
IEEE INTERNET OF THINGS JOURNAL, VOL. 12, NO. 12, 15 JUNE 2025 19189

Data-Filtered Prediction With Decomposition and
Amplitude-Aware Permutation Entropy for

Workload and Resource Utilization
in Cloud Data Centers

Haitao Yuan , Senior Member, IEEE, Qinglong Hu , Student Member, IEEE,
Meijia Wang, Student Member, IEEE, Shen Wang, Student Member, IEEE, Jing Bi , Senior Member, IEEE,

Rajkumar Buyya , Fellow, IEEE, Shuyuan Shi, Jinhong Yang, Jia Zhang , Senior Member, IEEE,
and Mengchu Zhou , Fellow, IEEE

Abstract—In recent years, cloud computing has wit-
nessed widespread applications across numerous organizations.
Predicting workload and computing resource data can facilitate
proactive service operation management, leading to substantial
improvements in Quality of Service and cost efficiency. However,
these data often exhibit nonlinearity, high volatility, and inter-
dependencies across different categories, presenting challenges
for accurate forecasting. Consequently, there is a critical need to
develop a method that thoroughly and comprehensively analyzes
all available data to forecast future trends effectively. This work
proposes a novel integrated data-enhanced prediction model
named SVAPI for achieving high-accuracy workload prediction
in cloud computing systems. SVAPI employs the Savitzky–Golay
filter, Variational mode decomposition, and the mode selection
based on Amplitude-aware Permutation entropy for feature
processing, whose features are subsequently utilized by Informer
for multivariate joint analysis of the enhanced data, achieving
high-precision prediction. Ablation and comparative experiments
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with advanced prediction models are conducted on the Google
cluster trace and other typical datasets. Realistic data-driven
results indicate that SVAPI improves the prediction accuracy
by 37.7% compared to the original Informer, with each module
contributing to the performance enhancement. Furthermore,
compared with Autoformer, SVAPI enhances the prediction
accuracy of workload, CPU, and memory by 65.6%, 66.9%,
and 70.8%, respectively, demonstrating that SVAPI owns strong
abilities in noise filtering, feature processing, and multivariate
joint analysis for achieving higher prediction accuracy.

Index Terms—Amplitude-aware permutation entropy (AAPE),
cloud computing, deep learning, informer, Savitzky–Golay (SG)
filter, variational mode decomposition (VMD).

I. INTRODUCTION

D ISTRIBUTED computing paradigms such as cloud com-
puting [1], [2] and mobile edge computing [3] are

introduced into the Internet of Things to provide computational
resources, addressing the increasing requirement for com-
puting power. Several typical applications, such as artificial
intelligence, automatic target recognition, online games, social
networks, and protein analysis, have emerged in recent years.
However, due to the highly dynamic nature of computational
service demands, these services often suffer from both under-
provisioning and over-provisioning of resources, leading to
substandard Quality of Service (QoS) and cost inefficien-
cies [4]. Therefore, proactive service operation management
techniques are proposed to achieve desired runtime decision
and allocation through workload prediction methods, ensuring
QoS and cost efficiency [8].

Monitoring, analysis, planning, and execution are essential
to managing service operations. The monitoring phase collects
historical tasks, CPU utilization, memory utilization, and QoS
metrics in cloud computing services. The analysis phase
includes predicting future workload and assessing whether
services meet the required criteria. The planning phase entails
generating task offloading strategies with evolutionary or rein-
forcement learning algorithms to meet QoS requirements while
minimizing the system cost. The execution phase involves
offloading tasks to distributed devices for faster computation.
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Therefore, workload prediction plays a crucial role in
guaranteeing system performance and resource scheduling and
ensuring that offloading strategies have adequate time to be
determined by evolutionary algorithms [5] or reinforcement
learning algorithms [7]. The phase of workload prediction
collects historical tasks, CPU utilization, memory utilization,
and QoS metrics in cloud computing services. It predicts
future workload, enabling proactive service operations to
deliver desired QoS and cost efficiency [8]. Current stud-
ies on workload prediction mainly rely on classical models
or deep-learning-based ones. However, few of them jointly
consider the workload and resource utilization prediction,
which have significantly different characteristics. They fail to
explore interconnections among multiple features and cannot
reasonably handle long-term dependencies in long-time series
sequences.

Long-term dependencies are complex to capture because
dependency coupling between output and input over long
ranges is complex [6]. Unlike above-mentioned studies, this
work proposes a novel prediction model named SVAPI, which
integrates the Savitzky–Golay (SG) filter [9], variational mode
decomposition (VMD) [10], Amplitude-aware Permutation
Entropy (AAPE) [11], and Informer [12] to enhance prediction
performance. SVAPI addresses these challenges by adding a
ProbSparse self-attention mechanism, a self-attention distilling
operation, and a generative style decoder. Thus, SVAPI has
low time complexity and memory usage, the ability to handle
extremely long input time series, and fast inference speed for
long sequences, simultaneously avoiding spreading cumulative
errors during the inference. Realistic datasets, such as arriving
tasks in the Google cluster trace [13], are adopted to evaluate
the performance of SVAPI. Experimental results illustrate that
SVAPI outperforms Informer and Autoformer [14], achieving
more accurate prediction.

The remainder of this article is organized as follows.
Section II discusses the differences between our proposed
SVAPI and the related work. Section III defines the prediction
problem and introduces the main components of the proposed
SVAPI. Section IV gives the performance evaluation results
of SVAPI with large-scale Google cluster traces. Section V
concludes this work and provides the future work.

II. RELATED WORK

Current workload and resource utilization prediction meth-
ods in cloud data centers (CDCs) are mainly designed using
classical or deep learning models. This section discusses the
differences between SVAPI and related works in the literature.
Table I shows the comparison among this work and its state-
of-the-art studies.

A. Prediction Methods With Classical Models

There are many studies on prediction methods with clas-
sical models in cloud computing systems. Saxena et al. [15]
efficiently predicted resource utilization of servers and realize
the load balance, thus minimizing the number of pow-
ered servers and maximizing resource utilization. An online
system for resource prediction is designed for each virtual
machine for the fewest violations of service level agreements.

However, it uses a simple three-layer neural network to
predict resource utilization, including input, hidden, and output
layers. Kumara et al. [16] adopted a multilayer perception
neural network to predict the performance of configurable
cloud applications. Yet, their network is simple and fails to
effectively predict the time series of workload and resource
utilization. Xie et al. [17] combined triple exponential smooth-
ing methods and an auto-regressive moving average model
to predict the sequence of the dynamic resource utilization
of container workload by capturing its nonlinear and linear
features. It is fast but fails to capture long-term time depen-
dency. Singh et al. [18] proposed an evolutionary quantum
neural network for workload estimation in CDCs. It adopts the
efficiency of quantum computing by transforming workload
into qubits, which are propagated through the network to
predict the workload proactively. A self-adaptive differential
evolution algorithm is used to optimize network weights of
qubits. However, it also fails to investigate the long-term
time dependency. Moradi et al. [19] presented an online
learning method for the performance prediction of applications
running repetitively in multitenant clouds by using regression
and neural network models. However, it ignores the noise
data in the time series. Kim et al. [4] created an ensemble
prediction method of real cloud application workloads using
multiclass regression. It combines the power of multiple work-
load prediction models and utilizes their short and long-term
fluctuations, thus providing predictive cloud resource manage-
ment. However, this method fails to capture the long-term
time dependency of the workload time series. Ilager et al. [20]
designed a gradient-boosting model for predicting the host
temperature by using thermal variations for hyper-scale CDCs.
Then, a dynamic scheduling algorithm is proposed to minimize
host peak temperature, thereby reducing cooling costs and
increasing reliability. However, it is unsuitable for predicting
long-term workload and resource utilization time series.

Instead of using classical or simpler machine learning
approaches, we adopt a deep learning model called SVAPI
for predicting different types of data, including workload,
CPU, and memory, with high volatility, nonlinearity, and com-
plicated interdependencies. SVAPI comprehensively analyzes
trends of heterogeneous data in cloud computing systems.

B. Deep-Learning-Based Prediction Methods

Recent years have witnessed the fast growth of prediction
methods with deep learning in CDCs. Chen et al. [21] designed
a hierarchical and fuzzy neural network to predict the number
of requisite cloud services for consumers by coalescing fuzzy
logic and neural representation of the original data. However,
their network is relatively simple and cannot capture the
long-term dependency of the data. Bi et al. [22] proposed a
prediction method that combines frequency-enhanced chan-
nel attention and a decomposed Transformer for capturing
frequency domain patterns in the resource utilization time
series. It adopts a self-attention memory mechanism to han-
dle long-term dependencies, yet its computation is quadratic
and higher. Maroudis et al. [23] adopted a graph neural
network with graph representations and associativity of clients
for predicting violations of service level agreements, which
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includes three components of preprocessing, input formula-
tion, and composite prediction. However, it fails to predict
the workload and resource utilization time series and cannot
handle long-term dependencies. Ruan et al. [24] presented a
trend prediction approach for turning points of cloud workload
time series with a deep learning model enhanced by cloud
features, thereby realizing high resource utilization and QoS.
However, it only focuses on the turning points of the highly
variable workload time series. Yuan et al. [25] proposed
a prediction approach combining the SG filter, VMD, bi-
directional and grid LSTM to predict resource utilization
and workload in CDCs. It investigates temporal and depth
features of fluctuating time series for predicting workload
and resources. However, it cannot well handle the long-term
dependencies in the time series data. Bi et al. [26] developed a
hybrid method combining a temporal convolutional network,
multihead self-attention, and a bi-directional gated recurrent
unit (GRU) network for predicting attacks. It also designs a
hybrid optimization algorithm that combines genetic opera-
tions, simulated annealing, and particle swarm optimization
to determine the model hyperparameters. Yet, it focuses on
the prediction of network attacks. Gao et al. [27] designed a
failure prediction method with multilayer bidirectional LSTM
to detect failures of tasks and jobs in clouds, thereby predicting
whether tasks and jobs are completed or failed. However, it
fails to predict future resource utilization and workload time
series.

The above-mentioned deep learning methods adopt classical
neural networks, Transformer-based, GRU-based, or LSTM-
based variants. However, their computation of self-attention
is high and they suffer from the memory bottleneck in
stacking layers for long input sequences. SVAPI adopts the
SG filter to eliminate noise and VMD to capture the temporal
characteristics. It utilizes AAPE to select the decomposed
modes with more informative features. Then, it adopts the
ProbSparse self-attention mechanism to significantly decrease
the time complexity and memory usage and efficiently process
the extremely long input sequences. It adopts the self-attention
distilling method to reduce the cascading layer input. It
predicts the long time series at one forward operation, thereby
increasing the inference speed of long-sequence predictions.

III. PROPOSED METHODOLOGY

This section presents the definition of the problem and an
overview of the proposed SVAPI. Four components, including
the SG filter, VMD, AAPE, and Informer, are integrated into
SVAPI to enhance the prediction accuracy for workloads and
resource utilization in cloud computing systems.

A. Problem Definition

This work defines the prediction problem for a dataset
D = {S1, S2, . . . , Sm}. m denotes the number of features
in D, and Si denotes the sequence of feature i, and Si =
{si

1, si
2, . . . , si

L}. si
l signifies the lth value in sequence Si, and

L denotes the length of the sequence. The Input-I-predict-O
paradigm utilizes m feature sequences of length I to predict a
single future sequence of length O, i.e.,

Fig. 1. Smoothing process of the SG filter.

P = {pq+1, pq+2, . . . , pq+O}
= F

(
{ �Si

q = {si
q−I+1, . . . , si

q}|1≤i≤m}
)

(1)

where P denotes the prediction sequence of the target feature,
F(·) denotes the prediction process of SVAPI, and �Si

q denotes
the subsequence of length I taken from Si starting from the
qth point. We aim to minimize the error between predicted
and ground truth values.

To concisely show the process of handling sequences within
each component, let Z represent a sequence Si currently under-
going processing from the dataset D and Z = {z1, . . . , zL}.

B. SG Filter

The smoothed data is more conducive for capturing the
variations in the data trend by the prediction model [28].
Consequently, this work adopts the SG filter to remove the
noise of data to smooth it. The SG filter fits a polynomial to a
sliding window and uses the fitted value at the center point as
the filtered value [29]. This iterative process spans the entire
dataset, resulting in a filtered sequence. Fig. 1 illustrates the
smoothing process of the SG filter. In Fig. 1, the polynomial
fitting is realized in (5).

Given an input sequence Z, a sliding window is established
with zu as its center and a width of w = 2h+1, where u ranges
from h + 1 to L − h. The sliding window is defined as a 1-D
array, denoted as Z(u), and Z(u) = [zu−h, . . . , zu, . . . , zu+h]T .
Within this window, an R-order polynomial (2) is employed
to fit each element, i.e.,

p(x) = c0 + c1x + c2x2 + . . . + cRxR, x ∈ [−h, h]. (2)

Then, the polynomial fitting for the sliding window Z(u)

can be represented as

Z(u) = [
zu−h . . . zu . . . zu+h

]T

= [
p(−h) . . . p(0) . . . p(h)

]T

=

⎡
⎢⎢⎢⎢⎢⎢⎣

1 (−h) (−h)2 . . . (−h)R

...
...

...
...

1 0 02 . . . 0R

...
...

...
...

1 h h2 . . . hR

⎤
⎥⎥⎥⎥⎥⎥⎦

·

⎡
⎢⎢⎢⎣

c0
c1
...

cR

⎤
⎥⎥⎥⎦

= W·C (3)
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TABLE I
COMPARISON AMONG THIS WORK AND ITS STATE-OF-THE-ART STUDIES

where W denotes a matrix with the size of w×R, and C
represents a matrix with the size of R×1.

The least squares method [30] is utilized to calculate the
coefficient vector Ĉ by minimizing the mean square error E
between the fitted values and the ground-truth ones. Then, E
and Ĉ are given as

E = ‖W·C − Z(u)‖2 =
h∑

x=−h

(p(x) − zu+x)
2 (4)

Ĉ = (
WT·W

)−1·WT·Z(u). (5)

Consequently, the fitted window (polynomial) is represented
as Z̃(u) and Z̃(u) = W·Ĉ. The center point of the fitted window
is denoted as p(0), which is the filtered value z̃u.

Since the window can only compute filtered values
for center points, only a portion of the filtered values
{z̃h+1, z̃h+2, . . . , z̃L−h} can be obtained. To acquire filtered
values for the entire sequence, we insert h initial values before
the first item of the original sequence and h trailing values
after the last item. This results in an interpolated sequence
with the length of L+2h. Subsequently, the filtering is applied
to this interpolated sequence to yield a complete and filtered
sequence of length L, denoted as Z̃ and Z̃ = {z̃1, z̃2, . . . , z̃L}.

C. Variational Mode Decomposition

After the data smoothing, we adopt VMD to analyze
temporal characteristics of the original sequences in the
frequency domain to improve data representation. VMD
dynamically determines a sequence’s frequency domain seg-
mentation, precisely aligning each mode’s central frequency
and finite bandwidth through the iterative optimization [31].
This process achieves effective separation of sequence com-
ponents. Consequently, applying VMD to filtered sequences
generates multiple modes, offering the model a broader
range of captureable features. VMD has been effectively
applied in signal processing in power systems, and it ana-
lyzes power quality problems by separating various frequency
components of power signals, identifying transients and
harmonics [33].

Fig. 2. Flow chart of VMD.

The flowchart of VMD is shown in Fig. 2. When a fil-
tered sequence Z̃ is inputted, VMD determines the center
frequencies of K modes by seeking the optimal solution to a
constrained variational problem formulated as

min
{Žk,ωk}

{
K∑
k

∥∥∥∥∂t

[(
δ(t) + j

π t

)
·Žk(t)

]
e−jωkt

∥∥∥∥
2

2

}

s.t.
K∑
k

Žk(t) = Z̃(t). (6)

Here, Žk is the kth mode to be decomposed, and ωk

represents the corresponding center frequency. Žk(t) denotes
point t in Žk. δ(t) is the Dirac function. ∂t denotes a partial
derivative operation in time, i.e., index t of sequences, and the
symbol j represents the imaginary unit.

A Lagrangian multiplier λ and a quadratic penalty term
α are introduced, transforming (6) into an unconstrained
problem [32]. The quadratic penalty enhances the reconstruc-
tion fidelity, while Lagrangian multipliers guarantee strict
fulfillment of constraints. Thus, the resulting augmented
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Lagrangian function L is given as

L
({

Žk

}
, {ωk}, λ

)

= α

K∑
k

∥∥∥∥∂t

[(
δ(t) + j

π t
·Žk(t)

)]
e−jωkt

∥∥∥∥
2

2

+
∥∥∥∥∥Z̃(t) −

K∑
k

Žk(t)

∥∥∥∥∥
2

2

+
〈
λ(t), Z̃(t) −

K∑
k

Žk(t)

〉
. (7)

Subsequently, an iterative solution method, known as the
alternate direction method of multipliers [34], is utilized to
solve the transformed unconstrained problem and obtain λ, Žk,
and ωk. According to [36], modes Žk and their corresponding
center frequencies ωk are alternatively updated as

Z̀n+1
k (ω) = Z̀(ω) − ∑

f �=k Z̀n
f (ω) + λ̀n(ω)

2

1 + 2α
(
ω − ωn

k

)2
(8)

ωn+1
k =

∫ ∞
0 ω

∣∣∣Z̀n+1
k (ω)

∣∣∣
2
dω

∫ ∞
0

∣∣∣Z̀n+1
k (ω)

∣∣∣
2
dω

(9)

where n denotes the iteration number. Z̀n
k , Z̀, and λ̀n represent

the Fourier transformation results of Žn
k , Z̃, and λn, respec-

tively. λ in the Fourier domain is updated as

λ̀n+1(ω) = λ̀n(ω) + τ

(
Z̀(ω) −

∑
k

Z̀n+1
k (ω)

)
(10)

where τ denotes the noise tolerance. The above-mentioned
iteration continues until convergence is achieved, defined as

K∑
k=1

∥∥∥Z̀n+1
k (ω) − Z̀n

k (ω)

∥∥∥
2

∥∥∥Z̀n
k (ω)

∥∥∥
2

<ε (11)

where ε denotes the convergence threshold.
It is worth noting that numerical stability is guaranteed when

VMD is applied to SG-filtered sequences rather than original
sequences. This helps reduce the impact of noise in the original
sequences. In addition, VMD computations are performed in
advance at CDCs, which enables parallel processing in high-
performance servers, significantly reducing computation time
and ensuring real-time processing.

D. Amplitude-Aware Permutation Entropy

VMD decomposes each feature in dataset D into K modes,
ultimately yielding m×K decomposed modes. However, an
excessive number of features can lead to increased computa-
tional demands during the model training and may potentially
cause overfitting [37]. To address this issue, similar to [41],
this work designs an enhanced entropy method for assessing
the significance of decomposed modes. Several entropy meth-
ods are available to measure the irregularity of time series,
which include approximate entropy [38], sample entropy [39],
fuzzy entropy [40], permutation entropy (PE) [41], and wavelet
entropy [42]. However, each method has its disadvantages. PE

has been applied in resource utilization forecasting for physical
machines in data centers in the Alibaba Group [35].

PE relies on order relations among signal values or per-
mutation patterns and compares the order of neighboring
relative values. PE is computationally fast and robust to
observational and dynamic noise. It is effective for many
real-world signal and image processing applications. However,
when a signal is symbolized, PE ignores the mean value of
amplitudes and the differences between neighboring samples.
Thus, vectors with different amplitudes may be assigned the
same symbol. PE fails to address the issue precisely when two
samples have equal amplitude values. Unlike PE, this work
designs an amplitude-aware PE named AAPE to select the
most informative T modes from K modes decomposed from
each original sequence Si, thereby enhancing the prediction
accuracy.

We experimentally demonstrate that modes with higher
AAPE are more beneficial for the model prediction. We select
the top T modes with the highest AAPE from K modes, which
are selected as the most informative features for reducing over-
fitting and computation loads. The main procedure of AAPE
is given as follows. Given the embedded dimension η and the
time delay D, a sequence Z = {z1, . . . , zL} is reconstructed
in the phase space, generating L − (η − 1)D reconstructed
vectors marked as Zv and Zv = {zv, zv+D, . . . , zv+(η−1)D},
v∈{1, L − (η − 1)D}. Next, η elements in each vector are
arranged in an ascending order. Then

Zv = {zv+(o1−1)D ≤ zv+(o2−1)D≤ . . . ≤zv+(oη−1)D} (12)

where od denotes the position of the element before arrange-
ment. Subsequently, Zv is mapped to θv where θv =
[o1, o2, . . . , oη], representing one of η! permutations of η

distinct symbols. The gth permutation is denoted as μg. The
relative frequency is then utilized to estimate the occurrence
probability φ(μg) of each permutation μg as follows:

φ
(
μg

) =
∑L−(η−1)D

v=1 ϕ
(
μg, θv

)

L − (η − 1)D
(13)

where ϕ(μ, θ) is the Kronecker delta function expressed as

ϕ(μ, θ) =
{

1, if μ = θ

0, if μ �= θ.
(14)

To incorporate the amplitude information of the inputted
sequence, the average absolute A and the relative amplitude
R of vectors are considered when calculating the probability
of occurrence of each permutation pattern through relative
frequency. The amplitude information Av and Rv of vector Zv

are given as

Av = 1

η

η∑
b=1

∣∣zv+(b−1)D
∣∣ (15)

%Rv = 1

η − 1

η∑
b=2

∣∣zv+(b−1)D − zv+(b−2)D
∣∣. (16)
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Fig. 3. Framework of SVAPI.

Consequently, the updated occurrence probability φ∗(μg) of
μg can be expressed as

φ∗(μg
) =

∑L−(η−1)D
v=1 ϕ

(
μg, θv

)·(β·Av + (1 − β)·Rv)∑L−(η−1)D
v=1 (β·Av + (1 − β)·Rv)

(17)

where β ∈ [0, 1] is a coefficient used to adjust the mean
amplitude and amplitude deviation of the sequences. Finally,
we form a set G consisting of G values where φ∗(μg) ≥ 0
and G < η! Then, the AAPE value can be acquired according
to the Shannon entropy, i.e.,

AAPE(Z, η, D, β) = −∑
g∈G φ∗(μg

) · lnφ∗(μg
)

ln(η!)
. (18)

Based on the AAPE values, the most informative T modes
with higher AAPE can be selected from K modes.

E. Informer

Transformers need many computing resources and memory
in training and inference [43] due to their high complexity of
self-attention. The encoder suffers from memory bottlenecks,
and the decoder is slow. Unlike Transformers, this work adopts
the Informer [44], which addresses issues in Transformers.
As shown in Fig. 3, position, time, and value encodings are
performed to enrich feature representation before sequences
enter the encoder-decoder. The self-attention mechanism in
Informer is a multihead sparse self-attention, and it reduces
complexity and increases efficiency by limiting each loca-
tion to be associated with only a subset of locations. This
reduces computational and storage complexity while maintain-
ing presentation ability. It can be given as

A
(
Q, �K, V

) = Softmax

(
Q̄�KT

√
d

V

)
(19)

where Q, �K, and V are query, key, and value matrices, respec-
tively. d is the input dimension, and Softmax is the activation
function. Q̄ is a query matrix reducing the probability of Q
and containing only important attention query matrices.

Informer trains a lightweight sparse self-attention block,
which captures key features of the output of the sparse self-
attention block’ and constructs a focused feature map from
layer j to layer j + 1, i.e.,

Xt
j+1 = MaxPool

(
ELU

(
Convld

([
Xt

j

]
AB

)))
(20)

where Convld, ELU, and MaxPool denote the convolution
operation, the activation function, and the pooled operation.
[Xt

j ]AB is the process of sparse self-attention blocks.
Informer introduces a masking mechanism into the self-

attention, which restricts each location to its previous
locations. It effectively deals with the autoregressive problem
in decoders and ensures that its output conforms to the timing
property of the sequence. It enables the decoder to generate
the output step by step, predicting the value of the next
position and achieving the ordered generation of the sequence.
It generates the output sequence by utilizing features and input
sequence of the encoder input, which can be given as

Xde = Concat
(
Xt

token, Xt
0

)∈RLtocken+Ly×dmodel (21)

where Xt
token and Xt

0 are the start token and the target
placeholder.

F. SVAPI

SVAPI is designed by combining the above-mentioned
components. Its overall architecture is shown in Fig. 3. In this
framework, the SG filter, VMD, and AAPE are employed for
the feature processing on the original sequences in dataset D.
SVAPI uses the SG filter to eliminate noise and fluctua-
tions from the original sequences and yields a smoothed
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time series to VMD. VMD explores temporal characteristics
through the frequency domain information, enhancing data
representation. VMD yields multiple decomposed modes, the
significance of which is evaluated with AAPE. AAPE selects
the most informative decomposed modes. Then, the Informer
adopts the decomposed modes to use enhanced features to
predict the target sequence precisely. Specifically, during the
feature processing stage, each sequence Si undergoes the
SG filtering for noise reduction and smoothing, followed
by the VMD, resulting in extracting features comprising K
modes. Subsequently, AAPE is used to assess the information
of the modes and selects the most informative T features
from the limited modes, constructing hybrid modal sequences
alongside the original and filtered features. Finally, each
original sequence corresponds to a hybrid modal sequence
containing T + 2 sequences. Upon completing the feature
processing stage, the dataset encompasses a total of (T + 2)m
temporal features, which are utilized for training Informer for
prediction. The (T + 2)m sequences are aligned in time and
fed into Informer, each representing a distinct feature. SVAPI
adopts the ProbSparse self-attention mechanism, significantly
reducing time complexity and memory usage. It adopts the
self-attention distilling method, highlighting dominating atten-
tion by halving the cascading layer input and efficiently
processing the extremely long input sequences. In addition, it
predicts the long time series at one forward operation, which
significantly enhances the inference speed of long-sequence
predictions.

G. Complexity Analysis

In this work, L denotes the length of the sequence. The
complexity of the SG filter, VMD, and AAPE is O(Lw2),
O(LfK) and O(N), respectively, where f (·) denotes a function
related to the number of decomposition layers. Improved from
Transformers, SVAPI reduces its complexity to O(LlogL).
Therefore, the complexity of SVAPI is O((w2 + f (K) +
logL)L + N).

IV. PERFORMANCE EVALUATION

This section presents the datasets and the parameter setting.
Then, SVAPI is compared with its state-of-the-art peers,
and ablation experiments are shown to predict workload and
resource utilization in cloud computing systems.

A. Datasets

This work focuses on predicting workload and resource
utilization, and we adopt the Google cluster-utilization traces
v31 as the primary datasets. These traces record the workloads
running on Google compute cells managed by eight internal
cluster management system units in May 2019. We aggregate
the data into five-minute intervals and compute the average
task arriving rates, the average CPU utilization, and the aver-
age memory utilization for a subset of these traces, forming
small datasets Gcum1 and Gcum2 for training purposes,
as illustrated in Fig. 4. Furthermore, this work conducts the

1https://github.com/google/cluster-data/tree/master

Fig. 4. Gcum1 dataset.

comparative analysis by comparing SVAPI with state-of-
the-art algorithms, including Autoformer and Informer, by
using the widely recognized dataset of ETT2 (Electricity
Transformer Temperature) [44]. ETT encompasses two years
of oil temperature data and six power load features collected
from distinct counties in China. The datasets used in this
work are divided into training, validation, and test sets in
chronological order by the ratio of 7:2:1. These subsets are
employed for the model training, the hyperparameter tuning,
and the overfitting prevention, and assessing the performance
of each prediction model, respectively.

B. Simulation Settings

This work presents a comprehensive set of ablation and
comparison experiments to demonstrate the performance of
SVAPI. We compare SVAPI with Autoformer, a cutting-edge
decomposition architecture featuring self-attention mecha-
nisms tailored for addressing complex time series problems.
Furthermore, SG-VMD-Informer (SVI), SG-Informer (SI),
and the original Informer serve as state-of-the-art benchmark
peers for conducting ablative experiments. All algorithms are
independently repeated 10 times, and the best-performing ones
are selected through a testing set to yield the final comparison
results. The reasons of choosing them are described as follows.

1) Autoformer [14]: This innovative decomposition
architecture integrates self-attention mechanisms and
demonstrates versatility across various applications. A
comparative analysis between SVAPI and Autoformer
underscores SVAPI’s efficiency in predicting highly
variable workloads in CDCs.

2) Informer [44]: Serving as the foundational compo-
nent of SVAPI, Informer has low memory utilization
and superior long-term prediction capabilities com-
pared to Transformer. The comparison between SVAPI
and Informer provides concrete evidence of SVAPI’s
improved prediction performance.

3) SI [45]: The SG filter enhances the prediction stability
by smoothing and reducing noise in the time series

2https://paperswithcode.com/dataset/ett
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TABLE II
PARAMETER SETTING OF EACH MODULE IN SVAPI

data. As an ablation algorithm, SI improves Informer’s
prediction ability brought by the SG filter. The compar-
ison between SVAPI and SI proves that the combination
of VMD and AAPE benefits the optimization of the
model.

4) SG-VMD-Informer (SVI) [46]: VMD contributes
multiple modal features, enhancing the model’s
fitting capacity. As another ablation algorithm, SVI
demonstrates the performance improvement brought by
VMD. The comparison between SVAPI and SVI shows
the prediction improvement combined with AAPE.

Generating offloading schemes in a cloud computing
system typically requires the computation time is in minutes.
Therefore, this work aims to predict the arrival rate of tasks
and resource utilization for the next hour. Unless otherwise
specified, all experiments use samples in 96 points to predict
the future 24 points (24 points represent one hour in the
Gcum dataset). The parameter settings for the same module
across all algorithms are shown in Table II, including specific
configurations of the SG filter, VMD, and AAPE. This work
utilizes a grid search method [47] to combine the possible
values of hyperparameters into a grid. We exhaustively search
all possible combinations, cross-validate each combination,
and evaluate the model performance on the verification set.
Finally, the combination of hyperparameters with the best
performance on the validation set is selected as parameters of
the final model. All experiments adopt PyTorch in a computer
with an RTX2080Ti GPU, 64-GB memory, and an Intel Core
i7-12700 CPU with 12-core 4.9-GHz processors.

C. Experimental Results

Fig. 5 shows the prediction results with different α. It is
shown that mean squared error (MSE) is the smallest and R2 is
the biggest when α = 1000. This work performs experiments
with different K ∈ {3, 4, . . . , 10} to determine the best K [22].

Fig. 5. Prediction result of SVAPI under different α.

Fig. 6. Prediction result of SVAPI under different K.

Fig. 6 shows that MSE is the smallest and R2 is the biggest
when K = 5.

Table III compares the prediction results on the Google
cluster data with different mode selection strategies.

1) SVI: It does not adopt the AAPE-based mode selection
in SVAPI.

2) SVAPI: It selects seven modes with the highest AAPE
values.

3) SVAPI†: It selects seven modes with the lowest AAPE
values.

We vary the mode number to distinguish the performance
difference among modes with the highest and the lowest
AAPE. VMD decomposes each feature into 10 modes, and
seven of these modes are chosen as a part of the input
for the training. To evaluate the performance of SVAPI and
peer algorithms, the MSE, the mean absolute error (MAE),
the root mean squared error (RMSE), and the coefficient of
determination (R2) are used as metrics, i.e.,

MSE = 1

κ

κ∑
γ=1

(
yγ−ŷγ

)2 (22)

MAE = 1

κ

κ∑
γ=1

|yγ−ŷγ |2 (23)

RMSE =
√√√√ 1

κ

κ∑
γ=1

(
yγ−ŷγ

)2 (24)

R2 = 1 −
∑κ

γ=1

(
yγ−ŷγ

)2

∑κ
γ=1

(
yγ−ȳ

)2
(25)

where κ denotes the number of samples, yγ denotes the
ground-truth value of sample γ , ŷγ denotes its predicted
value, and ȳ denotes the average value of all samples. Smaller
MSE, MRSE, and MAE values indicate lower model errors,
while larger R2 indicates more accurate prediction results.
The logical p-value of 1 represents that our algorithm is
significantly different from the compared algorithm. For each
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TABLE III
COMPARISON OF DIFFERENT MODE SELECTION STRATEGIES ON GOOGLE CLUSTER DATA

algorithm, we record its times of yielding the best result
of each metric in the Count row. SVAPI achieves the best
performance compared to SVI, while the prediction error
with SVAPI† is increased. These results prove that AAPE
and selecting modes enhance SVAPI’s prediction performance
because the modes with higher AAPE values include more
information, which is beneficial for SVAPI in predicting the
task arriving rate and resource demand.

Table IV summarizes the comparison results of all algo-
rithms on 6 datasets. There are 10 prediction tasks, each
utilizing all features from the dataset as the input to predict the
target sequence. Among them, we predict the workload, CPU,
and memory utilization given the Gcum1 and Gcum2 datasets,
while we predict the oil temperature given the ETT dataset.
The best results are highlighted in bold in Table IV. Finally,
we compute the average values of each algorithm for each
metric. For each algorithm, we record its times of yielding the
best result of each metric in the Count row.

Table IV shows that SVAPI significantly outperforms other
algorithms, obtaining 26 out of 30 best results. p-values for
all compared algorithms are all one, proving that SVAPI is
significantly different. For the Average row, SVAPI exhibits
the average reduction of 37.7% in MSE compared to the orig-
inal Informer (0.314→0.194). The ablation experiment results
reveal that each module’s features improve SVAPI’s prediction
performance. Specifically, the SG filter improves the prediction
performance by 0.6% (0.314→0.312), VMD enhances
the prediction performance by 34.9% (0.312→0.203),
and AAPE boosts the prediction performance by 4.4%
(0.203→0.194).

For the ETTm1 dataset, models face greater fitting chal-
lenges due to significant fluctuations in the data amplitude.
Therefore, richer features are needed to characterize the dataset
effectively. However, in SVAPI, the features extracted by
VMD are selectively filtered by AAPE, reducing input features
into the model. This reduction diminishes SVAPI’s fitting
capability for this dataset compared to SVI.

To validate SVAPI’s prediction performance on the long
time series, we adopt the ETTm2 dataset by taking 96
points as the input and predicting the future 96 points in
the target sequence. The results show that in the long-time
series prediction, SVAPI has a performance improvement of
16.3% in terms of MSE (0.178→0.149), which is higher than
the improvement of 4.4% observed in the short-time series
prediction. Therefore, SVAPI has the strong ability to predict
the long time series.

Fig. 7. Prediction results of different algorithms on the Gcum1 test dataset.

Fig. 7 illustrates the prediction results of five algorithms for
the entire test set of the Gcum1 dataset. All algorithms do
not exhibit overfitting for the outlier at point 90. Both SVAPI
and SVI demonstrate high prediction accuracy. Compared to
the other three models, SVAPI and SVI accurately predict
the peak near point 200 and the upward trend around point
930. However, it is worth noting that SVAPI’s predictions are
more accurate for some turning points (such as the fluctuations
between points 750 and 800). Additionally, SVAPI mitigates
overshooting issues and more accurately predicts sequence
transitioning from the ascent or descent trends to stability
(such as the turning point near point 930) compared to SVI.
SI provides more accurate predictions of the plateau sequence
between points 600 and 800 than Informer. These results
demonstrate that the SG filter, VMD, and AAPE modules all
enhance the prediction performance of SVAPI. Autoformer’s
fitting performance is relatively poor, capturing the sequence’s
trend changes but exhibiting significant lag.

Fig. 8 presents the prediction result by selecting the test
subset from the Gcum1 dataset. The black lines represent the
ground truth values, while the red lines depict each model’s
prediction result. SVAPI achieves the best prediction results
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TABLE IV
COMPARISON RESULTS OF DIFFERENT ALGORITHMS ON GOOGLE CLUSTER DATA AND TYPICAL DATASETS

Fig. 8. Prediction result from the Gcum1 dateset under the input-96-predict-
24 setting.

Fig. 9. Comparison of training errors and testing ones of different algorithms
for the Gcum1 dataset.

and captures the descent trend better. Although SVI identifies
the trend of task arriving rate, it suffers from the overshooting
issue. SI and Informer exhibit similar predictions of the
descent trend in the initial points but fail to forecast longer-
term results due to insufficient features. Notably, the denoising
features provided by the SG filter enable SI to better capture
the turning points in the descent of task numbers compared to
Informer. Autoformer, with the same network parameters as
Informer, fails to predict the results accurately.

Fig. 9 shows the comparison of overfitting of all algorithms
for the Gcum1 dataset. Five epochs of training are performed.
MSE is used to compare five algorithms. Fig. 9 shows that
testing errors of SVAPI and SVI are lower than their training
errors, indicating an absence of overfitting. Conversely, the
testing errors of Informer and Autoformer are approximately

Fig. 10. Training time of five algorithms for typical datasets.

30% to 40% higher than their training errors, meaning a
notable overfitting issue. The reason is that SVAPI and SVI
adopt the VMD module, which enriches features to improve
the prediction accuracy and alleviates the overfitting problem.

Fig. 10 compares the training time of five algorithms given
six datasets. It is observed that across all datasets, SVAPI
exhibits a shorter training time than SVI after feature selec-
tion with AAPE from the features generated by the VMD
decomposition. This demonstrates the effectiveness of AAPE
in reducing the training time. SVAPI’s training time is much
lower than Autoformer’s because of its simple yet efficient
feature-capturing ability.

It is worth noting that SVAPI requires significant com-
putational resources during the training phase, similar to
other deep learning models. Nevertheless, the trained SVAPI
has high-speed computation with negligible time overhead.
In cloud computing systems, the predicted workload with
SVAPI at each time step can yield high-quality task offloading,
enhancing real-time performance. In summary, SVAPI excels
in prediction accuracy with minimal risk of overfitting and
has more time efficiency during the training than Autoformer
because of progressive decomposition.

V. CONCLUSION AND FUTURE WORK

Workload prediction is paramount for organizations seeking
to implement proactive service operation management in
CDCs, ensuring high-quality computing services and sustain-
able costs. However, the inherent nonlinearity, high volatility,
and interdependence of workload and resource utilization
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data in cloud computing present significant challenges in
thoroughly analyzing limited data. This work proposes a
data-enhanced high-precision prediction model named SVAPI,
which integrates the SG filter, the VMD, the AAPE, and
the Informer model. SVAPI leverages the SG filter to elim-
inate noise and fluctuations from the original sequences
in cloud computing while preserving essential features. It
then applies VMD to explore the temporal characteristics of
these sequences with frequency domain information, thereby
enhancing data representation. Additionally, AAPE evaluates
mode significance, facilitating the selection of the most
informative decomposed modes. These operations strengthen
features, aiding the model in completing prediction tasks in
CDCs that require comprehensive feature extraction. Finally,
the Informer is integrated to enable the comprehensive analysis
of enhanced features, ensuring accurate prediction of the target
sequence in CDCs. Experiments with real-world datasets in
CDCs demonstrate that integrating each module contributes
positively to SVAPI’s performance enhancement. Specifically,
it improves the prediction accuracy of tasks and resource usage
in CDCs by 37.7% and 65.67% on average compared with
Informer and Autoformer, respectively. It accurately forecasts
task arrival rates and resource demands in CDCs, providing
sufficient time for proactive planning and execution phases of
task offloading, thereby ensuring both QoS and cost efficiency.

In the future, we will employ advanced methods, such as
deep learning, to select the optimal combination of decom-
posed modes. We will exploit dynamic sparse patterns in
attention and decrease unnecessary computations to enhance
efficiency, analyze different parallelism levels, and design
a more scalable system architecture by adopting parallel
dataflow with balancing and hardware-enabled execution.
Besides, we will design distributed training methods that
optimize computation and communication to improve scal-
ability, thereby reducing training time. We will explore the
explainability of time series prediction algorithms by revealing
hidden causes of model errors specific to both model inner
logic and the currently observed input. Specifically, we will
assign relevance scores to highly diverse input time series by
investigating the Pearson correlation between relevance scores
and enriched expressiveness of the input.
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