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Abstract

This review examines the application of deep reinforcement learning
techniques to algorithmic trading in equity markets, with emphasis on
optimizing risk-adjusted returns through intelligent portfolio
management. We survey the complete pipeline from data acquisition
and feature engineering to agent architecture and performance
evaluation. The review focuses on TD3 (Twin Delayed Deep
Deterministic Policy Gradients) implementations that learn continuous
position control strategies while accounting for realistic market
constraints including transaction costs, position sizing, and drawdown
management. Key components analyzed include technical indicator
selection, custom trading environment design, reward shaping
mechanisms, and comprehensive performance metrics beyond simple

management, Sharpe ratio. returns.

Introduction

Financial markets exhibit non-stationarity, high
volatility, and complex nonlinear dependencies,
which limit the effectiveness of traditional rule-
based trading strategies. Handcrafted heuristics
often fail to generalize across changing market
regimes, leading to inconsistent performance and
suboptimal decision-making. In response to
these challenges, data-driven approaches have
emerged as viable alternatives for learning
adaptive trading behaviors under uncertainty.
Reinforcement learning (RL) provides a
principled framework for sequential decision-
making, where an agent interacts with an
environment to maximize long-term returns. In
the context of algorithmic trading, RL naturally
aligns with objectives such as portfolio growth,
risk management, and transaction cost
minimization. Unlike static models, RL agents can
continuously adjust their actions based on
evolving market conditions, making them
suitable for real-time financial applications. This
review focuses on a modular RL-based trading
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pipeline built around the Twin Delayed Deep
Deterministic Policy Gradient (TD3) algorithm, a
state-of-the-art  actor-critic  method for
continuous control tasks. The system includes
stages for acquiring historical OHLCV data,
engineering technical indicators, and
normalizing features for improved stability. A
custom trading environment is designed to
replicate realistic dynamics by incorporating
transaction costs, position limits, portfolio
accounting, and drawdown-aware reward
modeling.

The TD3 agent learns continuous position sizing
using twin critics, delayed policy updates,
exploration noise, and target networks. Training
is conducted off-policy with a replay buffer to
improve efficiency and stability. Performance is
evaluated using held-out validation data,
followed by final testing and visualization of
trading behavior. By integrating environment
realism with advanced RL techniques, this
framework demonstrates the potential of TD3 for
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developing adaptive, risk

strategies.

sensitive trading

Literature Survey

Financial markets are highly dynamic and non-
stationary, making traditional rule-based trading
systems difficult to generalize across different
market conditions. Earlier approaches relied on
statistical models and handcrafted indicators
that struggled to adapt to evolving market

regimes. With advancements in machine learning
and deep learning, several models have been
proposed to improve stock prediction and
automated trading strategies. In recent years,
reinforcement learning (RL) has gained
significant attention because it enables
sequential decision making and allows trading
agents to learn optimal strategies through
interaction with market environments.

Author / Year Method / Key Limitations
Model Contribution
Moody & Saffell Direct Introduced Limited computational capability and simple
(2001) Reinforcement reinforcement | market modelling
Learning learning for
financial
trading
decisions
Mnihet- al. Deep Q-Network | Demonstrated | Discrete action space (buy, sell, hold) limits
(2015) (DQN) deep trading flexibility
reinforcement
learning for
decision
making using
neural
networks
Lillicrap et al. | Deep Proposed Prone to overestimation bias and unstable
(2016) Deterministic deterministic training
Policy Gradient policy
(DDPG) gradients for
continuous
control tasks
Dengetal. (2017) | Deep Direct Applied deep Limited handling of realistic market
Reinforcement reinforcement | constraints
Learning learning to
financial signal
representation
Jiang et al. (2017) | Deep RL for Developed RL | High computational complexity
Portfolio framework for
Management automated
portfolio
allocation
Fujimoto et al. | Twin Delayed Introduced Requires careful tuning and large training
(2018) Deep twin critic data
Deterministic networks and
Policy Gradient delayed policy
(TD3) updates to
reduce
overestimation
bias
Majidi et al. | Continuous Applied Still limited in handling extreme market
(2024) Action RL continuous volatility
Trading action
reinforcement
learning for
trading
optimization
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Recent studies emphasize the importance of
realistic trading environments that
incorporate transaction costs, slippage, margin
constraints, and position limits. In addition,
several works integrate technical indicators
such as RSI, MACD, moving averages,
volatility, ATR, and Bollinger Bands to
improve the representation of market states.
Evaluation of modern trading systems typically
uses risk-adjusted performance metrics such
as Sharpe ratio, cumulative returns, and
maximum drawdown.

Overall, the literature shows a clear evolution
from rule-based trading strategies to deep
reinforcement learning approaches capable
of continuous decision making. Among these
methods, Twin Delayed Deep Deterministic
Policy Gradient (TD3) has emerged as a stable
and efficient algorithm for continuous position
sizing and adaptive trading in financial markets.

Methodology

This section synthesizes the pipeline components
surveyed and implemented in the project. A. Data
and Features Historical OHLCV market data are
acquired and cleaned, then augmented with a
technical indicator bank: simple/log returns,
moving averages (MA5/MA10), rolling volatility,
momentum, RSI, MACD (EMA12-EMA26 and
signal), Bollinger Bands, ATR and others.
Features are min-max scaled using train-fit
parameters and applied to validation/test splits
to avoid leakage. B. Environment Design A
custom trading environment models: e
Continuous target position at € [-1, 1]
representing fractional short-to-long exposure. ¢
Portfolio accounting (cash, positions, marked-to-
market valuation). e Transaction costs
proportional to position change |Awt|x price.
Position limits and realistic = execution
constraints. « Drawdown tracking and penalty
terms included in reward shaping. C. Reward
Shaping and Objectives The reward at time t
approximates: where Aat = at-at-1. The
objective is to maximize cumulative (risk-
adjusted) return while discouraging excessive
turnover and drawdown. D. TD3 Agent and
Training the TD3 agent uses an actor network for
continuous actions and twin critic networks to
estimate Q-values. Key elements: e Twin critics to
reduce overestimation bias. ¢ Delayed actor
updates for stability and soft target network
updates (Polyak averaging). e Target policy
smoothing with clipped noise to improve
robustness. * Off-policy training with a replay
buffer and Mini batching for sample efficiency.
Training includes reproducible seeding, periodic
validation using Sharpe ratio and maximum
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drawdown, checkpointing best models, and final
test evaluation with diagnostic plots.

1. Feature Engineering
To enhance the learning capability of the model,
several technical indicators were computed from
the historical price data. These include:
- Simple Moving Averages (SMA 20, SMA
50)
- Relative Strength Index (RSI)
- Moving Average Convergence Divergence
(MACD)
- Average True Range (ATR)
- Volatility indicators
- Momentum and return features
These features provide additional information
about market trends, momentum, and volatility.

2. Trading Environment
A custom reinforcement learning environment
was developed to simulate the stock trading
process. The environment models realistic
trading conditions including:

- Portfolio balance and position tracking

- Continuous position sizing between -1 and

1

- Transaction costs and trading penalties

- Portfolio value calculation

- Risk-aware reward functions
The reward function is designed to maximize
risk-adjusted returns while penalizing excessive
trading and large drawdowns.

3. TD3 Reinforcement Learning Agent
The TD3 algorithm was used to train the trading
agent. TD3 is an actor-critic reinforcement
learning algorithm designed for continuous
control tasks.
Key components of TD3 include:
- Actor network for generating trading
actions
- Twin critic networks for estimating Q-
values
- Delayed policy updates for improved
stability
- Target
variance
- Experience replay buffer for efficient
training
The agent learns by interacting with the trading
environment and adjusting its policy to maximize
cumulative rewards.

smoothing to reduce

policy
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System Architecture

TD3-Based Stock Trading System Architecture

TD3 Reinforcement
Learning Agent
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Figure 1: TD3- Based Stock Trading System
Architecture

The architecture diagram illustrates the overall
pipeline of the proposed reinforcement learning
trading system. The process begins with data
collection, where historical stock data is
obtained from the Yahoo Finance API. This data is
then passed to the feature engineering stage,
where technical indicators such as SMA, RSI, and
MACD are calculated and normalized to improve
model learning. The processed data is fed into the
TD3 reinforcement learning agent, which
consists of an actor network, twin critic
networks, and a replay buffer for experience
storage. During training, the actor generates
actions while the critics evaluate Q-values. The
system updates the networks through target
updates and policy delays to ensure stable
learning. Finally, the trained model is evaluated
using financial metrics, and the results are
visualized through reward curves, portfolio
performance, and trading signals.

Experimental Results
The trained TD3 model was evaluated using
historical market data to analyse its trading
performance. The system generates trading
signals that determine whether the agent should
increase, decrease, or maintain its current
position.
Performance evaluation was conducted using
several financial metrics, including:

- Cumulative portfolio return

- Sharpe ratio

- Maximum drawdown

- Signal direction accuracy

- Portfolio value growth over time
Experimental  results show  that the
reinforcement learning agent was able to learn
profitable trading patterns from historical data.
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Compared to random or baseline trading
strategies, the TD3 model achieved improved
risk-adjusted returns and demonstrated stable
portfolio growth.

Visualization tools were also used to plot stock
prices, trading actions, and portfolio values over
time, enabling a clearer understanding of the
agent's trading behaviour.

Al-Powered Stock Market
Predictions

Figure 2: AI-Powered Stock Market Prediction
Interface

This figure shows the front-end interface of the
Al-powered stock prediction system
developed as part of the project. The interface
allows users to search for stocks from different
exchanges such as NSE and input ticker symbols
for prediction analysis. The system integrates the
trained TD3 reinforcement learning model with a
web-based user interface that provides real-time
interaction. Users can select a stock, run the
prediction model, and obtain trading insights
generated by the Al system. The interface also
displays trending stocks and supports offline
data inputs through CSV files. This design
demonstrates how reinforcement learning
models can be integrated with modern web
technologies to provide accessible financial
decision-support tools for traders and analysts.

D3 Model Output

Figure 3: TD3 Model Trading Performance
Dashboard

This figure presents the performance dashboard
generated by the trained TD3 trading agent for
Apple Inc. (AAPL). The dashboard displays
important evaluation metrics such as Sharpe
ratio (0.700), total return (7.42%), maximum
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drawdown (20.13%), and final portfolio value
(1.0742). These metrics help evaluate both
profitability and risk associated with the trading
strategy. The candlestick chart visualizes
historical price movements of the stock, while the
agent’s trading decisions are reflected in the
equity curve generated during the testing phase.
The gradual increase in the portfolio value
indicates that the reinforcement learning model
was able to identify profitable trading
opportunities. The dashboard also allows users
to re-run the model to test performance under
different conditions.

Figure 4: Stock Price Analysis and Al Prediction
Results

This figure illustrates the stock analysis
dashboard generated by the system for Apple Inc.
The interface displays key financial indicators
such as market capitalization, P/E ratio, trading
volume, and sector information, providing
contextual information about the stock. The price
chart compares historical stock prices with the
predicted trend generated by the Al model. The
TD3 model predicts short-term and medium-
term price movements, including next-day,
seven-day, and thirty-day predictions. Additional
indicators such as prediction confidence, trend
direction, and risk level are also displayed to
assist investors in decision making. The results
indicate that the reinforcement learning model
can generate actionable insights by analyzing
historical data and learning patterns from the
financial market environment.

Conclusion

This study demonstrates that reinforcement
learning, particularly the Twin Delayed Deep
Deterministic Policy Gradient (TD3) algorithm,
can be effectively adapted for real-world
financial trading applications. The agent
successfully learned continuous position sizing
and dynamically managed risk, outperforming
baseline and random trading strategies in terms
of risk-adjusted returns. By incorporating
engineered technical indicators, realistic market
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constraints, and drawdown-aware reward
modeling, the system was able to replicate
practical trading conditions. The TD3 agent
operated under transaction costs, position limits,
and penalty mechanisms while still achieving
favorable performance metrics. The evaluation
results—measured through cumulative returns,
Sharpe ratio, and maximum drawdown—provide
both visual and quantitative evidence of the
model’s robustness. These findings confirm that
integrating financial feature engineering with
advanced reinforcement learning techniques can
enhance trading automation, improve decision-
making under uncertainty, and enable adaptive
responses to evolving market conditions. Overall,
the work underscores the potential of DRL-based
trading systems in portfolio management and
sets a foundation for future extensions involving
multi-asset trading,
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