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ABSTRACT

Stock market prediction is a complex and
dynamic task influenced by multiple factors
such as economic indicators, market sentiment,
and global events. Traditional machine learning
models often struggle to capture long-term
dependencies and nonlinear relationships in
financial data. This project proposes a Hybrid
Artificial Intelligence approach that combines
Transformer models and Quantum-Inspired
Neural Networks (QINN) to improve stock
market prediction accuracy. Transformers,
known for their self-attention mechanism, are
highly effective 1in capturing temporal
dependencies and patterns in time-series data
such as stock prices. They analyze historical
trends and identify relationships across
different time intervals. On the other hand,
Quantum-Inspired Neural Networks leverage
principles from quantum computing, such as
superposition and probabilistic representation,
to model complex feature interactions and
enhance decision-making capabilities. By
integrating these two approaches, the system
aims to overcome the limitations of traditional
models and provide more accurate predictions.
The proposed hybrid model processes

historical stock data, extracts meaningful
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features, and applies deep learning techniques

to forecast future price movements.
Experimental results demonstrate improved
prediction accuracy, better generalization, and
enhanced performance compared to standalone
models. However, challenges such as
computational complexity and data volatility
remain. This research highlights the potential
of combining advanced Al techniques for
financial forecasting and provides a scalable

framework for intelligent stock market analysis.
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LINTRODUCTION

The stock market is a highly dynamic and

complex system influenced by numerous
factors such as economic conditions, political
events, investor sentiment, and global trends.
Predicting stock prices accurately is a
challenging task due to the nonlinear and
volatile nature of financial data. Traditional
statistical methods and basic machine learning

algorithms often fail to capture complex
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patterns and long-term dependencies present in
stock market data. As a result, there is a
growing need for advanced techniques that can
analyze large volumes of data and provide
more accurate  predictions. Artificial
Intelligence (AI) and deep learning have
emerged as powerful tools for financial
forecasting, offering improved performance

over conventional approaches.

Recent advancements in deep learning have

introduced models such as Transformers,
which have revolutionized sequence modeling
tasks.  Transformers use  self-attention
mechanisms to analyze relationships between
data points across time, making them highly
effective for time-series prediction problems
Unlike

like stock market forecasting.

traditional  recurrent  neural networks,
Transformers can process data in parallel and
capture  long-range  dependencies  more
efficiently. This makes them suitable for
analyzing historical stock prices and
identifying hidden trends. However, while
Transformers are powerful, they may still face
limitations

in modeling highly complex

probabilistic relationships in financial data.

To address these limitations, this project
introduces a hybrid approach that combines
Transformers with Quantum-Inspired Neural
Networks (QINN). Quantum-inspired models
utilize concepts such as superposition and

probabilistic states to represent complex data
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interactions more effectively. By integrating
these models with Transformers, the system
enhances its ability to capture both temporal
patterns and complex feature relationships. The
proposed hybrid system aims to improve
prediction accuracy, robustness, and
adaptability in stock market analysis. This
approach demonstrates the potential of
combining emerging Al technologies to solve
complex real-world problems in financial

forecasting.

II SURVEY OF RESEARCH

[1] The research by Ashish Vaswani et al.
(2017) introduced the Transformer architecture
for sequence modeling tasks. The methodology
is based on a self-attention mechanism that
captures relationships between elements in a
sequence without relying on recurrence. The
results demonstrated significant improvements
in tasks such as language translation and time-
series prediction. However, Transformers
require large datasets and high computational
power. This research forms the foundation for
applying Transformer models in stock market

prediction.

[2] The study by Yoshua Bengio et al. (2015)

explored deep learning techniques for

representation learning. The methodology

focuses on extracting hierarchical features from
complex datasets using neural networks. The

results showed improved performance in

various  domains, including  financial

Vol 26 Issue 04, April, 2026

Page 1815 of 1819



ISSN:2250-3676

International Journal of Engineering Science and Advanced Technology(IJESAT)

forecasting. However, deep learning models
often require extensive training data. This
research supports the use of deep learning in

stock market analysis.

[3] The research by John Preskill (2018)
discussed quantum computing concepts and
their applications in complex problem-solving.
introduces

The  methodology quantum

principles such as  superposition and
entanglement to process information more
efficiently. The results highlight the potential
of quantum-inspired models in solving
complex computational problems. However,
practical implementation remains challenging.

This research supports the use of quantum-

inspired neural networks in financial prediction.

[4] The study by Sepp Hochreiter and Jiirgen
Schmidhuber (1997) introduced Long Short-
Term Memory (LSTM) networks for sequence
modeling. The methodology uses memory cells
to capture long-term dependencies in time-
series data. The results demonstrated improved
performance over traditional RNNs. However,
LSTMs are computationally intensive and may
struggle with very long sequences. This

research provides a baseline for comparing

Transformer-based models.

[5] The research by lan Goodfellow et al.
(2014)
Networks (GANs) for data generation and

introduced Generative Adversarial

modeling. The methodology wuses two

competing networks to improve learning
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efficiency. The results showed high capability
in modeling complex distributions. However,
training instability is a major limitation. This
research highlights advanced deep learning
financial data

techniques applicable to

modeling.

[6] The study by Volodymyr Mnih et al. (2015)
explored reinforcement learning for decision-
making in dynamic environments. The
methodology combines neural networks with
reinforcement learning to optimize decisions
over time. The results showed significant
success in complex tasks. However, it requires
training and

extensive exploration.  This

research  supports the development of
intelligent trading strategies in stock market

systems.

III. WORKING METHODOLOGY

The proposed Hybrid Al system for stock

market prediction integrates Transformer

models and  Quantum-Inspired  Neural

Networks (QINN) to enhance forecasting

accuracy. The system begins with data
collection from stock market sources, including
historical price data such as open, close, high,
low values, and trading volume. Additional
features such as technical indicators (moving
averages, RSI, MACD) and market sentiment
data can also be included to improve prediction
performance. ~ The  collected data s
preprocessed by handling missing values,

normalizing features, and converting the time-
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series data into a structured format suitable for

model training. This preprocessing stage
ensures that the data is clean, consistent, and

ready for analysis.

In the next phase, the Transformer model is
applied to capture temporal dependencies and
patterns in the stock price data. The self-
attention mechanism of the Transformer allows
the model to focus on important time steps and
identify long-range relationships between data
points. This helps in understanding trends and
fluctuations in stock prices over time.
Simultaneously, the Quantum-Inspired Neural
Network processes the extracted features using
probabilistic  representations inspired by
quantum computing principles. QINN models
complex interactions between features,
enabling the system to capture nonlinear
relationships that traditional models may miss.
The outputs from both models are then
combined using a fusion layer to generate a

comprehensive representation of the data.

In the final stage, the hybrid model produces
predictions of future stock prices or market
trends (e.g., price increase or decrease). The
system is trained using historical data and
optimized using loss functions such as Mean
Squared Error (MSE). Model performance is
evaluated using metrics such as accuracy,
RMSE, and MAE. Once validated, the model
can be deployed for real-time prediction and

decision support. This methodology leverages
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the strengths of both Transformer and

quantum-inspired approaches, providing a
robust and scalable solution for stock market

forecasting.

IV RESULTS EXPLANATIONS

The above graph compares the performance of

different models used for stock market
prediction, including LSTM, Transformer, and
the proposed Hybrid Al model. The results
show that the Hybrid model achieves the
lowest error rates (RMSE and MAE) and
highest prediction accuracy. This improvement
is due to the combination of Transformer’s

ability to capture temporal dependencies and

the Quantum-Inspired Neural Network’s
capability to model complex nonlinear
relationships. ~ While = LSTM  performs

reasonably well, it struggles with long-term
dependencies, and standalone Transformers
may miss deeper feature interactions. The
hybrid approach effectively overcomes these

limitations, resulting in superior performance.
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This graph shows the comparison between
actual stock prices and the predicted values
generated by the hybrid model over a period of
time. The predicted curve closely follows the
actual price trend, indicating that the model is
capable of capturing market fluctuations
effectively. Minor deviations may occur due to
sudden market changes or external factors such
as economic events. However, the overall
alignment between predicted and actual values

demonstrates the reliability of the proposed

model in real-world scenarios.
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The above graph illustrates the reduction in

Prediction Accuracy (%)

prediction error achieved by the hybrid model
compared to traditional approaches. The results
show a significant decrease in error metrics
such as RMSE and MAE after applying the
hybrid approach. This indicates that the model
accurate and consistent

provides more

predictions. The reduction in error highlights
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the effectiveness of combining Transformer
and Quantum-Inspired Neural Networks,
making the system more robust for handling

complex financial data.

V. CONCLUSION

The proposed Hybrid AI model for stock
market prediction, combining Transformer

models and  Quantum-Inspired  Neural

Networks, = demonstrates a  significant
improvement in forecasting accuracy and
reliability. By leveraging the self-attention
mechanism of Transformers, the system

effectively captures long-term  temporal
dependencies in stock price data, while the
quantum-inspired component enhances the
model’s ability to represent complex nonlinear
relationships. The experimental results show
reduced prediction errors and improved
performance compared to traditional machine
learning and deep learning models such as
LSTM. This hybrid approach provides a robust
framework for handling the dynamic and
volatile nature of financial markets. Although
challenges such as computational complexity
and real-time adaptability remain, the proposed
system offers a scalable and efficient solution
for intelligent financial forecasting. Overall,
this work highlights the potential of integrating
advanced Al techniques to improve decision-
making in stock market analysis.
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