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Abstract: The prediction and modeling of stock price movements have been shown to possess con-
siderable economic significance within the finance sector. Recently, a range of artificial intelligence
methodologies, encompassing both traditional machine learning and deep learning approaches, have
been introduced for the purpose of forecasting stock price fluctuations, yielding numerous successful
outcomes. Nonetheless, the identification of effective features for predicting stock movements is con-
sidered a complex challenge, primarily due to the non-linear characteristics, volatility, and inherent
noise present in financial data. This study introduces an innovative Deep Convolutional Transformer
(DCT) model that amalgamates convolutional neural networks, Transformers, and a multi-head
attention mechanism. It features an inception convolutional token embedding architecture alongside
separable fully connected layers. Experiments conducted on the NASDAQ, Hang Seng Index (HSI),
and Shanghai Stock Exchange Composite (SSEC) employ Mean Absolute Error (MAE), Mean Square
Error (MSE), Mean Absolute Percentage Error (MAPE), accuracy, and Matthews Correlation Coef-
ficient (MCC) as evaluation metrics. The findings reveal that the DCT model achieves the highest
accuracy of 58.85% on the NASDAQ dataset with a sliding window width of 30 days. In terms of
error metrics, it surpasses other models, demonstrating the lowest average prediction error across all
datasets for MAE, MSE, and MAPE. Furthermore, the DCT model attains the highest MCC values
across all three datasets. These results suggest a promising capability for classifying stock price trends
and affirming the DCT model’s superiority in predicting closing prices.

Keywords: stock movement prediction; deep learning; transformer; convolutional neural networks;
separable fully connected

1. Introduction

Stock markets are regarded as a fundamental component of the global economic land-
scape, with fluctuations involving the exchange of billions of dollars [1,2]. Consequently,
precise predictions of future trends in financial markets hold significant value across mul-
tiple domains. Given these attributes, the stock market has attracted heightened interest
from investors, researchers, and institutions alike [3,4].

A variety of stock prediction methodologies have been established, including statis-
tical analysis, machine learning techniques, and deep learning networks [5–7]. Statistical
analysis methods were among the first utilized for forecasts in the stock market and have
demonstrated considerable success [8]. Nonetheless, these approaches rely on the premise
of a linear and stationary time series, which does not align with the non-linear and dynamic
characteristics inherent in actual stock market behavior. Consequently, statistical methods
exhibit several limitations.

In addition to traditional statistical techniques, machine learning approaches have been
introduced for the prediction of stock movement trends, primarily due to their proficiency
in handling non-linear and dynamic datasets. Among the commonly utilized machine
learning methods for forecasting stock prices are Support Vector Machines (SVMs) [9] and
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Artificial Neural Networks (ANNs). However, a significant challenge associated with these
methods in practical applications is the tendency to overfit, which arises from their capacity
for non-linear mapping and fitting.

Recent advancements in deep learning models, including Convolutional Neural Net-
works (CNNs) [10], Recurrent Neural Networks (RNNs) [11], and Long Short-Term Memory
(LSTM) networks [12], have positioned these architectures as highly effective due to their
robust nonlinear generalization capabilities. However, CNNs exhibit limitations in pro-
cessing time series data, which adversely affects their accuracy in stock market forecasting.
In contrast, RNNs are specifically designed to handle time series data within a neural
network framework, with LSTM being the most prevalent RNN architecture. The LSTM
model incorporates a gating mechanism that emulates human memory, enabling it to
autonomously manage the retention of pertinent information while discarding irrelevant
data. A comparative analysis of stock movement trend prediction utilizing CNN, RNN,
and LSTM methodologies reveals that LSTM outperforms the other approaches, attributable
to its capacity for long-term memory retention in stock data series.

Despite the significant advancements achieved by deep learning models such as CNNs
and LSTM networks, these approaches exhibit certain limitations [13,14]. In CNNs, each
layer performs non-linear mapping; however, as the depth of the network increases, the fea-
tures undergo increasingly complex non-linear transformations, which may enhance the
suitability of deeper feature maps for specific tasks. Nonetheless, CNNs are inherently
limited in their ability to process time series data, which poses challenges in effectively
leveraging the temporal features of stock data for forecasting purposes. Additionally,
the pooling and convolution operations within CNNs primarily concentrate on local in-
formation, potentially resulting in the oversight of part–whole relationships. Conversely,
while LSTMs are adept at handling time series information, they are prone to the problems
of vanishing and exploding gradients during the backpropagation phase.

More recently, attention mechanism models [15,16], particularly Transformer struc-
tures [17–19], have achieved satisfactory results in processing sequential information.
The attention mechanism can be conceptualized as a representation of human cognitive
focus, enabling individuals to prioritize relevant information while disregarding extraneous
details. In [20], the attention mechanism was integrated into a CNN-LSTM framework for
the purpose of stock prediction. Vaswani et al. [17] proposed an innovative end-to-end
deep network called the Transformer, which makes use of the attention mechanism instead
of LSTM architectures and has achieved massive success in the field of Natural Language
Processing (NLP) [17]. In contrast to LSTM-based approaches, the Transformer architec-
ture facilitates parallel training, thereby enhancing its capacity to capture global temporal
information. The Transformer model is widely utilized in various fields, including audio
processing [21,22], object detection and recognition [23–25], image classification [26,27],
and video processing [28,29], owing to its robust self-attention learning capabilities.

Inspired by the success of the Transformer in processing sequential data in NLP [17],
several Transformer architectures have been applied to forecast stock movement trends [3,30].
Zhang et al. [30] proposed the integration of social media text for stock trend predic-
tion, introducing a Transformer encoder-based attention network architecture. Similarly,
Muhammad et al. [31] introduced the Transformer model to predict future stock prices.
Furthermore, Wang et al. [3] utilized a deep Transformer model to forecast stock market
indices, demonstrating predictive performance that significantly surpasses that of tradi-
tional methodologies. Despite the potential of the Transformer architecture for stock market
prediction, its performance has not shown substantial improvement when compared to
similarly sized RNNs and CNNs. Additionally, the direct application of this architecture to
stock market prediction presents challenges for two primary reasons: first, these models
tend to prioritize global information while overlooking local features that are essential for
understanding the intricate dynamics of the stock market; second, the substantial com-
putational and memory demands associated with these models limit their practicality for
large-scale stock data analysis.
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In response to the identified limitations, we propose the development of a Deep Con-
volutional Transformer (DCT) model. The innovative nature of our approach is highlighted
by several significant features. Firstly, we introduce an inception convolutional token
embedding architecture, which is specifically designed to capture both global high-level
features and local fine-grained information. This architecture mimics the convolution
operation in a manner that is more congruent with the characteristics of stock data, thereby
facilitating more effective feature extraction than traditional Transformer architectures.
By effectively capturing local features, the model improves its ability to understand short-
term fluctuations and patterns within the stock market, which is critical for achieving
accurate predictions.

Secondly, we integrate separable fully connected layers into the DCT model. These
layers play a vital role in enhancing feature representation by maintaining the temporal
order of input features while mapping them to a high-dimensional feature space, thus
enriching the overall feature set. Concurrently, they contribute to a reduction in com-
putational complexity when compared to conventional fully connected layers, enabling
the model to process large-scale stock data more efficiently and reducing the likelihood
of overfitting.

Lastly, our DCT model incorporates a multi-head attention mechanism, which allows
the model to concurrently focus on historical information from various representation
subspaces. This mechanism is instrumental in capturing the complex interrelationships
among different factors in the stock market, including the interactions between various
stocks, prevailing market trends, and economic indicators. By considering these multiple
dimensions, the model is capable of generating more accurate predictions than existing
methodologies that rely exclusively on either global or local features.

The rest of this paper is organized as follows. In Section 2, we discuss the related
works on applying machine learning and deep neural networks to stock data. In Section 3,
the Transformer-based model is detailed. Section 4 discusses the experiments, includ-
ing data processing, parameter setting, evaluation metrics, and the performance of the
experiments. The conclusions and future work are given in Section 5.

2. Related Works

Stock trend prediction plays a critical role in the field of financial data analysis. Differ-
ent approaches in the field of stock forecasting can be broadly classified into two principal
categories: fundamental analysis and technical analysis [2,7,32]. Fundamental analysis
is predicated on the examination of textual data, including macroeconomic indicators,
financial news, and earnings reports. In contrast, technical analysis predominantly empha-
sizes the evaluation of historical stock prices, trading volumes, and other pertinent data to
forecast stock movements.

2.1. Fundamental Analysis

Fundamental analysis predominantly depends on company annual reports, financial
news, and financial commentary from platforms such as Twitter and Yahoo Finance. In their
research, Kohli et al. [33] utilized macroeconomic factors, including historical market
data and foreign exchange rates, to predict trends within the Bombay Stock Exchange.
Nguyen et al. [34] investigated the relationship between social media sentiment and stock
market fluctuations, concluding that sentiment analysis enhances the accuracy of stock
forecasts. In [35], financial indicators were used to select the best stocks from the Taiwan
stock market. Malandri et al. [36] demonstrated that public sentiment is correlated with
financial markets and has an impact on optimal asset allocation. Rajput et al. [37] classified
the text information into positive, negative, and neutral categories, and then predicted the
stock trend based on the sentiment classification. Sohangir et al. [38] used several typical
neural network methods, such as RNN and CNN, to improve the performance of sentiment
analysis in classification models for stock prediction. Inspired by the success of attention
mechanisms, Shi et al. [20] proposed a hybrid architecture that combines CNN-LSTM
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and XGBoost with an attention mechanism. The hybrid model focuses on critical textual
information for stock prediction. Ali et al. [39] designed a model for opinion mining to
extract investors’ opinions using a part-of-speech graph model.

2.2. Technical Analysis

Technical analysis-based methods posit that all information pertaining to the stock mar-
ket will be reflected in price fluctuations. It is sufficient to use historical stock data directly to
predict future stock trends. Specifically, assuming there is a time series xt−1, xt−2, . . . , xt−m,
the objective is to forecast future values yt−1, yt−2, . . . , yt−m using the gathered historical
data [40]. There are numerous methods currently employed for stock market forecasting,
primarily based on machine learning techniques, which can be divided into the following
more specific categories of methods: traditional machine learning and deep learning [41,42].

In the field of stock forecasting, many conventional machine learning models have
been widely utilized [43–45]. Traditional machine learning methods include support vector
machines [43,46], decision trees [47], Naive Bayes [48,49], and so on. However, the inability
to extract deep features from stock data to bridge the gap in predictive ability between
machines and humans is one of the primary limitations of traditional machine learning
methods. Beyond that, the performance of machine learning methods largely depends on
the quality of features. Unsuitable features are likely to result in poor model performance.

Recently, there has been active research on deep learning-based methods for stock pre-
diction, which have achieved remarkable performance [45,50–52]. The primary distinction
between traditional machine learning methods and deep learning is that the network struc-
ture can independently learn effective features according to the target task. Selvin et al. [53]
proposed a hybrid deep model consisting of three modules: RNN, LSTM, and CNN, to pre-
dict stock prices. In [54], RNN architecture is used to forecast stock market trends. Using
real data from ten Nikkei companies as examples, the validity of the method is verified.
In [55], the authors used gold price, gold volatility index, crude oil price, and the crude oil
price volatility index. This combination has demonstrated strong performance in predict-
ing future stock price trends. Zhao et al. [50] proposed a novel deep model that consists
of an emotion-enhanced convolutional neural network, denoising autoencoder models,
and LSTM for stock price movement forecasting. Long et al. [56] introduced a multi-filter
neural network to extract effective features from financial time series samples. In [41],
Lee et al. developed an end-to-end architecture for stock forecasting, which includes two
feature extractor networks designed to learn high-level features from time series stock data.
Qin et al. [57] proposed a temporal attention mechanism model for predicting stock prices.

Graph Neural Networks (GNNs) fundamentally operate on the principle that the state
of any given node depends on the states of its neighboring nodes. This assumption allows
GNNs to effectively capture the spatial interdependencies among nodes while preserving
the temporal dynamics of the data. GNNs have proven effective in capturing spatial de-
pendencies across a wide range of domains. However, their application in stock market
prediction has been somewhat limited compared to other areas. The proposed MG-Conv
model integrates one-dimensional and multi-graph convolutional networks within a three-
layer framework [58]. The one-dimensional convolutional layer normalizes the data and
extracts features, while the graph convolutional layer constructs both static and dynamic
graphs to perform convolution. Performance evaluations conducted on 42 Chinese in-
dices demonstrate that the MG-Conv model reduces the average prediction error by 5.11%
compared to alternative methods. However, overfitting remains a concern, and future
research may focus on enhancing generalization and improving the fusion of index trends.
Wang et al. [59] tackle the challenge of stock index prediction by addressing the high noise
and dynamic nature of stock data. The inadequacy of existing methods to capture local
spatial–temporal correlations prompted the development of the LoGCN model, which
integrates graph construction, convolution, and pooling mechanisms. Experimental results
on 42 Chinese stock indices demonstrate that the LoGCN model outperforms traditional
methods such as MLP and LSTM across various evaluation metrics, including regression,
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classification, and market back-testing. Future research directions will focus on enhanc-
ing classification accuracy and devising innovative investment strategies. Ma et al. [60]
aim to address the challenges of stock price prediction. Existing methods often rely on
predetermined graphs or overlook certain correlations. The proposed VGC-GAN model
generates multiple correlation graphs from historical data, utilizing techniques such as
Pearson correlation, Spearman rank correlation, and FastDTW. Additionally, it employs a
Variational Mode Decomposition (VMD) algorithm with optimized parameters obtained
through a Genetic Algorithm (GA) to manage data non-stationarity. The model’s frame-
work includes a generative adversarial module comprising a generator (Multi-GCN and
GRU) and a discriminator, along with components for relationship graph generation and
stock sequence decomposition. Experiments conducted on ETF, SSE, and DJIA datasets
demonstrate that VGC-GAN outperforms methods such as GRU and GCGRU in terms of
prediction performance and computational efficiency. Liu et al. [61] propose a novel model,
ECHO-GL, for predicting stock movements. Existing models often exhibit insufficient or
static stock relationships. ECHO-GL addresses these limitations by leveraging earnings
calls. It constructs a heterogeneous graph (E-Graph) with various types of nodes and
edges, employing mechanisms such as time assignment and sliding windows to ensure
its dynamism. Qian et al. [62] focuses on stock investment prediction. The stock market is
complex, with prices affected by various factors. Traditional sequential and graph-based
methods have limitations in capturing multifaceted and temporal influences. The proposed
MDGNN framework uses a discrete dynamic graph to capture stock relations and their
evolution. It includes an intra-day graph snapshot with a multi-relational graph construc-
tion and a hierarchical graph embedding layer. The inter-day temporal extraction layer
uses a Transformer structure to handle temporal evolution. The prediction layer estimates
the probability of a stock’s positive return.

The Transformer is another deep learning method used in stock market prediction,
following CNN and LSTM. Its ability to process time series information has been proven in
many other domains as well. Li et al. [63] proposed an LSTM and attention-based model,
which consists of a multi-input LSTM and an attention layer, followed by several ReLU
layers to obtain the final prediction. Results show significant improvements over several
LSTM or CNN-based methods on the CSI-300 index dataset with a time horizon of 4 years.
Li et al. [64] designed a hybrid deep learning model consisting of a Transformer, LSTM,
Gate Recurrent Unit (GRU), and a high-frequency data adaptive decomposition architec-
ture. The model is named Frequency Decomposition and includes a GRU Transformer
(FDG-trans). Wang et al. [3] utilize the Deep Transformer (DT) model to predict stock
market indices, and the prediction performance was significantly better than that of other
classic methods. Muhammad et al. [31] developed a Transformer-based network with
two input layers, three Transformer layers, one pooling layer, followed by two dropout
layers, and two dense layers to make predictions on the Dhaka Stock Exchange, includ-
ing daily, weekly, and monthly share prices. The results are promising. Sridhar and
Sanagavarapu [65] combine the Transformer with CNN to predict stock trend movement.
The network structure comprises two multi-head layers, one Transformer, and two convolu-
tional layers. The experiment showed that the model outperforms several models based on
CNN or RNN on the S&P 500 dataset. Financial stock prices are complex to predict due to
a multitude of influencing factors. Current methodologies, such as Recurrent Neural Net-
works (RNNs), Long Short-Term Memory networks (LSTM), Gated Recurrent Units (GRUs),
and Transformers, each have their own limitations. The HPMG-Transformer model [66]
integrates the Hodrick–Prescott (HP) filter with a multi-scale Gaussian transformer. The HP
filter decomposes stock time series into long-term and short-term fluctuations, while the
multi-scale Gaussian transformer enhances the extraction of local features. Additionally,
a multi-scale Gaussian prior is incorporated into the self-attention mechanism to improve
the extraction of local contextual information. Li et al. [67] focus on stock price forecasting,
a challenging task due to market volatility. Existing methods have limitations in mod-
eling stock correlations and accounting for market variations. The proposed MASTER
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model consists of five steps: market-guided gating, intra-stock aggregation, inter-stock
aggregation, temporal aggregation, and prediction. It models both momentary and cross-
time stock correlations and utilizes market information for automatic feature selection.
MASTER offers a novel perspective on stock correlation modeling and effectively leverages
market information for stock price prediction. Future research could explore improved
methods for stock correlation mining and additional applications of market information.
The efficient market hypothesis has inspired various methods for stock prediction; however,
challenges remain in effectively integrating numerical and textual data. To address this
issue, Zhang et al. [68] proposed the CoATSMP model, which includes text and price feature
extraction, a Transformer-based soft fusion method, and joint feature processing utilizing
LSTM and a temporal attention mechanism. This model employs datasets from diverse
sources and evaluates performance using metrics such as accuracy (ACC), Matthews corre-
lation coefficient (MCC), F1 score, and area under the curve (AUC). Li et al. [69] propose
an innovative approach to enhancing stock price prediction by integrating Generative
Adversarial Networks (GANs) with Transformer-based attention mechanisms. This study
underscores the importance of accurate stock price forecasting in the financial sector, en-
abling investors to make informed decisions. The authors acknowledge the limitations
of traditional statistical methods and position machine learning and deep learning as
promising alternatives. The methodology includes data preprocessing to address imbal-
ances in the distribution of news data and to enrich the dataset with technical indicators.
The model architecture features a Variational Autoencoder (VAE) for feature extraction,
GANs for generating synthetic data, and a Transformer-based attention mechanism for
focused data analysis.

Compared to the other deep learning-based methodologies previously discussed,
FDG-trans [64], Transformer Network (TN) [31], and DT [3] are most closely related to
the Deep Convolutional Transformer (DCT). In [64], FDG-trans is built by integrating
GRU, LSTM, and multi-head attention Transformers. Both TN and DT are stock predic-
tion models based on the standard Transformer architecture. In contrast, our DCT model
incorporates the separable fully connected layer and inception convolutional token embed-
ding into the standard Transformer structure to enhance information richness and learn
fine-grained features.

Due to the robust capabilities of deep learning models in autonomously extracting
features from unprocessed data, contemporary methodologies for forecasting stock price
trends favor these models. Table 1 presents a comprehensive overview of research papers
that utilize deep learning, categorizing them according to the types of features and model
architectures employed. Nevertheless, there remains significant potential for enhancement
in existing deep learning architectures aimed at predicting stock movements based on
textual data and historical stock information. Forecasting stock price trends necessitates
the analysis of time-series data, which is inherently reliant on stock-related information
over time. Consequently, the primary challenge is to enhance the accuracy of stock move-
ment analysis and prediction utilizing financial data, such as historical stock prices, while
effectively addressing the issue of temporal dependence. The impetus for our research is to
bridge this gap and investigate the efficacy of stock time series engineering through the
application of the Transformer architecture.

Table 1. Analysis based on feature types and model architectures.

Reference Year Feature Types Model Architectures

[62] 2024 Basic features Graph Neural Network
[60] 2024 Basic features, Technical indicators Graph Neural Network
[30] 2022 Basic features, Technical indicators Transformer-based
[3] 2022 Basic features Transformer-based
[31] 2022 Basic features Transformer-based
[64] 2022 Basic features GRU-Transformer
[65] 2021 Basic features Multi-Head Self-Attention
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Table 1. Cont.

Reference Year Feature Types Model Architectures

[41] 2020 Basic features CNN-LSTM
[42] 2022 Basic features CNN-LSTM
[50] 2023 Basic features, Technical indicators CNN, Autoencoder, LSTM
[51] 2018 Basic features CNN, LSTM, RNN
[52] 2019 Basic features, Technical indicators CNN
[53] 2017 Basic features CNN, LSTM, RNN
[54] 2014 Technical indicators RNN-RBM
[55] 2021 Technical indicators CNN
[56] 2019 Basic features CNN-RNN
[57] 2017 Technical indicators RNN
[63] 2018 Basic features, Technical indicators LSTM

3. Methodology

In this section, we first formalize the stock trend forecasting problem. Then, we
introduce the DCT architecture.

3.1. Problem Statement and Formulation

Let y assume the closing stock price for a given day, where ŷ denotes the prediction
value. The variables x1, x2, . . . , xT correspond to the input data features at various time
intervals. The objective is to minimize the function of V(y, ŷ).

ŷ = f (θ, x1, x2, . . . , xT) (1)

xt = xt1, xt2, . . . , xtN is a feature vector at time t, and θ denotes the parameter of the function
f (·). V(·, ·) is a similarity function used to measure the proximity of the estimated value to
the true value.

Furthermore, we aim to forecast the stock trend of s on trading day t using historical
stock transaction data from a lag period of [d− ∆d, d− 1], where ∆d represents a fixed
lag size in this paper. The objective is to assess the movement direction, and the labeling
methodology is described as follows:

target =

{
1, Closet+1 ≥ Closet

0, else
(2)

where 1 indicates a rise and 0 indicates a fall, and Closet represents the closing price of the
stock on day t.

3.2. The Proposed Model: DCT

Convolutional neural networks were first introduced in [70] by LeCun et al. for
processing images. At present, methodologies based on CNNs have attained leading
performance levels in the domains of image and video processing.

This study utilizes a Transformer-based architecture for stock movement prediction,
diverging from the conventional convolutional neural network model. In this section, we
will present a comprehensive introduction to our DCT architecture. Figure 1 illustrates
the framework of the DCT model, which consists of three inception convolution layers,
two separable fully connected layers, and Transformer components. The ViT-Base model,
as described in [71], has been selected for the Transformer structure, with specific parameter
configurations detailed in Table 2.
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Multi-Head Attention

Q K V

Add & Norm

Feed Forward

Add & Norm

Linear

Softmax

´ N

Input datas T ´ N

Inception Convolution 1´1´96

T ´ N ´ 96

Inception Convolution 1´1´256

T ´ N ´ 256

T ´ N ´ 384

Full connection 128

T ´ 128

Full connection 128

T ´ 128

Inception Convolution 1´1´384

Figure 1. The overall architecture of the DCT method. Here, T is the lookback trading day, and N
represents the number of features of the stock index.

Table 2. Details of Transformer model.

Model Layers Hidden Size D MLP Size Heads

ViT-Base 12 768 3072 8

3.2.1. Inception Convolutional Token Embedding

The inception convolution operation is designed to capture local features by converting
low-level data into higher-order semantic representations through a multi-level hierarchical
framework. The 1× 1 convolution kernel is characterized by having a single parameter
for each channel, without incorporating any adjacent pixels from the input. Consequently,
the application of multiple 1× 1 filters enables the modification of the number of summaries
generated from the input feature map, thereby facilitating an increase in the depth of the
feature maps as required.
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In a formal context, when provided with a one-dimensional stock feature vector
xt ∈ R1×N as input to the initial inception convolutional layer, our objective is to develop
a function f (·) that transforms xt into new tokens represented as f (xt), characterized
by a channel size of Ci. We refer to this embedding method as inception convolutional
token embedding.

Specifically, the output generated by the inception convolutional layer can be repre-
sented as:

xl
j = ϕ

 ∑
i∈Mj

xl−1
i × wl

ij + bl
j

 (3)

where Mj is a set of input maps, wl
ij is the convolutional kernel of the lth layer, and bl

j is
bias. Furthermore, the activation function ϕ can use a tanh function or a sigmoid function.
More specifically, the convolution kernel size is 1× 1, and the input feature dimension of
the first inception convolutional layer is 1× 5 in the DCT model.

The primary inception convolutional layer is designed to extract a range of low-level
features from the input stock data. In contrast, the subsequent two inception convolutional
layers are adept at capturing more intricate high-level semantic features. In summary,
the inception convolutional token embedding layers facilitate the construction of a convo-
lutional projection of a series of input feature maps, enabling the adjustment of the number
of feature maps at each stage by modifying the parameters associated with the inception
convolution operation.

3.2.2. Separable Fully Connected Layer and Softmax

As illustrated in Figure 2, the output of the first fully connected layer is the input of
the last convolutional layer. To preserve the temporal order of the input features, the fully-
connected operation is limited to the temporal channels only, a concept we refer to as
separable full connection. Specifically, the input feature mapping F ∈ RT×N×384 is initially
decomposed into T channels based on the temporal axis. Subsequently, two fully connected
operations are performed within each individual channel, and finally, the fully connected
feature channels are merged into A ∈ RT×128.

T ´ N ´ 384

N ´ 384

N ´ 384

N ´ 384

128

128

128 128

128

128

T ´ 128

Separation

Combination

Dense Dense

Figure 2. Separable fully connected layer.

The Softmax function is usually used to conduct the class prediction. Specifically,
the Softmax function is written by

so f tmax(z)j = ezj /
K

∑
k=1

ezk j = 1, . . . , K (4)
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where K is the dimension of the z feature vector. In this approach, inception convolutional
token embedding and fully connected operations are utilized to extract discriminative
information, followed by Transformer for further analysis. This structure offers a good
balance between acquiring more information and minimizing overfitting.

3.2.3. Self-Attention

In recent years, attention mechanisms have become the most exciting novel approach
in deep learning [72–74]. The attention mechanism architecture focuses limited attention
on crucial areas to conserve computing resources and rapidly learn the most useful features.
In early research, attention mechanisms were often combined with CNN and RNN architec-
tures [75–77]. Vaswani et al. [17] first demonstrated that deep learning architectures could
move beyond CNN and RNN architectures by exclusively using a self-attention mechanism
to propose the Transformer model.

According to the self-attention mechanism in [17], Q, K, and V represent the query,
key, and value matrices, respectively. The self-attention mechanism can be formulated
as follows:

Attention(Q, K, V) = so f tmax(
QKT
√

dk
)V (5)

where
√

dk is the scaling factor, Q ∈ RL×d, K ∈ RL×d, V ∈ RL×d, L is the number of days
and d is the dimension of the features. Figure 3 shows the formation process of the Q, K,
and V matrix, where A is the output of the separable fully connected layer.

A

W 
q

W 
q

W 
k

W 
k

W 
v

W 
v

Q K V

T ´ 128

Figure 3. The architecture of Q, K, and V matrices are constructed.

3.2.4. Multi-Head Attention

Self-attention can focus on useful information, but a single self-attention mechanism
may struggle to capture sufficient information to enhance the performance of stock trend
forecasting. Instead of performing a single attention function, multi-head attention allows
the network to collectively focus on information from different representation subspaces at
different positions. The multi-head attention function is implemented by

MultiHead(Q, K, V) = Concat(head1, head2, . . . , headh)WO (6)

where WO ∈ Rhdv×dmodel is the weight matrix, and headi = Attention(QWQ
i , KWK

i , VWV
i ).

In this work, we use h = 12 parallel heads. For each of these, we employ dk = dv =
dmodel

h
= 8. In terms of total computational cost, it is similar to single-head attention with

full dimensionality because of the reduced dimension of each head. Figure 4 illustrates the
architecture of the multi-head attention mechanism.
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Figure 4. The architecture of the multi-head attention mechanism.

4. Experiments

In this section, we experimentally demonstrate the predictive capability of the DCT
model. In Section 4.1, we introduce the data processing method used in the experiments.
The parameter settings and evaluation criteria are introduced in Sections 4.2 and 4.3,
respectively. In Section 4.4, the predicted performance of the DCT model is evaluated.

4.1. Data Processing

The present study examines three prominent global stock indices: the Hang Seng
Index (HSI), the Shanghai Stock Exchange Composite Index (SSEC), and the NASDAQ.
These indices are representative of significant financial markets across various global re-
gions, thereby providing a comprehensive assessment of the model’s performance under
diverse economic conditions. The HSI encapsulates the Hong Kong market, influenced by
both Western and Asian economic factors. In contrast, the SSEC reflects the rapid growth
of China’s market, offering insights into one of the world’s most dynamic economies.
The NASDAQ, recognized for its concentration on technology-oriented listings, provides
a unique perspective on the U.S. market, a fundamental component of global finance.
By integrating these indices, this research seeks to evaluate the robustness and generaliz-
ability of the predictive model across different market dynamics, thereby ensuring that
the findings possess broader implications for stock market forecasting. The dataset spans
from 1 January 2013 to 31 August 2024 and encompasses five fundamental stock market
features: opening price, closing price, lowest price, highest price, and trading volume.
The study employs a look-back methodology for forecasting closing prices, utilizing a
look-back trading period of T = 30 days. Consequently, the input data for the Discrete
Cosine Transform (DCT) model is structured as a two-dimensional matrix of size T × N,
where N denotes the number of features associated with the stock index, and T signifies the
look-back trading days. The initial 80% of the data, arranged chronologically, is allocated
for training the network parameters, while the remaining 20% serves as the test set.

In order to mitigate the volatility of the features and enhance the robustness of the
model, we implement Equation (7) to standardize the original training and testing datasets.

x̂t =
xt − µ

σ
(7)

where x̂t is the normalized features at time t, xt is the original features at time t, and µ and
σ denote the mean value and standard deviation of the original features in the training set.

In each experimental forecast, we employ the historical stock transaction data from
the preceding period, denoted as T, to project the closing price for the subsequent trading
day, referred to as T + 1. This process involves generating features and labels from the
observed time series data using a sliding window methodology.
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4.2. Parameters Setting

In the conducted experiments, a mini-batch training approach was employed with a
batch size of 16. The loss function utilized for this study is the mean squared error, which
evaluates the discrepancy between actual and predicted values. The model was optimized
using the Adam optimizer, initialized with a learning rate of 0.01. Furthermore, a decay
rate of 0.9 was established, with a decay step set at 100. To mitigate the risk of overfitting,
the dropout technique was implemented across each sub-layer, with a dropout rate of
0.2. The initial weights and biases of the neural networks were drawn from a Gaussian
distribution characterized by a mean of 0 and a variance of 10−2. For the input stock data,
the width of the sliding window was configured to T = 30.

The DCT model was developed utilizing the methodology presented in Algorithm 1.
This approach employs the stochastic gradient descent technique, focusing on the mini-
mization of logarithmic loss as the primary update mechanism. Algorithm 1 delineates
the training protocol for the DCT model, which aims to achieve a high degree of accuracy
in predicting stock movements. The algorithm incorporates the initial parameters of the
network and systematically refines them through iterative updates informed by the training
data. The following is a comprehensive step-by-step elucidation:

Inputs: Let xk denote a sequence of stock data with a total length of T, where k serves
as an index for the dataset. The symbol θ signifies the initial parameters of the network
model, encompassing both weights and biases utilized within the DCT model.

Outputs: The notation θ̂ indicates the parameters that have been trained upon the
conclusion of the training process.

Algorithm Steps:
(1) Epoch Loop: The outer loop iterates through a predetermined number of epochs,

with each epoch representing a complete traversal of the entire training dataset, thereby
enabling the model to assimilate knowledge from all available data.

(2) Data Loop: Within the epoch loop, an inner loop processes each individual data
point xk from the dataset. This nested structure guarantees that the model updates its
parameters for every data point encountered.

(3) Length of Data: For each data point, the algorithm first determines the length,
which corresponds to the time steps or the sequence length of the stock data.

(4) DCT Application P(θ): The DCT model is applied to the stock data xk using
the current parameters θ. This process involves passing the data through the inception
convolutional layers, separable fully connected layers, and the Transformer architecture to
generate predictions.

(5) Loss Calculation: The loss function is calculated by aggregating the logarithmic
errors over all time steps t from 1 to l − 1. The logarithmic loss is employed in this context
as it is a prevalent choice for regression tasks, effectively penalizing larger errors more
severely. This step is critical as it quantifies the discrepancy between predicted and actual
values, thereby directing the model towards enhanced predictive accuracy.

(6) Parameter Update: The model parameters θ are updated using gradient descent.
The gradients of the loss with respect to the parameters are computed, and the parameters
are adjusted in the opposite direction of the gradient, scaled by the learning rate η. This
iterative process fine-tunes the model parameters to minimize the loss function, thereby
improving the model’s predictive performance.

(7) End of Training: Upon the completion of all epochs, the algorithm yields the
trained parameters θ̂, which represent the optimized weights and biases of the DCT model
following the training phase.
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Algorithm 1 DCT training, θ̂ ← Training(x1:Kdata , θ).

Input: {xk}
Kdata
k=1 , xk is a stock data sequence of length T.

Input: θ, initial network model parameters.
Output: θ̂, the trained parameters.
Hyperparameters: Mepochs ∈ R, η ∈ (0, ∞)
For i = 1, 2, . . . , Mepochs do

For j = 1, 2, . . . , Kdata do
l ← length xj
P(θ)← DCT(xj|θ)
loss(θ) = −∑l−1

t=1 logP(θ)[xj[t + 1], t]
θ ← θ − η · ∇loss(θ)

end
end
θ̂ = θ

4.3. Evaluation Metrics

In the conducted experiments, the performance of the DCT method was assessed
utilizing prediction accuracy, the Matthews correlation coefficient (MCC), and three distinct
loss metrics.

The Matthews correlation coefficient (MCC) is a metric used to evaluate the correlation
between actual and predicted classifications, and it is particularly effective in addressing
issues related to data imbalance. The definitions of accuracy and MCC are provided
as follows:

ACC =
TP + TN

TP + TN + FP + FN
(8)

MCC =
TP× TN − FP× FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(9)

where TP is true positive, TN is true negative, FP is false positive, and FN is false negative.
The range of MCC is [−1, 1]. The higher the correlation between the true value and the
predicted value, the better the prediction.

Mean Absolute Error (MAE), Mean Squared Error (MSE), and Mean Absolute Per-
centage Error (MAPE) are three metrics employed for the assessment of loss error values.
MAE and MSE quantify the absolute discrepancies in predicted values, whereas MAPE
reflects the relative discrepancies. Lower values of these three metrics signify superior
performance, indicating a more robust alignment of the model with the observed data.

MAE =
1
N

N

∑
i=1
|ŷi − yi| (10)

MSE =
1
N

N

∑
i=1

(ŷi − yi)
2 (11)

MAPE =
1
N

N

∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣× 100% (12)

where N is the number of the sample data, ŷi is the predicted value, and yi is the true value.

4.4. Performance of the Experiments

We evaluated the accuracy of different widths of the sliding windows (T ranging
from 5 to 45 in increments of 5) for the DCT model. Table 3 shows the accuracy on the
NASDAQ. The DCT model achieved the highest accuracy 58.85% with T = 30. As the
width of the sliding window increases, the accuracy decreases. The potential reason for this
phenomenon could be the excessive inclusion of noise information due to inputting longer
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sequences of stock data into the model, which adversely affects its recognition performance.
Another potential issue is that the DCT model may struggle to process extended timing
information, which could result in an inability to improve recognition performance even
with longer input. Based on the model results, we will use a sliding window width of
T = 30 for the remainder of this paper.

Table 3. Results of the NASDAQ dataset using various widths of the sliding window.

T = 5 T = 10 T = 15 T = 20 T = 25 T = 30 T = 35 T = 40 T = 45

Accuracy (%) 57.63 58.11 58.21 58.32 58.66 58.85 58.72 58.32 57.95

The cross-validation results presented in Table 4 offer detailed insights into the predic-
tive performance of the DCT, LSTM, and Transformer models across five folds for the SSEC
index, utilizing the Mean Absolute Error (MAE) metric. The parameters of the comparison
algorithms are meticulously configured to align with the specifications outlined in the
original literature. The DCT model exhibits consistent performance, with an average MAE
of 0.0136, which is significantly lower than that of the LSTM and Transformer models.
Additionally, the low standard deviation of the DCT model’s MAE across folds underscores
its robustness and reliability across various subsets of the data.

Table 4. The MAE of cross-validation results for the SSEC index.

Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Average

DCT 0.0138 0.0137 0.0137 0.0135 0.0135 0.0136
LSTM [63] 0.0168 0.0163 0.0167 0.0161 0.0164 0.0165

Transformer [31] 0.0145 0.0142 0.0145 0.0147 0.0143 0.0144

Table 5 presents three indicators from the testing process, revealing that our DCT
method surpasses other models in performance. In terms of absolute error (MAE and MSE)
and relative error (MAPE), DCT achieves the smallest average prediction error compared
to all other models across all datasets. Our DCT architecture has two advantages over
LSTM [63] and the Transformer [31] and has demonstrated performance superiority. Firstly,
it employs inception convolutional token embedding to extract valuable low-level features
for stock prediction. Second, it utilizes separable fully connected and multi-head attention
methods to extract sophisticated features from basic features. In summary, these four
indicators demonstrate that the proposed DCT method yields good prediction results.

Table 5. The means of three indicators for three datasets in the test process.

Index Models MAE MSE MAPE

SSEC

LSTM [63] 0.0165 0.0057 2.5627
Transformer [31] 0.0144 0.0043 2.3685
DCT 0.0136 0.0039 1.4121

NASDAQ

LSTM [63] 0.0362 0.0053 3.234
Transformer [31] 0.0228 0.0031 3.0963
DCT 0.0188 0.0026 2.5627

HSI

LSTM [63] 0.0669 0.0065 7.1267
Transformer [31] 0.0632 0.0062 7.0159
DCT 0.0602 0.0058 6.8165

In Table 6, DCT achieves the highest accuracy across all models in the three datasets.
Stock movement prediction is a challenging task, and even small improvements can lead to
significant profits. Generally, a result of more than 58.8% is considered satisfactory for stock
movement prediction. Compared to the Transformer, the DCT shows improvements of
more than 1.99%, 2.19%, and 2.38% on the three datasets, respectively. In fact, the prediction
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accuracy is about 2.0% higher on average compared to other architectures. The possible
reason is that designing the structure of the inception convolution token embedding
with separable fully connected layers is crucial for stock movement prediction. In all
three datasets, the DCT model also achieved the maximum MCC values. The superior
performance demonstrates the discriminative ability of the proposed DCT and proves that
the deep inception convolutional Transformer architecture is beneficial for stock prediction.
The results for accuracy and MCC indicate that the DCT model consistently shows better
improvement, demonstrating the robustness of our method.

Table 6. Comparison with previous state-of-the-art methods in accuracy and MCC.

Models
SSEC NASDAQ HSI

Accuracy (%) MCC Accuracy (%) MCC Accuracy (%) MCC

LSTM [63] 56.46 0.1175 56.46 0.1166 56.26 0.1169
Transformer [31] 57.06 0.1285 56.66 0.1207 56.46 0.1203
SA-DLSTM [50] 56.33 0.1206 55.46 0.1136 56.32 0.1183
TEANet [30] 55.59 0.1326 57.02 0.1238 55.37 0.1265
FDG-Trans [64] 57.56 0.1536 56.84 0.1354 57.18 0.1536
DCT 59.05 0.1656 58.85 0.1596 58.85 0.1638

The proposed DCT method and two baseline methods (LSTM and Transformer) are
compared. In Figures 5–7, stock closing prices are predicted for HSI, NASDAQ, and SSEC.
In these figures, “Ground Truth” refers to the actual values of the stock index, while
“Predictions” denotes the forecasted stock index value. The results indicate that the actual
curve closely aligns with the predicted curve across various stock indexes, and the peaks
of the two curves are identical. Our proposed method demonstrates the ability to predict
stock closing prices more accurately than existing methods. In Figures 5–7, compared
to the Transformer, DCT is closer to the actual value. This suggests that the inception
convolutional token embedding and separable full connection can learn more effective
features from the limited original stock data and improve the prediction accuracy.
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Figure 5. Prediction of stock close prices of HSI for various stock indexes.
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Figure 6. Prediction of stock close prices of NASDAQ for various stock indexes.
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Figure 7. Prediction of stock close prices of SSEC for various stock indexes.

5. Conclusions and Future Work

Predicting and modeling stock movements hold significant economic value. In this
study, we propose a novel Deep Convolutional Transformer (DCT) model for stock move-
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ment prediction. The DCT model incorporates several innovative elements that enhance
its performance.

Firstly, regarding model architecture, the inception convolutional token embedding
and separable fully connected layers play crucial roles. The inception convolutional to-
ken embedding allows the model to capture both global high-level features and local
fine-grained information. It transforms low-level data into valuable high-order semantic
primitives, providing a comprehensive understanding of stock data. Conversely, the separa-
ble, fully connected layers preserve the temporal order of input features and map them to a
high-dimensional feature space. This approach not only enhances the richness and diversity
of features but also improves the model’s ability to adapt to the complex characteristics of
the stock market.

Secondly, the implementation of the multi-head attention mechanism represents an-
other significant contribution. This mechanism enables the network to simultaneously focus
on information from various representation subspaces. By utilizing this multi-dimensional
attention approach, the model can more effectively capture the intricate relationships
among different factors in the stock market, thereby improving both its predictive accuracy
and stability.

Through extensive experiments conducted on multiple stock indices, including
NASDAQ, HSI, and SSEC, the DCT model has demonstrated both its effectiveness and
superiority. In terms of prediction accuracy, it achieved a peak accuracy of 58.85% on
the NASDAQ dataset with a sliding window width of 30 days. When compared to other
state-of-the-art methods, the DCT model shows improvements of more than 1.99%, 2.19%,
and 2.38% across the three datasets, respectively. Regarding error metrics, the DCT model
outperforms other models by exhibiting the smallest average prediction error across all
datasets for MAE, MSE, and MAPE. Furthermore, it achieves the highest MCC values in all
three datasets, indicating a strong correlation between the predicted and actual values.

In conclusion, the DCT model proposed in this research offers significant scientific
contributions and practical value in the field of stock prediction. It serves as a more reliable
and accurate tool for investors and researchers to forecast stock movements, thereby
enabling them to make more informed decisions in the complex stock market environment.
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The following abbreviations are used in this manuscript:

DCT Deep Convolutional Transformer
HSI Hang Seng Index
SSEC Shanghai Stock Exchange Composite
MAE Mean Absolute Error
MSE Mean Square Error
MAPE Mean Absolute Percentage Error
MCC Matthews Correlation Coefficient
SVM Support Vector Machine
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CNN Convolutional Neural Network
RNN Recurrent Neural Network
LSTM Long Short-Term Memory
NLP Natural Language Processing
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