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Abstract

Autoscaling is an important technique for cloud computing that dynamically
adjusts resources allocated to cloud applications in response to fluctuating
user requests to maintain Quality of Service (QoS) and adhere to a given
budget. Recent advancements in Deep Reinforcement Learning (DRL) have
shown promise in achieving effective autoscaling approaches. However, prior
DRL-based approaches struggle to simultaneously consider the spatial depen-
dencies within an application and the changing historical workload patterns,
limiting their ability to make accurate scaling decisions. Moreover, existing
approaches lack the fine-grained resource adjustment, leading to suboptimal
autoscaling performance. To address these limitations, we propose a new
DRL-based autoscaling approach with a novel spatial-temporal autoscaling
policy, which jointly captures spatial and temporal features of cloud ap-
plications by Graph Neural Networks and Transformers. Meanwhile, this
policy enables fine-grained resource adjustment. Extensive experiments on
real-world user request traces show that the proposed approach significantly
outperforms existing state-of-the-art methods, achieving up to a 78.23% re-
duction in mean response time without violating the cost budget.
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1. Introduction

Cloud computing enables on-demand resource allocation through Virtual
Machines (VMs) (Wang et al., 2020). Modern cloud applications increasingly
adopt microservice architectures, decomposing complex systems into loosely
coupled services instantiated by containers (Blinowski et al., 2022; Li et al.,
2023). Fig. 1 (a) illustrates an example cloud application composed of four
services, where the “front-end” handles user requests, “cart” and “browse”
provide independent business functions, and “check” performs final process-
ing. Each service is implemented by one or more containers, as shown in
Fig. 1 (b).
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Fig. 1: The spatial and temporal features of an example cloud application

In practice, resources allocated to containers must be dynamically ad-
justed in response to workload fluctuations to maintain Quality of Service
(QoS) while discouraging the VM rental cost are over the budget (Chen et al.,
2024). However, spatial dependencies among containers (Fig. 1 (b)) and tem-
poral workload variations (Fig. 1 (c)) significantly increase the complexity of
resource allocation (Meng et al., 2022; Gaŕı et al., 2024; Fang et al., 2023a;
Shi et al., 2023; Nouri et al., 2019). To this end, autoscaling policies are
widely adopted to dynamically adjust container resources through scale-up
(resource expansion) and scale-down (resource reduction) operations.

Prior studies have explored either manual or automated design of au-
toscaling policies. Manually designed autoscaling policies (Amazon, 2022;
Cheng et al., 2023; Burns et al., 2019) rely on expert knowledge to define
fixed autoscaling rules. These manually designed autoscaling policies lack
adaptability to a dynamically changing cloud environment. Deep Reinforce-
ment Learning (DRL) is a promising approach for automatically designing
and improving autoscaling policies (Shi et al., 2023; Luo et al., 2024; Meng
et al., 2022, 2023), where sophisticated autoscaling policies are conveniently
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modeled by Deep Neural Networks (DNNs) and effectively trained by rein-
forcement learning algorithms. These DRL-based approaches can learn useful
autoscaling policies with strong adaptability and generalization performance
in dynamic cloud environments.

Despite the advantages of DRL-based approaches, several issues remain
unaddressed in existing work (Shi et al., 2023; Bai et al., 2024; Meng et al.,
2022, 2023). (1) Existing DNN-based autoscaling policies cannot explicitly
capture both the spatial dependencies within an application and historical
workload information inherent in each container when making autoscaling de-
cisions. Leveraging information on spatial dependencies can facilitate more
accurate identification of containers that require scaling (Meng et al., 2022),
while historical information of each container aids in determining the appro-
priate autoscaling resources (Luo et al., 2022b,a). (2) In existing DNN-based
autoscaling policies, each output neuron of the policy network typically cor-
responds to a separate service. Due to this reason, these policies can only
make autoscaling decisions for services instead of finer-grained containers.
While service-level autoscaling adjusts all containers uniformly, container-
level autoscaling provides fine-grained control over individual containers.
Some practical systems (e.g., Kubernetes1) allow each service to be instan-
tiated with heterogeneous containers (Fang et al., 2026; Baresi et al., 2021),
thus container-level autoscaling is critical to accurately adjust the resources
of containers within a service to reducing resource wastage (Bao et al., 2019;
Wen et al., 2024).

In this paper, we propose Spatial-Temporal Autoscaling approach based
on DRL, named STAR. A novel spatial-temporal autoscaling policy is im-
plemented in STAR. To address the first issue, we design a spatial feature
encoder and a temporal feature encoder in the policy neural network. Specifi-
cally, a Graph ATtention network (GAT)-based spatial feature encoder is de-
signed to capture the complex spatial dependencies among containers within
an application. Moreover, a Transformer-based (Vaswani et al., 2017) tempo-
ral feature encoder is introduced to capture the historical workload pattern of
each container. Neural networks have been explored in other engineering do-
mains for time-series data analysis (Sabry, 2021; El-Zathry et al., 2025; Wen
et al., 2019; Wan et al., 2023). The self-attention mechanism allows Trans-
formers to model long-term temporal dependencies more effectively than tra-

1https://kubernetes.io/
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ditional neural networks (SABRY et al., 2017; Sabry et al., 2020).
Based on the learned container embeddings, we design a hierarchical ac-

tion network to generate autoscaling actions. Formally, the hierarchical ac-
tion network consists of a Container Selector and a Scale Generator. The
Container Selector generates a high-level decision to select a target container
for autoscaling, while the Scale Generator makes a low-level decision to de-
termine the amount of resource to adjust for the target container. This hier-
archical deep model allows the autoscaling policy to adapt to the changing
number of containers, and make autoscaling decisions for specific containers
(containers-level autoscaling), delivering an accurate and scalable solution for
autoscaling. In this paper, we adopt an efficient and effective DRL algorithm,
i.e., Evolutionary Strategy-based Reinforcement Learning (ESRL) (Salimans
et al., 2017), to train the autoscaling policy.

In summary, this paper makes the following contributions:

• We propose a spatial feature encoder and a temporal feature encoder to
capture the bi-directional spatial dependencies among containers and
their historical workload information. These encoders allow us to learn
informative embeddings that are vital for inducing effective autoscaling
decisions.

• We propose a hierarchical action network to generate autoscaling ac-
tions, which can adapt to the changing number of containers and make
fine-grained (container-level) autoscaling decisions.

• We conduct extensive experiments based on real-world traces of user
requests to examine the performance of STAR. Our experimental re-
sults show that STAR outperforms four state-of-the-art autoscaling
approaches by enhancing the QoS while saving cost.

The rest of this paper is organized as follows. Section 2 reviews related
work on autoscaling approaches. Section 3 formulates the problem of au-
toscaling cloud applications. Section 4 presents the details of our proposed
STAR approach. Section 5 reports extensive experiments evaluating the
performance of STAR. Section 6 provides further analysis of the proposed
approach. Finally, Section 7 concludes the paper and outlines directions for
future work.
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2. Related Work

In this section, we review recent autoscaling approaches. Specifically, the
review starts with a summary of manually design (heuristic-based) autoscal-
ing policies, followed by DRL-based approaches for designing autoscaling
policies automatically.

2.1. Heuristic-based Autoscaling

Herusitic-based autoscaling approaches such as AWS-Scale (Amazon, 2022)
and HPA (Burns et al., 2019) rely on manually designed rules for making au-
toscaling decisions. Specifically, more containers are created if the resource
utilization is higher than the upper threshold. On the other hand, some con-
tainers are terminated whenever utilization falls under the lower threshold.

Some heuristic-based approaches incorporate predictive approaches to en-
hance autoscaling decisions. For instance, PBScaler (Xie et al., 2024) is pro-
posed to detect bottleneck services in an application. Subsequently, a genetic
algorithm is applied to decide the number of containers required by the bot-
tleneck service. ProScale (Cheng et al., 2023) is an autoscaling approach
that leverages the effective and efficient Simple Moving Average (SMA) ap-
proach to predict future request workloads. Then, the resources of services
are adjusted based on a greedy strategy according to the predicted workloads.

Graph Neural Networks (GNNs) are also adopted for workload predic-
tion (Meng et al., 2023; Park et al., 2024). These approaches utilize GNNs
and supervised learning to effectively predict the future workload of applica-
tions, then make autoscaling decisions based on manually designed rules and
predicted workload.

The heuristic-based autoscaling approaches mentioned above require huge
effort to design effective rules (Xing et al., 2022; Wang et al., 2020). More-
over, these heuristic-based approaches often struggle to generalize well across
changing workloads.

2.2. Reinforcement Learning-based Autoscaling

Recent research (Shi et al., 2023; Bai et al., 2024; Meng et al., 2022; Gaŕı
et al., 2022, 2024; Zhang et al., 2020) showed that Reinforcement Learning
(RL)-based autoscaling approaches can effectively learn scaling policies with
strong adaptability to changing workloads.

For instance, an RL-based approach, named A-SARSA, is proposed (Zhang
et al., 2020) to combine DNN-based workload prediction and the SARSA al-
gorithm (Watkins and Dayan, 1992) to make autoscaling decisions based on
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predicted workload. However, A-SARSA did not explicitly consider the com-
plex dependencies between services within a cloud application, hindering the
effectiveness of autoscaling (Li et al., 2023). Q learning-based autoscaling
approaches (Gaŕı et al., 2022, 2024) are proposed for workflow autoscaling,
which considers the application structure while making autoscaling actions.

The RL-based approaches mentioned above often struggle to handle high-
dimensional state spaces due to their limited feature extraction capabili-
ties (Shi et al., 2023). To overcome this limitation, DRL-based autoscaling
approaches have become popular in recent years by leveraging DNN and RL
algorithms to learn embeddings and make effective autoscaling decisions. For
example, a Deep Q-Network (DQN) (Mnih et al., 2015) based autoscaling
approach, called HRA (Meng et al., 2022), is proposed to make holistic au-
toscaling decisions for applications, which is trained by Q-learning. Similarly,
(Shi et al., 2023) proposes a DeepScale approach that integrates DQN and
heuristic approaches to manage the scaling of application instances.

One advantage of RL-based approaches is their ability to train the au-
toscaling policy online. For example, Gari et al. (Gaŕı et al., 2022, 2024) com-
pare Q-learning and SARSA for online training in autoscaling. CoScale (Xu
et al., 2022a) is an RL-based autoscaling approach that incorporates of-
fline and online training together. A TD3-based DRL approach, named
DRPC (Bai et al., 2024), is proposed to make autoscaling decisions based
on the embedding of services learned by multiple distributed neural net-
works. Moreover, DRPC periodically retrained the policy during the online
interaction with the environment.

The above RL-based autoscaling approaches either overlook the spatial
characteristics of cloud applications or fail to capture the historical work-
load information of individual containers. Moreover, in existing studies, each
output neuron of the policy network corresponds to a separate service, lim-
iting the ability to make more fine-grained resource adjustments for each
container, since the number of containers changes over time. To address
these two issues, this paper aims to design a novel DRL-based autoscaling
approach.

2.3. Summary

Motivated by prior limitations, the proposed STAR introduces two key
methodological innovations that are expected to achieve superior autoscal-
ing performance. First, STAR utilizes a novel Transformer-based temporal
encoder to learn each container’s historical workload trends and variations,
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a design not explored in prior autoscaling research. This design is expected
to enable accurate resource adjustments that reduce latency while avoiding
unnecessary costs. Second, STAR enables fine-grained container-level au-
toscaling through a newly designed hierarchical action network, comprising a
Container Selector and a Scale Generator. This design, never considered in
prior approaches, allows STAR to support a varying collection of containers
and make precise fine-grained scaling decisions that avoid over-allocation and
reduce costs.

3. Problem Definition

In this section, we formalize the problem of autoscaling for cloud appli-
cations.

As shown in Fig. 2, each service of a cloud application is implemented
by one or multiple containers. Let insi denote a container. In a cloud data
center, containers are deployed in VMs, each of which can host multiple con-
tainers, while each VM is further deployed on a physical machine (PM) (Wang
et al., 2020; Tan et al., 2020; Fang et al., 2023b,a). The deployment of con-
tainers and VMs utilizes the Best-Fit heuristic (Jangiti et al., 2020). This
heuristic places each new container/VM on the VM/PM whose remaining
resources most closely match its requirements, thereby minimizing resource
fragmentation and reducing wastage (Wen et al., 2024; Srirama et al., 2020).

The optimization objective of this problem is twofold: (1) to enhance the
QoS of applications and (2) to penalize when the application deployment
costs exceed the allocated budget. This optimization objective differs from
the existing literature (Bai et al., 2024; Shi et al., 2023; Gaŕı et al., 2022,
2024), which mainly focus on reducing Service Level Agreement (SLA) (Patel
et al., 2009) violations (Gaŕı et al., 2022, 2024), improving resource utiliza-
tion (Bai et al., 2024), or minimizing the overall cost (Shi et al., 2023). Our
design reflects the real-world need (FinOps, 2025; Microsoft, 2024; Wang
et al., 2020) to trade off application performance and cost.

The CPU resources allocated to containers primarily determine cloud ap-
plications’ response time (Wang et al., 2020; Fang et al., 2023a), while the
number of active VMs governs the overall rental cost. In practice, an ap-
plication must support a large and dynamically changing number of user
requests. As a result, an autoscaling policy is required to select target con-
tainers for autoscaling and determine the amount of scaling resources based
on the monitored status of the cloud data center, see Fig. 2.
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Fig. 2: The overview of application autoscaling in cloud data center

We evaluate the QoS of cloud applications by the mean response time over
a time period (Shi et al., 2023; Cheng et al., 2023). Let reqk = {tasks, . . . , taske}
denote the k-th user request, where {task0, task1, . . . , tasks} represents a set
of tasks with precedence relation. Each task is associated with a specific
service, and is executed by one of the container instances belonging to that
service. For example, tasks is executed by a container of service s. Mean-
while, each container maintains a pending queue for incoming tasks to be
processed, following existing studies (Shi et al., 2020, 2023; Yang et al., 2022;
Wang et al., 2020). Although executing a single task in a container may lead
to lower resource utilization, it is important to enhance system stability and
isolated security for better application management (Shi et al., 2023; Fang
et al., 2026). Incoming tasks are enqueued in a container upon arrival, and
the first pending task in the queue is dispatched for processing once the con-
tainer becomes available. In practice, lightweight in-memory systems (e.g.,
Redis Lists23 ) can efficiently manage request queues, ensuring ordered pro-
cessing.

As assumed in existing studies (Wang et al., 2020; Shi et al., 2020; Yang
et al., 2022), a container can execute at most one task at any time. As a
result, the starting time for tasks in request k on container insi is determined

2https://medium.com/@rahulptl1997/synchronising-micro-services-with-

redis-a-kubernetes-case-study-af36298cbb91
3https://aws.amazon.com/blogs/database/build-with-redis-data-

structures-for-microservices-using-amazon-memorydb-for-redis-and-amazon-

ecs/?utm_source=chatgpt.com
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by

stis =

{
at + wtik, s = 0;

at + wtik + ftpreik , otherwise.
(1)

where at is the arrival time of reqk, wtik is the waiting time of tasks in the
pending queue of container insi, while ftpreik denotes the finish time of the
predecessor container of insi in processing reqk.

Let otik denote the execution time of insi with one vCPU for a request
reqk. We assume that a container starts execution only after all its preced-
ing containers have completed and the required data have been fully trans-
ferred (Bai et al., 2024; Shi et al., 2023; Fang et al., 2026). Therefore, during
the execution phase, containers do not incur additional communication or
synchronization overhead and can be regarded as parallel. Although this
assumption may overlook potential communication delays during execution,
their practical impact is negligible compared with execution delay (Shi et al.,
2023; Fang et al., 2026; Bai et al., 2024). Accordingly, the finished time of
insi to process reqk is

ftik =
otik
cpui

+ stik, (2)

where cpui is the number of vCPU allocated to insi. As a result, the response
time (rtk) of reqk is given by:

rtk = ftek, (3)

where ftek is the finish time of the last container required in reqk.
Thus, the mean response time of an application over a time period T is

MRT (T ) =

∑
k∈REQ(T ) rtk

num(T )
, (4)

where REQ(T ) is the set of user requests over a time period T , and num(T )
is the number of requests over a time period T .

The rental fee costv of a VM instance VMv is calculated by:

costv = pricev ×
FT v

last − ST v
first

3600
, (5)

where FT v
last and ST v

first are the finish time of the last request and the start
time of the first request executed in VMv, respectively. The total cost cost(T )
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of renting VMs over T is calculate by:

C(T ) =
∑

VMv∈SETV M

costv, (6)

where SETVM is a set of all VM instances. Thus, we define the violation
degree of cost as

V io(T ) = max
(
0, (C(T )− budget(T )

)
, (7)

where budget(T ) is the given budget over a time period T .
In summary, the optimization objective of autoscaling cloud applications

can be formulated as

minMRT (T ) + ρ · V io(T ) (8)

where ρ is the penalty coefficient for exceeding the budget limit.

4. Proposed Approach: STAR

The overall process of using STAR for autoscaling is illustrated in Fig. 3,
which is formulated as an RL problem, detailed in Section 4.1. In a cloud
environment, the time-varying state is continuously monitored by the STAR
agent. These fluctuations occur due to dynamically changing user requests,
which in turn trigger resource adjustments or the creation and termination of
containers. Based on the latest state, the spatial-temporal autoscaling policy
of the STAR agent outputs autoscaling actions to accommodate changing
workloads, as detailed in Section 4.2.

Users

Requests

Graph-represented state Monitored status
Cloud environment

Objectives

# pending requests

# vCPU

VM unitilization

...

Autoscaling action

STAR agent
Spatial-Temporal

Autoscaling policy

ESRL
update

Fig. 3: The overall process of autoscaling by STAR
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An RL algorithm, i.e., ESRL (Salimans et al., 2017), is utilized to train
the spatial-temporal autoscaling policy of STAR, introduced in Section 4.3.
This is because ESRL maintains a stable training process, requires few hy-
perparameters to tune, and is robust to hyperparameter variations (Huang
et al., 2022; Salimans et al., 2017). Furthermore, recent studies have demon-
strated its effectiveness in various cloud-related applications (Huang et al.,
2022; Shen et al., 2024). Unlike other algorithms such as PPO, ESRL does
not rely on step-wise rewards. Instead, it only uses the final return obtained
at the end of an episode to guide the training process. Consequently, the
return is defined as the negative of the optimization objective (Eq. 8), so
that minimizing the objective corresponds to maximizing the return.

4.1. RL Formulation

We formulate the autoscaling process supported by STAR as an RL
problem. As shown in Fig. 3, the cloud environment provides state st in the
form of a graph at any decision time point t to the STAR agent. The STAR
agent, in turn, performs autoscaling action at based on st, then the cloud
environment transits to the next state st+1. The details of key components
of this RL problem are provided as follows.

Cloud application status at time Graph-represented state 

Fig. 4: Graph-represented state of an application

4.1.1. State

The state st denotes a snapshot of the cloud application at time t. As
shown in Fig. 4, a cloud application status at time t is represented by a graph
Gt = ⟨Vt, Et⟩. Specifically, a container insi is represented by a node vi ∈ Vt
in the graph, while edge ei,j ∈ Et represents the execution order between
insi and insj. This graph-represented state evolves over time with incoming
requests and autoscaling actions.

Let h⃗i = {Ωi, ζi, di, pendingi, arti, vm infoi, pm infoi, predictedi}
denote the feature vector of a container insi. The detailed description of
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each feature in vechi is provided in Table 1. Following prior study (Bai et al.,
2024), we adopt an existing prediction model (Xu et al., 2022b) to predict
future workload based on current workload for the feature predictedi. The
workload prediction model is fixed after training with the historical workload
traces in each scenario.

Table 1: Detailed description of the features.

Notation Description
Ωi The allocated CPU and memory resources of container

insi.
ζi Available resource capacity of the VM instance that hosts

container insi.
di Number of neighboring containers connected to container

insi in the graph.
pendingi Number of requests currently waiting to be processed by

container insi.
arti Average response time of container insi over the recent

time window.
vm infoi Static and dynamic information of the VM instance that

hosts container insi.
pm infoi Static and dynamic information of the PM instance that

hosts the VM of container insi.
predictedi Forecasted workload intensity of container insi in the next

scheduling interval.

Overall, the above features jointly characterize workload demand (e.g.,
predicted workload, pending requests, and response time), resource capacity
at container/VM/PM levels, and inter-container dependencies. These fea-
tures are consistent with those explored in prior studies (Fang et al., 2026;
Shi et al., 2023), which have shown that they are sufficient for autoscaling
decisions.

4.1.2. Action

An action at generated by the STAR agent at time t is defined as a
tuple: ⟨target, scaling⟩. Here, target represents the container targeted for
scaling. scaling indicates the specific scaling strategies, including horizontal
scaling (create or delete containers), vertical scaling (increase or decrease the
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vCPU of existing containers). This study focuses on the resource adjustment
of vCPU in line with previous studies (Shi et al., 2023; Park et al., 2024),
as vCPU is the dominant factor that impacts the response time of cloud
applications (Park et al., 2024; Wen et al., 2025).

4.1.3. State Transition

The cloud environment transits from st to st+1 after the STAR agent
performs at. Fig. 5 shows an example of a state transition. In particular, the
graph-represented state is transited from st to st+1 when the STAR agent
performs at to create a new replica of the target container by horizontal
scaling.

new replica

Fig. 5: An example of state transition

4.2. Spatial-Temporal Autoscaling Policy

Fig. 6 illustrates the overall structure of the proposed spatial-temporal
autoscaling policy, consisting of three main components: (1) Spatial fea-
ture encoder, which captures the complex bi-directional spatial dependencies
among containers; (2) Temporal feature encoder, which captures the histori-
cal workload information of a specific container; (3) Action Generation, which
makes autoscaling decision by identifying the container target required for
scaling and determining the specific scaling strategies (i.e., scaling) based on
the embeddings learned by the spatial feature encoder and temporal feature
encoder. Details of these three components are provided in the following.

4.2.1. Spatial Feature Encoder

The spatial feature encoder takes the graph-represented state as input
and outputs the spatial embeddings of each container. To capture the spatial
dependencies within an application, we stack graph attention layers (Velick-
ovic et al., 2017) to construct a GAT network. Specifically, graph attention
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Fig. 6: The overall framework of spatial-temporal autoscaling policy

layer dynamically assigns attention weights to each node and its neighbors,
allowing STAR to learn expressive spatial embeddings for each container by
aggregating information from its neighbor containers with different weights.

Let h = {h⃗1, h⃗2 . . . , h⃗N} denote the set of raw features for all the contain-

ers, where N is the number of containers, and h⃗i represents the raw features
of container insi. Each graph attention layer first calculates the attention
weight, then outputs a new feature vector, i.e., h′ = {h⃗′

1, h⃗
′
2 . . . , h⃗

′
N}. Specif-

ically, the attention weight αi,j indicating the weight between connection of
insi and insj is calculated by

αi,j =
exp (LeakyReLU(⃗aT [Wlh⃗i∥Wlh⃗j]))∑

o∈N (i) exp (LeakyReLU(⃗aT [Wlh⃗i∥Wlh⃗o]))
, (9)

where Wl ∈ RF ′×F is a trainable weight matrix applied for linear transfor-
mation to every node. ∥ indicates the concatenation operation. a⃗ ∈ R2F ′

is
the trainable weight vector of a feedforward network. Following (Velickovic
et al., 2017), LeakyReLU is applied for non-linear transformation. N (i) is
the neighbor nodes of container insi.

We define the neighbor set of insi as N (i) = {u ∈ V | eu,i ∈ E∨ei,u ∈ E}.
This implies that the information is aggregated not only from a container’s
succeeding nodes but also from its predecessor nodes, as shown in Fig. 7.
This allows our proposed spatial feature encoder to capture complex spatial
contexts within an application. The new features h⃗′

i of insi is generated by
a graph attention layer according to

h⃗′
i = σ(

∑
j∈Ni

αi,jWhh⃗i), (10)
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where σ is the sigmoid activation function that is applied for nonlinearity.
Wh is a trainable linear transformation matrix. The GAT takes the whole
graph as input and outputs spatial embeddings of each container after passing
through multiple stacked graph attention layers.

Information aggregation

1-hop

2-hop

An example target node

GAT

Fig. 7: Example of information aggregation by GAT with 1-hop and 2-hop neighbors.

4.2.2. Temporal Feature Encoder

The temporal feature encoder takes the historical workload of a con-
tainer as input, and outputs the temporal embeddings of the corresponding
container. In particular, each container records its historical workload in-
formation, that is the number of user requests it processes at all previous
autoscaling decision points, as shown in Fig. 6. Then, a transformer struc-
ture is utilized to process the historical workload variations of a container.

Let w⃗ = {w1, w2, . . . , wT} denotes the historical workload of a container,
where wt ∈ Z indicates the number of user requests processed at time t. To
effectively model the historical workload pattern of containers, w⃗ is taken
as the input of the self-attention layer, and outputs the embeddings E =
{e1, e2, . . . , et} by

E = softmax

(
QK⊤
√
dk

)
V, (11)

where Q = w⃗Wq, K = w⃗Wk and V = w⃗Wv. Wq,Wk,Wv are the trainable
projection matrices for query, key, and value (Vaswani et al., 2017).

Finally, we apply mean pooling to E = {e1, e2, . . . , eT} to obtain the
historical embedding z = 1

T

∑T
t=1 et. This design is motivated by the fact that

autoscaling decisions rely on overall workload trends rather than a single time
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step. Mean pooling provides a stable and unbiased summary of historical
dynamics. The historical embeddings of a container capture the long-term
pattern of its historical workload, guiding an accurate autoscaling decision
to allocate reasonable resources to the container.

4.2.3. Hierarchical Action Network

To adapt to the changing number of containers and support containers-
level autoscaling actions, we design a hierarchical action network to generate
autoscaling actions, consisting of a Container Selector and a Scale Generator.
It is noted that the hierarchical action network selects only one container
per autoscaling decision to maintain the stability of the cloud environment
and prevent abrupt resource fluctuations (Russo Russo et al., 2023; Anselmi
et al., 2025; Mahmoudi and Khazaei, 2022). The detailed framework of the
hierarchical action network is shown in Fig. 8.

Container embeddings
...

Priorities

... Argmax
Ins

res Scaling strategy
generation Scaling

Container Selector

Historical embeddings

Spatial embeddings
<Ins, Scaling>

Scaling Generator

Fig. 8: The framework of action generator

Specifically, in Container Selector, a Multi-Layer Perceptron MLPθs with
trainable parameters θs takes the embedding of each container as input and
outputs a priority of the corresponding container. A higher priority indicates
the container requires scaling more urgently. As a result, the container with
the highest priority (i.e., target) is selected for autoscaling. This design
supports an arbitrary number of containers, enabling the identification of
the container that most needs scaling.

After selecting a container target for autoscaling, its spatial embeddings
are concatenated with its historical embeddings, which are fed into an-
other MLP (i.e., MLPθg) with trainable parameters θg to determine res ∈
[−m,+m] ∩ Z+. The res indicates the requested change of allocated re-
sources for target after scaling, and m is set as 4 in this paper based on
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existing studies (Bai et al., 2024; Xu et al., 2022a). The value of m affects
the trade-off between responsiveness and system stability, and setting m = 4
can handle many real-world workloads (van Baaren, 2009; Luo et al., 2022b;
Laboratory, 2022; Cheng et al., 2023; Xie et al., 2024) while maintaining
system stability by preventing drastic changes in resource allocation during
autoscaling. This stability helps alleviate transient effects, as appropriately
resource adjustments allow the system to adapt smoothly without sudden
spikes or fluctuations (Russo Russo et al., 2023; Anselmi et al., 2025; Mah-
moudi and Khazaei, 2022)

After determining res, a rule-based procedure is then used to generate
specific scaling strategies based on target and res. To be specific, more
resources should be allocated to target whenever res > 0. In particular,
if the remaining CPU capacity remain vcpu of the VM hosting target is
larger than res, vertical scaling is applied to allocate res vCPUs to target;
otherwise, remain vcpu vCPUs are allocated to target and a new container
is created by horizontal scaling. The newly created container is allocated
(res − remain vcpu) vCPUs. On the other hand, resources allocated to
target will be reduced if res < 0. If res is less than the total vCPUs of
target, the vCPUs of target are reduced by res; otherwise, the container
target is deleted as a result of horizontal scaling. If res = 0, the resources
allocated to target remain unchanged.

Subsequently, the outputs of MLPi and MLPs are transformed into an
autoscaling action ⟨target, scaling⟩.

4.3. Evolutionary Strategy-based Reinforcement Learning

In this paper, we employ ESRL (Salimans et al., 2017) to train the spatial-
temporal autoscaling policy of STAR. The ESRL is a population-based algo-
rithm to estimate the gradients of neural networks. Algorithm 1 presents the
pseudo-code of the ESRL. The ESRL updates the parameters of the spatial-
temporal autoscaling policy iteratively. The policy network first initials all
trainable parameters θ̂ = {Wl, a⃗,Wh,Wq,Wk,Wv, θs, θg}. Each iteration
starts with sampling N perturbations [ϵi]i=0,1,...,N from standard gaussian dis-
tribution N (0, 1) (line 4). Then, a population of N individuals [θi]i=0,1,...,N

is generated (line 5), each individual is a set of parameters in the policy
network.

The fitness of an individual θi (line 6) is calculated by

F (θi) = −MRT (T )− ρ ·max
(
0, (C(T )− budget(T ))

)
, (12)
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Algorithm 1 ESRL

Input: Population size: N , maximum epochs: max gen, initial policy pa-
rameters: θ̂, learning rate: η, multi-variance gaussian noise standard
deviation: σ

Output: Trained neural networks
1: gen← 0
2: while gen ≤ max gen do
3: for i = 0 to N do
4: Sample perturbation ϵi ∼ N (0, 1)
5: Update the policy πi by using θi ← θ̂ + σϵi
6: Calculate Fitness F (θi) based on Eq. 12
7: end for
8: Estimate policy gradient ∇θEϵi∼N (0,1)F (θ̂ + σϵi)

9: θ̂ ← θ̂ + σF (θ̂ + σϵi)
10: end while

where ρ controls the intensity of the penalty for exceeding the budget.
Then, the parameters of the policy network are updated by the expecta-

tion of individuals’ fitness (lines 8 and 9), which is the estimation of gradients,
calculated by

∇θ Eε∼N (0,I)

[
F (θ̂ + σε)

]
= ∇θ Ex∼N (θ̂,σ2I)[F (x)] = Ex

[
F (x)∇θ logN (x; θ̂, σ2I)

]
=

1

σ2
Ex

[
F (x) (x− θ̂)

]
=

1

σ
Eε∼N (0,I)

[
F (θ̂ + σε) ε

]
≈ 1

Nσ

N∑
i=1

F (θ + σϵi)ϵi. (13)

ESRL may require more training samples than some off-policy RL algo-
rithms, e.g., TD3 and SAC, but the trade-off between sample efficiency and
performance is acceptable. This is because STAR is trained offline using
real-work historical traces in a simulated environment (Shi et al., 2023; Xu
et al., 2022a; Xie et al., 2024; Liang et al., 2025; Bai et al., 2024), with-
out interacting with the production system, resulting in negligible additional
cost.
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5. Performance Evaluation

In this section, we conduct comprehensive experiments to evaluate the
performance of STAR. We first present the experiment settings, the STAR
configurations and the competing approaches. Then, the experiment results
and further analyses are presented.

5.1. Experiment Settings

For our experiments, we generate workloads for experiment from four
real-world user request traces, NASA4, Wiki (van Baaren, 2009) and Ali (Luo
et al., 2022b). Fig. 9 illustrates these four trace patterns over a 960-time-unit
period (equivalent to two days), where each time unit represents a 3-minute
interval (Shi et al., 2021, 2020). The first 480 time units are used for training,
while the remaining time units are used for testing. Autoscaling decisions
are made every 3 minutes, in line with (Shi et al., 2023).
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Fig. 9: Real-world user request traces

We evaluate three widely studied application architectures (Shi et al.,
2020; Huang and Shen, 2015), as summarized in Fig. 10. Each application has
a different number of services and structural configurations. For convenience,
we refer to these applications as “A11”, “A12”, and “A13” based on their
respective service counts. Five VM configurations from Amazon EC25 are
equipped in the cloud environment of experiments. Table 2 provides details
on the VM specifications. Meanwhile, a homogeneous PM configuration is
used, where each PM has the same number of vCPU (i.e., 64) and memory
capacity (i.e., 3200 GiB), following (Fang et al., 2025; Tan et al., 2020).

In total, we design nine experimental scenarios by combining three work-
load traces and three application architectures.

4https://ita.ee.lbl.gov/html/contrib/NASA-HTTP.html
5https://aws.amazon.com/ec2/pricing/on-demand/
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A11 A12 A13

Fig. 10: The application architectures used in experiments

Table 2: VM types used in experiments.

VM Type vCPU Memory (GiB) Hourly Price ($)

m5.xlarge 4 16 0.192

m5.2xlarge 8 32 0.384

m5.4xlarge 16 64 0.768

m5.8xlarge 32 128 1.536

m5.12xlarge 48 192 2.304

5.2. STAR Configuration

This paper sets the number of graph attention layers as 3, and the di-
mension of GAT’s output is 64. The hidden dimension of each feedforward
network is set as 64. The embedding dimension and output dimension of a
self-attention layer are 16. The number of self-attention layers is 1.

For training, we set the population size of the ESRL as 40 (Huang et al.,
2022). The maximum epoch is set as 1000. The learning rate η and the
Gaussian noise standard deviation of the ESRL σ are set as 0.01 and 0.05,
following the recommended settings in (Huang et al., 2022). Further analysis
of different hyper-parameter settings, such as η and σ and the neural network
architecture, is provided in Section 6.5. The budget of fitness function Eq. 12
is set as 200 USD per day (Cheng et al., 2024; Xie et al., 2024), while per-
formances under different budgets are compared in Section 6.2. The penalty
coefficient ϕ is set to 100, following (Shi et al., 2023). Different penalty
coefficient settings are compared in Section 6.8.

5.3. Competing Approaches

We compare STAR with two heuristic-based autoscaling approaches and
two state-of-the-art deep reinforcement learning (DRL)-based autoscaling ap-
proaches, as detailed below.
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AWS-Scale (Amazon, 2022) is a threshold-based autoscaling strategy.
Following the settings in (Shi et al., 2023; Nouri et al., 2019), we configure
the CPU utilization thresholds for each container: an upper threshold of 0.8
and a lower threshold of 0.6. Specifically, when a container’s CPU utilization
surpasses the upper threshold, a new container is instantiated. Conversely,
if the CPU utilization drops below the lower threshold, an existing container
is removed.

ProScale (Cheng et al., 2023) is a heuristic-based proactive autoscaling
approach that utilizes the SMA to predict future request workloads for each
container. Horizontal scaling decisions are made based on the difference
between the predicted future workload and the current request processing
rate.

DeepScale (Shi et al., 2023) is a DQN-based autoscaling approach. It
employs a deep neural network to make high-level decisions regarding re-
source allocation, including increasing, decreasing, or maintaining the num-
ber of provisioned containers. Subsequently, a heuristic strategy based on
queueing theory is applied to determine low-level autoscaling actions, such
as horizontal scaling and vertical scaling.

DRPC (Bai et al., 2024) is a distributed reinforcement learning approach
for autoscaling. It first trains a central DRL agent using the TD3. Once the
central DRL agent is trained, multiple deployment units are designed to
imitate its decision-making process. These deployment units then execute
autoscaling actions independently for each service in a distributed manner.
Moreover, TD3 is utilized for periodically retraining deployment units during
online interaction with the cloud environment.

5.4. Results

Fig. 11 compares the average optimization objective values in test traces
over 10 independent runs for different methods across scenarios, where the
objective is defined in Eq. (8). It can be observed that STAR consistently
achieves the best objective values among all competing approaches, demon-
strating its effective trade-off between QoS and cost.

Table 3 presents the detailed comparison of mean QoS performance (i.e.,
MRT) and violation rate (Vio) across test traces. We can observe from it
that STAR outperforms the competing approaches in most scenarios except
for W-11. In W-11, DeepScale outperforms STAR slightly. However, the
DeepScale consumes significantly higher cost than STAR in this scenario,
violating 34.75% of the given budget.
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Fig. 11: Optimization objective (Eq. (8)) comparisons across different methods and sce-
narios.

More specifically, the “Vio” row in Table 3 demonstrates the performances
of AWS-Scale, ProScale, DeepScale, DRPC and STAR in terms of cost, indi-
cating the percentages of violating the budget. We can see that STAR con-
sistently keeps the daily cloud provider costs below $200, whereas ProScale,
DeepScale and DRPC exceed the budget in several scenarios, with the max-
imum violation reaching up to $67.10. AWS-Scale can always keep the cost
of cloud providers below $200 per day. However, the MRT of AWS-Scale is
significantly worse than STAR, as shown in Table 3.

Table 3: Performance comparisons in terms of MRT (ms) (defined in Eq. (4)) and cost
violation degree “Vio” (defined in Eq. (7)) of cost exceeds the budget ($200 per day).
“Bold”: the best performances

Scenario
AWS-Scale ProScale DeepScale DRPC STAR (ours)

MRT Vio MRT Vio MRT Vio MRT Vio MRT Vio

N-11 410.42 0 305.57 52.03 306.60 0 289.92 67.10 187.15 0

N-12 688.52 0 387.72 22.88 532.65 0 433.23 10.40 288.85 0

N-13 899.04 0 406.82 0.81 493.62 44.04 532.34 0 195.76 0

W-11 489.73 0 532.46 0 318.29 34.75 415.48 28.18 350.16 0

W-12 864.65 0 687.00 0 549.98 0 512.40 12.52 413.26 0

W-13 1080.44 0 482.13 13.18 675.37 0 491.68 56.17 304.75 0

A-11 702.46 0 680.03 8.65 447.48 0 339.05 0 274.29 0

A-12 1195.81 0 721.31 0 399.66 4.64 410.70 0 348.62 0

A-13 944.85 0 393.54 23.05 337.48 0 227.29 48.78 220.32 0

The above experiment results demonstrate that STAR can reduce mean
response time by up to 78.23% (on N-13 the scenario), outperforming all
competing approaches while ensuring the VM rental cost under $200 per day.
Thanks to the design spatial-temporal autoscaling policy (see ablation results
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in Section 6.4), STAR achieves strong generalization performance, effectively
handling scenarios with different workload patterns and applications.

6. Further Analysis

We conduct further analysis in this section. Specifically, Section 6.2
presents performance comparisons under different budget settings. Section 6.3
reports experimental results across methods in terms of tail response time.
Ablation studies and hyperparameter sensitivity analyses are shown in Sec-
tion 6.4 and Section 6.5. Finally, Section 6.8 evaluates the performance of
STAR under different penalty coefficients.

6.1. Generalization Ability Analysis

To validate the generalization ability of the autoscaling policy in STAR,
we analyze the adaptability to application structure changes and long-term
workload traces.

6.1.1. Adaptability to Application Structure Changes

To evaluate the adaptability of STAR to application structure changes,
we apply the trained model to different application architectures. In par-
ticular, we train a model on A11 (referred to as STAR-A11 ) and evaluate
it on the application structures of A12 and A13. Table 4 compares perfor-
mance of STAR-A11 with models trained on A12 and A13, i.e., STAR-A12
and STAR-A13. The experimental results indicate that STAR-A11 shows
only negligible performance degradation compared to STAR-A12 and STAR-
A13 on N-12 and N-13. Therefore, the trained STAR model can effectively
adapt to application structure changes without retraining. This addresses
an important practical challenge, as application structures may dynamically
change in real-world environments.

Table 4: Comparison results of STAR-A11, STAR-A12 and STAR-A13 on N-12 and N-13,
evaluated by the optimization objective in Eq. (8) (lower is better).

Scenario STAR-A11 STAR-A12 STAR-A13

N-12 293.00± 40.08 288.85± 55.67

N-13 199.25± 46.58 195.76± 45.09
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Fig. 12: 16 days workload traces of NASA.

6.1.2. Adaptability to Weekly Workload

We further evaluate the performance of STAR under a long-term weekly
NASA workload trace6, as shown in Fig. 12. Specifically, this trace covers 16
days of workload, where the first two days are used for training and the re-
maining 14 days (two weeks) are used for testing. The testing trace presents
distinct workload patterns and covers a substantially longer duration com-
pared to the training trace. The results in Table 5 show that STAR maintains
stable MRT and cost across all 14 testing days under weekly workload pat-
terns. In particular, similar performance is observed on the same weekdays
across the two weeks, indicating that STAR effectively generalizes to weekly
workload trends.

Table 5: Comparison of MRT and Cost for each day over two weeks.

Week
Mon Tue Wed Thu Fri Sat Sun

MRT Cost MRT Cost MRT Cost MRT Cost MRT Cost MRT Cost MRT Cost

Week 1 118.42 124.84 114.75 154.33 73.17 175.72 69.05 182.02 63.58 182.02 74.91 182.02 79.18 182.02
Week 2 85.95 187.89 97.34 191.49 91.78 190.22 92.77 195.64 107.75 196.22 92.12 190.22 93.99 199.22

6.2. Performance Comparison with Different Budget

We compare the performances of STAR with stringent and relaxed cost
budgets, which are $150 and $250, respectively, as shown in Table 6. Specifi-
cally, both stringent and relaxed budgets can be satisfied by STAR. Moreover,
the STAR achieves lower MRT under $250 budgets when compared to the
results under $150 budgets. The reason is that a relaxed budget allows for

6https://ita.ee.lbl.gov/html/contrib/NASA-HTTP.html
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the provision of more resources to the containers, which is aligned with the
practice experiences.

Table 6: Performance comparisons of STAR with different budget: $150 and $250.

Scenario
$150 $250

MRT (ms) cost ($) MRT (ms) cost ($)
N-11 201.4251 149.2694 177.0289 240.7732
N-12 295.9855 147.7732 280.5504 245.1824
N-13 199.1767 148.3648 177.1157 238.7432
W-11 389.2478 145.3542 311.5714 248.7425
W-12 412.5571 149.2874 382.2712 249.3781
W-13 355.2157 148.6587 255.7556 244.3125

6.3. Tail Response Time

The tail response time indicates the maximum response time under dif-
ferent percentages of user requests, which is another important metric of
QoS. Fig. 13 presents the comparison of tail response time among STAR
and competing approaches on N-13. This result shows that STAR achieve
the least response time in all percentiles. Specifically, STAR enables 99%
of user requests to be responded to within 521 milliseconds, significantly
outperforming all other competing approaches.
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Fig. 13: Maximum response time under different percentages of user requests on N-13
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6.4. Ablation Studies

To evaluate the effectiveness of key components in STAR, we conduct
ablation studies on: (1) effectiveness of the spatial feature encoder, (2) effec-
tiveness of the temporal feature encoder, (3) effectiveness of GAT, and (4)
effectiveness of transformer.

6.4.1. Effectiveness of the Spatial and Temporal Feature Encoders

To evaluate the effectiveness of the spatial feature encoder, we remove it
from STAR, called w/o spatial. Specifically, w/o spatial follows the design
of MLP in DRPC (Bai et al., 2024) to capture features of the cloud environ-
ment and generate containers embeddings. Table 7 shows the performance
comparisons of STAR and w/o spatial in terms of the optimization objec-
tive in Eq. (8). The results indicate that w/o spatial performs significantly
worse than STAR in all of N-11, N-12 and N-13. These results verify the
effectiveness of the spatial feature encoder to capture spatial dependencies
of containers for autoscaling decisions.

Moreover, we also conduct experiments to test the effectiveness of the
temporal feature encoder. We remove the temporal feature encoder com-
ponent from STAR, giving rise to a variant, named w/o temporal. Table 7
demonstrates the comparison results of w/o temporal and STAR in terms of
total reward. We can observe that the w/o temporal is significantly worse
than STAR on N-11, N-12 and N-13, validating the effectiveness of the tem-
poral feature encoder.

Table 7: Effectiveness of spatial feature encoder and temporal feature encoder, evaluated
by the optimization objective in Eq. (8) (lower is better).

Scenario w/o spatial w/o temporal STAR
N-11 247.38± 108.77 209.24± 33.54 197.68± 26.82
N-12 312.06± 55.23 266.73± 75.93 264.89± 55.67
N-13 355.25± 66.71 212.46± 26.88 186.10± 45.09

In summary, the ablation results show that removing either the spatial
or temporal feature encoder significantly degrades the performance of STAR
across N-11, N-12, and N-13. This demonstrates that both spatial depen-
dencies among containers and temporal workload dynamics are critical for
effective autoscaling decisions.
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6.4.2. Effectiveness of GAT

To validate the effectiveness of the GAT in the spatial feature encoder,
we replace it with a Graph Convolutional Network (GCN) (Kipf, 2016)
and GraphSAGE (Hamilton et al., 2017), resulting in two variants, namely
STAR-GCN and STAR-SAGE. Table 8 reports the comparison results among
STAR-GCN, STAR-SAGE and STAR. It can be observed from this table
that STAR is significantly better than STAR-GCN and STAR-SAGE, which
demonstrates the effectiveness of the GAT in STAR. The superiority of GAT
over GCN and GraphSAGE lies in its ability to learn adaptive attention
weights over neighboring containers (Wang et al., 2025; Vrahatis et al., 2024),
enabling context-aware aggregation that better captures heterogeneous de-
pendencies for autoscaling decisions.

Table 8: Effectiveness of GAT in the spatial feature encoder, evaluated by the optimization
objective in Eq. (8) (lower is better).

Scenario STAR-GCN STAR-SAGE STAR
N-11 406.20± 275.33 228.02± 43.45 197.68± 26.82
N-12 794.50± 105.43 275.05± 55.60 264.89± 55.67
N-13 462.22± 35.27 189.92± 56.08 186.10± 45.09

6.4.3. Effectiveness of Transformer

To investigate the contribution of Transformer in the temproal feature en-
coder, we replace the Transformer with LSTM (Graves, 2012) and GRU (Chung
et al., 2014), resulting in STAR-LSTM and STAR-GRU. As shown in Table 9,
STAR significantly outperforms STAR-GCN and STAR-SAGE in all of N-
11, N-12 and N-13. These results highlight the Transformer component can
better capture temporal features than LSTM and GRU.

Table 9: Effectiveness of Transformer in the temporal feature encoder, evaluated by the
optimization objective in Eq. (8) (lower is better).

Scenario STAR-LSTM STAR-GRU STAR
N-11 245.10± 32.34 458.27± 196.41 197.68± 26.82
N-12 296.94± 27.18 327.80± 46.73 264.89± 55.67
N-13 194.44± 32.13 251.34± 116.13 186.10± 45.09
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6.5. Hyper-Parameters Analysis

In this section, we investigate how the design of the neural architecture
and the ESRL configuration influence the performance of STAR.

6.5.1. Neural Architecture Settings

To investigate the performance under different neural network architec-
ture settings, we compare the performances of STAR in different settings.
Specifically, we denote STAR-G2, STAR-G3, STAR-G4 and STAR-G5 as
STAR with 2, 3, 4 and 5 graph attention layers. Meanwhile, we denote
STAR-S1, STAR-S2, STAR-S3 and STAR-S4 as STAR with 1, 2, 3 and 4
self-attention layers.

Fig. 14 presents the average curves and the corresponding 95% confidence
interval (CI) in different scenarios. Green curves in Fig. 14 demonstrate that
STAR-G2 cannot effectively learn. This is because the limited number of
GAT layers restricts the model’s ability to capture sufficient structural and
contextual information from multi-hop neighborhoods. Meanwhile, STAR-
G4 and STAR-G5 exhibit higher instability (high 95% CI) than STAR on
N-13. The instability observed when increasing the number of GAT layers
might arise from the over-smoothing issue (Keriven, 2022), which causes the
learned node embeddings to become overly similar and reduces the model’s
expressive power. In a word, STAR with 3 GAT layers achieves the best
performance and the most stable training process.

0 200 400 600
Episodes

800

600

400

200

0

Fit
ne

ss
 v

al
ue

N-11

0 200 400 600
Episodes

800

600

400

200

0
N-12

0 200 400 600
Episodes

800

600

400

200

0
N-13

STAR-G2 STAR-G3 STAR-G4 STAR-G5 95% CI (shaded area)

Fig. 14: Average fitness curves (Eq. (12)) under different numbers of graph attention layers

Fig. 15 shows the average curves and the 95% CI of STAR-S1, STAR-
S2, STAR-S3, and STAR-S4 in different scenarios. The results indicate that
STAR-S1 achieves the most stable and the best performance across all of N-
11, N-12, and N-13. When stacking more self-attention layers (i.e., STAR-S2,
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STAR-S3, STAR-S4), repeated global aggregation leads to over-smoothing of
representations (Nguyen et al., 2023), which in turn diminishes the model’s
discriminative capability and training stability.
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Fig. 15: Average fitness curves (Eq. (12)) under different number of self-attention layers

6.5.2. ESRL Configuration

Furthermore, we compare the performance of STAR under different set-
tings of ESRL’s hyperparameters. Particularly, we denote STAR-η0.01, STAR-
η0.005, STAR-η0.001, and STAR-η0.0005 as STAR with learning rate η equal
to 0.01, 0.005, 0.001, and 0.0005, respectively. Likewise, STAR-σ0.1, STAR-
σ0.05, STAR-σ0.01, and STAR-σ0.005 refer to variants of STAR with Gaus-
sian noise standard deviation σ set to 0.1, 0.05, 0.01, and 0.005, respec-
tively. Moreover, STAR-pop20, STAR-pop30, STAR-pop40, STAR-pop50
and STAR-pop60 indicate the population sizes are set as 20, 30, 40, 50, and
60.
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Fig. 16: Average fitness curves (Eq. (12)) under different settings of learning rate.
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Fig. 17: Average fitness curves (Eq. (12)) under different Gaussian noise standard devia-
tion.

Fig. 16 shows the comparison results under different learning rate η. It
can be observed that STAR-η0.01 yields the most stable and efficient con-
vergence, in contrast to η ≤ 0.001, which fails to learn an effective policy
within a reasonable number of iterations. Moreover, Fig. 17 compares the
performances under different σ settings. The comparison results indicate
that STAR-σ0.05 achieves the best and most stable performance among all
settings, while other configurations fail to converge effectively and show un-
stable learning behavior.

Fig. 18 demonstrates the convergence curves of STAR under different
population sizes. We can observe from this figure that STAR cannot learn
effectively under small population sizes (i.e., 20 and 30) due to the limited
exploration capability. For population sizes of 40 or higher, STAR achieves
comparable final performance across different settings, while larger popula-
tions result in a slightly faster convergence speed. Higher early-stage returns
arise from more accurate gradient estimation with larger population sizes
in ESRL. Specifically, a larger population size enhances the exploration dy-
namics, which in turn improves training stability. This leads to a faster
convergence. Table 10 compares the ability of STAR to capture long-term
workloads (one week traces in Fig. 12) under different population size set-
tings.

The above results show that STAR achieves stable MRT and consistent
average daily cost when the population size is 40 or higher, while smaller
populations lead to degraded performance. A larger population size reduces
sample efficiency, so we set the population size to 40 to trade off performance
and sample efficiency.

In conclusion, based on existing studies (Huang et al., 2022; Shen et al.,
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Fig. 18: The convergence curve of STAR under different population sizes on N-13. Each
curve represents a different population size (20, 30, 40, 50, and 60).

Table 10: Comparison of STAR performance under a workload spanning one week with
different population sizes, showing the impact on MRT and Average Daily Cost (ADC)

Metric STAR-pop20 STAR-pop30 STAR-pop40 STAR-pop50 STAR-pop60
MRT 295.47 255.98 114.98 94.51 101.52
ADC 54.83 185.24 175.72 178.37 182.02

2024, 2025) and our experimental results, the tuned ESRL hyperparameters
(i.e., η = 0.01, σ = 0.05, and population size 40) show strong robustness
without the need for further fine-tuning across different problem instances.
Empirical studies suggest that a learning rate in the range of 0.005 ≤ η ≤ 0.01
and a Gaussian noise standard deviation around 0.05 are appropriate choices
for cloud-related tasks (Huang et al., 2022; Shen et al., 2024, 2025). When
the population size is set between 40 and 60, the ESRL exhibits similar
performances.

6.6. Comparison with Other DRL Algorithm

To highlight the rationale for choosing ESRL, we compare the perfor-
mance of STAR trained with PPO (Schulman et al., 2017) and ESRL, re-
ferred to as STAR-PPO and STAR-ESRL, respectively. PPO is a popular
and effective on-policy reinforcement learning algorithm that has been widely
applied across various domains (Yang et al., 2025; Song et al., 2022; Zhan
et al., 2022). Fig. 19 presents the convergence curve of STAR-PPO and
STAR-ESRL under the test scenario. We can observe from this figure that
while STAR-PPO achieves slightly higher returns (without a statistically
significant difference), STAR-ESRL exhibits substantially more stable per-
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formance. Extensive practical evidence indicates that ESRL delivers more
stable and superior performance than other DRL algorithms in cloud-related
problems (Huang et al., 2022; Shen et al., 2024) as well as in other practical
application domains (Zheng et al., 2025; Cai et al., 2025; Liu et al., 2024).
Therefore, ESRL is a well-suited algorithm for solving autoscaling problems.
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Fig. 19: Comparison results of STAR-PPO and STAR-ESRL

6.7. Efficiency Analysis

The training of STAR in this paper is equipped with 40 CPU cores based
on AMD EPYC Milan architecture, and 40 GiB RAM7. For STAR, the aver-
age training time per epoch is approximately 1.5 minutes, with convergence
achieved within 400 epochs in each scenario Moreover, STAR can make au-
toscaling decisions in an average of 2.15 microseconds, demonstrating ex-
tremely low latency. This means STAR is highly applicable for real-time
autoscaling in production cloud environments, in which rapid adaptation to
workload fluctuations is essential.

6.8. Performance Comparison with Different Penalty Coefficient

To examine the impact of the penalty coefficient in the fitness function
(Eq. (12)), we evaluate the performance under different values of ρ. As
shown in Table 11, no significant differences in ART are observed when ρ is
set to 50, 100, 150, or 200, while all settings effectively enforce the budget
constraint. This result indicates that the fitness function is not sensitive to

7https://www.nesi.org.nz/services/high-performance-computing-and-data-
analytics/platforms
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the specific choice of ρ, as cost is treated as a soft constraint rather than a
competing optimization objective, and the learning process remains focused
on optimizing MRT under the budget constraint.

Table 11: Performance comparison with penalty coefficient (ρ).

ρ
N-11 N-13

MRT (ms) cost ($) MRT (ms) cost ($)

50 191.65 162.50 198.63 190.31
100 187.15 150.1 195.76 170.6
150 198.83 141.77 193.82 147.80
200 193.23 148.2 193.60 157.10

7. Conclusion and Future Work

To ensure the QoS performance of cloud applications while maintaining
VM rental cost under a given budget, this paper proposes STAR, a novel
DRL-based autoscaling approach. Specifically, a novel spatial-temporal en-
coding method is proposed to explicitly account for bi-directional spatial
dependencies and the historical workload pattern of containers, leading to
more effective autoscaling decisions than existing autoscaling approaches.
Moreover, different from existing DRL-based autoscaling approaches, STAR
enables fine-grained container-level autoscaling actions. Through extensive
experiments using real-world user request traces, we demonstrate that STAR
consistently outperforms state-of-the-art autoscaling approaches, including
two threshold-based and two DRL-based approaches. In the future, we will
investigate online DRL algorithms to periodically online fine-tune the policy
over a fixed time horizon, which could further enhance adaptability in real
cloud environments. Moreover, we plan to extend the framework to handle
multiple containers concurrently within each autoscaling decision.
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