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Abstract

Proactive scaling improves cloud resource effi-
ciency by forecasting system-relevant indicators
and dynamically provisioning resources to maxi-
mize utilization while satisfying quality require-
ments. Existing approaches forecast service indi-
cators in isolation, ignore forecasting uncertainty,
and scale resource types independently, violating
bundled resource constraints and degrading ser-
vice quality. Therefore, we propose JointScaler, a
learning-based framework for multi-indicator dis-
tribution forecasting and uncertainty-aware scal-
ing. It captures inter-indicator dependencies via hi-
erarchical attention, models dynamic uncertainties
with normalizing flows, and leverages full predic-
tive distributions to optimize bundled resource allo-
cations under quality requirements. Evaluated' on
4 real-world datasets, JointScaler improves point
and distribution forecasting accuracy by 5.87% and
14.74%, outperforming 12 advanced baselines. In
a week-long A/B test on a payment application’s
cloud platform, it reduced GPU and CPU usage by
2,400+ and 37,000+ hours with stable service qual-
ity, delivering significant economic benefits.

1 Introduction

The rising demand for computing power drives major in-
vestments in cloud infrastructure. For instance, Meta uses
more than 24,000 NVIDIA H100 GPUs, and OpenAl runs
over 7,500 GPU servers [Meta, 2024; OpenAl, 2021]. In
large-scale cloud systems, services must meet performance
requirements defined in Service Level Agreements (SLAs),
such as maximum acceptable response time. To avoid breach-
ing SLAs, providers often a/ llocate more resources than
needed, leading to consistently low utilization and signifi-
cant economic waste [Wang er al., 2023; Luo et al., 2024a].
To balance cost and reliability, many cloud platforms now
use proactive scaling [Zou et al., 2024; Luo et al., 2024b;
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Figure 1: Proactive Scaling Framework. Forecasting Stage predicts
service indicators (request, consumption, quality). Scaling Stage
adjusts resources (CUs) to balance efficiency and service quality.

Luo et al., 2026]. This method predicts key service indica-
tors and adjusts resource allocation in advance to maintain
SLA compliance while improving efficiency.

The upper part of Fig.1 shows the typical resource scal-
ing process. The lower part illustrates our proactive scaling
framework, consisting of two stages: forecasting and scaling.

In the forecasting stage, the service monitors multiple in-
dicator series that together describe its operational state. Al-
though these indicators are observed separately, we find that
they naturally cluster into different functional levels that re-
flect how the service works: (1) Request-Level captures in-
coming user demand; (2) Consumption-Level measures in-
ternal resource usage needed; and (3) Quality-Level reflects
the service performance. This hierarchical structure implies
a directional dependence: request dynamics drive resource
consumption, which in turn determines the quality of service.

In the scaling stage, the system allocates resources in
atomic Computational Units (CUs). Instead of assigning in-
dividual CPU cores or GPUs independently, cloud systems
bundle heterogeneous resources such as 4 CPU cores and 1
GPU card into a fixed CU. This reduces fragmentation and
simplifies scheduling in distributed environments [Verma et
al., 2015]. As a result, scaling decisions must respect joint
constraints across different resource types within each CU.

Despite these insights, current scaling methods face serious
challenges, as we observed when operating a cloud platform
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for a payment application with over one billion global users.

Challenge 1: Modeling Hierarchical Multi-Indicators.
Existing cloud forecasters treat indicators as isolated signals
[Wang et al., 2023; Luo er al., 2024a; Gao et al., 2025; Chen
et al., 2026], ignoring their functional hierarchy and depen-
dence ordering confirmed via Granger analysis in Sec. 2.1.
Without modeling this hierarchy, temporal patterns cannot
propagate correctly across levels, reducing forecast accuracy.

Challenge 2: Estimating Forecasting Uncertainty. User
request patterns are inherently variable, causing dynamic un-
certainty in service indicators. Yet most approaches rely on
single-point predictions [Chen et al., 2023a; Gao et al., 2026],
fail to account for potential SLA violations. Recent meth-
ods explore probabilistic forecasts but assume fixed Gaussian
distributions [Zou et al., 2024], which cannot capture the dy-
namic forecasting uncertainty observed in Sec. 2.2.

Challenge 3: Scaling Bundled Resources. Current
scalers [Zou et al., 2024; Hang et al., 2024; Cai et al., 2025]
often optimize CPU, GPU, and other resources separately.
This ignores both the atomic nature of CUs and the bundled
coupling between resource types. Their scaling result is often
either violating quality requirements or leading to redundant
resources violating SLA as demonstrated in Sec. 2.3.

To tackle these challenges, we propose JointScaler, a new
proactive scaling framework that integrates two key parts.
The Multi-Indicator Distribution Forecaster clusters ser-
vice indicators into hierarchical levels to reflect their seman-
tic roles in system dynamics. We propose the hierarchi-
cal attention to model directional inter-indicator dependen-
cies (Challenge 1), and leverage Normalizing Flows (NFs)
to capture flexible forecast uncertainties (Challenge 2). The
Uncertainty-Aware Joint Distribution-Aware Scaler in-
cludes a Resource Allocation Judger that jointly reasons over
multi-indicator uncertainty distributions for bundled Compu-
tational Units, and an SLA-Aware Weight Adapter that dy-
namically adjusts scaling algorithms based on real-time SLA
violation risk quantification to preserve service quality (Chal-
lenge 3). To the best of our knowledge, JointScaler is the first
scaling framework that explicitly encodes hierarchical depen-
dencies among cloud service indicators. It jointly forecasts
their full distributions and performs uncertainty-aware scal-
ing under resource bundling constraints. In summary, we:

* Identify a new Al research problem: forecasting hierar-
chical multi-indicators in.cloud services, bridging time-
series modeling and practical resource management.

* Propose JointScaler, a novel Al framework for cloud
service scaling, combining multi-indicator distributional
forecasting with joint scaling under bundled resources.

* Achieve state-of-the-art performance on four heteroge-
neous datasets, outperforming 12 baselines and saving
2,400 GPU-hours and 37,000 CPU-hours in scaling test
while maintaining 98.45% SLA compliance.

2 Data Analysis and Observation

To understand the challenges of proactive scaling in cloud
services, we analyze service indicators from two real-world
sources: the public Fisher dataset [Liu, 2018] and GPU traces
collected over one week from a large-scale payment platform.

2.1 Hierarchical Dependencies

To evaluate the hierarchical structure of service indicators,
we apply the same level clustering to the Fisher dataset and
show the result for a representative service in Fig.2. Granger
causality analysis [Granger, 1969] illustrates significant di-
rectional dependence between the levels, supporting our ob-
served hierarchical dependencies. Modeling these multi-
indicator dependencies can enhance forecasting accuracy.
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Figure 2: Evolutionary and Hierarchical Analysis. Temporal pat-
terns (left) and results of Granger causality analysis (right) show
hierarchical relationships among the indicators.

2.2 Forecasting Uncertainty

To investigate forecasting uncertainty, we present multi-
indicator distribution forecasts of JointScaler for a model in-
ference service in the payment platform over 24 hours, as
shown in Fig. 3. We observe that: (1) for the same indica-
tor, the uncertainty intervals vary significantly across time;
and (2) different indicators exhibit distinct levels of forecast-
ing uncertainty. Point forecasts fall short in capturing these
temporal and cross-indicator uncertainties, limiting the accu-
racy of scaling decisions. Distributional forecasting is thus
essential for reliable cloud service resource management.
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Figure 3: Forecasting Uncertainty. It presents our distribution fore-
casts for different indicators. The Average Width measures the size
of the uncertainty region. Larger width indicates higher uncertainty.

2.3 Joint Scaling Heterogeneous Resources

Cloud services consume heterogeneous resources with vary-
ing consumption patterns. Fig.4 illustrates two real-world ser-
vices from a payment platform: one GPU-dominant and one
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CPU-dominant. Relying on a single resource for scaling leads
to severe imbalances. For instance, in a GPU-dominant ser-
vice, scaling based only on GPU demand results in redundant
CPUs; yet scaling based solely on CPU usage leaves GPUs
severely insufficient, degrading service quality. Similar im-
balances occur for CPU-dominant services. This imbalance
underscores a key insight: effective scaling in heterogeneous
environments must jointly consider multiple resource types to
balance efficient resource utilization and service quality.
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Figure 4: Limitations of Isolated Scaling. Forecasted demand for
each resource determines needed CUs, which is then scaled up by a
50% buffer to achieve target utilization. The orange and gray paths
represent GPU-only and CPU-only scaling strategies, respectively.

3 Problem Definition
We begin by the basic concepts of proactive scaling first.

Definition 1 (Indicator Series). Indicator series represent
the status of a service at different time stamps, including in-
formation on service requests, consumption ,and quality . The
indicator series are denoted as X € RN*T where N and
T denote the number of indicators and time stamps, respec-
tively. In addition, We use X, € REXT X, e RE*T,
and X, € RE*T denotes the service requests, consumption,
quality indicators where R+ C + Q = N.

Definition 2 (Level Identification). Level Identification is
denoted by an array L € 7N, where each element L, €
{1,..., Linas} represents the semantic level of the corre-
sponding indicator X, in the hierarchical structure.

Based on indicator series and level identification, we aim
to predict future distributions of these indicators.

Task 1 (Forecasting). Given indicator series X € RN*T
and level information L € 7N, We forecast the distribution
of the indicators at time stamp T + 1. We denote the fore-
cast distribution as D € RN*S where S is the number of
possible states in the distribution of each indicator.

Then we define the atomic computational unit for scaling in
cloud services, which may be referred to by different names
depending on the cloud architecture, such as containers in dis-
tributed systems [Burns and Oppenheimer, 2016].

Definition 3 (Computational Unit). A CU comprises a com-
bination of compute resources such as CPU, GPU, and Mem-
ory. The CUs have a specific configuration denoted as O €

7, where each element O, represents the quantity of the c-th
resource type. Here C corresponds to the number of service
consumption indicators. All computational units for a cloud
service share identical configurations.

We finally determine the optimal number of CUs required
based on the distributions of indicators and the CU configu-
ration, ensuring the service quality indicators meet SLAS.

Task 2 (Scaling). Given the predicted distributions D and
CU configuration O, the goal of the scaling algorithm A is to
determine the appropriate number of CUs U to allocate. The
optimal number is denoted by U,,, = A(D, O), ensuring
service quality indicators meet the specified SLAs.

4 Forecasting Future Distributions

JointScaler predicts service indicator distributions via two
core components: hierarchical relationship modeling and dis-
tribution transformation. Input indicator series are encoded
into embeddings to capture temporal patterns, with hierarchi-
cal attention modeling inter-indicator dependencies. The re-
sulting representation is projected into an initial Gaussian dis-
tribution, then transformed via Normalizing Flows to gener-
ate flexible distributions that better capture service variability
and uncertainty. Fig. 5 presents JointScaler’s framework.

4.1 Capturing Hierarchical Dependencies

This section addresses Challenge 1 by extracting temporal
patterns and hierarchical dependencies from indicator series
using Indicator Embedding and Hierarchical Attention.

Indicator Embedding
JointScaler begins with indicator series X € , where
N is the number of service indicators and T" denotes the se-
quence length. Following recent findings in multivariate time
series modeling [Liu ef al., 2024], we embed along the vari-
able dimension NV rather than the temporal axis 7, as it better
captures inter-indicator correlations in cloud services.

To enrich temporal patterns, we extract F' periodic and time
features (e.g. day-of-week) as T'y € R¥*” and concatenate

them with X to form an augmented input X = [X;Ty] €

RWHF)XT  This matrix is projected into a shared embedding
space via a learnable linear transformation:

RNXT

E=W_.X +b, ¢ RNT)xD (1)

where W, € RP*(N+F) and b, € RP are trainable param-
eters, and D is the embedding dimension. The resulting E
serves as the initial representation for hierarchical attention.

Hierarchical Attention

We propose a Dependency-Constrained Hierarchical Atten-
tion mechanism to explicitly model the directional depen-
dency structure among service indicators, addressing the
disordered multi-indicator relationship described in Chal-
lenge 1. Each indicator is assigned a semantic level [,, €
{1,2, ..., Limax }, where lower levels (e.g., I = 1) correspond
to foundational signals like request load and higher levels rep-
resent derived states such as service latency and SLA compli-
ance.
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Figure 5: Model Framework. The upper part illustrates the Forecaster’s process of transforming multiple service indicators into flexible dis-
tributions. The lower part shows the Uncertainty-aware Scaler that determines the optimal number of CUs based on the predicted distribution.

To enforce strict bottom-up information flow, we parti-
tion all N + F tokens into disjoint level-specific groups.
Let L € {1,..., Lyax} VT be the extended level assign-
ment. For each level | € {1,..., Lyax}, define the index

set G {i € {1,...,N + F} | = l}. The col-
lection {gl}f:"‘f" forms a partition satisfing: G; N G; =
¢ foralli # j, Ul“‘a"gl:{l,...,N—&—F}.

In each block, we first compute shared linear projections
for query, key, and value as denoted in Eqn. (2).

Q=H'"W,, K=H'"Wyg, V=H'Wy,,

where Wo, Wi, Wy € RP*P . We then process levels

sequentially. Let H * — H* be the initial token state.

For level [, we define the attention context as the union of
current and previous level tokens to enable cross-level inter-
action while preserving hierarchical directionality in Eqn. (3):

C=G_1UG. 3

Query, key, and value vectors are drawn from the current state
restricted to C; in Eqn. (4). H}[C;,:] denotes the submatrix
of H* formed by selecting all rows indexed by the set C;.

k
ch :Kcl :Vcl :Hl [Cl,:]. (4)
This extraction step ensures that subsequent attention compu-
tation is confined to the functional scope of level . We then
conduct attention operation over C; as in Eqn. (5) and extract
only the output for tokens in G; as Eqn. (6) denotes:

Qe K.
Ala<6lﬁf , B¢ =A Ve, (5)

B, = Be,[|Ci| - 1G] 51 ] (6)

The residual state is then updated exclusively at G;, leaving
all other tokens unchanged as in Eqn. (7):

otherwise.

it = (.

This design enforces bottom-up dependence by allowing
each level to attend to the latest representations of its direct
dependencies. Its worst-case time complexity is O((N +
F)?D), matching that of standard self-attention. In typi-
cal hierarchical settings with multiple levels L, attention is
restricted to small, level-specific contexts, leading to lower
computational cost in practice.

The outputs from all layers are summed, normalized, and
refined by a feed-forward network as in Eqn. (8).

Lmax
H"t! — FFN (LayerNorm (Zl_l Hﬁl)) , o (8)

where FFN(-) = Dropout(ReLU(-W 1 + by )W + bs).
After K, blocks the embeddings for the N service indica-

tors are extracted as H 5 € RV*P. These are mapped to the

parameters of a Gaussmn distribution as in Eqn. (9).

)

D¢ = Projector(HS}) = [p, o] € RV*2, )

4.2 Transforming Gaussian Distributions

To capture dynamic uncertainties in real workloads, we trans-
form the base Gaussian into a flexible distribution by Nor-
malizing Flows [Wang, 2024]. Tt addresses Challenge 2 by
enabling density estimation beyond parametric assumptions.
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Starting from D(G) = 20 ~ N(p, diag(o?)), we apply
K invertible layers. At layer k, z(F) is split into two halves.
The first half generates scale and translation parameters in
Eqn. (10). s adjusts local variance to capture tail behavior, ¢
enables asymmetric shifts to model skewed indicators.

s = tanh(Dense; (zgk))), t= Denset(zgk)). (10)

The second half is then transformed as in Eqn. (11):
2gk) = zék) ©exp(s) + ¢t. (11)

The roles are swapped to update the first half, and the full
output is reconstructed as in Eqn. (12):

20+ — Concat (27, 257). (12)

Each coupling transformation is invertible and allows exact
computation of the output probability density from the base
Gaussian. It enables likelihood evaluation as in Eqn. (13):

Ky—1 L(k41)
log p(x) = log N'(2(V) — Z log detw . (13)
k=0

This flow-based design adapts to the true empirical shape of
each indicator’s dynamic uncertainty. As a result, JointScaler
supports both point forecasting and distributional quantifica-
tion, essential for robust scaling decisions under uncertainty.

S Scaling under Uncertainty

As highlighted in Challenge 3, scaling based on point predic-
tions ignores inherent uncertainty. Therefore, we propose the
Uncertainty-aware Joint Distribution-Aware Scaler, uti-
lizing full forecast distributions to compute expected costs for
each candidate number of CUs to allocate, balancing resource
efficiency and quality requirements in resource allocation.
The proposed scaler consists of two main components:
an SLA-Aware Weight Adapter and a Resource Allocation
Judger. The scaling algorithm A takes the following inputs:

« D € RV*S: forecast demand distribution

» O € RY: Configurations for computational units
* [Uiow, Unign): Operational range for CU count

* Wovers Wunder: Penalty weights

* Tsra: SLA threshold for service quality

SLA-Aware Weight Adapter. It adjusts penalty weights
Wover and W, 4 to balance SLA compliance and resource
efficiency. The SLA violation probability is as Eqn. (14):

PSLA:P(Dp>TSLA)- (14)

where D,, represents the distribution of service quality in-
dicators (e.g., latency) and Tsy 4 denotes the SLA thresh-
old. When Psr 4 exceeds a predefined risk threshold ¢, the
over-provisioning penalty is reduced via Wo,ep — - Woyer
(v € (0,1)) to prioritize resource allocation. Conversely,
Wower 18 scaled up using 8 - Woyer (8 > 1) when SLA risks
are low, penalizing excessive resource consumption.
Resource Allocation Judger. The second component de-
termines the optimal number of CUs within the operational

range [Ujow, Unign] by calculating the cost associated with
over provisioning and under provisioning risks through:

(1) Resource Allocation: Calculate the potential resources
to be allocated as U x O, where U is the number of CUs and
O, represents the configuration of each CU.

(2) Provisioning Probabilities: Estimate both over-
provisioning probability P, and under-provisioning prob-
ability Pynder as follows: Poyer[c] = P(D. > U x O,),
Ponderlc) = P(D. < U x O.), The cumulative distribution
function (CDF) is used to evaluate these probabilities, which
can be estimated either through kernel density estimation or
by calculating sample proportions from D..

(3) Cost Estimation: Compute the cost for U by Eqn.
(15). Here, Woyer € R and Wynger € RC are weights
for over and under provisioning risks, respectively.

Cost = Wover ' Po’uer + Wunder . Punde’r‘- (]5)

Finally, the CU count that minimizes the expected cost is
selected as the optimal value Ugy;. The scaler runs continu-
ously in each decision cycle, dynamically adjusting penalty
weights via an SLA-aware adapter based on service risks.

6 Experiments

In this section, we conduct a series of experiments to evaluate
JointScaler ’s forecasting and scaling performance.

Datasets

We employ 4 real-world cloud traces across various architec-
tures to test JointScaler’s robust performance: (1) Pay_GPU:
From a large payment platform, covering 100 high-load GPU
inference services over a week (3441 GPUs), representing
high-performance GPU environments. (2) Pay_CPU: From
the same platform, including 100 CPU services over a week
(120,248 CPU cores), representing CPU-intensive infrastruc-
ture. (3) Ali [Alibaba, 2018] : From Alibaba Cluster Trace,
recording indicators from 50 machines over 8 days, reflecting
typical machine-based architectures. (4) Fisher [Liu, 2018]:
Workload trace from 10 Kubernetes containers over 30 days,
representing containerized environments.

Data preprocessing

We use MinMax normalization to standardize all indicators
and aggregate indicators into 10-minute intervals using the
maximum value for each interval. This aggregation alleviates
SLA violations due to under-provisioning. We divide datasets
into training, validation, and testing sets in a 7:1:2 ratio for
robust model evaluation. Following Def. 1, we categorized
service indicators into levels such as request, consumption,
and quality, generating Level Identification as the input.

Baselines

For the forecasting task, we compare with 12 advanced base-
lines containing probabilistic prediction methods: DeepAR
[Flunkert et al., 2017], CSDI [Tashiro et al., 2021], MG-
TSD [Fan er al., 2024], and multivarate prediction methods:
Pyraformer [Liu er al., 2022], DLinear [Zeng ef al., 2023],
PatchTST [Nie et al., 2023], Crossformer [Zhang and Yan,
2023], TSMixer [Chen et al., 2023b], iTransformer [Liu et
al., 2024], TimeFilter [Hu et al., 2025], WPMixer [Murad
et al., 2025], KAEInformer [Hua et al., 2023].
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Datasets Pay_GPU Pay_CPU Ali Fisher Avg.
T 72 144 288 72 144 288 72 144 288 72 144 288 Rank
DeepAR MSE | 0.0225 0.0291 0.0366 0.3593 0.4260 0.4997 0.0044 0.0054 0.0066 0.0695 0.0604 0.0562 7.0417
CSDI MSE | 0.0374 0.0409 0.0513 0.2674 0.2680 0.2998 0.0172 0.0116 0.0134 0.0766 0.0968 0.0934 8.9167
MG-TSD MSE | 0.0331 0.0357 0.0443 0.1258 0.1718 0.2196 0.0318 0.0323 0.0349 0.0650 0.0663 0.0757 7.7500
Pyraformer MSE | 0.0227 0.0241 0.0374 0.0676 0.1084 0.1441 0.0042 0.0056 0.0062 0.0461 0.0469 0.0483 3.5833
DLinear MSE | 0.0350 0.0419 0.0413 0.1365 0.1748 0.2442 0.0112 0.0145 0.0167 0.0500 0.0574 0.0557 7.0000
PatchTST MSE | 0.0202 0.0267 0.0481 0.0327 0.0604 0.1219 0.0044 0.0049 0.0058 0.0467 0.0472 0.0485 3.5000
Crossformer MSE | 0.8261 1.2853 1.6736 0.3639 0.4071 0.5541 0.0891 0.0962 0.0612 0.0587 0.0616 0.0640 11.1667
TSMixer MSE | 0.2013 0.0880 0.5510 0.2997 0.2465 0.1610 0.0410 0.0246 0.0239 0.0581 0.0863 0.1046 9.5000
iTransformer ~ MSE | 0.0179 0.0248 0.0476 0.0337 0.0683 0.1103 0.0047 0.0055 0.0071 0.0470 0.0489 0.0496 4.4167
TimeFilter MSE | 0.2602 0.2812 0.7984 0.2860 0.3579 0.3694 0.1224 0.1288 0.1239 0.0921 0.0918 0.1016 11.5833
WPMixer MSE | 0.0322 0.0385 0.0463 0.0786 0.0961 0.0834 0.0035 0.0041 0.0067 0.0467 0.0475 0.0477 3.8750
KAEInformer MSE | 0.0992 0.1198 0.4716 0.2723 0.2921 0.3266 0.1202 0.1384 0.1308 0.1485 0.1565 0.1639 11.4167
JointScaler MSE | 0.0171 0.0229 0.0355 0.0323 0.0448 0.0762 0.0039 0.0048 0.0061 0.0453 0.0458 0.0474 1.3333
DeepAR CRPS | 0.0706 0.0807 0.0992 0.2142 0.2170 0.2351 0.0399 0.0492 0.0542 0.1481 0.1390 0.1276 5.2500
CSDI CRPS | 0.1214 0.1302 0.1828 0.5457 0.5273 0.5369 0.0730 0.0588 0.0613 0.1634 ~0.2282 0.1481 9.4167
MG-TSD CRPS | 0.1454 0.2628 0.3062 0.3317 0.4722 0.5837 0.0535 0.0729 0.0852 0.1840. 0.1991 0.2057 10.2500
Pyraformer CRPS | 0.0781 0.0859 0.1140 0.0891 0.1146 0.1519 0.0327 0.0401 0.0473 0.1141 0.1172 0.1283 3.9167
DLinear CRPS | 0.1176 0.1372 0.1323 0.1920 0.2066 0.2356 0.0821 0.0855 0.0888 0.1448 0.1606 0.1450 7.3333
PatchTST CRPS | 0.0719 0.0893 0.1363 0.0708 0.0921 0.1298 0.0328 0.0351 0.0426+.0.1143 0.1159 0.1195 3.1667
Crossformer  CRPS | 0.6652 0.9662 1.1406 0.3067 0.3866 0.4622 0.2359 0.2496 0.2048  0.1545 0.1596 0.1594 10.8333
TSMixer CRPS | 0.3686 0.2160 0.5487 0.2347 0.2449 0.2060 0.1550 0.1235 0.1166 0.1484 0.1691 0.1963 9.1667
iTransformer CRPS | 0.0708 0.0892 0.1328 0.0711 0.0962 0.1295 0.0340 0.0390° 0.0482 0.1160 0.1200 0.1237 4.0417
TimeFilter CRPS | 0.4467 0.4358 0.7787 0.2958 0.3195 0.3170 0.2989 0.3145 0.3015 0.2008 0.1981 0.2037 11.4167
WPMixer CRPS | 0.0956 0.1095 0.1237 0.0710 0.1051 0.1089 0.0331 0.0390 0.0532 0.1165 0.1184 0.1199 4.1250
KAEInformer CRPS | 0.2333 0.2521 0.4958 0.2557 0.2875 0.3365 0.2798 0.3061 ~0.2957 0.2493 0.2573 0.2619 11.0833
JointScaler  CRPS | 0.0563 0.0664 0.0890 0.0572 0.0730 0.0943 0.0289 0.0290 0.0399 0.0995 0.0940 0.1097 1.0000

Table 1: Comparisons Results on four datasets.The best results are red and the second best results are blue and underlined.

Evaluation Metrics

We employ Mean Squared Error (MSE) to evaluate point pre-
diction and Continuous Ranked Probability Score (CRPS)
[Gneiting and Ranjan, 2011] for probabilistic forecasts. For
probabilistic methods, we compute MSE from sampled fore-
casts; for point-based methods, we treat repeated point pre-
dictions as degenerate distributions to calculate CRPS. Lower
RMSE and CRPS indicate better performance. This dual-
metric evaluation comprehensively assesses model effective-
ness in both point and distributional forecasting.

Parameter Settings

JointScaler is trained on an NVIDIA P100 GPU. The learn-
ing rate is set to 0.001, the batch size is set to 128, and the
representation dimension d is set to 512. The numbers of
Hierarchical Attention block and Normalizing Flow are both
set to 2. All models are trained for 20 epochs, and the best-
performing model on the validation set is utilized for testing.

6.1

Table 1 presents the results between JointScaler and base-
lines. The experimental data lead to several conclusions:

(1) JointScaler outperforms baselines in both point and
probabilistic prediction across four service datasets, with av-
erage reduction of 5.87% in MSE and 14.74% in CRPS.

(2) JointScaler achieves high prediction accuracy while
maintaining efficiency as illustrated in Fig. 7. Comparing to
MLP-based methods such as TSMixer and DLinear that prior-
itize efficiency over accuracy, JointScaler ’s indicator embed-
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ding makes its runtime relatively insensitive to input length
T, enabling adaptability to varied input sizes.

(3) A counterintuitive trend emerges: larger input length
T does not consistently improve prediction accuracy for real-
time cloud services. It indicates longer series include obso-
lete historical patterns due to service adjustments or evolving
conditions, introducing noise that degrades accuracy.

6.2 Ablation Study

We conducted ablation studies to analyze the impact of key
components. The outcomes are shown in Fig. 6.

(1) Replacing Hierarchical Attention with Full Attention
(denoted “w/o H”)—which computes pairwise attention co-
efficients for all indicators—worsens MSE and CRPS across
all input lengths and datasets. For CPU services with sta-
ble indicator relationships, removing Hierarchical Attention
increases MSE by 49.7% on average. It indicates Full Atten-
tion fails to account for hierarchical indicator relationships,
confusing cross-layer information propagation. Thus, Hierar-
chical Attention is more effective for structured services.

(2) Impact of Normalizing Flow: Comparing with a variant
using linear layers for Gaussian mapping (“w/o NF”) shows
significant increases in MSE and CRPS. It confirms NFs bet-
ter capture indicator distributions, with larger gains in com-
plex environments (Pay_GPU, Ali, Fisher) due to its adapt-
ability to intricate patterns. Thus, NF enhances performance
in dynamic services, critical for accurate prediction.
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B Full Version wio H B w/o NF MSE —k—  CRPS
MSE CRPS MSE CRPS MSE CRPS MSE CRPS
0.0189 0.0665  0.0475 0.0936  (.0047 0.0464 0.0474 0.1058
0.0182 0.0632  0.0429 0.0830 0.0045 0.0417  0.0467 0.1035
T=72 oo0176 0.0600  0.0383 0.0725  0.0042 00369  0.0461 0.1011
0.0169 0.0567  0.0337 0.0620 0:0040 00322 0.0454 0.0988
0.0162 0.0535  0.0291 0.0515  0.0037 0.0275  0.0448 0.0964
0.0278 0.0766  0.0755 0.1190  0.0056 0.0554  0.0478 0.1034
0.0263 0.0732  0.0667 01056 0053 0.0485  0.0470 0.1006
T=144 o.0248 0.0698  0.0579 0.0923 0.0051 0.0415  0.0461 0.0978
0.0233 0.0665  0.0491 0.0790  0.0048 0.0345  0.0453 0.0949
0.0218 0.0631  0.0403 0.0657 0:0046 0.0276  0.0445 0.0921
0.0401 0.0998  0.1190 0.1673  0.0070 0.0682 0.0498 0.1108
0.0385 0.0960  0.1064 0.1467  0.0067 0.0607  0.0491 - 0.1093
T=288 00369 0.0922  0.0938 0.1261  0.0064 0.0531 0.0484 > 0.1077
0.0353 0.0884  0.0812 0.1055  0.0061 0.0455  0.0477 0.1062
0.0337 0.0845  0.0686 0.0849  0.0058 0.0379  0.0469 0.1047
Pay GPU Pay CPU Ali Fisher

Figure 6: Ablation Study. Comparison of Forecasting Accuracy between JointScaler and its variant on MSE and CRPS.

@ DeepAR vice quality, translating to an estimated annual cost reduction
10° %9 ¢ CSDI of over $460,000 for the evaluated services. Greater gains are
@ o & <& MG-TSD achievable across a broader range of services.
" e O # & <& Pyraf.
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15 O K e LT ; Autopilot 2.92e+5 1.54e+4 26.89% 44.65% 91.04%
Z | NG 3 < iTransf.
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Normalized Training Time & JRgSealer MagicScaler 2.79e+5 1.49%e+4  26.65% 46.68% 95.91%
JointScaler  2.41e+5 1.25e+4 33.65% 55.37% 98.45%

Figure 7: Model Efficiency Comparison on Pay -GPU. Training time
(horizontal) and CRPS (vertical) are min-max normalized. Models
are differentiated by color, with input lengths indicated by shape.

6.3 Scaling Performance

We conduct a week-long A/B test on 10 large-scale GPU ser-
vices in the payment application’s cloud platform to evaluate
our scaling performance. Key metrics include CPU/GPU us-
age hours (C_Usage, G_Usage), CPU/GPU utilization (C_Uti,
G_Uti), and SLA compliance rate (SLAR). Lower resource
usage with high SLAR indicates better performance.

We include 8 baselines. (1) Non-Proactive Methods:
Rule-Based and Autopilot [Rzadca et al., 2020]; (2) Deter-
ministic Proactive Methods: FIRM [Qiu et al., 20201, FSA
[Wang er al., 2023]. (3) Probability Proactive Methods: FS
[Rebjock et al., 2020], MagicScaler [Pan et al., 20231, Ro-
bust [Hang et al., 2024].

Table 2 confirms JointScaler’s superiority, achieving
higher resource utilization with 98.45% SLAR. Minor
avoidable SLAR violations occur during occasional service
restarts. Notably, JointScaler saved 37,000+ CPU core hours
and 2,400+ GPU hours in a week without compromising ser-

Table 2: Scaling Results on 10 large scale GPU Services

7 Conclusion

We propose JointScaler, a proactive scaling framework that
tackles a key Al challenge in cloud data centers: modeling hi-
erarchical dependencies among multi-level service indicators.
Unlike prior works that treat indicators independently and
assume simple uncertainty distributions, JointScaler jointly
captures nonlinear inter-indicator dynamics, uses normaliz-
ing flows for flexible forecast distributions, and enforces bun-
dled CU constraints through an uncertainty-aware decision
mechanism. It achieves higher forecasting accuracy and im-
proves resource efficiency.
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