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Abstract—This project presents an Al-powered autonomous financial decision-making and portfolio-
optimization system using reinforcement learning (RL). The system is designed to analyse dynamic market
conditions, learn optimal investment strategies, and make real-time portfolio adjustments to maximise
returns while minimising risk. By leveraging historical financial data and market indicators, the RL agent
continuously interacts with the environment and improves its decision-making through reward-based
learning. The model incorporates risk-management techniques, diversification strategies, and adaptive
asset allocation to respond to market volatility and uncertainty, and advanced algorithms such as Deep Q-
Networks (DON) and policy-gradient methods including Proximal Policy Optimization (PPO) are utilised
to enhance prediction accuracy and investment performance. The proposed system aims to reduce human
bias, increase efficiency, and provide scalable, data-driven financial solutions. The prototype is
implemented in Python using PyTorch or TensorFlow for the RL models, NumPy and pandas for data
processing, and Streamlit for an interactive user interface in which users can train models, visualise
portfolio performance, and compare RL-based strategies against classical baselines such as buy-and-hold
and mean-variance optimisation. The system was validated through functional test cases covering data
loading, preprocessing, DON training, PPO training, evaluation, and Ul interaction, all of which passed.
The work demonstrates the potential of reinforcement learning in building intelligent, automated systems

for robust portfolio management in complex financial markets.

Keywords—Reinforcement Learning; Portfolio Optimization; Deep Q-Network; Proximal Policy
Optimization; Sharpe Ratio; Autonomous Trading,; Risk-Adjusted Returns, Streamlit.

I. INTRODUCTION

The rapid growth of financial markets, coupled with increasing data complexity, has made traditional
investment strategies less effective in handling dynamic and uncertain environments. In recent years,
Artificial Intelligence has emerged as a powerful tool for transforming financial decision-making by
enabling systems to analyse large volumes of data, detect patterns, and make intelligent predictions. Among
various Al techniques, Reinforcement Learning has gained significant attention due to its ability to learn

optimal strategies through continuous interaction with the environment.
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This project develops an Al-powered autonomous financial decision-making and portfolio-
optimization system that leverages reinforcement learning to enhance investment performance. Unlike
conventional approaches that rely heavily on static models or human expertise, the system dynamically
adapts to changing market conditions by learning from historical data and real-time feedback. The RL agent
observes market indicators such as price movements, volatility, and technical signals, and makes decisions
to allocate assets in a way that maximises returns while controlling risk. The system integrates advanced
RL algorithms such as Deep Q-Networks and Proximal Policy Optimization to model both discrete and
continuous investment strategies, and incorporates risk-aware mechanisms such as diversification and
reward functions based on performance metrics like the Sharpe ratio, ensuring balanced and stable portfolio
growth.

The system is designed with scalability and practical usability in mind. Through an interactive interface,
users can visualise market data, train models, and evaluate portfolio performance against traditional
benchmarks. The specific objectives are listed below:

e Develop a reinforcement-learning model that learns from historical market data and adapts to
changing conditions.

e Implement advanced algorithms such as DQN and PPO for efficient decision-making.
e Optimise portfolio allocation by balancing risk and return using metrics such as the Sharpe ratio.
e Reduce human intervention and bias through automation.

e Compare RL-based strategies with traditional methods such as buy-and-hold and mean-variance

optimisation.

II. LITERATURE SURVEY

The application of Artificial Intelligence in finance has evolved significantly over the past decade, with
Reinforcement Learning emerging as a powerful approach for portfolio optimisation and automated trading.
Early work in portfolio theory, particularly the model introduced by Harry Markowitz, laid the foundation
for risk-return optimisation using mean-variance analysis; while effective, this approach assumes static
market behaviour and fails to adapt to real-time changes, making it less suitable for dynamic financial
environments. To address these limitations, researchers began exploring machine-learning techniques.
Supervised-learning models, including regression and neural networks, have been widely used for stock-
price prediction, but they rely on labelled data and are not inherently designed for sequential decision-
making, which is crucial in portfolio management.

The introduction of Reinforcement Learning, inspired by the work of Sutton and Barto, marked a
significant shift: RL allows an agent to interact with the environment, learn from rewards, and improve its
strategy over time, which is well suited to financial applications where decisions are sequential and
outcomes are uncertain. Recent studies have applied advanced RL algorithms such as Deep Q-Networks
and Proximal Policy Optimization to portfolio management. DQN, introduced by Mnih et al., combines Q-
learning with deep neural networks to handle high-dimensional state spaces and has shown promising
results in discrete portfolio-allocation scenarios. PPO, developed by Schulman et al., offers stable and

efficient policy optimisation for continuous action spaces, making it suitable for dynamic asset allocation.
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Several research works have demonstrated that RL-based models can outperform traditional strategies such

as buy-and-hold and equal-weight portfolios, especially in volatile markets, by utilising financial indicators

such as RSI, MACD, and volatility measures. Despite these advancements, challenges remain, including

overfitting, lack of interpretability, high computational requirements, and inadequate modelling of real-

world constraints such as transaction costs, liquidity, and market impact.

TABLE I. SUMMARY OF REPRESENTATIVE PRIOR WORK

S.No Author / Year Methodology Contribution / Note
1 | Markowitz, 1952 Mean-variance optimisation | Foundational risk-return
framework
2 | Sutton & Barto, RL textbook (2nd ed.) Foundations of RL
2018
3 | Mnih et al., 2015 Deep Q-Network Human-level control via DRL
4 | Schulman et al., Proximal Policy Optimization | Stable policy-gradient method
2017
5 | Jianget al., 2017 DRL for portfolio RL-based portfolio strategies
management
6 | Géron, 2019 ML/DL with Practical implementation
sklearn/Keras/TF reference

1. EXISTING SYSTEM AND PROPOSED SYSTEM

A. Existing System

Traditional portfolio-management systems rely on static financial models and human decision-making.

Common approaches include mean-variance optimisation, equal-weight allocation, and buy-and-hold

strategies. While these methods offer reasonable performance in stable environments, they do not adapt

effectively to dynamic market changes, depend heavily on assumptions that may not hold in practice, and

are subject to human bias and emotional errors. They also typically ignore sequential decision-making and

real-time feedback.

Limitations of the existing system:

Lack of adaptability: cannot respond effectively to dynamic markets.

Reliance on static assumptions and human expertise.

Subject to human bias and emotional errors.

Limited use of sequential decision-making and real-time feedback.

Difficulty capturing high-dimensional market state.

B. Proposed System
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The proposed system introduces an Al-driven autonomous portfolio-optimisation framework using
Reinforcement Learning. It continuously learns from market data and updates investment strategies
dynamically, simulates a portfolio environment, generates optimal asset-allocation strategies, evaluates
performance using financial metrics, and provides visualisation of portfolios and results through an
interactive interface. DQN handles discrete allocation decisions, PPO handles continuous decisions, and a
Sharpe-ratio-based reward encourages risk-adjusted returns.

Key features and advantages:
e Adaptive RL agent that learns from dynamic markets.
e Combines DQN and PPO for discrete and continuous allocation.
e Sharpe-ratio reward balances return and risk.
e Reduces human bias and emotional errors.
e Interactive Streamlit Ul for training and visualisation.

e Comparable to and often better than buy-and-hold or mean-variance baselines.

IV. SYSTEM DESIGN AND METHODOLOGY

A. Requirements

Functionally, the system must simulate a portfolio environment, generate optimal asset-allocation
strategies, evaluate performance using financial metrics, and provide visualisation of portfolios and results.
Non-functional requirements include performance (efficient training and real-time decision-making),
scalability (handling multiple assets and large datasets), usability (a Streamlit-based UI), reliability
(accurate and consistent output), and security (safe handling of financial data). Technical feasibility relies
on proven technologies such as Python, Streamlit, and RL frameworks, the availability of financial datasets
and ML libraries, and moderate computational resources; the use of open-source tools and libraries keeps
the system economically feasible, and the interactive UI supports operational adoption by users with basic
financial knowledge.

B. System Architecture

The architecture is modular. A data layer collects historical and current market data, computes financial
indicators, and prepares state representations. An environment layer simulates portfolio interactions,
defines state transitions, executes actions (asset reallocations), and computes rewards. An agent layer hosts
the DQN and PPO models that learn the policy. An evaluation layer compares the trained agents against
classical strategies using financial metrics, and a presentation layer (Streamlit) provides the interactive

interface where users load data, train models, visualise portfolios, and compare results.
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SYSTEM ARCHITECTURE
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C. Reward and Training

The reward function is based on the risk-adjusted return—typically the Sharpe ratio—so the agent
learns strategies that maximise return relative to risk rather than raw return alone. Environment classes
handle state transitions and reward calculations, and the agents are trained over multiple episodes until
performance stabilises. The trained agents are then evaluated on held-out data and compared with classical
baselines (buy-and-hold, mean-variance optimisation, equal-weight) to demonstrate the benefit of RL-
based strategies in volatile markets.

V. SYSTEM IMPLEMENTATION
A. Technology Stack

TABLE II. TECHNOLOGY STACK

Component Technology / Tool
Programming Language Python
Data Processing NumPy, pandas
Deep-Learning Framework PyTorch / TensorFlow
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Component Technology / Tool
Algorithms Deep Q-Network (DQN), Proximal Policy Optimization (PPO)
Reward Metric Sharpe ratio (risk-adjusted return)

User Interface Streamlit (interactive dashboard)

Indicators (state) Price movements, volatility, RSI, MACD

Baselines Buy-and-hold, mean-variance optimisation, equal weight

B. Implementation Details

The implementation is developed in Python. NumPy and pandas perform data processing, and PyTorch
or TensorFlow provides the neural-network back-end for DQN and PPO. The environment simulates
portfolio dynamics: each step the agent observes the current market state (prices, indicators), takes an action
(reallocation), and receives a Sharpe-ratio-based reward. The DQN agent learns a value function over a
discrete action space, while the PPO agent learns a policy over a continuous action space, suitable for fine-
grained portfolio weights. Training runs over multiple episodes; the resulting policies are saved and
evaluated on held-out data.

C. User Interface and Evaluation

The Streamlit application provides an interactive dashboard for loading market data, configuring
training, monitoring learning progress, and visualising portfolio performance. Users can compare the RL-
based strategies with classical benchmarks and inspect key metrics such as cumulative return, drawdown,
volatility, and the Sharpe ratio. The modular implementation makes it easy to extend the system with new
assets, indicators, or RL algorithms.

VI. SYSTEM TESTING AND RESULTS

The system was validated through six functional test cases covering data loading, preprocessing, DQN
training, PPO training, model evaluation, and Ul interaction. All test cases passed and behaved as expected,
confirming that the data pipeline, RL training loops, evaluation logic, and Streamlit interface operate

correctly end-to-end.

TABLE III. FUNCTIONAL TEST CASES

Vol 26 Issue 06, June 2026

ID Description Input Expected Output Status
TCO1 | Load market data Stock symbols, date range | Data loaded successfully Pass
TCO02 | Preprocess data Raw dataset Clean & normalised data Pass
TCO3 | Train DQN model | Training data Model learns & updates Pass
TCO04 | Train PPO model Training data Stable policy learning Pass
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ID Description Input Expected Output Status
TCO5 | Evaluate model Test dataset Performance metrics generated Pass
TCO06 | Ul interaction User inputs Results displayed correctly Pass

A. Observed Results

The implemented system trains DQN and PPO agents on historical market data, simulates portfolio
interactions, and evaluates performance using risk-adjusted metrics. Compared with classical strategies
such as buy-and-hold and mean-variance optimisation, the RL-based strategies adapt to changing market
conditions and balance return against volatility through the Sharpe-ratio-based reward. The Streamlit
dashboard presents portfolio curves and key metrics for inspection. The source describes these outcomes
qualitatively; no specific numeric returns are claimed here, and real-world performance depends on data
quality, transaction costs, liquidity, and market regime.

Representative screenshots from the prototype implementation:

I1ll Market Data

Tickers (comma-separated) () Startdate End date

AAPL,MSFT,GOOGL,AMZN,NVDA 2019/01/01 2024/12/31

Train / test split (fraction for training)

Load market data above to continue.

Fig. 1. Data loading and preprocessing.
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@ Train Agent

Training data: 1207 days x 5 assets. Training runs on CPU; each configuration is kept small enough to fit comfortably in a demo while still producing a working policy.
@ €3 PPO

Deep Q-Network
Discrete action space over pre-defined target portfolios (all-cash, equal-weight, per-asset concentrated, defensive
Episodes Learning rate Epsilon decay steps

30 B | —— 10000 24

Fig. 2. Training progress (DON / PPO).

@& Portfolio

Agent to evaluate

© DpoN

DQN — out-of-sample performance

61.55% 56.21% 1.82 -14.07%
30.86% 2.28 3199 $161,552

Fig. 4. Streamlit dashboard and metrics.

VII. CONCLUSION AND FUTURE SCOPE

The Al-Powered Autonomous Financial Decision-Making and Portfolio Optimisation System
successfully demonstrates the application of Reinforcement Learning in solving complex financial
problems. By integrating advanced algorithms such as Deep Q-Network and Proximal Policy Optimization,
the system learns optimal investment strategies through continuous interaction with dynamic market
environments. Unlike traditional portfolio-management techniques, the proposed system adapts to changing
market conditions in real time, supporting improved decision-making and risk management, and effectively
utilises financial indicators, reward-based learning, and portfolio simulation to maximise returns while
minimising volatility. The comparison with classical strategies such as buy-and-hold and mean-variance
optimisation highlights the effectiveness of the RL-based approach, and the Python/Streamlit
implementation provides a user-friendly and interactive platform for training models, visualising portfolio
performance, and analysing results. The modular architecture supports scalability, flexibility, and ease of
integration with real-world financial systems, reducing human bias, improving efficiency, and enabling

data-driven decision-making.
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Future enhancements include integration with real-time financial-data APIs; inclusion of transaction
costs, liquidity, and market constraints; use of advanced deep-learning models such as Transformers and
LSTM for richer state representations; deployment as a web or cloud-based financial-advisory system; and
explainable-Al techniques for better transparency in decisions. Stronger risk controls, walk-forward
evaluation, and rigorous benchmarking against multiple market regimes are also important directions before
production use.
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