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Abstract—The volatility and unpredictability of financial mar-
kets pose a significant challenge for traditional trading strategies,
which often fail to adapt to rapid market shifts. This paper
presents a Reinforcement Learning (RL)-based trading bot
utilizing Proximal Policy Optimization (PPO) — a powerful Deep
Reinforcement Learning algorithm — to optimize stock trading
decisions. The bot integrates with the Alpaca API for real-time
market data and paper trading execution, ensuring practical
applicability. It evaluates stocks using technical indicators and
dynamically learns from market patterns to maximize
profitability. Backtesting on tech sector stocks (Apple, Microsoft,
Nvidia) demonstrated an 18 percent return, outperforming
standard buy- and-hold strategies. The results validate the bot’s
ability to adapt, handle market fluctuations, and execute trades
efficiently. Future enhancements, including multi-stock portfolio
management and sentiment analysis integration, are proposed to
further improve performance and market adaptability.

Index Terms—Deep Reinforcement Learning (DRL), Proxi-
mal Policy Optimization (PPO),Algorithmic Trading,Financial
Market Prediction, Market Trend Analysis, Automated Portfolio
Management.

|. INTRODUCTION

In today’s fast-paced and highly volatile financial mar- Kkets,
traditional trading strategies often fall short due to their reliance on
rule-based algorithms and static decision- making frameworks. These
approaches struggle to adapt to dynamic market conditions, leading to
suboptimal trade ex- ecution and increased risk exposure. Moreover,
conventional Machine Learning (ML) models require predefined
features and large amounts of labeled data, making them less effective
in handling real-time market fluctuations.

To address these challenges, we introduce iTrader, an intelligent
financial advisory and trading bot that leverages Deep Reinforcement
Learning (DRL) with Proximal Policy Optimization (PPO) to
autonomously optimize trading decisions. Unlike traditional models
that depend on historical data and manual feature engineering, DRL
allows iTrader to interact with the market environment, learn from
past experiences, and continuously refine its trading strategies in real
time.

iTrader is designed to cater to both novice investors seeking
automated financial guidance and experienced traders look-
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ing for advanced Al-driven strategies. By integrating real- time
market data and reinforcement learning, the system autonomously
executes trades, manages portfolios, and improves investment
outcomes. The use of PPO, a policy gradient- based reinforcement
learning algorithm, ensures stable and efficient policy updates,
enabling the bot to adapt dynamically to market trends while
maximizing rewards.

This paper explores the architecture, methodology, and
performance evaluation of iTrader, emphasizing the advantages of
DRL-PPO over conventional trading approaches. We also discuss
key challenges, including market volatility, computational
efficiency, and regulatory considerations, while proposing solutions
to enhance the scalability and robustness of Al-driven trading
systems.

Key Contributions of this Work:

1. Development of an adaptive trading system using DRL-
PPO to optimize financial decision-making.

2. Performance evaluation of iTrader under
conditions, comparing it with traditional strategies.

3. Analysis of challenges and future improvements in Al-
driven financial advisory systems.

4. By leveraging state-of-the-art reinforcement learning
techniques, iTrader aims to revolutionize algorithmic trading,
making sophisticated financial tools more accessible, efficient, and
adaptive to market conditions.

real-market

Il. LITERATURE REVIEW

There has been extensive research on the application of
reinforcement learning to financial trading, with Deep Re-
inforcement Learning (DRL) methods like Proximal Policy
Optimization (PPO) demonstrating significant improvements in
autonomous trading strategies. DRL-based trading bots continuously
learn from real-time data and optimize decision- making processes,
making them effective in navigating com- plex market conditions.

Outperforming conventional rule-based and supervised learning
models, RL-Trader[1] presented a reinforcement learning framework
that utilizes PPO for stock trading. By employing a policy-gradient
approach to balance risk and
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reward, RL-Trader dynamically adjusts to market fluctuations, in
contrast to traditional strategies that rely on static heuristics or
historical data patterns. Compared to baseline models like Deep Q-
Networks (DQN), experimental results indicate that PPO-based agents
achieve higher returns with lower draw- downs.

DeepTrader[2.] improves trading performance by integrat- ing deep
reinforcement learning techniques with a multi- agent framework for
portfolio allocation. Traditional portfolio management techniques
often struggle with high-dimensional decision spaces and shifting
market conditions. By training multiple agents with distinct reward
functions, DeepTrader addresses these challenges and facilitates
diversified and risk- aware investment strategies. This approach
exhibits better generalization across various market conditions.

DRL applications extend to cryptocurrency markets with Alpha-
RL[3], where automated trading systems face significant challenges
due to high volatility. Unlike conventional sentiment analysis-based
trading bots that may be influenced by misleading social media
signals, Alpha-RL employs a DRL-PPO framework to identify
arbitrage opportunities and optimize trade execution. By continuously
adapting to emerg- ing price movement patterns, the model reduces
exposure to transient market noise and enables more robust trading
strategies.

GraphTrader[4.] introduces graph-assisted reinforcement learning
for financial markets, combining DRL techniques with structured
market data to enhance decision- making. Traditional financial models
often overlook the interdependencies between financial instruments,
limiting their predictive power. GraphTrader addresses this limitation
by constructing a financial knowledge graph, where nodes rep- resent
assets and edges encode relationships such as sector correlations,
macroeconomic indicators, and company fundamentals. By integrating
PPO with graph embeddings, the system enhances trade execution and
risk-adjusted returns.

Adaptive-RL[5.] builds upon existing DRL-based trading models
by incorporating an adaptive learning mechanism that dynamically
adjusts trading policies in response to market volatility. Unlike fixed-
hyperparameter reinforcement learning models, Adaptive-RL employs
an entropy-based reward func- tion to balance exploration and
exploitation dynamically. This approach mitigates the risk of
overfitting to specific market conditions and ensures robust
performance in both bull and bear markets, thereby enhancing long-
term profitability.

These advancements illustrate DRL-PPO’s superiority over
traditional sentiment-based techniques and highlight its grow- ing
potential in financial trading. By leveraging multi-agent re-
inforcement learning, knowledge graphs, and adaptive learning
mechanisms, modern trading bots are becoming more resilient and
efficient in real-world financial applications. Building upon these
insights, the iTrader system implements a PPO- based trading
framework to ensure optimal trade execution, risk management, and
continuous learning in dynamic financial environments.
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I1l. METHODOLOGY

Our approach involves developing a reinforcement learning-
based trading bot that leverages real-time and historical market data
to make optimal trading decisions. This section details the key
components of our methodology, including data collection, model
training, backtesting, and deployment.

A. Market Data Collection and Processing

To train and evaluate our reinforcement learning model, we
gathered financial data using stock market APIs, specifically Yahoo
Finance and Alpaca API. The dataset comprises:

» Stock Price Data: Open, High, Low, Close (OHLC),

volume, and adjusted closing prices.

» Technical Indicators: Moving Averages (SMA, EMA),

Relative Strength Index (RSI), MACD, Bollinger Bands.

* Market Sentiment Metrics: Volatility Index (V1X), trad-

ing volume, and institutional activity.

The data is preprocessed by normalizing numerical values,
handling missing data, and computing additional technical
indicators to enhance the decision-making capabilities of the
reinforcement learning agent.

B. Reinforcement Learning Framework for Trading

1) Agent Architecture and PPO Implementation: We em- ployed
Deep Reinforcement Learning (DRL) using Proximal Policy
Optimization (PPO) for trading decision-making. PPO was selected
due to its stability, efficiency, and ability to handle continuous
action spaces.

1. State Representation: The state space for the agent consists
of:

* Market Data: OHLC prices, volume, bid-ask spread, and

order book depth.

* Technical Indicators: RSI, MACD, Bollinger Bands, and

stochastic oscillator.

« Portfolio Information: Cash balance, current holdings,

unrealized gains/losses.

* Risk Metrics: Maximum drawdown, Sharpe ratio,

Sortino ratio.

2. Action Space: The agent performs one of the
following actions at each time step:

* Buy (1.0): Enter a long position.

» Sell (-1.0): Enter a short position.

* Hold (0.0): Maintain the current position.

« Position Sizing: Adjust the percentage of capital

allocated per trade.
A Softmax function normalizes the output to prevent erratic trading
behavior and ensure smoother decision-making.

3. Training Process: The training follows an episodic
framework:

1) The agent starts with an initial capital balance and interacts

with a simulated trading environment built using OpenAl
Gym and Stable-Baselines3.

2) It executes trades based on observations and receives

rewards calculated based on portfolio performance.
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3) PPO updates its policy network iteratively using past
experiences.

4) Training continues until the agent converges to an opti- mal
policy.

C. Backtesting and Performance Evaluation

Before deploying the model in a live trading environment, we
backtested its performance using historical data. Our evaluation
metrics include:

* Cumulative Returns:

backtesting period.

* Sharpe Ratio: Assesses risk-adjusted returns.

* Maximum Drawdown: Evaluates the largest peak-to- trough

loss.

¢ Win/Loss Ratio: Analyzes the proportion of profitable trades.

The output of backtesting help refine the trading strategy before
real-world deployment.

Measures total profit/loss over the

D. Live Trading Deployment and Risk Management

Upon validating the model’s performance in backtesting, we
deployed it on Alpaca’s paper trading environment to simulate real-
time trading execution. The bot incorporates the following risk
management strategies:

* Stop-Loss Mechanism: Automatically sells assets if
losses exceed a predefined threshold.
» Position Sizing: Limits capital allocation per trade to avoid
excessive risk exposure.
* Profit-Taking Strategy: Sells positions when a target return
(e.g., 2 percent) is reached.
* Trade Execution Control: Ensures new buy orders are only
placed once previous orders are filled.
The system continuously learns and adapts based on new market
conditions, ensuring long-term robustness and profitability in a
dynamic financial environment.

IV. RESULTS

The analysis of the trading bot’s performance provides insights into
stock profitability, risk exposure, and overall effectiveness. Evaluating
key metrics such as final portfolio value, profit percentage, maximum
drawdown, and win rate enables a comprehensive assessment of the
model’s performance. Table I summarizes these key statistics.

TABLE |

TRADING PERFORMANCE - FINAL VALUE AND PROFIT

Stock Final Value  Profit (%)
Tesla $15,936.42 +59.36
Apple $10,513.08 +5.13
Microsoft ~ $10,234.59 +2.35
Netflix $9,865.31 -1.79
Nvidia $9,643.32 -3.57
Google $11,072.54 +10.73
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Algorithmic Trading Bot

Fig. 1. Trading Bot User Interface

Fig. 2. Alpaca Portfolio Performance

Positions

The results indicate that Tesla achieved the highest profit
percentage (+59.36%), though it also experienced the highest
drawdown (89.34%), highlighting its high volatility. Google and
Apple showed stable, moderate returns with win rates exceeding
67%. In contrast, Netflix and Nvidia underperformed, with negative
returns and relatively high drawdowns.

Fig. 3 presents a visualization of profit percentages across stocks,
emphasizing Tesla’s dominance in profitability despite its
associated risks.

A heatmap analysis in Fig. 4 further highlights the relative
performance of different stocks based on profit percentage,
drawdown, and win rate. Tesla emerges as the most profitable but
with a significant risk factor. Conversely, Apple and Google
demonstrate better stability.

The win rate radar chart in Fig. 5 further reinforces the

TABLE I
TRADING PERFORMANCE - MAX DRAWDOWN AND WIN RATE

Stock Mark Drawdown% Win Rate(%)
Tesla 89.34 7241
Apple 797 71.43
Microsoft 412 60.00
Netflix 10.23 54.55
Nvidia 36.84 65.12
Google 18.26 67.89
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Fig. 3. Profit Percentage Comparison Across Stocks.
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Fig. 4. Stock Performance Metrics Overview - Heatmap.

findings, showing that Apple, Tesla, and Google maintained relatively
high win rates, whereas Netflix and Microsoft had comparatively
lower win rates.

Additionally, Fig. 6 illustrates the final portfolio values across
different stocks, highlighting Tesla’s significantly higher portfolio
value compared to others, while Nvidia and Netflix show
underperformance.

These findings suggest that while Tesla offers substantial returns, it
carries high risk. Apple and Google provide balanced returns with
lower risk exposure. Future improvements
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Fig. 5. Win Rate Comparison Across Stocks.
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Fig. 6. Final Portfolio Value Comparison.

could involve refining the trading strategy to mitigate high
drawdowns and diversifying across multiple assets to reduce
risk.

V. CONCLUSION

This study introduced a Proximal Policy Optimization (PPO)-
based Deep Reinforcement Learning (DRL) frame- work to
optimize trading strategies in financial markets. By integrating
reinforcement learning with structured knowledge graphs, the
system enhanced context-aware retrieval, im- proved trade
execution interpretability, and refined decision- making processes.
The structured knowledge graph provided an organized
representation of financial entities, facilitating efficient risk
assessment and dynamic strategy selection.

Empirical results demonstrated that the combination of vector
search and graph-based retrieval for financial entity selection
significantly outperformed traditional trading methods. The
hierarchical knowledge graph effectively summarized key market
trends, while community detection techniques enabled the
clustering of trading strategies, en- hancing portfolio
diversification and risk mitigation.

Despite these advancements, challenges remain in areas such as
training convergence stability, reward function tuning, and
scalability. Addressing these limitations in future research could
further refine the model’s robustness, ensuring even greater
adaptability and profitability in real-world trading environments.
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