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ABSTRACT

Workload forecasting is pivotal in cloud service applications, such
as auto-scaling and scheduling, with profound implications for oper-
ational efficiency. Although Transformer-based forecasting models
have demonstrated remarkable success in general tasks, their com-
putational efficiency often falls short of the stringent requirements
in large-scale cloud environments. Given that most workload series
exhibit complicated periodic patterns, addressing these challenges
in the frequency domain offers substantial advantages. To this
end, we propose Fremer, an efficient and effective deep forecasting
model. Fremer fulfills three critical requirements: it demonstrates
superior efficiency, outperforming most Transformer-based fore-
casting models; it achieves exceptional accuracy, surpassing all
state-of-the-art (SOTA) models in workload forecasting; and it ex-
hibits robust performance for multi-period series. Furthermore, we
collect and open-source four high-quality, open-source workload
datasets derived from ByteDance’s cloud services, encompassing
workload data from thousands of computing instances. Extensive
experiments on both our proprietary datasets and public bench-
marks demonstrate that Fremer consistently outperforms baseline
models, achieving average improvements of 5.5% in MSE, 4.7% in
MAE, and 8.6% in SMAPE over SOTA models, while simultaneously
reducing parameter scale and computational costs. Additionally, in
a proactive auto-scaling test based on Kubernetes, Fremer improves
average latency by 18.78% and reduces resource consumption by
2.35%, underscoring its practical efficacy in real-world applications.
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1 INTRODUCTION
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(a) A 2-day workload example (minute-granularity) from Bytedance Cloud
with and daily period patterns.
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(b) A 14-day workload example (minute-granularity) from Bytedance Cloud
with , daily, and weekly period patterns.

Figure 1: Workload from cloud services in ByteDance exhibit
complicated periodicity, both in time and frequency domain.

In modern cloud service platforms, tens of thousands of applica-
tions and millions of microservices are deployed to support diverse
workloads. To ensure service quality (QoS) and optimize resource
utilization, these platforms rely on monitoring systems that collect
and analyze workload patterns. Accurate workload forecasting is
critical for enabling predictive active scaling technologies, which
are widely adopted to meet dynamic demand [1, 11, 23, 31, 32, 43].

However, achieving both efficiency and effectiveness in work-
load forecasting poses significant challenges in large-scale cloud
environments. For instance, the Platform-as-a-Service (PaaS) of
Bytedance Cloud requires the execution of over 100,000 forecast-
ing tasks per hour, demanding efficient models that can operate
with minimal computational overhead. Figure 1 illustrates work-
load series from a real-world cloud computing system, showing
minute-granularity patterns over 2 days (Figure 1(a)) and 14 days
(Figure 1(b)). The cloud system supports diverse services like web
applications, real-time data processing, and machine learning tasks,
thus inherently handling highly complex workloads series in the
time domain with hourly, daily, and weekly temporal patterns. In
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the frequency domain, different periodic components and high-
frequency noise are more easily distinguishable. Moreover, time
series data with significant variation and hard-to-quantify simi-
larity in the time domain appears more similar in the frequency
domain. Frequency-domain information is often concentrated near
a few frequencies and exists in combinations, such as harmonics, as
shown in the lower parts of Figure 1(a) and 1(b). These characteris-
tics motivate our use of frequency-domain methods for fine-grained,
large-scale workload series forecasting.

Among existing time-series forecasting models, those based on
the Transformer architecture have achieved state-of-the-art (SOTA)
performance. This is largely attributed to the attention mechanism,
which enables effective modeling of long sequences [35, 52, 58, 59].
However, these methods often struggle to capture multi-periodic
patterns in complex time series, particularly when fine-grained
periodicity (e.g., minute-level) intertwines with broader cycles (e.g.,
daily or weekly), leading to suboptimal forecasting accuracy, as
shown in Figure 2. Meanwhile, the efficiency drawbacks of Trans-
former limit its deployment in real-world scenarios.
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Figure 2: Comparison of throughput and prediction error
among different Transformers on IaaS workload dataset (ex-
perimental settings are referred to in Section 5.1).

The complexity of attention mechanism is quadratically propor-
tional to the length of the input series, which restricts their de-
ployment in dealing with long sequence predictions. Moreover, the
inherent susceptibility of neural networks to overfitting poses signif-
icant challenges in achieving robust generalization [57], particularly
when handling large-scale and complex time series data. Figure 2
illustrates the throughput and accuracy of different Transformer-
based models, as well as their parameter volume. Existing works
either have low accuracy or are affected by parameter volume or
computational efficiency that affect total throughput.

The efficiency bottleneck of Transformer-based methods lies pri-
marily in the computation of attention. For a sequence of length L,
the time and space complexity of the attention mechanism are both
O(L?), resulting in significant inference time and GPU memory
usage. Furthermore, beyond the model, the time domain repre-
sentation of series is also a barrier to efficient and accurate data
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mining. Research indicates that obtaining a compact representation
of sequences in the time domain is relatively difficult [61]. In con-
trast, sequence data can achieve a compact representation in the
frequency domain [60], as noise, trends, and periodic information
are effectively decoupled in this domain. Moreover, the frequency
domain allows for better capture of global information (such as
period shift) [61], as demonstrated in Figure 1.

Transforming time series into the frequency domain can pro-
vide a foundation for efficient mining of sequence information, but
there are still challenges that need to be addressed. 1) The issue of
frequency mis-alignment. The Discrete Fourier Transform (DFT)
is a common method for transforming time series from the time
domain to the frequency domain. Since the frequency sampling
interval of the DFT is fixed (for a sequence of length L, the sampling
interval is 1/L), the true periodic frequency of the sequence may not
be sampled, as shown in Figure 4. However, this issue has not yet
received sufficient attention from the community. To the best of our
knowledge, we are the first to address this problem. 2) The chal-
lenge of extracting key frequency information. Information in
the frequency domain often exists in a combination form (e.g., har-
monics). The global information of a sequence often originates from
the combination of a few key periodic features, especially when the
sequence contains multiple periodic patterns as shown in Figure 1.
Recent works [27, 61] model point-to-point relationships between
frequency points while neglecting the issue of frequency-domain
information appearing as combinations. Therefore, it is necessary
to explore the relationships between frequency combinations.

In this paper, we propose Fremer, an efficient and effective fore-
casting model. Fremer aims at forecasting the spectrum of the
complete series (including input part and forecasting part) based on
spectrum of input series. Specifically, targeting at the unique char-
acteristics of frequency domain representation, we design 1) Learn-
able Linear Padding for addressing the frequency resolution mis-
alignment problem; 2) Complex-valued Spectrum Attention to
effectively capture global dependencies from the frequency combi-
nations; 3) Frequency Filters for handling noise and overfitting.

We also provide and open-source four high-quality workload
datasets! from distinct cloud service types in ByteDance, containing
workload data of thousands of computing instances, spanning from
1 month to 2 months. We carefully preprocess the raw data, and
make them useful tools for the community to evaluate and develop
new workload forecasting methods. Through extensive experiments
on these datasets and three public datasets, our proposed Fremer
achieved an average improvement of 5.5% in MSE, 4.7% in MAE
and 8.6% in SMAPE compared to current SOTA forecasting models,
with scale of parameters and computing costs reduced by times.

Our contributions are summarized as follows:

e We proposed Fremer, a deep forecasting framework for
workload forecasting, effectively utilizing the frequency do-
main representation to achieve the balance among accuracy,
efficiency, and generalizability.

o We design Learnable Linear Padding, Frequency Filters, and
Complex-valued Spectrum Attention, with which Fremer
outperforms all SOTA forecasting models.

!https://huggingface.co/datasets/ByteDance/Cloud TimeSeriesData



e We open-source four workload datasets from ByteDance’s
cloud services, containing workload data from thousands
of computing instances over 1-2 months, providing robust
support for training and evaluating forecasting models.

mark (TFB)[39] and our datasets demonstrate Fremer ’s
superiority. It achieves performance improvements across
datasets in various domains while significantly reducing
parameter scale and computational costs. In Kubernetes
HPA proactive auto-scaling tests, Fremer reduces average
latency by 18.78% and resource consumption by 2.35%, vali-
dating its real-world efficacy.

2 RELATED WORK

Overview of Forecasting Methods. Early time series forecasting
predominantly relied on traditional statistical methods, such as
ETS [13], ARIMA [5, 6, 17, 21, 25], STL [12], and regression-based
methods [2, 4, 40, 54]. However, these methods often have limi-
tations in capturing complex temporal dynamics. In recent years,
deep learning has significantly propelled the field of time series
forecasting [8, 16, 33, 42]. RNN-based methods [15, 22, 24, 41, 44]
and CNN-based methods [3, 28] have shown enhanced abilities in
extracting intricate patterns from time series data. Additionally,
MLP-based methods [7, 36, 57] offer a straightforward yet effec-
tive approach for learning the non-linear temporal dependencies.
The frequency domain offers a unique perspective for analyzing
time series data by revealing underlying periodicity and frequency
components. Several forecasting methods have been developed to
exploit these characteristics and capture global dependencies inher-
ent in time series data, such as FECAM [14], FilM [60], FreDo [45],
FreTS [56], FilterNet [55] and FITS [53].

Transformer-based Forecasting Methods. Transformers have
achieved breakthroughs in many tasks, and attention mechanisms
have outperformed traditional time series analysis methods. Based

Extensive experiments on the Time Series Forecasting Bench-

on model architecture and design concepts, we categorize Transformer-

based forecasting methods into four groups: long-sequence model-
ing, sequence decomposition, spatial dependency, and periodicity-
aware approaches. Long-sequence modeling methods (Informer [59],
PatchTST [35], Reformer [20], Pyraformer [29]) efficiently cap-
ture long-range temporal dependencies. Sequence decomposition
methods (FEDformer [61], Autoformer [52], ETSformer [50], Basis-
former [34]) decompose sequences into trend, periodic, and residual
components for higher forecasting accuracy. Spatial dependency
methods (Crossformer [58], iTransformer [30], Earthformer [10],
Airformer [26]) model variable correlations using spatio-temporal

information. Frequency and periodicity-aware methods (Fredformer [38],

PDF [9]) extract periodicity information via Discrete Fourier Trans-
form to explore intra-period patterns and inter-period relationships.

3 PRELIMINARY
3.1 Workload Forecasting

Definition of Workload Series In the context of cloud comput-
ing, a workload series represents a time-ordered aggregation of
workloads generated by jobs or applications operating on cloud
infrastructure [1].The Common types of workload in cloud envi-
ronment, including distinct resource-consumption patterns (such
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as CPU and memory usage) and user-request metrics (like Queries
Per Second-QPS). For a computing instance, the workload series
can be mathematically defined as X = {xo, x1,...,x7—1}, where L
denotes the length of a given time period, which is equivalent to
the number of time steps utilized as input, and w; represents the
numerical value of the specific workload at time-step i.
Workload Forecasting. Given the historical value of a workload
series X = {xp, x1,...,x1—1}, the objective of workload forecasting
is to predict the future workload series Y = {X0, X415 - - s XL4T—1)-
In this expression, T represents the length of the forecasting horizon,
that is, the number of time steps to be predicted. The target of
workload forecasting is to make the prediction Y as accurate as
possible, which is equivalent to minimizing the gap between the
prediction Y and the corresponding ground truth value Y.

3.2 Time Series in Frequency Domain

The frequency domain of a workload series refers to the repre-
sentation of the data in terms of its frequency components. The
frequency domain analysis provides insights into the underlying
periodicity and patterns present in the workload series data that
may not be readily apparent in the time domain.

Discrete Fourier Transform The Discrete Fourier Transform
(DFT) is a mathematical transformation that converts a time series
into its frequency domain representation, revealing the frequency
components present in the data [46]. Specifically, for an input series
with length L , the DFT spectrum is calculated as follows:

L-1
FIKl = > X[nle 2% k=0,1,....L 1. (1)
n=0

Here, F[k] represents the frequency-domain representation (the
spectrum) at frequency index k, X represents the time-domain input
sequence, L is the number of data points in the sequence, and i is
the imaginary unit (i2 = —1).

The Inverse Discrete Fourier Transform (iDFT) is the reverse
operation of the DFT. It takes a frequency-domain signal, obtained
through the DFT, and reconstructs the original time-domain signal:

L-1
1 s Kn
X[n] :Z];)F[k]ezm%,anl,.u,L—1. @)

The Fast Fourier Transform (FFT) is an efficient algorithm for
computing the DFT and iDFT. In practice, the Real FFT (rFFT) is typi-
cally used for transforming real-valued data, as it exploits Hermitian
symmetry to compute only the non-redundant positive frequencies,
reducing computational cost and memory usage.

Frequency Filters. Frequency filters selectively enhance or
suppress specific frequency components in a signal. A High-Pass
Filter (HPF) attenuates low-frequency components, isolating rapid
changes or fine details, while a Low-Pass Filter (LPF) attenuates
high-frequency components, smoothing noise and capturing broader
trends. These filters are indispensable in signal processing, enabling
precise control over frequency ranges to meet specific needs.

4 PROPOSED METHOD

In this section, we propose Fremer, which re-designs the classical
Transformer into an Encoder-only architecture based on frequency



representation. This architecture is specialized for workload fore-
casting from the perspective of the frequency domain. Fremer in-
corporates two key designs that effectively address the challenges
in frequency-domain forecasting: 1) Learnable Linear Padding (LLP)
for frequency resolution alignment; 2) Complex-valued Attention
(CSA) for extracting the relationships between frequency combi-
nations and reducing complexity. Moreover, Fremer is designed
in a channel-independent manner, and its effectiveness has been
demonstrated by [35]. This design also endows Fremer with gener-
alizability, enabling it to be easily applied to workload forecasting
for unseen instances.
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Figure 3: Model Architecture of Fremer.

As illustrated in Figure 3, the entire pipeline of Fremer can be
described as follows: Given an input workload series X € RL, we
use LLP to pad it to X, € RIT where T represents the forecasting
horizon. Subsequently, X, is transformed into the frequency do-
main using the real-valued Fast Fourier Transform (rFFT), yielding

Fe CL55 11 After being processed by Frequency Filters (F-Filter),
we apply Frequency Reversible Instance Norm (F-RIN) to F and
then feed it into the Complex-valued Spectrum Attention (CSA)
block. Finally, we use the inverse real-valued Fast Fourier Trans-
form (irFFT) to transform it back to the time domain and obtain
the forecasting results. In the subsequent part, we will provide a
detailed description of the components of Fremer.

4.1 Learnable Linear Padding

Frequency Resolution Alignment. Fremer is designed to fore-
cast the frequency spectrum of the complete series (both the input
part and the forecasting part) based on the spectrum of the input se-
ries. However, the frequency resolution is determined by the length
of the series. As a result, the resolutions of the two spectra are mis-
aligned. As shown in Figure 4, when the resolutions of the spectra
are misaligned, it becomes difficult to retrieve the corresponding
information at specific frequencies of the complete-series spectrum
based on the input spectrum.
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The following is a detailed explanation of the Frequency Resolu-
tion Alignment problem. According to the formula of DFT:

L-1
FIK] = > X[nle ™% k=0,1,....L -1,
n=0

each value in the DFT spectrum represents the inner product be-
-k
tween the series (X[n]) and a specific trigonometric basis (e “27/'T")
2tk
L

complete series Xcomp € RIT  where L is the look-back window
and T is the forecasting horizon, we denote the corresponding DFT
spectrum as Fipp € cL, Feomp € CL*T  In the case of Finp, the

at a corresponding frequency (=7~). For input series X;,p € RE and

frequencies are denoted as fin, € {% |k =0,1,...,L — 1}, and for
Feomp, the frequencies are feomp € {%Uc =0,1,...,L+T -1}

The misalignment of frequencies refers to a situation where the
frequencies in finp and feomp do not perfectly correspond. In other
words, there may be important frequencies present in foomyp that
are not captured in fipn.

To illustrate this, let’s consider the example with an evident
period of 24, where L = 300 and T = 60, as depicted in Figure 4.
Our goal is to predict Feomp [k] using Finp, and we focus on the
specific period 24, which corresponds to the frequency index 15
in the spectrum of complete series. The ground truth value for
Feomp[15] is determined by summing the inner products between
Xcomp and the trigonometric basis at the corresponding frequency
1—’; (ggoﬁég ). However, when we examine the input spectrum Finp,
we find the frequency 75 is not present in fi;p. The two most adja-

cent frequencies in fip, are 22—’57 and %(corresponding tok =12,13
respectively). This means the dominant period 24 (corresponding
to the frequency {%) cannot be accurately detected in the spectrum
of input series due to the misalignment of frequencies.

Learnable Linear Padding. To tackle the frequency-resolution
misalignment problem, we propose the Learnable Linear Padding
(LLP) method. LLP pads an input series of length L to match the
length of complete series L + T with a learnable linear layer. This
can be formulated as:

Xp = concat(X, wWIx+ b),

where X € RE represents the input series, W € REXT and b € RT
are the weight matrix and bias vector respectively, and X, € RI+T
is the padded series.

By applying Learnable Linear Padding, we can obtain the spec-
trum of the input series with a frequency resolution that is aligned
with that of the complete series. This effectively eliminates the
frequency-resolution misalignment issue. As a result, it enables
more effective extraction of characteristics from the frequency do-
main, ultimately contributing to enhanced forecasting performance.

4.2 Frequency Filter

After frequency domain transformation (via Frequency Resolution
Alignment and Learnable Linear Padding), the model is tasked with
learning global patterns but faces two challenges (Figure 5): (1) high-
frequency noise introduces performance-degrading artifacts [14,
55], and (2) deep learning approaches are inclined to prioritize low-
frequency information during training due to its typically larger
magnitude [38], which can result in the loss of critical periodic
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patterns. To address them, we design Low-Pass Filter (LPF) and
High-Pass Filter (HPF) respectively.
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Figure 5: Frequency Filter is used to retain low-frequency
trend information and eliminate high-frequency noise.

LPF aims to eliminate noise by zeroing frequencies above its
threshold (the highest 1% of frequencies by default). For the low-
frequency components, two key observations are noted: (1) the
low-frequency portion typically contains trend information, such
as the zero-frequency component, which captures the mean value
of the sequence; (2) low-frequency components are a primary con-
tributor to model overfitting, as the model prioritizes fitting these
components first [38]. We need both to retain the trend information
in the low-frequency part and to prevent the model from overfitting
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to it. Thus, we preserve the lowest 3% of frequencies (by default) but
exclude them from Fremer’s backbone input to prevent overfitting,
later concatenating these components with the backbone’s outputs
to generate final predictions.

4.3 Complex-valued Spectrum Attention

After padded with LLP, transposing to frequency domain with rFFT
and applying the frequency filters, we obtain the input spectrum

Fre (CL%JH_Lf , where Lf is the number of frequencies that are
filtered out by the filters.

Firstly, we utilize Frequency Reversible Instance Norm (F-RIN)
to process the input spectrum F. While RevIN[18] was originally
developed to address distribution shift in the time domain, we have
found it to be effective in handling frequency domain spectra as
well. This approach enables transforming the spectra of series with
distinct global features into a similar distribution. To accomplish
this, F¢ is normalized by subtracting its mean and dividing it by
its standard deviation. The standard deviation is calculated using
[Frl e RLEF 1Ly Specifically, we obtain the normed spectrum
F, by the following process:

Fr — mean(Fr)
g, _ Fp —mean(Fy) o
std([Fy)
Afterwards, we add them back at the end of the structure. Next, a
’ L+T
trainable linear projection Wy € CL'*(L55- 1+1-Lp) 4 employed
to obtain F; € CL,, which represents the linear combinations of F,.
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Complex-valued Spectrum Attention. As a single frequency
point is scarcely capable of carrying semantic meaning, we devel-
oped Complex-valued Spectrum Attention (CSA). CSA is designed
to capture attention across frequency combinations, which enables
it to more effectively capture the characteristics of the frequency
domain. Specifically, We apply a modified multi-head attention
mechanism rather than the original one in [48]. For each head
h=1,2,...,H, it projects the linear combined spectrum F, € cl
to dimension [ across the spectrum dimension with trainable projec-
tions. Specifically, Qy = FZWE Ky = FZWIh< Vi = FCTWX where
Wg W1h< , WZ € CL'X! are learnable parameters. On each head we
perform complex-valued Dot-Product Attention:

Attention(Qp, Kp, Vj) = Softmax(|Q;K] |)Vy. (@)

Then the final output of Complex-valued Spectrum Attention is
calculated as follows:

heady, = Attention(Qy, Ky, V),

5
CSA(F.) = Concat(head;, .. .,headH)TWo, ©

where Wo € CHXL" are learnable parameters. The inverted multi-
head projection not only enables capturing relationships among
frequency combinations from multiple perspective, but also reduces
the complexity to % of the original approach.

Figure 6 presents a detailed visualization comparing the Complex-
valued Spectrum Attention (CSA) with the Frequency Enhanced
Attention (FEA) proposed in FEDformer [61], both of which employ
attention in the frequency domain representation. There exist two
key distinctions between them:

e FEA employs a channel-mixing strategy, while CSA adopts
a channel-independent approach. Since frequency domain
representations primarily capture global patterns within a
series—patterns unlikely to correlate across channels—we
argue that channel independence is more effective for han-
dling frequency domain data.

FEA computes attention over sampled frequencies, while
CSA computes attention over combinations of frequencies.
Since a single frequency point is unlikely to carry seman-
tic meaning, capturing attention across combinations of
frequencies will yield greater benefits.

We follow the design of LayerNorm and FeedForward layers with
residual connections in Transformer, with expanding to complex
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number field. Subsequently, following operations through a linear
projection layer, a frequency-recovery process, and a Frequency
Reversible Instance Norm (F-RIN) process, we obtain the output

N +T A

P e cL%" 1 We convert F to time domain using inverse real-
valued Fast Fourier Transform (irFFT), taking the last T points (the
forecasting part) as the final output of Fremer X € RT.

4.4 Complexity Analysis

The primary computational bottleneck of the Transformer-based
model lies in the Attention mechanism. The dot-product Attention
mechanism has a complexity of O(L), where L is the input sequence
length. To reduce this complexity, Fremer uses a series of designs,
ultimately lowering it to O( L—;), where L', H are the number of the
frequency combinations and the Attention heads.

Firstly, according to the symmetry property of the Discrete
Fourier Transform, the spectrum length in the frequency domain
is IE‘ for a sequence of length L transformed into the frequency
domain. Considering the use of LLP and Frequency Filter, the ac-
tual length is # — Ly. Furthermore, based on the observation
that frequency-domain information is concentrated and exists in
combinations, we map frequency information to combinations to
further reduces computational complexity. The sequence length is
further reduced to L’ (defaulting to Ig‘) The Attention formula is as
follows:

Attention(Q,K, V) = Softmax(|QK”|)V,

where Q = FIWQ, K = FIWK, v = WV and Q K,V € C¥V.
Consequently, the computational complexity remains O((L")?). By
applying the inverted multi-head projection, we decompose the
original frequency combinations into H independent projection
heads: Qp, Ky, Vy,for h = 1... H, and the attention computation
for each head is then given by:

Attention(Qy, Kp, Vj,) = Softmax(|Q,K] |V,
where Qj, = FTWS, K, = FIWK, V), = FTWY and Q. K}, Vj, €
CIXLT.Z The computational complexity will be O(H X (%)2) =
O(%). Compared to the dot-product Attention, the computa-
tional complexity of the Complex-valued Spectrum Attention used
in Fremer is reduced to approximately ﬁ of the original We further

compare the attention complexity of Fremer with other Transformer-
based forecasting models, as summarized in Table 1.



Table 1: Attention Complexity of Transformer-based Fore-
casting Models. Let L denote the input series length, L’ the
number of frequency combinations, H the number of atten-
tion heads, D the hidden dimension, P the patching stride,
and Ly the number of sampled frequencies in FEDformer.

Model Complexity ‘ Model Complexity
Fremer O( ) iTransformer 0(D?)
Informer O(DLlogL) | Fredformer O( %L)
PatchTST O(HL?) FEDformer O(DLJ%)
Transformer O(DL?) Crossformer O( I%Lz)

5 EXPERIMENTS

In this section, we conduct extensive experiments to address the
following questions:

RQ1 How does the performance of Fremer compare with SOTA
time series forecasting models in workload forecasting?

RQ2 Can the key components within Fremer be identified as
significant contributors to its performance?

RQ3 How well does Fremer deal with the historical data sparsity
problem?

RQ4 Can Fremer well balance the efficiency and effectiveness
compared to other models?

RQ5 Besides workload forecasting, can Fremer demonstrate com-
petitive performance in other forecasting scenarios?

RQ6 In the cloud service scenarios, can Fremer help improve
the system performance, such as achieving lower latency?

5.1 Experiment Settings

Datasets. We present four high-caliber workload datasets sourced
from diverse cloud services within ByteDance, as detailed below:

Faa$ (Function as a Service). ByteFaa$S provides a highly scalable
and efficient way to execute discrete functions. The dataset includes
the QPS (Queries Per Second) data of function instances.

IaaS (Infrastructure as a Service). [aaS supplies users with foun-
dational computing resources such as virtual machines, storage,
etc.. The dataset records the CPU usage data of virtual machines.

PaaS$ (Platform as a Service). Paa$ offers a comprehensive devel-
opment and deployment environment. The dataset contains CPU
usage information of individual services measured in milli-cores.

RDS (Relational Database Service). RDS is designed for efficient
management and storage of structured data. The dataset includes
QPS data from MySQL instances.

In addition, we also incorporate 3 public datasets from Materna-
Workload-Traces? [47]. These datasets are provided by GWA-T-13
MATERNA and originate from a German-based distributed cloud
data center. They comprise three distinct traces, with each trace
containing 520, 527, and 547 virtual machines (VMs), respectively.
We choose the metric "CPU usage" as workload for forecasting and
VMs exhibiting a missing rate (proportion of missing time points
over total length) exceeding 2% are filtered out. We also summarize
the information of datasets utilized in this study in Table 2.

Zhttps://www.kaggle.com/datasets/kpiyush04/maternaworkloadtraces
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Table 2: Statistics of workload datasets.

Dataset ‘ # of Instances ‘ Lengths ‘ Frequency ‘ Start Date ‘ End Date

FaaS | 226 | 2305 | 10min | 2022-04-02 | 2022-04-18
laaS | 93 | 3456 | 10-min | 2023-06-30 | 2023-07-24
PaaS | 426 | 7776 | 10-min | 2024-09-01 | 2024-10-24
RDS | 113 | 624 | 10-min | 2024-08-16 | 2024-09-30
MT-1 | 413 | 8352 | smin | 2015-11-05 | 2015-12-03
MT-2 ‘ 402 ‘ 8928 ‘ 5-min ‘ 2015-12-04 ‘ 2016-01-03
MT-3 ‘ 371 ‘ 10368 ‘ 5-min ‘ 2016-01-04 ‘ 2016-02-08

Baselines. We select representative models as baselines, includ-
ing Fredformer [38], PDF [9], iTransformer [30], FEDformer [61],
Crossformer [58], Informer [59], PatchTST [35], DLinear [57], NLin-
ear [57], FITS [53], MICN [49], TimesNet [51], and FECAM [14].

Evaluation Platform. To ensure a fair and unbiased compari-
son, we adopt the Time Series Forecasting Benchmark (TFB)[39]
as our evaluation platform. TFB includes implementations of all
baseline models, and we retain the default settings for each model
as provided by the platform. The datasets are systematically orga-
nized in the TFB format and divided into training, validation, and
test sets using a 7:1:2 ratio based on the time span.

Evaluation Metrics. Due to the magnitude differences across
datasets (e.g., CPU utilization ranges from [0, 100], while QPS can
reach up to 10° ~ 107), computing metrics like mean squared
error (MSE) and mean absolute error (MAE) on raw data is dataset-
dependent and lacks comparability across different datasets. There-
fore, we first normalize the data to calculate MSE 0, and MAE07m,.
Also, since symmetric mean absolute percentage error (SMAPE),
which measures the relative magnitude of prediction errors, is not
affected by the magnitude of the data, we compute it on raw data
to comprehensively evaluate prediction errors. The specific calcu-
lating process of the test phase are as follows:

(Xr(lgzm, Yl(mrm) = Normalization((X("),Y("))),
Yr(lggm = Fremer (Xx(lgl)rm
1
MSEnorm = N_ Z ”Yilgl)rm ormHZ:
MAEnorm = NH Z ”Yr(lgl)rm norm”l’
ym = Denormahzatlon(Y Orm)
N H 55(n) (n)
100% 21 =Y,
SMAPE = —= %" %" H
NH =S 1+ v
where N denotes the size of the test set, H denotes the forecast-
ing horizon, (X = [X(n) ,X(n)] Yy = [Yin)’ e ’Ygl)])
denotes the n-th test sample, and Yl(lzzm,Y(") € RN denote the

normalized and denormalized forecasts, respectively. We use the
sequence mean and standard deviation of the training set for data
normalization and denormalization, thus avoiding test data leakage.



Table 3: Results of Workload forecasting. The best results are bold and the second-best results are underlined. "Seasonality" and
"Correlation" are statistical characteristics of the dataset calculated per TFB [39].

Architectures Transformer MLP CNN Attention
Datasets Seasonality Correlation ~ Metrics Fremer Fredformer PDF iTransformer PatchTST Crossformer FEDformer Informer| FITS DLinear NLinear| MICN TimesNet| FECAM
MSE 0.062 0.072  0.065 0.072 0.082 0.220 2.262  0.249 | 0.066 0.067 0.068 | 0.079 0.553 0.066
PaaS 0.974 0.897 MAE 0.137 0.161 0.146 0.155 0.183 0.316 1.191  0.355 [ 0.145 0.146 0.149 | 0.167 0.563 0.142
SMAPE(%)| 5.329 6.527 5.878 6.461 7.928 13.982 49.226  15.655|5.664 5.739 5.943 | 6.971 25.170 5.656
MSE 0.289 0431 0.319 0.327 0.324 1.123 1.499  0.900 | 0.430 0.365 0.342 | 0.383 0.631 0.397
FaaS 0.909 0.740 MAE 0.314 0.402 0.341 0.346 0.350 0.849 0.960  0.684 | 0.472 0.391 0.355|0.392 0.570 0.413
SMAPE(%)| 9.240 11.6431 9.917 10.207  10.626  24.832 27.784 20.180 [14.661 11.264 10.658|11.450 17.120 | 12.095
MSE 1.292 1520 1.489 1.333 1.774 5.636 3.853  3.967 | 1.481 1.625 1.445|2.034 3.555 1.585
RDS 0.879 0.707 MAE 0.364 0.407 0.396 0.388 0.431 0.897 0.962  0.766 | 0.405 0.420 0.415]|0.468 0.770 0.389
SMAPE(%)| 8.663 9.861 9.702 9.145 10.714  25.207 27.254 20.973]9.828 9.810 10.147|10.867 21.4237| 8.760
MSE 0.708 0.744 0.755 0.770 0.746 1.106 0.999 0936 |0.746 0.753 0.818 | 0.785 1.099 0.762
TaaS 0.819 0.742 MAE 0.556  0.580 0.593 0.610 0.582 0.782 0.746  0.689 | 0.588 0.589 0.618 | 0.609 0.763 0.591
SMAPE(%)(16.249 16.933 17.025 16.705 17.083 22.521 21.741 19.990 (17.199 16.944 17.870|17.806 21.872 | 17.132
MSE 15.408 15.992 15.250 15.205 15.654 15.654 16.092 16.988 15.707 15.766 16.076|18.226 16.173 | 15.368
MT1 0.635 0.731 MAE 0.433  0.466 0.447 0.435 0.474 0.531 0.750  0.641 | 0.485 0.479 0.484 | 0.845 0.636 0.415
SMAPE(%)|18.828 20.116 19.127 18.829  21.024 24.734 38.943  26.474 (20.269 21.636 20.696(33.932 27.567 | 19.152
MSE |28.062 32.778 28.224 28.937  28.476  72.847 35.837 36.365 |28.391 33.205 29.090(|47.147 35.895 | 50.023
MT3 0.628 0.723 MAE 0.699 0777 0.687 0.713 0.718 1.120 0.965 1.074 | 0.761 0.856 0.851|1.079 0.946 0.852
SMAPE(%)(21.411 23.620 22.352 21.886 22.645 25.859 34.105 33.722|22.911 24.333 29.269|29.703 28.225 | 22.220
MSE 6.543  6.618  6.481 6.559 6.467 6.754 6.907  6.969 | 6.720 6.678 6.678 | 6.758 6.848 6.554
MT2 0.618 0.714 MAE 0.287 0.309 0.296 0.290 0.302 0.356 0.532  0.447 | 0.352 0.332 0.305|0.401 0.433 0.300
SMAPE(%)(14.360 16.038 14.629 14.927 15470 19.329 31.562 20.659|16.064 17.628 14.554(21.145 20.676 | 16.614

Implementation Details. We implement Fremer and all base-
line models utilizing the PyTorch framework [37], and conduct the
training process on NVIDIA A100-SXM 80GB GPUs. The ADAM
optimizer [19] is selected, with an initial learning rate of 1e~3, and
the MSE-Loss is designated as the optimization objective. Through-
out all experiments, the batch size is consistently set to 32, and
the number of training epochs is fixed at 20. Regarding the model
hyper-parameters, such as the model dimension and the number of
encoder layers, for the baseline models, we adopt the default set-
tings provided within TFB. For Fremer, a limited hyper-parameter
search is performed, with the primary focus on the frequency filter
threshold. In the case of training hyper-parameters, including batch
size and learning rate, a uniform configuration is applied across all
models. This standardized implementation approach ensures the
reproducibility and comparability of the experimental results, facil-
itating a more accurate assessment of the performance of Fremer
and the baseline models within the research context.

5.2 RQ1: Workload Forecasting Result

In this section, an extensive assessment of the forecasting perfor-
mance of Fremer in conjunction with other baseline models is
conducted across the seven aforementioned workload datasets. The
input window is configured as 5 days, corresponding to 1440 data
points for datasets with a 5-minute granularity and 720 points for
those with a 10-minute granularity. The forecasting horizon is set
to 1 day, equivalent to 288 points for 5-minute granularity datasets
and 144 points for 10-minute granularity datasets.
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As the results shown in Table 3, Fremer achieve the best per-
formance on most datasets. Specifically, in comparison to the best
performing baseline models within each dataset, Fremer attains an
average enhancement in forecasting accuracy of 2.9% in terms of
MSE, 2.5% in MAE, and 3.5% in SMAPE. These outcomes affirm the
superiority of Fremer for workload forecasting. Additionally, it can
be observed that for models that explicitly model the correlative re-
lationships among workload series of distinct computing instances,
their forecasting performance is relatively inferior to those models
with channel independence. This phenomenon can be attributed
to the relatively autonomous nature of workloads across distinct
instances within these datasets, rendering the modeling of such
correlative relationships ineffective.

We present visualizations of the forecasting results of Fremer
in comparison with some high-performing baseline models, as
depicted in Figure 7. From these visualizations, it can be clearly
observed that Fremer produces more accurate forecasts compared
to other models. FaaS data shows complicated periodic pattern
and Fremer captures the pattern accurately. RDS data shows local
period shift and Fremer produce accurate predictions.

5.3 RQ2: Components Analysis

5.3.1 Ablation Study. We conduct the ablation study on the Fremer’s
key components, the Learnable Linear Padding (LLP), the Complex-
valued Spectrum Attention (CSA), the Frequency Filter (F-Filter)
and the Frequency-Reversible Instance Normalization (F-RIN) to an-
alyze their contributions, as shown in Figure 8. Specifically, the no-
tations "w/o LLP", "w/o F-Filter", and "w/o F-RIN" designate Fremer
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Figure 7: Visualization of Workload Forecasting Results on Distinct Datasets.
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Figure 8: Ablation Study Results. We highlight the contributions of four key modules of Fremer: Learnable Linear Padding
(LLP), Frequency Filter (F-Filter), Frequency Instance Normalization (F-RIN), and Complex-valued Spectrum Attention (CSA).

without the corresponding modules, while "w/o CSA" represents performance, and carefully removing it can help the model learn
Fremer implemented with a frequency attention mechanism com- better while retaining the useful information.

puted across individual frequency components. We observe that

each component plays a crucial role in enhancing the forecasting 0.325

performance of Fremer. Specifically, removing the LLP module

leads to a significant drop in performance, highlighting the critical 0.300

importance of frequency alignment. By effectively using the LLP = 0.275

to align frequency resolutions, Fremer achieves higher forecasting = \

accuracy. Besides, when the dataset, such as Iaa$S, has strong noise, 0.250 ,o-g—./‘\o—o—"‘-’—'

removing F-Filter will incur the remarkable performance degrada- 0.225 ¢

tion.Similarly, the absence of F-RIN and CSA will also cause the 0 20 40 60 80 100 O 2 4 6 8 10
performance degradation, which underscores the effectiveness of (a) HPF Threshold (b) LPF Threshold
applying RevIN to frequency domain representations and perform- —@— Training Set Validation Set  —»— Test Set

ing Attention on frequency combinations.
Figure 9: Frequency Filter Analysis Results. Figure (a) and

5.3.2  Frequency Filters. We also investigate the impact of frequency (b) respectively show the impact of different HPF and LPF
filter thresholds on Fremer. The results are presented in Figure 9. thresholds on training/validation/testing losses.

From Figure 9(a), it can be observed that when applying the High-

Pass Filter (HPF), even with a small threshold, the training loss 5.3.3  Parameter Sensitivity. We analyze the impact of key param-
increases while the validation and test sets decrease. This indicates eters on model performance, as shown in Figure 10. Figure 10(a)
that without the HPF, Fremer has a tendency to overfit on the train- shows the impact of different frequency combination numbers
ing set. Since the low-frequency part has a relatively larger influence L’. As can be seen, a larger L’ does not always lead to better re-
on the forecasting results, simply retaining the low-frequency part sults. When L’ is approximately Ig“ (for an input length of L = 720,
can effectively address the overfitting problem. This provides a con- L’ = 144), Fremer achieves optimal performance. This aligns with
venient way to control the generalizability of Fremer for different our discussion in Section 4.4 and explains the efficiency of Fremer,
workloads. From Figure 9(b), it can be seen that removing the high- as it can capture long sequence periodic features with fewer fre-
est frequency noise reduces the training, validation, and testing quency combinations. Figure 10(b) shows the impact of different
losses. Only the highest-frequency noise significantly affects model attention head numbers h. Overall, as h increases, the performance
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of Fremer improves, but with diminishing returns. Excessively
large h can even increase error. Considering the balance between
efficiency and effectiveness, h = 8 is a reasonable choice.

FaaS FaaS
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0.28
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(b) Number of Attention Heads H

Figure 10: The Parameter Analysis. The bar chart indicates
MSE, and the line chart indicates SMAPE. Figure (a) shows
the impact of the frequency combination number L’, and (b)
shows the impact of the attention head number H.

5.3.4 Input Length L and Forecast Horizon T. We evaluate Fremer
on the PaaS and RDS datasets across varying input lengths (L €
[36,1008]) and forecasting horizons (H € [18, 720], spanning hours
to days), with results in Figure 11. They show that once L exceeds
144 (i.e., the input includes a day’s data), Fremer ’s prediction error
drops sharply, highlighting its ability to capture data periodicity.
The impact of output length on the model’s effectiveness is influ-
enced by the input length. When the input length is short (L < 100),
the model’s effectiveness is better when the output length is a multi-
ple of the period. After the input length increases, the output results
become more stable. When the input length is 720, the SMPAE for
an output length of 720 increases by only 40% compared to that for
an output length of 72.

5.3.5 Multi-Head Attention Mechanism. We visualize and analyze
the multi-head CSA when forecasting FaaS workload, as shown in
the figure 12. By embedding frequency points to combinations, CSA
represents periodic information with lower complexity. The Multi-
head mechanism further enhances the capture of different periodic
elements. In the attention score heatmap, row n shows the attention
scores of frequency combination m to others, and column n shows
the attention scores received by combination n from others. In Head
2 and Head 6, the two most attended combinations are highlighted,
showing their focus on different frequency information: the left on
the hourly period, the right on the sub-hourly period.

5.4 RQ3: Generalizability Test

To comprehensively assess the generalizability of Fremer, under
the two experimental setups, the intra- and cross-dataset transfer,
we validate the performance of Fremer. Note that models requiring
fixed channels are unsuitable for transfer learning, as the number
of channels in training and testing datasets often differs.
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Figure 11: The sensitivity to L and T of Fremer. The three
axes respectively represent the input length L, the forecast
horizon T, and the SMAPE.
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Figure 12: Multi-head CSA. The figure shows the mapping
from frequency points (shown in the top spectrum) to fre-
quency combinations (indicated by middle red rectangles).
The thicker the blue lines between them, the higher the
weights. The bottom part is a heatmap of attention scores,
where brightness indicates the score’s magnitude.
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Table 4: Results of Intra-Dataset Transfer Forecasting.

Fremer PDF iTrans. PatchTST FITS DLinear NLinear
MSE 0.325 0.335 0.355 0.337  0.349 0.320  0.348

FaaS
SMAPE(%)| 9.645 9.866 10.331 9.834 10475 9.782 10.161
MSE 0.707 0.710 0.714 0.722  0.708 0.711 0.720

TaaS
SMAPE(%)| 15.988 16.023 16.270 16.003 16.088 15.979 16.043
RDS MSE 0.351 0.351 0.360 0.388  0.371 0.361 0.368
SMAPE(%)| 9.688 9.695 10.232 10.699 10.652 10.384 10.573
PaaS MSE 0.045 0.048 0.051 0.051  0.052 0.050 0.052

aa.
SMAPE(%)| 6.503 6.619 6.582 6.659  8.723 8.114  7.687
MT1 MSE 6.856 7.080 7.033 6.869 6.798 6.874 7.448
SMAPE(%)|23.244 23.595 24.207 25.851 25.419 26.590 37.013
MT2 MSE 6.782 6.982 6.835 7.074 7.093 7.017  7.177
SMAPE(%)(17.320 17.500 18.319 20.602 18.810 18.151 17.534
MSE 15.378 15.221 15.258 15.115 15.012 14.766 18.234

MT3
SMAPE(%)|25.052 25.750 25.455 25.899 26.482 25.801 31.571

5.4.1 Intra-Dataset Transfer. In this experimental setup, models

are trained on a dataset’s training instances and evaluated on the
remaining test set. By default, the ratio of the number of training
instances to test instances is set at 8:2. As can be seen from the
results presented in Table 4, Fremer achieves the best performance.



Table 5: Results of Cross-Dataset Transfer Forecasting,.

Source: PaaS ‘Fremer PDF iTrans. PatchTST FITS DLinear NLinear

Source: RDS ‘Fremer PDF iTrans. PatchTST FITS DLinear NLinear

MSE 0.308 0.361 0.377 0.312  0.322 0.312 0.333 MSE 0.311 0.317 0.313 0.328  0.323 0.316 0.326

FaaS FaaS
SMAPE(%)| 9.204 9.932 11.233  9.383  9.780 9.436 10.014 SMAPE(%)| 9.095 9.190 9.704 9.507  10.151 9.405 9.475
MSE 0.763 0.810 1.027 0.798  0.780 0.764 0.966 MSE 0.729 0.736  0.891 0.788  0.760  0.756 0.810

TaaS TaaS
SMAPE(%)|17.360 18.254 21.469 18.021 17.649 17.478 19.781 SMAPE(%)|16.696 16.751 19.935 17.838 17.294 16.958 17.730
RDS MSE 1.539 1.643 1.898 1.566 1.856  1.607 1.516 PaaS MSE 0.063 0.064 0.111 0.068  0.085 0.071 0.066

aal
SMAPE(%)| 9.634 10.539 13.474 10.007 10.268 9.965  10.854 SMAPE(%)| 5.628 5.648 12.148  6.461 8.929  6.606 6.222

Table 6: Results of Efficiency Test on Transformer-based
Models."Training" means training time (ms) per iteration,
"Inference" means inference time (ms) per iteration, and "Pa-
rameters" means parameter count (M).

Models ‘Fremer Fred. PDF iTrans. PatchTST Cross. FED. In.
Training | 61.67 214.56 126.01 91.92 346.47 236.83 437.42 82.48
Inference | 34.39 92.44 4297 36.87 47.77  91.56 214.45 62.39

I
8\ parameter| 057 11113 604 076  6.85

SMAPE(%)| 16.25 16.93 17.03 1671  17.08

11.99 14.12 0.60
22.52 21.74 19.99

Training | 105.23 5831.20 601.12 270.03 560.41 427.93 424.05 85.36
Inference | 27.87 3006.61 235.19 103.29  32.09  100.09 186.10 50.46
Parameter| 0.59 113.46 7.77 0.77 4.38 593 228 4.04
SMAPE(%)| 8.66 9.86 9.70 9.15 10.71 2521 27.25 20.97

This remarkable result clearly demonstrates the strong general-
izability of Fremer when making predictions on workload series
from unseen instances within the same dataset. Fremer can effec-
tively capture the underlying patterns and characteristics present
in the training data and apply them to new, unencountered data
segments within the same dataset, showcasing its adaptability and
robustness.

5.4.2 Cross-Dataset Transfer. In this experimental setup, models
are trained on the training set of all instances from one dataset and
evaluated on the test set of all instances from another dataset. As
shown in Table 5, Fremer consistently achieves top performance,
demonstrating exceptional zero-shot forecasting ability. This high-
lights Fremer ’s exceptional zero-shot forecasting ability and un-
derscores its potential as a foundational backbone for large-scale
workload forecasting models. Fremer ’s ability to generalize across
datasets, capturing both commonalities and unique features of work-
load data, is a critical characteristic for building more comprehen-
sive and powerful forecasting models.

5.5 RQ4: Efficiency-Effectiveness Analysis

In this section, we evaluate the efficiency of Fremer in workload

forecasting experiments, comparing it directly with other Transformer-

based models. For a thorough analysis, we chose two datasets of
different sizes: the smaller IaaS dataset with 93 instances, and the
larger RDS dataset with 1113 instances. The efficiency evaluation
results are summarized in Table 6. From the table, it is clear that
Fremer significantly outperforms other Transformer-based meth-
ods in terms of efficiency. Compared to the state-of-the-art model

PatchTST, Fremer achieves notable improvements. For the IaaS
dataset, it reduces training time by 82.2%, inference time by 28.0%,
and parameter size by 91.7%. Similarly, for the RDS dataset, it cuts
training time by 81.2%, inference time by 13.1%, and parameter
size by 86.5%. Frequency domain methods (e.g., FredFormer, PDF,
FEDformer) are often less efficient than time domain methods due
to FFT-related overhead. However, Fremer, with its efficient de-
sign, achieves the best balance between efficiency and effectiveness.
These improvements are attributed to Fremer ’s lightweight com-
ponents: the Complex-valued Spectrum Attention (CSA) mecha-
nism and the frequency filter. The CSA efficiently extracts relevant
information from the frequency domain while maintaining com-
putational simplicity. The frequency filter optimizes data flow by
selectively processing frequency components, minimizing unnec-
essary computational overhead. Moreover, the results underscore
Fremer ’s advantage: superior forecasting performance and excep-
tional efficiency. This combination is crucial for real-world applica-
tions, where accurate and efficient workload forecasting is essential.
Fremer thus emerges as a robust solution for addressing challenges
across diverse industrial settings.

5.6 RQ5: Extended to General Forecasting

While designed for workload forecasting, Fremer demonstrates
strong cross-domain performance on diverse domains. To explore
this further, we select widely-used TFB datasets [39] including traf-
fic and electricity prediction to test Fremer’s general forecasting
ability. As Table 7 shows, Fremer outperforms all baselines on pe-
riodic datasets (Traffic, Electricity, PEMS04) across four horizons
96,192,336,720, leveraging its frequency-domain design to capture
global dependencies. This highlights Fremer’s versatility for peri-
odic forecasting tasks from traffic management to energy planning.

5.7 RQ6: Predictive Auto-Scaling

In this section, we perform proactive (predictive) Horizontal Pod
Autoscaler (HPA) scaling simulation tests on a Kubernetes cluster.
For the forecasting model, a 5-day historical window is employed
to predict the next-day workload. Based on this predicted value,
a 24-hour simulation test is carried out to assess the quality of
service and resource overhead when applying different forecasting
models to Kubernetes HPA’s proactive auto-scaling. The results
of the simulation experiment are presented in Table 8. These in-
clude delays at different quantiles (for evaluating service quality)
and the average and maximum number of Pods (for evaluating
resource consumption). Here, Naive HPA denotes the native pas-
sive (responsive) HPA in Kubernetes. Ideal represents the HPA that

3822



Table 7: Multivariate Forecasting Results on Datasets of Various Domains.

Models Fremer Fredformer = PDF  iTransformer PatchTST Crossformer FEDformer Informer DLinear  NLinear MICN  FECAM

Dataset ~ Season. Corr.| MAE MSE |[MAE MSE [MAE MSE |[MAE MSE |MAE MSE|MAE MSE [MAE MSE |MAE MSE|MAE MSE |MAE MSE |MAE MSE |MAE MSE
2 Electricity 0.945 0.802(0.256 0.161]0.279 0.181|0.260 0.164]0.270 0.194 |0.261 0.163]0.279 0.181 [0.324 0.211|0.364 0.265| 0.264 0.167|0.261 0.169]0.288 0.179]0.332 0.238
é Solar  0.919 0.753]0.257 0.195]0.287 0.226|0.264 0.200]0.262 0.202 |0.294 0.207]0.365 0.330 |0.482 0.421|0.397 0.380| 0.309 0.247 | 0.272 0.255]0.296 0.248|0.315 0.261
& Traffic 0880 0.813]0.273 0.389]0.339 0.517[0.279 0.399|0.281 0.397 |0.283 0.405]0.284 0.523 [0.377 0.615]0.414 0.752]0.295 0.434]0.290 0.433|0.308 0.534|0.445 0.715
%ﬂ PEMS04  0.854 0.797]0.241 0.142|0.433 0.361]0.305 0.205|0.261 0.156 |0.303 0.191]0.269 0.168 [0.709 0.867]0.338 0.236| 0.332 0.243|0.330 0.255|0.445 0.3880.443 0.369
® PEMS0S 0850 0.807]0.265 0.288]0.486 0.582]0.326 0.373|0.271 0.298 |0.306 0.213]0.273 0.176]0.706 0.876]0.402 0.350| 0.363 0.298]0.360 0.322|0.472 0.436|0.493 0.620
. ZafNoo 0757 0.598]0.464 0.522]0.467 0.595[0.453 0.515|0.456 0.523 |0.465 0.511]0.455 0.494]0.499 0.578]0.602 0.744|0.451 0.496 | 0.458 0.522|0.452 0.495|0.520 0.717
g ETThl 0730 0.630]0.446 0.435]0.438 0.449|0.426 0.407|0.448 0.439 |0.428 0.411]0.467 0.453 |0.454 0.432[0.583 0.731]|0.432 0.419|0.421 0.410|0.449 0.423|0.560 0.674
% AQShunyi 0.720 0.612]0.522 0.723]0.531 0.819]0.507 0.703]0.503 0.706 |0.509 0.705|0.504 0.694|0.546 0.763|0.545 0.782] 0.522 0.706 | 0.514 0.7130.534 0.735|0.549 0.775
; Weather  0.652 0.663|0.284 0.2410.272 0.244]0.263 0.227]0.270 0.232 |0.262 0.225|0.294 0.235]0.351 0.306]0.323 0.300] 0.289 0.239|0.281 0.249|0.288 0.238]0.305 0.260
= PEMS-BAY 0.618 0.842]0.375 0.577|0.454 0.759]0.399 0.688|0.381 0.583 |0.398 0.663]0.374 0.590 [0.598 0.959]0.460 0.899|0.443 0.719]0.445 0.748|0.476 0.854|0.544 0.959

METR-LA 0490 0.778]0.733 1.274|0.734 1.484|0.728 1.275|0.720 1.354 |0.704 1.2500.695 1.357|0.865 1.671|0.724 1.606] 0.727 1.203|0.751 1.314|0.727 1.373]0.753 1.288

utilizes real values instead of predicted values for proactive (pre-
dictive) scaling, and it represents, to some extent, the performance
upper-bound of predictive scaling. Ave-Lat represents the average
latency, x-Lat represents the x-quantile latency, both measured
in seconds (s). Timeout Rate denotes the number of requests that
exceeds the timeout threshold, which is set to 10s in this experi-
ment. AvePod represents the average number of Pods consumed.
We utilize the workload series associated with a function instance
in the ByteDance FaaS service for testing. Its workload data is also
part of the FaaS dataset used to evaluate the workload-forecasting
performance in section 5.2. Specifically, we record the workload and
replay it from a client. The scaling strategy adheres to the original
HPA mechanism, and is based on the assumption that the workload
volume has a linear relationship with resource consumption.

Table 8: Kubernetes HPA Test Results

Models ‘Ave-Lat(s)‘99.9—Lat(s)‘99-Lat(s)‘90-Lat(s)‘Timeout Rate|AvePod

PatchTST | 1.017 100 | 3644 | 1651 | 01329 | 22479
DLinear | 1.081 100 | 4108 | 1779 0.22% | 19.25
FITS 1.05 100 | 4101 | 1704 | 0279% | 21.889
Naive HPA| 099 | 100 | 3764 | 156 | 03867 |29.181
Heal | 0789 | 3513 | 2063 | 1206 | 0026% | 21382
Fremer | 0826 | 100 | 2202 | 1261 | 01022 21951

Through a comprehensive examination and analysis of the exper-
imental results, we conclude that the Fremer model demonstrates
exceptional efficacy in forecasting future workloads. It accurately
identifies trends in workload variations, thereby providing robust
support for enhancing Quality of Service (QoS). This improvement
is particularly evident in delay metrics across diverse quantiles.
The Fremer model significantly outperforms other proactive auto-
scaling strategies based on alternative forecasting models. In prac-
tical applications, this implies that employing the Fremer model
for workload prediction can more effectively ensure the smooth
operation and stability of services, reduce user waiting times, and
enhance the overall user experience.
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Additionally, Fremer achieves remarkable results in optimizing
resource utilization, as clearly reflected in the fluctuations of the
average Pod count. For instance, comparative data analysis reveals
that the Fremer model reduces average latency by 18.78% compared
to the PatchTST model, while utilizing 2.35% fewer Pods on average.
This indicates that the Fremer model can maintain service qual-
ity while using computing resources more efficiently, minimizing
resource waste, and reducing operational costs for enterprises.

However, we also note that proactive HPAs guided by other
forecasting models exhibit good performance in specific metrics.
For example, the DLinear-based HPA achieves the lowest Pod us-
age. Nevertheless, its average latency is the highest among the
compared models. Through detailed analysis, we attribute this to
the DLinear’s forecasts being significantly lower than the actual
workload during certain periods. Consequently, the replica number
recommendations derived from its predictions are insufficient to
handle the actual workload, resulting in increased latency.

6 CONCLUSION

We propose Fremer, an efficient and effective deep forecasting
model addressing critical challenges in cloud service workload fore-
casting. By utilizing frequency domain representations, Fremer
balances accuracy, efficiency, and generalizability, meeting modern
cloud requirements. Its innovations—Learnable Linear Padding, Fre-
quency Filters, and Complex-valued Spectrum Attention—enable
superior performance over state-of-the-art models with reduced
computational costs. We also release four large-scale, high-quality
datasets collected from ByteDance’s cloud services, covering thou-
sands of computing instances over 1-2 months, providing robust
resources for research and benchmarking. Fremer addresses Trans-
former limitations and demonstrates strong generalizability, advanc-
ing cloud service forecasting. Future work will focus on scalable
models for large cloud systems.
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