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Abstract—The rapid adoption of containerized cloud environ-
ments requires robust and efficient Auto-Scaling (AS) mecha-
nisms to ensure adequate resource utilization, high performance,
and cost-effectiveness. Traditional AS approaches, often based on
predefined thresholds, fail to adapt well to dynamic workloads.
This paper investigates the potential of Reinforcement Learning
(RL) as a generalized solution for efficient AS in containerized
clouds. Building on previous studies, this paper examines whether
RL approaches can learn adaptive scaling policies when trained
on diverse workload datasets and tested across different scenar-
ios. A Multi-Objective (MO) reward function has been designed
to optimize key performance factors such as the application’s
response time, and resource utilization. The results demonstrate
that RL algorithms can effectively balance competing objectives
and adapt to changing workloads. The Latency strategy resulted
in lower latency but required more pods (7.4) and slightly higher
CPU usage (28.92%). In contrast, the Cost strategy minimized
deployment costs with fewer pods (3.56) and lower CPU usage
(24.45%). This study highlights the versatility and efficiency
of RL in managing complex, real-time scaling decisions in
containerized cloud infrastructures.

Index Terms—Auto-scaling, Containers, Next-generation net-
works, Cloud-native, Orchestration, Reinforcement Learning

I. INTRODUCTION

The proliferation of containerized cloud environments has
transformed the landscape of modern computing, offering
unprecedented levels of scalability, flexibility, and efficiency
[1]. Containers encapsulate applications and their dependen-
cies, enabling consistent deployment across various environ-
ments and simplifying resource management [2]. However,
the dynamic nature of cloud workloads poses significant
challenges for maintaining optimal performance and cost-
efficiency. Traditional Auto-Scaling (AS) mechanisms, reliant
on static thresholds and heuristic-based rules, often struggle
to respond effectively to fluctuating demands and diverse
workload patterns [3].

AS mechanisms are crucial for cloud infrastructure manage-
ment to dynamically adjust resource allocation to meet perfor-
mance targets while minimizing operational costs. Effective
strategies can lead to significant cost savings and improved
user experiences by ensuring that applications receive the nec-
essary resources during peak loads and scale down during peri-
ods of low demand [4]. Despite recent advancements, existing
AS approaches [5]-[7] often lack the adaptability required to
handle the complexity of modern cloud environments. With
the rise of distributed paradigms such as Fog Computing [8]

and Edge Computing [9], more flexible and responsive AS
strategies are needed to improve performance, and manage
computing resources efficiently in these highly distributed
environments. In recent years, Reinforcement Learning (RL)
has emerged as a promising approach in network management
challenges [10]. By formulating the problem as a sequential
decision-making process, RL enables the development of
adaptive policies that can learn from and respond to varying
workload conditions. In contrast to traditional methods, RL
does not rely on predefined thresholds, but instead learns
optimal actions through interactions with the environment,
producing a learned policy well-suited for dynamic workload
scenarios.

This paper explores the application of RL for the AS of con-
tainerized applications, with a strong emphasis on the follow-
ing research question: Can Reinforcement Learning (RL) be
generalized for efficient auto-scaling in containerized clouds?
This work investigates whether RL algorithms, especially
based on the DeepSets (DS) Neural Network (NN) architecture
[11] (detailed in Sec. III), can generalize across different
workload datasets and adapt to new, unseen workloads, thereby
providing a robust solution for dynamic resource management.

In contrast to our prior work [12], [13], a Multi-Objective
(MO) reward function has been designed to consider multiple
key performance indicators such as the application’s response
time, the overall deployment cost, and the container’s resource
utilization. By training RL algorithms on diverse datasets and
testing their performance in various workload scenarios, this
paper aims to demonstrate the potential of RL to enhance the
efficiency and generalizable capability of AS mechanisms. The
main contributions of this paper are twofold:

e Novel RL design: Sec. III presents the refined RL
design, including observation state, action space, and
the MO reward function. This approach considers three
performance factors, including deployment cost, the ap-
plication’s response time, and resource efficiency.

e Performance Evaluation with Microservice Bench-
marks: The evaluation considered two microservice-
based applications: /) a database application named as
Redis Cluster (RC) [14], and 2) a multi-tier web applica-
tion denoted as Online Boutique (OB) [15]. Experiments
show that the presented RL approach can generalize well
for OB when trained on a smaller application as RC,
demonstrating the versatility of the DS NN (Sec. V).



Results show superior performance compared to previous
work [12].

The remainder of this paper is organized as follows: Sec. II
reviews recent studies in the field of AS in cloud computing
focused on Machine Learning (ML) and RL methodologies.
Sec. III details the applied methodology, including the design
of the RL approach and the MO reward function. Sec. IV
presents the experimental setup and Sec. V presents the
obtained results while discussing the strengths and limitations
of RL. Finally, Sec. VI concludes the paper and outlines
directions for future research.

II. RELATED WORK

ML-based techniques are becoming increasingly prevalent
in modern AS strategies due to their increased efficiency and
adaptability [16]-[18]. Most of these methodologies aim to
build models that accurately estimate resource needs under
specific workloads [19]-[21]. These are particularly robust to
dynamic demands, as they can adjust model parameters in
real-time in response to notable events (i.e., online learning).
While offline training is possible, it often requires significant
human intervention, which diminishes the main advantage of
these algorithms. Google Autopilot [22] is an example of an
ML-based approach that automatically configures resources by
adjusting the number of concurrent tasks in a job (horizontal
scaling) and the CPU/RAM limits for individual tasks (vertical
scaling). Autopilot minimizes the gap between resource limits
and actual resource usage, thus reducing the risk of Out
of Memory (OOM) errors and performance degradation due
to CPU throttling. By applying ML algorithms to analyze
historical data and discern patterns from past task executions,
Autopilot has demonstrated significant reductions in resource
utilization and OOM errors.

However, a major drawback of these ML-based approaches
is the high execution time required to converge to a stable
model, which can result in suboptimal performance during the
learning phase. Recent efforts focus on optimizing execution
time while ensuring the accuracy and stability of the resulting
ML models. The potential of ML-based AS strategies to
revolutionize application performance makes this an active and
promising research field for future cloud computing environ-
ments. Leveraging insights from our earlier work [12], we
have designed a MO reward function that considers multiple
key performance indicators such as the overall deployment
cost, the application’s response time, and container resource
utilization. By training RL algorithms on diverse datasets and
testing their performance in various workload scenarios, this
paper aims to demonstrate the potential of RL to enhance the
efficiency and generalizability of AS mechanisms.

III. REINFORCEMENT LEARNING (RL) METHODOLOGY

The gym-hpa framework' [12] has been developed to
enable scalable and cost-effective training of RL algorithms
for AS tasks in the Kubernetes (K8s) platform. Traditional

Thttps://github.com/jpedro1992/gym-hpa
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Fig. 1: A schematic overview of the applied methodology.
Cross-dataset evaluations are set up based on the gym-hpa
framework and the DS-based RL algorithms.

OpenAl Gym-based environments are typically designed to
speed up the training process of RL. As such, our gym-hpa
framework supports multiple RL algorithms focused on gener-
ating an AS strategy using input from pre-collected datasets?
or by operating in an online mode, where training occurs in a
live K8s cluster with real-time access to the K8s Application
Programming Interface (API) for performing AS actions. This
paper specifically examines the integration of the DS NN
architecture with popular RL algorithms to determine whether
the learned policies can generalize effectively across various
workload datasets and adapt to new, unseen workloads, thereby
providing a robust solution for dynamic resource management.
Fig. 1 illustrates our methodology that involves RL training
on a given application (RC or OB) and directly applying the
learned policy to another application without re-training due
to the inherent capacities of the DS NN architecture since it
is designed to process sets as inputs, addressing the unique
challenges associated with the unordered and variable-sized
nature of sets. Traditional NNs are typically not well-suited
for sets because they expect inputs to be in a fixed order
and of fixed size. DS overcome these limitations by using a
permutation-invariant structure, meaning the network’s output
does not depend on the order of the elements in the input
set. This capability is particularly valuable for addressing the
dynamic nature of AS in modern cloud environments, where
microservice instances may be frequently added to or removed
from applications.

Deployment Information in gym-hpa is derived from K8s
deployments to provide granular control over the resources
allocated to each application a and its associated microservices
m. The minimum (&, min) and maximum (¢, max) replication

2Example of collected datasets: https://zenodo.org/records/7944661



factors indicate the lower and upper bounds for the number
of pod replicas that can be deployed for each microservice
m. The request vector (v4,[,]) specifies the baseline resource
allocation necessary for the stable operation of each mi-
croservice m, ensuring that the minimum required resources
are always available. In contrast, the limit vector (I'g )
sets the maximum permissible resource usage, preventing any
single microservice from consuming an excessive amount of
resources, which could lead to performance degradation or
resource contention within the cluster [23]. Also, the total
resource usage (P, []) is monitored, providing real-time data
on the actual consumption of CPU and memory by each
microservice m. Regarding the application’s latency (V,),
researchers can specify the particular measurement or metric
to consider. The latency threshold (7,) for an application
a sets the maximum acceptable response time, ensuring the
application meets its performance requirements.

The observation space consists of five metrics per mi-
croservice deployment, namely the number of deployed pods,
the CPU and memory consumption of the microservice, the
percentage of CPU usage related to the CPU requests of
the microservice, and the latency of the microservice. This
information can be retrieved from the K8s cluster via its API
or from the collected dataset if the simulation mode is enabled
[12], [13]. For all these metrics, min-max normalization is
applied in the observation space, a common practice in RL
that helps the algorithm to converge faster and more reliably.
It stabilizes the training for large input values, preventing the
explosion of gradients.

The action space encompasses all possible actions an
agent can select within the environment. The action space is
MultiDiscrete [24], indicating a list of possible actions per
discrete set. However, the agent can select only one action
per discrete set at each step. The Microservice discrete set
corresponds to the microservice selection, while the Scaling
set consists of all existing scaling actions. The size of the
action space depends on the total number of microservices
in the application and the specified maximum and minimum
replication factors. For example, if the maximum replication
factor is four and the minimum is one, the maximum number
of additions or terminations for each microservice is three.
Therefore, the RL agent can choose the following actions:

o Keep the deployment running as is (DoNothing)
« Deploy additional pods (Add)
o Terminate a specified number of pods (Stop)

A Multi-Objective (MO) reward function (1) has been
designed to incorporate three distinct objectives: cost-aware,
latency-aware, and resource-aware. When the agent selects
a valid action, it receives a positive reward based on these
objectives, with corresponding weights (w., w;, and w,.). The
total reward is normalized within the range of [0.0,1.0].
Invalid actions, such as attempting to deploy or terminate pod
instances that violate the maximum or minimum replication
factors, result in a penalty of —1. This penalty encourages
the agent to learn which actions are feasible given the current

number of deployed pods, thereby refining its decision-making
process.
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The cost-aware reward is designed to guide the agent
in minimizing the number of instances (pods) allocated for
each microservice deployment, thereby reducing overall de-
ployment costs. The current deployment cost is calculated as
the total number of deployed pods across all microservices
in the application. This cost is then normalized based on the
predefined minimum and maximum replication factors allowed
in the experiment. The cost-aware reward is defined as the
following:
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where:

e R,, is the number of deployed pods for microservice m.

e Oy min 1S the minimum replication factor for m.

e Op maz 1S the maximum replication factor for m.

The latency-aware function guides the agent to find suit-
able allocation schemes that minimize the overall application
latency. The function is designed to provide a higher reward
for lower latency by normalizing the application latency (V)
between 0 and a specified threshold (7,). The normalized
latency U, is defined as:

- v,
¥, = min <, 1) 3)
Ta
The latency-aware reward is then formulated as:
1-9, if¥, <7,
= . “4)
0 if U > 7,

The resource-aware reward aims to find allocation
schemes that ensure efficient resource utilization while avoid-
ing over-provisioning or under-provisioning schemes based on
the percentage of CPU usage relative to the amount requested
by each pod. First, the CPU utilization percentage for each
microservice m is calculated using the following formula:

o fopu] = Pm,[cpu)
ke Ym,[epu)

x 100 5)

where:

* Pm,cpu) 1S the CPU usage of microservice m.

* Ym,[epu] COrresponds to the total amount of CPU re-
quested for microservice m.

e O, [cpu) 1s the CPU utilization percentage in terms of the
amount of CPU requested for microservice m.

The percentage ©,, [¢py) is then normalized between 0 and
100 since it can be above 100% because resource requests
are typically lower than resource limits in typical K8s de-
ployments [23]. Thus, the normalized percentage @m,[cpu] for
microservice m is defined as:
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Finally, the resource-aware reward is then calculated by
considering all microservices in the application:
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Cloud administrators face the ongoing challenge of bal-
ancing different performance factors. For example, ensuring
low deployment costs and high resource efficiency while
minimizing latency in their cloud infrastructure. Their ultimate
decisions are made based on user needs and organizational
objectives. Although prioritizing costs can help minimize de-
ployment expenses, particularly for budget-constrained compa-
nies, favoring low latency is crucial for real-time applications
where responsiveness is key. This paper evaluates the trade-off
of three distinct strategies while showcasing their benefits and
disadvantages.

The DeepSets (DS) Neural Network (NN) [11], [25] is a
NN architecture specifically designed to process sets as inputs,
addressing the challenges associated with their unordered and
variable-sized nature. Traditional NNs, which typically expect
inputs to be ordered and of fixed size, are not well-suited for
handling sets. However, DS overcomes these limitations by
employing a permutation-invariant structure, ensuring that the
network’s output is independent of the order of elements in
the input set. The architecture of DS is typically expressed as:

F(X)=0p <Z ¢(az>> : (8)

xeX
where:

e X ={x1,x9,...,2,} is the input set.

e ¢(x) is an embedding function applied to each element
x in the set.

o The summation ) _ is a permutation-invariant opera-
tion that aggregates the embeddings.

e p(-) is a function that processes the aggregated result to
produce the final output.

As a result, in DS NNs, both inputs and outputs can be
arbitrarily sized sets. This flexibility allows the RL algorithm
to learn a policy that can be applied across different application
scenarios with varying numbers of microservices. Thus, the
main benefits of using DS in the context of dynamic AS
include:

o Permutation Invariance: Since the order of elements in
a set is inherently irrelevant, DS respect this property,
ensuring that the output is the same regardless of how
the input elements are arranged.

« Variable-Sized Inputs: In contrast to traditional NNs that
require fixed-sized inputs, DS can process inputs of vary-
ing sizes, making them suitable for applications where the
number of microservices may change dynamically.

TABLE I: The evaluated reward strategies.

Name We wy Wy
Cost 1.0 0.0 0.0
Latency 0.0 1.0 0.0
Resources 0.0 0.0 1.0
FavorCost 0.5 0.25 0.25
FavorLat 0.25 0.5 0.25

TABLE II: Deployment properties of both applications.

CPU R/L | RAM R/L | Rep.
App. Deployment (in m) (in Mi) (am)
RC (a1) Leader & Follower 250/500 250/500 1/8
Frontend & Recomm. 1007200 64/128
Cart & Add 200/300 180/300
Product & Currency 1007200 64/128
OB (92) | puvment & Shipping | 100200 |  64/128 178
Email & Checkout 100/200 64/128
Redis-cart 70/125 200/256

o Scalability: DS can easily scale to handle larger sets by
simply aggregating more elements. This is particularly
useful in cloud environments, where the number of mi-
croservices can be high.

o Generalization: The architecture allows RL algorithms
to learn policies that generalize across different workload
scenarios. For instance, a policy trained on one applica-
tion can be applied to another without retraining, thanks
to the ability of DS to handle diverse sets of inputs.

IV. EVALUATION SETUP

Reward Strategies Table I details five distinct reward
strategies considered in the evaluation. By evaluating nu-
merous reward strategies, our aim is to provide insights
into the effectiveness of different auto-scaling strategies
for microservice-based applications in containerized environ-
ments. RL Algorithm A notable algorithm known as Proximal
Policy Optimization (PPO), which supports MultiDiscrete ac-
tion spaces, has been evaluated using the stable baselines 3 and
CleanRL [26], [27] libraries. This implementation has been
adapted to utilize the DS NN architecture by modifying the
standard implementations from these popular RL libraries. By
utilizing the DS NN, our objective is to assess the feasibility
of cross-dataset evaluation, where the RL algorithm is trained
on one microservice application and tested on a completely
different one.

Applications Table II shows the deployment properties for
the evaluated applications. Different resource requests and
limits (i.e., CPU and memory) have been specified for each
microservice. The minimum and maximum replication factors
are set to 1 and 8, respectively. The first application relates
to the deployment of the RC microservice [14] consisting of
two K8s deployments: Leader and Follower. RC is a highly-
available application, so AS mechanisms should ensure no
downtime during scaling operations. The latency for RC (¥, )
corresponds to the calculation of the average response time of
the Redis server by collecting the total duration of the query
and the total response time of processing the query during
the last five minutes, as shown in (9). The latency threshold
(74,) 1s set to 250 milliseconds. The second scenario relates



TABLE III: The execution time during RL training.

Execution Time per

Execution Time for

Strategy App- episode (in s) 8000 episodes
Cost RC 0.35 + 0.01 46.6 min (0.77 hours)
OB 1.56 &+ 0.02 208.0 min (3.46 hours)

to the OB application [15] consisting of 11 K8s deployments.
It is a web-based e-commerce application where users can
browse items and add them to their cart to purchase them. The
Frontend service receives HTTP requests and forwards them to
several services, including Currency and Product. The latency
for OB (¥,,) corresponds to the average response time based
on the GET /cart request as shown in (10), measured using the
Locust load testing tool [28]. This request represents a critical
user interaction point within the OB’s functionality. Although
we also explored the average response time of various requests,
our experiments revealed similar results. Thus, we chose to
focus on the response time of the GET /cart request, as it
provides a suitable representation of user experience while
reducing the number of API calls to Prometheus. The latency
threshold (7,,) is set to 3 seconds.

U = redis_commands_duration_sec_total[5m]
a; —

€))

redis_commands_proc_total[5m)

V,, = locust_avg_response_time_GET _cart (10)

The gym-hpa Framework has been used in the evaluation.
An episode consists of 25 steps during which the RL agent
aims to maximize the reward based on the current demand
and the number of pods deployed for each microservice in
the application. During the experiments, the RL agents have
been trained over 8000 episodes (200K steps) and then tested
for 100 episodes, utilizing a 14-core Intel i7-12700H CPU @
4.7 GHz processor with 16 GB of memory. The performance
of the RL agents has been evaluated based on the following
metrics:

o Accumulated reward during each episode. It refers
to the total sum of rewards obtained by an RL agent
throughout each episode.

o Average number of deployed pods during an episode.

o Average latency (in ms) for the application during an
episode.

o Average CPU percentage related to the pod’s CPU
request amount (in m).

V. RESULTS

Execution Time Table III presents the execution times for
training using the DS-PPO algorithm for both applications.
The results reveal a significant difference in the computational
demands between the two applications. For the RC application,
the execution time per episode is relatively low, with the
Cost strategy needing 0.35 seconds per episode on average,
resulting in a total training time of approximately 46.6 minutes
for 8000 episodes. In contrast, the OB application exhibits
a much higher execution time per episode on average. The
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Fig. 2: The accumulated reward during training.
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Fig. 3: Results obtained during training for the RC application.

Cost strategy requires an average of 1.56 seconds per episode,
leading to a total training time of around 3.46 hours for 8000
episodes. The longer execution time for the OB application
highlights its greater complexity, as the environment includes
eleven microservices, resulting in a significantly larger obser-
vation space.

Training Phase Fig. 2 illustrates the accumulated reward
for both applications across different strategies. The DS-PPO
algorithm achieves slightly higher rewards for the RC appli-
cation than the OB. In both scenarios, the Latency strategy
achieved the highest accumulated rewards. In addition, Fig. 3
showcases the performance of DS-PPO for the RC application
in terms of the number of deployed pods, and the application
latency. For the RC application, the Cost strategy effectively
minimizes deployment costs by deploying fewer pods. This
approach is ideal for scenarios where cloud administrators aim
to minimize operational costs as their primary concern. On the
other hand, the Latency strategy prioritizes performance by
deploying more pods on average, resulting in slightly lower
application latency. This strategy is well-suited for latency-
sensitive environments where performance is critical, though
it generally incurs higher deployment costs. Furthermore, the
FavorCost and FavorLat strategies successfully guide the
agent toward a balanced policy, aligning with the intended
goals of the MO reward function. These strategies achieve
a compromise between deployment costs, resource efficiency,
and application performance, making them versatile options
for environments where a balance between these performance
factors is desired. For the OB application, differences between
strategies are less pronounced due to lower rewards and the
inherent complexity of its 11 microservices. To address this,
we leverage the versatility of DS to transfer the policy trained
in RC directly to OB without retraining.



TABLE IV: Results obtained during the testing phase for both applications, including cross-dataset experiments. The results
illustrate the impact of strategy selection on key performance factors and the challenges in RL generalization across different
applications. Also, compared to our prior work [12], DS-PPO consistently achieves higher performance for both applications.

Algorithm | Training | Testing Strategy Accumulated Reward | Number of Pods | Latency (in ms) | CPU requests (in %)
Cost 32.07 £ 033 356 £ 0.17 3322 £ 10.04 7445 £ 227
Latency 2456 + 0.39 7.40 + 0.49 437 + 386 28.92 + 1.9
DS-PPO RC RC Resources 12.01 + 1.0 444 £ 0.19 8.12 + 7.03 32.08 + 2.19
FavorCost 1820 + 0.47 571 + 044 271 + 2.30 29.53 + 1.96
FavorLat 19.50 + 0.40 6.84 + 0.39 2.80 + 2.09 20.12 + 201
Cost 16.98 - 0.46 35.70 £ 1.42 | 103043 £9.96 8T.01 £ 2.50
Latency 1629 + 0.14 4661 + 178 | 104494 + 17.0 62.82 + 3.74
DS-PPO RC OB Resources 11.94 + 032 4587 + 1.60 | 1038.05 + 12.89 66.88 + 3.87
FavorCost 12.70 + 1.06 4764+ 190 | 1036.57 + 1331 63.04 + 4.15
FavorLat 1442 + 023 46.61 + 178 | 1044.94 £ 17.0 62.82 + 3.74
Cost-aware - 450 £ 04 2597 £ 2.67 12.36 £+ 0.57
A2C [12] RC RC | Latency-aware - 12.81 + 1.19 18.84 + 0.59 6.4+ 0.6
Cost-aware - 54.05 £ 3.96 103477 4.4 33.40 £ 2.04
A2C [12] OB OB | Latency-aware - 6379 + 405 | 1025.64 + 2024 3334 + 2.09

Testing Phase Given the increased complexity and chal-
lenges associated with the training of the OB use case, the
testing phase focuses exclusively on models trained using the
RC application. Table IV provides detailed results from the
testing phase, evaluating the DS-PPO algorithm’s performance
across various strategies on both the RC and OB applications,
including cross-dataset experiments. When testing on the same
dataset, the Latency strategy achieved the highest accumulated
reward, while achieving lower latency than other strategies.
However, it required more deployed pods (7.4) and slightly
higher CPU requests (28.92%). The Cost strategy showed
the potential towards minimizing the deployment cost since it
required fewer pods (3.56) and lower CPU requests (24.45%).

The cross-dataset testing from RC to OB emphasizes the
versatility and adaptability of the DS NN architecture. The
fact that the trained models in RC delivered acceptable perfor-
mance when tested in OB without requiring retraining, high-
lights its robustness in a more challenging use case. Although
the performance of the model experienced some degradation
as expected, and most of the strategies yielded lower rewards,
the Cost strategy achieved the highest accumulated reward of
16.98 while maintaining the lowest number of pods at 35.70.
Other strategies faced difficulties in further optimizing the
allocation scheme for the OB application. For example, latency
values remained relatively consistent across strategies. These
numbers reflect the challenges of applying trained RL models
to different applications, especially when transitioning to a
significantly more complex application as OB, which consists
of 11 microservices compared to the 2 microservices in RC.
The fact that trained strategies could still deliver acceptable
performance under these demanding conditions highlights the
generalization capabilities and robustness provided by DS. In
summary, these results illustrate the challenges associated with
RL model generalization.

Comparison with previous work [12] The lower sec-
tion of Table IV presents the performance of the Advantage
Actor Critic (A2C) algorithm, identified as one of the top-
performing algorithms in [12], across single-reward objec-
tives: Cost-aware and Latency-aware. DS-PPO consistently

outperforms A2C for both applications, particularly when it
comes to minimizing cost or reducing latency. For instance,
for the RC application, DS-PPO maintains a smaller average
number of pods compared to A2C under the Cost-aware
strategy. Also, DS-PPO achieves lower latency than A2C
for the latency-aware strategy. A2C performs well for the
OB application when using the Latency-aware strategy, as it
effectively reduces latency. However, this comes at the cost
of a significantly higher number of pods compared to DS-
PPO. This comparison highlights the advantages of MO reward
strategies and advanced policy optimization methods such as
DS-PPO, which can help achieve more adaptable resource
management policies.

VI. CONCLUSIONS

This paper explored the application of RL for AS in
containerized cloud environments. The main research purpose
has been to assess whether RL approaches could learn adap-
tive scaling policies that generalize across diverse workloads
and perform effectively on unseen workloads. A MO reward
function has been designed focusing on key performance
factors such as the application’s response time, deployment
cost, and resource utilization. The proposed DS-PPO algo-
rithm achieved adequate performance for the OB application
when trained using data from the RC application. The Cost
strategy achieved the highest accumulated reward of 16.98
while maintaining the lowest number of pods at 35.70. Results
show that RL effectively balances competing objectives and
adapts to changing workloads. This adaptability is key in
dynamic cloud environments with unpredictable workloads.
Future work will focus on refining the MO reward function,
incorporating additional performance metrics, and exploring
multi-agent RL for AS, where each RL agent manages a
single microservice. RL presents a promising approach for
improving AS in containerized cloud environments, offering
more adaptive and efficient strategies than traditional methods.
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