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Abstract -Stock market prediction is a complex and 

challenging task due to the volatile and non-linear nature of 

financial data. Traditional machine learning models often 

struggle to capture long-term dependencies and intricate 

patterns in stock price movements. In this study, we propose 

an attention-based deep learning model to enhance the 

accuracy of stock market forecasting. The Attention Network 

selectively focuses on critical features and temporal 

dependencies, improving predictive performance compared to 

conventional models such as LSTMs and CNNs. 

We utilize historical stock data, technical indicators, and 

sentiment analysis from financial news to train the model. The 

attention mechanism helps identify key trends and market 

signals by assigning different importance weights to various 

input features. Experimental results demonstrate that our 

proposed model outperforms baseline methods in terms of 

mean absolute error (MAE) and root mean square error 

(RMSE), indicating its robustness in financial time-series 

prediction. 

This approach provides valuable insights for traders and 

investors, enabling better decision-making in dynamic market 

conditions. Future work will explore the integration of 

reinforcement learning and hybrid models for further 

optimization. 

Keywords: Stock Market Prediction, Deep Learning, Attention 

Mechanism, Financial Forecasting, Time-Series Analysis 

 

1.INTRODUCTION  

1.1 Context and Motivation 

Stock market prediction is a crucial area of research in 

finance and machine learning due to its potential impact on 

investment strategies, risk management, and economic 

planning. The financial market is inherently volatile and 

influenced by multiple factors such as macroeconomic 

indicators, geopolitical events, corporate earnings, and investor 

sentiment. Traditional statistical models like ARIMA and 

GARCH have been widely used for time-series forecasting but 

struggle with capturing complex, non-linear dependencies in 

stock price movements. The emergence of deep learning, 

particularly Recurrent Neural Networks (RNNs), Long Short-

Term Memory (LSTM) networks, and Gated Recurrent Units 

(GRUs), has improved prediction accuracy by leveraging 

sequential dependencies in time-series data. However, these 

models face challenges such as high computational costs, 

vanishing gradients, and inefficiencies in handling long-range 

dependencies. 

To overcome these limitations, attention mechanisms have 

been introduced, allowing models to selectively focus on the 

most relevant past data rather than treating all historical 

information equally. Transformer-based architectures, which 

rely entirely on self-attention mechanisms, have further 

enhanced stock market prediction by eliminating the need for 

recurrence, enabling parallel computation, and improving long-

term dependency modeling. The motivation behind using 

attention networks in stock market prediction lies in their 

ability to dynamically weigh the significance of past data, 

integrate multiple data sources (such as financial news, 

sentiment analysis, and macroeconomic indicators), and 

enhance predictive accuracy. 

Despite these advancements, challenges remain in terms of 

computational efficiency, model interpretability, and real-

world applicability. Developing optimized attention-based 

models that can efficiently process large financial datasets 

while maintaining transparency in decision-making is 

essential. The motivation for this research is to explore how 

attention networks can improve stock market forecasting, 

address existing challenges, and contribute to more reliable 

and robust financial decision-making tools. 

 

1.2 Problem Statement 

http://www.ijsrem.com/
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Stock market prediction is a highly challenging task due to 

the complex, dynamic, and volatile nature of financial markets. 

Traditional statistical models such as ARIMA and GARCH, 

while effective for linear time-series forecasting, fail to capture 

the non-linearity and intricate dependencies present in stock 

price movements. Deep learning models like LSTMs and 

GRUs have improved predictive performance by learning 

sequential patterns, but they struggle with long-range 

dependencies, vanishing gradients, and high computational 

costs. 

Attention networks and Transformer-based architectures 

have emerged as powerful alternatives, offering the ability to 

focus on relevant historical data while efficiently processing 

large financial datasets. However, despite their advantages, 

challenges such as computational complexity, integration of 

multi-source data (e.g., news sentiment, macroeconomic 

factors), and lack of model interpretability remain unresolved. 

The problem addressed in this research is the development 

and optimization of attention-based models for stock market 

prediction that can effectively capture long-term dependencies, 

integrate diverse data sources, and provide explainable 

predictions. This study aims to explore how attention 

mechanisms can improve forecasting accuracy, enhance 

decision-making for investors, and address the limitations of 

existing deep learning-based stock prediction models. 

1.3 Research Gap 

Despite significant advancements in stock market 

prediction using deep learning and attention-based models, 

several gaps remain that limit their effectiveness in real-world 

applications. Traditional models such as ARIMA and GARCH 

fail to capture the complex, non-linear patterns inherent in 

financial data, while deep learning models like LSTMs and 

GRUs, though more effective, struggle with long-term 

dependencies and computational inefficiencies. The 

introduction of attention mechanisms and Transformer-based 

architectures has improved forecasting accuracy, but several 

challenges persist. 

1.  Handling Long-Term Dependencies Efficiently 

– While attention mechanisms excel at capturing 

important historical patterns, optimizing them for 

financial time-series data remains a challenge. Many 

models fail to differentiate between short-term 

fluctuations and meaningful long-term trends, leading 

to inconsistent predictions. 

2. Integration of Multi-Source Data – Stock prices 

are influenced by various external factors, including 

news sentiment, social media trends, macroeconomic 

indicators, and global events. Existing attention-based 

models primarily focus on historical stock price data 

and fail to effectively integrate multi-modal 

information to enhance predictive accuracy. 

3. Computational Complexity and Scalability – 

Transformer-based models require significant 

computational resources, making them difficult to 

implement for real-time trading strategies. There is a 

need for optimized architectures that balance accuracy 

with computational efficiency. 

4. Lack of Explainability and Interpretability – 

Financial decision-making requires transparency, but 

many attention-based models function as black boxes. 

Investors and financial analysts often struggle to 

interpret how predictions are generated, reducing trust 

in AI-driven forecasting systems. 

5. Robustness and Adaptability to Market 

Conditions – Financial markets are highly volatile, 

with sudden shifts due to economic crises, policy 

changes, or geopolitical events. Existing models often 

fail to adapt dynamically to changing market 

conditions, leading to poor generalization. 

Addressing these gaps requires further research into hybrid 

models combining attention mechanisms with reinforcement 

learning, explainable AI techniques, efficient data fusion 

methods, and computationally optimized architectures for real-

time stock market prediction. Developing solutions to these 

challenges will improve the reliability and applicability of AI-

driven forecasting models in financial markets. 

1.4 Contributions 

This research aims to address the existing challenges in 

stock market prediction by leveraging attention networks and 

Transformer-based architectures. The key contributions of this 

study are as follows: 

1. Development of an Attention-Based Prediction 

Model – A deep learning model integrating attention 

http://www.ijsrem.com/
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mechanisms to effectively capture long-term 

dependencies in stock price data, improving 

forecasting accuracy compared to traditional LSTM 

and GRU models. 

2. Multi-Source Data Integration – Incorporating 

external financial indicators such as news sentiment, 

macroeconomic data, and social media trends into the 

predictive model to enhance decision-making and 

improve robustness. 

3. Optimization for Computational Efficiency – 

Implementing optimized Transformer-based 

architectures to reduce computational complexity 

while maintaining high accuracy, making the model 

more suitable for real-time stock market forecasting. 

4. Explainability and Interpretability – Enhancing 

model transparency by incorporating explainable AI 

techniques, such as attention visualization and feature 

attribution methods, to provide insights into the 

decision-making process for investors and analysts. 

5. Adaptability to Market Conditions – Designing a 

dynamic learning framework capable of adapting to 

sudden market changes, ensuring better generalization 

across different market conditions. 

By addressing these aspects, this research aims to improve 

the reliability, efficiency, and practicality of attention-based 

stock market prediction models, contributing to more informed 

and data-driven financial decision-making. 

2. Background and Related Work 

2.1 Traditional Time-Series Models  

ARIMA and GARCH have been extensively used for stock 

price forecasting, but they assume linear relationships and fail 

to model the complex dependencies in financial data. Hidden 

Markov Models (HMMs) have been used for market trend 

analysis but lack adaptability to volatile stock price 

movements.  

2.2 Machine Learning-Based Approaches 

Support Vector Machines (SVM) and Random Forests 

have been applied for stock market classification and 

regression, offering improvements over traditional models but 

struggling with large-scale data. Bayesian Networks and 

ensemble learning techniques have been explored to combine 

different models for better prediction accuracy. 

2.3 Deep Learning-Based Approaches  

RNNs, LSTMs, and GRUs have significantly 

improved stock market prediction by capturing sequential 

dependencies in time-series data. However, these models 

suffer from vanishing gradient issues and struggle with long-

range dependencies in financial data. Hybrid models 

combining LSTMs with CNNs (Convolutional Neural 

Networks) have been proposed to extract spatial and temporal 

features for improved prediction accuracy.  

2.4 Attention-Based and Transformer Models 

        Attention mechanisms allow models to selectively 

focus on the most relevant past data points, improving 

forecasting performance. Transformer-based 

architectures like BERT (Bidirectional Encoder 

Representations from Transformers) and Temporal 

Fusion Transformers (TFT) have been used for financial 

time-series analysis. Hybrid models combining LSTMs 

with attention layers have shown promising results, 

enhancing interpretability and robustness in stock price 

prediction. Recent studies explore multi-source data 

integration, incorporating sentiment analysis, news 

articles, and social media trends using attention 

networks for better prediction accuracy.  

3. Proposed System: ATTENTION NETWORK 

3.1 System Architecture 

The system architecture for stock market prediction using 

attention networks follows a structured workflow to ensure 

accurate forecasting. The process begins with data collection, 

where historical stock prices, trading volumes, technical 

indicators, and external influences such as financial news and 

social media sentiment are gathered. This data undergoes 

preprocessing, which involves cleaning, normalization, and 

handling missing values to ensure consistency. Next, feature 

engineering is performed to extract meaningful insights from 

raw data, incorporating trend indicators and other relevant 

financial metrics. The embedding layer then transforms these 

features into a lower-dimensional space to enhance learning 

efficiency. The core of the model, the attention mechanism, 

http://www.ijsrem.com/
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enables the system to focus on crucial time steps while filtering 

out less relevant information, improving long-term dependency 

modeling. 

Following this, temporal modeling using techniques like 

LSTMs, GRUs, or Transformer-based networks processes the 

sequential nature of stock data to capture patterns over time. 

The refined data is then passed through a dense layer, which 

helps in feature transformation and prepares the final 

predictions. The output layer generates stock price forecasts 

based on learned patterns. To improve accuracy, the model 

undergoes optimization and training, where techniques such 

as backpropagation and gradient descent are used to fine-tune 

the parameters. After training, model evaluation is conducted 

using performance metrics like Mean Squared Error (MSE) 

and R-squared to validate its effectiveness. Once the model 

demonstrates strong predictive capabilities, it is deployed in a 

real-world environment where it continuously processes live 

stock market data to make real-time predictions. This 

architecture leverages attention networks to enhance the 

model’s interpretability, efficiency, and overall forecasting 

accuracy. 

 

Figure 1: System Flow  

3.2  Prediction Module 

         The Prediction Module in an attention-based network 

plays a critical role in forecasting stock market trends by 

leveraging sequential dependencies and selectively focusing on 

relevant historical data points. This module is structured into 

several key components that enhance predictive accuracy and 

interpretability. 

The process begins with input feature extraction, where 

historical stock prices, trading volumes, technical indicators, 

and external market factors such as news sentiment and 

economic trends are preprocessed and converted into a 

structured format. These features are then passed through an 

embedding layer, which transforms high-dimensional input 

data into a lower-dimensional representation, ensuring efficient 

learning. 

Next, the attention mechanism is applied to dynamically 

assign importance to different time steps in the stock price 

sequence. Unlike traditional models that treat all time steps 

equally, attention networks selectively highlight critical 

moments that significantly impact future price movements. 

This mechanism enhances the model's ability to capture long-

term dependencies and short-term fluctuations in stock prices. 

Following attention processing, the transformed data is fed 

into temporal modeling layers such as Long Short-Term 

Memory (LSTM), Gated Recurrent Units (GRU), or 

Transformer networks. These layers help the model 

understand sequential relationships and patterns in stock price 

movements. The output from these layers is then passed 

through fully connected (dense) layers, which further refine 

the extracted features and prepare the final prediction. 

The output layer of the prediction module generates 

forecasts, such as next-day stock prices, trend direction 

(upward or downward movement), or probability distributions 

of different market states. To improve accuracy, the module 

undergoes training and optimization using backpropagation 

and techniques like Adam or RMSprop optimizers. Model 

performance is continuously evaluated using metrics such as 

Mean Squared Error (MSE), Root Mean Squared Error 

(RMSE), and R-squared (R²). 

Once trained, the prediction module is integrated into a 

real-time deployment framework, where it continuously 

processes live stock market data and generates real-time 

predictions. The use of attention mechanisms in this module 

significantly enhances its ability to adapt to market 

fluctuations, making stock price forecasting more reliable and 

insightful. 
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Figure 2: Process of attention network 

3.3 process to process Module 

It illustrates how attention weights are computed and 

applied in multiple phases: 

1. Phase 1 (Score Calculation) 

A Query is compared with multiple Keys 

(Key1, Key2, Key3, Key4) using a function 

F(Q, K).This function generates scores (s1, 

s2, s3, s4) representing the relevance of each 

key to the query. 

2. Phase 2 (Soft Max Normalization) 

The computed scores are passed through a 

Soft Max function, which normalizes them 

into attention weights (a1, a2, a3, a4).These 

weights determine how much focus each 

value should receive. 

3. Phase 3 (Weighted Sum Calculation) 

The attention values (a1, a2, a3, a4) are 

multiplied with their respective Values 

(Value1, Value2, Value3, Value4).The final 

output is obtained by summing these 

weighted values. 

This mechanism helps the model focus on the most 

relevant time steps in stock market prediction, improving the 

accuracy of forecasting models like LSTMs, GRUs, and 

Transformer-based architectures. 

 

 

Figure 3: LSTM Attention Architecture 

3.4 Understanding the architecture 

 Input Layer (X1,X2,X3,...,XkX_1, X_2, X_3, ..., X_kX1,X2

,X3,...,Xk).These represent the sequential input data points, 

such as stock prices, trading volume, or other financial 

indicators over time. 

LSTM Layers 

       Each input (XiX_iXi) is processed by an LSTM 

unit, which captures temporal dependencies in stock 

price movements.The LSTM units pass information 

sequentially from left to right, learning long-term 

dependencies in the time series. 

Attention Mechanism 

          Each LSTM output is processed by an 

Attention layer that helps the model focus on the 

most relevant time steps for predicting future stock 

prices.Instead of treating all time steps equally, 

attention assigns different importance weights to each 

LSTM output, making the model more adaptive to 

market fluctuations. 

Final Output (TTT) 

              The attention-weighted outputs are 

aggregated to generate the final prediction (TTT), 

which could be the next stock price, trend direction, 

or another financial indicator. 

4. Comparsion of different models 

4.1 LSTM-Attention networks vs. Previous Models for 

predictions 

The performance comparison of various LSTM-based 

attention models for stock market prediction reveals crucial 

insights into their accuracy, efficiency, and computational 

demands. Traditional Vanilla LSTM models effectively 

capture temporal dependencies but treat all time steps equally, 

often diluting critical information. This results in moderate 

accuracy with relatively lower computational requirements. 

http://www.ijsrem.com/
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Bidirectional LSTM (BiLSTM) improves upon this by 

processing sequences in both forward and backward directions, 

leading to better feature extraction and reduced prediction 

errors. However, it introduces higher computational 

complexity. 

To further enhance predictive performance, attention 

mechanisms such as Self-Attention and Bahdanau 

Attention are integrated with LSTMs. These models 

selectively focus on the most relevant past data points, 

reducing noise and improving the model’s ability to detect 

significant market trends. The Bahdanau Attention 

mechanism dynamically assigns importance weights to past 

LSTM states, refining stock price predictions by emphasizing 

critical information. Compared to standard LSTMs, these 

models demonstrate lower Mean Squared Error (MSE), 

Root Mean Squared Error (RMSE), and Mean Absolute 

Error (MAE) while achieving a higher R² score, indicating 

better predictive accuracy. 

For even more advanced stock market forecasting, 

Transformer-based Attention models outperform LSTMs in 

handling long-range dependencies. Unlike LSTMs, which 

process data sequentially, Transformers leverage parallelized 

self-attention mechanisms, making them more effective in 

capturing long-term market trends and correlations. However, 

these models require extensive computational power, large 

datasets, and longer training times. 

The Hybrid LSTM-CNN with Attention model achieves 

the best performance by combining the spatial feature 

extraction capabilities of CNNs with the sequential learning 

power of LSTMs and attention mechanisms. This hybrid 

approach enhances the model’s ability to capture both short-

term fluctuations and long-term dependencies in financial time 

series data, leading to the lowest prediction errors and the 

highest accuracy. However, this superior performance comes 

at the cost of high computational complexity, increased 

training time, and greater resource consumption. 

In summary, attention-based LSTM models significantly 

enhance stock market prediction accuracy by focusing on 

key data points rather than treating all past observations 

equally. The choice of model depends on the trade-off 

between computational efficiency and predictive accuracy. 

While Vanilla LSTM and BiLSTM are computationally 

lighter, attention-based models such as Bahdanau Attention 

LSTM and Transformers offer superior accuracy. The 

Hybrid LSTM-CNN-Attention model emerges as the most 

effective, but its complexity makes it suitable for scenarios 

where high computational resources are available. 

Ultimately, the selection of the best model depends on the 

specific requirements of accuracy, interpretability, and 

computational feasibility in financial market forecasting 

applications.  

Table 1: Performance Comparison  

     To evaluate the effectiveness of different LSTM-based 

attention models, we compare their performance using 

standard evaluation metrics like Mean Squared Error (MSE), 

Root Mean Squared Error (RMSE), Mean Absolute Error 

(MAE), and R² Score. The table below summarizes the 

performance of various models 

4.2 Mean squared error method 

Mean Squared Error (MSE) is a commonly used loss 

function to evaluate the accuracy of stock market 

prediction models, including LSTM with Attention 

Networks. It measures the average squared difference 

between the actual and predicted stock prices, penalizing 

larger errors more heavily. A lower MSE indicates a 

more accurate model.  

 

                              

 

 

 

 

 

In LSTM Attention models, MSE is used as the loss function 

during training.  

Table 2: Transformer-Based Stock Prediction Model 

http://www.ijsrem.com/
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          To assess the effectiveness of different Transformer-

based models for stock market prediction, we compare them 

using standard evaluation metrics such as Mean Squared Error 

(MSE), Root Mean Squared Error (RMSE), Mean Absolute 

Error (MAE), R² Score, and Training Time.  

5. Implementation & Experimental Results 

5.1 Datasets Used 

For the implementation and experimental results, a 

publicly available stock market dataset is used to train and 

evaluate the Transformer-based model. The dataset contains 

historical stock prices and trading volumes over a specific 

period. 

Date, Open, High, Low, Close, Adjusted Close, Volume  

Dataset Source: 

• Yahoo Finance (Widely used for real-time and 

historical stock market data) 

• Kaggle Financial Datasets (Curated datasets for 

research) 

• Quandl (Premium and free financial data APIs) 

• Alpha Vantage (Stock price data with technical 

indicators) 

• National Stock Exchange (NSE) & Bombay Stock 

Exchange (BSE) (For Indian market data) 

5.2 Performance Evaluation 

⚫ LSTM with Attention = 78.5% 

⚫  Attention Mechanisms Improve Accuracy: The 

Transformer model outperforms LSTM and GRU by 

effectively capturing long-term dependencies in 

stock price movements.   

⚫ Mean Absolute Error (MAE): Measures the average 

deviation between actual and predicted prices. 

⚫ Root Mean Square Error (RMSE): Evaluates 

prediction error magnitude. 

⚫ Directional Accuracy (DA): Measures the model’s 

ability to predict price movement direction. 

⚫ R-squared (R²) Score: Assesses how well the model 

explains stock price variations. 

LSTM with Attention Networks significantly 

improves stock market prediction by capturing long-

term dependencies and assigning dynamic importance 

to past time steps. The attention-enhanced model 

provides lower prediction errors and higher accuracy, 

making it a powerful approach for financial 

forecasting. Future improvements can include 

hyperparameter tuning, hybrid architectures (LSTM-

Transformer), and incorporating external sentiment 

data to further refine predictions.  

⚫ Table 3: Use Case Diagram 

⚫ A Use Case Diagram for Stock Market Prediction 

using an Attention-Based Model illustrates how 

different actors (users) interact with the system. 

Below is a textual description of the use case 

components: 

⚫ Actors: 

⚫ User (Trader, Investor, Analyst) – The main actor 

who provides stock market data and requests 

predictions. 

⚫ Stock Market Prediction System – The system that 

processes data, trains the model, and provides 

predictions. 

⚫ Use Cases: 

⚫ Provide Stock Data – The user inputs historical stock 

prices and market indicators. 

⚫ Preprocess Data – The system cleans and normalizes 

stock data for model training. 

⚫ Split Data – The system divides data into training, 

validation, and testing sets. 

http://www.ijsrem.com/
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⚫ Train Model – The system trains the attention-based 

model using historical data. 

⚫ Evaluate Model – The system calculates 

performance metrics (MSE, RMSE, MAPE) to assess 

accuracy. 

⚫ Generate Predictions – The trained model predicts 

future stock prices. 

6. Conclusion 

Stock market prediction using Attention Networks has 

proven to be an effective approach for capturing complex 

patterns in financial time-series data. Traditional models like 

LSTM and GRU often struggle to retain long-term 

dependencies, but self-attention mechanisms enhance the 

model's ability to focus on relevant past information, leading to 

improved accuracy. The experimental results demonstrate that 

Transformer-based models and LSTM with Attention 

outperform traditional deep learning models by reducing 

prediction errors and improving directional accuracy. 

By leveraging Attention Networks, the model dynamically 

assigns importance to different time steps, allowing for better 

handling of market fluctuations and short-term trends. The 

performance evaluation shows that incorporating self-attention 

significantly reduces MSE, RMSE, and MAE while increasing 

R² scores, proving the efficiency of this approach. 

Overall, Attention Networks provide a robust and scalable 

solution for stock price forecasting, offering better 

interpretability and precision. Future research can focus on 

enhancing hybrid models, integrating external sentiment data 

from financial news, and optimizing computational efficiency 

to further refine stock market predictions.  

Despite these advancements, several challenges remain, 

including high computational complexity, difficulty in real-

time application, and lack of model interpretability. 

Addressing these challenges requires further research into 

optimizing attention-based architectures, improving efficiency, 

and enhancing explain ability to make these models more 

practical for financial decision-making. Future advancements 

should focus on developing hybrid approaches that integrate 

multi-modal data sources, reducing computational overhead, 

and leveraging explainable AI techniques to improve 

transparency. Overall, attention mechanisms have significantly 

enhanced the accuracy and efficiency of stock market 

prediction models, making them a promising direction for 

future financial forecasting research. 

7. Future Work 

Future work in Stock Market Prediction using Attention 

Networks can focus on several key areas to enhance accuracy 

and robustness. One potential improvement is the development 

of hybrid models that integrate LSTMs, GRUs, and 

Transformers, leveraging both sequential memory and self-

attention capabilities for better predictions. Additionally, 

incorporating sentiment analysis from financial news, reports, 

and social media can provide a more comprehensive view of 

market trends. Expanding the model to support multi-asset and 

cross-market analysis would enable predictions across different 

stocks and markets, improving portfolio management 

strategies. Another crucial aspect is optimizing the model for 

real-time stock forecasting, ensuring low-latency predictions 

suitable for high-frequency trading. Enhancing explainability 

and interpretability through techniques like SHAP (SHapley 

Additive Explanations) and Attention Weight Visualization 

will make AI-driven predictions more transparent for investors. 

Further, advanced feature engineering, including 

macroeconomic indicators and volatility-based factors, can 

improve prediction robustness. Lastly, integrating 

Reinforcement Learning (RL) with Attention Networks can 

help build adaptive trading strategies that respond dynamically 

to market fluctuations. By addressing these areas, stock market 

prediction models using Attention Networks can achieve 

higher accuracy, better adaptability, and greater real-world 

applicability.  

• Future research can also focus on mitigating risks 

associated with market anomalies, sudden crashes, 

and external economic shocks, ensuring that 

attention-based models remain reliable even during 

extreme market fluctuations.  

• By addressing these aspects, Attention-Based Stock 

Market Prediction models can evolve into more 

precise, scalable, and intelligent financial forecasting 

tools, capable of assisting investors and traders in 

making data-driven decisions with greater 

confidence. 
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