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Abstract

The management of a cryptocurrency portfolio is difficult since it involves the high volatility
and non-stationarity of the cryptocurrency market. Therefore, financial management
strategies cannot be directly applied. In this paper, a deep reinforcement learning
optimization technique (DRL-PPO) is discussed and compared with supervised predictive
models like LSTM, Random Forest, and XGBoost in the task of optimization of a portfolio
with ten different cryptocurrencies, taking into account the transaction fee of 0.1%. The
results have shown that DRL-PPO outperforms other methods in this case, providing an
annualized return of 37.22% and Sharpe ratio of 0.87. It is worth mentioning that the DRL-
PPO technique is market neutral (beta = —0.08) and alpha equals 46.41%. Meanwhile, the
disadvantages of supervised predictive models are revealed in periods of reversal of the
trend; LSTM provides 6.75%, while Random Forest provides 23.54%, being subject to
fluctuations in the market (beta approximately equal to 1). Finally, XGBoost provides a
negative number (-1.48%) which does not even cover the transaction fees. Summarizing,
the success of DRL-PPO is not based on directional accuracy but rather on the ability to
optimize trading efficiency and manage risks.

Keywords: Artificial Intelligence; Cryptocurrency; LSTM; Portfolio Optimization; Random
Forest; Deep Reinforcement Learning, Market Alpha,



3.1 Introduction

Decentralized finance and cryptocurrency investments exhibit annual volatilities exceeding
80%, have high-dimensional non-linear relations, and are characterized by highly non-
stationary return distributions with sudden regime changes [1], [2]. Within this stochastic
framework, active risk mitigation and dynamic capital preservation form key problems in the
field of quantitative portfolio management [3], [4]. For several decades, modern portfolio
optimization was based on the mean-variance approach developed by Markowitz [1], which
aimed at balancing expected return and variance of portfolio returns [2]. However, classical
econometric approaches relied on several assumptions: stationary prices, constant asset
correlations, and multivariate normally distributed returns [1],[2]. Empirical literature
suggests that these parametric assumptions break down during the period of liquidity shocks
and crises in digital assets markets, making static mean-variance optimization inefficient
even in comparison with simple diversification rules [2], [3]. In order to tackle these structural
problems, the field of computational finance turned towards Machine Learning (ML) and
Deep Learning (DL) algorithms [4]. Recurrent neural models like Long Short-Term Memory
(LSTM) networks are used to capture temporal memory and momentum properties of noisy
financial time-series [5]. Additionally, tree-based ensemble models like Random Forest (RF)
and extreme Gradient Boosting (XGBoost) proved useful in isolating non-linear interactions
while dealing with high-frequency noise [6],[7]. While these advancements in methodological
techniques still face one key issue known as the implementation gap [8]. Supervised
architectures work in a disjoint "predict-then-optimize" framework: models are trained for
minimizing forecast loss (Mean Squared Error) regardless of market microstructure [8]. As
a result, even tiny directional forecasting errors lead to excessive rebalancing signals [8],
[9]. Due to realistic execution fees between 0.1% to 0.25% per trade, the constant turnover
of assets leads to a high transaction cost drag, turning the theoretical gross alpha to flat or
negative net performance [8],[9]. Additionally, supervised models have high market
directionality (Beta~1), thus failing to de-risk portfolios and protect capital during prolonged
bears [3], [9]. In contrast, Deep Reinforcement Learning (DRL) methodology tackles these
issues through reformulation of the problem as a continuous Markov Decision Process
(MDP) [10]. Rather than predicting asset prices, a DRL agent directly learns to map the
states of the observed environment to the actions of portfolio allocation through trial and
error (m:S — A )[10]. Among various formulations of policy gradient, Proximal Policy
Optimization (PPO) provides robust convergence [11], [12]. Through introducing a clipped
surrogate objective function, PPO constraints the size of the policy update step, avoiding a
sudden collapse of the performance in the turbulent regimes [11], [12]. Modern literature
emphasizes the crucial importance of reward engineering in financial DRL [13]. While the
unconstrained formulations of the reward in terms of profit/loss typically produce highly
volatile portfolio allocations, risk-averse friction-aware reward formulations increase Sharpe
ratios and limit drawdowns [13], [14]. The explicit penalization of the L,-norm of portfolio
weights adjusts the policy gradients to take execution frictions into account, forcing the agent
to rebalance the portfolio only if the expected marginal gain exceeds the transaction cost
[14], [15]. In order to deal with both empirical and methodological challenges, this paper
introduces an end-to-end friction-aware DRL-PPO algorithm applied to top ten
cryptocurrencies by market capitalization [10]. Contributions of this work are: Friction-Aware
Portfolio Allocation: Directly embedding a 0.1% transaction friction into the continuous MDP
reward function in order to empirically resolve the implementation gap [8],[14].Endogenous
Safe-Haven Hedging ("CASH"): Embedding a zero-return and zero-volatility liquid asset into
the action space, allowing the agent to dynamically de-risk during market crashes [10],
[13].Rigorous Empirical Benchmarking: Out-of-sample evaluation of the DRL-PPO against
LSTM, RF, and XGBoost on financial ratios, Maximum Drawdown, and CAPM Jensen's
Alpha/Beta [8],[10].



The investment space in decentralized finance and cryptocurrencies is defined by an
extremely high level of volatility, high-dimensional non-linear relationships, and non-
stationary return distributions that are prone to abrupt regime changes [1], [2]. In such an
inherently stochastic environment, risk management and capital preservation become
crucial for quantitative investments [2], [3]. Traditionally, portfolio construction has been
based on the Modern Portfolio Theory (MPT), which was developed by Harry Markowitz
back in 1952, whereby the portfolio weights are chosen according to the mean-variance
approach to maximize expected returns at a targeted variance [4], [5]. Nevertheless, the
Classical MPT and its various econometric extensions are all based on several fundamental
assumptions of stationarity of asset prices dynamics, constant correlation matrices, and
multivariate normally distributed returns [4], [6]. Indeed, empirical research shows that those
parametric assumptions fall apart during the times of digital asset liquidity crisis [2], [7].
Under these circumstances, the optimization process becomes inefficient enough to make
the simple diversification approach (1/N) superior to mean-variance methods [7], [8].

To address such issues, the methods of machine learning (ML) and deep learning (DL) have
been introduced for modeling such complicated financial patterns [9],[10]. RNN models such
as LSTM are commonly applied to model such dependencies, lags, and memory effects
within the financial time-series, which are characterized by noise [3], [11]. In addition,
ensemble tree models, including Random Forest (RF), LightGBM, and XGBoost have
proven to be highly resilient to isolation of complicated non-linear interactions between
features [12], [13].

Despite the progress in methodologies, traditional supervised machine learning frameworks
suffer from an intrinsic vulnerability in their implementation, often referred to as the
implementation gap [14],[15]. Traditional pipelines implement a disjointed "predict-then-
optimize" framework, training predictive models purely on statistical point-forecast loss
minimization (Mean Squared Error or Mean Absolute Error) [3],[14]. As statistical loss
functions are disconnected from reality of market microstructure, small directional
forecasting errors trigger overzealous trading signals [14],[15]. With proportion of transaction
fees ranging between 0.1% and 0.25% per each portfolio re-allocation step, such over-
trading quickly leads to gross alpha erosion. As a result, traditional unsupervised trading
strategies are frequently subject to drastic capital depreciation, turning initially double-digit
gross alpha into flat or negative net return [16]. Moreover, traditional supervised models
exhibit strong market bias and are unable to dynamically de-risk portfolios or hedge capital
during extended bear markets and liquidity crisis episodes [2],[17].

On the contrary, Deep Reinforcement Learning (DRL) framework resolves the
aforementioned issues by recasting the portfolio optimization problem into a Markov
Decision Process (MDP) [14], [18], [19]. By omitting the intermediate step of predicting asset
prices through regression models, a DRL agent implements a mapping from observed states
to optimal portfolio weights through repeated interaction with the environment ( z:S—A) [18],
[19]. Among continuous-action policy gradient algorithms, Proximal Policy Optimization
(PPO) offers robust empirical stability [20], [21]. Through the use of a clipped surrogate loss
function, PPO restricts the extent of policy updates at each iteration, preventing disastrous
policy degradation in volatile market environment [20], [21].

Most recently, a substantial body of research has demonstrated the importance of designing
reward functions in DRL: by replacing unrestricted profit/loss reward functions with adaptive
risk-averse reward functions, agents can deliver superior Sharpe ratios (up to 2.47) while
effectively reducing maximum drawdown [2], [7]. Additionally, by explicitly incorporating the
cost of transaction into the design of the reward function, the agent is able to account for the
friction of execution [4], [14], [18]. Penalizing the L;-norm of weight adjustments between
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time-steps teaches the policy network about transaction frictions, enabling it to execute

transactions only if expected marginal gains cover the cost of such a transaction [1], [4],

[14]. Further reward function formulations employing geodesic models of transaction costs

based on information geometry enable the agent to adjust trading frequency based on

liquidity fragmentation [1], [22].

In light of the above discussed empirical and methodological challenges, this study develops

a friction-aware portfolio optimization framework implementing PPO on the top ten largest

cryptocurrencies by market cap. The main contributions of this paper include:

e Portfolio Optimization with Explicit Transaction Cost Penalty ("Friction-Aware"):
Implementation of the 0.1% transaction cost per trade at each rebalance step into the
reward function of MDP [4], [14] and bridging the implementation gap empirically.

e Risk Aversion and Dynamic Safe Haven Allocation ("CASH"): Implementation of a risk-
free liquid asset with a zero-return rate ("CASH") into the action space, offering the agent
an endogenous risk-mitigation strategy by allowing it to dynamically de-risk its portfolio
[2], [18].

e Comparative Evaluations of Models: Rigorous comparative out-of-sample benchmarking
of PPO policy against leading supervised machine learning architectures (LSTM,
XGBoost, Random Forest) in terms of financial metrics, Jensen's Alpha, Beta and
Maximum Drawdowns under equal friction constraints [4], [14].

3.2Materials and methods

Creating an effective framework for the management of dynamic cryptocurrency portfolios
needs to have a sequential architecture that can convert data obtained from the market to
efficient portfolio allocations (Fig. 1). The current paper uses a four-step methodology
framework that involves extraction and preprocessing of data, calculation of technical
indicators, training the model using Machine and Deep Learning techniques, and portfolio
optimization.

1. Data Extraction & Preprocessing
(Yahoo Finance / APIs: 10 Cryptos + Risk-Free CASH)

2. Technical Indicator Computation
(Feature Engineering: RSI, MACD, Realized Volatility)

3. Predictive Modeling & Deep Reinforcement Learning
(Supervised: LSTM, RF, XGBoost | DRL: PPO)

- B »
r ' :
4. Dynamic Allocation & Risk Management
(CASH Asset Integration & 0.1% Friction Penalty)

. »

Fig 1. End-to-End Methodology Architecture for Dynamic Cryptocurrency Portfolio
Management and Risk Management.



3.1Data Extraction and Investment Universe
A Data Collection The investment universe is comprised of ten liquid cryptocurrencies
chosen by liquidity and market capitalization: Cardano (ADA), Binance Coin (BNB), Bitcoin
(BTC), Dogecoin (DOGE), Polkadot (DOT), Ethereum (ETH), Litecoin (LTC), Solana
(SOL), TRON (TRX), and Ripple (XRP) [10], [16]. A liquid asset with zero return and zero
volatility ("CASH", E[reqsn] =0, a.4sn = 0) is used for endogenous hedging during market
crashes [16], [17]. The daily close prices series for each of the assets from January 2021
to January 2024 is collected via API with the use of yfinance [10]. Continuous logarithmic
daily return for asset i at time t is calculated as formula (1).

e =n () (1)

it—1
3.2 Feature Engineering and Technical Indicators

For capturing the momentum, overbought/oversold status, and volatility, the technical
indicators are calculated for every constituent security [18]: Relative Strength Index (RSI):
Price Velocity within an n-day period [18]

e Relative Relative Strength Index (RSI): Price Velocity within an n-day period

100
RSlt =100 — | EMAGmax(P(=P¢_1,0,m) (2)

"EMA(max(P¢_1—P¢,0),n)

Where EMA stands for Exponential Moving Average.

e Moving Average Convergence Divergence (MACD): Used to reveal the relation
between two exponential moving averages and determine trend changes [18].

MACD, = EMA(P, 12) — EMA(P, 26) with Signal, = EMA(MACD,9)  (3)

e Historical Annualized Volatility: Accounts for time-dependent volatility clustering over
a rolling window W = 20 trading days, annualized according to the 365-day
convention of cryptocurrencies [19], [20].

1 _ — \2
Oir = \/W 2o (Tie—ie = Fie)” X V365 (4)

Historical Annualized Volatility o; ;.
3.3. Predictive modeling and Deep Reinforcement Learning (DRL-PPO)

In the experiment, there is a comparison between two different methodological
approaches [5], [6], [7]. Classic supervised regression models (Predict, then Optimize):
Subsequent to point forecasting, the weights of portfolios are determined through the use of
Sequential Least Squares Programming (SLSQP) that maximizes Sharpe ratio under
simplex constraints of long-only Y72, w;, =1 and 0<w; < 1foralli.

2.3.1. Long Short-Term Memory (LSTM)

LSTM Neural Network: Captures long-term sequential dependencies and temporal
autocorrelation through input, forget, and output gating mechanisms [5], [21]: The
recurrent neural network architecture is built for modeling the long-term temporal
relationships in the time series of the financial market. The algorithm captures the
momentum of the market by analyzing the past data windows.

fe = U(Wf [he—1, xe] + bf) (5)
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ip = o(W; - [he—1, %] + by) (6)

C, = tanh(W, - [he_1, x¢] + b.) (7)
Ce=fi OCa+i OC (8)
or = o(Wp - [he—1, X¢] + bo) 9
h; = o, © tanh(C,) (10)

Forget input and output gates, respectively are denoted by f; , i; and o;, C; denotes the
cell state, and h; denotes the hidden vector.

2.3.2. Random Forest (RF) and XGBoost

This type of tree-based ensemble models is used in order to filter out structural noise from

the market and predict future returns. Thanks to using methods such as bootstrapping,
the Random Forest algorithm uncovers nonlinear relations that may not be captured by
neural networks. [6], [7],[22],[23].

Quadratic loss minimization decision trees, where the goal is to predict future 7; ., using
technical indicators.

Lyse = Zt(ri,t+1 - fi,t+1)2 (11)
2.3.3. Deep Reinforcement Learning Algorithm DRL-PPO
The DRL framework does not utilize classical models that solely depend on predicting
directional movement of prices ("predict-then-optimize"). Instead, the DRL framework
treats portfolio management as a Markov Decision Process (MDP) [10],[24]. and within this
framework, the autonomous agent learns to allocate capital based on its continuous
interaction with the environment (trial-and-error).

¢ Proximal Policy Optimization (PPO)

At the heart of this framework lies PPO, which is a state-of-the-art actor-critic algorithm
designed by OpenAl. PPO works exceptionally well in stochastic and noisy environments
such as financial markets. This algorithm uses a clipped surrogate objective function that
restricts the magnitude of policy update at each iteration. Thus, PPO guarantees
monotonic improvement while preventing destructive updates to the policy, giving this
model the stability needed to operate during extreme volatility of cryptocurrency prices.

e State Space S,

At every point in time t, the agent gets information about the environment in the form of
the state space S; [10], [25]. To make sure that the agent has enough information, S;
contains three different data dimensions:

Price Dynamics: The normalized historical logarithmic returns of the targeted assets.
Technical Context.

Technical indicators (such as MACD, RSI, and GARCH volatility) extracted from the
market that give the agent information on trends, overbought/oversold state, and volatility
clustering.



Temporal Portfolio State: Allocation weights of the portfolio in the previous period
S:—1Remembering the portfolio state is crucial because the agent needs this information to
calculate the portfolio turnover and estimate the cost of transactions before taking any
actions.

e Action Space 4; and CASH

Based on the state of the environment S;, the policy (or actor) network produces an action
A;[25],[26]. In the continuous action space, A; is the target portfolio weights. A softmax
activation function in the last layer ensures that all weights will be positive (because the
model cannot sell short) and sum to 1.

Notably, apart from the targeted cryptocurrencies, the action space includes the risk-free
asset called CASH (for example, fiat-pegged stablecoin with zero interest rate). Including
the CASH gives the agent the endogenous means to hedge itself. Instead of being forced
to stay fully invested when the market collapses, the agent learns to detect changes in the
regime. In bear markets or liquidity crises, the PPO agent can adopt a "flight-to-safety"
strategy and move most of the weights into the CASH position.

e Reward Function

Without Market Frictions The gross return on the portfolio R{?" obtained from the allocation

vector w; = [Wl,trWZ,t: ...,wll,t]T is formulated at time period t in the following manner

R = 11=11 Wit " Tie = w{r, (12)

Yit,w;; =1 and 0<w;, < 1foralli.

Where N+1 includes the number of cryptocurrencies and cash

In order to avoid excessive trading and represent market conditions, the reward function R,
is formulated with an additional transaction cost 4

Ry = In(1+ RP™) — A2 | wie — Wil (13)

The objective of portfolio management is to try to maximize the return and minimize the risk.
The Sharpe ratio is measured using formula (14), whereby the numerator is the return and
the denominator is the risk. Thus, maximizing the Sharpe ratio means maximizing the return
and minimizing the risk. In order to consider the transaction cost, we will subtract the cost in
each of our calculations leading to the reward function measured using equation (15).

S, = 2piRey (14)

ap

Rp,t—R f
R, = Tr —AZ Wi = Wi (15)

e w;, is the weight of the i-th security at time ¢,
e w;._qisits weightattimet—1,

e Jis the cost of transaction for each rebalance.
e Rp,. portfolio return at time t

e R, freerisk

e g, portfolio risk



2.4 Measuring portfolio performance

Changes in wealth out of sample are measured through the compound return on net

investment: W, = W, [15-,(1 + R, ) [28].

e Sharpe & Sortino Ratios: Calculated for excess returns over total risk a,,, and

downside risk (ggown), respectively. Risk ogown-
SR = fam=%s ,  Sortino = 2= (16)

Oann Odown

e Maximum Drawdown (MDD) and Calmar Ratio: Measuring tail risk and efficiency of

capital recovery [28]:

i Wt—r{_1<ag(WT Rann
MDD = min | —=t—], Calmar=—7x= @17
te[1,T]\ maxwr IMDD|

e CAPM —alpha and beta attribution: Separating performance into systematic risk

pand added value from strategy « relative to the benchmark R,, . [30]:

Ry —Rir=a+ B(Rye—Rpr) + & (18)

3.3Result and discussion

3.1 Statistical Characterization of the Investment Universe

The cross-asset dynamics of the cryptocurrency portfolio from 2021 to 2024 display very
high volatility clustering and correlations [31]. The cumulative return paths of each asset in
Fig. 2 illustrate the high volatility dynamics of the 2021 bull period, followed by the 2022 bear
period and the recovery in late 2023 [31]. Cross-asset Pearson correlation coefficient matrix
for the given assets (Fig.3) displays very high positive dependencies between digital
currencies with the correlation coefficients being often higher than 0.60 (for instance, BTC-
ETH: 0.81, ETH-LTC: 0.79) [31], [32]. Such extensive interdependencies structurally hinder
passive diversification gains [2], [32]. Conversely, the CASH asset has no correlation with

other assets (p = 0).
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Fig 3 shows the correlation matrix for returns on the asset. It is evident that there is an
extremely strong positive and significant correlation between the returns of the assets of
financial instruments in cryptocurrency markets in all cryptocurrencies, thus structurally
constraining the efficiency of passive diversification. The only safe-haven asset that is
immune to market risk is CASH, which does not have any correlation with risky assets.

Correlation Matrix of Asset Returns

1.0
ADA-USD 5 . 5 0.69 0.67 0.66 0.53 0.56 0.56

0.9

BNB-USD -  0.56 0.60 0.65 0.62 0.54 0.55 0.50
BTC-USD -  0.65 0.64
-0.8
-07
DOT-USD - 0.69 0.60 0. ! {
g ETH-USD -  0.67 0.65 0.62 0.62 0.57 -06
ITC-USD - 0.66 0.62 0.76 0.72 0.53 0.63 0.60
-0.5
SOL-USD- 0.53 0.54 0.55 0.56 0.62 0.53 1.00 0.44 0.45
- 0.4
TRX-USD - 0.56 0.55 0.62 0.63 0.62 0.63 0.44 1.00 0.54
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CASH -
0.2
Q ) o O o 0 Qo Q S
v»'o% 8 c;so & /\’\g-; K $ o R \;\go K3 5 df)
Y & & & &P & & BY) ®

Asset

Fig. 3 Correlation matrix of returns on assets

3.2 Comparative Analysis of Global Performances

The performance indicators measured for the considered models on an out-of-sample
basis under rebalancing friction of 0.1% are presented in Table 1.

Table 1 Performance Comparison Criteria (Test Duration)

Model Annual Annual risk Sharpe Sortino Calamar Max
return (%) (%) ratio Ratio Ratio Drawdown

(%)
DRL (PPO) 37.22 42.58 0.87 1.34 1.30 -28.74
LSTM 6.75 51.94 0.13 0.18 0.20 -33.70
Random 23.54 55.96 0.42 0.62 0.80 -29.29

Forest

XGBoost -1.48 52.08 -0.03 -0.04 -0.05 -30.75




Results of the empirical study showcase the obvious superiority of the DRL-PPO method
over other supervised approaches: Efficiency: DRL-PPO is the most efficient agent
according to the risk-adjusted metrics with an average annual profit of 37.22%, Sharpe Ratio
of 0.87, Sortino Ratio of 1.34 and Calmar Ratio of 1.30 [10]. The high Sortino Ratio indicates
that the policy of PPO successfully reduces the downside deviation while preserving the
positive return [13],[33].Capital Protection : The Maximum Drawdown of the PPO method
amounts to -28.74%, outperforming other algorithms such as Random Forest (-29.29%),
XGBoost (-30.75%), LSTM (-33.70%) [10],[34].Neutrality to Systemic Risk and Positive a
Generation: PPO achieves the near-to-zero Beta f= -0.08), becoming the agent of active
market neutrality and generating the positive Jensen's Alpha of +46.41% [10],[35]. On the
contrary, other supervised approaches demonstrate Betas near unity (g =0.96-1.04) and
negative a even down to -119.12.

3.3 Out-of-Sample Wealth Pathways

In Fig. 4, the wealth plots adjusted for transaction costs exhibit a dual-phase market
behavior [10], [36]:

Bearish Compression Period (June to October 2023): The DRL algorithm (blue plot) is
capable of maintaining the portfolio's wealth value close to 0.80 without experiencing large
drawdowns through active redistribution of funds towards the CASH stock [10], [16].
However, supervised learners are subject to strong depreciation: Random Forest reaches
0.73 in June, and LSTM reaches the lowest value on the panel below 0.69 in October [10].

Bullish Expansion Period (November 2023 to January 2024): The DRL algorithm maintains
an increasing trend, exceeding 1.0 in November, reaching more than 1.24, and finishing first
around 1.20 [10]. Random Forest increases up to ~1.14 with high volatility, while LSTM stays
far behind with ~1.04 [10]. Meanwhile, XGBoost (red plot) fails to perform well due to
constant rebalancing and ends in the red zone around 0.99 [8], [10].

Cumulative Portfolio Returns Comparison (Incl. Transaction Costs)

—— DRL (PPQ) Strategy
LSTM Network

= Random Forest Regressor

— XGBoost Optimized

13
11
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i 4
> > & v > > e q},o
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Fig.4 Cumulative Out-of-Sample Portfolio Returns with 0.1% Transactions Costs.
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3.4. Mechanistic Understanding and Execution Gaps

The boxplot for daily returns (Fig 5), Beta coefficients (Fig 6), and Jensen's Alpha
distributions (Fig 7) reveal the mechanisms behind this performance gap [10], [36]: Decision-
aware strategy versus predict-then-optimize: In supervised learning-based approaches, the
optimization objective is based on an unsupervised loss function without any link to finance
[8], [37]. Contrary to this, DRL directly optimizes risk-adjusted returns in the environment,
without forecasting errors [10], [37]. Turnover Costs: Rebalancing each day under statistical
methods incurs compounded transaction costs [8], [14]. PPO's reward function includes the
penalty on the L;-norm of the weight changes, and acts only if the expected gain
compensates for them [14], [36].

Distribution des Rendements Quotidiens : Comparaison de la Volatilité

0.15 1
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~0.10+ 5

DRL (PPQO) LSTM Random Forest XGBoost
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Fig 5. Distribution of Daily Returns and Outliers Comparison for Portfolio Strategies.
3.5Market Risk and Attribution of Alpha through Different Portfolio Strategies

Performance Attribution: The market Beta and Jensen's Alpha analysis shows two

completely different types of behavioral strategies used in the investigated models:

e The Beta coefficient of the Random Forest and XGBoost models is larger than or equal
to one (1.04 for both models; see Fig 7). This implies that these models use a purely
passive strategy that follows the market price and is exposed to the systematic risk of
the cryptocurrency market. Additionally, the large negative values of the Jensen's Alpha
(about -100% to -119%; see Fig 6) prove that they constantly destroy economic value as
compared to an equally weighted market index.

e The PPO DRL model has almost zero Beta with -0.08 (Fig 5). This means that it uses a
decorrelation strategy typical for market neutral approaches. More importantly, this is the
only tested framework that has a significantly positive Jensen's Alpha of +46.41% (Fig
6). This is evidence that the better performance of the PPO model cannot be due to
passive investment in bullish markets but due to actual alpha generation.
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Fig 6: Alpha of Jensen Compared (Strategy Value Addition).
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Fig 7. Comparison of Market Beta in Various Portfolio Allocations.

3.6 Limitations and future research

Despite the high empirical results achieved by the DRL-PPO framework, some limitations
should be considered [10]:
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Purely Exogenous State Space: The state space is constructed using only price movements
and technical indicators; any exogenous components (regulatory actions, macroeconomic
events, social media analysis) are ignored [38], [39].

Execution Friction as a Static Parameter: Execution costs as 0.1% are considered static,
whereas the actual costs depend on market depth and order flow dynamics [14], [36].

Trading Based on Daily Data Points: Trading at the end of each day ignores the intraday
liquidity dynamics [16], [37].

For future research, we will investigate:

Multimodal Data Aggregation: Utilization of multimodal data from financial text analysis using
the Fin BERT model [38], [39], on-chain metrics (such as exchange flows and hash rate), in
addition to the price information in the state [38].

Tail Risk Asymmetric Reward Function: Including conditional Value-at-Risk
(CVaR)/Expected Shortfall in the optimization process of policy gradients to better handle
fat tails in returns [40].

Multi-Agent Systems & Online Learning: Using hierarchical MARL algorithms for
collaborative allocation and hedging, as well as the use of online walk-forward learning to
adapt to changing market conditions [41].

5 Conclusion

This work presents experimental results of the effectiveness of Deep Reinforcement
Learning (DRL-PPO) compared to traditional supervised regression models for the
management of cryptocurrency portfolios dynamically [10], [42]. Thanks to the built-in ability
to consider the risk management, transaction costs, and safe-haven investment, the Sharpe
Ratio of PPO is 0.87, with the overall return of 37.22%, without compromising the market
neutrality (8 = -0.08%) and having the positive value of Jensen's Alpha (+46.41%) [10]. In
turn, traditional methods have an implementation problem because of the point-prediction
errors and the cost of turnover decreasing the total capital [8], [42].
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