Received: 2026-02-17 T
Accepted: 2026-06-30 Journal of Recent Innovations in

Published Online: 2026-07-20 Computer Science and Technology
DOI: 10.70454/JRICST.2026.30301  E-ISSN: 3050-7030, P-ISSN: 3050-7022

JRICST

Stock former: A Transformer-Based Profit-Driven Model
for Financial Time-Series Forecasting in the Indian Stock
Market

Ranjit Choudhary

Assistant Professor, Amity Institute of Information Technology, Amity University, Patna

*Corresponding Author. ranjeet2005it@gmail.com

This IS an open-access article distributed under the terms of the Creative Commons

Attribution 4.0 International License, which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work § properly cited.

Abstract

This research presents Stock former, a Transformer-based deep learning model for financial time-
series forecasting in the Indian stock market. Using hourly data from the top five NIFTY Bank
stocks such as HDFC Bank, ICICI Bank, SBI, Kodak Bank, and Axis Bank, the model leverages
the self-attention mechanism to capture temporal and inter-stock dependencies [3]. A Granger
Causality test is employed to identify the most influential stock before training. The architecture
integrates 1D-CNN feature extraction, Transformer encoding, and a profit-oriented Stock Tan
Loss function to directly optimize trading performance. Results indicate improved predictive
accuracy and robust trading signals, offering a scalable and interpretable framework for Al-driven
financial forecasting.

Keywords: Stock former, Transformer, Financial Time-Series Forecasting, NIFTY Bank, Deep
Learning, Granger Causality, Profit Optimization, Al in Finance, Self-Attention, Algorithmic
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1.0 Introduction

To most people, the stock market seems like chaos. Prices fly up and down, and it feels
impossible to predict what will happen next. For a long time, the common wisdom was that you
couldn't beat the market because all known information is already reflected in a stock’s current
price [1]. We tackle the challenge of stock for casting head-on by using the Trans former
Architecture , are evolutionary deep learning model .Early Al models for this task often failed
because they couldn't properly understand the concept to of time—they could see a snapshot but
not the story. The Transformer, however, was built to understand sequences. Its" attention
mechanism™ lets it look at an entire price history at once , making it in credibly fast and giving
it a perfect long-term memory.

Our model, the™ Stock former, "is a custom Transformer designed for the Indian stock market. It's
built on a powerful idea: stocks in the same industry don't move in a vacuum. The up and downs
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of a bank like ICICI can give us clues about what HDFC might do next. So, instead of looking at
just one stock, our model takes a Multivariate Approach. It analyzes the recent price movements of
a whole group of to p Indian banks to predict the future of asking target stock .Our objective is
to build a model that doesn't just predict a price, but learn sag genuinely profit able trading
strategy.

2.0Related Work

Our research stands on the shoulders of giants .The quest to predict markets has moved from
reading charts by hand to building so phisticated Al, and our work is a part of that evolution.

Traditionally, you had two ways to analyze a stock: Fundamental Analysis and Technical
analysis. While useful, these methods struggle with the sheer volume and complexity of modern
market data. Modern research has focused on using machine learning to do this heavy lifting.

The first big leap in this area came with models like Long Short-Term Memory (LSTM)
networks. Researchers like Fischer and Krauss(2018)showed that LSTMs could be used to
create profit able trading strategies, proving that Al could find an edge [1].Others combined
ConvolutionalNeuralNetworks(CNNs)withLSTMs(Luetal.,2020),usingtheCNNtospot ~ short-
term patterns and the LSTM to understand the sequence [2].But even these models had a
problem that they processed data one step at a time, making them slow and prone of or
getting things that happened in the distant past.

The game changed completely when varietals were. (2017) published their paper," Attention Is
All You Need," introducing the Transformer [3]. It was a smash hit in language translation, and
researchers quickly realized it was perfect for time-series data too. The Transformer’s ability
to process an entire sequence in parallel and model long-range connections was exactly what
financial for e casting needed. More recent work , like the™ Informer”(Zhouetal. 2021) and
the "Temporal Fusion Transformer”(Limetal. 2021), has proposed even more efficient versions
for forecasting [4]. Our research takes this powerful Transformer concept and applies it to the
unique environment of the Indian stock market. What make sour approach specialist hat web
end this state-of-the-art Al with a classic, statistically- sound method. We first use a Granger
Causality test to scientifically determine the most predictable stock in a group before we even
start training our model. This hybrid approach, combining statistic a rigor with deep learning
power, is the core of our contribution.

3.0Methodology

Our methodology is a step-by-step pipeline that takes us from raw messy data all the way to
at rained, intelligent trading model. We've broken it down into the core components as
required.

3.1 Dataset Description

Our project uses real-world financial data sourced from Yahoo Finance via they finance Python
library. We focused on a group of highly correlated stocks, the top 5 constituents of India's NIFTY
Bank index (HDFC Bank, ICICI Bank, SBI, Kotak Bank, and Axis Bank).
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Finding the Trendsetter.

Source: Yaho ofinan ce

Samples: We collected hourly data for the maximum available period of 730days,
resulting in thousands of time-step samples.
Features: For each stock, we collected the Open and Close price for every hour.

Preprocessing: The raw prices were not used directly. We performed crucial preprocessing
step by calculating the intra-hour log returns for each stock using the formula below. This
normalizes the data, putting all banks on the same scale, and focuses the model on the
percentage change with in each hour—a much richer signal for an intraday model.

3.1Block Diagram Workflow

The diagram below illustrates our entire data preparation pipe line, from the initial download
to the final structured data sets ready for the model.

Ay,
Q Data Collection Data Preprocessing
I —

O Causality Analysis  |— | Target Selection
-

"

Data Sequencing Data Split

R —

Fig.1: The project's data preparation workflow.

4.0Proposed Model

Our proposed model is the™" Stock former," a custom-built Transformer architecture designed
in PyTorch. —attention mechanis mis the oretically superior for financial data, allowing it
to captures ubtle, long-ranged ependencies that older models like LSTMs would miss. For
example, it can learn how as specific pattern of volatility in
themorningacrossmultiplestocksmightinfluenceasinglestock'strendintheafternoon.

The architecture, shown in Fig. 2, is a sequence of specialized layers. The input data, a window
of the last 60 hours of returns for all 5banks, first passes through alD-CNN layer that acts as
a feature scanner, identifying short-term patterns. This richer data is then time-stamped with
Positional Encoding before entering the main Transformer Encoder.

Here, multi —head self-attention weighs the importance of every data point against every other,
learning the complex inter-stock and time-based relationships. Finally Linear Layer collapses
this information into asking lenumerical output that the predicted return for our target stock
in the next hour.
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Fig.2: The high-level architecture of the Stock former model.
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Fig.3: Using the Encode layer part for Model Architecture, referencing copied from

4.1 Mathematical Model

The most unique part of our project is how wet rain the model. Instead of using a standard
regression metric like Mean Squared Error, we designed our objective function to directly
optimize for profit .Our custom loss function, the Stock Tang Loss, is defined as:

Loss=t)_ tanh (y"t)xyt

Where:
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4.1.1 Isthe actual log return of the target stock at time.
4.1.2 s the model' predictions for that same time.
4.1.3 The function squashes the model' south puttee value between-
land1.This acts a sour trading signal: a value of+1 means" invest 100%
of our port folio long,"-1means"invest
100%short,"andavalueof0.3means"invest30%long."

By placing a negative sign in front, minimizing this loss is mathematically equivalent to
Maximizing the total profit of this simulated trading strategy over the training batch.

4.2 Training Algorithm

The following algorithm outlines the step-by-step process of our entire project work flow, from
data preparation to the final model evaluation.

Algorithm: The Stock former Project Work flow

Require: List of Tick T, Data Period P ,Data Interval, Max Lag L, sequence Length S Ensure:
A trained Stock former model and its performance evaluation.

1://----Data Preparation 1l

2: Download hourly' Open ‘and' Close ‘data for all tickers in T for period and interval.

3: Calculate intra-hour log returns for each ticker: Rt=In(Closet/Open).
4:for each pair of tickers(Ti, Tj)inTdo

5: Computer Granger Causal it yp-value with max lag L.

6: end for

7: Sum p-values for each ticker; select the ticker with the minimum sum as target_ stock.
8: Create sequence s of lengths from the log return data for all tickers.

9: Split the sequenced data into training, validation, and test sets.

10: // ---- Model Training  //

11:Initialize the Stock former model and the A dam optimizer.

12:Initialize the Reduce LR On Plateau learning rate scheduler.

13: for each epoch from 1 to num_ epochs do

14: for each batch(X,y)in the training data loader do

15: Make a prediction: y*=Stock
former(X).

16: Calculate profit-based loss: L=—) tanh(y")xy.

17: Perform back propagation and update model weights.

18: end for
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19: Calculate validation loss and update the learning rate scheduler.

20: end for
21://----Evaluation //

22: Evaluate the final model on the unseentestset.
23: Calculate and plot the cumulative Return on Investment (ROI).

24: return trained model performance metrics.

5.0 Discussion & Result

The proposed Stock former model demonstrates the effectiveness of Transformer-based
architectures in financial time-series forecasting [4]. By utilizing the self-attention mechanism,
the model captures both temporal dependencies and cross-stock relationships among NIFTY
Bank constituents — HDFC Bank, ICICI Bank, SBI, Kotak Bank, and Axis Bank. Unlike LSTM
and CNN models that process data sequentially [2], Stock former analyzes all time steps in
parallel, improving learning efficiency and long-term dependency modeling.

The integration of the Granger Causality test ensures the selection of the most predictive target
stock, while the profit-oriented Stock Tan h Loss aligns model optimization with actual trading
performance rather than minimizing prediction error.

Experimental results show that Stock former achieved 83.5% directional accuracy and 22.7%
cumulative ROI, outperforming LSTM (72.4%, 12.5%) and CNN-LSTM (75.8%, 16.3%). The
Transformer baseline achieved 19.1% ROI, validating that the proposed enhancements improve
both profitability and stability. Thus, Stock former provides a scalable, interpretable, and profit-
driven forecasting framework, making it highly suitable for Al-assisted trading and financial
policy modeling.

This experimental results confirm that Stock former achieves higher accuracy (83.5%), greater
stability, and better return on investment (22.7% cumulative ROI) compared to LSTM, CNN-
LSTM, and standard Transformer models. These outcomes highlight the model’s capacity to learn
meaningful dependencies and generate actionable trading insights.

Table 1: Model Performance Comparison

Mean
Model Architecture | Evaluation | Accuracy | Absolute | Cumulative Remarks
Type Metric (%) Error ROI (%)
(MAE)
Recurrent Directional Captures
LSTM Neural 724 0.046 125 short-term
Accuracy
Network trends only
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6.0 Conclusion
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This research presents Stock former, a novel Transformer-based deep learning framework for
financial time-series forecasting in the Indian stock market [4]. The model effectively addresses
the limitations of traditional approaches such as LSTM and CNN [1] [2], which struggle with
long-term dependencies and sequential data processing. By employing the self-attention
mechanism, Stock former captures both temporal patterns and inter-stock relationships across
multiple NIFTY Bank constituents—HDFC Bank, ICICI Bank, SBI, Kodak Bank, and Axis
Bank—offering a more holistic view of market dynamics.

The integration of the Granger Causality test ensures that the model focuses on the most
statistically predictive stock, while the introduction of the Stock Tanh Loss function shifts the
learning objective from minimizing prediction error to maximizing trading profitability. This
combination allows the model to align theoretical accuracy with real-world financial
performance.

The Stock former model successfully integrates Transformer architecture, Granger causality, and
a profit-based loss function to improve financial time-series forecasting. By capturing long-term
and cross-stock dependencies, it delivers higher accuracy and trading profitability than traditional
models. This approach establishes a scalable, interpretable, and data-driven frame work for Al-
powered stock prediction and algorithmic trading in the Indian market.
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