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This study proposes an optimization model (SSCGL) that combines the stock price trend prediction algorithm
(CNN-GAA-LSTM) with the securities trading algorithm (SE Net SMCM) aimed at improving the accuracy
of stock price trend prediction. This model combines convolutional neural networks with gated attention ag-
gregators to enhance feature representation, introduces long short-term memory networks for trend predic-
tion, and uses a combination of compression and excitation networks and sequential Monte Carlo methods
to optimize trading decisions. The innovation of this model lies in the deep integration of sequential Monte
Carlo algorithm with Squeeze-and-Excitation Network to dynamically evaluate market trading signals. The
experimental results show that the model exhibits strong predictive performance, with a trend prediction ac-
curacy of 95.5%, an accuracy of 0.975, and a root mean square error of only 3.93%. In trading simulations, the
model performed outstandingly with a Sharpe ratio of 1.812 and a Kalmar ratio of 3.871. Empirical evaluations
showed that the annualized return rate was as high as 46.11%. These data fully demonstrate that the model can
not only accurately capture market trends, but also improve trading efficiency by effectively controlling risks
and reducing losses. Overall, this plan provides stable returns and reliable technical support for investment
activities, helping financial institutions achieve deep integration with intelligent algorithm systems.

KEYWORDS: Stock price trend prediction; Securities trading optimization; CNN; Gated attention aggrega-
tor; SE-Net; SMCM; LSTM
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1. Introduction

With the increasing complexity of data in global
financial markets and the faster pace of trading
[4]. As the core part of modern economy, studying
the dynamic changes and volatility of stock price
trends in the stock market has gradually become a
global focus [9]. The current methods for predict-
ing stock price trends have evolved from tradition-
al regression models such as support vector ma-
chines to deep learning methods such as recurrent
network neural models. However, existing methods
still have certain limitations, such as the difficulty
of grasping the feature correlation of multidimen-
sional data with a single convolutional structure,
and the potential for errors in capturing fluctuat-
ing trend signals at the same time, leading to a de-
crease in prediction accuracy [12]. Meanwhile, an
effective securities trading strategy not only relies
on accurate trend prediction, but also requires a
combination of risk control and return optimiza-
tion mechanisms to achieve stable trading under
complex nonlinear data [1, 6]. Society can further
optimize the process of securities trading, enhance
risk control and return capabilities, and allevi-
ate the subjectivity and data uncertainty issues of
traditional methods. The local feature extraction
structure of Convolutional Neural Network (CNN)
makes the algorithm adept at capturing short-term
time series features, improving the accuracy of data
and signal recognition [27]. In addition, the dynam-
ic weight allocation feature aggregation mecha-
nism of the Gated Attention Aggregator (GAA) al-
gorithm enables the algorithm to focus more on the
processing of core information, thereby capturing
deeper level feature connections and enhancing in-
formation processing capabilities [25]. Therefore,
in order to improve the accuracy of predicting stock
price trends and the efficiency of securities trading
in dynamic environments, a composite model based
on CNN-GAA is proposed by combining the advan-
tages of CNN and GAA for the prediction of stock
price trends and optimization of securities trading
processes. It is expected to improve the accuracy of
predicting stock price trends and optimizing secu-
rities trading, and provide high reliability technical
support and trading decisions for society on a con-
tinuous basis. Compared with traditional methods,
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the existing work focuses on improving a single
prediction module and integrating trend prediction
and trading decisions into an end-to-end learning
framework. The proposed model combines gated
attention mechanism with state adaptive structure,
enhancing real-time responsiveness to the market.
The security of the model lies in quantifying uncer-
tainty issues and controlling overfitting data, en-
abling real-time monitoring of position control and
market pressure. The contribution of the research
is mainly reflected in the following three aspects:
firstly, proposing a stock price trend prediction
algorithm based on CNN-GAA. The second is to
construct an innovative SSCGL securities trading
optimization model. The third is that the proposed
model has demonstrated superior performance in
predicting stock price trends and optimizing secu-
rities trading in comparative experiments, and can
be applied in the fields of stock price trends and se-
curities trading optimization. The structure of the
study is arranged as follows:

The first section elaborates on the research back-
ground. The second section introduces the current
research status in the field of stock price trend pre-
diction and trading decision optimization, ana-
lyzes the application scenarios and limitations of
convolutional neural networks (CNN) and gener-
alized adaptive algorithms (GAA), and clarifies the
research objectives. The third section provides a
detailed explanation of the design concept of the
stock price trend prediction algorithm and the con-
struction process of the trading optimization model,
ultimately forming a complete SSCGL model. The
fourth section empirically tests the performance of
stock price trend prediction and evaluates the op-
timization effect of securities trading, fully demon-
strating the superiority of the proposed algorithm
and model. The fifth section deeply analyzes the
reasons for the excellent performance of the SSCGL
model, and verifies the rationality and effectiveness
of the model through comparison with relevant re-
search in the field. The sixth section summarizes the
overall framework and advantageous features of the
model, pointing out the current limitations and fu-
ture improvement directions.



Information Technology and Control

2. Related Works

Predicting correct stock price trends can bring sig-
nificant economic benefits to investors and busi-
nesses, while also serving as the foundation for au-
tomated trading. Liu and other scholars proposed a
new learning framework based on excavator guides
to make stock data representation clearer. This
framework extracts features from high-frequency
data, captures global trends, overcomes the influ-
ence of noise, and significantly improves the predic-
tive performance of stock trends and understanding
of financial markets [11]. Patel et al. proposed a pre-
diction method that combines time convolution and
linear models to improve the accuracy of predicting
future stock prices. This method eliminates insta-
bility by driving data through random forest feature
permutation, and then utilizes convolutional struc-
tures and linear models to analyze irregular trend
components, thereby improving profits [14]. In order
to improve the problem of high-frequency signal in-
fluence in securities trading, Yuan et al. proposed an
online adaptive sequence learning framework. This
framework learns to predict various high-frequency
signal types of securities, and then uses an encoder
to understand the market price curve, quantify mar-
ket conditions, and improve the trading process [28].
Corazza [5] proposed an automated trading system
based on simultaneously optimizing three types of
parameters for optimizing financial transactions.
This method optimizes financial transactions by
only changing trading indicators and rules, without
changing other parameters, and introducing a par-
ticle swarm optimization metaheuristic method to
determine the optimal trading signal [5].

Due to the parameter sharing mechanism and local
extraction characteristics of CNN, many scholars
have conducted in-depth research on it. Nourbakhsh
et al. proposed a CNN based method to improve the
predictive performance of stock price trends. This
method combines CNN and long short-term memo-
ry networks to predict fundamental factors such as
a company’s profitability. The experimental results
show that the average absolute percentage error pre-
dicted by this method is 0.49 [13]. O. Researchers
such as Rubasinghe proposed a hybrid convolutional
neural network and long short-term memory mod-
el to predict monthly peak load. This model solves
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the problem of overfitting and improves prediction
accuracy through sequence to sequence feature
extraction [15]. Because GAA emphasizes the im-
portance of core information in sequences and im-
proves the reliability of algorithm output results,
many scholars have studied it. W. Zhou et al. pro-
posed a fusion strategy of embedded control gates
combined with GAA to segment dynamic driving
scenarios. This strategy uses the second-generation
algorithm and encoder of mobile networks for se-
mantic segmentation, and then utilizes attention re-
sidual learning strategy to restore image resolution
and complete segmentation [29]. Li et al. proposed
a gated transient fluctuation dual attention unit net-
work to enhance the maintenance capability of ro-
tating machinery. This method works collaborative-
ly through three gating mechanisms, emphasizing
target state information, adaptively adjusting the
current state, and improving the predictive perfor-
mance of the algorithm [10].

In summary, although existing research has made
some progress in stock price prediction and securi-
ties trading, further research is needed on the pre-
diction accuracy under dynamic conditions. There-
fore, a CNN-GAA based model was proposed for
stock price prediction and securities trading optimi-
zation, aiming to improve market trading efficiency.

3. Methods

3.1. Design of Stock Price Trend Prediction
Algorithm Based on CNN-GAA

To enhance the precision of stock price trend fore-
casting and the optimization of trading strategies,
this paper introduces an intelligent algorithm [26].
As a deep learning network model, CNN possesses
powerful ability in detecting local regions and spa-
tial hierarchies, with high precision and stability.
Meanwhile, GAA computes probabilistic state at-
tribution iteratively, identifies trend directions un-
ambiguously, and uses its dynamic attractor finding
mechanism to enhance market interpretation, mak-
ing trend representation smarter and prediction
more accurate [7]. Therefore, this study combines
CNN and GAA to enhance strategy generalization
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and predictive capability and proposes a CNN-GAA
algorithm for stock price trend prediction. GAA fo-
cuses dynamically on key points such as attractors
and makes decisions to facilitate the prediction of
trends in stock prices. The input of the CNN algo-
rithm is converted into a feature map sequence by
setting the stock price data of the opening, highest,
lowest, and closing prices of 20 trading day win-
dows, and then using a sliding convolution kernel to
determine the overall trend based on the combina-
tion of feature map shapes and technical indicators
such as trading volume. CNN's feature map position
creation process is represented in Equation (1).

+b. @

m,n i+m,j+n

In Equation (1), / represents the input feature map,
Krepresents the convolution kernel, b represents the
bias term, k, and k, represent the width and height of
the convolution kernel, and m and n represent inter-
nal indices of the kernel. The activation function
used in CNN is shown in Equation (2).

S (x) =max(0,x) , @)

In Equation (2), x represents the result of the convo-
lution operation. The computation of the CNN pool-
ing layer is shown in Equation (3).

Figure 1
CNN-GAA prediction flowchart.
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In Equation (3), n represents the pooling window
size, p and ¢ represent the indices of the pooling
window, and x,,, , ;. , represents each element in the
pooling window of the input feature map x. The com-
putation of the final fully connected layer is present-
ed in Equation (4).

y=Wx+b, @)

In Equation (4), W is the weight matrix. Combining
CNN and GAA enhances the algorithm’s sensitivity
to stock price changes, improving prediction accu-
racy and providing more reliable trend results. The
workflow is shown in Figure 1.

As shown in Figure 1, CNN-GAA inputs historical
stock price data and transforms it into multidimen-
sional time series matrices, which are processed in
the CNN module. The CNN module extracts local
features from the time sequences. By sliding con-
volutional kernels of different widths along the
time axis, new features are generated, processed
through activation functions, and then input to the
pooling layer. Pooling reduces feature dimensions
while retaining key characteristics, which are then
analyzed in the fully connected layer to produce
refined feature maps containing local patterns.

Convolutional
layer

it @&-
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market characteristics &ay Fully connected layer
Trend probability ) r
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The feature maps are processed in the GAA mod-
ule using attractors and self-attention mechanisms
to compute long-term dependencies and weighted
sums. The GAA module uses a gated structure to
control the output of the attention layer, iteratively
optimizing and updating feature states to generate
the predicted stock price trends. CNN-GAA applies
the Sigmoid activation function to handle nonlin-
ear data, facilitating gradient descent, as shown in
Equation (5).

Sigmoid(x) = —.
l+e"

In Equation (5), x represents the input, and e rep-
resents the base of the natural logarithm. The al-
gorithm also introduces the Gaussian Error Linear
Unit activation function to achieve regularization,
stabilizing the computation process, as shown in
Equation (6) [18].

GELU(x)=0.5x(1+ tanh(\/z(x +0.044715x%)).  ©®
T

Since CNN-GAA may face gradient vanishing issues
in trend prediction, which can reduce accuracy, the
LSTM algorithm, with its chain structure, allows in-
formation to flow continuously forward, effectively
addressing gradient vanishing and enhancing atten-
tion to long-term dependencies [8]. The optimiza-
tion process is shown in Figure 2.

As shown in Figure 2, the LSTM algorithm prepro-
cesses historical stock price data and inputs it into

Figure 2
Optimization process of LSTM algorithm.
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the program for temporal dependency modeling in
a two-layer stacked memory neural network. The
network contains 128 hidden units in each layer and
uses a dropout mechanism of 0.2 between layers to
prevent overfitting. Information flows through three
gates: the forget gate, input gate, and output gate.
The forget gate controls which information is re-
moved from the cell state, the input gate selects what
new data to store, and the output gate determines
the hidden state that represents short-term memory.
The gates work collaboratively to update cell states,
flowing vertically and horizontally, continuously
updating feature data, and producing hidden state
outputs that encode all historical information of the
sequence [21]. The process of inputting features into
memory cells in LSTM is shown in Equation (7).

if :O-(VI/)('[ht—laXt]+bi)- )

In Equation (7), W, is the input gate weight matrix,
and b, is the bias term. The forget gate computation
is shown in Equation (8).

/, :O-(W/"[hzflaX;]'*’b/). ®

In Equation (8), W, represents the forget gate weight
matrix, and bfis the bias term. The candidate update
value of the memory cell, combining input and forget
gates, is shown in Equation (9).
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In Equation (9), C~‘t represents the candidate value
for the new memory cell, W, represents the weight
matrix for updating the memory cell. The updated
memory cell computation is shown in Equation (10).

C=f-C,+i-C. (10)

In Equation (10), C, is the cell state, which con-
tains the algorithm’s memory. Leveraging LSTM's
ability to handle long sequences, the prediction
sensitivity of the algorithm is greatly enhanced.
Therefore, LSTM is applied to optimize CNN-GAA,
improving overall stock price prediction accuracy
and data processing efficiency, forming the CNN-
GAA-LSTM algorithm, abbreviated as CGL. The
structure of CGL for predicting stock price trends
is shown in Figure 3.

As shown in Figure 3, CGL extracts features from
historical stock price data and inputs them into the
CNN module for refinement. In CNN, features un-
dergo convolution to capture patterns at different
time scales. Nonlinear activation functions prevent
overfitting, followed by pooling to generate high-lev-
el feature maps retaining main characteristics.
The feature maps are analyzed by the self-atten-
tion mechanism in the GAA module. While retain-
ing temporal structure, features are converted into
vectors. Gated mechanisms enhance nonlinearity,
suppress irrelevant factors, and weighted summa-
tion produces sequences input to the LSTM module.

Figure 3

Schematic diagram of the structure of the CGL algorithm.
[ NN |
| CNN |

ill | ©

Historical | Extracted
stock price features
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LSTM maps the data vectors, establishes long-term
dependencies, and outputs data with dimensions
matching the number of classes. The output layer
transforms this into a probability distribution, se-
lecting the highest probability as the final predicted
trend. The process of extracting information from
memory cells in CGL is shown in Equation (11).

{Ot =o(W,-[h_,X,1+b,) )

h, = o, - tanh(C,)

In Equation (11), o, represents the value of the out-
put gate at ¢ time, W, represents the output gate
weight matrix, b, represents the bias term, tanh(C))
represents the activated value of the memory cell
tanh, and /, represents the hidden state at ¢ time.

3.2. Construction of Trend Prediction and
Securities Trading Optimization Model

In securities trading, providing correct behavior-
al decisions is crucial. However, trading processes
face issues such as signal fluctuations and infor-
mation delays. In order to further improve the effi-
ciency and effectiveness of the securities trading
process, increase investment returns, control risks,
and maintain market stability, a securities trading
optimization model based on the CGL algorithm was
proposed. The Squeeze-and-Excitation Networks
(SE-Net) algorithm can improve the model’s fea-
ture expression effect by enhancing adaptability and
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Figure 4
Transaction optimization process of SE-Net algorithm.
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adjusting the activation values of feature channels
in real time. The independent convolutional neu-
ral network structure of this algorithm can reduce
the algorithm’s computing resources and improve
overall operating efficiency [20, 23]. In addition, the
Sequential Monte Carlo Methods (SMCM) has the
ability to process complex nonlinear data, capture
the complex situation of multiple peaks, provide a
more complete probability distribution, and quan-
tify uncertainty information [30]. Therefore, this
study combines SE-Net and SMCM to form SE-Net-
SMCM, achieving dimensionality reduction and
market risk control. The SE-Net algorithm process
for securities optimization is shown in Figure 4.

As shown in Figure 4, SE-Net preprocesses histor-
ical financial data and extracts initial features. The
initial features, as a set of feature channel numbers,
are input into the compression stage of the algo-
rithm. In the compression stage, convolution oper-
ations compress each channel’s time series along
the time dimension, generating global feature vec-
tors that capture the overall distribution and im-
portance of each channel over the time series. In
the excitation stage, feature vectors are reduced in
dimension through the first fully connected layer
and then restored to higher dimension through the
second fully connected layer, mapping the vectors
to a unified space. Finally, through weight learning
and summation, important feature channels are en-
hanced while irrelevant channels are suppressed,
outputting the final trading decision and completing
the optimization [2]. The research defines the trad-
ing objective as maximizing the accumulation of ex-

pected returns while controlling dynamic risks, and
mathematically expressing it through a reward at
time t (Rt) function composed of optimal current re-
turns and risk penalty terms. The process of extract-
ing and compressing channel information in SE-Net
is shown in Equation (12).

ZZu @.J). 2

Il_]l

In Equation (12), Z represents the global attention
data for each channel feature, W and H represent the
width and height of the feature map, ¢ represents the
number of channels, and u represents the result af-
ter convolution. The excitation network adaptively
learns each channel and generates corresponding
weight vectors through fully connected layers and
activation functions, as shown in Equation (13).

s=oc(W,0(W,2)). (13)

In Equation (13), s represents the weight corre-
sponding to each feature map, J is the ReL.U activa-
tion function, and W, and W, are parameters of two
different fully connected layers. The SMCM simu-
lates real-world data patterns by repeated sampling
within a specific sample. The process of SMCM opti-
mizing securities trading is shown in Figure 5.

As shown in Figure 5, the SMCM algorithm initial-

izes historical financial data and establishes a parti-
cle swarm that includes hidden market states. Each
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Figure 5
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The process of optimizing securities trading using the SMCM.
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particle represents a hypothesis about the complete
market and shows the changes in market states over
time. It is mainly improved by transforming de-
terministic judgments into probabilistic dynamic
strategies. Logs calculate and update weights based
on observations, further evaluating market informa-
tion. According to the weight distribution, particles
are sequentially resampled to form a new particle
set, effectively preventing particle degeneration
and displaying the posterior distribution of the cur-
rent state. The algorithm estimates particle states,
searches for the state with maximum likelihood, and
outputs final trading decisions and signals. The im-
portance weight computation in SMCM is shown in
Equation (14).

JAC))

WOC):%' 14

In Equation (14), w(x) represents importance
weights, g(x) represents the easily sampled distribu-
tion function, and f(x) represents the density func-
tion. The diagnostic process for measuring effective
sample size is shown in Equation (15).

2
ESS J%—Wz) a5)
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InEquation (15), ESSrepresents normalized weights,
which approximate the target value. SE-Net sup-
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presses background noise, focusing the program on
target states, while SMICM adaptively tracks states
and quantifies uncertainty. Combining the two pro-
duces complete trading probability distributions
and controls market risks, providing reliable trading
decisions [3]. The SE-Net-SMCM algorithm opti-
mizing securities trading is shown in Figure 6.

As shown in Figure 6, SE-Net-SMCM captures ini-
tial features and uses them as input to SE-Net for in-
spection. Features gothrough the compression phase
and pooling, where global information is used and
new features that reflect global activation strength
are produced. After the excitation phase and adap-
tive recalibration, a weight vector with a number
of channels is generated, which signifies the rele-
vance at an instant. The addition of the weight vec-
tor results in feature maps with the best outcomes,
which are input to SMCM. The SMCM makes an
estimate of state for the vectors, observes weights to
determine them, and updates vector states. SMCM
re-samples the set of particles in accordance with
weights and gives the best state estimate of the mar-
ket now. The algorithm calculates the mean of the
set of particles, estimates uncertainty, and generates
the final trading signal, concluding the securities
trading optimization. Process for the enhancement
of feature utilization in SE-Net-SMCM is captured
through Equation (16).

X =5 -u.. (16)

c c c
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Figure 6
Operation process of SE-Net-SMCM algorithm.

2026/2/55

[-SB-Ner

d = 5] 18 910
S E > —> —j
Financial Extract =3 5 . Optimized
[97] >
data features M Weighted feature map
Probability SMCM o
distribution State 4 “x < o O <« ’ .’“
' estimation Resampling Observation Status
Uncertainty update Prediction

In Equation (16), S. represents the weight vector,
and X, represents the final output feature map of the
c-th channel. By integrating SE-Net-SMCM with
the CGL algorithm, we developed the final securities
trading optimization model named SE-Net-SMCM-
CNN-GAA-LSTM, abbreviated as SSCGL model.
This model accurately predicts stock price trends
and optimizes securities trading. The application
process of SSCGL is shown in Figure 7.

As shown in Figure 7, SSCGL inputs historical finan-
cial data and extracts initial features. The features
first enter the CNN module, which extracts local pat-
terns through sliding convolution kernels. After acti-
vation, features enter the pooling layer for analysis.
The analyzed features enter the GAA module, where

Figure 7
Workflow of the SSCGL model.

the gated structure and self-attention mechanism
perform weighted summation, producing feature
vectors containing the sequence’s core data and con-
densed contextual information. The feature vectors
are processed by two programs: stock price trend
prediction and securities trading optimization. In
trend prediction, vectors enter the LSTM module to
construct long-term dependencies, recognize com-
plex data patterns, and output trend probabilities. In
securities trading optimization, vectors pass through
the channel attention mechanism for global average
pooling and weight learning, enhancing important
features and suppressing irrelevant ones. Weight-
ed features then enter the reinforcement learning
module, where the dynamic strategy network evalu-

~ CNN GAA LSTM
A - r
= ]
j o = on Q
> E= = = 5 b
|:|[[[||:|—> —»( 5> 3 @—» E gé%—»)))
Historical Financial © g i £ Attractor Weighted — = S - Prediction of
financial data characteristics update update stock price
trends
r’j , C Re J
£ <« <€ Resampling |€— o <€ weighting [€—
Final trading Probability Status features .
. e . Excitation Squeeze
signal distribution prediction

SMCM



Information Technology and Control

ates long-term returns for trading actions, enabling
intelligent buy/sell decisions. During training, a
multi-task loss function simultaneously optimizes
prediction accuracy and trading returns, improving
overall performance. Finally, weighted features en-
ter the SMCM module, where state prediction and
resampling quantify uncertainty and output final
trades, providing higher-confidence trading deci-
sions. Among them, the reinforcement learning mod-
ule introduced in the study is a deep reinforcement
learning framework based on policy gradient, which
maximizes the cumulative return of securities trad-
ing as the reward function. Through the action space
of buying, holding, and selling, as well as the state
space of stock price characteristics and market state
characteristics, the optimization of trading decisions
is achieved, as shown in Equation (17).

an

In Equation (17), R, represents the reward function,
r,represents the transient time benefit, A represents
the transaction cost

4. Results

4.1. Performance Validation of Stock Price
Trend Prediction for SSCGL Model

To evaluate the prediction performance of the SSC-
GL model for stock price trend directions, the study
compared it with three models: the VDM-LSTM
model combining Variational Dropout Mechanism
(VDM) and LSTM, the GNN-Transformer model in-
tegrating Graph Neural Network (GNN) and Trans-
former, and the GRU-SA model incorporating Self
Attention Mechanism (SA) to improve the Gated
Recurrent Unit (GRU) algorithm. The experimen-
tal setup was configured as follows: the computer
ran Ubuntu 16.04 LTS operating system, equipped
with an AMD Ryzen 7 6800H processor and NVIDIA
GeForce RTX 3050 graphics card, along with 24GB
RAM. The deep learning framework employed Py-
Torch 1.9.0, with Python 3.7.6 as the programming
language. The training parameters included 100
iterations and an initial learning rate of 0.001. The
experimental datasets adopted daily closing prices
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of stock indices from China and the United States,
specifically the Shanghai Stock Exchange Compos-
ite Index (SSE) and the Standard & Poor’s 500 Index
(S&P 500). The stock price trend prediction study
adopts a binary classification task, with the core
objective being to predict whether stock prices will
rise or fall the following day. Regression methods
are employed to model price volatility amplitude.
Evaluation metrics for classification tasks include
confusion matrices, accuracy, recall, and F1 score,
while root mean square error and coefficient of de-
termination serve as auxiliary indicators for regres-
sion performance. The integration of these dual
metrics provides a comprehensive assessment of
trend prediction effectiveness. The conversion be-
tween classification and regression tasks is achieved
through thresholding processing, using the next-day
price return rate obtained from regression fitting as
an intermediate variable. When the return rate ex-
ceeds 0, it is labeled as the "upward” category; when
itis <0, itislabeled as the "downward” category. This
process transforms continuous values into discrete
categories, ensuring consistency between the two
types of tasks. The research defines the direction of
stock price trend as the short-term trend of the next
day, which can represent the upward or downward
direction of the closing price of a single trading day
relative to the closing price of the previous trading
day. The prediction period is set to one trading day,
that is, based on the historical characteristics set
at a certain time and before, the stock price upward
or downward trend of the next time set at a certain
time is predicted. The study conducted experimen-
tal evaluations of prediction accuracy for the SSC-
GL model against VDM-LSTM model, GNN-Trans-
former model, and GRU-SA model on both the SSE
dataset and S&P 500 dataset, using Root Mean
Square Error (RMSE) as the performance metric.
The experimental results are presented in Figure 8.

In Figure 8(a), the RMSE of prediction accuracy
for the SSCGL model on the SSE dataset after 100
iterations was 3.93%. The GRU-SA model had the
highest RMSE value for prediction accuracy, which
increased by 2.26% compared to the proposed mod-
el, with an RMSE 0f 6.19%. In Figure 8(b), the RMSE
for the proposed model’s prediction accuracy exper-
iment on the S&P 500 dataset was 2.98%, which was
3.43% lower than the GRU-SA model and also lower
than the other two models. From the above results,
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Figure 8
Comparison of RMSE results of prediction accuracy.
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the proposed model was able to control errors, sup-
press the influence of noise factors such as back-
ground interference, and predict stock price trends
more accurately. It possessed excellent prediction
performance and could provide more reliable result
data. To further explore the advantages of the pro-
posed model in predicting stock price trend direc-
tions, the study tested it with the three comparison
models on the SSE dataset and S&P 500 dataset, us-
ing cumulative mean absolute error of prediction ac-
curacy as the analysis indicator. The test results are
shown in Figure 9.

Figure ©
Comparison of cumulative mean absolute error.

As shown in Figure 9(a), the cumulative mean abso-
lute error of the proposed model on the SSE dataset
after 100 iterations of prediction accuracy testing
was 6.07%, significantly lower than the other three
models, decreasing by 7.17%, 9.84%, and 12.68% re-
spectively compared to the other three models. In
Figure 9(b), the cumulative mean absolute error
of the proposed model on the S&P 500 dataset was
6.45%, also superior to the comparison models, de-
creasing by 13.43% compared to the GRU-SA mod-
el. From the above results, it could be seen that the
proposed model demonstrated advantages in cumu-
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Figure 10
Confusion matrix results of prediction accuracy.
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lative mean absolute error testing on both datasets,
proving that this model possessed excellent gener-
alization performance, could adapt to financial data
from different stock markets, perform more accu-
rate data analysis, and provide more reliable support
for stock price trend direction prediction. To verify
that the proposed model possessed excellent stock
price prediction performance, the study tested it
with the above three comparison models on the SSE
dataset, using prediction accuracy as the metric and
displaying the data in confusion matrix format. The
test results are shown in Figure 10.

In Figure 10(a), the prediction accuracy of the pro-
posed model on the confusion matrix was 95.5%.
In Figures 10(b), (¢), and (d), the prediction accu-
racy of the VDM-LSTM model was 84.25%, while
the prediction accuracies of the GNN-Transformer
model and GRU-SA model decreased by 5.12% and
10% respectively compared to the proposed mod-
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el. From the above data results, it could be seen
that the stock price trend prediction performance
of the proposed model was significantly superi-
or to the other three comparison models. While
controlling error occurrence, it achieved high-ac-
curacy prediction, proving that this model could
still maintain excellent stability and adaptability
when facing complex market environments, could
effectively capture nonlinear data features of mar-
ket environments and identify key trend signals,
thereby improving prediction performance accu-
racy. To demonstrate the superiority of the SSCGL
model’s stock price trend prediction performance,
the study experimented with it and the three com-
parison models on the S&P 500 dataset and SSE
dataset, analyzing model performance through pre-
diction precision, F1 score, recall rate, and The Co-
efficient of Determination (R?). The experimental
results are shown in Table 1.
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Table 1
Comparison of results of multiple comprehensive indicators.
Dataset Model Precision
SSCGL 0.975
VDM-LSTM 0.899
S&P 500

GNN-Transformer 0.916

GRU-SA 0.872

SSCGL 0.963

VDM-LSTM 0.874

SSE
GNN-Transformer 0.869
GRU-SA 0.838

In Table 1, the precision of the proposed model on
both the S&P 500 and SSE datasets reached above
0.95. Its F'1 score increased by 9.84% and 12.45% re-
spectively compared to the GRU-SA model, the re-
call rate was also above 95%, and the R? coefficients
reached 0.715 and 0.709, significantly higher than
the comparison models. The experimental results
demonstrated that the SSCGL model could maintain
excellent prediction capability in different market
environments, achieving an effective balance be-
tween high precision and high recall rate. This also
proved that the proposed model, benefiting from
the attention mechanism, could dynamically focus
on key feature dimensions, effectively enhancing
the model’s ability to identify stock price data trend
changes and its robustness and generalization per-
formance against external factors.

4.2. Performance Evaluation of Securities
Trading Optimization for SSCGL Model

After verifying the performance of the SSCGL model
in predicting stock price trend directions, the study
further analyzed the securities trading optimization
performance of the SSCGL model. The study com-
pared it with the Level 2 Limit Order Book (L2VLOB)
model, the Volume-Weighted Average Price (VWAP)
model, and the Black-Litterman Model (BLM) re-
spectively. The experimental environment was set up
as follows: the computer version was Microsoft Win-
dows 10, the operating system was Ubuntu 16.04 LTS,
the processor was Intel E5-2678, the CPU model was
r7-6800H, the GPU model was GeForce RTX 3050,
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F1 (%) Recall (%) R2

96.38 9711 0.715
91.06 9143 0.531
90.08 91.23 0.529
86.58 85.76 0478
9540 95.21 0.709
86.35 8549 0.508
86.08 85.25 0.506
82.95 8347 0413

the graphics card model was NVIDIA GTX 1080Ti,
the running memory was 64GB, the deep learning
framework used was Pytorch 1.9.0, the programming
language was Python 3.7.6. The experimental data-
sets adopted stock data from the AK stock data shar-
ing library and Yahoo Finance as datasets, as well as
a self-made dataset. The self-made dataset consisted
of Midea Group stock data, with the time period set
from January 2024 to December 2025. The study ex-
perimented with the SSCGL model, LVLOB model,
VWAP model, and BLM model on the Yahoo Finance
dataset and AK stock data sharing library dataset,
using the Sharpe ratio as the indicator to judge opti-
mization performance. The experimental results are
shown in Figure 11.

As shown in Figure 11(a), the Sharpe ratio of the
SSCGL model on the Yahoo Finance dataset after
100 iterations reached 1.812, which was 0.133 high-
er than the L2VLOB model. The VWAP model and
BLM model decreased by 0.501 and 0.623 respec-
tively compared to the proposed model. In Figure
11(b), the Sharpe ratio of the proposed model on
the AK stock data sharing library dataset reached
1.894, which was superior to the L2VLOB model
and VWAP model by 0.240 and 0.478 respectively.
From the above data results, it could be seen that
the proposed model demonstrated better risk-ad-
justed return capability on both datasets and exhib-
ited strong stability when facing different market
environments, proving that this model could obtain
considerable return income through lower risk ex-
posure and was a robust model with excellent risk
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Figure 11
Comparison of experimental results of Sharpe ratio.
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Figure 12

Comparison of maximum drawdown rate and profit factor results.
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control capability and profitability. To comprehen-
sively assess the optimization performance of the
proposed model in securities trading, the study test-
ed it with the three comparison models on the AK
stock data sharing library dataset, using maximum
drawdown rate and profit factor as judgment indi-
cators. The test results are shown in Figure 12.

As shown in Figure 12(a), the maximum drawdown

rate indicator of the proposed model after 100 it-
erations reached 2.51%, which decreased by 1.99%

compared to the L2VLOB model. In Figure 12(b),
the profit factor of the SSCGL model after 100 iter-
ations was 1.738. Among the four models, the BLM
model had the lowest profit factor of only 1.193,
and SSCGL improved by 0.545 compared to BLM.
From the above results, the proposed model was
significantly superior to the comparison models in
maximum drawdown control, representing that the
model had stronger capability in controlling risk
and preserving capital. Additionally, a higher profit
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Figure 13
Comparison of Calmar ratio test results.
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factor proved that the proposed model had stron-
ger profitability in the securities trading process,
reflecting that this model possessed excellent risk
control capability and capital drawdown manage-
ment capability, with more superior optimization
performance. To further verify the advantages of the
proposed model in optimizing the securities trad-
ing process, the study tested it with the above three
comparison models on the Yahoo Finance dataset,
using the Calmar ratio as the analysis indicator. The
test results are shown in Figure 13.

In Figure 13(a), the Calmar ratio of the proposed
model on the Yahoo Finance dataset after 100 iter-
ations reached 3.871, significantly higher than the
other three comparison models. In Figures 13(b)-
(d), the Calmar ratios of the L2VLOB, BLM, and
VWAP models were 3.625, 3.151, and 2.492 respec-
tively. The L2VLOB model performed best, but its
Calmar ratio still decreased by 0.246 compared to

the proposed model. From the above results, when
facing drawdown situations, the proposed model
could still rapidly restore returns to previous highs,
proving that this model’s optimization of the secu-
rities trading process was more excellent, enabling
it to achieve outstanding risk-adjusted return per-
formance, provide enterprises with higher-confi-
dence trading signals and decisions, and effectively
improve capital utilization efficiency. To verify the
securities trading optimization performance of the
proposed model, the study experimented with it and
the L2VLOB model, VWAP model, and BLM model
on the self-made dataset, analyzing the optimization
performance of each model through two indicators:
annualized volatility and annualized return rate.
The results are shown in Figure 14.

As shown in Figure 14(a), the annualized return rate

obtained by the proposed model tested on the self-
made dataset was 46.11%, the annualized volatility



Information Technology and Control

Figure 14
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Comparison of annualized volatility and annualized rate of return.
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was 14.23%, and the fluctuation degree of the vola-
tility curve was relatively small. In Figures 14(b),
(¢), and (d), the L2VLOB model and VWAP model
decreased by 6.2% and 7.37% respectively relative
to the SSCGL model. The BLM model had the worst
performance in annualized return rate and annu-
alized volatility, decreasing by 11.59% and increas-
ing by 9.66% compared to the proposed model, and
the fluctuation degree of the volatility curve was
relatively large. From the above results, it could be
seen that the optimization decisions provided by

the proposed model under controllable risk could
help enterprises obtain returns as high as possible.
The low level of volatility meant that the model’s
prediction performance was good, proving that the
model’s optimization performance was more supe-
rior, significantly improving profitability efficiency,
while enhancing the model’s applicability in differ-
ent securities trading markets, which also meant the
stability and reliability of the model’s optimization
performance. To validate the independent contribu-
tions of each core module in the model, an ablation
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experiment was designed. Using SSCGL as the base
model, components such as CNN, GAA, and LSTM
were sequentially removed, and the model’s predic-
tion accuracy and RMSE were tested on a self-gen-
erated dataset. The results are shown in Table 2.

Table 2
Experimental results of model ablation.
Model Variant Prediction Accuracy (%) RMSE (%)
Full SSCGL 95.51 3.93
w/o CNN 87.34 6.58
w/o GAA 85.96 712
w/o LSTM 84.68 7.54
w/o SE Net 90.29 5.31
w/o SMCM 91.82 4.95

As shown in Table 2, removing any single module
resulted in a decline across all evaluation metrics,
with the complete SSCGL model achieving results of
95.51% and 3.93% respectively. The most significant
performance degradation occurred when GAA or
LSTM was removed, indicating that attention mech-
anisms and long-term dependency mechanisms play
a pivotal role in trend prediction. While the impact
of removing SENet and SMCM was relatively minor,
their contributions to risk control and uncertain-
ty quantification demonstrate the complementary
nature of these two modules. The outstanding per-
formance of the SSCGL model stems from effective
integration of its components, while also validating
the independent validity of each module.

5. Discussion

The SSCGL model proposed in the study demon-
strated superior performance in comparative ex-
periments on stock price trend direction prediction
performance. In the tests on RMSE and cumulative
mean absolute error indicators of prediction accu-
racy on the SSE dataset, the RMSE of the proposed
model was 3.93% and the cumulative mean absolute
error was 6.45%, which decreased by 2.26% and 7.17%
respectively compared to the GRU-SA model. This
was related to the advantages of the SSCGL model in
performing feature extraction and establishing long-
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term dependencies. Through the gating mechanism, it
suppressed the influence of noise such as background
interference, enhanced important feature expression,
and thus achieved the purpose of controlling errors.
This was also related to the multimodal network al-
gorithm structure combining LSTM proposed by T.
Xiang et al. for monitoring hypertension. Through
the memory gate and forget gate of LSTM, the mod-
el avoided errors created by irrelevant factors and
performed more refined information selection [24].
In terms of prediction accuracy, both the prediction
accuracy and precision of the proposed model were
above 95%, significantly superior to the other three
comparison models. This was because the CNN algo-
rithm could efficiently extract local features, helping
the modellearn the basic patterns of data and improve
data analysis capability. This was similar in principle
to the sparse image target detection algorithm struc-
ture integrating CNN proposed by P. Sun et al. for im-
proving the accuracy of target detection tasks. Both
utilized the convolutional structure of CNN to extract
data features, strengthened the capability of captur-
ing information, and achieved improvement in data
processing accuracy [16].

Inthe experiments verifying the optimization perfor-
mance of the securities trading process, the SSCGL
model also demonstrated its excellent optimization
capability. In the comparative tests of Sharpe ratio
and Calmar ratio indicators, the Sharpe ratio of the
proposed model reached 1.812 and the Calmar ratio
reached 3.871, improving by 0.133 and 0.246 respec-
tively relative to the L2ZVLOB model. This was relat-
ed to the channel attention mechanism in the pro-
posed model. Through dynamic adjustment of weight
allocation, the model focused on the parts with the
greatest information content. Through excellent
prediction capability, it enhanced risk control capa-
bility, provided optimized trading decision recom-
mendations, and thus improved investment returns.
This result was consistent with the squeeze-and-ex-
citation densely connected convolutional neural net-
work structure proposed by N. V et al. for improving
pepper yield. Both enhanced the model’s capability
to identify and analyze important features through
attention mechanisms, thereby achieving the pur-
pose of optimizing trading decision effects [19]. In
terms of maximum drawdown rate and profit factor,
the maximum drawdown rate of the proposed mod-
el was 2.51% and the profit factor was 1.738, and the
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performance of the other three comparison models
was inferior to this model. This was because the col-
laborative effect of the multi-layer gating structure
and attention mechanism of the proposed model ef-
fectively suppressed the noise interference impact
caused by market fluctuations, accurately captured
trading signal changes, and thus completed the pro-
cess of optimizing securities trading. This was relat-
ed to the novel spatiotemporal graph attention gated
recurrent transformer network proposed by the team
led by D. Wu for predicting traffic flow. Through the
GAA mechanism dynamically adjusting weight allo-
cation in different market environments, the model
adaptively adjusted strategy parameters when facing
different risks and drawdown situations, achieving
more stable returns [22]. In terms of annualized vol-
atility and annualized return rate on the self-made
dataset, the proposed model achieved a balanced
state of controlling volatility at a relatively smooth
level and returns at a stable level. This was because
the SMCM structure of this model dynamically
tracked trading signals according to market changes,
captured quantifiable uncertainty probability distri-
butions, and provided optimized trading decisions
with high confidence for the securities trading pro-
cess. This mechanism utilized the same principle as
the conditional variational autoencoder framework
proposed by W. Sun et al. for industrial sensor sam-
pling problems. Through the SMCM structure quan-
tifying uncertainty distribution to assess market
risk, the model maintained robust returns even when
facing volatility situations [17].

The contributions of the study were mainly reflected
in the following three aspects: first, proposing a stock
price trend direction prediction algorithm based on
CNN-GAA structure; second, constructing an inno-
vative SSCGL securities trading optimization model;
third, the proposed model could be successfully applied
to predicting stock price trend directions and optimiz-
ing securities trading procedures, both demonstrating
superior performance. These contributions provided
new methods for society to conduct securities trad-
ing, could serve as decision support tools for enter-
prises to make investments, and promoted the joint
development of financial information and intelligent
algorithms. The proposed model outperforms the com-
parative methods in terms of processing efficiency and
accuracy, and ensures the reliability and security of the
data through a multi-level guarantee mechanism.
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6. Summary

To more accurately respond to the complex and
changing securities market environment, control
risk and cost management, and improve long-term
effective and stable value-added returns, the study
proposed a stock price trend prediction and secu-
rities trading optimization model based on CNN-
GAA algorithm. This model first extracted local fea-
tures of stock price time series through CNN, then
combined GAA to dynamically weight important
features. The processed data by the LSTM mech-
anism captured long-term dependencies for the
stock price trend prediction process. At the same
time, the SE-Net-SMCM model comprehensively
analyzed and quantified the market uncertainty and
provided reliable trading decisions to complete the
optimization of the securities trading process. The
experimental results show that this model had a
good performance of generalization and prediction
accuracy in experiments around stock price trend
prediction. Although these two datasets represent
distinct market environments, the study employed
a time-segmented approach to minimize data leak-
age risks. By implementing non-comprehensive
generalization capability evaluation and carefully
designing training/test periods, overlapping sam-
ples between datasets were eliminated. Addition-
ally, rolling forward validation was applied, where
the model was retrained using historical data at
fixed intervals to simulate real-world trading con-
ditions. This methodology ensures all reported re-
sults represent genuine out-of-sample outcomes.
In securities trading optimization tests, this model
also had a strong capability of risk control and sta-
ble return capability. The processed data from the
model could calculate and provide more reliable
trading decisions and had more superior optimi-
zation performance. The proposed model had also
strong adaptability under different performance
validations, but it needed to improve the robustness
of the model further when it faced sudden situation
market environments. Future research is expected
to undertake a comprehensive investigation in this
field, enhance the model’s capability of identifying
complex financial data, improve the efficiency of
the model’s analysis and promote the intelligent
development of the enterprises.
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