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Abstract
Accurate prediction of cloud workload is essential for efficient resource allocation
and capacity planning in large-scale distributed and supercomputing environments.
While short-term forecasting hasmade notable progress, long-term prediction remains
challenging due to the need to simultaneously model both short-term and long-term
dependencies and capture multi-scale features. Moreover, many existing models rely
on complex architectures that result in high inference overhead, limiting their practical
applicability. To overcome these challenges,we propose theWaveletDual-BranchNet-
work (WDBNet), a long-term cloudworkload predictionmodel that integrates wavelet
decomposition with a dual-branch channel strategy to balance accuracy and efficiency.
Leveraging the observation that low-frequency components exhibit strong cross-
channel correlations while high-frequency components behave more independently,
WDBNet employs a dual-branch architecture: the long-term branch capturesglobal
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trends and inter-channel dependencies, while the short-term branch models local vari-
ationswithin each channel. Extensive experiments on theAlibaba,Azure,Bitbrain, and
Google datasets demonstrate that WDBNet improves prediction performance in terms
of mean squared error (MSE) by 1.3%, 3.1%, 3.3%, and 2.0%, respectively, compared
to state-of-the-art methods, while reducing the number of parameters by 41.3%. These
results validate the effectiveness of WDBNet in achieving high predictive accuracy
with reduced computational complexity.We also integrated it into auto-scaling scenar-
ios for experimentation. The results demonstrate that WDBNet significantly reduces
the number of active machines, thereby improving resource utilization efficiency.

Keywords Cloud computing · Workload prediction · Long-term prediction ·
Multi-scale decomposition · Dual-branch network

1 Introduction

In recent years, cloud computing has emerged as a disruptive information technology
paradigm that is fundamentally reshaping the computing landscape for enterprises,
research institutions, and individual users [1]. Today’s cloud data centers increasingly
serve as the backbone infrastructure for high-performance computing (HPC) andmas-
sive distributed applications. As cloud service providers (CSPs) such as Alibaba Cloud
and Google Cloud continue to expand their services and support large-scale applica-
tion deployment through elastic resource provisioning, the operational tasks of cloud
platformshavebecome increasingly complex.Managing resources at such a supercom-
puting scale requires predictive models to be highly scalable and capable of real-time
execution. Consequently, achieving efficient resource scheduling and capacity plan-
ningwhile ensuring quality of service (QoS) compliancewith service level agreements
(SLAs) has become a critical challenge that urgently needs to be addressed.

Cloud workload, which refers to users’ requests for computing resources (e.g.,
CPU, memory, I/O), exhibits significant temporal dependency, burstiness, and non-
stationarity [2]. Traditional static ormanual configurations struggle to handleworkload
fluctuations, often resulting in SLA violations and resource wastage. Consequently,
increasing research attention has been directed toward cloud workload prediction
techniques to enable proactive resource allocation and achieve an optimal balance
between performance and cost.

Despite the application of various regression [3, 4] and machine learning [5]
approaches in cloud workload prediction, existing approaches generally focus on
short-term forecasting and provide limited support for scenarios requiring advanced
resource provisioning. In such cases, long-term prediction not only offers greater
strategic value by enabling proactive resource scheduling and capacity planning, but
also imposes stricter demands onmodel performance and efficiency.However, existing
approaches, whether tailored for cloud workload prediction or for general long-term
time series forecasting, still face two major challenges.[6] The first is limited predic-
tive accuracy. Current models often struggle to capture both local bursty behaviors
and long-term trends inherent in cloud workloads, resulting in inadequate model-
ing of complex, multi-scale temporal dynamics. This limitation primarily stems from
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Fig. 1 Wavelet decomposition of real-world cloud workload trace

architectural designs that fail to fully exploit the unique statistical characteristics of
cloud workloads. The second challenge is computational inefficiency. Many existing
approaches rely on deep and complex neural network architectures with large param-
eter counts, leading to high training and inference costs. These limitations hinder the
practical deployment of such models in real-world cloud systems. Therefore, there is
an urgent need for a long-term cloud workload prediction approach that strikes a bal-
ance between predictive accuracy and computational efficiency to meet the demands
of practical cloud computing environments.

To enhance both prediction accuracy and model efficiency, we explore the inher-
ent characteristics of cloud workload. Cloud workloads typically exhibit pronounced
non-stationarity[7] andmulti-scale features, characterized by slowly evolving trends at
large scaleswhile frequently containing high-frequency fluctuations at small scales.[8]
To leverage these characteristics, we introduce wavelet decomposition [9][10] to sep-
arate long-term trends from short-term fluctuations in the time-frequency domain,
enabling more targeted feature modeling.[11] As shown in Fig. 1, taking a cloud
server’s CPU utilization sequence as an example, one-level wavelet decomposition
produces approximation coefficients representing long-term trends and detail coeffi-
cients capturing short-term burst fluctuations. This decomposition provides two key
insights. On the one hand, it enhances predictive performance by enabling frequency-
specific modeling strategies for global and local patterns. On the other hand, the
differentiated and lightweight design opportunities across branches create potential
for improved model efficiency.

Furthermore, we observe that different frequency components exhibit distinct
dependency patterns along the channel dimension. As shown in Fig. 2, we decompose
and compare the approximation and detail coefficients fromCPUutilization sequences
of two representative servers. Our analysis reveals stronger inter-channel correla-
tions among approximation coefficients, while detail coefficients exhibit weaker
dependencies and greater independence across channels. This finding motivates
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Fig. 2 Comparison of wavelet-decomposed coefficients across different cloud workload sequences

our differentiated channel modeling strategy: for low-frequency components dom-
inated by long-term patterns, we employ the channel-dependent strategy to capture
cross-channel collaborative trends,while for high-frequency components, the channel-
independent strategy is adopted to enhance both efficiency andprediction performance.

Based on these observations,we propose theWaveletDual-BranchNetwork (WDB-
Net), an efficient and accurate model for long-term cloud workload prediction.
WDBNet first performsmulti-level wavelet decomposition on the original sequence to
separate low-frequency and high-frequency subsequences, effectively mitigating non-
stationarity while explicitly modeling patterns at different scales. The architecture
then employs a dual-branch design: the long-term branch processes low-frequency
components using the channel-dependent strategy to capture cross-machine long-
term collaborative relationships, while the short-term branch handles high-frequency
components through the channel-independent strategy to enhance perception of burst
dynamics in individual machines. To balance modeling capacity with efficiency, both
branches incorporate patch partitioning and depthwise separable convolutions(DSC)
for efficient local feature extraction, significantly reducing computational costs while
maintaining prediction accuracy. In the subsequent architecture, the long-term branch
introduces channel encoders to strengthen global trend modeling, while the short-term
branch employs lightweight MLPs for independent per-channel processing, thereby
improving rapid response capability to short-term fluctuations.

The key contributions of this paper can be summarized as follows:

• We propose the Wavelet Dual-Branch Network (WDBNet) for long-term cloud
workload prediction. This network integrates wavelet decomposition with a dual-
branch modeling strategy to separately capture long-term trends and short-term
fluctuations, significantly improving long-term forecasting performance.

• We propose an efficient dual-branch modeling framework. Both branches employ
patch partitioning and DSC for local feature extraction: the long-term branch
leverages the channel-dependent strategy and a channel encoder to capture trends,
while the short-term branch combines the channel-independent strategy with an
inter-patch MLP to capture rapid fluctuations and reduce redundant computation.

• Extensive experiments on various cloud workload datasets from Alibaba, Google,
Azure, and Bitbrain demonstrate thatWDBNet achieves superior performance and
efficiency compared to state-of-the-art approaches.
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The remainder of this paper is organized as follows: Sect. 2 reviews related work.
Section3 presents theWDBNet architecture in detail. Section4 provides experimental
evaluation. Section5 concludes this paper and discusses future research directions.

2 Related work

In this section, we review related work in both general long-term time series prediction
and cloud workload prediction.

2.1 General long-term time series prediction

In recent years, the focus of general time series prediction research has gradually
shifted from Short-term Prediction to Long-term Prediction. Compared to Short-term
Prediction, Long-term Prediction holds greater value in domains such as weather,
energy, transportation, and finance, enabling early estimation of future trends to sup-
port planning and decision-making. Existing Long-term Prediction models mainly
adopt architectures based on RNNs, CNNs, MLPs, and Transformers, which will be
briefly introduced below.

RNN-based models can accumulate temporal contextual information in hidden
states, enabling them to capture temporal dependencies, such as SegRNN [12] and
SutraNets [13]. However, RNNs suffer from limitations such as long-term memory
decay and information bottlenecks when processing long sequences.

CNN-basedmodels efficiently extract local patterns within sequences through local
receptive fields, offering high parallelism and computational efficiency. Recent works
such as TimesNet [14], MICN [15], and PatchMixer [16] leverage convolutional oper-
ations to improve the modeling of periodic patterns in time series. However, CNNs
are inherently limited in capturing global temporal dependencies.

MLP-based models exhibit strong nonlinear transformation capabilities and the
ability to capture global dependencies. Lightweight models such as DLinear [17] and
TSMixer [18] demonstrate excellent forecasting performance with reduced parame-
ter counts. However, when dealing with sequences characterized by non-stationarity
(e.g., cloud workload traces), MLP-based approaches face challenges in effectively
modeling their complex dynamics.

Transformer-based models leverage self-attention mechanisms to achieve superior
long-term dependencymodeling capabilities compared to RNNs and CNNs. However,
the computational complexity of their attention mechanisms scales quadratically as
O(L2), resulting in significant resource overhead when processing long sequences. To
address this, researchers have developed methods like Informer [19] and PatchTST
[20],which employ sparse attention and patchingmechanisms to reduce computational
costs. Meanwhile, FEDformer [21] introduces a frequency-enhanced decomposition
architecture to effectively capture global temporal patterns in the frequency domain
with linear complexity. Furthermore, enhanced architectures including iTransformer
[22], TimeBridge [23], and MultiPatchFormer [24] have been introduced to improve
the modeling capacity for complex temporal structures.
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2.2 Cloud workload prediction

Existing approaches for cloud workload prediction can be grouped into four major
categories: traditional regression, ensemble learning, classical machine learning, and
deep learning approaches. A comprehensive taxonomy of these approaches is sum-
marized in Table 1.

Traditional regression methods were widely adopted in early applications due to
their simple structure and computational efficiency. Li et al. [3] proposed the ARIMA-
DEC model, which reduces SLA violation rates and resource costs through dynamic
error compensation. Singh et al. [25] developed the TASM framework by integrating
ARIMA, linear regression, and SVR to improve adaptability. Xie et al. [26] combined
ARIMAwith triple exponential smoothing to optimize container workload prediction.
Bi et al. [4] introducedSWARIMA, incorporatingSavitzky-Golayfiltering andwavelet
decomposition to enhance multi-task forecasting capability. However, these methods
are only suitable for stationary time series and struggle with non-stationary sequences,
leading to their gradual replacement by ensemble learning approaches.

Ensemble learning methods enhance prediction accuracy and robustness through
multi-model fusion. Kaur et al. [27] proposed REAP, which employs genetic algo-
rithms to combinemultiple regressionmodels for improved CPU utilization prediction
accuracy. Kim et al. [28] developed CloudInsight, adopting an online weightingmech-
anism to dynamically ensemble multiple predictors for handling sudden fluctuations.
Although ensemble learning improves performance, it involves higher computational
overhead in model construction and deployment. To enhance efficiency, researchers
have subsequently shifted toward more flexible machine learning approaches.

Machine learning methods demonstrate superior capability in capturing nonlinear
patterns in data. Nikravesh et al. [5] proposed an adaptive prediction system combining
SVM and neural networks, which enhances accuracy in multi-workload cases through
sliding window and online learning strategies. Barati et al. [29] developed a hybrid
SVR-based model incorporating genetic algorithms and particle swarm optimization
to improve convergence speed. However, these methods remain constrained by strong
feature dependency and limited structural expressiveness when handling multi-scale
variations and non-stationary cases.

To address these challenges, deep learning approaches have been widely adopted
for complexworkload prediction. For instance, Chen et al. [30] proposed L-PAWusing
sparse autoencoders andGRUs, Xu et al. [31] developed esDNNwith enhancedGRUs,
andChen et al. [32] introducedSG-CBAby integrating filtering, CNNs, andBiLSTMs.
More recently, Dogani et al. [33] combined discrete wavelet transformation (DWT),
attention mechanisms, and BiGRUs for accurate short-term prediction, while Li and
Zhang [34] proposed a hybrid architecture integrating Variational Mode Decompo-
sition (VMD), wavelet denoising, TCNs, and GRUs to enhance robustness against
noise. However, these methods primarily focus on short-term forecasting and strug-
gle to capture the complex long-range dependencies required for extended horizons.
Although [33] and [34] share our frequency-domain perspective, they fundamentally
differ from our work in their core objectives. In contrast, our WDBNet is explicitly
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tailored for long-term forecasting scenarios, designed to effectively tackle the excep-
tionally complex global dependencies present in extended horizons.

Recently, several studies have begun to focus on long-term workload predic-
tion tasks. EvoGWP [35] leverages shapelet extraction and graph neural networks
to model the evolution of resource usage patterns, while MSCNet [36] employs
multi-scale blocks to capture both short-term and long-term dependencies as well
as periodic characteristics. However, EvoGWP exhibits limited performance in long-
term forecasting tasks. MSCNet, though achieving competitive results across multiple
evaluation metrics, suffers from two key limitations: its inference efficiency remains
suboptimal in certain scenarios, and its representation of latent workload features
remains inadequate. These shortcomings constrain the model’s expressive power and
generalizability. Furthermore, while existing general long-term time series forecasting
models demonstrate strong cross-dataset generalization, they often struggle to effec-
tively learn the deep structures and evolving patterns in highly dynamic, complex, and
non-stationary sequences such as cloud workloads–resulting in significantly degraded
prediction performance.

To address the above challenges, this paper proposes WDBNet, a deep learning
model that integrates wavelet decomposition with a dual-branch channel strat-
egy. Specifically, wavelet decomposition is applied to perform multi-scale analysis
of workload sequences, and a dual-branch architecture is designed to separately
model different frequency components, enabling differentiated representation of high-
frequency fluctuations and low-frequency trends. The model aims to improve both the
accuracy and efficiency of long-term cloud workload prediction.

3 Model

3.1 Problem formulation

In long-term cloudworkload prediction tasks,we address the following problem: given
a set of historical values of cloud workloads X = (x1, x2, ..., xL ) ∈ R

L×C , our goal is
to predict their future values Y = (y1, y2, ..., yT ) ∈ R

T×C . Here, L denotes the size of
the historical window, T represents the size of the prediction window, and C indicates
the number of channels. In our setting, each channel corresponds to one machine.

3.2 Model architecture

The overall architecture of WDBNet is shown in Fig. 3. This model combines multi-
level wavelet decomposition with a dual-branch architecture to capture long-term
trends and short-term fluctuations of cloud workloads from a multi-scale perspective,
thereby achieving efficient and accurate long-term prediction.

First, WDBNet employs multi-level wavelet decomposition to separate the original
sequence into approximation and detail coefficients, which correspond to low-
frequency trends and high-frequency perturbations, respectively. To process these
distinct components, WDBNet utilizes an asymmetric dual-branch architecture.
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Fig. 3 Overall architecture of WDBNet

Following the decomposition, themodeling pipelines of the two branches operate inde-
pendently. While both branches apply identical functional steps–including instance
normalization, patching and embedding, and depthwise separable convolution–they
diverge fundamentally in their feature extraction strategies. Specifically, the long-term
branch utilizes a channel-dependent inter-channel encoder to process approximation
coefficients,whereas the short-termbranch employs a channel-independent patch-wise
MLP to process detail coefficients. Finally, the predicted coefficients are reconstructed
into the complete cloud workload sequence via the inverse wavelet transform.

To explicitly clarify the novelty of WDBNet, we distinguish our newly introduced
designs from reused existing techniques: DWT for sequence decomposition [10],
RevIN to mitigate distribution shift [37], Patching for local semantic extraction [20],
andDSC for efficient feature extraction [38]. Crucially, we fundamentally differentiate
our architecture from existing decomposition-based models and multi-scale networks.
While advanced decomposition models like FEDformer [21] leverage frequency-
domain attention, they typically apply uniform multivariate channel-mixing strategies
across different components, overlooking the distinct inter-channel correlation behav-
iors at different scales. Similarly, standard multi-scale architectures like MSCNet [36]
capture multi-scale patterns by processing the highly mixed original signal simultane-
ously via parallel convolutions, lacking explicit physical separation of frequencies. In
contrast, to address the inherent frequency heterogeneity of cloud workloads, WDB-
Net adopts a differential dual-branch paradigm. It strictly isolates frequencies via
DWT first, and then explicitly decouples channel strategies: applying a channel-
dependent strategy for correlated low-frequency trends, and a channel-independent
strategy for isolated high-frequency bursts. This combination of physical separation
and customized modeling effectively prevents feature confounding, enabling highly
efficient extraction of complex temporal patterns.

The detailed descriptions of each module are provided in Sections 3.3 and 3.4.
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3.3 Data preprocessing

3.3.1 Reversible instance normalization

The cloudworkload sequences typically exhibit high non-stationarity,which can easily
lead to data distribution shift issues. To address this challenge, Kim et al. [37] proposed
Reversible InstanceNormalization (RevIN) to reduce the impact of distribution shift on
model performance. The overall process of RevIN can be represented by the following
Eq. (1):

E[X (i)] = 1

L

L∑

t=1

X (i),

Std[X (i)] =
√√√√ 1

L

L∑

t=1

(X (i) − E[X (i)])2 + ε,

X (i)
r = X − E[X (i)]

Std[X (i)] ,

Y (i) = Std[X (i)] · Y (i)
r + E[X (i)],

(1)

where i denotes the i-th dimension of the cloud workload input. Our model applies
RevINbefore decomposition, after reconstruction, andwithin the branches to eliminate
scale differences, mitigate data drift, and improvemodeling performance. The specific
locations of RevIN are shown in Fig. 3.

3.3.2 Wavelet decomposition

To effectively model the non-stationary and bursty nature of cloud workloads, choos-
ing an appropriate signal decomposition method is critical. While methods like the
Fourier Transform (FFT) andEmpiricalModeDecomposition (EMD) arewidely used,
we specifically adopt theDiscreteWavelet Transform (DWT) due to its unique theoret-
ical advantages. First, unlike FFTwhich loses time-domain localization, or Short-Time
Fourier Transform (STFT) which relies on a fixed window size, DWT provides
multi-resolution analysis. It offers precise time localization for high-frequency bursty
requests and accurate frequency localization for low-frequency long-term trends. Sec-
ond, compared to heuristic methods like EMD or VMD that often suffer from mode
mixing, high computational overhead, and reliance on predefined hyperparameters,
DWT is mathematically rigorous and highly efficient with O(N ) complexity. This
strictly deterministic and lightweight nature makes DWT a highly robust module for
our proposed WDBNet.

Leveraging these theoretical advantages, we apply multi-level DWT independently
to each of theC server signals along the temporal dimension. This independent decom-
position ensures that every individual server is separated into its own low-frequency
approximation and high-frequency detail components, strictly preserving its unique
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physical characteristics. Specifically, the signal of each server is recursively decom-
posed. At each level, the approximation coefficients XAm−1 are further split into the
current level’s approximation coefficients XAm and detail coefficients XDm , result-
ing in one set of approximation coefficients and m sets of detail coefficients. The
decomposition process is shown in Eq. (2).

XAm , XDm , ..., XD1 = Decomposition(Xr , ψ,m), (2)

where Xr denotes the instance-normalized workload sequence, ψ represents the type
ofwavelet basis function, andm indicates the number ofwavelet decomposition levels.
The approximation coefficients XAi and detail coefficients XDi ∈ R

C×Li correspond
to the i-th decomposition level, where Li denotes the sequence length in the time
dimension. It should be noted that the lengths of the coefficient sequences differ
across decomposition levels in multi-level DWT.

3.3.3 Channel strategy

The choice of channel strategy has a significant impact on model performance. Most
existing cloud workload prediction methods [31][35] employ the channel-dependent
strategy for modeling, emphasizing inter-channel relationship learning. However,
recent studies [20][39] demonstrate that the channel-independent strategy can achieve
inter-channel isolation, effectively mitigating the effects of distribution shift. Based
on these findings, we further explore an organic integration of both strategies to enable
more comprehensive modeling.

We find thatWDBNet inherently possesses advantages for combining both channel
strategies. Specifically, the approximation coefficients characterize long-term trends
where inter-channel correlations exist, making them suitable for channel-dependent
modeling, while the detail coefficients reflect short-term fluctuations with weaker
cross-channel dependencies, being more appropriate for channel-independent mod-
eling. To validate this modeling hypothesis, we further introduce normalized mutual
information (NMI) [40] to analyze dependency levels between channels across differ-
ent coefficients. The NMI is defined as:

NMI (X; Y ) = 2I (X; Y )

H(X) + H(Y )
, (3)

where X and Y are discrete random variables. I (X; Y ) denotes the mutual infor-
mation measuring the dependency between X and Y . H(X) and H(Y ) represent the
entropy quantifying the information content of X and Y , respectively. As shown in
Fig. 4, the approximation coefficients from both datasets exhibit consistently higher
NMI scores across channels compared to the detail coefficients, indicating stronger
long-term trend dependencies and weaker short-term fluctuation correlations. Conse-
quently, we adopt the channel-dependent strategy for approximation coefficients while
employing the channel-independent strategy for detail coefficients. Algorithm 1 and
Algorithm2 presents the distinct branches formodeling these two types of coefficients.

123



  461 Page 12 of 39 Z. Yuan et al.

Fig. 4 NMI of approximation coefficients and detail coefficients for different variables in Alibaba and
Bitbrain datasets

3.4 Predictionmodel

3.4.1 Patching and embedding

To effectively capture local sequence features while reducing model parameters, we
adopt the same Patching and Embedding technique as PatchTST [20]. For clarity, we
demonstrate this process using the approximation coefficients XAm ∈ R

C×l obtained
from wavelet decomposition. Let P denote the patch length and S represent the patch
stride. XAm is divided into a series of overlapping patches X p, where N indicates the

number of patches calculated as N =
⌊

(l−P)
S

⌋
+2. Subsequently, each patch undergoes

an embedding operation through a linear projection layer to the model dimension
D, producing Xemb for higher-order feature extraction. The complete Patching and
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Algorithm 1 Long-term branch

Input: approximation coefficients XAm ∈ R
C×l

Output: predicted approximation coefficients YAm ∈ R
C×t

1: Initialize number of Depthwise Separable Convolution Blocks I , patch length P , patch stride S, number

of patches N =
⌊

(l−P)
S

⌋
+ 2.

2: Utilize instance normalization to approximation coefficients

3: Xr = XAm −E[XAm ]√
Var[XAm ]+ε

.

4: Perform patching and embedding on the approximation coefficients
5: Xemb = Linear(Patching(Xr , N )).
6: for each Depthwise Separable Convolution Block i ∈ {1, ..., I } do
7: for each patch of coefficients n ∈ {1, ..., N } do
8: Depthwise Convolution extracts local features within each patch
9: Xdc = Conv1D(Xemb, kernel = S, step = 1).
10: Pointwise Convolution integrates information across patches
11: Xdsc = Conv1D(Xdc, kernel = step = 1).
12: end for
13: end for
14: Channel Embedding and dimension reduction
15: Xce = Conv1D(Xdsc, kernel = step = 1).
16: Xk , Xv = Conv1D(Xce).
17: Calculate the inter-channel attention
18: Xattn = Attention(XceW

Q
h , XkW

K
h , XvWV

h ).
19: Calculate the Long-term Branch’s output
20: Yl = Linear(Flatten(Xattn)).
21: YAm = √

Var[XAm ] + ε · Yl + E[XAm ].
22: return YAm

Embedding operation can be formally expressed as:

X p = Patching(XAm , N ) ∈ R
C×N×P ,

Xemb = Linear(X p) ∈ R
C×N×D .

(4)

3.4.2 Depthwise separable convolution

To enhance the model’s local modeling capacity while maintaining parameter effi-
ciency, we utilize depthwise separable convolution (DSC) modules [38] into both
branches. Compared to standard convolution, DSC preserves local modeling capa-
bilities while significantly reducing computational complexity. In our design, DSC
operates along the patch dimension. Specifically, the DSC implementation consists of
two submodules:

Depthwise Convolution: At this stage, convolution is performed along the feature
dimension of each patch to model local temporal dependencies within patches. The
process sequentially consists of 1D convolution, GELU activation, and batch normal-
ization, as formally expressed by the following equation:

X (i)
dc = BN(GELU(Conv1D(X (i)

emb, kernel = S, step = 1))), (5)
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where X (i)
emb denotes the patch representation after embedding for the i-th channel,

with a kernel size of S and a default convolution stride of 1.
Pointwise Convolution: This stage utilizes 1×1 convolution to fuse features across

patches, modeling short-range dependencies between patches to enhance local con-
textual awareness. The process is shown as follows:

X (i)
dsc = BN(GELU(Conv1D(X (i)

dc , kernel = step = 1))). (6)

3.4.3 Inter-patch MLP

To enhance the short-term branch’s capability in modeling high-frequency short-term
patterns, we introduce a lightweight and efficient Inter-PatchMLPmodule. This mod-
ule is specifically designed to capture global dependencies among different patches,
thereby compensating for DSC’s limitations in modeling non-local information. The
computational process is formulated as follows:

H ( j)
d1

= Linear(X ( j−1)
i p ) ∈ R

C×D×N · f actor ,

H ( j)
d2

= GELU(H ( j)
d1

),

X ( j)
i p = Linear(H ( j)

d2
) ∈ R

C×D×N ,

(7)

where X ( j−1)
i p ∈ R

C×D×N denotes the output of the previous Inter-Patch MLP

block.At the first layer, X (0)
i p is initialized as Xdsc.

3.4.4 Inter-channel transformer encoder

To enhance the long-term branch’s capability in modeling persistent trends, we intro-
duce an Inter-Channel Transformer Encoder module to capture global dependencies
across channels. This module is integrated after the DSC layer. Specifically, the Inter-
Channel Transformer Encoder includes three key components:

Channel Embedding: We perform channel embedding to compress and aggregate
patch features. The complete process is formulated as follows:

Xce = Conv1D(Xdsc, kernel = step = 1) ∈ R
C×D . (8)

Channel Dimensionality Reduction: To mitigate overfitting risks in attention mech-
anisms caused by redundant information from high-dimensional channels while
reducing computational complexity, we apply 1D convolution along the channel
dimension to compress the key (K) and value (V) representations prior to their gen-
eration, reducing the number of channels to r(r ≤ C). For instance, on the Alibaba
dataset, we employ 1D convolution with a kernel size of 4 and padding of 2 for
this compression. This channel dimensionality reduction decreases the computational
complexity of attention from O(C2 · D) to O(C · r · D), as formally expressed below:

Xk, Xv = Conv1D(Xce) ∈ R
r×D . (9)
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Algorithm 2 Short-term branch
Input: detail coefficients XDm ∈ R

C×l

Output: predicted detail coefficients YDm ∈ R
C×t

1: Initialize number of Depthwise Separable Convolution Blocks I , number of Inter-Patch MLP Block J ,

patch length P , patch stride S, number of patches N =
⌊

(l−P)
S

⌋
+ 2.

2: Utilize instance normalization to approximation coefficients

3: Xr = XDm −E[XDm ]√
Var[XDm ]+ε

.

4: Perform patching and embedding on the approximation coefficients
5: Xemb = Linear(Patching(Xr , N )).
6: for each Depthwise Separable Convolution Block i ∈ {1, ..., I } do
7: for each patch of coefficients n ∈ {1, ..., N } do
8: Depthwise Convolution extracts local features within each patch
9: Xdc = Conv1D(Xemb, kernel = S, step = 1).
10: Pointwise Convolution integrates information across patches
11: Xdsc = Conv1D(Xdc, kernel = step = 1).
12: end for
13: end for
14: for each Inter-Patch MLP Block j ∈ {1, ..., J } do
15: Further captures global dependencies among patches
16: Xip = Linear(GELU(Linear(Xdsc))

17: end for
18: Calculate the Short-term Branch’s output
19: Yl = Linear(Flatten(Xip)).
20: YDm = √

Var[XDm ] + ε · Yl + E[XDm ].
21: return YDm

Multi-Head Attention: Given the superior global modeling capability of the multi-
head attention mechanism, we employ it to model the approximation coefficients.
Before performing the attention computation, we first derive the Qh , Kh , Vh matrices
as follows:Qh = XceW

Q
h , Kh = XkWK

h , Vh = XvWV
h , where h = 1...H denotes the

number of attention heads. The attention calculation is formally expressed as:

Attention(Qh, Kh, Vh) = SoftMax(
QhKT

h√
d

)Vh . (10)

Following the attention computation, the outputs undergo subsequent processing
through a feed-forward network (FFN) and Batch Normalization (BatchNorm) oper-
ations. The FFN further enhances nonlinear modeling capabilities, thereby improving
themodel’s capacity to fit complex patterns, while BatchNorm stabilizes feature distri-
butions and mitigates training instability caused by distribution shift. The final output
is obtained as Xattn ∈ R

C×D .

3.4.5 Wavelet reconstruction

After predicting both the approximation and detail coefficients, the final cloud work-
load sequence is reconstructed using the following formulation:

Yr = Reconstruction(YAm ,YDm , ..., YD1), (11)
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Algorithm 3Wavelet dual-branch network for workload prediction

Input: historical cloud workload X ∈ R
L×C

Output: future cloud workload Y ∈ R
T×C

1: Initialize look-backwindow sizeL, horizonwindow sizeT,workload channelsC,Wavelet decomposition
level M.

2: Utilize instance normalization to historical cloud workload, then transpose dimensions L and C
3: Xr = X−E[X ]√

Var[X ]+ε
∈ R

C×L .

4: for each channels of cloud workload c ∈ {1, ...,C} do
5: Decomposed into detail and approximation coefficients through an M-level wavelet transform
6: for each decomposition level m ∈ {1, .., M} do
7: Call Algorithm 2 to obtain the Short-term Branch’s output
8: YDm = Short-term Branch(XDm ).
9: if m=M then
10: Call Algorithm 1 to obtain the Long-term Branch’s output
11: YAm = Long-term Branch(XAm ).
12: end if
13: end for
14: Reconstruction the detail and approximation coefficients to obtain the prediction
15: Yr = Reconstruction(YAm , YDm , ...,YD1 ) ∈ R

C×T

16: end for
17: Transpose dimensions T and C, then apply inverse instance normalization to the future cloud workload

18: Y = √
Var[X ] + ε · Yr + E[X ] ∈ R

T×C .
19: return Y

where YAm and YDi denote the predicted values of approximation coefficients and
detail coefficients, respectively. The reconstructed sequence is Yr ∈ R

C×T , where C
represents the number of channels and T denotes the length of the predicted sequence.
The key procedures of WDBNet are summarized in Algorithm 3.

4 Experiments

This section first presents the experimental setup. Subsequently, we compare the per-
formance of various models across four datasets and validate the effectiveness of each
component through ablation studies. Finally, model analysis is conducted, followed by
auto-scaling experiments to evaluate the practical application of WDBNet. All exper-
iments in this section are implemented in PyTorch and executed on three NVIDIA
A10 GPUs equipped with 24 GB of memory.

4.1 Experimental setup

Datasets:We evaluate and analyze the performance of our proposed model using four
real-world cloud workload datasets: Alibaba, Azure, Bitbrain, and Google.

• Alibaba Cluster Traces [41]: The Alibaba Cluster Trace dataset (Cluster-trace-
v2018), collected in 2018, comprises operational data from approximately 4,000
machines over 8 days, including both long running applications (LRA) and batch
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workloads with a 10-second sampling interval. The dataset is publicly accessible
on GitHub.1

• Azure Traces [42]: The Azure Traces dataset (Azure Public Dataset V1) contains a
representative subset of first-party Azure VMworkloads from a specific geograph-
ical region. The dataset includes approximately 2 million virtual machines (VMs)
monitored over 30 days, recording key metrics such as VM CPU utilization and
VM information tables with a 5-minute sampling interval. The complete dataset
is available on GitHub.2

• Bitbrains Fast Storage Traces [43]: The Bitbrains Fast Storage Traces dataset
contains monitoring data from 1,250 virtual machines (VMs) connected to a fast
Storage Area Network (SAN) over 30 days, capturing essential metrics including
CPU utilization, memory usage, and other system parameters with a 5-minute
sampling interval. This dataset is publicly available on Kaggle.3

• Google Cluster Traces [44]: The Google Cluster Trace dataset (clusterdata-2011–
2) contains 29 days of operational data fromBorg cells in a cluster of approximately
12,500machines, collected sinceMay 2011with a 5-minute sampling interval. The
dataset is publicly accessible on GitHub.4

CPU utilization serves as the core performance metric that directly reflects work-
load intensity and computational resource pressure. Consequently, we adopt CPU
utilization as the primary indicator for assessing workload levels. First, we randomly
selected 100 machines from each dataset mentioned above and extracted their CPU
utilization to construct the evaluation dataset. Subsequently, the datasets are divided
into three subsets: 70% for training, 10% for validation, and 20% for testing.

Baselines:To validate the effectiveness of our approach, we compare it with several
state-of-the-art models for both cloud workload prediction and general long-term time
series prediction.

• MSCNet [36]: A multi-scale convolutional network specifically designed for
long-term cloud workload prediction. Through its multi-scale blocks, MSCNet
effectively captures long-term dependencies and periodic patterns in cloud work-
loads, thereby enhancing both prediction accuracy and generalization capability.

• iTransformer [22]: A Transformer-based model specifically designed for long-
term time series prediction. By shifting the attentionmechanism from the temporal
dimension to the variate dimension, it more naturally captures multivariate corre-
lations, thereby enhancing generalization capability and efficiency for long-term
predictions.

• TSMixer [18]: An all-MLP architecture for time series prediction. It captures tem-
poral dependencies and cross-variate interactions through alternating time-mixing
and feature-mixing operations. The model eliminates complex modules, relying
exclusively on MLPs to deliver efficient and highly generalizable predictions.

• TimesNet [14]: A time series prediction method based on multi-periodicity and
2D convolutions. It transforms one-dimensional sequences into multi-period

1 https://github.com/alibaba/clusterdata
2 https://github.com/Azure/AzurePublicDataset
3 https://www.kaggle.com/datasets/gauravdhamane/gwa-bitbrains
4 https://github.com/google/cluster-data
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two-dimensional tensors, enabling unified modeling of both intra-period and
inter-period variations, and has demonstrated strong performance across various
forecasting tasks.

• FEDformer [21]: A frequency-enhanced Transformer model for long-term time
series prediction. It combines seasonal-trend decomposition with frequency-
domain attention to efficiently capture long-range dependencies and improve
forecasting performance.

• DWT-BiGRU-attention [33]: A cloud workload forecasting method combining
frequency-domain analysis with recurrent neural networks. It decomposes non-
stationary workload sequences into sub-sequences of varying frequencies via
discrete wavelet transformation (DWT), and utilizes an attention-mechanism-
enhanced BiGRU to extract temporal dependencies, achieving excellent perfor-
mance in short-term host load prediction tasks.

• EvoGWP [35]:Agraph neural network-based(GNN) approach for long-term cloud
workload prediction. It automatically extracts shapelets to identify resource usage
patterns, and leverages evolutionary graphs and spatiotemporal GNN to accurately
capture workload dynamics and enhance prediction accuracy.

• SG-CBA [32]: A workload prediction method integrating Savitzky-Golay filters,
convolutional neural networks, and attention-based BiLSTM. SG-CBA achieves
superior prediction accuracy compared to multiple baseline models through
smoothing preprocessing and deep feature extraction.

• esDNN[31]:Adeep neural network-basedmethod formultivariate cloudworkload
prediction, which integrates a sliding window mechanism with an enhanced GRU
to capture high-dimensional temporal features. This approach improves training
efficiency and model stability while maintaining prediction accuracy.

Metrics: To accurately evaluate the performance of the models, we adopt three
commonly used metrics: mean squared error (MSE), mean absolute error (MAE), and
root mean squared error (RMSE). The formulas for these metrics are as follows:

MSE = 1

n

n∑

i=1

(Yi − Ŷi )
2,

MAE = 1

n

n∑

i=1

|Yi − Ŷi |,

RMSE =
√√√√1

n

n∑

i=1

(Yi − Ŷi )2,

(12)

where Yi and Ŷi denote the true and predicted values, respectively. n represents the
total number of evaluated data points. Specifically, for a test set with N samples, C
channels, and a prediction length of T , the total number of points is n = N ×C × T .
These three metrics measure the error between predicted and true values, each with
distinct characteristics. MSE computes the average squared error and is sensitive to
outliers. MAE calculates the average absolute error and is more robust to outliers.
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Table 2 Hyperparameter search space and optimal configurations

Hyperparameter Search Space Optimal Value

Hidden dimension {64, 128, 256, 512} 128

Initial learning rate {1 × 10−3, 5 × 10−4, 2 × 10−4, 1 × 10−4} 2 × 10−4

Batch size {16, 32, 64} 32

Dropout rate {0.1, 0.2, 0.3} 0.1

Number of Inter-Patch MLP Blocks {1, 2, 3} 1

Number of DSC Blocks {1, 2, 3} 1

RMSE is the square root of MSE, combining the characteristics of both and sharing
the same unit as the original data. Lower values of these metrics indicate better model
performance.

Configuration: To evaluate the performance of various models for long-term cloud
workload prediction,we set the historicalwindow size L = 96 and predictionwindows
to {24, 48, 72, 96}. During training, we employ the L2 loss function and the Adam
optimizer with an initial learning rate of 2 × 10−4 and a learning rate decay of 0.5.
The batch size is set to 32, dropout rate to 0.1, and hidden layer dimension to 128.
The model undergoes 100 training epochs with early stopping (patience = 3 epochs) to
prevent overfitting. For hyperparameter tuning, we adopt a heuristic search algorithm
to determine optimal configurations. Table 2 presents the hyperparameters considered
in the search process, their corresponding search spaces, and the optimal configurations
obtained for our model.

4.2 Experimental results

To evaluate the performance of different models in cloudworkload prediction, we con-
duct experiments on four datasets: Alibaba, Azure, Bitbrain, and Google, using MSE,
MAE, and RMSE as evaluation metrics. The complete prediction results are presented
in Table 3. To ensure the reliability of our evaluations, all reported numbers are the
average of three independent runs. Furthermore, to demonstrate model stability while
maintaining visual clarity in the table, we specifically denote the exact error range for
our proposed method. Our experimental results demonstrate that general long-term
time series prediction models (e.g., TSMixer, TimesNet) overall outperform special-
ized cloud workload prediction models (e.g., EvoGWP, SG-CBA, esDNN). This is
attributed to the former’s incorporation of advanced techniques like RevIN and their
superior capability in modeling multi-scale dependencies and periodicity, whereas
most specialized models exhibit insufficient robustness against distribution shifts in
cloud workloads. Among them, MSCNet currently stands as the best-performing spe-
cialized model for cloud workload prediction, with its multi-scale block achieving
leading performance on the Alibaba and Google datasets, while the general model
iTransformer shows stronger advantages onAzure andBitbrain. Notably, our proposed
WDBNet surpasses both MSCNet and iTransformer across all four datasets, demon-
strating significant improvements over other baseline models. Specifically, compared
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Fig. 5 Detailed MSE, MAE and RMSE results of different models with various time index on the Bitbrain
dataset

Fig. 6 Prediction performance display of WDBNet on the Alibaba dataset with various levels of time index

Table 4 Detailed wilcoxon signed-rank test results for mse over 10 random seeds (WDBNet vs. MSCNet)

Dataset Horizon (T ) W -Statistic p-value Significance (α = 0.05)

Azure 24 0.00 < 0.001 Yes

48 2.00 0.0029 Yes

72 1.00 0.0020 Yes

96 0.00 < 0.001 Yes

Google 24 0.00 < 0.001 Yes

48 0.00 < 0.001 Yes

72 0.00 < 0.001 Yes

96 0.00 < 0.001 Yes

One-tailed Wilcoxon signed-rank test. A p-value < 0.05 indicates that the predictive performance of
WDBNet is significantly better than that of MSCNet

to MSCNet, WDBNet reduces MSE by 1.3%, 3.1%, 3.3%, and 2.0% on Alibaba,
Azure, Bitbrain, and Google datasets, respectively. Furthermore, WDBNet achieves
optimal performance across all evaluation metrics under various prediction windows,
validating the strong capability of its wavelet-based dual-branch differential modeling
strategy in capturing both long-term and short-term dependencies.

To further verify the statistical significance ofWDBNet’s improvements overMSC-
Net, we obtained paired MSE observations by evaluating both models across 10
independent random seeds on the Azure and Google datasets. We then applied a
one-tailed Wilcoxon signed-rank test to these paired results for each dataset-horizon
setting. As shown in Table 4, all obtained p-values are below the significance level of
0.05 across the four prediction horizons on both datasets. This indicates that WDBNet
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achieves statistically significant MSE reductions compared with MSCNet, and the
observed improvements are unlikely to be merely caused by random seed selection.

To evaluate the performance of different models over the continuous testing period,
we plot the curves of MSE, MAE, and RMSE on the Bitbrain dataset against the
chronological time index, as shown in Fig. 5. It is important to note that the time
index represents the progression of days within the test set, not the prediction horizon
(T ). Results show that WDBNet consistently outperforms others across all metrics
and time indices, maintaining its advantage as the evaluation timeline extends, which
demonstrates strong stability and robustness on long-term test data.

Figure6 illustrates WDBNet’s prediction performance on minute-level, hour-level,
and day-level workloads from the Alibaba dataset. The blue dashed lines represent
ground truth, while the red solid lines denote predictions.WDBNet accurately captures
both long-term trends and short-term fluctuations. To further highlight model differ-
ences, Fig. 7 presents hour-level prediction curves on the Google dataset for the top
four models. Compared to others, WDBNet achieves the best fit on sudden changes,
demonstrating its short-termbranch’s superior responsiveness to high-frequency varia-
tions. Furthermore, to provide a comprehensive understanding of themodel’s behavior
under extreme scenarios, a targeted analysis of the failure cases in Fig. 7(a) reveals
both its strengths and practical limitations. While the dual-branch design effectively
avoids over-smoothing by strictly preserving the exact timing and directional shifts
of rapid bursts, it exhibits amplitude damping during unprecedented extreme events.
For instance, during the extreme spike at a Time Index of around 1.2h and the abrupt
plunge at around 1.9h, WDBNet successfully anticipates the occurrence and trend of
these structural changes but underestimates their absolute magnitudes. This conser-
vative prediction behavior illustrates a common trade-off in deep learning, where the
model inherently constrains extreme outliers to maintain global structural stability.

To validate the transferability and generalization capability of WDBNet, we train
all models on the Alibaba dataset and evaluate them on three distinct datasets: Azure,
Bitbrain, and Google. As presented in Table 5, WDBNet achieves either optimal or
sub-optimal performance across all metrics, demonstrating significant improvements
over competing models. These results confirm that its wavelet decomposition and
dual-branch differential modeling strategy exhibit strong cross-scenario adaptability.

4.3 Ablation studies

To evaluate the effectiveness of individualmodules inWDBNet and validate the impact
of different channel strategies on performance, we design two categories of ablation
studies: module ablation experiments and channel strategy comparison experiments.

For the first category, to assess the specific contributions of individual components,
we conduct a series of tests by progressively removing key modules. Specifically,
we construct several model variants by omitting the multi-scale wavelet decomposi-
tion, patch embedding, depthwise separable convolution, inter-channel Transformer
encoder, and inter-patch MLP. To isolate the effect of frequency decoupling and
ensure a parameter-fair comparison, the "W/ODWT" variant feeds the raw time series
directly into both branches. The outputs are then fused via feature concatenation

123



  461 Page 24 of 39 Z. Yuan et al.

Ta
bl
e
5

T
he

ex
pe
ri
m
en
ta
lr
es
ul
ts
of

tr
an
sf
er
ri
ng

m
od
el
s
tr
ai
ne
d
on

th
e
al
ib
ab
a
da
ta
se
tt
o
th
e
az
ur
e,
bi
tb
ra
in

an
d
go
og
le
da
ta
se
ts
.
T
he

be
st
re
su
lts

ar
e
hi
gh
li
gh

te
d
in

bo
ld
,a
nd

th
e
se
co
nd
-b
es
tr
es
ul
ts
ar
e
un
de
rl
in
ed

M
od
el
s

W
D
B
N
et

M
SC

N
et

iT
ra
ns
fo
rm

er
T
SM

ix
er

T
im

es
N
et

M
et
ri
c

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

A
zu
re

24
4.
28

05
0.
47

36
2.
06

89
4.
45

74
0.
52

10
2.
11

12
4.
53

68
0.
51

75
2.
12

99
4.
41

14
0.
60

61
2.
10

03
5.
12

45
0.
57

14
2.
26

37

48
4.
72

83
0.
49

03
2.
17

44
4.
95

02
0.
55

07
2.
22

49
5.
02

35
0.
54

05
2.
24

13
5.
06

59
0.
72

61
2.
25

07
5.
46

32
0.
58

22
2.
33

73

72
5.
04

87
0.
50

89
2.
24

69
5.
23

22
0.
57

47
2.
28

74
5.
27

28
0.
55

55
2.
29

62
5.
38

62
0.
78

11
2.
32

08
5.
78

24
0.
59

82
2.
40

46

96
5.
24

50
0.
51

76
2.
29

02
5.
40

86
0.
59

22
2.
32

56
5.
40

78
0.
56

35
2.
32

54
5.
66

57
0.
84

80
2.
38

02
5.
84

40
0.
60

78
2.
41

74

B
itb

ra
in

24
0.
85

20
0.
31

99
0.
92

30
0.
85

19
0.
33

13
0.
92

29
0.
86

12
0.
33

29
0.
92

80
0.
88

83
0.
41

96
0.
94

25
1.
00

32
0.
39

54
1.
00

16

48
0.
94

13
0.
35

54
0.
97

02
0.
94

24
0.
37

03
0.
97

07
0.
95

19
0.
37

07
0.
97

56
1.
04

50
0.
51

79
1.
02

22
1.
05

17
0.
41

61
1.
02

55

72
1.
01

14
0.
38

43
1.
00

57
1.
00

69
0.
39

96
1.
00

34
1.
01

20
0.
39

69
1.
00

60
1.
11

59
0.
55

96
1.
05

63
1.
12

95
0.
44

14
1.
06

28

96
1.
05

39
0.
40

28
1.
02

66
1.
05

62
0.
42

21
1.
02

77
1.
05

74
0.
41

60
1.
02

83
1.
19

79
0.
60

14
1.
09

44
1.
21

10
0.
46

72
1.
10

04

G
oo

gl
e

24
1.
07

01
0.
74

54
1.
03

44
1.
07

21
0.
74

82
1.
03

54
1.
08

63
0.
75

59
1.
04

22
1.
15

02
0.
80

76
1.
07

24
1.
33

52
0.
84

46
1.
15

55

48
1.
28

16
0.
82

13
1.
13

21
1.
27

12
0.
82

18
1.
12

74
1.
28

65
0.
82

74
1.
13

43
1.
50

72
0.
94

18
1.
22

76
1.
47

15
0.
89

40
1.
21

30

72
1.
41

55
0.
86

85
1.
18

97
1.
40

86
0.
87

16
1.
18

68
1.
42

17
0.
87

62
1.
19

23
1.
68

63
1.
00

18
1.
29

86
1.
61

50
0.
94

03
1.
27

08

96
1.
52

08
0.
90

72
1.
23

32
1.
51

32
0.
91

07
1.
23

01
1.
52

32
0.
91

36
1.
23

41
1.
89

08
1.
06

62
1.
37

50
1.
74

54
0.
98

42
1.
32

11

123



WDBNet: Wavelet Dual-Branch Network… Page 25 of 39   461 

Ta
bl
e
5

co
nt
in
ue
d

M
od
el
s

FE
D
fo
rm

er
D
W
T-
B
iG
R
U
-a
tte
nt
io
n

E
vo
G
W
P

SG
-C
B
A

es
D
N
N

M
et
ri
c

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

A
zu
re

24
5.
18

04
0.
63

36
2.
27

61
5.
52

92
0.
59

25
2.
35

14
5.
53

18
0.
80

09
2.
35

19
6.
39

80
1.
02

55
2.
52

94
6.
45

70
0.
96

34
2.
54

10

48
5.
55

94
0.
64

41
2.
35

78
5.
94

31
0.
61

47
2.
43

78
5.
72

57
0.
84

25
2.
39

28
6.
46

74
1.
06

42
2.
54

31
6.
44

15
0.
97

61
2.
53

80

72
5.
74

39
0.
64

08
2.
39

66
6.
17

80
0.
63

87
2.
48

55
5.
88

38
0.
86

83
2.
42

56
6.
56

46
1.
09

09
2.
56

21
6.
50

50
0.
98

32
2.
55

04

96
5.
93

93
0.
65

97
2.
43

70
6.
13

68
0.
63

69
2.
47

72
6.
00

69
0.
88

40
2.
45

09
6.
56

77
1.
06

55
2.
56

27
6.
45

09
0.
93

47
2.
53

98

B
itb

ra
in

24
1.
10

49
0.
46

40
1.
05

12
1.
07

78
0.
41

70
1.
03

82
1.
21

56
0.
61

69
1.
10

25
1.
53

48
0.
76

93
1.
23

88
1.
64

82
0.
82

28
1.
28

38

48
1.
08

64
0.
46

35
1.
04

23
1.
11

91
0.
43

93
1.
05

78
1.
29

40
0.
65

70
1.
13

75
1.
58

26
0.
78

19
1.
25

80
1.
61

35
0.
80

44
1.
27

02

72
1.
14

89
0.
48

29
1.
07

20
1.
20

04
0.
46

67
1.
09

56
1.
34

74
0.
68

40
1.
16

07
1.
64

88
0.
81

31
1.
28

40
1.
64

12
0.
81

58
1.
28

11

96
1.
26

04
0.
52

78
1.
12

27
1.
22

68
0.
47

68
1.
10

76
1.
38

81
0.
70

45
1.
17

82
1.
68

45
0.
83

19
1.
29

79
1.
57

12
0.
76

86
1.
25

35

G
oo

gl
e

24
1.
38

26
0.
86

65
1.
17

58
1.
44

70
0.
88

19
1.
20

29
1.
93

61
1.
09

75
1.
39

14
2.
55

66
1.
25

34
1.
59

89
2.
78

42
1.
31

14
1.
66

86

48
1.
47

13
0.
90

37
1.
21

29
1.
56

76
0.
92

05
1.
25

20
2.
13

25
1.
15

38
1.
46

03
2.
59

28
1.
25

73
1.
61

02
3.
02

18
1.
37

43
1.
73

83

72
1.
59

79
0.
94

92
1.
26

41
1.
70

03
0.
96

87
1.
30

39
2.
23

29
1.
18

29
1.
49

43
2.
68

92
1.
29

32
1.
63

99
2.
98

53
1.
36

88
1.
72

78

96
1.
75

55
0.
99

07
1.
32

49
1.
78

06
0.
99

46
1.
33

44
2.
28

63
1.
19

91
1.
51

20
2.
66

11
1.
28

61
1.
63

13
2.
99

17
1.
37

34
1.
72

96

123



  461 Page 26 of 39 Z. Yuan et al.

Ta
bl
e
6

A
bl
at
io
n
st
ud

y
of

W
D
B
N
et
’S

di
ff
er
en
tm

od
ul
es

on
fo
ur

cl
ou

d
w
or
kl
oa
d
da
ta
se
ts
.
T
he

be
st
re
su
lts

ar
e
hi
gh

lig
ht
ed

in
bo

ld
,a
nd

th
e
se
co
nd

-b
es
tr
es
ul
ts
ar
e
un

de
rl
in
ed

M
od
el
s

W
D
B
N
et

W
/O
_D

W
T

W
/O
_P

at
ch

W
/O
_T

ra
ns

W
/O
_D

SC
W
/O
_M

L
P

M
et
ri
c

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

A
lib

ab
a

24
0.
33

69
0.
41

63
0.
58

04
0.
33

79
0.
41

58
0.
58

13
0.
33

81
0.
41

64
0.
58

15
0.
33

96
0.
41

65
0.
58

28
0.
33

84
0.
41

71
0.
58

17
0.
33

76
0.
41

65
0.
58

10

48
0.
39

70
0.
45

91
0.
63

01
0.
39

73
0.
45

94
0.
63

03
0.
39

78
0.
45

98
0.
63

07
0.
39

93
0.
46

01
0.
63

19
0.
39

78
0.
45

96
0.
63

07
0.
39

80
0.
46

01
0.
63

08

72
0.
43

17
0.
48

27
0.
65

70
0.
43

30
0.
48

30
0.
65

80
0.
43

23
0.
48

28
0.
65

75
0.
43

48
0.
48

30
0.
65

94
0.
43

21
0.
48

23
0.
65

73
0.
43

29
0.
48

30
0.
65

80

96
0.
45

85
0.
49

88
0.
67

71
0.
46

03
0.
49

97
0.
67

84
0.
45

90
0.
49

86
0.
67

75
0.
46

18
0.
50

02
0.
67

96
0.
45

88
0.
49

92
0.
67

73
0.
45

95
0.
50

00
0.
67

79

A
zu
re

24
4.
07

39
0.
41

99
2.
01

84
4.
14

15
0.
43

76
2.
03

50
4.
08

50
0.
42

97
2.
02

11
4.
12

55
0.
43

41
2.
03

11
4.
09

92
0.
43

02
2.
02

46
4.
12

42
0.
42

91
2.
03

08

48
4.
57

18
0.
45

09
2.
13

81
4.
60

48
0.
46

16
2.
14

59
4.
64

08
0.
46

71
2.
15

42
4.
65

06
0.
46

86
2.
15

65
4.
65

61
0.
46

56
2.
15

78
4.
58

49
0.
44

95
2.
14

12

72
4.
89

77
0.
47

46
2.
21

30
4.
91

00
0.
47

83
2.
21

58
4.
91

77
0.
48

57
2.
21

75
4.
91

30
0.
48

39
2.
21

65
4.
92

48
0.
48

53
2.
21

91
4.
90

94
0.
48

08
2.
21

57

96
5.
04

54
0.
48

67
2.
24

61
5.
08

85
0.
49

35
2.
25

57
5.
13

22
0.
51

12
2.
26

54
5.
10

05
0.
49

82
2.
25

84
5.
07

39
0.
49

81
2.
25

25
5.
06

80
0.
49

46
2.
25

12

B
itb

ra
in

24
0.
78

70
0.
27

66
0.
88

71
0.
79

84
0.
28

42
0.
89

35
0.
79

70
0.
28

58
0.
89

27
0.
79

40
0.
28

00
0.
89

11
0.
79

18
0.
27

59
0.
88

98
0.
78

96
0.
28

14
0.
88

86

48
0.
87

21
0.
31

97
0.
93

38
0.
88

83
0.
32

44
0.
94

25
0.
87

73
0.
32

75
0.
93

66
0.
90

03
0.
32

41
0.
94

88
0.
87

99
0.
31

70
0.
93

80
0.
87

42
0.
32

03
0.
93

50

72
0.
93

28
0.
34

88
0.
96

58
0.
96

56
0.
35

64
0.
98

26
0.
94

68
0.
35

73
0.
97

30
0.
94

67
0.
35

39
0.
97

30
0.
94

61
0.
35

37
0.
97

27
0.
93

18
0.
34

92
0.
96

53

96
0.
97

29
0.
36

88
0.
98

63
1.
00

11
0.
37

89
1.
00

05
0.
97

70
0.
37

42
0.
98

84
0.
98

73
0.
37

24
0.
99

36
0.
99

42
0.
37

44
0.
99

71
0.
97

89
0.
37

08
0.
98

94

G
oo

gl
e

24
1.
04

48
0.
73

38
1.
02

22
1.
05

00
0.
73

66
1.
02

47
1.
04

43
0.
73

27
1.
02

19
1.
05

08
0.
73

66
1.
02

51
1.
05

37
0.
73

75
1.
02

65
1.
04

72
0.
73

23
1.
02

33

48
1.
23

08
0.
80

18
1.
10

94
1.
26

00
0.
81

28
1.
12

25
1.
24

14
0.
80

77
1.
11

41
1.
24

49
0.
80

77
1.
11

57
1.
23

70
0.
80

73
1.
11

22
1.
23

54
0.
80

50
1.
11

14

72
1.
36

64
0.
85

16
1.
16

89
1.
38

68
0.
85

98
1.
17

76
1.
37

51
0.
85

49
1.
17

26
1.
38

45
0.
86

02
1.
17

66
1.
37

94
0.
85

90
1.
17

45
1.
38

84
0.
85

98
1.
17

83

96
1.
47

75
0.
89

25
1.
21

55
1.
49

52
0.
90

24
1.
22

28
1.
48

19
0.
89

57
1.
21

73
1.
48

72
0.
89

88
1.
21

95
1.
48

56
0.
89

91
1.
21

88
1.
47

94
0.
89

43
1.
21

63

123



WDBNet: Wavelet Dual-Branch Network… Page 27 of 39   461 

Ta
bl
e
7

A
bl
at
io
n
st
ud

y
of

W
D
B
N
et
’S

ch
an
ne
ls
tr
at
eg
y
on

fo
ur

cl
ou

d
w
or
kl
oa
d
da
ta
se
ts
.
T
he

be
st
re
su
lts

ar
e
hi
gh

lig
ht
ed

in
bo

ld
,a
nd

th
e
se
co
nd

-b
es
tr
es
ul
ts
ar
e
un

de
rl
in
ed

C
as
e

L
on

g-
te
rm

B
ra
nc
h

Sh
or
t-
te
rm

B
ra
nc
h

A
lib

ab
a

A
zu
re

B
itb

ra
in

G
oo

gl
e

C
I
or

C
D

C
I
or

C
D

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

M
SE

M
A
E

R
M
SE

1
C
I

C
I

0.
40

88
0.
46

49
0.
63

84
4.
69

74
0.
47

12
2.
16

56
0.
90

70
0.
33

26
0.
95

16
1.
29

18
0.
82

58
1.
13

42

2
C
D

C
I

0.
40

60
0.
46

42
0.
63

61
4.
64

72
0.
45

80
2.
15

39
0.
89

12
0.
32

84
0.
94

32
1.
27

98
0.
81

99
1.
12

90

3
C
I

C
D

0.
40

72
0.
46

38
0.
63

70
4.
67

99
0.
46

68
2.
16

16
0.
90

46
0.
33

03
0.
95

03
1.
29

19
0.
82

59
1.
13

42

4
C
D

C
D

0.
40

68
0.
46

47
0.
63

67
4.
67

79
0.
46

52
2.
16

10
0.
91

45
0.
33

24
0.
95

55
1.
28

06
0.
82

22
1.
12

93

123



  461 Page 28 of 39 Z. Yuan et al.

Fig. 7 Prediction performance display of different models on the Google dataset with hour-level time index

and a linear projection layer, functioning as a standard dual-stream ensemble with-
out explicit frequency separation. These variants are evaluated across four datasets.
Table 6 summarizes the impact of each module on overall model performance. The
experimental results demonstrate that multi-scale wavelet decomposition and inter-
channel attention are most critical for performance gains, highlighting the importance
of multi-scale modeling and capturing inter-variable dependencies. Patch embedding
not only improves prediction accuracy but also significantly enhances training effi-
ciency. Meanwhile, depthwise separable convolution and inter-patch MLP contribute
to modeling local temporal patterns while keeping the model lightweight.

Furthermore,we compare four channelmodeling strategies: (1) both branches adopt
channel-independent (CI) modeling, (2) the long-term branch uses channel-dependent
(CD) modeling while the short-term branch uses CI, (3) the long-term branch uses
CI while the short-term branch uses CD, and (4) both branches adopt CD modeling.
For clarity, the results are presented as average metrics across different prediction
horizons, as shown in Table 7. Experimental results show that applying CI in the long-
term branch yields significantly worse performance than CD, indicating the existence
of long-term inter-channel correlations within the cluster. Modeling inter-variable
dependencies helps capture trend patterns more effectively. In contrast, using CI in the
short-termbranchoutperformsCD, possibly because short-termbursts andfluctuations
tend to be independently distributed across channels, and CDmay introduce redundant
interference. In summary, CD is more suitable for modeling long-term inter-channel
dependencies in the long-term branch, while CI is preferable in the short-term branch
for capturing localized intra-channel patterns.
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Fig. 8 Channel attention heatmaps of the long-term branch on the bitbrain and alibaba datasets

4.4 Model analysis

4.4.1 Analysis of the inter-channel transformer encoder

To investigate the actual utilization of inter-channel information by the Long-term
Branch, we visualize the channel attention heatmaps generated by its Inter-Channel
Transformer Encoder on the Bitbrain and Alibaba datasets (as shown in Fig. 8).
The Bitbrain heatmap exhibits a strongly clustered inter-channel attention structure,
demonstrating that the model actively captures and reinforces the strong inter-channel
correlations present in the data. In contrast, the Alibaba heatmap displays a dispersed
yet selective weight distribution, indicating that the attention mechanism can still
identify key channels evenwhen the underlying correlations are relatively weak. Over-
all, this analysis convincingly demonstrates the data-adaptiveness of the Long-term
Branch’s Inter-Channel Transformer Encoder. It can dynamically adjust its focusing
pattern based on the strength of inter-channel correlations, thereby effectively utilizing
the inter-channel statistical structure for feature aggregation.

4.4.2 Impact of different decomposition levels

The number of decomposition levels plays a crucial role in the performance of
WDBNet, and selecting an appropriate level helps maximize the model’s modeling
capability. As shown in Fig. 9, we present the average MSE performance under dif-
ferent values of m across four datasets, and additionally compare the results with the
variant that does not use wavelet decomposition (m = 0).

The experiments demonstrate that the optimal performance is achieved when m =
1, indicating that a single-level wavelet decomposition effectively separates high-
and low-frequency information while avoiding excessive dilution of information. The
inferior performance of deeper decompositions (m = 2 ∼ 4) compared to m = 1
is likely because the primary trends and fluctuations are typically concentrated in the
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Fig. 9 The prediction accuracy varies with the decomposition level-m

low-frequency and first-level high-frequency components. On the Bitbrain andGoogle
datasets, even though excessive decomposition slightly degrades performance, it still
outperforms the case without wavelet decomposition (m = 0). This phenomenon
validates the effectiveness of wavelet decomposition in extracting multi-frequency
features.

4.4.3 Impact of wavelet basis functions

To evaluate the robustness of WDBNet to the choice of the wavelet basis function
ψ , we conducted a comprehensive sensitivity analysis on the representative Google
dataset. Keeping the decomposition level fixed at m = 1, we evaluated six widely
used wavelet bases characterized by distinct time-frequency localization properties
and vanishing moments: Daubechies (db3, db4), Symlets (sym7, sym8), and Coiflets
(coif2, coif3).

As shown in Table 8, we tested these configurations across all four prediction
windows (T ∈ {24, 48, 72, 96}). The results demonstrate that the predictive perfor-
mance (MSE, MAE, and RMSE) remains highly stable across all selected bases,
with only marginal fluctuations. Crucially, regardless of the specific mathematical
properties of the chosen wavelet, WDBNet consistently maintains high prediction
accuracy. This empirical evidence validates that the performance gains of our model
stem inherently from the proposed heterogeneous dual-branch frequency-decoupling
architecture, rather than being implicitly tuned or overfitted to a specific wavelet con-
figuration.
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4.4.4 Impact of the number of depthwise separable convolution(DSC) blocks

The DSC Block is employed to efficiently extract local patterns in the short-term
branch,which is particularly crucial formodeling abrupt behavioral changes.As shown
inTable 9, themodel achieves optimal performancewhen the number of blocks N = 1,
while further increasing the block count leads to a slight performance degradation.
This indicates that an appropriate number of DSC blocks facilitates the modeling of
local features, but excessive stacking not only increases model complexity but may
also induce overfitting to local patterns, introducing redundant features and noise,
thereby impairing overall performance.

4.4.5 Impact of the number of inter-patch MLP blocks

The Inter-Patch MLP enhances the modeling capability of dependencies among
patches in the short-term branch, facilitating the capture of nonlinear abrupt patterns.
As presented in Table 10, the model achieves optimal performance with layer depth
M = 1 on the Alibaba and Azure datasets, whereas it performs best at M = 3 for
Bitbrain andGoogle. This demonstrates that the Inter-PatchMLP effectively improves
representational capacity, yet its optimal depth should be adaptively determined based
on data characteristics to balance generalization ability and modeling complexity.

4.4.6 Efficiency analysis

In addition to prediction accuracy, computational efficiency is a critical metric for
real-world deployment. As shown in Table 11, we conduct a comprehensive com-
parison of parameters, multiply-accumulate operations (MACs), and average time
overheads. Compared to high-capacity models likeMSCNet and iTransformer,WDB-
Net achieves significantly lower parameter counts and MACs. While it exhibits a
slightly more complex architecture than lightweight baselines such as TSMixer and
EvoGWP, this marginal increase in computational overhead is well justified by the
substantial improvements in prediction accuracy, demonstrating an excellent balance
between efficiency and performance.

Beyond theoretical metrics, actual deployment feasibility hinges on inference
latency across different operational scenarios. In a centralized cloud environment pri-
oritizing high-concurrency throughput (GPU, Batch Size = 32), the total inference
time for a 1-level decomposition is 15.50 ms, with DWT/IDWT accounting for only
9.81%. Even at a 3-level cascade, where boundary padding effects increase thewavelet
time proportion to 18.91%, the amortized per-sample cost remains highly efficient.
Furthermore, to validate its applicability for decentralized edge deployment, we sim-
ulated a resource-constrained environment strictly limited to a single CPU thread with
a Batch Size of 1. Given that WDBNet empirically achieves its optimal predictive per-
formance under a 1-level decomposition, we specifically adopted this configuration
for the edge simulation. Under this rigorous setting, the pure single-sample inference
latency is remarkably low at 12.73 ms (with DWT/IDWT taking 1.66 ms), decisively
proving that WDBNet comfortably satisfies the strict real-time processing threshold
for edge devices.
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Table 11 Number of trainable parameters, macs, training time per epoch, and inference time of different
models on the azure dataset

Models Parameters MACs Train Time Inference Time

WDBNet 488.35 K 69.62 M 6.20 s 15.50 ms

MSCNet 830.98 K 216.92 M 46.60 s 16.22 ms

iTransformer 3.22 M 321.64 M 3.98 s 12.14 ms

TSMixer 103.58 K 10.25 M 2.97 s 10.68 ms

TimesNet 18.81 M 11.25 G 25.13 s 22.19 ms

FEDformer 17.3 M 791.24 M 59.94 s 56.78 ms

DWT-BiGRU-attention 1.48 M 74.52 M 21.57 s 23.55 ms

EvoGWP 124.9 K 9.61 M 3.47 s 11.83 ms

SG-CBA 280.63 K 32.55 M 11.47 s 21.15 ms

esDNN 170.72 K 14.96 M 9.08 s 22.11 ms

4.5 ApplyingWDBNet for machines auto-scaling with simulations

The auto-scaling technique can dynamically adjust the number of active physical
machines based on the real-time system status. Specifically, it reduces the number of
active machines to save resources when resource utilization is low and increases the
machine count to ensure service quality when the system load is high. Awell-designed
auto-scaling strategy can significantly improve resource utilization and overall system
performance.

To further evaluate the practical value of WDBNet in real-world cloud data center
environments, this paper integrates it into the physical machine auto-scaling scenarios
of Alibaba and Google data centers for simulation experiments. The experiments are
based on the real machine specifications provided by the datasets, with a scheduling
cycle set to 5min. Our goal is to use accurate CPU utilization predictions to reduce
the number of active machines required, thereby enhancing resource utilization.

Inspired by the auto-scaling process in esDNN[31], we use the predicted CPU
utilization as the input to the auto-scaling module to compute the required number of
active machines at each time step. At the same time, we employ a baseline method for
comparison, where the average number of active machines in previous time slices is
used as the predicted value for the current time. The calculation formula is as follows:

Mbase(t) = 1

m

m∑

i=1

Mbase(t − i), (13)

where Mbase(t) represents the number of active machines at time t , and m is the
number of historical time slices used. In our experimental setup, we set m = 5.
Subsequently, we calculate the ratio of active machines between the WDBNet auto-
scaling scheme and the baseline scheme. If this ratio is less than 1.0, it indicates that
WDBNet is able to reduce the number of active machines compared to the baseline
method.
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Fig. 10 Optimization ratio comparison in minutes with different traces

Figure10 presents the auto-scaling experiment results for the Alibaba and Google
datasets. On the Alibaba dataset, WDBNet and MSCNet reduce the number of active
machines by approximately 40% to 60%, while on the Google dataset, this reduction
further increases to 55% to 80%. Additionally, WDBNet consistently achieves a lower
ratio thanMSCNet, indicating its superior ability to save active machines and improve
resource utilization efficiency across both datasets.

5 Conclusion

Accurate long-term cloud workload prediction is essential for proactive resource man-
agement, ensuring QoS, and minimizing resource waste. In this work, we propose
WDBNet, an effective and well-balanced approach that achieves strong predic-
tive performance while maintaining high computational efficiency. By leveraging
frequency-awaremodeling and a tailored dual-branch design,WDBNet captures long-
term inter-channel dependencies and short-term localized dynamics more effectively
than existing methods. Extensive evaluations on four real-world datasets demonstrate
that WDBNet consistently outperforms state-of-the-art approaches, striking a supe-
rior balance between accuracy and efficiency. Additionally, we applied WDBNet to
auto-scaling scenarios, where the results show that it significantly reduces the number
of active machines and improves resource utilization efficiency, showcasing strong
applicability and real-time performance for resource management in real-world high-
performance computing (HPC), distributed, and supercomputing cloud environments.

Beyond cloud workload prediction, WDBNet may also be applicable to other long-
term time-series forecasting tasks characterized by non-stationarity and multi-scale
temporal patterns, such as energy demand forecasting, network traffic prediction, traf-
fic flow forecasting, and industrial monitoring. Its wavelet-based decomposition can
separate long-term trends from short-term fluctuations, while the dual-branch chan-
nel strategy can flexibly model both cross-variable dependencies and variable-specific
dynamics. Future studies may further examine its effectiveness and adaptability in
these broader time-series domains.
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In the future, ourworkwill focus on three key directions: adaptivemodeling, holistic
multi-metric forecasting, and model lightweighting. First, while the current WDBNet
employs predefined wavelet basis functions and decomposition levels, future stud-
ies could investigate data-driven adaptive wavelet transforms. Second, although this
study primarily demonstrates the model’s effectiveness on CPU utilization, extending
the proposed framework to predict other critical workload metrics–such as memory
utilization and I/O throughput–represents a highly valuable direction for comprehen-
sive resource management. Finally, to meet the low-latency prediction requirements
of ultra-large-scale clusters, further optimization of the model’s inference efficiency
will constitute another critical research direction.
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