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ABSTRACT

Stock trend prediction is a significant challenge due to the inherent uncertainty and complexity of stock market time series. In this study,
we introduce an innovative dual-branch network model designed to effectively address this challenge. The first branch constructs recurrence
plots (RPs) to capture the nonlinear relationships between time points from historical closing price sequences and computes the correspond-
ing recurrence quantifification analysis measures. The second branch integrates transposed transformers to identify subtle interconnections
within the multivariate time series derived from stocks. Features extracted from both branches are concatenated and fed into a fully connected
layer for binary classification, determining whether the stock price will rise or fall the next day. Our experimental results based on historical
data from seven randomly selected stocks demonstrate that our proposed dual-branch model achieves superior accuracy (ACC) and F1-score
compared to traditional machine learning and deep learning approaches. These findings underscore the efficacy of combining RPs with deep
learning models to enhance stock trend prediction, offering considerable potential for refining decision-making in financial markets and
investment strategies.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0233275

The prediction of stock price trend has received considerable
attention due to its potential benefits for investors in making
informed decisions and risk management. However, the uncer-
tainty and high volatility of stock time series pose substan-
tial challenges to predict stock trends. It is crucial to have a
method that can effectively capture dependencies within stock
time series with high accuracy and robustness. We propose a
dual-branch model that combines recurrence plots (RPs) and
transposed transformers. The RP captures the non-stationarity
and chaos of stock price sequences, while the transposed trans-
former analyzes the intrinsic connections within the multivariate
time series of stocks. By integrating both branches, the model
predicts the trend of target stocks. Experimental results demon-
strate that this framework achieved very good classification
performance.

I. INTRODUCTION

Stock trend prediction has attracted much attention from
researchers in finance and computer science due to its potential
to maximize investment returns. The efficient market hypothesis
(EMH) proposed by Fama1 suggests that security markets, including
stock markets, are efficient in processing information. Market prices
rapidly and accurately reflect all available information, including
both public and non-public data. Consequently, historical stock
trading data are a crucial source for predicting future stock price
trends, aiding researchers in devising profitable trading strategies
for investors. However, the complex dynamics of financial markets
and the constant flux of economic indicators pose challenges for
predicting stock market movements.2–4

In the nascent stages of stock price trend prediction, statisti-
cal time series models such as ARIMA and GARCH were common,
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capturing price volatility patterns through time series statistical
properties.5–8 Babu and Reddy introduced a linear hybrid ARIMA-
GARCH model, enhancing multi-step forecasting while preserving
data trends, particularly evaluated on the Indian Stock Market.9

However, the linearity inherent in traditional models, combined
with their limited adaptability to the non-linear complexities and
high-dimensionality of financial data, often restricts their effective-
ness. This limitation results in difficulties in accurately reflecting
the intricate dynamics of stock price movements. With the emer-
gence of AI, machine learning methods such as SVM, XGBoost,
and Random Forest (RF) have been increasingly used for stock
prediction.4,10–12 Teixeira and De Oliveira proposed a hybrid model
combining nearest neighbor classification with technical analysis
for intelligent stock trading decisions.13 Yuan et al. demonstrated
the effectiveness of integrating feature selection algorithms with
machine learning models, particularly the random forest algorithm,
for optimizing stock selection in the Chinese A-share market.14

Deep learning models have been extensively applied across
various domains attributed to its ability to automatically learn
complex feature representations from large datasets and handle
non-linear problems. Research on stock trend prediction based on
deep learning can be categorized into fundamental analysis and
technical analysis.15 Fundamental analysis relies on the analysis of
a company’s financial statements, industry conditions, economic
indicators, and political events. Chen et al. improved stock move-
ment prediction by integrating a professionally curated dictionary
of fine-grained financial events into a neural model, which com-
bines news, event structures, and trade data. They further improved
generalizability through a multi-task framework supervised by the
extracted events.16 Zhang et al. introduced the CoATSMP model,
which employs a collaborative attention mechanism to adaptively
fuse financial news text with numerical stock price data for more
accurate stock movement prediction.17 Technical analysis is predi-
cated on the examination of historical stock data to project forth-
coming trends in the financial markets. Yu et al. applied a local
linear embedding (LLE) algorithm for dimensionality reduction of
stock price factors, followed by a back propagation (BP) neural
network for stock price prediction.18 Zhao and Yang proposed the
SA-DLSTM model, which integrates an emotion-enhanced convo-
lutional neural network (ECNN) for sentiment analysis, a denoising
autoencoder (DAE) for feature extraction, and a long short-term
memory (LSTM) network for stock market prediction.19

Recurrent neural network (RNN) and its variants, renowned
for their capacity to exploit temporal information in time series
data, have been widely adopted in financial forecasting. Nelson
et al. investigated LSTM for stock price prediction, utilizing histor-
ical prices and technical indicators to forecast future trends.20 Jiang
et al. combined technical indicators with macroeconomic factors
in an ensemble framework, integrating RF, Light Gradient Boost-
ing Machine, and LSTM for stock index direction prediction.21 Zhao
et al. further refined stock price forecasting by incorporating atten-
tion mechanisms into RNN, LSTM, and GRU models, enhancing the
extraction of key information from time series data.22

In recent years, a variety of time series models based on
transformers have emerged, showing promising results in differ-
ent time series forecasting tasks.23–25 Ding et al. introduced a
transformer-based approach for stock movement prediction. Their

approach incorporated a multi-scale Gaussian prior to address local-
ity, orthogonal regularization for efficient attention mechanism, and
a trading gap splitter to capture features in high-frequency financial
data. These enhancements effectively tackle the challenge of model-
ing long-term dependencies in financial time series.15 The key differ-
ence between transformers and other deep learning models is its use
of a multi-head self-attention mechanism to globally learn relation-
ships between different positions and combine features extracted
from multiple subspaces to predict the target, thereby enhance the
ability to learn long-term dependencies. Transformer-based mod-
els have gained popularity in time series prediction tasks and are
now regarded as the mainstream approach. However, existing meth-
ods may struggle with learning from multi-variate time series and
exhibit insufficient local perception. Specifically, the global self-
attention mechanism in traditional transformers may overlook local
context, and their interpretability and computational complexity
in long time series can limit their effectiveness in predicting high-
frequency stock time series.26

Despite the advancements achieved by deep learning in stock
prediction, current methods still lack interpretability and in-depth
understanding of market dynamics. Recurrence plot (RP) is a
powerful tool for visualizing nonlinear time series data,27 reveal-
ing complex dynamics and periodic behaviors within the sequences.
Recurrence quantification analysis (RQA) is a statistical quantifica-
tion of RP,28 providing an objective means of analysis through quan-
tification indicators. RP and RQA have been successfully applied
across various fields like physics and biology.29–34 In finance, they are
used to study deterministic dependencies within financial data like
stocks, exchange rates, and electricity prices. Bastos et al. employed
RP and RQA to investigate deterministic dependencies in interna-
tional stock markets, unveiling distinct dynamic characteristics of
emerging markets during financial crises.35 Yin and Shang intro-
duced multiscale recurrence plot (MRP) and multiscale recurrence
quantification analysis (MRQA) methods, applying them to the
multiscale analysis of nonlinear characteristics hidden in the stock
market.36 Niu and Wang utilized RP and RQA to study the complex
dynamics within a financial price model based on a two-dimensional
continuum percolation system.37 These techniques are crucial for
identifying cyclical patterns, anomalies, and phase synchronization
in financial markets. They serve as robust tools for gaining deep
insights into and quantifying the dynamics of financial markets.

In this work, we propose a dual-branch stock trend prediction
model that uses RQA and transposed transformers. This approach
capitalizes on the transformer’s ability to capture inter-relationships
within multivariate sequences, complemented by RQA’s effective-
ness in uncovering complex patterns in financial data. One branch
utilizes RP to capture the hierarchical structure and recursive rela-
tionships in the closing price sequences of high-frequency stock
data, followed by computation of the corresponding RQA measures.
The other branch incorporates transposed Transformer, treating
each sequence in the multivariate time series as an individual vari-
able to analyze the interrelations between them. Subsequently, the
outputs from both branches are concatenated, and these integrated
data are then processed through a fully connected layer to pre-
dict the fluctuations in the target stock’s price. By combining these
two branches, we not only capture the complex dynamics of stock
prices through RQA but also benefit from the transformer’s ability
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to understand and utilize the intricate interactions between multi-
ple financial indicators. In the conducted experiments, our proposed
model has shown superior performance over all baseline models in
terms of average accuracy and F1-score on randomly selected stocks.

II. DATA ACQUISITION

Following the approach of Ma et al.,38 we randomly selected
seven stocks from different industries in China’s A-share market to
ensure the representativeness and generalizability of our findings.
The selected stocks are shown in Table I. We collected histori-
cal data for these stocks spanning from 2018 to 2022, including
minute-by-minute information on open, close, high, low, and trad-
ing volume. Unlike the daily-level data commonly used in previous
studies, our dataset is based on minute-level granularity. Specifically,
the minute-level opening price refers to the first transaction price
recorded in a given minute, while the minute-level closing price
refers to the last transaction price of that minute. The minute-level
high price, low price, and trading volume are calculated based on the
highest price, lowest price, and the total volume traded within each
minute, respectively. Each year contains approximately 250 trading
days, with each trading day comprising 240 minutes of trading time.
The data from 2018 to 2021 were used as the training set, while
the data from 2022 were used as the test set. To standardize the
dataset and mitigate volume-related variations, we applied z-score
normalization to the collected data.

For a given trading day t, its data are represented as
Xt =

[

x1
t , x

2
t , . . . , xl

t

]

∈ R
l×p, where l = 240 denotes the number of

minutes in a trading day, p = 5 represents the number of variables
at each time point (open, close, high, low, and trading volume), and

x
j
t ∈ R

p represents the data at the jth minute of the trading day t.
To predict the closing price trend of trading day t, we used the
data from the preceding five trading days as the input. This input

is expressed as X
input
t = [Xt−T/l, Xt−T/l+1, . . . , Xt−1] ∈ R

T×p, where
T = 5l represents the total number of minutes over the past five
trading days. The input can also be expanded into a minute-based

form, i.e., X
input
t =

[

x1
t−T/l, x

2
t−T/l, . . . , xl

t−T/l, . . . , x1
t−1, x

2
t−1, . . . , xl

t−1

]

.

To simplify, we rearrange the indices and represent it as X
input
t

TABLE I. The information of selected target stocks.

Stock code Stock name Industry

002603.SZ Yiling Pharmaceutical Traditional Chinese
medicine

002432.SZ Andon Health Medical equipment
002564.SZ THVOW Technology Professional services
002407.SZ Do-Fluoride New

Materials
Chemical products

000151.SZ Do-Fluoride New
Materials

Trade industry

002864.SZ Panlong
Pharmaceutical

Traditional Chinese
medicine

600 152.SH Veken Technology.,
Ltd.

Battery industry

=
[

x1, x2, . . . , xT
]

. Our objective was to predict the trend of the stock
price on day t, specifically whether it will gain or loss. Following the
approach described in previous studies,38,39 the label is assigned a
value of 1 when the closing price rises and 0 when it falls,

yt =

{

1, xl,c
t − xl,c

t−1 ≥ 0,

0, xl,c
t − xl,c

t−1 < 0.
(1)

In this study, the price fluctuations are based on the closing
price. Previous research typically utilized daily data, calculating the
price change by comparing the current day’s closing price with that
of the previous day. Following their approach, we compute the dif-
ference using the closing price recorded at the last minute of trading

for each trading day. Therefore, xl,c
t represents the last minute-level

closing price on the t-th trading day.

III. METHODOLOGY

In our proposed framework, we implement a dual-branch
architecture as shown in Fig. 1. The first branch generates RP
from the high-frequency stock closing price time series, followed
by RQA to extract underlying complex dynamics. Simultaneously,
the second branch employs a transposed transformer to capture the

FIG. 1. The framework of the proposed model.
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interrelationships among the multivariate raw time series, specifi-
cally the interactions between the five time series of closing price,
opening price, high price, low price, and trading volume.

A. Recurrence plots and recurrence quantification

analysis

RP serves as a valuable tool for visualizing the complexity of
trajectories within the phase space of dynamic systems, revealing
the system’s temporal dynamics by identifying and marking peri-
odic or chaotic-noisy patterns. To analyze the historical closing

price sequence of the input sample on day t, denoted as X
input,c
t

=
[

x1,c, x2,c, . . . , xT,c
]

∈ R
T, we reconstruct the phase space. For clar-

ity, we represent the closing price sequence as Xc =
[

xc
1, x

c
2, . . . , xc

T

]

.
The extracted trajectories Xc

i are defined as

Xc
i =

[

xc
i , x

c
i+τ , xc

i+2τ , . . . , xc
i+(m−1)τ

]

, ∀i ∈ {1, . . . , T − (m − 1)τ }
(2)

where m represents the embedding dimension and τ is the time
delay. The total number of reconstructed vectors is given by
T r = T − (m − 1)τ . These vectors form the basis for construct-
ing a recurrence plot R ∈ R

T r×T r
, where connections between any

two trajectories Xc
i and Xc

j are determined based on their Euclidean

distance,

dist
(

Xc
i , X

c
j

)

=
√

∑m
k=1

(

xc
i,k − xc

j,k

)2

. (3)

A threshold ε is set to establish connections between different
trajectories within the plot. The Heaviside function 2 is used to rep-
resent these connections. Specifically, Rij denotes the element of the
recurrence plot and is defined as

Rij = 2(ε − dist(Xc
i , X

c
j )). (4)

If the distance between points i and j is less than the threshold
ε, then Rij = 1, indicating a recurrence between these time points,
otherwise, Rij = 0.

In this study, we choose a time delay of τ = 1, following pre-
vious research36,40 and determine the embedding dimension m as
7 using the nearest neighbor method. Additionally, the recurrence
threshold is set at 10% of the maximum phase space diameter.37,41

RPs provide a qualitative time series analysis, while RQA offers
a detailed, quantitative, and multidimensional understanding of a
system’s inherent characteristics and behaviors. Various RQA mea-
sures have been proposed to capture different aspects of the system’s
behavior.29 In this study, we utilized the PyRQA library to perform
RQA measures,42,43 and the indicators we have selected are outlined
in Table II.

Figure 2 provides examples of recurrence plots for three dis-
tinct time windows of the stock 000151.SZ and the correspond-
ing RQA measures are shown in Table III. The RR and TT for
the first time window are at moderate levels, indicating a certain
degree of recurrence in the time series during this period, but it

TABLE II. The details of selected RQA measures.

Measure Description

Recurrence Rate (RR) The frequency with which the system’s state revisits previous states. A high RR value
indicates a high degree of repetitiveness in the system’s state space.

Determinism (DET) Measures the proportion of the system’s behavior that is predictable. A high DET value
means that the system’s future states can largely be inferred from its past states.

Average diagonal line length (L) The average length of diagonal lines, reflecting the average time delay between system states.
Longest diagonal line (Lmax) The length of the longest diagonal line, indicating the longest period during which the

system remains unchanged in its state space.
Divergence (DIV) Quantifies the degree to which trajectories in the system’s state space diverge, correlating

with the system’s unpredictability.
Entropy of diagonal lines (Lentr) The entropy of the distribution of diagonal line lengths, used to measure the complexity and

unpredictability of system states.
Laminarity (LAM) Represents the proportion of the system’s state space where it remains for extended periods,

reflecting the stability and periodicity of the system’s behavior.
Trapping time (TT) The average time the system remains within a particular region of its state space, similar to

LAM but with a focus on the duration within specific areas.
Longest vertical line (Vmax) The length of the longest vertical line, indicating the longest duration that the system’s state

remains unchanged in the time series.
Entropy of vertical lines (Ventr) The entropy of the distribution of vertical line lengths, used to measure the complexity of

state changes in the time series.
Average white vertical line length (W) The average length of white vertical line (i.e., recurrence time), which may be related to the

system’s randomness or noise.
Longest white vertical line (Wmax) Length of the longest white vertical line in the recurrence matrix, indicating maximum

recurrence time in the time series.
Entropy of white vertical lines (Wentr) The entropy of the probability to find a white vertical line of exactly length in the RP, reflects

the complexity of the RP with respect to white vertical lines.
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FIG. 2. Recurrence plots of closing price on stock 000151.SZ across three different time windows.

is not strongly pronounced. This suggests that the dynamic pat-
tern is relatively stable, although there is still some randomness
and uncertainty. While Lmax and Vmax are not particularly remark-
able, Lentr and Ventr are relatively high, reflecting considerable com-
plexity within the system, which may be attributed to short-term
fluctuations.

In contrast, the second time window exhibits more complex
and unstable characteristics. The RR and TT are considerably lower
than in the first window, indicating a reduction in recurring patterns
that may be attributed to increased random fluctuations. Addition-
ally, the DIV is relatively high, suggesting that volatility in the series
is more pronounced during this period, potentially reflecting a tur-
bulent or rapidly changing market state. The shorter L and Lmax

further support the notion of instability, characterized by brief and
frequent dynamic changes.

In the third time window, both the RR and TT increase
markedly, indicating a notable rise in recurrence and stability in the
system. The significant growth in Lmax and Vmax suggests more pro-
longed state changes. However, the high Lentr and Ventr levels suggest
that while the system is more stable, it still exhibits a significant level
of complexity, which might imply the presence of various dynamic
elements contributing to its behavior.

The dynamic changes across the different time windows indi-
cate that market behavior may have experienced transitions in sta-
bility. By analyzing RQA measures, we can identify variations in
recurrence, complexity, and predictability within the system over
time.

After computing the RQA measures, we further extract features
using two consecutive fully connected layers. The first layer has an
input dimension of 13, representing the number of obtained RQA
measures, and an output dimension of fl. A dropout layer is added
after the first layer to prevent overfitting. The second layer has an

input dimension of fl and an output dimension of fr. Here, we set fl
to 128, and fr is 32.

B. Transformer block

To analyze multi-dimensional time series data, we utilize
the transformer encoder, aiming to capture intricate interactions
between different variables. As illustrated in the right half of Fig. 3,
time series data are always segmented based on timestamp in
conventional transformer models, which may lead to the loss of
inter-variable information. To address this concern, we adopt a
transposed form, treating each time series as a unique token. This
strategy enables a more comprehensive analysis of the relationships
among multiple variables.

Initially, the original multi-dimensional time series X
input
t

=
[

x1, x2, . . . , xT
]

∈ R
T×p, is processed by applying an initial lin-

ear transformation to each time series to obtain the embedding
Xe ∈ R

p×dmodel , which can be represented as

Xe =
(

X
input
t

)>
We + be, (5)

where We ∈ R
T×dmodel and be ∈ R

p×dmodel are weight and bias, respec-
tively. Here, we set dmodel to 256.

These preliminary mapped sequences are then fed into a stack
of encoders. Each encoder consists of a multi-head attention mod-
ule followed by a feed-forward network. In the multi-head attention
module, the time series is divided into h heads, each with a dimen-
sion of

dmodel
h

. In this work, we employed 8 heads. For the ith head,

we compute the mappings for queries Qi ∈ R
p×dk , keys Ki ∈ R

p×dk ,
and values Vi ∈ R

p×dk to calculate the self-attention output. This

TABLE III. RQA measures of closing price on stock 000151.SZ across three different time windows.

RR DET L Lmax DIV Lentr LAM TT Vmax Ventr W Wmax Wentr

Tw1 0.1857 0.9974 30.0773 733 0.0014 4.2214 0.9978 42.2928 229 4.3451 160.6731 1153 4.8691
Tw2 0.1856 0.9935 13.7142 320 0.0031 3.4723 0.9931 17.8076 124 3.7148 71.4237 1193 4.655
Tw3 0.3558 0.9992 49.7922 1033 0.0010 4.6826 0.9994 72.7067 708 4.7133 124.6286 1190 4.2477
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FIG. 3. The architecture of transformer’s encoder (left) and transposed form
adopted (right).

procedure can be formulated as follows:

Attentioni = softmax

(

QiK
T
i√

dk

)

Vi. (6)

The dimension dk = dmodel
h

represents the keys’ dimension and√
dk serves as a scaling factor to prevent gradient vanishing and sta-

bilize the training process. The attention outputs from all heads are
then concatenated and passed through a linear layer, which can be
described by the following expression:

MultiHead(Q, K, V) = Concat(Attentioni, . . . , Attentionh)WO.
(7)

WO ∈ R
dmodel×dmodel is the output weight matrix that integrates

the information from all attention heads. The output of the multi-
head attention module is then passed through a feed-forward layer

to yield the final output of the module. The process can be summa-
rized as follows:

FFL(X) = GeLU(MHA(X)W1 + b1)W2 + b2. (8)

W1 ∈ R
dmodel×df , W2 ∈ R

df×dmodel , b1 ∈ R
p×df , and b2 ∈ R

p×dmodel

are learnable parameters. Here, we set df to 512. MHA(·) and FFL(·)
refer to the multi-head attention module and the feed-forward layer,
respectively. Additionally, residual connections and layer normal-
ization are applied to the output following the multi-head atten-
tion module and the feed-forward network, aiming to mitigate the
problem of gradient vanishing or exploding during training.

After obtaining the output Xt ∈ R
p×dmodel after N stacked

encoders, we flatten the resulting features to obtain a one-
dimensional vector. Then, a fully connected layer is used to reduce
its dimensionality to ft. In our work, we set ft = 64 and N is 2.

C. Classification block

The classification block aims to concatenate features extracted
along the first dimension from two branches, followed by a refine-
ment process through two fully connected layers with progressively
reduced dimensions. The input dimension of the first fully con-
nected layer is (ft + fr), with an output dimension of 20. Subsequent
to the first fully connected layer, a dropout layer is integrated to
mitigate the risk of overfitting. The second fully connected layer,
taking the output of the first as its input, has an input dimension
of 20 and an output dimension of 2, specifically targeting a binary
classification prediction.

The detailed structure of the proposed model is shown in
Table IV.

IV. RESULTS

A. Training setup and evaluation metrics

Due to the distinct market characteristics, volatility patterns,
and trading behaviors of each stock, we conducted separate training
for the seven selected stocks to better capture their unique features.
The model was trained and evaluated on an Nvidia GeForce RTX
3050 GPU using the PyTorch framework. Across all experiments,
we employed the Adam optimizer with a learning rate of 3e10−6

TABLE IV. The detailed structure of the proposed model.

Block Layer Parameters Input shape Output shape

RQA-branch Linear_1 dropout: 0.2 (batch size, 13) (batch size, 128)
Linear_2 (batch size, 128) (batch size, 32)

TF-branch Embedding linear (batch size, 1200, 5) (batch size, 256, 5)
Multi-head attention heads: 8, dropout: 0.3 (batch size, 256, 5) (batch size, 256, 5)
Add and layerNorm

Feed-forward dropout: 0.3 (batch size, 256, 5) (batch size, 256, 5)
Add and layerNorm
Flatten and linear (batch size, 256, 5) (batch size, 64)

Classification Linear_1 dropout: 0.3 (batch size, 32+64) (batch size, 20)
Linear_2 (batch size, 20) (batch size, 2)
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and a batch size of 16. The cross-entropy function served as the loss
function, and to prevent overfitting, we applied a weight decay of 0.1.

For stock price trend prediction, we selected three key perfor-
mance indicators: accuracy (ACC), F1-score, and ROC-AUC, which
are defined as follows:

ACC =
TP + TN

TP + FP + FN + TN
. (9)

ACC quantifies the proportion of correct predictions made
by the classifier. It is calculated by evaluating the number of true
positive (TP), false positive (FP), true negative (TN), and false
negative (FN).

In addition to accuracy, we also consider the F1-score, which
provides a more balanced measure by combining precision and
recall,

precision =
TP

TP + FP
, (10)

recall =
TP

TP + FN
, (11)

F1 =
2 × precision × recall

precision + recall
. (12)

The F1-score balances the trade-off between precision and
recall, providing a single measure of the model’s overall perfor-
mance. Higher scores indicate better-performing models.

Finally, we use ROC-AUC as a metric to assess the model’s abil-
ity to distinguish between positive and negative classes. The ROC

curve plots the true positive rate (TPR) against the false positive rate
(FPR), and the AUC is the area under this curve. A higher AUC
indicates a better model in distinguishing the two classes.

B. Comparative experiment

To comprehensively evaluate the performance of the proposed
model, we compared it with six benchmark models: ARIMA, Ran-
dom Forest, XGBoost, LSTM, Non-stationary Transformers, and
DLinear. Brief introductions to these models are presented below.

ARIMA:44 a traditional statistical method for time series anal-
ysis. It builds predictive models by identifying autocorrelations,
trends, and seasonal patterns in the data.

Random Forest:45 an ensemble technique that enhances predic-
tive accuracy by averaging the results of multiple decision trees.

XGBoost:46 a gradient boosting framework known for its effi-
ciency and effectiveness in handling complex predictive modeling
tasks.

LSTM:47 a widely used model deep learning model for sequence
prediction. It learns long-term dependencies from historical time
series data, using unique gating mechanisms to update internal
states, thereby enabling the prediction of future trends.

Non-stationary transformers:48 proposed by Liu et al., effec-
tively addresses the performance degradation of traditional Trans-
formers when handling non-stationary time series data. This is
achieved by introducing sequence stabilization and de-stabilization
attention mechanisms.

TABLE V. Performance of baselines and the proposed model in accuracy and F1-score.

000151.SZ 002407.SZ 002432.SZ 002564.SZ 002603.SZ 002864.SZ 600152.SH Avg.

ARIMA Acc 52.20 ± 1.71 50.44 ± 4.26 43.36 ± 2.58 53.85 ± 3.70 48.67 ± 2.82 52.21 ± 2.65 53.98 ± 3.15 50.68 ± 4.62
F1 0.52 ± 0.01 0.53 ± 0.02 0.42 ± 0.01 0.50 ± 0.03 0.53 ± 0.01 0.51 ± 0.01 0.54 ± 0.02 0.51 ± 0.04

AUC 0.54 ± 0.01 0.50 ± 0.00 0.51 ± 0.06 0.53 ± 0.03 0.47 ± 0.02 0.54 ± 0.01 0.51 ± 0.02 0.51 ± 0.04

RF Acc 49.56 ± 2.15 53.9 ± 0.04 52.21 ± 1.45 56.73 ± 2.35 51.33 ± 2.17 49.56 ± 2.50 51.33 ± 0.71 52.10 ± 3.13
F1 0.48 ± 0.03 0.54 ± 0.00 0.53 ± 0.02 0.55 ± 0.02 0.57 ± 0.04 0.46 ± 0.04 0.58 ± 0.02 0.53 ± 0.05

AUC 0.54 ± 0.03 0.51 ± 0.03 0.49 ± 0.03 0.52 ± 0.03 0.51 ± 0.03 0.52 ± 0.02 0.51 ± 0.02 0.51 ± 0.03

Xgboost Acc 47.79 ± 1.45 51.33 ± 2.10 48.67 ± 0.42 49.04 ± 0.72 51.33 ± 0.72 50.44 ± 2.83 53.98 ± 2.25 50.37 ± 2.63
F1 0.55 ± 0.01 0.58 ± 0.03 0.56 ± 0.02 0.56 ± 0.07 0.58 ± 0.02 0.55 ± 0.02 0.60 ± 0.06 0.57 ± 0.04

AUC 0.52 ± 0.02 0.49 ± 0.01 0.53 ± 0.01 0.52 ± 0.01 0.46 ± 0.01 0.49 ± 0.01 0.51 ± 0.01 0.50 ± 0.01

LSTM Acc 54.69 ± 3.18 60.94 ± 1.92 57.03 ± 1.27 55.36 ± 1.36 46.09 ± 2.41 57.03 ± 2.49 58.59 ± 3.76 55.68 ± 5.02
F1 0.48 ± 0.04 0.59 ± 0.04 0.62 ± 0.06 0.57 ± 0.03 0.52 ± 0.02 0.62 ± 0.06 0.56 ± 0.01 0.57 ± 0.06

AUC 0.48 ± 0.05 0.51 ± 0.02 0.52 ± 0.05 0.55 ± 0.04 0.48 ± 0.04 0.50 ± 0.06 0.54 ± 0.01 0.51 ± 0.05

Non-stationary Acc 57.81 ± 2.00 65.18 ± 3.46 58.59 ± 1.92 65.18 ± 0.91 64.06 ± 0.91 48.44 ± 2.36 65.62 ± 1.27 60.70 ± 6.18
Transformers F1 0.52 ± 0.03 0.59 ± 0.02 0.53 ± 0.03 0.64 ± 0.02 0.69 ± 0.04 0.40 ± 0.05 0.69 ± 0.04 0.58 ± 0.10

AUC 0.45 ± 0.01 0.50 ± 0.04 0.49 ± 0.05 0.60 ± 0.01 0.58 ± 0.01 0.49 ± 0.02 0.56 ± 0.03 0.53 ± 0.06

DLinear Acc 47.66 ± 1.28 62.50 ± 1.27 49.22 ± 2.56 58.93 ± 0.91 60.94 ± 4.56 49.22 ± 1.72 64.06 ± 1.27 56.08 ± 6.95
F1 0.35 ± 0.04 0.63 ± 0.01 0.36 ± 0.03 0.56 ± 0.02 0.58 ± 0.05 0.54 ± 0.01 0.69 ± 0.04 0.53 ± 0.12

AUC 0.51 ± 0.01 0.53 ± 0.01 0.46 ± 0.02 0.57 ± 0.01 0.55 ± 0.00 0.48 ± 0.02 0.53 ± 0.01 0.52 ± 0.06

Ours Acc 59.38 ± 0.97 60.94 ± 1.61 64.06 ± 2.41 59.82 ± 2.34 65.62 ± 1.91 64.84 ± 0.97 63.28 ± 1.47 62.56 ± 2.25
F1 0.64 ± 0.01 0.66 ± 0.01 0.63 ± 0.02 0.68 ± 0.03 0.67 ± 0.02 0.55 ± 0.01 0.71 ± 0.02 0.65 ± 0.06

AUC 0.52 ± 0.01 0.55 ± 0.02 0.55 ± 0.02 0.56 ± 0.02 0.57 ± 0.02 0.54 ± 0.01 0.56 ± 0.01 0.55 ± 0.02
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DLinear:26 introduced by Zeng et al., it decomposes time series
into trend and residual sequences and uses two single-layer linear
networks to model these sequences.

The results are summarized in Table V, where bold figures
indicate the best performance for each metric. The proposed model
achieved the highest accuracy in four of the seven stocks, the highest
F1-score in six of the stocks, and the best AUC in four of the stocks.
It outperformed all baseline models on average in three metrics,
showcasing its significant superiority.

Overall, deep learning methods generally outperform classical
machine learning and traditional ARIMA models across all three
metrics. The difference in average accuracy is the most pronounced,
while deep learning methods also demonstrate stronger feature
extraction capabilities in terms of F1-score and AUC. For AUC, the
differences between models are relatively small, but deep learning
methods still demonstrate an advantage over traditional methods,
highlighting their superior feature representation capabilities.

Regarding the specific performance of deep learning models,
LSTM shows relatively balanced results, but its AUC value is close to
that of classical machine learning models. This reflects that LSTM,
due to the sequence length limitation, failed to effectively capture
discriminative features when handling high-frequency minute-level
time series. DLinear exhibits a clear polarization trend, with weaker
performance on some stocks across all three metrics, which could be
attributed to its reliance on a single-layer linear network structure
that fails to adapt to the complex dynamic features in time series.
Additionally, its decomposition strategy requires the effective sepa-
ration of trend and residual sequences, which may not be suitable for
high-frequency stock time series with significant volatility and noise,
leading to unstable performance. The non-stationary transformer
performs better than the proposed model on some stocks across
all three metrics, further proving the potential of the transformer
architecture for time series prediction. However, its performance
volatility suggests that further research and optimization of this
method are still necessary.

In general, stock price prediction is influenced by various
factors such as macroeconomic conditions, market supply and
demand, and industry trends, resulting in differences in data dis-
tribution over time that limit the generalization ability of the mod-
els. Nevertheless, the proposed model, by innovatively combining
the transposed transformer and RQA for time series analysis, still
performs best on average. This dual-branch approach effectively
learned the intrinsic connections between time points and extracts
features from multi-variate time series, enhancing the model’s abil-
ity to represent and analyze time series data.

C. Ablation study

Our ablation study focuses on two main aspects: (1) analyzing
the contributions of the RQA branch and the transformer branch;

FIG. 4. Performance evaluation of dual-branch vs RQA+cls and
transformer+cls architectures.

(2) exploring the performance of the RQA branch when using
different time series.

To further investigate the contributions of each branch to
the model’s overall performance, we conducted ablation experi-
ments. Figure 4 presents the accuracy for each stock under three
configurations: (1) the complete model framework (overall), (2) the
classifier fed directly with features extracted from the RQA branch
(RQA+cls), and (3) the classifier fed directly with features from the
transformer branch (Transformer+cls).

The results demonstrate that the dual-branch architecture
achieved optimal prediction accuracy for six out of seven stocks,
with the highest average accuracy and lowest standard devia-
tion, indicating robustness and stability. Under the RQA+cls
configuration, the model attained an accuracy of 59.55% ± 3.35%.
While this configuration performed relatively well for 600 152.SH,
its average accuracy was 3.01% lower, and its standard devia-
tion was 1.10% higher than the dual-branch model, reflecting
reduced robustness. In the transformer+cls configuration, the
model achieved an accuracy of 60.75% ± 2.57%, exhibiting slightly
lower performance in accuracy compared to the dual-branch model.
These findings highlight that the RQA branch provides sophisti-
cated nonlinear and complexity analyses, capturing dynamic system
features and uncovering intrinsic structures within the time series.
Meanwhile, the transformer, through its attention mechanism, cap-
tures multivariate correlations and learns comprehensive nonlinear
representations. By harnessing the complementary strengths of both
branches, the dual-branch architecture significantly enhances the
model’s overall performance.

Next, we explored the impact of different time series selections
on the RQA branch. We generated RP using the closing price, open-
ing price, high price, low price, and trading volume separately, fol-
lowed by RQA. The extracted features were then merged with those

TABLE VI. Comparative accuracy of RQA with various time series inputs. Boldface highlights the best performance of RQA with various time series inputs.

TF-RQAclose TF-RQAopen TF-RQAhigh TF-RQAlow TF-RQAvol TF-RQAall

Average acc 62.56 ± 2.25 61.57 ± 2.26 60.85 ± 2.25 59.84 ± 2.45 58.97 ± 2.35 59.06 ± 2.16
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from the Transformer branch for classification predictions. We also
considered a combined approach: after performing RQA, we con-
catenated the features from these five time series and fed them into
two consecutive fully connected layers, as previously mentioned.
The subsequent operations were consistent with those performed
using a single time series after RQA. The accuracy obtained under
different conditions is shown in Table VI.

The experimental results demonstrate that using the closing
price in the RQA branch achieves the best performance compared
to the other four branches. Specifically, the results from the opening
and closing prices are similar, while the performance with trading
volume is the weakest. This could be due to minute-level trading
volume being more sensitive to market fluctuations and random
trading behavior, leading to greater volatility. Notably, combining
all branches did not yield the expected improvement. This might
be attributed to the introduction of additional noise during the
input stage, increasing data complexity and exacerbating overfitting,
which ultimately reduced the model’s generalization ability.

V. CONCLUSION

In summary, we propose a hybrid dual-branch model that com-
bines RQA with transposed transformer architecture for the purpose
of stock trend prediction. The first branch leverages RP to uncover
nonlinear interdependencies within historical stock data, followed
by a detailed analysis using RQA. Meanwhile, the integration of
transposed transformer in the second branch allows for intricate
pattern detection in multivariate time series. By merging these two
branches, we create a comprehensive framework for forecasting
stock price volatility.

We collect data for the selected stocks from 2018 to 2022,
with 2018 to 2021 as the training set and 2022 as the test set. The
experimental results demonstrate an exceptional performance of our
proposed model, with an average accuracy of 62.56% an F1-score
of 0.65, and an AUC of 0.55 across a selection of seven stocks, sur-
passing all comparative baseline models. Going forward, we plan to
enhance our analytical framework by integrating elements of funda-
mental analysis, incorporating diverse data sources, and exploring
relational dynamics among various stocks, thereby enabling a more
holistic analysis.
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