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This research investigates the effectiveness of five advanced deep learning models—

Qs io" | LSTM, Bi-LSTM, CNN-LSTM, GRU, and CNN-GRU—in forecasting stock prices. By

leveraging historical stock data from Yahoo Finance, we implement and evaluate each
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DoI was measured by varying the number of epochs, Our findings show that while all models

offer valuable predictive power, hybrid architectures such as CNN-GRU outperform
others in terms of accuracy and generalization. This comprehensive evaluation can guide

. future research and practical deployment of deep learning techniques in financial
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1. INTRODUCTION

Prediction of stock prices has been an important area of research for a long
time. While supporters of the efficient market hypothesis believe that it is
impossible to predict stock prices accurately, there are formal propositions
demonstrating that accurate modeling and designing of appropriate variables may
lead to models using which stock prices and stock price movement patterns can be
very accurately predicted. The rise of deep learning has provided powerful tools
capable of modeling these complexities. This paper compares five deep learning
models: LSTM, Bi-LSTM, CNN-LSTM, GRU, and CNN-GRU in predicting Google stock
prices. In this research, a novel architecture is proposed through which stock
forecasting is integrated with the current Deep Neural Network algorithms such as
LSTM, GRU and Bi-LSTM and hybrid models i.e. CNN-LSTM and CNN-GRU using the
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A Comparative Study of Deep Learning Models for Stock Price Prediction

public historical data to promote our analysis. The performance of all the models
were compared by varying different parameters. Finally, through a systematic
study, the best performance was achieved utilizing the Bi-LSTM.

2. RELATED WORK

Numerous studies have leveraged machine learning for financial forecasting.
Traditional methods like ARIMA and SVM have been replaced by RNN-based models
due to their superior ability to capture temporal dependencies. LSTM has gained
popularity for its long memory capabilities. Recent research has explored hybrid
models like CNN-LSTM and CNN-GRU to incorporate both spatial and sequential
patterns, offering promising results. Recent advancements in financial time series
forecasting have shown the promising role of deep learning. Kumar et al. (2020)
used LSTM for predicting stock movements and found a significant improvement
over traditional machine learning techniques. Zhang et al. (2019) applied a Bi-LSTM
model and demonstrated that bidirectional context helps in better capturing
temporal dependencies. Another work by Chen et al. (2021) proposed a CNN-LSTM
hybrid model that combined convolutional feature extraction with LSTM sequence
learning, outperforming pure LSTM in most test cases. Furthermore, a study by Li
and Zhang (2022) introduced a CNN-GRU model which achieved lower error rates
and better generalization due to its hybrid structure. The LSTM model is proposed
in many research to forecast stock prices, LSTM is an RNN architecture used in
Natural Language Processing (NLP). The results showed that the more parameters
and epochs it gets, the better performance it gives. These studies form the
foundation and motivation for the comparative analysis conducted in this paper.

3. METHODOLOGY
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Figure 1 Proposed Architecture Flow Diagram

3.1. HISTORICAL DATA COLLECTION AND PREPROCESSING

The data is collected from the yahoo finance which is publicly available. To
conduct this experiment, Google stock market data of 10 years is used . The format
of the input data is numeric. The data consist of everyday’s opening value, high
value, low value, closing value and volume of the stock to predict future data. Google
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colaboratory is used with GPU, windows 11 OS, and 8 GB RAM as a simulation
environment in our research. The data was normalized using MinMaxScaler.

3.2. FEATURE ENGINEERING

Technical indicators such as SMA-50, SMA-200, and RSI were added to enrich
the dataset. These indicators provide insights into trends and market strength.

3.3. TRAINING AND LAYERED ARCHITECTURE OF MODELS

LSTM: The model consists of an initial LSTM layer with 100 units, followed by
a second LSTM layer with 50 units. Both layers employ L2 regularization (A=0.001)
and are followed by dropout layers (rate=0.3) to prevent overfitting. A fully
connected Dense layer with 25 neurons and ReLU activation precedes the final
output layer, which is a single neuron for regression output.

Bi-LSTM: A Bidirectional LSTM (Bi-LSTM) model was constructed to capture
both past and future temporal dependencies in stock price sequences. The
architecture includes two stacked Bi-LSTM layers with 100 and 50 units,
respectively. L2 regularization (A=0.001) is applied to both layers to mitigate
overfitting. Dropout layers with a rate of 0.3 follow each recurrent layer for further
regularization. A Dense layer with 25 neurons and ReLU activation precedes the
output layer, which contains a single neuron for regression prediction.

CNN-LSTM: A hybrid CNN-LSTM model was employed to enhance the temporal
feature extraction for stock price prediction. The model begins with a 1D
convolutional layer comprising 64 filters with a kernel size of 3 and ReLU activation.
This is followed by two LSTM layers with 100 and 50 units respectively, both using
L2 regularization (A=0.001). Dropout layers with a 0.3 rate are inserted after each
LSTM to prevent overfitting. A Dense layer with 25 neurons and ReLU activation
processes the extracted features, followed by a final output layer with a single
neuron for regression

GRU: We implemented a deep learning model based on the Gated Recurrent
Unit (GRU) architecture for stock price forecasting. The model comprises two
stacked GRU layers with 100 and 50 units respectively. Both layers use L2
regularization (A=0.001) and are followed by dropout layers (rate=0.3) to reduce
overfitting. A dense layer with 25 ReLU-activated neurons processes the recurrent
features, and a final output layer with a single neuron performs the regression
prediction.

CNN-GRU: A CNN-GRU hybrid model was developed to leverage both spatial
and sequential feature learning for stock price prediction. The architecture begins
with a 1D convolutional layer with 64 filters (kernel size = 3) and ReLU activation.
This is followed by two stacked GRU layers with 100 and 50 units respectively, each
incorporating L2 regularization (A=0.001) to reduce overfitting. Dropout layers
(rate = 0.3) are added after each GRU layer to enhance generalization. A fully
connected Dense layer with 25 ReLU-activated units precedes the final output layer,
which contains a single neuron for regression output

3.4. EVALUATION MATRICES

RMSE: Root mean squared error (RMSE) is the square root of the mean of the
square of all of the errors. RMSE is considered an excellent general-purpose error
metric for numerical predictions. Here, the original value, and predicted value are
denoted by yi and yi respectively, and n represents the total amount of data.
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MSE: Mean squared error (MSE) is a metric used to measure the average
squared difference between the predicted values and the actual values in the
dataset. It is calculated by taking the average of the squared residuals, where the
residual is the difference between predicted value and the actual value for each data
point.

R2: A statistical measure in a regression model that determines the proportion
of variance in the dependent variable that can be explained by the independent
variable. In other words, r-squared shows how well the data fit the regression
model.
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4. RESULT ANALYSIS

After proper scaling, training, and testing between the real data, and predicted
data, we observed different types of RMSE, MSE, R2 by using different epochs for the
output prediction. After analysing these different epochs for proposed models, it
was came to realize that the training epochs should be chosen in the best way to
train the model. Here Table 1 it can be seen that GRU model has lower RMSE of 5.941
than LSTM, CNN-GRU, CNN-LSTM and Bi-LSTM model.

Table 1
Table 1 Comparison of RMSE Between Different Models

Epochs LSTM Bi-LSTM CNN-LSTM GRU CNN-GRU
10 8.603 15.87 9.757 11.894 11.855
25 13.336  11.479 16.217 5.941 6.148
50 6.511 13.592 13.592 8.661 7.192
70 7.803 6.335 14.225 8.77 9.681

[tis found that Bi-LSTM with 70 epochs, GRU with 25 epochs and CNN-GRU with
25 epochs has the highest R2 value, which is clearly mentioned in Table 2 and Table
3 represents the MSE of the models in which GRU has the lowest than others.

Table 2
Table 2 Comparison of R2 Between Different Models
Epochs LSTM Bi-LSTM CNN-LSTM GRU CNN-GRU
10 0.83 0.46 0.79 0.67 0.67
25 0.59 0.72 0.39 0.91 0.91
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Table 3
Table 3 Comparison of MSE Between Different Models

Epochs LSTM Bi-LSTM CNN-LSTM GRU CNN-GRU

25 177.86  131.77 263.01 35.3 37.8

70 60.897  40.132 202.36 76.917 93.72

From the above comparison tables it can be noted that GRU has lowest RMSE
and highest R2 score than others and in Table 4, which is accuracy table, Bi-LSTM
has the highest accuracy with 70 epochs.

Table 4

Table 4 Comparison of Accuracy Between Different Models

Epochs LSTM Bi-LSTM CNN-LSTM GRU CNN-GRU

25 75.05 94.32 66.38 93.06 91.76

70 91.92 95.23 68.33 95.22 94.78

The figures mentioned below represents the graph between actual and
predicted stock price of Google. The graph consist of test data which provide the
visual understanding of accuracy between different models with different epochs.

Figure 2
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Figure 2 Output prediction for 10 epochs by LSTM model
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Figure 3 Output Prediction for 25 Epochs by LSTM Model

Figure 4
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Figure 4 Output Prediction for 50 Epochs by LSTM Model
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Figure 5 Output Prediction for 70 Epochs by LSTM Model
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Figure 6 Output Prediction for 10 Epochs by Bi-LSTM Model
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Figure 7
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Figure 7 Output Prediction for 25 Epochs by Bi-LSTM Model
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Figure 8 Output Prediction for 50 Epochs by Bi-LSTM Model
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Figure 9 Output Prediction for 70 Epochs by Bi-LSTM Model

Figure 10
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Figure 10 Output Prediction for 10 Epochs by CNN-LSTM Model
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Figure 11
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Figure 11 Output Prediction for 25 Epochs by CNN-LSTM Model
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Figure 12 Output Prediction for 50 Epochs by CNN-LSTM Model

Figure 13
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Figure 13 Output Prediction for 70 Epochs by CNN-LSTM Model
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Figure 14 Output Prediction for 10 Epochs by GRU Model
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Figure 15
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Figure 15 Output Prediction for 25 Epochs by GRU Model
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Actual vs Pradicted Prices

Apr 2023 102023 ot 2023 3an 2004 apr 2024 i 2024 oct 2024
Date

Figure 16 Output Prediction for 50 Epochs by GRU Model
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Figure 17 Output Prediction for 70 Epochs by GRU Model
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Figure 18 Output Prediction for 10 Epochs by CNN-GRU Model
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Figure 19
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Figure 19 Output Prediction for 25 Epochs by CNN-GRU Model

Figure 20
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Figure 20 Output Prediction for 50 Epochs by CNN-GRU Model

Figure 21

Actual vs Predicted Prices

Apr 2023 ul 2023 et 2023 Jan 2024 Apr 2024 ul 2024 0 2024

Date

Figure 21 Output Prediction for 70 Epochs by CNN-GRU Model

After performing a lot of training analyses and comparison among different
evaluation measures it is noted that in the LSTM model, we achieved the best result
for 50 epochs Figure 4, further in Bi-LSTM the best result is achieved for 70 epochs
Figure 9 whereas in CNN-LSTM hybrid model the best result is achieved for 10
epochs Figure 10. In GRU and CNN-GRU the best results are achieved for 25 epochs

Figure 15 & Figure 19.
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5. CONCLUSION

This study presents a comprehensive comparative analysis of five deep learning
models-LSTM, Bi-LSTM, CNN-LSTM, GRU, and CNN-GRU, for stock price prediction
using historical Google stock data. Each model was evaluated using key regression
metrics including RMSE, MSE, and R? across multiple epochs. Our experimental
results reveal that while all models demonstrate significant predictive capabilities,
the GRU model with 25 epochs consistently achieved the lowest RMSE (5.941) and
MSE (35.30), alongside a high R? score (0.91). The CNN-GRU hybrid model also
performed competitively, balancing both spatial and sequential learning
mechanisms. Interestingly, the Bi-LSTM model delivered the highest prediction
accuracy (95.23%) at 70 epochs, indicating its strength in capturing bidirectional
temporal dependencies.
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