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ABSTRACT 

This study proposes a reinforcement learning based trading strategy for Bitcoin using 

Proximal Policy Optimization with a trend following and risk aware reward design. The 

model is developed within a custom trading environment that incorporates multiple 

technical indicators, including trend, momentum, and volatility features, to capture 

market dynamics. A continuous action space is employed to enable flexible portfolio 

allocation between cash and Bitcoin, allowing the agent to learn dynamic position 

sizing rather than discrete buy or sell decisions. The reward function is designed to 

encourage profit generation while penalizing excessive risk, trading activity, and 

drawdowns. The proposed model is evaluated on historical Bitcoin data and 

compared with a Buy and Hold baseline using metrics such as total return, Sharpe 

ratio, maximum drawdown, trading frequency, and transaction costs. The results 

show that while the PPO strategy does not outperform Buy and Hold in terms of total 

return, it achieves superior risk adjusted performance with a higher Sharpe ratio and 

more stable portfolio growth. However, the model exhibits high trading frequency, 

leading to increased transaction costs that reduce overall profitability. These findings 

demonstrate that reinforcement learning offers a promising approach for developing 

adaptive and risk sensitive trading strategies, although further improvements are 

required to enhance trading efficiency and cost management. 

Keywords Reinforcement Learning, Proximal Policy Optimization, Bitcoin Trading, Trend 

Following, Risk-Aware Reward 

INTRODUCTION 

The rapid growth of cryptocurrency markets, particularly Bitcoin, has 

attracted significant attention from both researchers and practitioners due 

to its high volatility and potential for substantial returns [1]. Traditional 

trading strategies such as Buy and Hold are widely used because of their 

simplicity and effectiveness during prolonged bullish periods. However, 

these strategies lack adaptability and are unable to respond dynamically 

to changing market conditions, which can lead to significant losses during 

periods of high volatility or market downturns. As a result, there is a 

growing need for intelligent trading approaches that can continuously 

adapt to market dynamics while balancing profitability and risk. 

In recent years, reinforcement learning has emerged as a promising 

approach for developing automated trading strategies due to its ability to 

model sequential decision making and learn optimal policies through 
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interaction with the environment [2]. Various studies have applied deep 

reinforcement learning algorithms such as Deep Q Network, Advantage 

Actor Critic, and Proximal Policy Optimization to financial markets, 

including cryptocurrency trading [3]. These approaches have 

demonstrated the capability to generate competitive returns and adapt to 

complex market patterns. Furthermore, the integration of technical 

indicators and feature engineering techniques has been shown to 

improve the performance of reinforcement learning agents by providing 

richer representations of market states. 

Despite these advancements, several challenges remain in the 

application of reinforcement learning to cryptocurrency trading. Many 

existing studies primarily focus on maximizing cumulative returns without 

adequately considering risk management, which often leads to unstable 

performance and large drawdowns [4]. In addition, reinforcement 

learning agents tend to exhibit overtrading behavior, resulting in 

excessive transaction costs that significantly reduce net profitability. 

Another limitation is that many models do not explicitly incorporate trend 

following behavior, even though trend-based strategies are widely 

recognized as effective in financial markets. These gaps highlight the 

need for a more balanced approach that integrates profitability, risk 

control, and trading efficiency. 

To address these limitations, this study proposes a reinforcement 

learning based trading strategy using Proximal Policy Optimization with 

a trend following and risk aware reward design. The proposed model 

utilizes a continuous action space to enable flexible portfolio allocation 

between cash and Bitcoin, allowing for dynamic position sizing. A 

comprehensive set of technical indicators is incorporated to capture 

market trends, momentum, and volatility. In addition, the reward function 

is carefully designed to encourage profitable trading decisions while 

penalizing excessive risk, frequent trading, and drawdowns [5]. The 

performance of the proposed approach is evaluated using historical 

Bitcoin data and compared with a Buy and Hold baseline across multiple 

metrics, including return, Sharpe ratio, drawdown, and transaction costs. 

The main contributions of this study can be summarized as follows. First, 

it introduces a reinforcement learning trading framework that integrates 

trend following features with a risk aware reward mechanism. Second, it 

provides a comprehensive evaluation of the PPO based strategy against 

a traditional passive strategy under realistic trading conditions. Third, it 

offers insights into the trade-off between return, risk, and transaction 

costs in reinforcement learning based trading systems. 

Literature Review and Related Works 

The application of reinforcement learning in financial markets has gained 

significant attention due to its ability to model sequential decision making 

and adapt to dynamic environments. Reinforcement learning techniques 
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have been widely explored in quantitative trading, where agents learn 

optimal trading policies through interaction with market data. Existing 

studies show that reinforcement learning is capable of outperforming 

traditional rule-based strategies in complex and highly volatile 

environments such as cryptocurrency markets [6], [7]. In particular, deep 

reinforcement learning methods have demonstrated strong potential in 

capturing non-linear patterns and temporal dependencies in financial 

time series data [8]. 

Several reinforcement learning algorithms have been applied to 

cryptocurrency trading, including Deep Q Network, Advantage Actor 

Critic, and Proximal Policy Optimization. Among these, policy-based 

methods such as PPO are preferred due to their stability and suitability 

for continuous action spaces [9], [10]. Prior works have shown that PPO 

can effectively learn trading strategies that generate competitive returns 

compared to traditional benchmarks, including Buy and Hold [11]. In 

addition, reinforcement learning has been successfully used for portfolio 

management and asset allocation, where agents dynamically adjust 

portfolio weights to optimize performance [12], [13]. 

Feature engineering plays a crucial role in improving the performance of 

reinforcement learning models. Many studies incorporate technical 

indicators such as moving averages, momentum, volatility, and 

oscillators to enhance the representation of market states [14], [15]. 

These indicators enable the agent to better capture market trends and 

price dynamics, which are essential for developing effective trading 

strategies. Furthermore, some approaches combine reinforcement 

learning with traditional machine learning techniques to improve 

predictive accuracy and decision making [16]. 

Despite these advancements, several limitations remain. One major 

challenge is that many reinforcements learning-based trading models 

primarily focus on maximizing returns without adequately considering 

risk, which can lead to unstable performance and large drawdowns [17]. 

In addition, excessive trading activity is a common issue, as agents may 

frequently rebalance their portfolios, resulting in high transaction costs 

that reduce net profitability [18]. Another limitation is the lack of explicit 

incorporation of trend following behavior, even though trend-based 

strategies are widely recognized as effective in financial markets [19]. 

Recent studies have attempted to address these issues by introducing 

risk aware reward functions, multi objective optimization, and improved 

environment design. For example, incorporating penalties for drawdown 

and transaction costs has been shown to improve the stability and 

robustness of trading strategies [20]. Additionally, some approaches 

utilize ensemble methods or multi agent systems to enhance 

performance across different market conditions. However, achieving a 

balance between profitability, risk management, and trading efficiency 



Journal of Digital Market and Digital Currency 

 

Vladareanu (2026) J. Digit. Mark. Digit. Curr. 

 

134 

 

 

remains an open challenge in reinforcement learning based 

cryptocurrency trading. 

Methodology 

Overview 

This study proposes a reinforcement learning based trading framework 

for Bitcoin using Proximal Policy Optimization. The methodology consists 

of several main components, including data preprocessing, feature 

engineering, environment design, model training, and performance 

evaluation. The overall workflow of the proposed approach is illustrated 

in figure 1, which presents the sequential steps from data collection and 

preprocessing to model training, backtesting, and performance analysis. 

This framework is designed to simulate a realistic trading environment in 

which the agent learns to optimize portfolio allocation through continuous 

interaction with historical market data. 

 

Figure 1 Research Framework 

Data Collection and Preprocessing 

The dataset used in this study consists of historical Bitcoin market data, 

including Open, High, Low, Close prices, trading volume, and market 

capitalization. The data is cleaned, sorted chronologically, and 

transformed into numerical format. Missing values and anomalies are 

handled using forward and backward filling. The return at each time step 

is computed as: 

𝑅𝑡 =
𝑃𝑡 − 𝑃𝑡−1
𝑃𝑡−1

 (1) 

𝑃𝑡represents the closing price at time 𝑡. 

In addition, logarithmic return is calculated as: 

𝑟𝑡 = log⁡ (
𝑃𝑡
𝑃𝑡−1

) (2) 

The dataset is then split into training and testing sets using an 80:20 ratio, 

and feature scaling is applied using standardization. 
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Feature Engineering 

A set of technical indicators is constructed to represent market 

conditions, including trend indicators, momentum, volatility, and 

oscillators. These features include moving averages, exponential moving 

averages, MACD, RSI, Bollinger Band width, and volume-based 

indicators. The engineered features provide a comprehensive 

representation of price dynamics and market behavior. 

Reinforcement Learning Environment 

A custom trading environment is implemented using Gymnasium to 

simulate trading interactions. The agent operates in a long only setting, 

where capital is allocated between cash and Bitcoin. The state consists 

of a rolling window of historical features with window size 𝑊. The 

observation vector is defined as: 

𝑠𝑡 = [𝑥𝑡−𝑊+1, 𝑥𝑡−𝑊+2, … , 𝑥𝑡 , 𝑝𝑡 , 𝑐𝑡 , 𝑑𝑡] (3) 

x_trepresents feature vectors, p_tis the current position, c_tis the cash 

ratio, and d_tis the current drawdown. The action is defined as a 

continuous value: 

𝑎𝑡 ∈ [0,1] (4) 

𝑎𝑡 = 0represents full cash and 𝑎𝑡 = 1represents full allocation to Bitcoin. 

To reduce excessive fluctuations, the action is smoothed as: 

𝑎̃𝑡 = 𝛼𝑎𝑡−1 + (1 − 𝛼)𝑎𝑡 (5) 

𝛼is a smoothing factor. 

The reward function is designed to balance profitability and risk. The 

primary component is the portfolio return: 

𝑅𝑡
𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜

=
𝑉𝑡+1 − 𝑉𝑡

𝑉𝑡
 (6) 

The overall reward is defined as: 

Reward𝑡 = 100 ⋅ 𝑅𝑡
𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜

+ 𝛽1 ⋅ 𝑅𝑡
𝑚𝑎𝑟𝑘𝑒𝑡 − 𝛽2 ⋅ Δ𝑎𝑡 − 𝛽3 ⋅ 𝐷𝐷𝑡 (7) 

𝑅𝑡
𝑚𝑎𝑟𝑘𝑒𝑡is the market return  

Δ𝑎𝑡is the change in position  

𝐷𝐷𝑡 is the drawdown  

𝛽1, 𝛽2, 𝛽3are weighting parameters  

This formulation encourages the agent to follow market trends, minimize 

excessive trading, and reduce exposure to large losses. 
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Model Training 

The trading agent is trained using the PPO algorithm with a multilayer 

perceptron policy network. The objective of PPO is to maximize the 

expected cumulative reward: 

𝐽(𝜃) = 𝔼 [∑ 𝛾𝑡
𝑇

𝑡=0
𝑅𝑡]  (8) 

𝛾is the discount factor. 

Training is performed over multiple episodes with randomized starting 

points to improve generalization. 

Backtesting and Evaluation 

After training, the model is evaluated on unseen test data using a full 

period backtesting approach to simulate real trading conditions without 

further learning or parameter updates. During this phase, the trained 

agent generates trading decisions sequentially at each time step based 

on the observed state, and the corresponding portfolio value is 

continuously updated and recorded over time. The performance of the 

strategy is assessed using several key evaluation metrics to provide a 

comprehensive analysis. Total return is used to measure overall 

profitability, while the Sharpe ratio evaluates risk adjusted performance 

by considering return relative to volatility. Maximum drawdown is 

included to quantify the largest peak to trough loss and assess downside 

risk exposure. In addition, transaction costs are calculated to account for 

realistic trading frictions resulting from frequent rebalancing, and trading 

frequency is measured to capture the level of market activity and strategy 

aggressiveness. Together, these metrics provide a balanced evaluation 

of both return generation and risk management capabilities of the 

proposed trading model. 

Visualization 

The performance of the model is further analyzed using equity curves 

and trading action plots to provide a visual interpretation of the trading 

behavior and portfolio evolution over time. The equity curve illustrates the 

growth of the portfolio value throughout the evaluation period, allowing 

for the identification of trends, volatility patterns, and drawdown periods. 

Meanwhile, the trading action plot presents the timing and magnitude of 

position adjustments made by the agent, highlighting how the model 

responds to different market conditions. Together, these visualizations 

offer valuable insights into the dynamic decision-making process of the 

agent and help to better understand the relationship between market 

movements and the resulting trading actions. 

Algorithm 1: PPO-Based Bitcoin Trading Strategy 

Input: Dataset 𝐷, initial balance 𝐵0, window size 𝑊, transaction fee 𝜏, episode length 𝑇 

Output: Trained policy 𝜋𝜃, portfolio value 𝑉𝑡, actions 𝑎𝑡 

Process: 
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Start 

Initialize 𝑐𝑎𝑠ℎ = 𝐵0, 𝑢𝑛𝑖𝑡𝑠 = 0, 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 = 0 

For each episode 𝑒 = 1…𝐸: 

Select starting index 𝑡0 

Initialize state 𝑠𝑡using windowed features 

For each step 𝑡 = 𝑡0…𝑡0 + 𝑇: 

Sample action 

𝑎𝑡 ∼ 𝜋𝜃(𝑎𝑡 ∣ 𝑠𝑡) 

Smooth action 

𝑎̃𝑡 = 𝛼 ⋅ 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 + (1 − 𝛼) ⋅ 𝑎𝑡 

Compute portfolio value 

𝑉𝑡 = 𝑐𝑎𝑠ℎ + 𝑢𝑛𝑖𝑡𝑠 ⋅ 𝐶𝑡 

Compute target allocation 

𝐴𝑡 = 𝑎̃𝑡 ⋅ 𝑉𝑡 

Compute adjustment 

Δ𝐴𝑡 = 𝐴𝑡 − 𝑢𝑛𝑖𝑡𝑠 ⋅ 𝐶𝑡 

Compute transaction fee 

𝑓𝑒𝑒 = 𝜏 ⋅∣ Δ𝐴𝑡 ∣ 

Update portfolio 

𝑐𝑎𝑠ℎ = 𝑐𝑎𝑠ℎ − Δ𝐴𝑡 − 𝑓𝑒𝑒 

𝑢𝑛𝑖𝑡𝑠 =
𝐴𝑡
𝐶𝑡

 

Move to next step and compute new value 

𝑉𝑡+1 = 𝑐𝑎𝑠ℎ + 𝑢𝑛𝑖𝑡𝑠 ⋅ 𝐶𝑡+1 

Compute returns 

𝑅𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 =
𝑉𝑡+1 − 𝑉𝑡

𝑉𝑡
 

𝑅𝑚𝑎𝑟𝑘𝑒𝑡 =
𝐶𝑡+1 − 𝐶𝑡

𝐶𝑡
 

Compute drawdown 

𝐷𝐷 =
𝑃𝑒𝑎𝑘 − 𝑉𝑡+1

𝑃𝑒𝑎𝑘
 

Compute reward 

𝑟𝑡 = 100𝑅𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 + 𝛽1𝑅
𝑚𝑎𝑟𝑘𝑒𝑡 − 𝛽2 ∣ Δ𝑎 ∣ −𝛽3𝐷𝐷 

Update policy parameters 

𝜃 ← 𝜃 + ∇𝜃𝐽
𝑃𝑃𝑂(𝜃) 

Update state 𝑠𝑡 → 𝑠𝑡+1 

Return 𝜋𝜃 , 𝑉𝑡 , 𝑎𝑡 

End 

Results  

The performance of the proposed Proximal Policy Optimization (PPO) 

based trading strategy is evaluated using an out of sample test dataset 

and compared against a Buy and Hold baseline to assess its 

effectiveness in real market conditions. The evaluation framework 

incorporates multiple performance metrics to provide a comprehensive 

analysis, including total return to measure overall profitability, Sharpe 

ratio to assess risk adjusted performance, maximum drawdown to 
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capture downside risk exposure, trading frequency to reflect the level of 

market activity and decision-making intensity, and transaction costs to 

account for the impact of realistic trading frictions. This combination of 

metrics enables a balanced assessment of both return generation and 

risk management capabilities, allowing for a detailed comparison 

between an active reinforcement learning driven strategy and a passive 

investment approach. 

Quantitative Performance 

The numerical results of both strategies are summarized in table 1. 

Starting from an initial capital of 10,000, the PPO based strategy 

increases the portfolio value to 42,973, achieving a total return of 

329.74%. This result demonstrates the ability of the reinforcement 

learning model to generate substantial profits through dynamic allocation 

decisions over the evaluation period. In comparison, the Buy and Hold 

strategy achieves a higher final portfolio value of 49,334, corresponding 

to a total return of 393.84%. The superior performance of Buy and Hold 

in terms of absolute return indicates that maintaining full exposure to 

Bitcoin is advantageous during prolonged upward market conditions. 

In terms of risk adjusted performance, the PPO strategy achieves a 

Sharpe ratio of 1.49, which is higher than the Buy and Hold strategy with 

a Sharpe ratio of 1.42. This suggests that the PPO model is more efficient 

in generating returns relative to the level of risk taken. Despite this 

difference, both strategies exhibit similar maximum drawdowns of 

approximately 51.8%, indicating that they are exposed to comparable 

levels of downside risk during adverse market movements. These results 

highlight that while the PPO strategy does not outperform Buy and Hold 

in total return, it provides improved performance when considering the 

balance between return and risk. 

Table 1 Performance Comparison of PPO and Buy-and-Hold Strategies 

Strategy 
Final 

Value 
Return (%) 

Sharpe 

Ratio 

Max 

Drawdown 

(%) 

Rebalances Fees Paid 

PPO Long-

Only 
42,973 329.74% 1.49 -51.85% 567 232.10 

Buy & hold 49,334 393.84% 1.42 -51.86% 2 59.29 

Equity Curve Characteristics 

The equity curve comparison between the PPO based strategy and the 

Buy and Hold strategy is shown in figure 2. Both strategies exhibit 

significant portfolio growth throughout the evaluation period, indicating 

that they are able to capture the overall upward movement of the Bitcoin 

market. However, clear differences can be observed in the pattern of 

growth. The Buy and Hold strategy demonstrate a steeper and more 

continuous increase in portfolio value, particularly during extended bullish 

phases where the market experiences strong upward momentum. 
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In contrast, the PPO strategy shows a more gradual and stepwise growth 

trajectory. Periods of slower growth and temporary plateaus are visible, 

reflecting the agent’s dynamic adjustment of market exposure over time. 

The PPO model does not consistently maintain full investment in the 

asset, which results in missed opportunities during sharp price increases 

but also indicates more controlled participation in the market. This 

behavior suggests that the model adapts its allocation based on changing 

market conditions, leading to a smoother progression of portfolio value 

compared to the more aggressive growth observed in the Buy and Hold 

strategy. 

 
Figure 2 Equity Curve Comparison between PPO and Buy-and-Hold Strategies 

Risk Metrics 

Risk is evaluated using two key metrics, namely the Sharpe ratio and 

maximum drawdown, to capture both return efficiency and downside 

exposure. The PPO strategy achieves a Sharpe ratio of 1.49, which is 

higher than the Buy and Hold strategy at 1.42, indicating that the PPO 

model generates higher returns relative to the level of risk taken. This 

suggests that the reinforcement learning agent is more effective in 

balancing profit generation with volatility control over the evaluation 

period. In terms of downside risk, both strategies exhibit nearly identical 

maximum drawdowns of approximately 51.8%, indicating that they are 

exposed to similar levels of peak to trough losses during adverse market 

conditions. Despite achieving comparable drawdown levels, the higher 

Sharpe ratio of the PPO strategy highlights its ability to deliver more 

consistent returns under similar risk exposure. 

Trading Activity and Transaction Costs 

A notable difference between the two strategies lies in trading frequency, 

which reflects how actively each approach interacts with the market. The 

PPO agent performs a total of 567 rebalancing actions during the test 

period, indicating a highly active strategy that continuously adjusts its 

portfolio allocation in response to changing market conditions. In contrast, 

the Buy and Hold strategy executes only two transactions, consisting of 

an initial purchase and a final liquidation, thereby maintaining a constant 
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exposure to the asset throughout the entire period. This substantial 

difference in trading activity leads to significantly higher transaction costs 

for the PPO strategy, amounting to 232.10 compared to only 59.29 for 

Buy and Hold. The increased costs associated with frequent trading 

reduce the net profitability of the PPO model, highlighting the impact of 

transaction fees as an important factor in evaluating the effectiveness of 

reinforcement learning based trading strategies. 

Portfolio Allocation Behavior 

The trading actions executed by the PPO agent are illustrated in figure 3, 

providing a detailed view of how the model adjusts its position over time 

in response to market dynamics. The PPO agent continuously modifies 

its allocation between cash and Bitcoin, reflecting its learned policy based 

on observed market conditions and input features. Unlike discrete trading 

strategies that rely on fixed buy or sell signals, the PPO model operates 

in a continuous action space, allowing it to fine tune its position at each 

time step. This enables the agent to gradually increase or decrease 

exposure rather than making abrupt transitions, resulting in smoother 

changes in portfolio composition. 

Throughout the trading period, the PPO agent exhibits varying levels of 

market participation, shifting between higher and lower exposure 

depending on perceived trends and risk conditions. During periods of 

upward price movement, the agent tends to increase its allocation to 

Bitcoin, while in uncertain or less favorable conditions it reduces exposure 

by allocating more capital to cash. This dynamic behavior contrasts with 

the Buy and Hold strategy, which maintains a constant full allocation 

regardless of market changes. The ability of the PPO agent to adjust its 

exposure continuously leads to a more flexible trading pattern, reflecting 

adaptive decision making in response to evolving market environments. 

 
Figure 3 Trading Actions of PPO Agent over Time 

Discussion 

The results highlight a clear trade-off between absolute return and risk 

adjusted performance when comparing the PPO based strategy with the 

Buy and Hold approach. Although Buy and Hold achieves higher total 
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return and final portfolio value, this outcome is strongly influenced by 

prolonged bullish conditions in the Bitcoin market, where constant full 

exposure leads to maximum capital appreciation. In contrast, the PPO 

strategy demonstrates a more balanced performance by achieving a 

higher Sharpe ratio, indicating better efficiency in generating returns 

relative to risk. This suggests that the reinforcement learning agent is 

capable of learning a policy that prioritizes stability and controlled growth 

rather than purely maximizing profit. The similar levels of maximum 

drawdown observed in both strategies further indicate that while the PPO 

model improves return consistency, it does not significantly reduce 

exposure to extreme market downturns. 

Another important observation is the impact of trading frequency on 

overall performance. The PPO agent exhibits highly active trading 

behavior, as reflected by the large number of rebalancing actions, which 

leads to substantially higher transaction costs. These costs reduce net 

returns and partially explain why the PPO strategy underperforms 

compared to Buy and Hold in terms of total profit. However, the dynamic 

allocation behavior of the PPO model, including its ability to adjust 

exposure based on market conditions, reflects a more realistic and 

adaptive trading approach. This adaptability may provide advantages in 

different market regimes, particularly in sideways or bearish conditions 

where passive strategies are less effective. Overall, the findings indicate 

that while reinforcement learning based trading does not necessarily 

outperform passive strategies in all scenarios, it offers significant benefits 

in terms of flexibility, risk management, and responsiveness to changing 

market environments. 

Conclusion 

This study presents a reinforcement learning based trading strategy for 

Bitcoin using Proximal Policy Optimization with a trend following and risk 

aware reward design. The experimental results demonstrate that while 

the proposed PPO strategy does not outperform the Buy and Hold 

approach in terms of total return, it achieves superior risk adjusted 

performance as indicated by a higher Sharpe ratio and more consistent 

portfolio growth. The model is able to dynamically adjust its market 

exposure, reflecting adaptive decision making in response to changing 

market conditions. However, the high trading frequency leads to 

increased transaction costs, which negatively impacts overall profitability. 

These findings suggest that reinforcement learning offers a promising 

framework for developing adaptive and risk sensitive trading strategies, 

although further improvements in transaction cost handling and trading 

efficiency are necessary to enhance its competitiveness against passive 

investment approaches. 
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