of additivity, the grouped
attributions will reconstruct the prediction:

ϕi,0 + ∑
s

Φtech
i,s,t + ∑

f
Φff

i, f ,t = ŷi,t, (14)

This ensures that grouped attributions preserve the explanatory structure of the model.

3.3.2. Unified SHAP Feature Gate

Stage-1 models are trained on a broad set of candidate features, including technical
indicators and Fama–French-style factors. Because not all features contribute equally
to forecasting next-period returns, we apply a Unified SHAP Feature Gate on an initial
base period Tbase for Stage 1 models to identify a coherent and global feature set for
subsequent training and prediction. This gate is estimated once and then fixed, and thus,
no re-estimation in rolling windows is required.

On the base window, a lightweight XGBoost model gi is fitted for each asset i using
shallow trees to emphasize interpretability. TreeSHAP produces feature-level attributions
ϕ

gate
i,j,t . The mean absolute SHAP importance of feature j for asset i is defined as

Ii(j) = Et∈Tbase

[∣∣∣ϕgate
i,j,t

∣∣∣], (15)

Feature importances are then aggregated across assets and feature families. To identify
features that are robust across assets, we aggregate SHAP importances at the group level
by taking the mean per feature set.

For a technical indicator group s, the cross-asset importance is

I(s) =
1
|U| ∑

i∈U
Ii(j(i, s)), (16)
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where U denotes the investment universe and j(i, s) identifies the features for suffix s and
asset i. For a Fama–French factor family f with feature set F( f ), importance is defined as:

I( f ) =
1∣∣∣U f

∣∣∣ ∑
i∈U f

∑
j∈F( f )

Ii(j), (17)

where U f denotes the subset of assets for which at least one feature in family f is present.
These group-level measures provide a data-driven ranking of technical and factor

families. A small number of top-ranked groups is selected to form the final unified feature
set; technical indicators are retained across all assets, whereas factor families are represented
by the single lag with the highest mean importance. The broader asset-pricing literature
shows that mechanically expanding the set of predictors without careful controls can
lead to issues, as many proposed factors lack incremental explanatory power and may
reflect false discoveries arising from data mining (Feng et al., 2020). Therefore, the proposed
framework does not treat factor inclusion as a source of alpha by itself. Instead, SHAP-based
feature gating is used to restrict the predictive model to a small, stable set of economically
interpretable features that demonstrate consistent contributions across assets and over time.
By fixing this feature set prior to policy learning, the framework mitigates overfitting of
signals in the downstream allocation policy.

3.3.3. SHAP-Derived Metrics for Policy Learning

Although individual SHAP attributions provide detailed, asset-specific explanations
for the Stage 1 return predictions, the reinforcement learning agent in Stage 2 requires a
compact and stable set of explanatory signals, which operate on the cross-asset levels. To
this end, we aggregate the SHAP attributions across the investment universe on each date
and construct cross-sectional SHAP summary metrics that describe how important each
feature group is on that day in an aggregated fashion.

Let Φi,g,t denote the group-level SHAP attribution (defined in Section 3.3.1) for asset
i, feature group g, and date t. For each date, we compute the cross-sectional mean SHAP
contribution of group g:

Avg_SHAPg,t =
1

Nt

Nt

∑
i=1

Φi,g,t, (18)

where Nt is the number of assets with valid observations on date t. This statistic captures
the directional contribution of group g to predicted returns at time t. A positive value
indicates that, on average, the predictive model contributes to group g positively with
expected returns across assets on that day, while a negative value indicates the opposite.

To quantify the degree of volatility in this directional contribution of group g across
assets, we compute the cross-sectional standard deviation of its contributions:

Std_SHAPg,t =

√√√√ 1
Nt

Nt

∑
i=1

(
Φi,g,t − Avg_SHAPg,t

)2
, (19)

This measure reflects how fluctuated the feature group g is across universe. Larger
values suggest that the SHAP values vary differently on that date, whereas smaller values
indicate a more uniform impact.

These aggregated SHAP metrics serve two purposes. First, they summarize the global
explanatory structure of the predictive model on each day, indicating which technical
or Fama–French factor groups the model currently has higher contributions. Second, by
compressing per-asset SHAP values into market-level attributes, the reinforcement learning
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agent receives this as an informative signal about predictions for asset returns on the market
level to avoid the instability and dimensionality issues using per-asset metrics.

In addition to these SHAP summaries, we construct complementary cross-sectional
measures derived from Stage-1 predictions and realized volatility. For predicted returns
ŷi,t, we compute their daily cross-sectional mean and standard deviation,

CrossSec_Mean_PredRett =
1

Nt

Nt

∑
i=1

ŷi,t, (20)

CrossSec_Std_PredRett =

√√√√ 1
Nt

Nt

∑
i=1

(ŷi,t − CrossSec_Mean_PredRett)
2, (21)

Together, the SHAP-derived summary metrics and cross-sectional prediction statistics
form a market-level contextual layer within the Stage-2 observation space. By incorporating
both the prediction and interpretability signals from Stage 1, the reinforcement learning
agent is endowed with a transparent and economically interpretable representation of the
environment in which it makes allocation decisions.

3.4. Hierarchical Deep Neural Network Framework

The second stage of the proposed signal-to-policy architecture transforms the pre-
dictive outputs from Stage 1 into dynamic, risk-aware portfolio decisions. In this stage,
a reinforcement learning (RL) agent, implemented using Proximal Policy Optimization
(PPO), learns how to map multi-asset predicted returns, SHAP-derived explanatory sig-
nals, technical indicators, and volatility measures into actionable portfolio weights. The
agent operates within a formally defined Markov Decision Process (MDP) in which actions
specify weights tilt relative to a baseline portfolio. Baseline portfolios are generated from
predicted signals while learning of weights tilt from baseline is guided by a mean–CVaR
reward with turnover and concentration penalties to reflect practical risk-management con-
siderations. Through iterative policy improvement, the PPO agent learns a stable mapping
from interpretable model signals to feasible portfolio weights, completing the hierarchical
pipeline from prediction to policy.

The overall hierarchy consists of two tightly coupled layers: Stage 1 (Signal-to-State)
produces model-based predictive signals and explanations, including per-asset forward-
return forecasts, SHAP attributions, and cross-sectional SHAP summary metrics, together
with any normalized predictive scores. These outputs, along with the technical indicators
and global factor inputs used to train Stage 1, are used as a unified time-stacked obser-
vations state for the next stage. The resulting state summarizes both what the predictive
models expect (returns and their drivers) and how current market conditions have evolved
(momentum, volatility, and macro-factor exposures). Stage 2 (Policy Learning) is a deep
reinforcement learning agent implemented using Proximal Policy Optimization (PPO) that
maps the state into portfolio tilts relative to a model-based baseline allocation. These tilts
are then projected into feasible portfolio weights that satisfy long-only and fully invested
constraints. The agent is trained to optimize a monthly mean–CVaR reward augmented
with turnover and concentration penalties, yielding an explicitly risk-aware policy suitable
for real-world implementations.

3.4.1. MDP Specification and Observation Design

The portfolio allocation problem is formulated as an MDP evolving over time. Let
U = {1, . . . , N} denote the investment universe and ri,t+1 denote the simple return of asset
i between t and t + 1. The portfolio at time t is represented by a weight vector wt satisfying
the standard fully invested constraint 1⊤wt = 1.
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The state observed by the agent consolidates the relevant information produced in
Stage 1, together with recent asset-price-related metrics. To avoid the look-ahead bias,
all components of the state are based only on data available up to time t. The state is
constructed as a rolling window

st = [ϕt−L+1, . . . , ϕt], (22)

where each cross-sectional snapshot ϕτ includes the Stage-1 predicted returns ŷi,τ , their

rank-normalized scores ŝi,τ , grouped SHAP attributions g(k)i,τ , and cross-sectional SHAP
summary measures that depict the explanatory structure of the predictive model on that
date. These quantities are complemented by historical volatility, technical indicators and
Fama–French factors selected through the unified feature gate. Together, these features
form a compact yet meaningful representation of prevailing market conditions to guide the
agent’s decisions.

Given the observed state st, the agent selects an action at ∈ [−1, 1]N , interpreted as a
vector of tilts relative to a baseline portfolio defined in the following Section 3.4.2. After the
action is applied, the portfolio is then invested under a buy-and-hold strategy passively
between rebalancing dates.

∼
wt+1 =

wt ⊙ (1 + rt+1)

1 + w⊤
t rt+1

, (23)

where
∼
wt+1 is the next period instrument weight for all investments growing with return of

rt+1 and normalized based on total portfolio return 1 + w⊤
t rt+1. Reward feedback follows

after the next period, reflecting the cumulative effect of the portfolio including that period.
A standard discount factor γ ∈ (0, 1) is applied at the decision frequency.

3.4.2. Baseline Portfolio and Action Parameterization

Rather than learning absolute portfolio weights directly, the reinforcement learning
agent operates relative to a signal-driven baseline portfolio constructed from Stage-1 pre-
dictive information. This formulation anchors the policy to an economically interpretable
reference allocation and constrains learning to relative deviations, improving feasibility
and stability.

For each asset i at rebalance date t, a predictive signal is formed by combining short-
and medium-horizon return forecasts generated in Stage 1. When daily predictions are
available, the composite signal is defined as

si,t = 0.7 r̂(1)i,t + 0.3 r̂(21)
i,t , (24)

where r̂(1)i,t denotes the next-day predicted return and r̂(21)
i,t denotes historical rolling 21-day

averages of predicted returns. This helps balance short-term responsiveness with smoother
trend information, reducing sensitivity to one-off forecast noise.

To account for cross-asset risk heterogeneity, the predictive signal is standardized
cross-sectionally for a relative signal strength within the universe,

zi,t =
si,t − st

std(st)
, (25)

where st and std(st) denote the signal mean and standard deviation across all assets.
Therefore, the baseline portfolio is constructed as a linear deviation from the Equal-Weight
allocation,

∼
w

base
i,t =

1
N

+ β zi,t, (26)
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where N denotes the number of assets and β controls the strength of this signal tilt. The raw
baseline weights are then applied to the transformation ΠW (·), which makes the baseline
weights long-only, with no shorting, no leverage, and satisfying asset-level constraints.

wbase
t = ΠW (

∼
w

base
t ), (27)

At each rebalance date, the PPO agent outputs an action vector ut ∈ RN , which is
mapped to a bounded tilt through a temperature-scaled hyperbolic tangent transformation.

ai,t = tanh
(

ui,t

Ta

)
, (28)

where Ta is the temperature for the effective strength of this action. The action is interpreted
as a relative adjustment to the baseline portfolio, and the resulting tilted weights are
projected back onto the investable set through ΠW (·):

wt = ΠW
(

wbase
i,t ⊙ (1 + at)

)
, (29)

Overall, this baseline-relative structure captures the signal from Stage 1 predictive
modeling from Stage 1 and then leaves the residual signal from Stage 1 result as well as
factors in the observation space to the policy-based PPO agent for tilts around the baseline
weights. By learning adjustments rather than absolute weights, the agent can focus on
tilting the portfolio to better manage risk–return trade-offs via reward function design.

3.4.3. Risk-Aware Reward Function Design

The reward is designed to align the agent’s learning objective with the classical mean-risk
portfolio allocation target. Let Rt:t′ denote the compounded portfolio return realized between
two consecutive decision points t and t′. Using historical losses, we compute empirical
Value-at-Risk and Conditional Value-at-Risk at confidence level α and loss level L,

VaRα = inf{↕ : P(L ≤ ↕) ≥ 1 − α}, (30)

CVaRα = E[L | L ≥ VaRα]., (31)

The mean–CVaR trade-off is captured by the baseline risk-adjusted reward,

∼
r t = Rt:t′ − λcvar CVaRα, (32)

To ensure that the resulting allocation policy remains practical, we include additional
penalties for portfolio concentration, turnover, and transaction costs. Turnover is defined
as the absolute change in portfolio weights between rebalancing dates (accounting for
both buys and sells). Concentration is quantified using the Herfindahl–Hirschman Index
(HHI), defined as the sum of squared portfolio weights. Each penalty term has its own
coefficient, i.e., λhhi for concentration, λto for turnover, and ctc for transaction costs, which
are incorporated into the reward function defined below.

Incorporating downside risk, turnover, and concentration penalties directly into port-
folio optimization objectives are well established in the literature and widely used in
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regulated investment settings (Mugerman et al., 2019). In this study, these elements are
adopted as standard control mechanisms to ensure realistic and stable policy learning.

TOt =
N
∑

i=1

∣∣wi,t − wi,t−
∣∣

HHIt =
N
∑

i=1
w2

i,t

rt =
∼
r t − λhhiHHIt − (λto + ctc)TOt

(33)

3.4.4. Policy Network Architecture and PPO Training

The Stage-2 policy is implemented using a deep neural network trained with the Prox-
imal Policy Optimization (PPO) algorithm. The policy network maps the high-dimensional
state st to the parameters of a stochastic action distribution, and a separate value func-
tion network, sharing the same architecture, estimates the state value Vψ(st) used for
advantage estimation.

The PPO update is done based on the clipped surrogate objective, which constrains
the magnitude of policy updates to enhance stability. Let ρt(θ) = πθ(ut |st)

πθold
(ut |st)

denote the

likelihood ratio of the new and old policies. The objective is defined as below:

LCLIP(θ) = Et
[
min

(
ρt(θ) Ât, clip(ρt(θ), 1 − ϵ, 1 + ϵ) Ât

)]
, (34)

where Ât is the generalized advantage estimate. This formulation prevents large step
updates within policy space, and this structure would fit well in investment environments
as return series have been seen as noisy and non-stationary data.

The overall learning objective extends the clipped surrogate with a squared-error value-
function loss and an entropy regularization term, which encourages exploration. Training
is performed on rolling windows of data, similar to the Stage-1 protocol. Each window
contains a training set used for gradient updates, followed by a validation segment used
for hyperparameter tuning. The resulting policy is evaluated out of sample. Because PPO
training is stochastic, we repeat the Stage 2 training with multiple random initializations
and summarize performance across runs to assess robustness.

4. Empirical Experiments
This section presents the empirical evaluation of the proposed hierarchical signal-to-

policy learning framework. The objective is to assess the model’s performance in realistic
portfolio allocation settings, focusing on both prediction effectiveness and risk-adjusted invest-
ment outcomes generated by the learned allocation policies. We apply the framework to two
distinct investment universes that differ in asset composition and market structures. For each
universe, we use a consistent model configuration to train the framework, generate portfolio
action weights, and construct an investable portfolio over subsequent periods. Correspond-
ing benchmark strategies are defined under the same rebalancing frequency and portfolio
constraints. Out-of-sample performance is evaluated using a rolling-window protocol to
emulate realistic deployment conditions. To assess the robustness and stability of the learned
policy network, the entire training–prediction–evaluation procedure is repeated multiple
times, producing an ensemble of action–weight trajectories and performance outcomes.

4.1. Data Collection

We train and evaluate the hierarchical signal-to-policy learning framework on two
equity universes commonly used in real-world portfolio management. The first universe
consists of nine Select Sector SPDR ETFs, which include Materials Select Sector SPDR Fund
(XLB), Energy Select Sector SPDR Fund (XLE), Financial Select Sector SPDR Fund (XLF),
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Industrial Select Sector SPDR Fund (XLI), Technology Select Sector SPDR Fund (XLK),
Consumer Staples Select Sector SPDR Fund (XLP), Consumer Discretionary Select Sector
SPDR Fund (XLY), Health Care Select Sector SPDR Fund (XLV), and Utilities Select Sector
SPDR Fund (XLU). Those ETFs collectively cover the major U.S. stock market sectors. The
second universe contains twenty-six large-cap U.S. equities drawn from the Dow Jones
Industrial Average index (DJIA). We use the passive index tracking ETF (ticker DIA) to
represent this index for the benchmark. These stocks broadly represent the cross-industry
composition of the Dow Jones Industrial Average index over the sample period, while
excluding a small number of names with incomplete or inconsistent price histories.

Daily close prices and returns are collected from January 1999 to November 2024 to
ensure coverage across multiple market cycles. All asset returns used in Stage 1 are trained
and predicted based on the next one-day forward-looking period, while Stage 2 operates at
a monthly rebalancing frequency, with portfolio rebalancing and reward evaluation every
21 trading days. This design allows short-horizon predictive signals to be aggregated and
acted upon at a lower-frequency portfolio decision level.

To prevent lookahead bias, all features are computed using only information available
up to each observation date. Forward-return labels that cannot be fully observed due to
sample boundaries are removed through label-availability filtering, ensuring that neither
training nor evaluation has any information leakage. Rolling training, validation, and
out-of-sample test partitions are then formed using a rolling-forward procedure, with strict
sequential ordering.

Each asset is represented by a rich feature set combining asset-specific technical
indicators. Those include moving-average signals, momentum oscillators, lagged returns,
and volatility measures, as well as shared Fama–French factors with different lags, such as
market beta, size, value, profitability and investment. All features are computed at a daily
frequency and aligned across assets. Appendix A summarizes the feature definition for
Stage 1. Different factors selected by the Stage 1 SHAP gate will be included in the next
stage policy learning.

4.2. Model Architecture and Configuration

The empirical evaluation is conducted using the proposed hierarchical signal-to-
policy learning framework, which explicitly decouples return prediction (Stage 1) from
portfolio optimization (Stage 2). This separation introduces a modular structure that enables
independent analysis of the predictive signal layer and contributes to more stable learning
dynamics using a reinforcement learning framework. In short, Stage 1 produces predictive
signals at a daily frequency, whereas Stage 2 aggregates these signals to inform portfolio
allocation decisions made on a monthly basis under explicit risk controls.

4.2.1. Stage 1: Predictive Modeling and SHAP-Based Signal Construction

Stage 1 trains a set of asset-specific XGBoost models with one model per ETF or stock
from the investment universe. Each model predicts the one-day forward simple return:

r̂(1)t,i = fθi (Xt,i), (35)

where Xt,i is the feature vector for asset i on trading day t, and fθi is the corresponding
gradient-boosted tree.

The feature set includes two components, i.e., asset-specific technical indicators includ-
ing moving-average measures, momentum signals, lagged returns, and volatility, as well
as Fama–French factors with daily lags shared across assets. To ensure feature selection
stability, this list of features is first filtered using a Unified SHAP Feature Gate, which fits
preliminary XGBoost models on a designated base window, computes TreeSHAP impor-
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tances, and aggregates them across assets. We selected the top 10 feature groups using the
first period data, which had consistently strong predictive relevance at the universe level
for subsequent rolling training and prediction.

Models are trained using the top 10 selected features from Unified SHAP Feature Gate
with rolling-forward splits to generate predicted forward-return estimations. Because the
target uses information at t + 1, the pipeline excludes observations whose forward labels
are not fully realized.

Hyperparameters are selected to maximize the validation information coefficient (IC):

IC = ρ
(

r̂(1)t,i , r(1)t,i

)
, (36)

where r(1)t,i denotes the realized one-day forward return and ρ(·, ·) is the cross-sectional
correlation operator. For each trading day, Stage 1 produces several outputs that are
passed to Stage 2. In addition to the point forecast r̂(1)t,i , the model generates a cross-

sectional percentile score st,i =
rank(r̂(1)t,i )

N , where N is the number of assets, as well as SHAP

attributions aggregated at the feature-group level according to r̂(1)t,i = ϕbase
t,i + ∑g∈G ϕ

(g)
t,i .

Although the supervised learning target is one-day-ahead, portfolio decisions in Stage
2 are made at a 21-trading-day rebalancing frequency. To bridge this horizon mismatch
and improve signal robustness, the daily Stage-1 predictions are further transformed into a
medium-horizon signal by blending the one-day forecast with its rolling 21-day average, as
detailed in Section 3.4.2. This aggregation reduces high-frequency noise while preserving
responsiveness to new information. The signals passed from Stage 1 to the policy-learning
stage consist of the smoothed predictive signal, daily return forecasts, cross-sectional
rankings, and SHAP-based group attributions.

4.2.2. Stage 2: PPO-Based Portfolio Allocation

Stage 2 converts the daily predictive signals produced in Stage 1 into portfolio alloca-
tions using a Proximal Policy Optimization (PPO) agent. While the environment evolves
at a daily frequency, portfolio rebalancing occurs every 21 trading days, corresponding to
a monthly decision horizon. Rewards are issued only at rebalance dates and summarize
portfolio performance over the preceding period.

• State Representation

At each rebalance time t, the agent observes a state vector constructed from the Stage-2
observation feature set described in Appendix B. The state combines asset-level predictive sig-
nals with cross-sectionally aggregated explanatory and market-context features, all computed
using information available up to time t. The observation state can be written as,

st =

{r̂(1)t,i , ϕ
(

r(1)t,i

)
, rank

(
r̂(1)t,i

)}N

i=1︸ ︷︷ ︸
asset-level Stage 1 outputs

, ϕt,
∼
ϕt, µr̂

t , sdr̂
t , µσ

t︸ ︷︷ ︸
Stage 1 cross-sectional aggregates

, Ft,
{

Xtech
t,i , Xmom

t,i

}N

i=1︸ ︷︷ ︸
Stage 1 inputs

, (37)

where N denotes the number of assets in the investment universe.
The first block consists of the asset-level outputs of Stage 1: the one-day-ahead return

forecasts r̂(1)t,i , their historical volatilities and their cross-sectional ranks. These quantities
preserve prediction and their relative ordering of expected returns across assets.

The second block contains cross-sectionally aggregated quantities already produced
in Stage 1, including SHAP feature-group summaries and cross-sectional context variables.
Specifically, ϕt denotes the vector of cross-sectionally normalized (relative) SHAP attribu-
tions across the feature groups selected by the Unified SHAP Feature Gate, corresponding
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to the variables *_REL in Appendix B. The quantity
∼
ϕt represents the dispersion of SHAP at-

tributions across assets for each feature group, corresponding to the variables Std_SHAP_*.
These quantities summarize the explanatory structure of the Stage-1 predictive models at
the universe level by indicating which feature groups drive forecasts and how heteroge-
neous their influence is across assets. In addition, the observation includes cross-sectional
context variables derived from Stage-1 outputs, namely the mean and standard deviation of
predicted returns across assets

(
µr̂

t , sdr̂
t
)

and the cross-sectional mean of asset-level volatil-
ity (µσ

t ). Together, these aggregated variables describe the overall strength and dispersion
of predictive signals and prevailing risk conditions across the universe at time t.

The final block reuses a subset of the Stage-1 input features themselves, i.e., Fama–
French factors Ft and asset-level technical and momentum indicators

{
Xtech

t,i , Xmom
t,i }N

i=1
selected by the Unified SHAP Gate. These features provide additional context on market
conditions and recent price dynamics to be observed by the Stage 2 agents.

In addition, the observation includes cross-sectional context variables, such as the
mean and standard deviation of predicted returns and volatility across assets. The complete
state vector is stacked over a fixed lookback window prior to each rebalance, allowing the
policy to condition decisions on recent temporal dynamics at both the asset and market
levels. Given this representation, the PPO policy learns to generate portfolio tilts relative to
a model-based baseline allocation, which are subsequently mapped into feasible portfolio
weights subject to long-only, no shorting and other diversification constraints.

• Baseline Portfolio Construction

Portfolio actions are optimal weights defined as tilted weights from a static baseline
allocation constructed from the predictive signals generated in Stage 1. The purpose of the
baseline is to provide a stable, model-driven reference portfolio, allowing the reinforcement
learning agent to focus on relative tilts rather than learning absolute allocations from
scratch.

At each rebalance date t, similar to Section 3.4.2, predictions are further transformed
into a medium-horizon signal by blending the one-day forecast with its rolling 21-day
average. Let rt and std(r̂t) denote the cross-sectional average and standard deviation of the
predicted returns at time t. These standardized scores zt,i are then mapped to preliminary
baseline weights through a linear tilt around the equal weight portfolio with fixed intensity
β = 0.15,

∼
w

base
i,t =

1
N

+ 0.15 zt,i, (38)

The above raw weights are then mapped onto a long-only, fully invested feasible set
using transformation of ΠW (·), with individual asset bounds wt,i ∈ [0.01, 1

3 ] and summing
to 100% ∑N

i=1 wi = 1. This projection yields the baseline portfolio wbase
t .

• Action Mapping and Portfolio Dynamics

At each rebalance date, the PPO policy outputs an action vector ut. To control the
magnitude of portfolio adjustments and improve numerical stability, the raw action is
transformed using a temperature-scaled hyperbolic tangent function,

at = tanh
(ut

τ

)
, τ = 0.4, (39)

The transformed action weights are interpreted as relative tilts around the baseline
portfolio generated from the predictive signals in Stage 1, and the resulting tilted weights
are projected back onto the feasible set to enforce long-only and budget constraints,

wt = ΠW
(

wbase
t ⊙ (1 + at)

)
, (40)
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Between rebalance dates, the portfolio evolves passively according to standard self-
financing dynamics,

wt+1 =
wt ⊙ (1 + rt+1)

1 + w⊤
t rt+1

, (41)

where rt+1 denotes the vector of realized asset returns. This is the portfolio-drifted weight
during non-rebalancing dates.

• Reward Function

At each rebalance date, the agent receives a reward designed to balance return generation,
downside risk control, trading costs, and diversification. The reward is specified as

Rt = r(21)
t − λCVaR CVaR0.05(L1:t)− λHHI

N

∑
i=1

w2
t,i − (λto + ctc)TOt, (42)

where r(21)
t denotes the realized 21-day portfolio return and L1:t represents the historical

portfolio loss sequence used to compute Conditional Value-at-Risk (CvaR). CVaR is com-
puted from empirical loss distribution after a 12-month warm-up period. The penalty
terms reduce the likelihood of excessive trading, portfolio concentration (measured by the
Herfindahl–Hirschman Index), and proportional transaction costs.

Together, this reward structure encourages exploitation of predictive signals while
explicitly controlling tail risk and implementation frictions, yielding a policy that is both
risk-aware and practically implementable.

4.2.3. Rolling-Window Training, Evaluation, and Prediction

We adopt a rolling forward training, evaluation, and prediction protocol to emulate
realistic model deployment and to ensure a strictly out-of-sample process across both stages
of the hierarchical framework. The full dataset spans January 1999 to November 2024.
Stage-1 predictive models are trained using rolling windows consisting of a 12-year training
period, followed by a 1-year validation period and a 1-year prediction period. Stage-2
policy learning is conducted using rolling windows consisting of 7 years of training data,
followed by 1 year of validation and 1 year of out-of-sample testing. Portfolio performance
reported in Sections 4.4–4.6 corresponds exclusively to the aggregated out-of-sample test
periods from these rolling evaluations. All cumulative return figures display only the
out-of-sample performance intervals.

In Stage 1, asset-specific supervised learning models are used to generate one-day-
ahead return forecasts. For each rolling window, the data are divided into a 12-year
training period, a 1-year validation period, and a 1-year prediction period. Within each
window, several candidate models are trained using only the training data under different
hyperparameter settings. Early stopping is applied during training, and model selection is
based on performance on the validation set.

After the best-performing model is identified, it is fixed and applied directly to the pre-
diction period without further adjustment. This model produces next-day return forecasts
together with the corresponding SHAP attributions. The above procedure is implemented
sequentially over the entire sample, resulting in a single, consistent time series of predicted
returns and SHAP-based signals. These outputs are then treated as fixed inputs for the
downstream policy-learning stage.

In Stage 2, portfolio allocation is learned using a Proximal Policy Optimization (PPO)
agent. To evaluate robustness and sensitivity to stochastic learning dynamics, the full
rolling training–validation–testing procedure is repeated over 30 iterations over the entire
data period. In each iteration, the environment is constructed using trading-day windows
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consisting of 7 years (252 × 7 trading days) of training, followed by a 1-year (252 trading
days) validation window and a 1-year (252 trading days) out-of-sample testing window.

The agent observes a rolling lookback window of 21 trading days and rebalances the
portfolio every 21 trading days, corresponding to a monthly decision frequency. The PPO
agent is trained to observe daily state information and take actions and receive rewards at
monthly intervals. This design reduces reward noise and aligns the learning problem with
the portfolio rebalancing horizon.

PPO hyperparameters, including the learning rate, clipping range, CVaR risk-aversion
coefficient, turnover penalty, and concentration (HHI) penalty, are selected via short PPO
training runs fitted on the training window and evaluated on the validation window.
Hyperparameter selection is performed only once using the first rolling period, and the
chosen configuration is then held fixed throughout the entire reallocation process. To assess
whether fixing PPO hyperparameters introduces regime dependence or temporal bias,
Section 4.5.3 conducts a structured sensitivity analysis over key parameters while holding
the PPO architecture and optimization settings fixed. Candidate configurations are ranked
by their average validation reward,

R =
1

Tval
∑

t∈val
Rt, (43)

Using the selected hyperparameters, the PPO agent is trained on the training window
through incremental updates. During training, performance is evaluated repeatedly on
the validation window, and early stopping is applied to avoid overfitting. After training,
the PPO policy is fixed and applied to the out-of-sample test window without further
parameter updates. The portfolio is rebalanced every 21 trading days and remains drifted
between rebalancing dates. The corresponding wealth Wt+1 evolves according to

Wt+1 = Wt(1 + r(21)
t ), (44)

where r(21)
t denotes the realized portfolio return over the 21-day holding period.

To evaluate the performance of this model, we compute standard performance metrics,
including compound annual growth rate (CAGR), annualized volatility, return over volatil-
ity ratio, Sortino ratio, maximum drawdown, and CVaR at the 5% level. This evaluation is
repeated over 30 rolling PPO iterations, each corresponding to a distinct training–validation–
testing window and an independent policy training run. We report both aggregate statistics
(e.g., mean or median across runs) and run-level win ratios to quantify the stability of the
learned allocation policy. The collection of out-of-sample results across random initializa-
tions provides evidence on robustness and parameter sensitivity under realistic stochastic
training dynamics.

Figure 2 provides a workflow overview of the rolling training, validation, and out-of-
sample testing design, which is applied consistently across both stages.
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Figure 2. Rolling out-of-sample evaluation protocol. Note: This figure illustrates the rolling walk-
forward evaluation and information flow of the proposed framework. At each rebalance time t,
Stage 1 generates asset-level predictive outputs {r̂(1)t,i , ϕ

(
r(1)t,i

)
, rank(r̂(1)t,i )}

N
i=1. and cross-sectional

aggregates (ϕt,
∼
ϕt, µr̂

t , sdr̂
t , µσ

t ) using only data available up to time t. These quantities, together
with the corresponding Stage-1 input features {Ft, Xtech

t,i , Xmom
t,i }N

i=1., form the observation state st in
Equation (37). Stage 2 trains, validates, and evaluates the PPO policy on rolling windows using only
{sτ : τ ≤ t}. Stage-1 models are not updated during Stage-2 learning, ensuring strictly out-of-sample
evaluation and no information leakage.

4.3. Model Benchmark Definition

To evaluate the efficacy of the proposed hierarchical signal-to-policy framework, we
compare out-of-sample performance with three different benchmarks. All benchmarks are
evaluated under the same experimental setting as the HSTP model, including identical
rolling windows, a 21-trading-day rebalancing frequency, and long-only, fully invested
portfolio constraints.

The Equal-Weight benchmark allocates an identical fraction of capital to each asset at
every rebalance date,

wEW
i =

1
N

, i = 1, . . . , N, (45)

where N denotes the number of assets in the investment universe. This strategy rebalances
the portfolio back to Equal Weight on the same day when the PPO agent makes the
allocation changes.
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We additionally include a mean–CVaR optimization benchmark to isolate the con-
tribution of hierarchical policy learning from explicit risk-aware portfolio optimization.
This benchmark constructs portfolios by directly solving a static optimization problem
that mirrors the risk–return trade-off embedded in the PPO reward function, but without
reinforcement learning. At each rebalance date t, portfolio weights are solved from a
mean–CVaR optimization problem using the previous 252 trading days of realized daily
returns. To ensure horizon consistency with the proposed HSTP model, the mean–CVaR
portfolio is rebalanced every 21 trading days. Expected returns are calculated as historical
means over this rolling 252-day window, while downside risk is measured using 5% Condi-
tional Value-at-Risk (CVaR) at the same confidence level as in the Stage-2 reward function.
The benchmark objective is defined to be consistent with the PPO reward formulation in
Equation (42).

Specifically, at each rebalance date t, the mean–CVaR benchmark solves:

E
(

r(21)
t

)
− λCVaR CVaR0.05(L1:t)− λHHI

N
∑

i=1
w2

t,i − (λto + ctc)TOt

subject to
N
∑

i=1
wt,i = 1, wt,i ≥ 0, wt,i ∈ [wmin, wmax]

(46)

where r(21)
p,t denotes the realized 21-trading-day portfolio return, L1:t represents the historical

portfolio loss sequence used to compute CVaR, and TOt denotes portfolio turnover at
rebalance date t. The HHI term penalizes portfolio concentration, while the turnover
and transaction cost terms penalize excessive trading, exactly as specified in the PPO
reward function.

Importantly, the penalty coefficients λCVaR, λHHI, λto, and ctc are fixed at the optimal
values learned by the PPO agent during Stage-2 training. This ensures that the mean–
CVaR benchmark reflects the same risk preferences and implementation frictions as the
HSTP framework, while replacing the sequential policy-learning component for allocation
weights with an optimization approach.

To ensure a fair comparison with learning-based strategies, the mean–CVaR opti-
mization is repeated across the same 30 rolling out-of-sample iterations used for HSTP
and momentum-based PPO portfolios, producing a distribution of run-level performance
outcomes that can be directly compared under identical market realizations.

The primary active benchmark is a momentum-based PPO strategy, denoted PPO–
MOM. This benchmark removes Stage 1 entirely and replaces model-based return forecasts
with a momentum-only signal constructed from historical price dynamics. All Stage-
2 components, including the PPO algorithm, reward formulation, portfolio constraints,
rebalancing schedule, and rolling evaluation protocol, are kept identical to those of the
proposed model. As a result, differences in performance can be attributed directly to
including or excluding hierarchical signal generation.

For each asset i at time t, momentum signals are computed over multiple horizons,

Momt,i(d) =
Pt − Pt−d

Pt−d
, d ∈ {5, 10, 20}, (47)

together with a 20-day rolling volatility measure,

Volt,i(20) =
1
20

20

∑
j=1

(rt−j,i − rt,i)
2, (48)
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Each component is standardized cross-sectionally across assets on each date. A daily
composite momentum score is then constructed by averaging the standardized momentum
signals and penalizing volatility,

Sdaily
t,i = 1

4 (Zt(Momt,i(5)) + Zt(Momt,i(10)) + Zt(Momt,i(20))
−Zt(Volt,i(20))),

(49)

where Zt(·) denotes cross-sectional z-scoring. To incorporate both short- and medium-
horizon information, the daily score is also blended with its 21-day rolling average, similar
to the HSTP model in Section 3.4.2,

St,i = 0.7 Sdaily
t,i + 0.3

1
21

20

∑
k=0

Sdaily
t−k,i , (50)

The blended score is further scaled by inverse volatility and standardized again cross-
sectionally to obtain the final momentum signal zt,i. The momentum baseline portfolio
is constructed through a linear tilt around the Equal-Weight allocation, like the model

above
∼
w

base
i,t = 1

N + β zt,i, where β controls the aggressiveness of the tilt. The raw weights
are projected onto a long-only, fully invested feasible set by clipping negative values
and renormalizing them, followed by per-asset floor and cap constraints to limit extreme
allocations. In the reported configuration, we set β = 0.15, impose a minimum weight of
1% and a maximum weight of 1/3.

The PPO–MOM agent learns deviations around this momentum-only baseline, similar
to HSTP, and generates action weights via wt = ΠW

(
wbase

t ⊙ (1 + at)
)

using the same
PPO architecture, mean–CVaR reward, turnover and concentration penalties, and training
procedure. Hyperparameters are selected via short PPO training runs on the training
window and evaluated on the validation window. The selected policy is then trained on
the training window with early stopping guided by validation performance and frozen for
out-of-sample evaluation. This benchmark represents a learning policy generated from the
technical indicator-based observation space and serves as a clean ablation for assessing the
marginal contribution of Stage-1 predictive modeling.

A passive market index benchmark is also included to represent the opportunity cost of
active allocation, and we selected two exchange-traded funds to represent the benchmarks.
For the sector ETF universe, we use SPDR S&P 500 ETF, while for the Dow Jones stock
universe, we use SPDR Dow Jones Industrial Average ETF—both index ETFs are the best
proxy as passively invested based on securities in both universes. The benchmarks are
using buy-and-hold strategies so that the wealth is accumulated from their returns,

WIDX
t+1 = WIDX

t (1 + rIDX
t ), (51)

4.4. Out-of-Sample Performance and Model Robustness Analysis

This section reports the out-of-sample performance of the proposed hierarchical signal-
to-policy (HSTP) framework. Performance is evaluated using daily portfolio returns over
the out-of-sample test periods, with metrics annualized where appropriate. To account for
the inherent stochasticity of policy gradient training, both HSTP and the momentum-based
PPO benchmark (PPO–MOM) are trained and evaluated over 30 independent runs, corre-
sponding to different random seeds but identical data splits and identical Stage-1 inputs.
The mean–CVaR optimization benchmark, which solves a static mean–CVaR portfolio
optimization problem using rolling historical returns and fixed risk-penalty parameters, is
also evaluated over the same 30 rolling iterations to ensure a fair run-level comparison. In
contrast, the Equal Weight (EW) strategy and the market index benchmarks, namely, SPY
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ETF for the Sector ETF universe and DIA ETF for the DJIA stock universe, are deterministic
and, therefore, produce a single realized performance path.

HSTP is evaluated against three benchmarks—(i) PPO–MOM, which removes the
hierarchical Stage-1 signal layer; (ii) the mean–CVaR optimization benchmark, which
incorporates explicit tail risk, turnover, and concentration penalties calibrated from the
PPO agent but excludes reinforcement learning; (iii) the Equal Weight portfolio; and (iv)
the relevant passive index ETFs—and all strategies are assessed under the same rolling
out-of-sample protocol.

4.4.1. Aggregate Return and Risk Metrics

Figure 3 illustrates the out-of-sample cumulative wealth trajectories. For learning-
based strategies (HSTP, PPO–MOM, and mean–CVaR), we report median ensemble paths
across the 30 iteration runs, while deterministic benchmarks of index ETFs and Equal
Weight are shown as single paths. Across both investment universes, HSTP exhibits the
strongest cumulative growth profile, indicating that the hierarchical signal layer improves
both the quality and consistency of the learned allocation policy in out-of-sample settings,
delivering gains beyond those achievable through either end-to-end reinforcement learning
or static risk-aware optimization alone.

For the Sector ETF universe, the median terminal wealth (growth of $1) is approx-
imately 2.72× for HSTP, compared with 1.66× for PPO–MOM, 2.02× for EW, 2.1× for
mean–CVaR, and 2.35× for SPY. For the DJIA stock universe, HSTP achieves a median
terminal wealth of approximately 2.42×, exceeding PPO–MOM (1.93×), EW (2.23×), mean–
CVaR (2.04×) and the DIA ETF benchmark (2.00×).

Tables 1 and 2 report mean out-of-sample performance metrics computed from daily
returns. Learning-based strategies are averaged across the 30 runs, while Equal Weight
and index ETFs are reported as single-path outcomes. Reported performance metrics are
computed from gross portfolio returns; the implied transaction-cost drag based on realized
turnover is reported separately in Section 4.6 and Appendix D.

In the Sector ETF universe, HSTP achieves the highest annual return (14.60%), out-
performing Momentum–PPO (7.11%), Equal Weight (10.11%), mean–CVaR (10.75%), and
SPY (12.41%). Although HSTP exhibits slightly higher volatility, it delivers the strongest
risk-adjusted performance, with the highest return-to-volatility ratio (0.75) and Sortino
ratio (0.98). A similar pattern is observed in the DJIA stock universe. HSTP again delivers
the highest annual return (12.58%), exceeding Momentum–PPO (9.26%), Equal Weight
(11.59%), mean–CVaR (10.09%), and the DIA ETF (9.93%). While volatility levels are broadly
comparable across strategies, HSTP attains the strongest overall risk-adjusted efficiency,
with a return-to-volatility ratio of 0.68 and a Sortino ratio of 0.90. Relative to the Equal
Weight portfolio, which performs competitively in this diversified large-cap universe,
HSTP shows incremental gains in both absolute return and downside-adjusted perfor-
mance. Compared with Momentum–PPO and the passive ETF, the hierarchical framework
exhibits a clear advantage, highlighting the value of combining predictive modeling and
risk-aware reinforcement learning for both universes.
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Panel (a): Sector ETF universe 

Panel (b): DJIA stock universe 

Figure 3. Out-of-sample median cumulative growth among strategies (test window: 2017–2024;
21-trading-day rebalancing).

Table 1. Sector ETF universe out-of-sample test results.

Strategy Annual Return Annual Volatility Return/Volatility Sortino

HSTP (Proposed) 14.60% 19.48% 0.75 0.98
Momentum–PPO 7.11% 18.80% 0.38 0.56

Mean–CVaR 10.75% 18.07% 0.59 0.79
Equal Weight 10.11% 18.38% 0.55 0.72

SPY ETF 12.41% 19.00% 0.65 0.85
Notes: Metrics are computed from daily portfolio returns and annualized where applicable. HSTP, mean–CVaR
and Momentum–PPO results are averaged across 30 runs; EW and SPY are single-path benchmarks.

https://doi.org/10.3390/ijfs14030075

https://doi.org/10.3390/ijfs14030075


Int. J. Financial Stud. 2026, 14, 75 27 of 41

Table 2. DJIA stock universe out-of-sample test results.

Strategy Annual Return Annual Volatility Return/Volatility Sortino

HSTP (Proposed) 12.58% 18.62% 0.68 0.9
Momentum–PPO 9.26% 17.97% 0.52 0.7

Mean–CVaR 10.09% 21.39% 0.47 0.71
Equal Weight 11.59% 17.92% 0.65 0.83

DIA ETF 9.93% 18.85% 0.53 0.7
Notes: Metrics are computed from daily portfolio returns and annualized. HSTP, mean–CVaR and Momentum–
PPO are averaged across 30 runs; Equal Weight and DIA are single-path benchmarks.

4.4.2. Downside Risk and Tail Behavior

Table 3 reports downside risk characteristics using maximum drawdown and monthly
CVaR at the 5% level (lower CVaR values indicate better downside protection). In the Sector
ETF universe, HSTP achieves both the smallest drawdown and the least severe tail losses. In
the DJIA stock universe, HSTP again delivers the lowest maximum drawdown and remains
highly competitive on tail risk. Although EW exhibits a marginally better CVaR than HSTP,
the difference is economically small relative to HSTP’s superior return and efficiency.

Table 3. Downside-risk measures across asset universes.

Universe Strategy Maximum
Drawdown (%)

CVaR (5%, 21-Trading-Day
Horizon)

Sector ETFs HSTP (Proposed) −31.84% 10.10%
Momentum–PPO −34.00% 10.15%
Mean–CVaR −32.67% 9.70%
Equal Weight −37.18% 10.52%
SPY ETF −34.10% 10.42%

DJIA Stocks HSTP (Proposed) −31.43% 7.72%
Momentum–PPO −31.60% 7.80%
Mean–CVaR −29.40% 9.17%
Equal Weight −32.66% 7.71%
DIA ETF −37.06% 8.83%

Notes: HSTP, mean–CVaR and Momentum–PPO strategies are averaged across 30 runs; EW and index ETFs
are single-path benchmarks. CVaR statistics are reported as a positive loss magnitude at the 5% level over a
21-trading-day horizon, matching the reward function horizon; lower values indicate better downside protection.

4.5. Statistical Robustness and Run-Level Stability
4.5.1. Run-Level Win Rates

Because PPO training is stochastic, we further examine robustness using run-level
descriptive statistics. Table 4 reports win rates, defined as the percentage of runs in which
HSTP strictly outperforms a given benchmark on a specific metric.

In the Sector ETF universe, HSTP shows 100% dominance on return-based metrics, out-
performing Momentum–PPO, Equal Weight, and the index benchmark among all 30 runs for
both annual return and return-to-volatility. Notably, HSTP also achieves superior drawdown
control, with win rates of 100% across all benchmarks for maximum drawdown. While
differences in monthly CVaR outcomes are more mixed, reflecting the inherently conserva-
tive nature of tail risk metrics, HSTP continues to outperform the Equal Weight and index
benchmarks in the majority of runs, indicating consistent downside risk performance.

In the DJIA stock universe, where diversification effects naturally reduce performance
dispersion, HSTP maintains strong run-level robustness. HSTP outperforms Momentum–
PPO and the index benchmark in all runs for both annual return and return-to-volatility ratio
and exceeds Equal Weight in a large majority of cases. For downside-risk measures, HSTP
demonstrates particularly strong performance relative to Equal Weight and the index benchmark,
achieving higher win rates for maximum drawdown and monthly CVaR. Although Momentum–
PPO has slightly lower drawdowns and CVaR in individual runs, these outcomes are not
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systematic and occur alongside weaker performance on the return-based metric. Appendix C
provides additional window-level risk–return diagnostics across rolling out-of-sample periods.

Table 4. Run-level win rates of HSTP (%).

Universe Metric Vs. Momentum–PPO Vs. Equal Weight Vs. Index ETF

Sector ETFs Annual Return 100 100 100
Return/Volatility 100 100 100
Maximum Drawdown 100 100 100
CVaR (5%, 21-trading-day horizon) 53.33 90 83.33

DJIA Stocks Annual Return 100 86.67 100
Return/Volatility 100 80 100
Maximum Drawdown 46.67 93.33 100
CVaR (5%, 21-trading-day horizon) 66.67 53.33 100

Notes: Win rates compare each HSTP run against the benchmark value. These results are descriptive and not
formal hypothesis tests.

Finally, Figure 4 visualizes the distribution of performance outcomes across the 30 runs.
The plots show that HSTP improves not only average outcomes but also reliability, with
fewer runs exhibiting weak growth or prolonged stagnation relative to Momentum–PPO.

Panel (a): Sector ETF universe 

Panel (b): DJIA stock universe 

Figure 4. Distributional robustness of out-of-sample performance (test window: 2017–2024; 21-trading-day
rebalancing). The figure displays quantile cumulative wealth paths across rolling windows, highlighting
the dispersion and lower-tail behavior of learning-based strategies relative to benchmarks.

https://doi.org/10.3390/ijfs14030075

https://doi.org/10.3390/ijfs14030075


Int. J. Financial Stud. 2026, 14, 75 29 of 41

4.5.2. Run-Level Paired Statistical Inference

For each independent training run i = 1, . . . , 30, we compute paired performance dif-
ferences ∆i = M(Si)− M(Bi), where Si denotes the HSTP strategy, Bi denotes a benchmark
evaluated on the same out-of-sample period, and M(·) denotes either compound annual
growth rate (CAGR) or the annualized Sharpe ratio. Statistical inference is conducted using
two complementary paired tests.

• Paired t-test (mean-based inference)

The paired t-test evaluates whether the mean of the paired differences is positive.
Formally, the null hypothesis is H0 : E(∆) ≤ 0, against the one-sided alternative H1 :
E(∆) > 0. In Table 5, mean ∆CAGR and mean ∆Sharpe report the sample mean of
∆i across the 30 runs. The Sharpe ratio is defined as the annual return divided by the
annual volatility, assuming a risk-free rate of zero. t(CAGR) and t(Sharpe) denote the
corresponding paired t-statistics, while pt(CAGR) and pt(Sharpe) report the one-sided
p-values of the paired t-test.

Table 5. Run-level paired statistical inference across 30 training runs.

Universe Benchmark Mean
∆CAGR

t
(CAGR)

pt
(CAGR)

Median
∆CAGR

pw
(CAGR)

Mean
∆Sharpe

t
(Sharpe)

pt
(Sharpe)

Median
∆Sharpe

pw
(Sharpe)

Sector
ETFs

Momentum–
PPO 0.0749 44.85 <0.001 0.0748 <0.001 0.3381 38.11 <0.001 0.3419 <0.001

Sector
ETFs Mean–CVaR 0.0385 18.83 <0.001 0.0374 <0.001 0.1428 16.63 <0.001 0.1366 <0.001

Sector
ETFs Equal Weight 0.0449 37.03 <0.001 0.0456 <0.001 0.1816 26.48 <0.001 0.1799 <0.001

Sector
ETFs

Index ETF
(SPY) 0.0219 18.06 <0.001 0.0226 <0.001 0.0868 12.65 <0.001 0.0851 <0.001

DJIA
Stocks

Momentum–
PPO 0.0332 18.03 <0.001 0.0342 <0.001 0.1466 16.51 <0.001 0.1505 <0.001

DJIA
Stocks Mean–CVaR 0.0249 14.57 <0.001 0.0249 <0.001 0.1728 22.48 <0.001 0.1861 <0.001

DJIA
Stocks Equal Weight 0.0099 6.59 <0.001 0.0129 <0.001 0.0278 3.81 <0.001 0.0434 <0.001

DJIA
Stocks

Index ETF
(DIA) 0.0265 17.59 <0.001 0.0294 <0.001 0.1324 18.12 <0.001 0.148 <0.001

Notes: Results are based on 30 independent training runs. All p-values are one-sided. Win rates indicate the
fraction of runs in which HSTP outperforms the benchmark and are included for descriptive reference.

• Wilcoxon signed-rank test (median-based robustness)

To mitigate sensitivity to non-normality or outlier runs, we additionally apply the
Wilcoxon signed-rank test, a nonparametric paired test that evaluates whether the me-
dian of the paired differences is positive. The null hypothesis is H0 : median(∆) ≤ 0,
against H1 : median(∆) > 0. In Table 5, median ∆CAGR and median ∆Sharpe report
the sample median of the paired differences, while pw(CAGR) and pw(Sharpe) denote the
corresponding one-sided Wilcoxon p-values.

In the Sector ETF universe, HSTP achieves uniformly positive mean and median im-
provements relative to all benchmarks, with both the paired t-test and Wilcoxon signed-rank
test strongly rejecting the null hypothesis of no improvement. These results indicate that
performance gains are systematic across training realizations rather than driven by isolated
runs. In the DJIA stock universe, performance improvements are smaller but remain statis-
tically significant across all benchmarks. Gains are strongest relative to Momentum–PPO,
mean–CVaR, and the index ETF, while improvements over the Equal Weight portfolio are
more modest, reflecting the more constrained opportunity set for those large-cap stocks.
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4.5.3. Sensitivity Analysis of the Reward Function Parameters

To assess whether the empirical performance of the proposed hierarchical signal-
to-policy (HSTP) framework is driven by tuning of optimization of penalty parameters,
we conduct a sensitivity analysis that varies the key components of the reward function
governing downside risk and trading frictions. The analysis is implemented as a grid-based
stress test over the Conditional Value-at-Risk (CVaR) penalty coefficient and the turnover
penalty, while holding all other aspects of the modeling framework fixed. In particular, the
hierarchical architecture, state representation, action space, PPO hyperparameters, rolling
training scheme, rebalancing frequency, portfolio constraints, and out-of-sample evaluation
protocol are kept identical to the baseline specification. This design isolates the sensitivity
of the learned allocation policy to economically meaningful preference parameters rather
than to modeling or data choices.

The stress-test grid spans three levels of CVaR risk aversion, λCVaR ∈ {0.10, 0.25, 0.50},
and three levels of turnover penalization λTO ∈ {0.001, 0.003, 0.005}, combined with three
independent random seeds, yielding 27 distinct parameter configurations for each invest-
ment universe.

For comparison, the HSTP model uses the proposed configuration described above
based on 30 independent PPO runs. Both the HSTP model and stress-test runs are evaluated
over identical out-of-sample periods with the same portfolio constraints and rebalancing
frequency, ensuring a fair and controlled comparison.

The resulting cumulative return distribution over time is illustrated in Figure 5. It
reports cumulative wealth trajectories for both the sector ETF universe and the DJIA stock
universe, where the baseline HSTP ensemble is shown alongside the distribution of stress-
test permutations summarized by their median trajectory and 5–95% envelope. Rather than
highlighting individual runs, this presentation emphasizes distributional robustness. The
baseline HSTP trajectory closely tracks the center of the stress-test distribution throughout
the sample and remains well within the envelope during major market episodes, including
the sharp drawdown and recovery surrounding the 2020 market stress. The absence
of systematic divergence between the baseline and the stress-test median indicates that
long-run performance is not sensitive to the chosen risk or turnover penalties.

Robustness in terms of risk-adjusted performance is further examined in Figure 6,
which reports the distribution of annualized Sharpe ratios (with the risk-free rate as zero)
across all 27 stress-test configurations for the DJIA stock and sector ETF universes. In
both cases, the Sharpe ratio of the baseline HSTP ensemble lies close to the center of the
permutation distribution.

A quantitative summary of these results is provided in Table 6, which compares the
baseline HSTP ensemble with the stress-test permutations across different performance
metrics, i.e., annualized return, volatility, Sharpe ratio, maximum drawdown, CVaR at the
5% level, and terminal wealth. Differences between the baseline and the permutation mean
are economically small relative to cross-configuration dispersion, and no single parameter
setting dominates performance across metrics.

Taken together, these findings indicate that the empirical gains of the proposed HSTP
framework are not sensitive to the risk or transaction-cost parameter choices. Instead,
performance remains stable across a broad and economically plausible range of CVaR
and turnover penalty values. This robustness shows that the observed improvements are
mainly from the hierarchical signal-to-policy architecture and the learning dynamics of the
PPO agent.

https://doi.org/10.3390/ijfs14030075

https://doi.org/10.3390/ijfs14030075


Int. J. Financial Stud. 2026, 14, 75 31 of 41

Figure 5. Cumulative wealth under stress-test permutations (test window: 2017–2024; 21-trading-day
rebalancing). Out-of-sample cumulative wealth for the Sector ETF (top) and DJIA stock (bottom) uni-
verses. The baseline HSTP ensemble is shown together with the median and 5–95% envelope across
stress-test parameter permutations, illustrating distributional robustness of long-run performance.

Table 6. Robustness to CVaR and turnover penalty.

Metric HSTP
(DJIA Stocks)

Permutation Mean
(DJIA Stocks)

Perm. Std (DJIA
Stocks)

HSTP
(Sector ETFs)

Perm. Mean
(Sector ETFs)

Perm. Std
(Sector ETFs)

Annualized Return 0.1359 0.1338 0.0125 0.1553 0.1543 0.0067
Annualized Volatility 0.1854 0.1881 0.002 0.1936 0.1938 0.0042

Sharpe (rf = 0) 0.733 0.7113 0.0685 0.8022 0.797 0.0415
Max Drawdown −0.3144 −0.3209 0.0103 −0.3184 −0.3193 0.0077

CVaR (5%,
21-trading-day horizon) 0.0765 0.0784 0.0021 0.1006 0.1018 0.0032

Terminal Wealth of $1
Investment 2.3789 2.343 0.2115 2.7123 2.6949 0.1384

Notes: Comparison of baseline HSTP ensemble performance with the distribution of stress-test permutations across
CVaR and turnover penalty configurations. Stress-test statistics are computed across 27 parameter combinations.
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Figure 6. Sharpe ratio distribution under stress-test permutations (test window: 2017–2024;
21-trading-day rebalancing). Distribution of annualized Sharpe ratios (risk-free rate set to zero)
across stress-test permutations for the Sector ETF (top) and DJIA stock (bottom) universes. The
baseline HSTP ensemble (red line) lies near the center of the distribution in both cases, indicating
stable risk-adjusted performance.

4.6. Turnover Dynamics and Transaction Cost Impact

To evaluate the practical feasibility of the proposed hierarchical signal-to-policy frame-
work, we analyze realized portfolio turnover and the implied transaction cost impact using
out-of-sample portfolio weights. The objective of this analysis is to assess whether the
learned rebalancing behavior remains economically reasonable under realistic implementa-
tion assumptions, rather than to mechanically minimize trading activity.

Across the Sector ETF universe, the strategy follows a stable monthly rebalancing
pattern, resulting in an average one-way turnover of approximately 8–9% per rebalance and
an annualized one-way turnover of roughly 100–110%. In the DJIA component universe,
turnover is higher—averaging 30–35% per rebalance and approximately 400% annually—
reflecting the larger number of individual securities and the finer allocation adjustments
required at the stock level.
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To quantify the economic impact of trading activity, we adopt a linear transaction
cost model:

Costy = τy × cside, (52)

where τy denotes one-way annual turnover and cside represents a per-side transaction cost
in basis points. Under a base scenario of 5 bps per side for ETFs and 10 bps per side for
equities, the implied annual transaction cost drag is modest. For the Sector ETF portfolios,
the estimated cost impact averages approximately 0.05–0.10% per year, while for the DJIA
portfolios, the corresponding drag is approximately 0.4–0.5% per year. These indicate that
trading frictions contribute only a small reduction to net performance.

Additional detailed analysis related to portfolio transaction cost as well as concentra-
tion and position sizing are provided in Appendix D.

5. Conclusions and Future Work
This study proposes a hierarchical signal-to-policy (HSTP) learning framework for

dynamic portfolio optimization that explicitly separates return signal generation from
risk-aware portfolio decision-making. By combining an interpretable machine learning
prediction layer with a Proximal Policy Optimization (PPO) agent trained under a mean–
CVaR objective, the framework integrates predictive modeling, reinforcement learning, and
classical portfolio theory within a transparent and modular architecture.

Empirical results across two distinct asset universes—U.S. sector ETFs and equities
from the Dow Jones Industrial Average—provide strong and consistent evidence in support
of the proposed approach. Relative to three widely used benchmarks, namely an end-to-
end Momentum–PPO agent, an Equal-Weight strategy, a mean–CVaR strategy, and passive
market-tracking index ETFs, the HSTP framework delivers economically meaningful im-
provements in out-of-sample performance. These gains are reflected not only in higher
annualized returns but, more importantly, in superior risk-adjusted efficiency, as measured
by return-to-volatility and the Sortino ratio. At the same time, the framework maintains
competitive or improved downside protection, achieving smaller or comparable maximum
drawdowns and more favorable tail risk behavior, as captured by monthly CVaR.

Robustness and stability checks show that these gains are applicable across different
reinforcement learning training settings. Across 30 independent PPO runs with distinct
random initializations, the HSTP strategy exhibits consistently higher run-level win rates on
return and efficiency metrics than competing benchmarks, along with tighter performance
dispersion and more stable cumulative wealth trajectories. Rather than forcing a single
black-box agent to simultaneously infer market structure and execute portfolio actions, the
hierarchical architecture allows each component to focus on a well-defined role: Stage 1 pro-
duces economically interpretable return signals, while Stage 2 learns how to translate those
signals into portfolio decisions under explicit risk preferences and portfolio constraints.
This separation highlights a key practical advantage of hierarchical design. By isolating sig-
nal extraction within a dedicated predictive layer and constraining policy learning through
a risk-aware objective, the allocation policy becomes less sensitive to noise, initialization,
and training uncertainty than fully end-to-end reinforcement learning approaches.

Several directions for future research naturally follow. First, while this study focuses
on equities and sector ETFs, the framework readily extends to multi-asset portfolios in-
corporating fixed income, commodities, or alternative assets, where regime shifts and
tail risks may be even more pronounced. Second, future work may explore adaptive risk
preferences, allowing the agent to dynamically adjust its risk modeling beyond a fixed
CVaR specification in response to evolving market conditions. Finally, enhancing the signal
layer with additional macroeconomic information or market-level sentiment indicators
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could provide a useful direction for improving predictive power while preserving the
modular structure of the hierarchical framework.

Overall, this study demonstrates that hierarchical signal-to-policy learning provides a
principled and effective approach to risk-aware portfolio optimization. By integrating pre-
dictive modeling, explainable AI, and reinforcement learning within a coherent framework,
the proposed method advances both the methodological foundations and the practical
applicability of data-driven portfolio management, bridging the gap between modern AI
techniques and the demands of transparent, robust financial decision-making.
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Appendix A
Stage-1 Feature Definition

This table summarizes the full set of features used in the Stage-1 return prediction
models. Features are organized into security-specific technical indicators and global Fama–
French factor families. All numerical subscripts explicitly denote trading days. Technical
indicators are computed separately for each asset, while global factors are shared across
assets and included with multiple daily lags to capture delayed market effects.

Table A1. Securities-specific technical indicators.

Feature Name Category Definition (in Trading Days) Economic Interpretation

SMA_5 Trend Simple moving average over the past 5 trading days Short-term price trend
EMA_12 Trend Exponential moving average with a 12-day decay window Momentum with recency weighting

RSI_7 Momentum Relative Strength Index computed over 7 trading days Overbought/oversold signal

MACD Momentum Difference between fast and slow EMAs
(standard 12–26-day construction) Trend acceleration and reversal

ATR Volatility Average True Range computed using daily high-low-close
data (standard 14-day window unless stated otherwise) Intraday and short-term risk

Vol_5 Volatility Realized return volatility over the past 5 trading days Short-horizon uncertainty
Mom_3 Momentum Cumulative return over the past 3 trading days Very short-term momentum

LagRet_1 Autoregressive Return lagged by 1 trading day Return persistence/reversal
LagRet_2 Autoregressive Return lagged by 2 trading days Short-term dynamics
LagRet_3 Autoregressive Return lagged by 3 trading days Short-term regime continuation

Notes: All indicators are computed for each asset using only information available up to time t, ensuring no
look-ahead bias. The feature set jointly captures trend, momentum, volatility, and short-horizon autoregressive
effects, which are well documented to exhibit predictive power at daily to weekly horizons.

https://doi.org/10.3390/ijfs14030075

https://doi.org/10.3390/ijfs14030075


Int. J. Financial Stud. 2026, 14, 75 35 of 41

Table A2. Global Fama–French factor families.

Factor Family Included Variables Definition (Daily Lags) Financial Interpretation

MKT Mkt-RF, Mkt-RF_lag_1, _lag_2, _lag_3
Market excess return

contemporaneous and lagged by 1–3
trading days

Aggregate market risk premium

SMB SMB, SMB_lag_1, _lag_2, _lag_3 Size factor with 1–3-day lags Small-minus-big
capitalization effect

HML HML, HML_lag_1, _lag_2, _lag_3 Value factor with 1–3-day lags Value vs. growth premium

RMW RMW, RMW_lag_1, _lag_2, _lag_3 Profitability factor with 1–3-day lags Operating profitability premium

CMA CMA, CMA_lag_1, _lag_2, _lag_3 Investment factor with 1–3-day lags Conservative vs. aggressive
investment

Notes: All global factors are measured at daily frequency and multiple daily lags are included to allow the model
to capture delayed transmission of macroeconomic information into asset prices.

Appendix B
Technical Indicator Feature Definitions

Table A3 reports the complete set of features included in the Stage-2 observation space,
with universe-specific applicability indicated explicitly. All quantities are computed using
information available up to time t and stacked over a 21-day lookback window prior to
each rebalance date. Importantly, all features used in Stage 2 are either outputs of Stage 1
or inputs originally used to train the Stage-1 predictive models; no new feature families are
introduced at this stage.

Table A3. Stage-2 Observation Features by Investment Universe.

Feature Block Variables Sector
ETFs

DJIA
Stocks Description

Predicted returns Predicted_Return_{i} ✓ ✓
One-day-ahead return forecasts produced by Stage-1
XGBoost models; asset-level alpha signals.

Volatility Volatility_{i} ✓ ✓
Short-horizon realized or estimated volatility computed in
Stage 1; used as asset-level risk context.

Cross-sectional rank Rank_PredRet_{i} ✓ ✓
Rank of predicted returns across assets on date (t),
normalized by universe size; provides scale-free relative
performance signals.

SHAP mean
summaries

Avg_SHAP_* (gated
groups) ✓ ✓

Cross-sectional mean of group-level SHAP attributions
computed in Stage 1; summarize dominant explanatory
drivers of forecasts at the universe level.

SHAP dispersion
summaries

Std_SHAP_* (gated
groups) ✓ ✓

Cross-sectional standard deviation of group-level SHAP
attributions; capture heterogeneity in factor influence
across assets.

Relative SHAP
metrics *_REL ✓ ✓

Cross-sectionally demeaned SHAP summaries from Stage
1; isolate asset-specific explanatory deviations from
common effects.

Aggregate SHAP
totals

Avg_SHAP_Total,
Std_SHAP_Total ✓ ✓

Aggregate magnitude and dispersion of SHAP
contributions across all gated feature groups.

Cross-sectional signal
context

CrossSec_Mean_PredRet,
CrossSec_Std_PredRet ✓ ✓

Cross-sectional mean and dispersion of predicted returns
computed in Stage 1; describe overall signal strength and
opportunity spread.

Cross-sectional risk
context CrossSec_Mean_Volatility ✓ ✓

Cross-sectional mean of asset-level volatility; summarizes
prevailing risk conditions across the universe.
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Table A3. Cont.

Feature Block Variables Sector
ETFs

DJIA
Stocks Description

Macro/factor
variables

Mkt-RF, SMB_lag_2,
CMA, RMW_lag_3 ✓ –

Daily or lagged factor realizations used as inputs in Stage 1
and reused in Stage 2 as common conditioning variables
(sector ETF universe).

Macro/factor
variables

Mkt-RF, SMB_lag_2,
HML_lag_2,
CMA_lag_2

– ✓
Daily or lagged factor realizations used as inputs in Stage 1
and reused in Stage 2 (DJIA stock universe).

Asset-level technical
indicators

EMA_12, SMA_5,
RSI_7, LagRet_1,
Mom_3, Vol_5

✓ –
Asset-specific technical indicators originally used as
Stage-1 inputs; reused in Stage 2 to provide short-term
trend and volatility context for ETFs.

Asset-level technical
indicators

EMA_12, MACD,
ATR, LagRet_1,
LagRet_2, Mom_3

– ✓
Asset-specific technical indicators used as Stage-1 inputs;
reused in Stage 2 to capture firm-level trend, momentum,
and volatility heterogeneity.

Momentum factor
block

Vol_20, Mom_5,
Mom_10, Mom_20 ✓ ✓

Multi-horizon volatility and momentum measures used as
Stage-1 inputs and reused in Stage 2 to encode trend
persistence and regime shifts.

Note: ✓ indicates the feature group is included in the Stage-2 observation space for corresponding universe; –
indicates it is not used; * denotes multiple SHAP feature groups are generated by the Stage-1 feature gate.

Appendix C
Risk–Return Diagnostics Across Rolling Windows

To complement the median performance statistics and run-level robustness analysis
presented in Section 4.4, this appendix provides additional diagnostic visualizations of the
risk–return trade-off across rolling out-of-sample evaluations. The figures plot realized
compound annual growth rates (CAGR) against annualized volatility for each rolling win-
dow, highlighting the dispersion of outcomes and the relative positioning of the proposed
HSTP strategy versus benchmark portfolios.

Figure A1. Risk–return scatter plots across iterations (sector ETF universe). The figure plots out-
of-sample compound annual growth rate (CAGR) against annualized volatility for each rolling
evaluation window in the Sector ETF universe. Each point represents one iteration. Reinforcement
learning-based strategies are shown as scatter plots, while the Equal Weight benchmark is shown as a
single reference point.
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Figure A2. Risk–return scatter plots across iterations (DJIA stock universe).

Appendix D
This appendix provides additional analysis on turnover, transaction cost behavior and

portfolio structure to support the implementation feasibility discussion in Section 4.6.

Appendix D.1. Annual Turnover and Transaction Cost Analysis

Figure A3 reports the annual one-way turnover and the corresponding implied transac-
tion cost impact for the Sector ETF and DJIA universes. Turnover is aggregated at the calendar
year level to highlight persistent trading patterns rather than short-term fluctuations.

For the Sector ETF universe, annual turnover remains close to a single portfolio
rotation per year in most sample years, consistent with a stable monthly rebalancing
schedule. The implied transaction cost series mirrors this behavior, remaining low and
stable over time. For the DJIA component universe, annual turnover is higher, reflecting the
larger cross-section of individual securities and more granular reallocation. Nevertheless,
the corresponding transaction cost impact remains moderate and exhibits no signs of
excessive variability or structural instability.

Overall, the figure confirms that trading activity is systematic and economically
well-behaved, supporting the feasibility of implementing the proposed framework under
standard market frictions.
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Figure A3. Annual portfolio turnover and implied transaction cost impact. The figure reports one-
way annual turnover and the corresponding implied transaction cost drag for the Sector ETF and
DJIA universes. Annual turnover is computed as the sum of one-way turnover across rebalancing
events within each calendar year. Implied transaction costs are calculated using a linear cost model
with 5 bps per side for ETFs and 10 bps per side for equities. Dashed horizontal lines indicate sample
averages over near-full calendar years.

Appendix D.2. Portfolio Concentration and Active-Weight Diagnostics

Figure A4 reports the distribution of portfolio concentration, measured by the
Herfindahl–Hirschman Index (HHI), together with the distribution of absolute active
weights relative to an Equal-Weight benchmark.

Across both universes, the HHI distributions are centered above the Equal-Weight
benchmark, reflecting intentional deviations from equal weighting when predictive signals
justify tilts. Importantly, the distributions remain far from extreme concentration levels,
indicating that the strategy avoids excessive reliance on a small number of assets.

The active-weight distributions further show that most position adjustments are
modest in magnitude, with large deviations occurring infrequently. This pattern suggests
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that the framework primarily makes incremental reallocations around a diversified baseline
rather than relying on aggressive position sizing.

In summary, the concentration and active-weight diagnostics provide additional
evidence that the proposed framework generates adaptive yet well-controlled portfolios,
consistent with real-world portfolio construction and execution constraints.

Figure A4. Portfolio concentration and active-weight diagnostics. The figure reports the empirical
distribution of portfolio concentration and position deviations relative to an Equal-Weight benchmark
for the Sector ETF and DJIA universes. Concentration is measured using the Herfindahl–Hirschman
Index (HHI), defined as HHIt = ∑i w2

t,i, with dashed vertical lines indicating the Equal-Weight
benchmark 1/N. Active weights are defined as deviations from equal weighting, at,i = wt,i − 1/N,
and are summarized using the distribution of absolute active weights

∣∣at,i
∣∣. The results illustrate

controlled and economically reasonable deviations from equal weighting while avoiding extreme
concentration or position sizing.
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