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ABSTRACT. Stock is a vital component of the financial market, and how to accurate-
ly predict stock price trend is a popular topic and open problem. In order to achieve
higher prediction accuracy, we propose a personalized model based on simple recurrent
unit (PSRU), which can effectively eliminate the impact of noise and diversity of stock
price series. Specifically, we firstly introduce variational mode decomposition (VMD) in
terms of parameter determination for denoising parameters and perform denoising on
the time series, effectively reducing the noise in the data and improving the prediction
accuracy. Then, to better capture the characteristics of diverse time series, we cluster
the time series into multiple classes, and each class fits an optimal prediction model.
Especially, to improve the clustering, we introduce the dynamic multi-perspective per-
sonalized similarity measurement (DMPSM), which can help avoid singularities, time
shifts and warping in time series. Finally, SRU is adopted as the prediction model which
can achieve high prediction accuracy with excellent mapping and parallel processing ca-
pabilities. The experimental results show that PSRU outperforms other commonly used
time series forecasting methods on multiple performance metrics, demonstrating the ef-
fectiveness and superiority of PSRU in stock price prediction, especially in dealing with
nonlinear and non-stationary time series data.

Keywords: Stock price trend prediction, Variational mode decomposition, Simple re-
current unit, Personalized similarity measurement

1. Introduction. As one of the most popular ways of financial management, stock inves-
tigation has attracted more and more institutional and individual investors [1]. Accurate
stock price trend prediction can not only reduce the risk of investment decision-making
2], but also effectively promote the stability of financial market and the healthy develop-
ment of economy. However, the stock price is highly noisy, nonlinear and non-stationary
due to many factors in real-world financial market, such as exchange rate, inflation rate,
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economic policy, and political emergencies [3]. Certainly, the fluctuation trends of differ-
ent stock price series are also very different and diverse. Therefore, accurate prediction of
stock price trend is still a challenging task and open problem [4].

To date, many methods have been proposed for stock price trend prediction, which can
be roughly grouped into three categories. The first category is the statistical methods.
Stock prices over time are essentially time series [5], and the most commonly used predic-
tion methods of time series include autoregressive integrated moving average (ARIMA)
6], autoregressive conditional heteroskedasticity (ARCH) [7], generalized autoregressive
conditional heteroskedasticity (GARCH) [8], etc. Ariyo et al. applied ARIMA to published
stock data, and the results revealed that ARIMA had a strong potential for short-term
prediction [9]. Zheng et al. optimized and improved ARIMA algorithm by combining inter-
vention analysis technology [10]. Kristjanpoller and Hernédndez used the GARCH model
extended with exogenous variables to predict the price volatility, which can obtain better
forecasting [11]. However, these statistical methods still cannot completely capture the
characteristics of the stock price data [12]. The nonlinearity, non-stationary and even sea-
sonally volatility of stock data also make the basic assumptions of these methods barely
hold in real-world practice [13].

The second category is the machine learning methods. With the rapid development of
artificial intelligence techniques in recent decades, numerous machine learning methods
have been employed for financial time series analysis [14,15]. For example, Kim applied
support vector machine (SVM) [16] to stock price prediction and achieved better results
than statistical prediction models [17]. Support vector regression (SVR) [18] is proposed
on the basis of SVM in order to better solve the regression problem in stock price predic-
tion. Huang optimized the SVR model using genetic algorithm, and verified its effective-
ness on the data from Taiwan stock market [19]. Decision tree regression (DTR) is also a
popular supervised learning method for target value prediction [20]. Rathan et al. utilized
DTR to predict crypto-currency’s price which got acceptable performance [21]. Despite
the effectiveness of the above machine learning methods, they are not able to deal with
massive data and reflect more complex mapping relationships. Therefore, it is necessary
to develop more advanced methods to better handle the stock data.

The third category is the deep learning methods. With the advent of big data and
high-performance computation technology, deep learning has made great achievements in
many fields, such as image classification [22], speech recognition [23], and object detec-
tion [24]. In view of this, researchers have applied deep learning to the stock market for
more accurate prediction [25]. Nikou et al. used artificial neural network (ANN), SVR,
random forest (RF) and long short-term memory (LSTM) to predict the closing price
of stock respectively, and the experimental results showed that LSTM had the highest
precision [26]. Li et al. achieved effective prediction of industry rotation by constructing
a multi-dimensional factor dataset and employing an attention LSTM model [27]. Cho
et al. firstly proposed gated recurrent unit (GRU) with higher training efficiency than
LSTM [28]. Li et al. adopted GRU to predict time series data, and the empirical research
on stock data confirmed the superiority of GRU in terms of accuracy and speed [29].
Alsheebah and Al-Fuhaidi proposed a deep learning model based on the gated recurrent
unit (GRU) algorithm, which significantly improved the accuracy of predicting the next-
day closing price of the stock market by incorporating exogenous variables [30]. On the
basis of LSTM and GRU, simple recurrent unit (SRU) [31] was proposed in 2017, which
further improved the operation efficiency by parallelizing some operations. Motivated by
the idea that the integration of two deep learning models as a hybrid model can achieve
better prediction performance, Kim and Kim combined LSTM and convolutional neural
network (CNN) which was used to predict stock prices from the perspectives of time series
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and chart images [32]. Moreover, several methods choose to reconstruct prediction series
through decomposition algorithms and similarity measurement of time series before using
the deep learning model. Cao et al. established a new hybrid model by combining com-
plete ensemble empirical mode decomposition (CEEMD) and LSTM, which achieved a
better performance than a single LSTM model and other hybrid models such as CEEMD-
SVR, and EMD-LSTM [33]. Niu et al. introduced a hybrid stock price index forecasting
model based on variational mode decomposition (VMD) and LSTM, which shows obvi-
ous advantage over some single models as well as the EMD-based or VMD-based hybrid
models [34]. Wang et al. proposed a novel hybrid model for wind power interval predic-
tion based on GRU and VMD, and validated the effectiveness of the method [35]. Liu
et al. combined VMD and ANN to realize ensemble forecasting of product prices [36].
Xiang et al. proposed the dynamic multi-factor similarity measurement (DMFSM). This
method effectively addresses the issues of data singularity and correlation in stock price
series by integrating dynamic time warping (DTW) with Mahalanobis distance, while
also considering the weights of each node in multidimensional time series. As a result, it
enhances the accuracy of stock price prediction [37]. With competence in handling big
data and modeling nonlinear relationship between attributes, deep learning methods have
been verified the superiority over conventional statistical and machine learning methods
in many studies on stock market prediction [38].

In summary, most of the above methods have achieved excellent results, but they still
have these three deficiencies. 1) Stock price prediction is influenced by a variety of factors,
including market sentiment, company performance, investor behavior, as well as external
uncertatinties such as macroeconomic conditions, national policies, natural disasters, and
social events. This can lead to a significant amount of noise in the input data, greatly
affecting the accuracy of predictions. 2) For stock price series with different fluctuation
trends, training only one prediction model will inevitably result in the inaccurate predic-
tion results. The price trends of different stocks are quite different and diverse, making
it difficult for a single prediction model to capture all the characteristics of them. When
constructing a reasonable similarity measurement method to consider that the similarity
among different time series may vary in weight. However, traditional clustering methods
are not capable of handling data with high complexity and are ineffective in dealing with
the peculiarities, time shifts, and warps in time series data. There is a need for more
efficient clustering algorithms to enhance the effectiveness of clustering. 3) Traditional
RNN architectures, including LSTM networks, have been widely used for time series data
analysis due to their ability to capture temporal dependencies. However, these models
often struggle with capturing long-term dependencies effectively, as they are prone to
issues like vanishing and exploding gradients. This can lead to suboptimal performance,
especially in complex, long-range sequential data such as stock price trends. Moreover,
the computational cost of training these models can be high, and their data processing
efficiency is comparatively slow.

To address these two issues, we propose a personalized model based on simple recurrent
unit (PSRU) for accurate prediction of time series in terms of stock closing price in this
paper. Specifically, the proposed framework consists of two steps. 1) To reduce the noise
in the input time series data, we propose an improved variational mode decomposition
(VMD) with parameter determination, and apply it to denoising. VMD has shown better
robustness and effectiveness in denoising than many other methods [39], and it can effec-
tively separate the useful components of a signal from the noise. Compared with other
denoising methods such as empirical mode decomposition (EMD), VMD can avoid the
problem of mode aliasing, and its adaptive nature allows for the dynamic adjustment
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of the number of decompositions based on the characteristics of the data, thereby fur-
ther enhancing the denoising effect. To further improve its performance, we propose a
method where the number of decompositions in VMD can be adaptively determined by
calculation of the average sample entropy and cross-correlation. 2) Clustering can help
us identify different feature patterns in time series, thereby exploring the characteristics
of diverse time series and fitting the optimal prediction model for each pattern. We clus-
ter the time series into multiple classes, and each class fits an optimal prediction model.
In particular, we employ dynamic multi-perspective personalized similarity measurement
(DMPSM) clustering, which is based on our previous work [40]. DMPSM can adaptively
adjust the similarity measurement, clustering sequences with similar features together,
thereby fitting the optimal prediction model for each clustering category and enhanc-
ing the overall forecasting accuracy. DMPSM demonstrates superior performance in ad-
dressing issues such as singularities, time shift, and warping in time series data, and is
more effective than traditional Euclidean distance and Canberra distance [40]. Therefore,
choosing DMPSM as the clustering method enhances the model’s ability to recognize dif-
ferent features of time series. 3) After clustering, SRU is adopted as the prediction model
considering its excellent mapping and parallel processing capability. SRU is particularly
well-suited for processing time series data due to its structural design, which effectively
captures long-term dependencies and complex dynamic patterns within sequences. Addi-
tionally, the SRU model has a computational efficiency advantage, allowing it to process
larger datasets more quickly compared to traditional RNNs and LSTMs.

Overall our work makes the following contributions. 1) A novel adaptive parameter de-
termination method based on average sample entropy and cross-correlation is proposed.
It can effectively improve the decomposition accuracy of VMD, while reducing compu-
tational load and enchancing the model’s robustness in noisy environments. 2) A novel
personalized similarity measurement is used for time series clustering. DMPSM can better
solve the problems of singularities, time shifts and warping and personalized characteris-
tics in time series, thus greatly improving the effect of clustering. By employing a rational
clustering strategy, the model is able to more accurately capture the characteristics of each
sequence category. 3) SRU is applied to stock price trend prediction for the first time.
To the best of our knowledge, few literature has applied SRU to the financial field at
present. Therefore, it is of scientific significance to investigate whether SRU is suitable for
stock price trend prediction with high prediction accuracy and efficiency. To verify the
effectiveness of the proposed PSRU, three experiments are conducted on 285 stocks from
the Shanghai Stock Exchange. The experimental results show that PSRU can achieve
better performance than other popular time series prediction methods.

2. Methods and Work-Flow. In this section, we describe relevant methods and work-
flow of our PSRU model. The first three sections include the introductions of VMD and
parameter determination (see Section 2.1), DMPSM (see Section 2.2) and SRU (see Sec-
tion 2.3). The last section describes the specific work-flow of the proposed model (see
Section 2.4).

2.1. Variational mode decomposition (VMD) and parameter determination.
Variational mode decomposition (VMD), proposed by Dragomiretskiy and Zosso [41], is a
powerful non-recursive signal decomposition method. VMD could concurrently decompose
an input data series into multiple sub-series (i.e., modes) by obtaining the optimal solution
of the constrained variational model [42]. At present, VMD has been employed in many
fields, such as image segmentation [43], crude oil price prediction [44], and economic and
financial time series prediction [45].
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VMD decomposes a complete original signal f(¢) into K principal modes (uy), called
intrinsic mode function (IMF), and each mode has a limited bandwidth and a unique
center frequency (wy) in the frequency domain. Then, the decomposition process via VMD
can be formulated as the optimization problem of variational model. The construction of
variational model is facilitated through minimizing the total bandwidth of all modes.
Meanwhile, the sum of all modes must be equal to the original signal f(¢), which is the
constraint.

To estimate the bandwidth of each mode, three steps are executed. 1) Each mode is
transformed by Hilbert transform to obtain its analytical signal and the corresponding
unilateral frequency spectrum. 2) The frequency spectrum of each mode is modulated to
respective baseband by applying an exponential term about the estimated center frequen-
cy. 3) The bandwidth of each mode is estimated by L2-norm of the demodulated signal
gradient.

After the estimation of the bandwidth, the constrained variational problem can be

formulated as
K i 2
min ot || () + —) * up(t } e Iwkt
{uk},{wk}{; K 0+ 75 ) = wld) )

sty u(t) = f(t) (1)

where f(t) is the original signal; {ug} = {u, us, ..., ux} is the set of all modes where uy,
represents the kth mode; {wi} = {w1,wa, ..., wi} are the corresponding center frequencies
of the modes; K is the total number of modes; §(¢) denotes the Dirac distribution; j is
the imaginary unit; % denotes the convolution operator.

To solve the above constrained variational problem, Lagrange multiplier and a quadratic
penalty term are introduced to transform the constrained problem into an unconstrained

one which can be expressed as
ot {(5 —> * uk(t)} e dwrt
2
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where A(t) is the Lagrange multiplier used to tighten the constraint; « is the balancing
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parameter of the data fidelity constraint; t) — Zszl uk(t)H is a quadratic penalty
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term to accelerate convergence [46].

The optimization problem in Equation (2) can be solved by utilizing alternate direction
method of multipliers (ADMM). In this way, we can obtain the iterative formulas for up—
An—&-l

dating u; and wg. In addition, the iterative convergence condition is Zle

a2 < v, where v denotes the convergence tolerance and n represents the number of
iterations. Hence, the solutions for uy, wy and A\(¢) are calculated as follows:
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A w) = N(w) + 7

K
flw) - vf;“(w)] (5)
k=1
where 47 (w), f(w), ;(w) and A(w) are the Fourier transforms of ul (), f(t), ui(t) and
A(t), respectively, and 7 is the time step of the dual ascent.

VMD can capture the characteristics of nonlinear signals, and it has been proved to be
more effective than traditional algorithms such as empirical mode decomposition (EMD)
and wavelet decomposition (WD) [47]. However, VMD lacks a selection rule for the number
of decomposition modes K, which affects the accuracy of decomposition [48]. If K is
too small, then the original signal is not completely decomposed, and the modes with
insufficient information may reduce the prediction accuracy. On the contrary, if K is too
large, the original signal will be over decomposed. Too many decomposed modes not only
lead to the decline of prediction accuracy, but also cause a lot of unnecessary computation
[49]. Therefore, the determination of decomposition mode number K is critical.

At present, a widely used way to determine K utilizes EMD to estimate the parame-
ter according to the frequency distribution of modes after decomposition [50]. However,
when the mode aliasing of EMD is serious, it is difficult to distinguish the independent
frequency components from the frequency distribution to accurately estimate K. Other
methods such as genetic algorithm [51], and signal-energy based rule [49] are not effective
to determine K.

Thus to improve the accuracy of decomposition, we propose a novel automatic pa-
rameter determination method for VMD, which can adaptively determine the value of K
through the average sample entropy and cross-correlation. Next, we describe the proposed
method in detail.

First, VMD is applied to the time series with various numbers of decomposition modes.
For each configuration, sample entropy is calculated for each intrinsic mode function
(IMF), with the highest entropy IMF treated as noise while the remaining IMFs are re-
tained as signal modes. Then, ASE of the retained modes is computed, where a lower ASE
indicates a higher decomposition quality. Cross-correlation is further calculated between
the signal and noise modes to assess how well different K values preserve the original sig-
nal. When cross-correlation is minimized, it suggests a lower similarity between noise and
signal, supporting the current K value. By comparing ASE and cross-correlation across
different values, the K that minimizes both is selected as optimal.

Compared to traditional empirical mode decomposition (EMD), this dual-metric ap-
proach significantly enhances decomposition accuracy. EMD often struggles with mode
aliasing, making it difficult to separate noise from signal effectively. By combining ASE
and cross-correlation as criteria, this method reduces noise more precisely and avoids it-
erative trial-and-error in determining K, thus improving computational efficiency. This
optimized approach better preserves key signal characteristics, providing more accurate
inputs for subsequent prediction tasks.

Sample entropy is effective to measure the complexity of time series. Suppose a time
series y with NV data, i.e., vy = [y1,¥2, ..., yn]. VMD is used to decompose y into K" modes,
and set the kth mode as uy = [ug(1), ur(2),...,ux(N)]. We form the N —m + 1 vectors
U(i) as

U(i) = [ug(?),up(i + 1), ..., u,(i +m — 1)] (6)

wherei =1,2,..., N—m+1 and m is the length of series to be compared. The maximum
distance between the two vectors is defined as

AnlUG), U] = ma fun(i+1) = we(j +1)] 7)

yhyeey
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where 7 =1,2,..., N —m and 7 # j. Then, we define the function
B;
-t 8
N—-—m-—1 (®)
where B; is the number of d,,,[U (i), U(j)] < r, and r is the tolerance for accepting matrices.
The average value of B]" is calculated as

Bi"(r)

N—m
Bi"(r)
B™(r)= = 9
=Xy )
where B™(r) represents the probability that two series will match for m points. Similarly,
we can derive another expression
N—m

B (r)
B™(r) = 4 10
=X (10)
where B™1(r) represents the probability that two series will match for m + 1 points.
Finally, the sample entropy of mode series is defined as

m+1
SampEn(m,r) = ]\}1_1)1;0 {—ln {BBW;(S)} } (11)
which is estimated when the value of N is limited
SampEn(m,r,N) = —In {M} (12)
o B™(r)

From Equation (12), the sample entropy is related to the parameters m and r. According
to [52], the results obtained when m is 1 or 2 and r is 0.1-0.25STD (STD is the standard
deviation of series data) have reasonable statistical characteristics, and the changing trend
of sample entropy is not affected by the parameters. Therefore, we set m = 2, r = 0.2STD
in this paper.

After decomposition by VMD, each mode gets its own center frequency, which indicates
that the complexity of each mode becomes low and the corresponding sample entropy
is small. For an optimal number of decompositions, the sample entropy of each mode
after removing the residual modes (noise component and the last component) reaches
the minimum. Then the average sample entropy (ASE) obtained by averaging the sample
entropy of these modes is smaller than the ASE of all modes under other decomposition
numbers. Therefore, ASE can be used as an indicator to reflect whether the value of K
is reasonable or not.

The cross-correlation function can measure the correlation between two time series
at any different time. Suppose that the sum series of the residual modes obtained after
decomposition by VMD is ¢(t) and the new series reconstructed by other series is g(t).
The cross-correlation function of the two series is calculated as

N
ch(T) = Z g(t)C(t - 7_) (13>
t=0
Normalize R.,(7) to obtain p.y(7)

ey () = Rey(7) / By (0) Re0) (14)

where R,,(0) and R..(0) are the autocorrelation functions of two series at the same time.
The autocorrelation function of series v(t) is
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N
Ry(m) = w(t)o(t —7) (15)
t=0

The standard cross-correlation function ranges from 0 to 1. A higher cross-correlation
value indicates higher similarity. When the number of decompositions is optimal, the
cross-correlation between the sum series of the residual modes and the reconstructed
series reaches the minimum. Thus, we use cross-correlation value to measure the ratio-
nality of the K value selection. When the cross-correlation value is small, the number of

decompositions is better. Otherwise, the K value is inferior.

2.2. Dynamic multi-perspective personalized similarity measurement (DMP-
SM). Euclidean distance is widely used in time series analysis due to its fast computing
speed and low complexity. However, its biggest drawback is that it is very sensitive to
singularities, which negatively impacts the measurement of similarity in time series. To
overcome the drawbacks of Euclidean distance, many methods have been proposed. One of
the most effective is Canberra distance. Canberra distance is a dimensionless measure and
is insensitive to singularities. However, its biggest drawback is its inability to effectively
handle time shifts and distortions. To address the issues of time shifts and distortions,
many methods have been developed in recent years, among which the most commonly used
is dynamic time warping (DTW). DTW measures the similarity between time series of
different lengths by constructing an optimal warping path that minimizes the distance be-
tween the two segmented sequences. Unlike traditional similarity measurement methods,
DTW allows for data matching through a one-to-many mechanism, effectively handling
time shifts and distortions. Although DTW addresses the point-to-point matching issue
in time series, it still employs Euclidean distance to construct the distance matrix, which
means it cannot reduce the negative impact of singularities.

To accurately measure the similarity between a pair of time series, Zhao et al. proposed
the dynamic multi-perspective personalized similarity measurement (DMPSM) [40]. The
DMPSM consists of two key steps which will be elaborated as follows.

The first step of DMPSM is to assign different weights to the segmented time series
according to the principle that as the factor approaches the current time, the assigned
weight increases gradually. Specifically, suppose the weights assigned to the time series
X = (z1,29,...,2,) are W = (w1,ws, . ..,wy), where wy < wy < -+ < w, and wy + ws +
cotw, =1 de, XD = (i@, wela, ., wpTy) = (2, 25, ..., x)). The setting of weights
fully reflects the characteristics of time, i.e., the closer the factor is to the current time,
the higher the information value of the series.

The second step is to embed Canberra distance [53] into the dynamic time warping
(DTW) [54] to reflect the similarity of time series. Suppose Y = (y1,¥2,...,Ym) is a time
series different from X, and Y’ = (v}, v5,...,¥,,) is its weighted series. The DTW matrix
is constructed between X’ and Y’ by using Canberra distance, i.e.,

d“(zh, 1) - dO(@, )
D'(px) = : : (16)
dc(x;w yi) T dC(UU;w y;n) nxm
where d¢ (x;,y;) _ [z (t=1,2,...,n; 5 =1,2,....m). P = (p1,p2,--.,px) (1 <

= Tl
k< K,max(n,m) < K <n+m-—1, K € Z) is a warping path, which means the mapp-
ing information derived from X" and Y”. pj is the matching relation between z} and yz,
ie., d(py) =d° (x;, yg) Then, the final calculation formula of DMPSM can be described
as
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dPMPSM — i {Z d’(pk)} (17)

According to the work-flow of DMPSM, we can summarize three advantages of it over
other similarity measurements in time series clustering. To show these points more in-
tuitively, Figure 1 compares four different similarity distances between two time series
in three cases, namely Euclidean distance, Canberra distance, DTW and DMPSM. 1) In
Figure 1(a), it can be seen that series 2 has a singularity, and the distance value calcu-
lated by DMPSM is less than the other three similarity measurements, which indicates
that DMPSM can effectively eliminate the negative influence of singularities. 2) Figure
1(b) shows that the two series have time shifts and warping, while the distance obtained
by DMPSM is still the smallest. This indicates that DMPSM can deal with time shifts
and warping, and realize point-to-point matching of time series. 3) In Figure 1(c), the
first half of the two series is more similar than the second half, and the comparison of the
calculation results shows that DMPSM can well reflect the personalized characteristics of
time series.

—Series 1 df=2.21 —Series 1 =352 —Series 1 d*=5.03

——Series 2 d¢=1.22 — Series 2 d=1.93 ——Series 2 dc=1.86
dT)ll\: 1‘64 dIJIW: 1A65 dl)'l'“-: ]-70
dTJMPsM =0.53 dIJMP:M =0.78 dl)MPSM s 086

/\/\W

12345678 91011121314151617181920 123456 7891011121314151617181920 12345678 91011121314151617181920

(a) (b) ()

F1GURE 1. Comparison of four similarity measurements in three cases

2.3. Simple recurrent unit (SRU). Recurrent neural network (RNN) is a widely-used
model for processing time series data. However, it cannot effectively explore historical in-
formation. Additionally, it suffers the problem of gradient vanishing or gradient exploding.
To overcome these limitations, researchers have developed several variants of RNN among
which long short-term memory (LSTM) [55] and gated recurrent unit (GRU) [28] stand
out. These variants have been applied to stock series prediction and achieved good perfor-
mance. However, although LSTM and GRU have made significant progress in capturing
long-term dependencies, their parallelization capabilities during training are limited, and
they are much slower than convolutional and attention-based models [56].

In 2017, Lei and Zhang proposed simple recurrent unit (SRU) [31], which not only
maintains the performance, but also carries out parallel processing to improve the running
speed. The SRU neuron module contains a forget gate and a similar reset layer including
skip connections. Figure 2 illustrates the internal structure of SRU neuron module. The
calculation formulas of internal information states in SRU are as follows.

=W, (18)
Je= oWy + by) (19)
re = o(Wyxe + b,) (20)
a=Lo0aa+(1—-fi)ox (21)
hy =1 @ tanh(c) + (1 — 1) © 4 (22)
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where x; denotes the input of the module at time ¢, f; represents the output of the forget
gate at time t, r; is the output of the reset gate at time t, ¢; denotes state information of
the module at time ¢, and h; represents the output of the module at time t. ® represents
the element-wise product. W, Wy and W, are weight vectors. by and b, are bias vectors.

o is the sigmoid activation function, which is defined as o(z) = 5 +i—z' tanh is hyperbolic
tangent activation function, and its expression is tanh(x) = 22;2:2
Cri '® 'm l > C;

SN
~
=
=
s
=
=~
~
=
Q—4
=

Xy

FIGURE 2. Structure of SRU

From Figure 2 and the above formulas, it can be derived that the operations performed
by Equation (18), Equation (19) and Equation (20) only depend on the current input
rather than the previous output state, which implies that these operations can be calcu-
lated in parallel. Therefore, SRU can exhibit a running time similar to convolution, and
achieve 5-10x speed-up over an optimized LSTM. At the same time, it can also maintain
or slightly improve the performance.

2.4. Work-flow of PSRU. To address the issues described in the introduction and
predict stock price trend more accurately, we propose a novel time series prediction model,
named as PSRU. Figure 3 illustrates the work-flow of the proposed prediction model.
There are four steps which are described in detail as follows.

Step 1) Segmentation. Each stock price series is segmented into many small pieces of
time series. We preset the length of the segmented series (p) and the step size during
sliding segmentation (q).

Step 2) Denoise. All the segmented time series are decomposed using the improved
VMD, and the new time series are reconstructed after removing the residual modes.
The selection of the number of decomposition modes has been introduced in Section
2.1. Firstly, we calculate the sample entropy of each mode under different decomposition
numbers according to Equation (12), so as to obtain the residual modes and reserved
modes in each case. Then, ASE can be calculated by averaging the sample entropy of
reserved modes, and cross-correlation can be calculated by Equation (14). When these
two values reach the minimum, the corresponding decomposition reaches the optimal
value. Finally, with the optimal decomposition, the sum series of the reserved modes is
the denoised time series.

Step 3) Clustering. We cluster the reconstructed time series into multiple classes by
measuring the personalized similarity between any two series. The specific introduction of
DMPSM and its advantages in time series clustering are given in Section 2.2. According
to Equation (17), the distance between any pair of series can be calculated, and then
clustering can be carried out according to the distance.
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Step 4) Prediction. The optimal SRU model in each class is trained on the basis of
denoised time series data for prediction. The internal structure of SRU model has been
provided in detail in Section 2.3, in which the specific information state has been shown
in Equations (18) to (22). We train the model to get the most appropriate parameters for
series of each class, so as to establish the corresponding optimal SRU model.

After training, we can do prediction of stock price series with the following operations.
Assume there are ¢ time points to be predicted. Firstly, the last segmented series of each
stock price is intercepted, and the series length is p —¢. Then, the improved VMD is used
to process the segmented series into new denoised ones. Next, the similarity is calculated
by DMPSM to determine the class that a time series belongs to. Specifically, the mean
series of multiple denoised series in each class is taken as the representative series, and the
similarity between the series to be predicted and each representative series is calculated
to determine the category. Finally, the trained SRU model in this class is used to obtain
the prediction results.

Based on the work-flow of the proposed prediction model, we can make the following
analyses. 1) The time series segmented into small pieces can increase the sample size,
and reflect their own characteristics. Moreover, due to the frequent historical repetition
of stock price series, segmentation is more conducive to the subsequent clustering pro-
cessing. 2) After decomposition and reconstruction by VMD, the denoised time series are
helpful to train the subsequent model. The proposed parameter determination method in
VMD can effectively improve the decomposition accuracy and reduce computation cost. 3)
Clustering strategy can make the model effectively extract the characteristics of series in
each class, which improves the prediction accuracy of the model and reduces the model
complexity. Meanwhile, DMPSM can handle singularities, time shifts and warping and
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personalized characteristics in time series, which greatly promotes the effect of clustering.
4) The reason why SRU is selected as the final prediction model is due to its high pre-
diction accuracy and efficiency. In particular, the fast prediction speed of the SRU model
greatly makes up for the increase of prediction time brought by clustering strategy.

3. Experiments and Analysis. In this section, we carry out three experiments based
on the stock data. Firstly, we introduce the experiment data in Section 3.1. Then, we
conduct a comparative experiment on the prediction performance of different methods
in Section 3.2. Next, Section 3.3 shows the specific process of determining decomposi-
tion number. Finally, the comparison of prediction performance under different clustering
settings is conducted in Section 3.4. The results and analysis of all experiments are also
shown in their respective sections.

3.1. Data acquisition and preprocessing. The closing prices of 285 stocks in 2016
from the Shanghai Stock Exchange are used in our experiments. The date range for data
collection is the full trading day of the whole year. Since the overall price range of each
stock is different, we preprocess the data as follows.

(a) Data normalization. We normalize the data by using the growth rate of each stock,
which is calculated as

:1:2“:% i=1,2,... (23)
where x; denotes the closing price of the stock on the ¢th day, z;,, denotes the closing
price of the stock on the 7 + 1th day, and 2, represents the growth rate of stock.

The growth rate-based normalization method was chosen due to the high volatility
and large price differences across stocks. By standardizing with growth rates, the model
can focus on capturing relative growth trends rather than absolute price fluctuations,
effectively removing the impact of different price scales among stocks. This method is
particularly suitable for time series prediction, as it preserves each stock’s relative trend,
ensuring comparability across various stocks.

For example, consider two stocks: Stock A, priced between 20 and 50 units, and Stock
B, priced between 200 and 500 units. Without normalization, the model might focus
more on the larger fluctuations of Stock B due to its higher price range. However, by
using growth rate normalization, both stocks’ relative price changes are comparable. For
instance, if Stock A increases from 30 to 32, the growth rate is (32—30)/30 = 6.67%, while
Stock B’s growth from 300 to 318 results in a growth rate of (318 — 300)/300 = 6.00%.
This allows the model to treat both stocks equally, regardless of their price levels.

Additionally, using growth rate normalization reduces the effect of extreme price vari-
ations, improving the model’s generalization across diverse stock data, leading to more
stable and accurate predictions. This approach retains essential dynamic features with-
in the training data, enhancing the model’s ability to capture future price trends more
effectively.

(b) Data screening. Stocks only open on weekdays, while weekend data are presented
using Friday’s closing price. Therefore, we take out the value of zero as the weekend
growth rate. In this way, we can obtain 365 growth rate data for each stock.

3.2. Prediction performance of different methods. To explore the performance of
PSRU, we compare performance of different methods in terms of the prediction error
and running time. These competing methods include PSRU, VMD-DMPSM-GRU, VMD-
DMPSM-LSTM, EMD-DMPSM-SRU, EMD-DMPSM-GRU, and EMD-DMPSM-LSTM.
All the methods are tested on the same benchmark, and the specific setups of the exper-
iment are as follows. Firstly, all stock price series are sliced into small pieces. We set the
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length of the segmented series to 20 and the step size during sliding segmentation to 5,
i.e., p=20 and ¢ = 5. At the same time, we take the last segmented series of each stock
price as the test series, and we predict the last one step closing price of all stocks. At the
same time, we split the train, validation and test set in a ratio of 6 : 2 : 2. Then, after
all the segmented series have been denoised by the improved VMD or EMD, the series
for training are divided into five classes to train different prediction models, respectively.
Finally, each test series directly uses the corresponding prediction model to complete the
prediction after its class has been determined.

In our experiment, mean absolute error (MAE) and root mean square error (RMSE)
are adopted as the performance evaluation metrics. Their expressions are given in Table
1, where Y = (y1,¥2, ..., ¥y,) denotes the real values, and Y = (U1, 92, - - -, Un) denotes the
predicted values. Smaller values of these metrics indicate higher prediction accuracy. In
addition, prediction time is also adopted as an evaluation metric.

TABLE 1. Expressions of evaluation metrics

Metrics Expressions

1 n
MAE — AZ‘— i
n;ly Yi

I,
mise (15" -
=1

Table 2 shows the prediction performance of different methods, in which the rows
represent different prediction methods and the columns represent three indexes. Bold
digits represent the minimum value, i.e., the best performance.

TABLE 2. Prediction performance of different methods

Denoising Forecasting =~ MAE RMSE  Time (ms)

PSRU (our proposed) VMD 0.006658 0.009319 0.008524
EMD-DMPSM-SRU EMD SRU 0.008931  0.017656  0.008563
SRU X 0.012233  0.027449  0.008577
VMD-DMPSM-GRU VMD 0.006803  0.009473  0.008803
EMD-DMPSM-GRU EMD GRU 0.009010  0.017989  0.008795
GRU X 0.012400  0.027703  0.008755
VMD-DMPSM-LSTM  VMD 0.007898  0.010812  0.009366
EMD-DMPSM-LSTM EMD LSTM 0.010352  0.020068  0.009341
LSTM X 0.015785  0.029545  0.009300

From Table 2, we can make the following observations. 1) The prediction error and
prediction time of our PSRU model are the smallest among all methods, indicating its
superiority over other methods. 2) The prediction model combined with the improved
VMD (PSRU, VMD+DMPSM+GRU, VMD+DMPSM+LSTM) performs better than the
prediction model combined with EMD (EMD+DMPSM+SRU, EMD+DMPSM+GRU,
EMD+DMPSM+LSTM) and the prediction model without denoising method (SRU,
GRU, LSTM), which shows the effectiveness of data denoising using the improved VMD,
because it helps to eliminate noise and provide a clearer dataset for the subsequent train-
ing of the prediction model. 3) Compared to LSTM and GRU model, SRU-based models
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(PSRU, EMD+DMPSM+SRU, SRU) demonstrate faster prediction speeds. This indi-
cates that SRU has higher predictive efficiency, which can be attributed to its parallel
processing capabilities. The prediction times for SRU-based models are consistently lower
than those for LSTM and GRU, confirming the speed advantage of SRU.

Based on the above observations, we can make the following analysis. Firstly, after
the decomposition and reconstruction of the time series by the improved VMD, most
of the noise has been eliminated, and the denoised data is beneficial for the training of
the subsequent prediction model. Meanwhile, VMD is better than EMD in solving some
problems of mode aliasing. Therefore, we can find that the performance of the prediction
model with the VMD is improved over the baseline. In addition, the faster prediction
speed of the SRU model, as evidenced by the lower time values in the table, is a result of
its parallel processing architecture. This characteristic makes SRU particularly suitable
for applications where prediction speed is critical. With these combined advantages, the
proposed PSRU model achieves the best performance among all these methods, offering
a balance of high accuracy and rapid prediction speeds.

3.3. Determination of decomposition number. In order to clearly show how the
number of decompositions is determined, we randomly select a time series to describe
the process in detail. Firstly, the original series is decomposed by VMD, and the sample
entropy is calculated for each mode under different decomposition numbers. Figure 4
shows the sample entropy of each mode when the number of decompositions is 2, 3, 4,
5, 6, 7 and 8, respectively. From Figure 4, we can get the mode with the largest sample
entropy under each decomposition number, that is, the noise mode. Accordingly, we can
obtain the residual modes and reserved modes under each decomposition number, and
the specific situation is shown in Table 3.

SampEn

IMF

FIGURE 4. Sample entropy of modes under different K

Then, according to the results in Table 3, the average sample entropy (ASE) and cross-
correlation can be calculated to determine the optimal number of decompositions. ASE
is obtained by averaging the sample entropy of reserved modes, and cross-correlation is
obtained by calculating the cross-correlation value between the sum series of residual
modes and the sum series of reserved modes. Figure 5 and Figure 6 illustrate ASE and
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TABLE 3. Residual modes and reserved modes under different K

K Residual modes

Reserved modes
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3
4
5
6
7
8
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cross-correlation under different decomposition numbers. Note that all values of cross-
correlation in Figure 6 are multiplied by 10,000 for easier comparison.

Finally, it can be seen from Figure 5 and Figure 6 that when K = 5, ASE and cross-
correlation reach the minimum value. Therefore, the original series is decomposed into five
modes, all of which are shown in Figure 7. Meanwhile, we can also add the reserved modes
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to obtain the corresponding reconstructed series. The original series and the reconstructed
series are shown in Figure 8. From Figure 8, the new reconstructed series alleviates the
influence of some singular points and makes the original series more stable, which indicates
that the improved VMD is effective for denoising the data.
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To further test the proposed parameter determination method in VMD, we compare
it with the method of using EMD to estimate the number of decompositions. The above
series is also used as an example for detailed description. EMD directly decomposes the
original series into 4 IMF, so it is considered that the number of decompositions in VMD is
4. After the parameter is determined, the formal decomposition is carried out. Similarly,
after removing the residual mode, the remaining modes are reconstituted into a new series,
which is also shown in Figure 8.

From the comparison between the bold line and the three line in Figure 8, the recon-
structed series obtained by using the proposed parameter determination method is more
consistent with the original series than the reconstructed series obtained by using EMD
to estimate the parameter, which also eliminates the influence of some extreme values.
It indicates that the VMD based on our proposed parameter determination method can
effectively denoise and preserve the information of the original series. This can verify
that the decomposition and reconstruction effect of our proposed improved VMD can
effectively generate denoised data, thus improving the prediction accuracy.

3.4. Prediction performance under different clustering settings. In order to high-
light the effectiveness of clustering strategy in our proposed method, we first compare the
prediction errors in different cluster numbers. We list the MAE and RMSE of the predic-
tion results when the cluster numbers are 4, 5, 6, 7, 8, 9 and no clustering, respectively,
in Table 4. The rows represent two error indexes, while the columns represent different
clustering situations. Bold digits in each row represent the minimum value of the indexes,
i.e., the best prediction performance.

TABLE 4. Prediction performance in different cluster numbers

No clustering 4 5) 6 7 8 9
MAE 0.008349 0.007483 0.006658 0.007154 0.007576 0.007256 0.007226
RMSE 0.013721 0.009998 0.009319 0.010191 0.010415 0.010361 0.010168

From Table 4, 1) the effect of clustering prediction is significantly better than that
without clustering, which highlights the effectiveness of clustering strategy. 2) When the
number of clusters is 5, the prediction error is the smallest. It means that finding an
optimal number of clusters can also increase the prediction accuracy to a certain extent.

The reason for this result is that clustering strategy makes the prediction model cap-
ture the characteristics of diverse and complex series well. The optimal prediction model
trained by similar series in each class typically performs better than the optimal predic-
tion model trained by all series. Moreover, too few or too many clusters also affect the
prediction results. Specifically, too few clusters cannot fully reflect the characteristics of
series in each class, and cause loss of information and decline of prediction accuracy. On
the contrary, too many clusters usually cause unnecessary calculations without obvious
accuracy improvement. Therefore, it is essential to find an appropriate number of clusters.

To show the advantages of DMPSM in clustering, we compare the prediction errors
under clustering methods with different similarity measurements. In Table 5, we list the
MAE and RMSE of the prediction results using Euclidean distance, Canberra distance,
DTW and DMPSM in clustering. The meaning of the rows and columns in the table is
the same as that in the previous table.

Based on Table 5, we can see that the final prediction error after clustering with
DMPSM is smaller than that after clustering with the other similarity measurements,
which shows the superiority of using DMPSM in clustering. This result can be explained
by the advantages of DMPSM in measuring the similarity between two series, which have
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TABLE 5. Prediction performance under different clustering methods

Euclidean distance Canberra distance DTW DMPSM
MAE 0.007723 0.007261 0.006966 0.006658
RMSE 0.010687 0.010396 0.009931 0.009319

been confirmed in detail in Section 2.2. In view of the complexity of stock series, the
personalized similarity measurement is more suitable for clustering than other general
distance measurements. It can effectively deal with singularities, time shifts and warping
and personalized characteristics in stock series, thus obtaining higher prediction accuracy.

4. Conclusion. In this paper, we propose a novel time series prediction method, i.e., PS-
RU, to accurately predict the closing price of stocks. Firstly, VMD is used to decompose
and reconstruct the segmented series for data denoising. For better denoising result, we
propose a new method to determine the number of decompositions in VMD by compre-
hensively considering the average sample entropy and cross-correlation of decomposition
modes. Then, all the denoised series are clustered by measuring the personalized simi-
larity between any two series, and each class trains an optimal SRU model for the final
prediction. Our experiments verify the superiority of PSRU, which is embodied in the
following three points. 1) The application of SRU model to stock price trend prediction
greatly improves the prediction speed with comparable prediction accuracy with state-
of-the-art methods. 2) The adaptive parameter determination method in VMD improves
the decomposition accuracy and the denoising result, which is helpful for training the pre-
diction model. 3) The clustering strategy enables the prediction model to better capture
the characteristics of different series, thus improving the prediction accuracy. Especially,
DMPSM can deal with most of the problems in time series, which greatly improves the
clustering performance.

Despite the good performance of the proposed method, there is still some room for
improvements in the future. First, the length of the segmented series and the step size
during sliding segmentation are two important parameters that may influence the final
prediction results. Therefore, a further study on these two factors will be conducted in the
future. Second, our method can be used in other related tasks, such as portfolio selection
[57]. In addition, the application of our time series prediction method may not be limited
to stock data. Therefore, the series data in other fields can be used to further verify the
applicability and reliability of the proposed method.
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