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Abstract—Aiming at the problem that stock prices have the
characteristics of non-stationarity, nonlinearity and high
complexity, and the stock price prediction effect is poor using a
single model, a stock price prediction model CMV-BFFormer
based on the fusion of multiple methods is proposed. The model
uses complete ensemble empirical mode decomposition with
adaptive noise (CEEMDAN) to preliminarily decompose the
stock price data to reduce the non-stationarity and nonlinearity
of the stock price data. By combining the population
initialization of elite reverse learning, improved Lévy flight and
random adjustment of control parameters, a multi-strategy
rime optimization algorithm (MSRIME) is proposed to
optimize the variational mode decomposition (VMD) and avoid
subjective interference in the parameter selection process. The
optimized variational mode decomposition is used to perform
quadratic decomposition on the high-complexity components in
the stock price data, effectively solving the problem of
insufficient decomposition of stock price data. In addition, the
FECAM-Fredformer model is constructed. By combining
discrete cosine transform and channel attention mechanism, the
frequency dependence between feature channels is adaptively
modeled, and the frequency features are effectively extracted
while suppressing high-frequency noise. The cross-attention
mechanism is introduced to fuse text features and numerical
features to enhance the feature expression ability of the model.
Experimental results show that the CMV-BFFormer model is
significantly superior to existing mainstream methods in terms
of accuracy and robustness of stock price prediction.

Index Terms—Stock price prediction, CEEMDAN,
MSRIME, VMD, FECAM-Fredformer

1. INTORDUCTION

ITH the increasing complexity and volatility of the
stock market, stock price prediction has always been a
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challenging problem [1]. At present, many scholars have
proposed a variety of prediction models in this field. These
models can be mainly divided into three categories: single
statistical models, intelligent models and hybrid models.

In the early days of stock price prediction, a single
statistical model was usually used. These models analyze the
statistical characteristics of historical data, identify the
patterns and trends therein, and thus predict future stock price
trends. Common statistical models include Autoregressive
Moving Average (ARMA) [2], Autoregressive Conditional
Heteroskedasticity (ARCH) [3], Autoregressive Integrated
Moving Average Model (ARIMA) [4], and Generalized
Autoregressive Conditional Heteroskedasticity (GARCH) [5].
However, statistical learning methods mainly rely on the
linear correlation of stock prices for prediction and cannot
effectively handle the non-stationarity, nonlinearity, high
complexity, and random volatility of stock price data.
Therefore, traditional statistical models have low accuracy in
stock price prediction.

Compared with single statistical models, intelligent
models show stronger capabilities in processing complex
nonlinear and non-stationary data. For example, Jayaswara et
al. [6] used support vector regression (SVR) to predict stock
prices. The study found that SVR has significant advantages
in improving the accuracy of stock price predictions and can
effectively avoid overfitting problems. Zhang et al. [7]
proposed an N-CNN model that introduced a compensation
formula into CNN, which effectively improved the accuracy
of predictions. Qiu et al. [8] studied the structure and gating
mechanism of long short-term memory (LSTM) networks
and explored the role of attention mechanisms in improving
the processing and prediction capabilities of time series data,
especially in stock market prediction. These studies show that
intelligent models perform well in stock price prediction, but
due to the difficulty in fully capturing the key features and
important information of financial time series, the prediction
accuracy of these models is still limited and the
generalization ability needs to be improved.

In recent years, the emergence of hybrid models has
significantly improved the prediction accuracy of complex
data. For example, Daiya [9] used a fused convolution and
Transformer model to extract features from financial
indicators and news data, improving the accuracy of stock
price prediction. Jing et al. [10] combined CNN and LSTM to
classify hidden emotions of stock investors and predict
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market prices, with performance better than the baseline
classifier. Ma et al. [11] combined the LSTM model with the
ARIMA model, significantly improving the accuracy and
stability of stock price prediction. Zhao et al. [12] used
principal component analysis and decision tree fusion model
dimensionality reduction technical indicators, and made
predictions through BiLSTM with attention mechanism to
help investors formulate efficient investment strategies.
Although existing studies have solved the problems of
large data volume, nonlinearity and instability in stock price
prediction, the impact of noise on prediction accuracy has not
been completely resolved. The decomposition integral
method can decompose the original data and effectively
reduce the interference of noise on prediction accuracy. Zhu
et al. [13] combined EMD with evolutionary LS-SVM and
found that this method has significant advantages in

predicting highly non-stationary, nonlinear and irregular data.

Cao et al. [14] proposed a hybrid prediction model combining
EMD and LSTM, and verified that the hybrid model with
decomposition algorithm is better than the single prediction
model in prediction effect. Zhang et al. [15] proposed a new
deep learning prediction model. After CEEMD denoising and
PCA dimensionality reduction, the data was input into LSTM
for prediction, which was superior to the benchmark model in
terms of accuracy and profitability. Rezaei et al. [16] used
CEEMD and EMD algorithms to decompose financial time
series, and combined the hybrid model of CNN and LSTM to
extract data features and patterns, thereby significantly
improving the prediction ability of stock prices. In addition,
the bimodal data combining social media text and stock price
data effectively improved the robustness of stock price
prediction. For example, ZHAO et al. [17] constructed a
bidirectional long short-term memory network (BiLSTM)
model by integrating empirical mode decomposition (EMD),

investor sentiment analysis and attention mechanism, which
significantly improved the accuracy of stock price prediction.
Wang et al. [18] combined technical indicators and the
improved SnowNLP sentiment analysis model to
demonstrate the key role of investor sentiment index in
improving the accuracy of stock price prediction and
reducing errors such as MAE and MSE.

At present, various hybrid prediction models are emerging
one after another, especially the prediction model based on
quadratic decomposition, which has been widely used in
many fields [19-21], and its effectiveness and stability have
been fully verified. This study proposes a model based on the
quadratic decomposition method to predict stock closing
prices. The main contributions are summarized as follows: (1)
A new hybrid model is developed, which shows higher
accuracy and stability in stock price prediction. (2) By
combining CEEMDAN and MSRIME-VMD to perform
secondary decomposition on stock price data, the
non-stationarity, nonlinearity and high complexity of stock
price data are effectively solved. (3) RIME is improved
through three strategies to optimize the parameter selection
of VMD, effectively eliminating the subjective interference
in the VMD parameter selection process, thereby improving
the prediction performance of the model. (4) The BERT
model is used to extract sentiment features from stock review
data, and PCA is used to reduce the dimensionality of the
sentiment vector, thereby effectively enhancing the model's
ability to perceive market sentiment and improving the
accuracy of stock price fluctuation prediction.

II. PROPOSED METHODOLOGY

A. CMV-BFFormer model framework
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Fig. 1. Framework of the proposed model.
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The framework of the CMV-BFFormer model is shown in
Fig. 1. This model is primarily composed of components such
as CEEMDAN, MSRIME-VMD, BERT, PCA,
Cross-attention mechanism, and FECAM-Fredformer. The
model first uses BERT to extract social media text features,
and combines global average pooling and PCA whitening
transformation technology to reduce feature correlation and
redundant information and enhance semantic stability. At the
same time, the standard deviation of social media text-related
data is normalized to eliminate the dimension effect. In order
to solve the shortcomings of traditional time series
decomposition methods, the secondary decomposition
strategy of CEEMDAN and VMD is used to process stock
price time series to reduce the non-stationarity of stock price
data. In addition, a multi-strategy rime optimization
algorithm is proposed, which combines population
initialization of elite reverse learning, improved Lévy flight
and random adjustment control parameter strategy to
optimize VMD, aiming to solve the difficulties of traditional
VMD decomposition in parameter setting and improve the
robustness and effectiveness of decomposition results.
Secondly, the FECAM-Fredformer model is constructed to
extract stock price features to solve the frequency deviation
problem of traditional Transformer model in time series
prediction. The frequency-enhanced channel attention
mechanism adaptively models the frequency dependence
between channels through discrete cosine transform, avoids
the high-frequency noise problem introduced in the discrete
Fourier transform process, and enhances the ability to extract
frequency domain information. Finally, the cross-attention
mechanism is used to fuse the text features after PCA
whitening, the stock review related features and the stock
price features extracted by FECAM-Fredformer to optimize
the interactive representation between different modal
features and improve the model's comprehensive perception
of multi-source information. The CMV-BFFormer model can
effectively improve the stock price prediction accuracy by
combining secondary decomposition, frequency-enhanced
channel attention mechanism and cross-attention fusion
method, making full use of multi-source information and
overcoming the limitations of traditional methods in time
series modeling and feature fusion.

B. CEEMDAN

CEEMDAN is an improved method of EMD. Its basic
principle is to adaptively decompose the original data into
multiple intrinsic mode functions (IMFs) based on EMD.
This method is particularly suitable for nonlinear and
non-stationary time series data such as stock price prediction,
and has strong adaptability. The specific steps of CEEMDAN
are as follows.

Let f(t) be the original data, IMF, (t) be the kth intrinsic
mode function (IMF) obtained by CEEMDAN
decomposition method. EMD; (-) represents the jth IMF
extracted by EMD method. g, is used to adjust the
signal-to-noise ratio (SNR) of each level and control the
standard deviation of white noise. w®(t) is Gaussian white
noise that conforms to the standard normal distribution. In
this process, except &, which is a scalar coefficient, other

variables (such as f(t), IMF,(t), w(t), r(t)) are all
sequence long vectors.

(1) Add white noise w’(t) with a signal-to-noise ratio of
&o to the original time series data f(t), where i = 1,2,3, ..., n,
to obtain a new data series f(¢) (i = 1,2,...,n) for the first
decomposition, as shown in formula (1). Where t represents
different time points, i represents the i-th white noise added,
and n represents the total number of times white noise is
added. Assume that the stock price time series is a random
signal, whose amplitude is unpredictable but follows certain
statistical characteristics.

FHO) = f(0) + gowi(0),i =1,2,3,...,n (1)

(2) Use the EMD method to decompose the signal f*(t) n
times to obtain n IMF components. Calculate the mean using
formula (2) to obtain the first IMF of CEEMDAN, that is,
IMF, (t). Calculate the first residual 7; () using formula (3),
where EMD, (-) represents the first IMF obtained by the
EMD method. In theory, since the mean value of white noise
is zero, calculating the mean can effectively remove the
influence of white noise.

IMF,(¢) = L X1, IMF{ (¢) = S EMD, (£ (6)) @

n(t) = f(©) — IMF,(t) 3)

(3) Introduce the adaptive noise term into the first residual
1 (t) to generate a new time series. The noise term is
generated by white noise w'(t), and its intensity can be
adjusted according to the signal-to-noise ratio (SNR),
denoted as SNR,,. Perform EMD decomposition on the
signal containing adaptive noise to obtain the first IMF.
Subsequently, use this IMF as a new carrier and continue to
perform EMD decomposition to obtain the second IMF of
CEEMDAN, IMF,(t), as shown in formula (4). At the same
time, calculate the second residual 15 (t), as shown in formula
(5), where EMD, (-) represents the first IMF obtained by the
EMD method.

IMF,(t) = =2 EMD, (r, (t) + &, EMD; (W' (1)) @

1 (t) = 1,.(t) — IMF,(t) )

(4) A new adaptive noise term is introduced, which
includes white noise w® (t) (i = 1,2, ...,n) and the adjusted
noise intensity SNR,, (k = 2,3, ...,K), where K represents
the total number of IMFs after CEEMDAN decomposition.
According to formula (6), the kth IMF of CEEMDAN can be
obtained, denoted as IMF,(t). The kth residual r,(¢) is
calculated by formula (7), where EM D, (-) represents the kth
IMF obtained by the EMD method.

W(f) = % i EMDy (1., (D) + 5k—1EMDk—1(mi(t))) (6)

1 (t) = 11 (t) — IMF, (t) @)

(5) When the residual no longer exceeds two extreme
points and cannot be further decomposed, the CEEMDAN
algorithm terminates. At this point, a total of k IMFs
components are obtained. The final residual is recorded as
R(t), and the original signal f(t) can be expressed as the
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Fig. 2. CEEMDAN decomposition results.
relationship shown in formula (8). The result of the initial — w,(t) = A, (C) cos(pr(t)) )

sequence after CEEMDAN decomposition is shown in Fig. 2.
f@©) =X5 IMF.()+R(®) (8)

C. VMD

Variational mode decomposition (VMD) is a signal
decomposition method based on the variational principle. By
constructing and solving constrained variational problems,
the original signal is decomposed into multiple
single-component amplitude-frequency-modulated (AMFM)
signals. The core idea of VMD is to regard the signal to be
decomposed as a sub-signal composed of several intrinsic
mode functions (IMFs). Unlike traditional methods, VMD
adopts a completely non-recursive mode decomposition
method, which effectively avoids mode aliasing. This makes
VMD show a strong advantage in processing nonlinear and
non-stationary signals, and can adaptively determine the
frequency and amplitude changes of each IMF. The
amplitude modulation frequency modulation signal (AMFM)
can be expressed by equation (9):

In the classic VMD algorithm, each input signal can be
regarded as a linear combination of a finite number of
AMFM components:

f(8) = Zioq we () = Xy Ay (£) cos (@, (1) (10)

Where u, (t) is the kth eigenmode function; A, (t) is the
instantaneous amplitude of the kth mode; ¢y, (t) is the phase
corresponding to the mode.

D. RIME optimization algorithm

The RIME algorithm is an optimization method based on
physical mechanisms. It simulates the growth process of
soft-rime and hard-rime in RIME to explore and solve
optimization problems. The algorithm effectively performs
global optimization search through an improved forward
greedy selection strategy. Su et al. [22] divided the algorithm
into four main stages. The first stage is to initialize the rime
cluster, the second stage is to introduce the soft-rime search
strategy, the third stage is to apply the hard-rime puncture
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mechanism, and the fourth stage is the positive greedy
selection mechanism.

The position of the rime particle population R in the RIME
algorithm can be expressed as:

X11 X12 X1j
X X Xaj
R = ?1 fz :
xil xiz xij (11)

Where x;; represents the population of rime particles, i
represents the number of rime crystals, and j represents the
number of rime particles. At the same time, the fitness value
F(S;) of all rime particles can be calculated by the following
formula:

f([X11 X1z x1;1)
F(S) = f([:le xfz xz{'])
flxin X2 Xi;1) (12)

Where f represents the fitness of each rime particle.
Before solidification, each rime particle x;; will move
according to certain rules. A particle in a free state will move
in the soft ice area and solidify, but when the rime particles
exceed a certain range, they will not be able to condense. In
the process of soft ice formation, the movement of each
particle has a certain randomness, which causes the
condensation area to gradually expand and reach a stable
state under the final influence of the environment. According
to the movement characteristics of the rime particles, their
position can be expressed by the following formula:

{RE}EW = RbeSt'j +r1 -cos @ ﬂ ) (‘;D ) (UbU - LbU) + LbU)

r <E (13)

Where R represents the updated position of the particle,
Rpesr.j Tepresents the position of the jth particle of the best
crystal in the rime population R, and r; is a random number
in the range of (—1,1), which is used to control the direction of
particle movement and is iteratively updated as the particle
movement direction cos 8 changes. § is the environmental
factor, which represents the external influencing factor, and
¢ is the adhesion of the particle, which has a value range of
(0,1) and is used to control the distance between particles.
Ub;; and Lb;; represent the upper and lower limits of the
particle movement space, respectively. In order to ensure the
convergence of the algorithm, the following settings are
required:

h

8=m-
10-H

(14)
Where h is the current number of iterations and H is the
maximum number of iterations.

w-h

B=1-[7]/mw (15)

Where 5 represents the step function, w is used to control
the number of segments of the step function, and E represents
the adhesion coefficient, whose value increases with the
number of iterations, thus affecting the probability of particle
condensation. 7, is a random number in the range of (0,1),
which controls whether the selected position is updated with
E. The expression of algebraic E is:

E=,/(h/H) (16)

As the condensation area of soft-rime increases, it exhibits
strong randomness and wide coverage characteristics,
allowing the algorithm to quickly traverse the entire search
space, thereby effectively balancing global search and local
search during the optimization process. The growth of
hand-rime is affected by external factors and tends to
condense in the same direction. Since the growth direction of
hand-rime is consistent, hand-rime particles are prone to
crossover. This process promotes the exchange of
dimensions between ordinary particles and optimal particles,
which helps to improve the accuracy of the solution. During
the iteration process, the crossover and exchange between
particles effectively avoids falling into the local optimal
solution and improves the convergence of the algorithm. As
the hand-rime grows and punctures, the crossover
replacement between particles is as follows:
R;;ew — Rbestlj j?,.a < FHO?".‘?’I?'(SE) (17)

Where F™™7(S;) represents the normalized result of the
current fitness value, which is used to represent the
probability of the i-th sample being selected; 15 is a random
number in the range of (—1,1).

E.  Multi-strategy improved RIME optimization algorithm

1) Opposition-Based Learning

In the initialization phase, the position information of
individuals is usually updated randomly. When the algorithm
gradually converges to the optimal solution, the time required
for the search usually increases significantly. Therefore, the
quality of the initial population has an important impact on
the search performance of the RIME algorithm. In order to
improve the efficiency of the algorithm, the elite reverse
learning strategy is used to initialize the population to
generate a higher quality initial population, thereby
effectively reducing the time required for the optimization
process. The elite reverse learning strategy is used to generate
reverse learning individuals X, and its generation formula is
as follows:

X = k(b +ub) - X, (18)

Where ub and b represent the upper and lower bounds of
the problem respectively, and X; represents the position
information of the i-th individual in the initial population.
After the reverse individual is generated by the elite reverse
learning strategy, its fitness value is calculated and compared
with the fitness of the original individual X;, and the
individual with better fitness is selected as the optimal
solution in the current population.

2) Levy flight strategy

Lévy flight is an optimization method based on random
search paths, whose step size follows a power-law
distribution  with  heavy-tail  characteristics  (Lévy
distribution). This mechanism combines short-distance local
search with occasional long-distance global exploration,
which can effectively cover a wider search space and avoid
falling into local optimal solutions. In large-scale
optimization problems, the RIME algorithm may converge
prematurely due to the rapid decrease in population diversity,
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affecting the final performance. To solve this problem, this
study introduced the Lévy flight mechanism into the RIME
algorithm to enhance its ability to jump out of the local
optimal solution, while optimizing the overall search
efficiency and convergence performance.

By introducing the Lévy flight mechanism into RIME's
soft-rime search strategy, the individual update paths of the
RIME algorithm can randomly perform short-distance
adjustments and occasional long-distance explorations,
thereby maintaining the diversity of the population. The
calculation formula for Lévy flight can be expressed as:

xf = xt + Levy(n) @ a (19)

Where a = xf — x,, represents the difference between the
individual and the optimal solution of the current population;
€ represents the element-by-element dot multiplication
operation; x! represents the i -th solution in the ¢ -th
generation, and x, is the optimal solution in the current
population.

The random step length 5 in a Lévy flight follows a Lévy
distribution, whose probability density function is defined as:

Ls)~Is|* P 0o<p<2 (20)

The mathematical model of Lévy flight can be expressed
as:

¥ __r |1
L(s,y. i) = 1‘/; e [ 2(s—m] ()32

0 otherwise

O<u<s<cwo

21

Where the parameters y and pt are both positive values, ¥
is used as the proportional coefficient, and u is used as the
displacement parameter. The step length of Lévy flight can be
obtained by the following formula:

Levy(x) = 0.01 x 7
Ivlg (22)
Where the random variables it and v are random numbers
that obey the standard normal distribution (i.e., the mean is 0
and the variance is 1), the parameter § is 1.5, and the
calculation formula of g can be expressed as:
1/B
r(l+p)sin(np/2)
1+B8Y. . 55—
r (T) B 26-072

u =

(23)

Where I'(x) represents the gamma function, that is,
rex) =(x-1)!

By introducing Lévy flight into the RIME algorithm, not
only the global search ability of individuals in the population
is enhanced, but also occasional long jumps are used to avoid
falling into local optimality, ultimately significantly
improving the global convergence efficiency and
performance of the algorithm.

3) Random adjustment control parameter strategy

In the swarm intelligence optimization algorithm based on
population iteration, it is crucial to balance the global search
and local search capabilities. Global search enhances
population diversity and reduces the risk of local optimality,
while local search accelerates algorithm convergence. The
RIME algorithm also needs to balance these two capabilities
during the evolution process.

In the RIME algorithm, the control parameter a determines

the balance between global search and local exploitation. In
the standard RIME algorithm, a decreases linearly with the
number of iterations, thereby enhancing global search in the
early stage, but the computational overhead is large; in the
later stage, a smaller value of a promotes convergence, but it
is easy to cause the algorithm to fall into the local optimal
solution.

In order to solve this problem, a control parameter strategy
based on random adjustment is proposed. This strategy no
longer relies on the number of iterations, but dynamically
adjusts the convergence factor a in a random manner to help
the algorithm escape from the local optimal solution.
Specifically, the update formula of the convergence factor
a(t) is as follows:

a(t) = (Qpax — Gnin) “ Fand + o - randn 24)

Where a,,,, and a,,;, are the maximum and minimum
values of a, rand is a random number uniformly distributed
in the interval [0,1], randn is a random number of standard
normal distribution, and & is the variance, which is used to
control the fluctuation range of the convergence factor.
Through this random adjustment strategy, the convergence
factor can change flexibly according to the progress of the
algorithm, improve the global search ability, avoid premature
convergence, and ensure the effectiveness and stability of the
optimization process. This strategy enhances the global
exploration ability of RIME and improves the accuracy of
local search, which helps the algorithm better balance
exploration and development, and ultimately improves the
optimization performance.

F. MSRIME-VMD

MSRIME-VMD uses the powerful global search
capability and efficient parameter update mechanism of the
multi-strategy rime optimization algorithm to optimize the
number of decomposition layers K and the penalty factor a
in VMD and determine the optimal parameter combination
[K,a]. The core idea of the algorithm is to optimize the
minimum envelope entropy as a fitness function to obtain the
best parameter combination. The specific steps of the
algorithm are as follows:

(1) Initialize the relevant parameters of MSRIME and
VMD, set the rime population size, total number of iterations
H, number of decomposition levels K of the MSRIME
algorithm, and the upper and lower bounds Ub;; and Lb;; of
the optimization problem.

(2) Input the original signal to be processed into the
algorithm.

(3) Calculate the particle attachment coefficient
E = ,/h/H based on the current number of iterations h and
the total number of iterations /1. When the random number r,
is less than E, update the particle's position according to
equation (13).

(4) The particle position is updated based on the
normalized fitness value F™"™"(S§;) (i.e., the minimum
envelope entropy). If the random number 73 is less than the
normalized fitness value F™°"™7(S;), the particle position is
updated.

(5) By comparing the fitness value of each particle’s
current position with its new position, the optimal position of
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the particle and the corresponding optimal fitness value are
updated.

(6) If the current number of iterations h is less than the
total maximum number of iterations H , the optimal
parameter combination is output and brought into VMD for
signal decomposition, and the algorithm terminates. If the
termination condition is not met, the number of iterations h is
increased and the next round of iterations is continued until
the condition is met.

The decomposition result
algorithm is shown in Fig. 3.

of the MSRIME-VMD

G. FECAM-Fredformer

The structure and role of frequency enhanced channel
attention mechanism (FECAM) in FECAM-Fredformer are
shown in Fig. 4. After the Transformer encoder, each token is
subjected to discrete cosine transform (DCT) by FECAM to
obtain the corresponding frequency domain representation.
FECAM uses Squeeze and Excitation Block (SE-Block) to
selectively enhance the channels containing valid frequency
bands and optimize the frequency domain representation.
The enhanced multi-channel frequency domain information
is fused back to the time domain channel to improve the
diversity of information, and a weighted attention vector is
generated to enhance the influence of important features.
The stock price feature extraction process of
FECAM-Fredformer is based on frequency domain modeling

and Transformer encoding, aiming to improve the accuracy
and stability of stock price time series prediction. The input
stock price time series is converted to the frequency domain
through discrete Fourier transform, and the frequency
components of each channel are extracted. The frequency
features are debiased and modeled using the Transformer
encoder to suppress noise interference and optimize the
spectrum representation. To alleviate the periodic effect of
Fourier transform, discrete cosine transform is used to
enhance the frequency domain features. The FECAM
mechanism adaptively adjusts the importance of different
frequency channels through squeezing and excitation
networks to enhance the expression ability of key frequency
band information. At the same time, the model introduces
non-overlapping frequency band division operations to
subdivide and normalize the spectrum, balance the weight
distribution of key frequency components, and ensure that all
key frequency components receive equal attention. In
addition, the Transformer encoder is used to perform local
independent frequency modeling to capture the correlation
between frequency bands and further optimize feature
features through linear projection to optimize its
expressiveness in the time domain space, and reconstructs the
time series signal using the inverse discrete Fourier transform
to generate a weighted attention vector to highlight key
features and enhance the robustness and accuracy of stock
price prediction.

MSRIME-VMD
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Fig. 3. MSRIME-VMD decomposition results.
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Fig. 4. FECAM - Fredformer framework.

1) Fredformer model

Fredformer is a frequency-debiased Transformer model for
time series forecasting that aims to address the bias problem
in frequency modeling. Its architecture consists of four key
components:

(1) Backbone

Given an input sequence X, use discrete Fourier transform
(DFT) to decompose it into frequency coefficients of all
channels A!. The Transformer encoder is used to extract the
debiased frequency features from A € R¢*L. The output in
the frequency domain is reconstructed into the time domain
signal X' using the inverse discrete Fourier transform
(IDFT):

X" = IDFT(fryans(4)), A = DFT(X) (25)

(2) Frequency refinement and normalization

The frequency spectrum is subdivided into multiple
sub-frequency bands, and the frequency components are
segmented through non-overlapping patch operations to
avoid mutual interference between different frequency
components.

W = {W,, W, ..., Wy} = Patching(A), W, € R*F (26)

Where N represents the total number of patches and P
represents the length of each patch.

Since the patching operation enables the model to process
each M, independently, each W), is normalized on the
N-axis.

W, =oW,), n=12,..N (27)

Where o(-) represents the normalization operation, which
maps the value of each A, to the range of 0-1. The
proportional  difference of the probability in the
sub-frequency domain is eliminated, thereby ensuring the A
probability on all key coefficients Aj,.

Furthermore, the following normalization strategy is given

for the relative relationship between frequency patches: For
any W,,W,, e W, if max (W,)) > max (W,,) and o(-), the
normalization strategy is defined as:

W = {o(W),..,a(Wy)} (28)

This strategy ensures that within each local frequency
patch W, the amplitude differences between key frequency
components are minimized, allowing the model to pay equal
attention to all key frequencies:

max(W,") > max(W,,) (29)

The local normalization strategy in the frequency domain
can effectively reduce the frequency deviation and thus
improve the prediction performance of the model.

(3) Frequency local independent modeling

Given the normalized W, a frequency local independent
Transformer encoder is used to independently learn the

importance of each Wy, For
W = w” w@, . wiOW_ the Transformer encoder

frrans() receives each W;;(C) as an input token for
processing:

w0 _ L(1:0)
W;{ - fTrans (Wh )

Given W, (1@)’ it will be further processed by the channel

(30)

self-attention encoder. The attention mechanism is as
follows:
Attenti (Q K V) S f[f ( n”uc}ﬂ/#(w/n”(l‘mmg( T)W»,KIC)WU
ention n’ n 'n. = o maxi n n
Vd 3D
Among them, the weight matrices W7, W, W,» € RS*M

are used to generate the query matrix ,,, the key matrix K,
and the value matrix V,,, and are scaled by Vd. The attention
module includes normalization and a feed-forward layer with
residual connections, and Attention(Q,, K,,V,) € R*M,
which weights the C channel correlation of the n -th
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sub-frequency band M,,, thereby ensuring that the features of
each sub-frequency are calculated independently to avoid
learning bias.

. #(1:C * *
Given WO = (@, @

T
Wy = frrans (W;;[LC)), then by modeling the relationship

between the same frequency WS in different channels, the

© N .
.
’ n L n n=1 b lf

performance of the kth key component &, in Wn@ can be
obtained. For this key component, the following relationship
exists:

1A @n®
|Ak |0c[|Ak |}C=1 (32)

The Transformer encoder will focus on the correlation
between channels rather than the changes in all frequency
components [|A§f)|}i R that is, the debiased —|A§f)| is no
longer proportional to P(d&,). A lower P(d;) does not
necessarily lead to an increase in |Ady|, thus avoiding
excessive attention to frequency components. Frequency
debiasing is performed by applying self-attention on aligned
local features.

(4) Frequency-wise Summarization

Given the sub-frequency features W' = {W,, W, ..., Wy}
of the historical time series X , the frequency-wise
summarizing operation includes linear projection and inverse
discrete Fourier transform:

X' = IDFT(A') A’ = Linear(W') (33)

Where, X' € RE*H represents the final output of the
framework.

2) Frequency enhanced channel attention mechanism

The frequency-enhanced channel attention mechanism is
an attention mechanism designed to improve the performance
of time series prediction models. It models time series in the
frequency domain, learns frequency domain representation,
assigns weights to different channels, and evaluates the
importance of channels at each frequency. Its main feature is
the use of discrete cosine transform (DCT) to effectively
extract frequency features and solve the common Gibbs
phenomenon in Fourier transform. This method enables the
model to adaptively capture the frequency dependency
between channels, thereby effectively reducing prediction
eITOTS.

FECAM divides the input features into n subgroups along
the channel dimension, represented as [vg,vy,---, ¥, 4],
where V' € RY*F, i € {0,1,---,n — 1}, and n = N,,. For each
subgroup, the discrete cosine transform frequency
components from low frequency to high frequency are
processed in turn, and each channel is processed by the same
frequency component.

j=Ls—1 .
Freq' = DCT;(V') = Z - (v
j=0 (34)

where i €{0,1,--,N,—1} , je{01,--,N,—1} ,
Jrepresents the one-dimensional index of the frequency
component corresponding to Vi, and Freq' € R" represents
the L-dimensional vector after DCT. The vector
representation of the entire channel is obtained through stack
operation:

Freq = DCT(V) = stack([Freq®,---,Freq™ 1]) (35)

Wherein, Freq € R** represents the attention vector of
V € RY*L. The framework of the entire frequency enhanced
channel attention mechanism can be expressed as:
F, — att = o (W,8(W, DCT(V))) 36)
(37

Wherein, att is the learned attention vector, & and o are
Sigmoid and ReLU activation functions respectively, and W,

and W, are the linear layer weights learned by the squeeze
and excitation blocks.

att = o(W,8(W, 2))

III. EXPERIMENTAL VALIDATION AND RESULT ANALYSIS

A. Experimental Data Sources and Processing

The SSE177 stock index was selected as the research
sample, and the financial database Tushare was used to read
the public stock data to ensure the reliability and accuracy of
the data source. The web crawler program written in Python
was used to obtain the stock bar social media text data from
Dongfang Fortune Network to add additional data sources.

The Python Spyder web crawler technology is used to
collect unstructured text data, including post titles, number of
reads, number of comments, author, latest update date, etc. In
order to observe the prediction effect of different prediction
methods on stock indexes, the last month's data of the overall
closing day data set of each index is taken as the test set, and
the data of the first eleven months is taken as the training set.

Considering that the price fluctuation ranges of different
stocks are different, it is necessary to eliminate the impact of
different dimensions before predicting stock prices, that is, to
standardize the data before predicting stock prices:

e Noe
N == (38)
Where N is the original data; u and a are the mean and
standard deviation of the original data respectively; N ™ is the

standardized data.

B.  Experimental Settings

As a typical time series data, stock data fluctuates over
time. In order to effectively capture the deep features in stock
data, the grid search method is used to optimize the
hyperparameters of the CMV-BFFormer model. The grid
search method enumerates all possible parameter
combinations within the specified parameter range to find the
optimal parameters, thereby achieving the purpose of
optimizing the model. In order to avoid overfitting of the
CMV-BFFormer model during training, the early stopping
strategy is introduced to terminate the training in advance
before the model overfits, thereby improving the
generalization ability of the model. For the early convergence
problem, the CMV-BFFormer model adopts a dynamic
learning rate, which helps to effectively update the weights in
the gradient descent process when training the neural
network, optimize the loss function, and improve the
performance of the CMV-BFFormer. In addition, the He
Initialization method is used to reduce the deviation of the
initial values of the model parameters, thereby reducing the
risk of falling into the local optimum. By setting these
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optimized hyperparameters as the default parameters of the
model, we can simplify the parameter selection process and
reduce the complexity and uncertainty while ensuring the
model effect. Table 1 shows some of the default
hyperparameter settings used in the experiment.

TABLE I
DEFAULT HYPERPARAMETER SETTINGS IN THE EXPERIMENT

Hyperparameter name Specific settings

Optimization algorithm Adam

Activation function ReLU

Loss function Mean Absolute Error
Learning rate 0.0001

Batch_size 256

Epochs 100

C. Evaluation Metrics

In order to measure the prediction effect of the model on
stock prices, Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), and coefficient of determination (R? ) are used as
evaluation indicators:

1 ~
RMSE = [=37,(x; = £)? (39)
1 —~
MAE =137 |x, - %) (40)
1 wm (xi—3%)
MAPE = =Y, | —| (41)
m X
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RZ =1- (42)

Where m is the total number of samples, x; represents the
actual closing price of the i-th day, % is the predicted closing
price of the i-th day, and X is the mean of the closing prices.
RMSE, MAE, and MAPE are used to measure the error
between the predicted closing price and the actual closing
price. The smaller the values of RMSE, MAE, and MAPE,
the smaller the gap between the predicted value and the actual
value, and the higher the prediction accuracy of the model.
R? is usually used to evaluate the fitting effect of the model,
indicating the consistency between the predicted value and
the actual value. The maximum value of R? is 1, and the
closer the value is to 1, the better the model fits. Since the
predicted value of the regression model may be negative, R*
may also be negative.

D. Results and Analysis

In the actual environment, the random fluctuations of
individual stock prices are large, and prediction is more
difficult. In order to verify the accuracy of the
CMV-BFFormer model, six representative stocks, including

Shanghai Port Group (600018), Soochow Securities
(601555), China Communications Construction (601800),
Zhangjiang Hi-Tech (600895), Lujiazui (600663), and Dr.
Peng (600804), were selected from the SSE177 stock index
as prediction objects. The stock price prediction curve is
shown in Fig. 5.
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Fig. 5. CMV-BFFormer stock price prediction curve.
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Fig. 5 is the CMV-BFFormer stock price prediction curve.
It can be seen that in Fig. 5 (a), the stock price of 600018
fluctuated and fell after experiencing a small range of gains in
the previous period, and the overall trend was downward. In
Fig. 5 (b), the stock price of 601555 continued to fluctuate
downward after a rapid decline from a high position, and then
rebounded, but the overall trend was still downward. In Fig. 5
(c), the stock price of 601800 fell sharply after a slight
increase in the previous period, and the overall trend was
downward. In Fig. 5 (d), the stock price of 600895 fell rapidly
from a high position, and then fluctuated less for a long time,
and then fell rapidly again, and then slowly rebounded,
showing an overall downward trend. In Fig. 5 (e), the stock
price of 600663 fell rapidly after experiencing a small range
of gains in the previous period, and the overall trend was
downward. In Fig. 5 (f), the stock price of 600804 began to
slowly rebound after a large decline in the previous period,
but the overall trend was still downward. In general, the
predicted curve of the CMV-BFFormer model is highly
consistent with the trend of the actual curve, especially in the
concave and convex changes of stock price fluctuations,
which shows that the model has good accuracy and

adaptability in predicting future stock prices.

In order to verify the prediction performance of the
CMV-BFFormer model, its evaluation indicators such as
RMSE, MAE, MAPE and R? were calculated and compared
with multiple benchmark models. The relevant results are
shown in Tables II-V, respectively, which aim to
comprehensively evaluate the prediction accuracy and
stability of the model and provide a quantitative basis for its
effectiveness in practical applications.

As can be seen from Table II, for the six selected stocks,
the CMV-BFFormer model has the smallest RMSE and
shows the best prediction effect. The ETSformer model has
the largest RMSE value and the worst prediction effect.
Compared with the ETSformer model, the RMSE of the
CMV-BFFormer model is reduced by 53.72% on average. In
addition, other models such as xLSTM, TCN, and FreTS
have lower RMSE wvalues, but still fail to surpass
CMV-BFFormer. Their RMSE are 14.39%, 12.6%, and
16.35% lower than these models on average, respectively,
which further proves the significant advantage of the
CMV-BFFormer model in improving prediction accuracy.

TABLE 11
RMSE VALUES OF SIX STOCKS CORRESPONDING TO EACH MODEL
Model 600018 601555 601800 600895 600663 600804
Transformer 0.2382 0.2064 0.1696 0.3008 0.8558 0.4602
xLSTM 0.1207 0.1569 0.1538 0.2304 0.4043 0.3684
TSMixer 0.1196 0.1669 0.1853 0.2405 0.4243 0.4619
FEDformer 0.1346 0.1435 0.1719 0.1859 0.4195 0.4171
TCN 0.1154 0.1163 0.1583 0.2045 0.4184 0.3923
KAN 0.1009 0.1509 0.2236 0.236 0.503 0.5501
Reformer 0.2813 0.1553 0.1543 0.2455 0.6681 0.4293
LightTS 0.1604 0.1124 0.2237 0.24 0.5032 0.4976
FreTS 0.1168 0.1289 0.1506 0.1838 0.4441 0.4439
DLinear 0.1392 0.1397 0.185 0.2098 0.4577 0.4844
SCINet 0.1934 0.3334 0.3156 0.3374 0.56 0.6666
ETSformer 0.2556 0.4987 0.3377 0.2946 0.6341 0.6329
CMV-BFFormer 0.0981 0.1122 0.1432 0.1663 0.3897 0.3186
TABLE 111
MAE VALUES OF SIX STOCKS CORRESPONDING TO EACH MODEL
Model 600018 601555 601800 600895 600663 600804
Transformer 0.209 0.1758 0.1265 0.2583 0.7395 0.3608
xLSTM 0.0957 0.1291 0.1185 0.1806 0.315 0.2887
TSMixer 0.0972 0.1362 0.1331 0.1922 0.3516 0.3619
FEDformer 0.1038 0.1144 0.1352 0.1477 0.3394 0.3337
TCN 0.0975 0.0968 0.1112 0.1587 0.347 0.3121
KAN 0.0849 0.1124 0.1689 0.1942 0.4454 0.4511
Reformer 0.2613 0.1151 0.1149 0.2008 0.6071 0.3393
LightTS 0.127 0.0953 0.1901 0.1739 0.3979 0.4167
FreTS 0.0933 0.1071 0.1036 0.1406 0.3728 0.36
DLinear 0.1145 0.1153 0.1385 0.1553 0.3953 0.3848
SCINet 0.1567 0.2886 0.2536 0.2878 0.4839 0.5491
ETSformer 0.2182 0.3817 0.2581 0.2457 0.529 0.5799
CMV-BFFormer 0.0777 0.0902 0.1034 0.1258 0.2983 0.2498
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TABLE 1V
MAPE VALUES OF SIX STOCKS CORRESPONDING TO EACH MODEL
Model 600018 601555 601800 600895 600663 600804
Transformer 0.0291 0.0174 0.0094 0.0174 0.0369 0.02
xLSTM 0.0134 0.0127 0.0087 0.0122 0.0156 0.0157
TSMixer 0.0138 0.0135 0.0099 0.0129 0.0173 0.0199
FEDformer 0.0148 0.0112 0.01 0.0099 0.0168 0.0182
TCN 0.0138 0.0096 0.0083 0.0106 0.0171 0.0171
KAN 0.012 0.0111 0.0126 0.013 0.0218 0.0247
Reformer 0.0365 0.0115 0.0084 0.0135 0.0297 0.0186
LightTS 0.0179 0.0095 0.0141 0.0118 0.0196 0.0228
FreTS 0.0133 0.0106 0.0077 0.0095 0.0183 0.0197
DLinear 0.0163 0.0114 0.0103 0.0105 0.0194 0.0212
SCINet 0.0224 0.0281 0.019 0.0194 0.0237 0.0305
ETSformer 0.0306 0.0383 0.0194 0.0165 0.0263 0.0313
CMV-BFFormer 0.0111 0.0089 0.0076 0.0085 0.0147 0.0136
TABLE V
R? VALUES CORRESPONDING TO EACH MODEL FOR SIX STOCKS
Model 600018 601555 601800 600895 600663 600804
Transformer 0.5355 0.6823 0.8528 0.5242 0.5437 0.8785
xLSTM 0.8808 0.8164 0.879 0.7209 0.8982 0.9222
TSMixer 0.883 0.7923 0.8242 0.6958 0.8878 0.8776
FEDformer 0.8518 0.8463 0.8488 0.8182 0.8903 0.9002
TCN 0.8911 0.8991 0.8717 0.78 0.8909 0.9117
KAN 0.9167 0.8301 0.7442 0.7071 0.8423 0.8264
Reformer 0.3523 0.8201 0.8782 0.6829 0.7219 0.8943
LightTS 0.7896 0.9057 0.744 0.6972 0.8422 0.858
FreTS 0.8883 0.8761 0.8839 0.8223 0.8771 0.887
DLinear 0.8415 0.8544 0.8248 0.7685 0.8695 0.8654
SCINet 0.694 0.1708 0.4904 0.4011 0.8046 0.7451
ETSformer 0.4655 -0.8551 0.4165 0.5434 0.7494 0.7703
CMV-BFFormer 0.9213 0.9059 0.8951 0.8546 0.9054 0.9418

As can be seen from Table III, for the six selected stocks,
the CMV-BFFormer model has the smallest MAE value and
the best prediction effect. In contrast, the ETSformer model
has the largest MAE mean and the worst prediction effect.
Compared with the ETSformer model, the MAE of the
CMV-BFFormer model is reduced by 57.28% on average,
further verifying its advantage in the stock price prediction
task. This result shows that the CMV-BFFormer has a
significant advantage in prediction accuracy in all
experimental data, can more effectively capture the law of
stock price fluctuations, and has strong practical application
potential.

As can be seen from Table IV, for the six selected stocks,
the CMV-BFFormer model shows the best prediction
accuracy in stock price prediction, and its MAPE value is the
lowest, especially in the prediction of stocks 601555 and
600895, the error value is the smallest, showing a high
accuracy. In contrast, the ETSformer model has the worst
stock price prediction effect, and its MAPE value is about
60.34% higher than that of the CMV-BFFormer model on
average. In addition, although the MAPE values of xXLSTM,

TSMixer and FreTS models are relatively ideal, they still do
not reach the prediction accuracy level of CMV-BFFormer
model. Specifically, the MAPE of CMV-BFFormer model is
17.75%, 26.23% and 18.58% lower than that of XxLSTM,
TSMixer and FreTS models on average, respectively. This
further verifies the superiority of CMV-BFFormer model in
stock price prediction tasks.

As can be seen from Table V, for the six selected stocks,
the R? value of the CMV-BFFormer model is closer to 1, and
the fitting effect is the best, especially in the two stocks of
600018 and 600804, showing strong robustness and
adaptability. In contrast, the R? value of the ETSformer
model is the largest difference from 1, and the fitting effect is
the worst, especially in the stock of 601555, the R? value of
the model is even negative, indicating that its adaptability to
specific stocks is poor. Compared with the ETSformer model,
the R? value of the CMV-BFFormer model increased by an
average of 61.47%, further verifying the excellent fitting
ability of the CMV-BFFormer model in the stock price
prediction task and its stronger data adaptability.

From Tables II-V, the CMV-BFFormer model performs
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well in the stock price prediction task and is significantly
better than other comparison models. In terms of the four key
indicators of RMSE, MAE, MAPE and R?, CMV-BFFormer
shows the lowest error and the highest fit, especially in the
prediction of stocks such as 600018, 601555 and 600804,
showing the smallest error, the strongest accuracy and
stability. Although the prediction accuracy of the TCN and
xLSTM models is slightly lower than that of the
CMV-BFFormer model, they still show relatively ideal
prediction effects on many stocks. The prediction stability of
the TSMixer, FEDformer, FreTS and DLinear models is

strong, showing high reliability and certain practical
application value. The prediction effect of the KAN, LightTS
and Reformer models is poor, and they fail to reach the
accuracy level of other models, indicating that their
application effect in stock price prediction has certain
limitations. The Transformer, SCINet and ETSformer
models show large volatility in stock price prediction and the
worst prediction effect. In summary, the CMV-BFFormer
model performs best among all the comparison models,
showing strong applicability and prediction ability.
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Fig. 6. Scatter plot of the actual and predicted stock prices in twelve models.
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Fig. 6 shows the scatter distribution of the actual value and
predicted value of the stock price on twelve models,
reflecting the difference in prediction performance of
different models. As can be seen from Fig. 6, the scatter
distribution of the ETSformer model in Fig. 6 (b) is the most
dispersed, and the slope of the fitted line is 0.91, which is
significantly lower than other models, indicating that the
prediction accuracy of this model is poor. The scatter
distribution of the models of Fig. 6 (d) KAN, Fig. 6 (g)
SCINet and Fig. 6 (j) TSMixer is relatively discrete, and the
slopes of the fitted lines are 0.9556, 0.9583 and 0.9537,
respectively, and the prediction effect is relatively weak. The
scatter distribution of the models in Fig. 6 (c) FEDformer, Fig.

6 (e) LightTS and Fig. 6 (f) FreTS has converged, and the
slopes of the fitted lines are 0.968, 0.9672 and 0.9693,
respectively, showing good prediction performance. The
scatter distribution of the models in Fig. 6 (a) DLinear, Fig. 6
(h) TCN, Fig. 6 (i) Transformer, and Fig. 6 (k) Reformer is
more concentrated, and the slopes of the fitted lines are
0.9716, 0.9729, 0.9775, and 0.9737, respectively, and the
prediction effect is further improved. Among all the models,
the scatter distribution of the CMV-BFFormer model in Fig.
6 (1) is the most compact, and the slope of its fitted line
reaches 0.9873, which is close to the ideal state, indicating
that it performs best in the stock price prediction task.
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Fig. 7. Prediction residuals of twelve models.
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Fig. 7 is the prediction residual graph of the twelve models.
It can be seen that there are significant differences in the
prediction performance between the models. Specifically, the
ETSformer model in Fig. 7 (b) performs the worst, with its
maximum residual value reaching 1.2603, with violent
fluctuations and the worst prediction performance. The
residual values of the models in Fig. 7 (g) SCINet, Fig. 7 (i)
Transformer, Fig. 7 (j) TSMixer and Fig. 7 (k) Reformer are
large, 0.6241, 0.7465, 0.6003 and 0.6206 respectively, and
the fluctuation range is large, and the prediction performance
is poor. The residuals of the models of Fig. 7 (d) KAN, Fig. 7
(e) LightTS and Fig. 7 (f) FreTS are 0.5984, 0.5001 and
0.4868 respectively, with moderate fluctuations and average
prediction performance. The residuals of the models of Fig. 7
(a) DLinear, Fig. 7 (c¢) FEDformer and Fig. 7 (h) TCN are
0.4444, 0.4573, and 0.4448, respectively, with small
fluctuations and good prediction performance. The residual
distribution of the model of Fig. 7 (1) CMV-BFFormer is the
most concentrated, showing relatively optimal prediction
performance. In summary, the residual size and volatility of
the model directly affect its prediction accuracy, and the
CMV-BFFormer model performs best among all the
compared models.

Fig. 8 shows the prediction performance of different
models on six stocks, using MAE, RMSE, MAPE and R? as

600018
MAE
Tra;former
601555

0.3

CMV-BEFormer |

600663

\ = 601800

LightTs

600895

—#— Transformer —@—xLSTM —#&— TSMixer —v— Reformer

»— LightTS —<«—FreTS —»— CMV-BFFormer
MAPE 600018
0.035 ETSformer
DLinear OBAN
600804 P 601555
FEDformer .
! LightTs
xLSTM NN N
600663 XY X 601800
\\\ > .
d CMV-BFFormer
TSMixer
600895
—#—xLSTM —e—TSMixer —#—FEDformer —v— LightTS

DLinear —<— ETSformer —»— CMV-BFFormer

measurement indicators to evaluate prediction error, stability
and fitting ability. As can be seen from Fig. §, the
CMV-BFFormer model we proposed performs best in all
measurement indicators, with higher prediction accuracy,
lower error and stronger fitting ability, showing strong
robustness and wide applicability. Specifically, in terms of
MAE and RMSE indicators, the CMV-BFFormer model has
the smallest error on all stocks, indicating that it has the
highest prediction accuracy and strong error stability; in
terms of MAPE indicators, the CMV-BFFormer model still
shows the lowest relative error, indicating that the deviation
between its predicted value and the true value is the smallest,
and it has better generalization ability; in terms of R?
indicators, the R? value of the CMV-BFFormer model on all
stocks is closer to 1, indicating that it has the best fitting
effect and can better capture the trend and change law of
stock price data. In contrast, xXLSTM and TCN have certain
prediction capabilities, but there is still a gap in overall
performance and stability. The ETSformer model performs
the worst in all indicators, indicating that it is less adaptable
to financial time series data. Overall, the CMV-BFFormer
model has the best performance in complex and highly
error-sensitive financial stock price prediction tasks, and is
suitable for modeling and forecasting financial market time
series.
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Fig. 8. Radar chart of prediction evaluation indicators of different models.
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E. T-test

In order to evaluate whether there are significant
differences in the prediction effects of different stock price
prediction models, this paper uses the t-test method to
compare the p-value of the R? difference between each pair of
models, and sets the significance level to 5%. When the
p-value is less than 0.05, it means that there are significant
differences in R? between different models. In order to
facilitate the intuitive display and comparison of the
performance differences of each model, Fig. 9 shows a heat
map of the research results. The color intensity in the heat
map reflects the correlation of R? between the models, and
the darker the color, the stronger the correlation. At the same
time, the p-values between each pair of models are marked in
the figure to highlight their significant differences.
Specifically, when the p-value is less than 0.05, it is marked
with a red asterisk to indicate a significant difference.

As can be seen from Fig. 9, there are significant statistical
differences between the proposed CMV-BFFormer model
and the DLinear, ETSformer, FEDformer, KAN, LightTS,
SCINet, Transformer, and TSMixer models, indicating that
the CMV-BFFormer model performs significantly better than
these comparison models in terms of R2 This result further
verifies the uniqueness and effectiveness of the
CMV-BFFormer model in the stock price prediction task. In
addition, the CMV-BFFormer model has a high correlation
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with the three models of TCN, xLSTM, and FreTS,
indicating that these models may have certain comparability
and stable prediction capabilities. The prediction effect of the
ETSformer model is relatively poor, and the correlation with
other models is low, indicating that its adaptability on this
dataset is weak. Overall, the correlations between the models
vary greatly, further revealing the performance and
applicability of different models in the stock price prediction
task.

F. Ablation Experiments

In order to evaluate the role of each module in the model
and the necessity and effectiveness of its design, the key
modules were analyzed in detail through ablation
experiments. Specifically, three sets of experiments were
designed for the CMV-BFFormer model, removing the
CEEMDAN, MSRIME-VMD and FECAM modules
respectively, and obtaining three different variant models
MV-BFFormer, C-BFFormer and CMV-BFormer. The
experimental results are shown in Table VI. To ensure the
accuracy and reliability of the experimental results, all
variant models maintain the same relevant parameter settings
as the CMV-BFFormer model to exclude potential
interference of other factors on the model effectiveness
analysis.
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Fig. 9. T-test.
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TABLE VI
COMPARISON OF ABLATION EXPERIMENT RESULTS
Model Metric 600018 601555 601800 600895 600663 600804
MV-BFFormer RMSE 0.1107 0.1142 0.2181 0.1665 0.4164 0.4083
MAE 0.0877 0.0906 0.1528 0.1282 0.3451 0.3259
MAPE 0.0124 0.009 0.0111 0.0099 0.017 0.0178
R? 0.8997 0.9027 0.8886 0.8516 0.8919 0.9044
C-BFFormer RMSE 0.1194 0.1123 0.1483 0.191 0.4111 0.4064
MAE 0.0953 0.0909 0.1081 0.1347 0.3354 0.3232
MAPE 0.0136 0.0097 0.008 0.0091 0.0166 0.0176
R? 0.8834 0.9048 0.8874 0.8081 0.8947 0.9053
CMV-BFormer RMSE 0.1184 0.1125 0.1509 0.1846 0.4043 0.3916
MAE 0.0957 0.0919 0.1105 0.138 0.3299 0.302
MAPE 0.0136 0.0091 0.0082 0.0093 0.0163 0.0164
R? 0.8853 0.9055 0.8835 0.8208 0.8981 0.9121
CMV-BFFormer RMSE 0.0981 0.1122 0.1432 0.1663 0.3897 0.3186
MAE 0.0777 0.0902 0.1034 0.1258 0.2983 0.2498
MAPE 0.0111 0.0089 0.0076 0.0085 0.0147 0.0136
R? 0.9213 0.9059 0.8951 0.8546 0.9054 0.9418

As shown in Table VI, the CMV-BFFormer model is
superior to its variant model in all performance indicators.
Compared with the variant model MV-BFFormer, the RMSE,
MAE and MAPE of the CMV-BFFormer model are reduced
by 14.37%, 16.38% and 16.58% respectively, and the R? is
increased by 1.57% on average, which verifies the
effectiveness of the CEEMDAN algorithm and shows that
CEEMDAN can effectively eliminate the noise interference
in the signal and retain the effective components of the signal,
thereby providing a more accurate and noise-free signal for
subsequent analysis, ensuring the validity and reliability of
the data. Compared with the variant model C-BFFormer, the
RMSE, MAE and MAPE of the CMV-BFFormer model are
reduced by 11.55%, 13.09% and 13.67% respectively, and
the R?is increased by 2.59% on average, which verifies the
effectiveness of the MSRIME-VMD algorithm, indicating
that MSRIME-VMD can decompose the signal more finely,
remove noise and extract multi-scale frequency domain
information, thereby effectively avoiding the problem of
modal aliasing in the process of stock price data
decomposition. In addition, compared with CMV-BFormer,
the RMSE, MAE and MAPE of the CMV-BFFormer model
were reduced by 9.85%, 11.5% and 11.66% respectively, and
the R? was increased by 2.19% on average, which verified the
effectiveness of FECAM and showed that FECAM can
significantly improve the model prediction performance and
generalization ability by capturing the frequency
characteristics in stock price data and revealing the potential
laws and patterns in stock prices. In general, in the
CMV-BFFormer hybrid prediction model, the introduction of
CEEMDAN, MSRIME-VMD and FECAM effectively
improved the accuracy of stock price prediction and
optimized the performance of the model.

G. Sensitivity Analysis

In order to explore the sensitivity of different
hyperparameters to the model, this paper selects two key
hyperparameters for experimental analysis, namely the size
of the sliding window and the number of encoder layers. By

evaluating the RMSE and R? of the model on different
datasets, the optimal parameter settings for model
performance are found. The specific experimental results are
shown in Fig. 10 and Fig. 11 respectively.

The sliding window slices the time series with a fixed
length. If the window length is too small, important long-term
dependencies may be ignored, resulting in insufficient ability
of the model to capture global information; on the contrary, if
the window length is too large, too much noise may be
introduced, increasing the difficulty of the model to learn
effective features, thereby affecting the prediction accuracy.
Therefore, the size of the sliding window plays an important
role in balancing information retention and noise suppression.
On the other hand, the choice of the number of encoder layers
directly affects the expressiveness and learning ability of the
model. Fewer encoder layers may cause the model to be
unable to fully explore the complex patterns in the data,
resulting in underfitting; while too many layers may lead to
overfitting, increase computational complexity and weaken
the generalization ability of the model. Therefore, choosing
the appropriate sliding window size and encoder layers is a
key factor in improving the stock price prediction
performance of the model.

Fig. 10 shows the RMSE and R? changes of the
CMV-BFFormer model on four stocks, 600018, 601555,
601800 and 600895, under five different settings of sliding
window size m € {10,15,20,25,30}. It can be observed from

Fig. 10 (a) that as the sliding window size increases, the
RMSE value of the model shows a trend of first decreasing
and then increasing. When the sliding window size is 20, the
prediction error of the CMV-BFFormer model is the smallest
and the performance is the best. At the same time, Fig. 10 (b)
shows that when the sliding window size is 20 or 25, the R?
value of the CMV-BFFormer model reaches the maximum,
indicating that the model has the best fitting effect at this time.
Considering the performance of the two indicators of RMSE
and R?, the sliding window size of 20 is finally selected as the
optimal parameter setting, in order to achieve the best
balance of the performance of the CMV-BFFormer model.
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Fig. 11. Variation of model RMSE and R? with number of encoder layers on each stock dataset.

Fig. 11 shows the changes in RMSE and R? of the
CMV-BFFormer model on four stocks, 601800, 600895,
600663 and 600804, under five different settings of the
number of encoder layers n € {1,2,3,4,5}. From Fig. 11 (a), it

can be observed that when the number of encoder layers is 3,
the RMSE value of the CMV-BFFormer model is the
smallest, indicating that the prediction accuracy of the model
is the best under this parameter setting. Fig. 11 (b) shows that,
except for 600895, the R? values of the other three stocks
reach the maximum when n=3, indicating that the model has
the best fitting effect at this time. Therefore, considering the
RMSE and R? values comprehensively, the number of
encoder layers is selected as 3 as the optimal configuration.

IV. CONCLUSION

Aiming at the limitations of the single decomposition
method and the problem of insufficient frequency
information extraction in the stock price prediction task, a
stock price prediction model CMV-BFFormer based on
quadratic decomposition and frequency-enhanced channel
attention mechanism is proposed. The model combines
CEEMDAN and VMD to construct a quadratic
decomposition method, fully utilizing the advantages of both
to process stock price data, effectively extract periodic and
trend components, and reduce the complexity of stock price
data. At the same time, in order to solve the uncertainty
problem of parameter selection of VMD algorithm, a
multi-strategy rime optimization algorithm is proposed to

optimize the combination of VMD parameters and enhance
the stability and reliability of decomposition results. In order
to improve the model's ability to express frequency
information and suppress the interference of high-frequency
noise on prediction accuracy, a frequency-enhanced channel
attention mechanism is introduced. This mechanism
combines discrete cosine transform with channel attention
mechanism to strengthen the frequency dependency between
feature channels and improve the model's ability to capture
key frequency information. In addition, CMV-BFFormer
adopts a cross-attention mechanism to fully integrate
multimodal information and improve the model's
comprehensive  perception of  multi-source  data.
Experimental results show that the CMV-BFFormer model
outperforms most baseline methods. Compared with the
DLinear, FEDformer and TSMixer models, the
CMV-BFFormer model has an average improvement of
27.5%, 19.5% and 25.7% in MAE on the six selected stocks,
respectively, indicating the superiority of the model in the
stock price prediction task.
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