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Abstract. This study investigates the use of hybrid
neural networks for modeling financial systems to
address the challenges of market complexity and
nonlinear behavior where conventional methods fail. The
study uses financial closing price data from three
different datasets covering the period from 2010 to 2024.
The first dataset includes BBVA, Banorte, Inbursa, the
Mexican Stock Exchange (BMV); the second includes
ALFA, GAPB, Kimberly-Clark, Inbursa; and the third
includes ALSEA, CEMEX, GCC, Grupo CARSO. The
hybrid models were built using multilayer perceptrons
(MLP), recurrent neural networks (RNN), long term
memory networks (LSTM) and transformer architectures
in both standard and variational autoencoder
configurations. The results show that these networks
successfully capture complex patterns, provide accurate
predictions, improve generalization and reduce errors,
highlighting the potential of hybrid deep learning models
for financial time series prediction.

Keywords. Hybrid neural networks, financial modeling,
market forecasting, TensorFlow, autoencoder.

1 Introduction

The financial system is a key component of the
global economy. It enables the flow of resources
and the allocation of capital across markets and
institutions. Financial modeling is critical in this
process, offering tools for forecasting and market
analysis that support strategic decision-making in
economic and financial sectors.

However, traditional financial models face
significant challenges in capturing the complexity
and non-linear behavior of financial markets.
These models often struggle to predict unexpected
events or identify intricate patterns, revealing the
need for more advanced and reliable
approaches [1].

This paper introduces several hybrid neural
networks that offer significant improvements in
financial modeling. By integrating elements of
traditional neural network architectures, these
models can process large datasets and adapt to
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various market conditions with high accuracy. The
main contributions of this study are:

1. The implementation of hybrid architectures for
financial system modeling.

2. An evaluation of these architectures to identify
the best-performing network in terms of
generalization.

3. A reduction in the number of training
parameters across the models.

The theoretical framework and state-of-the-art
section describe the components of traditional
neural networks used in the proposed hybrid
models. It also provides context by reviewing other
approaches to financial system modeling. The
hybrid model's structure and mathematical
operation are explained in detail. Additionally, the
databases and variables employed in the study are
thoroughly described. Lastly, the training process
and performance of the hybrid models are
discussed, with results presented in tables that
highlight their effectiveness in predicting financial
system behavior.

2 Background and State of the Art

The financial system consists of institutions and
markets that create and manage monetary
instruments to promote economic growth. These
institutions channel unused financial resources
into productive investments, playing a key role in
driving economic development [2].

A critical element of financial systems is the use
of stock market indices. A stock index is a
standardized indicator used to measure the
performance of a group of assets. These indices
can represent a narrow or broad range of assets
and can be tailored to reflect various types of
securities, such as stocks, bonds, or other
instruments [3].

In Mexico, the main stock market benchmark is
the Index of Prices and Quotations (IPC). The IPC
provides a summary of the stock market's
performance during each trading session on the
Mexican Stock Exchange (BMV), offering valuable
insights into market trends [4].

Understanding a country’s stock market index is
essential when investing funds, as it helps evaluate
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the performance of a portfolio. Comparing a
portfolio's performance with a relevant index allows
investors to assess its success and identify long-
term investment opportunities. The index,
calculated based on the prices of its constituent
shares, reflects the overall performance of the
market [4].

One widely used technique in financial
forecasting is the Autoregressive Integrated
Moving Average (ARIMA) model. This model is
designed for predicting future values in time series
data. It combines autoregressive, moving average,
and differencing components to capture trends and
cyclical patterns in the data. Unlike methods that
rely on artificial intelligence, ARIMA provides a
robust approach for time series analysis based
purely on statistical principles [5].

Techniques such as Support Vector Machines
(SVM) and the Random Forest (RF) algorithm, as
explored in the work of [14], have proven effective
in identifying patterns and trends in market data.
These methods are especially valuable for their
ability to process large datasets and their
resistance to overfitting. This is critical for stock
price forecasting, as they provide more accurate
results than traditional methods. With these
techniques, investors can make better-informed
decisions and optimize their portfolios, particularly
during times of economic uncertainty.

Neural networks have also become increasingly
important in the financial sector. These systems
consist of interconnected units that adapt by
mimicking the behavior of biological nervous
systems [6]. Deep learning, in particular, has
shown great potential for predicting time series,
such as in cryptocurrency trading. Architectures
like Convolutional Neural Networks (CNN) and
Long Short-Term Memory (LSTM) networks have
been used to enhance prediction accuracy in these
scenarios [7].

Convolutional Neural Networks (CNNs) are
highly effective for processing data with a lattice
structure, such as images. As mentioned in [8],
convolutional layers are designed to extract key
features, making CNNs ideal for tasks involving
visual pattern recognition. Additionally, dense or
fully connected layers play a crucial role in the final
stages of a neural network. In these layers, each
neuron connects to all neurons in the previous



layer, enabling the complete integration of features
extracted earlier in the network.

Long Short-Term Memory (LSTM) networks, on
the other hand, excel at modeling long-term
dependencies in sequential data, such as financial
time series. Unlike conventional Recurrent Neural
Networks (RNNs), LSTMs are better at capturing
these dependencies, making them particularly
suited for complex and dynamic analyses [9].

Another promising technique is the use of
autoencoders (AE), which are designed to learn
compact and efficient representations of input
data. Autoencoders reduce dimensionality while
preserving essential information. Variational
Autoencoders (VAE) go a step further by
generating continuous distributions in the latent
space. This allows for sampling new points,
creating new data samples, and exploring the
latent space more effectively [10, 11].

Hybrid networks, which combine linear and non-
linear approaches as well as different neural
network  architectures, provide  enhanced
predictive capabilities. A common method involves
using exponential smoothing to model the linear
components of a time series, while neural networks
capture the non-linear aspects. This combination
leverages the strengths of both techniques, making
it especially effective for financial forecasting [6].

Convolutional Recurrent Neural Networks
(CRNN) are hybrid deep learning models that
combine the strengths of Convolutional Neural
Networks (CNN) and Recurrent Neural Networks
(RNN). As highlighted in [12], their main advantage
lies in their ability to automatically learn complex
patterns and capture both linear and non-linear
dependencies in data. These models do not rely on
prior domain knowledge and instead leverage the
richness of the training data. This capability can be
efficiently implemented using high-level
programming frameworks like TensorFlow and
PyTorch, especially when paired with graphics
processing units (GPUSs) [13].

In this context, the work of [15] uses CNNs as
the foundation for building a hybrid network. This
model is enhanced with a self-attention (SA)
mechanism and a new gated unit (NGU) to predict
the closing price of silver, which is known for its
high volatility and non-linearity. The study
concludes that hybrid neural networks, such as the
CNN-SA-NGU, significantly improve feature
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extraction and prediction accuracy compared to
traditional models.

In [17], a hybrid neural network model called
CNN-STLSTM-AM is presented, which combines a
CNN with a special Tanh long-term memory
(STLSTM) and an attention mechanism (AM) and
concludes that this hybrid model significantly
improves the prediction accuracy compared to
other traditional methods and simple neural
network models such as support vector regression
(SVR) and LSTM.

[16] in turn compares different hybrid
approaches, in particular combinations of CNN,
LSTM, gated recurrent units (GRU) and bi-
directional short and long term memory (Bi-
directional LSTM), whose results indicate that
these hybrid neural networks achieve better stock
market prediction performance compared to
simpler models, suggesting that the combination of
different network types can better capture the
complex non-linear relationships and temporal
dynamics in financial data.

In a similar vein, the HYyRNN network, proposed
in [18], combines architectures such as GRU,
LSTM, and Bi-LSTM for stock market prediction.
This model integrates financial data with sentiment
analysis from financial news, demonstrating that
incorporating multiple features  significantly
enhances the model's predictive performance
compared to other deep learning approaches. This
highlights the ability of hybrid neural networks to
effectively capture the complexity and non-linear
behavior of market movements.

Additionally, the study in [19] confirms the
benefits of integrating diverse variables, such as
sentiment data from social networks and earnings
conference reports, into hybrid models. For
instance, combining LSTM networks with the
Generalized Autoregressive Conditional
Heteroskedasticity (GARCH) model has shown
notable improvements in prediction accuracy.

Hybrid networks are particularly powerful
because they combine the strengths of different
neural network types. For example, a CNN can
extract visual features from an image, which an
LSTM network can then process to capture
temporal dependencies in a video. This approach
has proven highly effective for tackling complex
tasks, including financial forecasting [8, 9].
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The study in [20] presents a hybrid model
combining CNN and LSTM networks for financial
time series prediction. Using stock index data from
four Asian markets—Shanghai, Japan, Singapore,
and Indonesia—the research concludes that the
multivariate  CNN-LSTM  model outperforms
standalone CNN and LSTM models in both
accuracy and efficiency. This is demonstrated by a
lower root mean square error (RMSE) value. The
findings suggest that integrating relationships
between variables into a prediction model
significantly enhances the ability to forecast
parallel movements in interrelated financial
variables, making it a valuable tool for investors.

Similarly, [21] introduces a model that combines
Gated Recurrent Units (GRU) and Convolutional
Neural Networks (CNN) to improve short-term
electricity demand forecasting. GRUs process
sequential data and capture long-term
dependencies, while CNNs handle high-
dimensional spatio-temporal data, extracting key
features from smart sensors. This hybrid approach
achieves higher accuracy than traditional models
such as BPNN, standalone GRU, and CNN, as
measured by metrics like MAPE and RMSE. The
method is particularly effective for managing large
datasets in power distribution systems, improving
prediction accuracy by efficiently
handling complexity.

In [22], a hybrid model combining convolutional
neural networks (CNN) and long-term memory
networks (LSTM) is presented to predict the Bitcoin
price. The CNN (which extracts spatial patterns in
the data) processes relevant features from
transaction data, while the LSTM (a network that
captures temporal dependencies in data
sequences) uses these features to predict the
short-term price. This approach improves accuracy
compared to traditional models such as BP, CNN
or individual LSTMs and performs better on metrics
such as MAE (mean absolute error), RMSE (root
mean square error) and MAPE (mean absolute
percentage error).

The study in [23] proposes a hybrid CNN-LSTM
multiscale model for short-term electricity load
forecasting, incorporating real-time electricity
prices. The CNN extracts features at different
scales from key variables such as historical load,
prices, and weather conditions, capturing both
local details and global trends. These extracted
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features are then combined into a vector that
integrates both continuous and discontinuous
aspects of the data. Finally, the LSTM network
processes temporal dependencies to improve
prediction accuracy, outperforming traditional
models like ARIMA and Support Vector Machines.

Similarly, [24] presents a hybrid CNN-LSTM
model for predicting stock market index trends
using multi-scale feature learning. In this approach,
the CNN extracts short-, medium-, and long-term
daily price patterns, while the LSTM networks
capture temporal dependencies at each time scale.
Fully connected layers then combine these learned
features to generate the final prediction. By
integrating different time frames into a single
optimized forecast, this multi-scale method
improves accuracy compared to conventional
models such as SVMs, standalone CNNs, and
simple LSTMs.

In [25], a hybrid CNN-LSTM model for domain
name generation is presented to improve
algorithmically generated domain recognition
(AGD). The CNN extracts relevant features from
domain names, while the LSTM network captures
sequential dependencies and maintains the
consistency of the generated sequences. The
domain names generated by the model are difficult
to distinguish from legitimate names, as only 10%
of them have been recognized as AGD by existing
recognition systems, showing the limitations of
current methods and their potential to improve
computer security.

The use of hybrid neural networks CNN-LSTM-
RNN represents an unexplored method in a case
study such as our country's stock market index,
which, like IPC, could improve the prediction of
financial time series. Its ability to capture both
spatial patterns and temporal dependencies in the
data makes it superior to conventional approaches,
and its implementation can provide investors with
an accurate and efficient tool for analyzing
complex and volatile markets.

Recent advances in hybrid neural networks for
stock market index prediction continue to show
promising results. In [26], a hybrid model that
combines LSTM and GNN is presented and shows
superior performance in predicting stock prices by
effectively integrating temporal patterns and
relationships between stocks.



In addition, researchers are exploring the
benefits of integrating signal decomposition
techniques such as Empirical Mode
Decomposition (EMD) with deep learning models
[27]. EMD decomposes complex financial signals
into simpler intrinsic mode functions, allowing the
model to learn patterns associated with different
frequency components, which can lead to more
accurate predictions. The EMD-TI-LSTM model,
which combines EMD, technical indicators (T1) and
LSTM, has shown better performance than the
conventional LSTM model and other state-of-the-
art methods on a variety of financial datasets.

The inclusion of attention mechanisms in [29],
such as, which introduces GRU-enhanced
attention in a CNN-LSTM framework, has been
shown to improve prediction accuracy by
dynamically focusing on relevant time steps [28].

Moreover, the LSTM-mTrans-MLP model
presented in [30], a hybrid ensemble of LSTM, a
modified transformer and MLP, has demonstrated
exceptional prediction capabilities in various
financial datasets.

Another significant hybrid model is that of [31],
which presents a CLT (CNN-LSTM-Transformer)
inspired by the DeepONet architecture, combining
a transformer for feature encoding, a one-
dimensional convolutional neural network (1D
CNN) for local feature extraction, and an LSTM for
capturing temporal dynamics. The transformer is
responsible for identifying important features in the
financial data, the CNN extracts local patterns
within these features, and the LSTM models the
temporal evolution of these patterns. This
combination of techniques enables a more
comprehensive analysis of financial data, taking
into account different aspects of its complexity.

The combination of [32] is the hybrid CNN-
Transformer model proposed for forecasting stock
price movements. This model has shown improved
accuracy in intraday stock price prediction by
effectively modeling both short-term and long-term
dependencies. The CNN processes the input time
series to identify relevant local patterns, and these
extracted features are fed to the transformer, which
models the long-term dependencies and performs
the final prediction of the stock price movement.
Experimental results suggest that this hybrid
approach can outperform standalone models and
traditional methods in financial forecasting.
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In addition, the combination of transformers with
GRUs for predicting cryptocurrency prices was
investigated in [33]. In these models, the
transformer is used to capture long-term patterns
in the cryptocurrency market data, while the GRU
models sequential trends and short-term
fluctuations, important features of this highly
volatile market. The ability of the Transformer to
learn general market trends and longer cycles,
combined with the GRU's sensitivity to immediate
price movements and volatility, results in a hybrid
model that is able to account for the dynamic
nature of cryptocurrencies.

Although the focus of this report is on financial
forecasting, it is worth noting that in [34]
transformer-based models, including Temporal
Fusion Transformers (TFTs), have been
successful in forecasting retail demand. This area
has similarities with financial forecasting as both
involve analyzing time series to predict future
values. The superior performance of transformers
in retail demand forecasting highlights their
potential and versatility in analyzing sequential
data in different areas.

[35] shows that the integration of sentiment
analysis with hybrid models such as RNN-LSTM
improves prediction accuracy by incorporating
market sentiment from news articles.

In addition, [36] found significant improvements
in capturing both short-term and long-term market
dynamics by combining technical indicators with
hybrid deep learning models such as LSTM-CNN.

In [37] Ensemble models such as ARMA-
CNNLSTM, which combine linear and nonlinear
modeling techniques, have also achieved
improved prediction accuracy and robustness.

In [38], the CNN-CBAM-LSTM model is
presented, which incorporates a convolution block
attention module and enables improved prediction
of stock returns by effectively evaluating long- and
short-term information.

In addition, a hybrid model integrating CNN and
Bi-LSTM was used in [39] to evaluate the impact of
news events and sentiments on the prediction of
stock trends.

Finally, in [40], the application of a hybrid ANN-
LSTM model has shown better prediction accuracy
than standalone ANN, LSTM and physically
informed neural networks.
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Fig. 1. Architecture of hybrid models

When forecasting financial time series, the
increasing prevalence of hybrid deep learning
models is striking [41]. By strategically combining
different neural network architectures, integrating
external data and using advanced techniques such
as signal decomposition and ensemble learning,
these models push the limits of prediction accuracy
and provide valuable tools for investors and
financial institutions to cope with the complexity of
modern financial markets.

3 Design of the Hybrid Model

Our hybrid neural network models take a matrix as
input, which is transformed into a smaller space
through the first convolutional layer of the encoder.
A second convolution further reduces the
dimensionality, and finally, the data is vectorized.

This approach is applied to three of the
proposed models, as we incorporate elements of
the AutoEncoder architecture for data input and
dimensionality reduction.

Fig. 1 |llustrates the three proposed
architectures at the output stage (after
vectorization), where we employ Multi-Layer
Perceptron (MLP), Recurrent Neural Networks
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(RNN), Long Short-Term Memory (LSTM), and
Transformer for prediction.

Equations (1), (2), (3), and (4) describe the
results of the hybrid networks proposed in Fig 1,
as follows:

a; = Wy - (Ws - Flatten(W, X (Wy * X)) + bs) + by, (1)

where a, is the output of the convolutional encoder
with MLP, X is the input of the network W; and W,
are the weights of the first and second
convolutional layers, respectively, Flatten is the
vectorization operation, W; is the weight of the first
dense layer, b5 is its bias, W5 is the weight of the
output layer, and b, is its bias.

ay = W, - (LSTM, - (LSTM, - Flat(W, x (W; x X)))),  (2)

where a, is the output of the convolutional encoder
with LSTM, X is the network input, W; and W, are
the weights of the convolutional layers, Flat means
Flatten and it is the vectorization operation, LSTM,
and LSTM,are the first and second long short-term
memory layers, W, is the weight of the output layer,
and b,is its bias.

az; =W, - (RNN, - (RNN; - Flatten(W, x (W; 3)
X X))))+bo,

where a5 is the output of the convolutional encoder
with RNN, X is the network input, W; and W, are
the weights of the convolutional layers, Flatten is
the vectorization operation, RNN; and RNN, are
the first and second recurrent network layers, W, is
the weight of the output layer, and b,is its bias.

a, =W, - (Transformer - Flatten(W, x (W; X )
X)))+b,,

where a, is the output of the convolutional encoder
with Transformer encoder, X is the network input,
W, and W, are the weights of the convolutional
layers, Flatten is the vectorization operation,
Transformer is the transformer encoder , W, is the
weight of the output layer, and b,is its bias.

The error &. of the above architectures is
defined by Equation (5) as follows:



PN

‘,\"-

Fig. 2. Architecture of hybrid models with variational part

& = %(ak - t)?, 5)

where ¢, represents the network error, aj is the
network output, and t is the target value.

Fig. 2 illustrates the three proposed
architectures that incorporate elements of the
variational autoencoder (VAE) architecture. This
approach involves adding a mean and a standard
deviation to the models described above, creating
a latent space with the required dimensionality. In
the output layer (after vectorization), we use the
same architectures: Multi-Layer Perceptron (MLP),
Recurrent Neural Networks (RNN), Long Short-
Term Memory (LSTM), and Transformer.

Equations (6), (7), (8), (9), and (10) describe the
outputs of the hybrid networks proposed in Fig. 2,
as follows:

X, = Flatten(W, x (W; x X)) + b3),

1 (6)
2= (W, ()b, +exp (5 W - (X2)+b,)).

where X is the lattice input, W; and W, are the
weights of the first and second convolutional
layers, respectively.

Flatten is the vectorization operation, W and b,
are the weights and bias of the latent space
transformation, and z represents the latent space.
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as =W, - (W5 -2) + b3) + b, (7)

where ag is the output of the variational encoder
with MLP, z is the latent space, W; is the weight of
the dense layer, b5 is the bias of the dense layer,
W, is the weight of the output layer, and b, is the
bias of the output layer.

ag = W, - (LSTM, - (LSTM, - 2)) + b,, ®)

where a¢ is the output of the variational encoder
with LSTM, zis the latent space, LSTM, and LSTM,
are the first and second layers of long short-term
memory, W, is the weight of the output layer, and
b, is the bias of the output layer.

a; =W, - (RNN, - (RNN; - 2)) + by, (9)

where a, is the output of the variational encoder
with RNN, z is the latent space, RNN; and RNN,
are the first and second recurrent network layers,
W, is the weight of the output layer, and b, is the
bias of the output layer.

ag = W, - (Transformer z)+b,, (10)

where ag is the output of the convolutional encoder
with Transformer encoder, z is the latent space,
Transformer is the transformer encoder , W, is the
weight of the output layer, and b,is its bias.

The error of the above architectures, g, is
defined by Equation (11) as follows:

=t s LS (e i), )

where ¢, is the network error, a; is the network
output, ¢, is the network target, z is the output of a
dense network, and B is a
regularization coefficient.

The metric used to evaluate the accuracy of all
proposed prediction models is the root mean
square error (RMSE), defined by Equation (12):

RMSE = %z (ax — t)?, (12)

where n is the number of observations, ay is the
predicted value, and tj is the true value.

Computacion y Sistemas, Vol. 29, No. 4, 2025, pp. 2283-2297

doi: 10.13053/CyS-29-4-6120



ISSN 2007-9737

2290 Christopher Gonzalez Linares, Rubén Belmont Zuriiga, et al.

Table 1. Summary of the variables of the first database

Var Samples Mean Std. Des. Min Max
Close Banorte 3566 98.16 31.40 37.95 189.17
Close BBVA 3566 127.68 27.41 54.70 244.83
Close BMV 3566 32.06 7.15 15.48 51.95
Close Inbursa 3566 30.15 7.07 13.55 55.16
weekly average 3566 44073.144 5999.11 30586.08 58234.91
IPC
Day 3566 3.01 1.40 1 5
Month 3566 6.46 3.43 1 12
Close IPC 3566 44067.20 6024.41 30368.08 58711.87
Table 2. Summary of the variables of the second database
Var Samples Mean Std. Des. Min Max
Close ALFA 3566 19.40 8.13 5.85 42.82
Close GAPB 3566 156.35 86.49 36.64 370.00
Close Kimberly 3566 33.45 5.68 18.39 46.34
Close Inbursa 3566 30.15 7.07 13.55 55.16
weekly average 3566 44067.21 6024.42 30368.08 58711.87
IPC
Day 3566 3.01 1.40 1 5
Month 3566 6.46 3.43 1 12
Close IPC 3566 44067.20 6024.41 30368.08 58711.87
4 Database The second database includes the closing prices

The first database includes the closing prices of
three banks: BBVA, Banorte, and Inbursa as well
as the Mexican Stock Exchange (BMV) and the
Price and Quote Index (IPC). This data was
sourced and compiled from Yahoo Finance and
Investing.com, covering the period from January 4,
2010, to March 15, 2024. The Vvariables
considered are:

— Banorte closing price,
— BBVA closing price,
— BMV closing price,

— Inbursa closing price,
— IPC Weekly average,
— Day,

— Month,

— IPC closing price.

Table 1 shows the total data, the mean value,
the standard deviation, the minimum and
the maximum.

of the shares of ALFA, GAPB, Kimberly-Clark,
Inbursa, and the closing value of the IPC. This data
was sourced and compiled from Yahoo Finance
and Investing.com, covering the period from
January 4, 2010, to March 15, 2024. The variables
considered are:
— ALFA closing price,
— GAPB closing price,
— Kimberly-Clark closing price,
— Inbursa closing price,
— IPC Weekly average,
— Day,
— Month,
— IPC closing price.

Table 2 presents the total number of data
points, the mean, standard deviation, minimum,

and maximum values for the variables in the
second database.
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Table 3. Summary of the variables of the third database

Variables Samples Mean Std. Des. Min Max
Close ALSEA 3566 40.68 18.47 9.37 74.43
Close CEMEX 3566 11.08 3.29 291 19.11

Close GCC 3566 83.35 43.88 34.16 204.61
Close CARSO 3566 66.15 25.30 19.66 189.22

weekly average IPC 3566 44067.21 6024.42 30368.08 58711.87
Day 3566 3.01 1.40 1 5
Month 3566 6.46 3.43 1 12
Close IPC 3566 44067.20 6024.41 30368.08 58711.87
4
Data Data Data
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Fig. 3. General diagram for IPC modeling
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Fig. 4. IPC
The third database contains the closing prices CARSO, and the closing value of the IPC. This

of the shares of ALSEA, CEMEX, GCC, Grupo data was collected and compiled from Yahoo
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Table 4. Results obtained from the training of the hybrid networks in the prediction of the IPC using the first database

Arq. Parameter RMSE RMSE R2 MASE Training
Training error Test error Training error
error

Encoder Convolutional + 14 1.5% 1.9% 99.2% 5.6%
MLP

Encoder Convolutional + 26 1.6% 2.9% 99.0% 6.4%
LSTM

Encoder Convolutional + 11 1.4% 1.9% 99.3% 5.5%
RNN

Encoder Convolutional + 102 7.9% 18.7% 79.4% 31.3%

Transformer

Encoder Variational + MLP 18 1.5% 2.5% 99.2% 6.2%

Encoder Variational + 28 1.6% 2.7% 99.0% 6.5%
LSTM

Encoder Variational + RNN 19 1.6% 2.6% 99.1% 6.3%

Encoder Variational + 102 7.9% 19.0% 79% 31.3%

Transformer

Finance and Investing.com, covering the period
from January 4, 2010, to March 15, 2024. The
variables considered are:

— ALSEA closing price,

— Closing price CEMEX,

— Closing price GCC,

— Closing price Grupo CARSO,
— IPC Weekly average,

- Day,

— Month,

— IPC closing price.

Table 3 presents the total number of data
points, the mean, standard deviation, minimum,
and maximum values for the variables in the
second database.

Fig. 3 illustrates the data preparation process
for analysis. The data is cleaned of unnecessary
information, normalized between 0 and 1,
integrated into a single vector, and finally
transformed into a two-dimensional array for input
into the hybrid model.
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Fig 4 presents a graphical representation of the
time series for the price and the stock price index
(CPI) over the analyzed period. This visualization
is essential for identifying trends and patterns in
the financial data, providing valuable insights for
the hybrid neural network model.

5 Financial Systems Prediction and
Training of Hybrid Neural Networks

For the prediction of financial systems and the
training of hybrid neural networks, TensorFlow
2.15.0 was used to design and train the models.

The training process was conducted with a
learning rate of 0.002, over 150 to 250 epochs,
using mini-batches of size 128 and the Adam
optimizer. The equations (5) and (11) were applied
to adjust the network parameters, while model
performance was evaluated using the root mean
square error (RMSE) metric, R2Score metric and
the mean absolute scaled error (MASE) metric,
which measures the accuracy of the predictions.
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Arg. Parameter RMSE
error

Training RMSE Test error

R2 Training error MASE Training

error

Encoder
Convolutional + 14 1.5%
MLP

Encoder
Convolutional + 26 1.5%
LSTM

Encoder
Convolutional + 11 1.4%
RNN

Encoder
Convolutional + 102 7.7%
Transformer

Encoder .
Variational + MLP 18 1.5%
Encoder
Variational + 28 1.5%
LSTM

Encoder .
Variational + RNN 19 1.8%
Encoder
Variational + 102 7.8%
Transformer

1.9% 99.2% 5.6%

2.8% 99.1% 6.3%

1.9% 99.3% 5.5%

11.0% 80.7% 31.0%

1.8% 99.1% 5.9%

2.7% 99.2% 5.8%

3.3% 98.0% 7.2%

11.3% 79.5% 33.1%

Table 4 presents the results obtained after the
training process for the first database.

Table 5 presents the results obtained after the
training process for the second database.

Table 6 presents the results obtained after the
training process for the third database.

Across all three databases, Encoder
Convolutional + RNN consistently achieves the
lowest RMSE, highest R2, and lowest MASE,
handling temporal patterns effectively, making
them more suitable for IPC prediction tasks. It also
offers the best performance/complexity ratio,
achieving solid results with a compact architecture.

Figure 5 presents a graphical comparison
between the values predicted by our best hybrid
model (Convolutional Encoder + RNN) using the
first database and the actual values of the Price
and Quotation Index (IPC) since November 2022.

Similarly, Figure 6 shows a comparison using
the second database, where the predicted values

from the hybrid model are evaluated against the
actual IPC values over the same period.

Additionally, Figure 7 displays a similar
comparison using the third database, highlighting
the accuracy of the model's predictions when
applied to a different set of financial assets and
confirming the model’s strong
generalization ability.

The results presented in Fig. 5 and 6
demonstrate that the Encoder Convolutional +
RNN hybrid model accurately predicts the Price
and Quotation Index (IPC) across the datasets.
The predicted values closely follow the actual trend
of the index, highlighting the model’s effectiveness.

Minor deviations observed in some areas may
be attributed to the inherent unpredictability of
financial markets. These discrepancies suggest
potential improvements in the model’s training
process. Nevertheless, the model has shown
strong pattern recognition capabilities over time,
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Table 6. Results obtained from the training of the hybrid networks in the prediction of the IPC using the third database

Arq. Parameter RMSE
error

Training RMSE Test error

R2 Training error MASE Training

error

Encoder
Convolutional + 14 1.5%
MLP

2.0% 99.2% 5.9%

Encoder
Convolutional + 26 1.9%
LSTM

4.6% 98.7% 7.4%

Encoder
Convolutional + 11 1.4%
RNN

1.9% 99.2% 5.6%

Encoder
Convolutional + 102 8.5%
Transformer

13.3% 75.3% 33.5%

Encoder

0,
Variational + MLP 18 1.5%

2.7% 99.2% 5.7%

Encoder
Variational + 28 1.6%
LSTM

2.5% 99.0% 6.5%

Encoder

0,
Variational + RNN 19 1.7%

6.3% 99.0% 6.6%

Encoder
Variational + 102 8.6%
Transformer

12.2 75.9% 33.7%

making it a valuable tool for forecasting financial
market behavior.

5 Conclusion

This paper presents hybrid neural network models
for predicting the price and quotation index (IPC) of
the Mexican Stock Exchange. Architectures
combining convolutional encoders with MLP, RNN,
LSTM and Transformers networks have been
developed, both in standard versions and with
variational autoencoders (VAE).

The results show that these models are able to
learn complex and nonlinear patterns from the
market. The most effective model was the
convolutional encoder with RNN, which achieved a
test error of only 1.9% and an R2 of 99.3%. It was
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also possible to reduce the number of parameters,
improving efficiency without losing accuracy.

Although the models with transformers did not
outperform the other architectures in terms of
accuracy, their inclusion demonstrates the
potential of these techniques to capture more
complex temporal structures, especially when
combined with autoencoders.

These advances suggest that hybrid networks
are valuable tools for financial analysis. To further
improve the results, it is recommended to include
economic and sentiment variables, use Bayesian
optimization techniques and investigate new
transformer designs.

To summarize, the developed hybrid models
provide robust and scalable predictions. With
future adaptations, they can become a reliable



Time series vs Prediction

Fig. 5. Comparison of the IPC with the neural network
Convolutional Encoder + RNN for the first database
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Fig. 6. Comparison of the IPC with the neural network
Convolutional Encoder + RNN for the second database

Time seqies vs Prediction

Fig. 7. Comparison of the IPC with the neural network
Convolutional Encoder + RNN for the third database

basis for decision making in dynamic
financial markets.
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