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A Reinforcement Learning Approach to Real-Time,
Cost-Aware Kubernetes Auto-Scaling

Mageshwaran Kumaresan
X23216522

Abstract

Traditional Kubernetes autoscalers (HPA, VPA, KEDA) utilize a fixed set
of thresholds, which resulted in over-provisioning or a struggle to meet latency
SLA requirements in dynamic, latency-sensitive applications. Current autoscaling
methodologies that utilize RL are usually tailored towards individual metrics
(e.g., CPU), without being very adaptive to the workloads The proposed research
provides a new RL-based autoscaling mechanism that can be integrated with
Prometheus and evaluated on Minikube to achieve the most cost-effective scaling
of Kubernetes pods under an SLA of 200ms of latency that is a necessity when
targeting cost-effective cloud services. To have an experiential understanding of
how Kubernetes works when used in autoscalers, a custom Environment gym,
KubeScalingEnv, was created based on Prometheus metrics and Google Cluster
Data 2011 (changed to synthetic_load profile_60_chunks.csv). A Deep Q-Network
(DQN) model is developed and trained on Minikube, and selects a set of optimal
pod replicas (1 to 5 pods) using the following dimensions as its state space: CPU,
memory, latency, replicas, and spot price. The RL approach was compared with
HPA, VPA and KEDA on SLA violations, cost and efficiency of pods. The
RL autoscaler had a 0.00% SLA violation and a better 2.90 pods ($0.0580/step)
than HPA (4.13 pods, $0.0825/step) and KEDA (3.55 pods, $0.0711/step) with a
24.7 percent increase in costs compared to VPA (2.18 pods, $0.0437/step). RL
decreased pod utilization by 29.8% compared to HPA and 18.3% compared to
KEDA. Similarly, T-tests show that the latency behavior is equal to HPA (p=1.0).
The given RL framework is the first to combine Prometheus and multi-metric DQN
with traditional autoscaler and earlier RL (e.g., Zhang et al., 2021, 0.5% SLA
violations). In contrast to the oversimplified scaling VPA offers, RL is resilient
to dynamic workloads, and thus zero SLA violations are witnessed with lesser
resources compared to HPA and KEDA. It provides a scalable, cost-efficient solution
to cloud application, and the production-grade potential is there, although the
marginal cost is slightly higher than VPA. Future work should integrate the model
with a real-world production application to collect workload data for validating
the framework, learn the RL policy to acquire a cost-efficient method close to the
VPA, and test with more sophisticated RL algorithms such as PPO to support
autoscaling across multiple deployments.



1 Introduction

1.1 Research Context

The infrastructure in the current cloud-native world is based upon, Kubernetes, which
is a powerful container application orchestrator. Autoscaling is an essential feature,
adjusts the amount of computing resources (like CPU, memory, or servers) based on
how much work needs to be done. Horizontal Pod Autoscaler (HPA), Vertical Pod
Autoscaler (VPA) and Kubernetes Event-Driven Autoscaling (KEDA) are the native
tools used by Kubernetes to scale based on static threshold metrics like memory and
CPU utilization or on events. They are only effective in steady state settings, but not
traffic surges, which result in over-provisioning (30-50% cloud budget capacity waste)
or under-provisioning (cloud budget capacity violating service level agreement (SLA),
respectively [16]. This is part of the failure of balancing of resource efficiency and system
performance in Kubernetes resource management that this study took so close to it.

1.2 Motivation

Cloud resource setup has been optimized using reinforcement learning (RL)[17]. The
RL agents will learn based on past and real-time data, adapt to varying environments;
consequently, they can be applied to random workloads as well. Yet, the currently known
solutions to the RIL-based autoscaling problem are generic to any cloud application
and not aware of the Kubernetes-specific features like pod disruption budgets, node
affinity rules, and unpredictability of spot instances [18]. Moreover, the solutions
that are currently offered generally act either on cost-cutting or even efficiency
enhancement, however, the combination of both is not frequent. In this paper, I define
a Kubernetes-specific implementation of an autoscaler (using RL, and integrated with
Prometheus to allow retrieving live monitoring data and job traces, e.g., Google Cluster
Data) to train an adaptation agent. The suggested solution is to outrun traditional
autoscalers due to addressing cost-efficiency and responsiveness aspects while regarding
cloud pricing models and infrastructure restrictions.

1.3 Reinforcement Learning

The paper will explore how Reinforcement Learning (RL) can be used to optimize
Kubernetes autoscaling to deliver both cost-efficiency and real-time. The suggested
RL-based solution is also tested against conventional rule-based scalers, including
Horizontal Pod Autoscaler (HPA), Vertical pod Autoscaler (VPA) and Kubernetes
Event-Driven Autoscaling (KEDA). The local Kubernetes environment in Minikube is
used to deploy and test an RL agent. The performance is benchmarked against industry
standards and is concentrated upon cost reduction, latency stability, and resource usage.
The findings can be used in the larger context of the adaptive autoscaling and the feasible
cost management of cloud.

1.4 Contributions, Research Questions, Limitations, and
Assumptions

The aim of this papee is research question is "How can reinforcement learning be
used to optimize Kubernetes autoscaling to deliver both cost-effectiveness and real-time



responsiveness, compared to traditional rule-based scalers?”
The aim of this work is mainly to:

1. Review the existing literature on autoscaling techniques;

2. Design and implement an RL-based autoscaler adapted to Kubernetes;

3. Test its performance in Minikube by means of corresponding workloads and metrics.
This study has the following contributions:

e A novel RL-based autoscaling framework that designed to Kubernetes-specific
constraints (e.g., pod disruption budgets, node affinity, and spot instance
variability).

e Verified performance improvements including both SLA violations which is 0.00%
and a reduction in pod usage 29.8%.

e Reproducibility and promote a more widespread adoption in an open-source
implementation within cloud-native community.

The drawbacks are that the Minikube is used in a small-scale test and might not reflect
the production environments entirely and possible challenges in training convergence with
RL. The assumptions made are the availability of constant Prometheus metrics as well
as the patterns that will be used representing workloads of Google Cluster Data.

1.5 Document Structure

This report is structured as follows:

Section 2: Literature Review gives the description of autoscaling methods, their
limitations, and theoretical basics of RL-based strategies.

In Section 3: Methodology, the design, implementation, and evaluation environment
of the proposed DQN-based autoscaler will be described.

The section 4: Results and Evaluation shows the performance of the app, the
metrics of the performance (SLA compliance, pod usage, and cost) against delivery,
compared to HPA, VPA, and KEDA.

In Section 5: Discussion, results are interpreted, compared with existing research,
and a discussion of implications and limitations is made.

Section 6: Conclusion and Future Work summarises the research and restates key
findings as well as proposes future research directions.

2 Related Work

2.1 General Autoscaling Techniques

Miguel-Alonso, L Lorido-Botran and Lozano of University of the Basque country,
Spain published “Auto-scaling techniques for elastic applications in cloud environments”
in Journal of Grid Computing (vol. 12, no. 4, pp. 559-592, 2014, doi:
10.1007/s10723-014-9314-7, Scopus-indexed, 200+ citations).They were trying to survey
methods of autoscaling cloud platforms such as Amazon EC2. They applied the analysis
of literature to classify reactive and proactive mechanisms and identified 30% over



provisioning in the dynamic workloads. it has served as a source of basic knowledge
about the issues around autoscaling. It does not put any emphasis on Kubernetes or RL
and the use of the outdated context of containerized systems restricts its usage. The work
reflects the necessity of the development of more skillful approaches to over-provisioning
such as the RL-based framework [1]. The study of Ali-Eldin, Kihl, Tordsson, and Elmroth
of Umea University, Sweden, focuses on efficient provisioning of scientific workloads by
a study in an article titled, “Efficient provisioning of bursty scientific workloads on the
cloud using adaptive elasticity control” in Proceedings of the 3rd Workshop on Scientific
Cloud Computing (pp. 31-40, 2012, doi: 10.1145/2287036.2287044, Scopus-indexed,
100+ citations),They suggested a heuristic elasticity controller, which was experimented
on in simulation with 20% resources saved. With the goal of minimizing costs, the article
named Auto-scaling web applications in clouds: A cost-aware approach by Aslanpour,
Ghobaei-Arani and Toosi of the Deakin University in Australia was published in the
Journal of Network and Computer Applications (vol. 95, pp. 26 41, 2017, doi:
10.1016/j.jnca.2017.07.012, Scopus- indexed with 150+ citations). They applied ML on
autoscaling VMs using 15% to cut down costs. These published papers discussed the
topic of bursty workloads, and cost optimisation and applied to the Google Cluster Data
and spot pricing, yet VM bias (can only handle 50% workload bursts) and reactive nature
limits Kubernetes applicability, to the support of containerised RL method [2, 13].

2.2 Machine Learning and Reinforcement Learning Approaches

” A hybrid reinforcement learning approach to autonomic resource allocation” by Tesauro,
Jong, Das and Bennani (2006 IEEE International Conference on Autonomic Computing,
pp. 6573, 2006, doi: 10.1109/ICAC.2006.1662383, Scopus-indexed, 300+ citations) They
tried to make the servers optimal by the choice of resources that should be supplied
to them. They also added the Q-learning to queueing models which they have tested
on clusters that cut down response times by 15%. This pathbreaking, widely referenced
paper of the IBM researchers with well-articulated methodology made RL promising. It is
only applicable in Kubernetes as it is VM-oriented and not container orchestration-based,
but it supports the framework that is based on DQN [3]. ”Learning scheduling algorithms
for data processing clusters” by Mao, Schwarzkopf, Venkatakrishnan, Meng, and Alizadeh
in the USA, MIT and published in Proceedings of the ACM SIGCOMM 2019 Conference
(pages 270-288, 2019, doi: 10.1145/3341302.3342080, Scopus indexing, 400+ references),
Abbott and Kaki They designed a Decima system that would improve scheduling of tasks
in Spark clusters. They applied RL, which they tried on real clusters, with job completion
being 25% faster.

This was a high-impact study of prominent systems researchers that showed how
scalable RL could be, although once again, it has an emphasis on scheduling and is
more limited by the applicability to Kubernetes specifically [4]. The article by the
members of the University of Rome, Italy, Rossi, Cardellini, Lo Presti, and Nardelli titled
“Dynamic multi-metric thresholds for scaling applications using reinforcement learning”
in IEEE Transactions on Cloud Computing (vol. 11, no. 2, pp. 1807-1821, 2023,
doi: 10.1109/TCC.2022.3163357, Scopus-indexed, 80+ citations) They were looking to
optimize autoscaling using multiple metrics and to propose a DQN based autoscaler
that dynamically adapts the CPU/memory thresholds based on which the autoscaler
adjusts resource utilization by 22%. This is a credible study by scholarly researchers
and they confirm what the multi-metric DQN does, however, both the simulated nature



and non-deployment of Kubernetes the importance of the real-world testing [5]. Weak
reformulations, Heimerson, Eker, and Arzan of Lund University, Sweden, published
Heimerson, Eker, and Arzan (2022), which is a less powerful formulation, in the form of
Heimerson, Eker, and Arzan (2022) as “A proactive cloud application auto-scaler using
reinforcement learning” in 2022 ITEEE/ACM 15th International Conference on Utility
and Cloud Computing (UCC) (pp. 213-220, 2022, doi: 10.1109/UCC56403.2022.00040,
Scopus-indexed, 30+ citations).They wanted to scale cloud applications in advance. RL,
scaled down 18% was tested through simulation by them. In its simulation orientation
and the absence of the Kubernetes context the given study does not provide as much of
a contribution compared to the Minikube-based validation [11].

2.3 Kubernetes-Specific Autoscaling

Kuwait University, Kuwait Imdoukh, Ahmad, and Alfailakawi (2020) published Machine
learning-based auto-scaling for containerized applications in Neural Computing and
Applications (vol. 32, no. 13, pp. 97459760, doi: 10.1007/s00521-019-04507-z, 60+
citations). They wanted to make the best of the resources in Kubernetes. They
applied supervised ML to estimate needed resources, which they tested on actual
clusters and got 18% increase in use over HPA. This academic and well-documented
effort proved ML in Kubernetes, however, with its reactive paradigm, it tripped on
sudden surges (e.g., 50% surges), and such a reactive model fits the RL paradigm
[7]. The research Deep learning-based autoscaling using a bidirectional long short-term
memory of Kubernetes written by Dang-Quang and Yoo was published at Seoul National
University, South Korea, and appeared in Applied Sciences (vol. 11, no. 9, p. 3835,
2021, doi: 10.3390/app11093835, Scopus-indexed, 70+ citations). Their purpose was
to improve the autoscaling of Kubernetes. The HPA was tested with a PPO-based
RL on real clusters, with performance of 31% efficiency compared to HPA, on their
gym-hpa system. The project has similar features to this high-impact study done by the
cloud orchestration experts of the past yet the absence of cost metrics and Prometheus
integration would point to the novelty of the framework [10]. Santos, Reppas, Wauters,
Volckaert, and De Turck (Ghent University) produced the paper Gwydion: Efficient
auto-scaling of complex containerized applications in Kubernetes through reinforcement
learning (Journal of Network and Computer Applications (vol. 234, p. 104067, 2025, doi:
10.1016/j.jnca.2024.104067), Scopus-indexed, 20+ citations). They wanted to extended
gym-hpa to complicated microservices. They used RL and decreased pod counts within
the clusters of Kubernetes by 25%.

This new, strong research by the same group of experts in favor of RL auto-scaling is
strong but with its limited metrics coverage and the absence of the integration with
spot pricing or Prometheus, it highlights the [12]. Reinforcement learning based resource
allocation levels. This type is designed to be used in Kubernetes-based microservice
applications, Such as Nguyen, Do, Nguyen, and Pham at the Hanoi University of
Science and Technology, Vietnam published an article on “Reinforcement learning
based resource allocation for Kubernetes-based microservice applications” in Journal of
Cloud Computing (vol. 11, no. 1, pp. 1-14, 2022, doi: 10.1186/s13677-022-00324-0,
Scopus-indexed, 504 citations). Their goal was to maximize allocation of Kubernetes
resources. They used RL, tested on real clusters, achieving 15% lower latency than HPA.
This valid study conforms to the latency focus, however, it takes only a single metric
whereas this project have a multi-metric DQN [15]. Still less influential, Chouliaras



and Sotiriadis of the University of Derby, UK, published the article An adaptive
auto-scaling framework for cloud resource provisioning in Future Generation Computer
Systems (vol. 148, pp. 173183, 2023, doi: 10.1016/j.future.2023.05.017, Scopus-indexed,
40+ citations), devoted to cloud resource provisioning optimization. They employed
CNNs that ran on VMs and saved on the costs by 17%. University of Waterloo,
Canada, Dashtbani and Tahvildari published the article STaleX: A spatiotemporal-aware
adaptive auto-scaling framework in microservices on arXiv (arXiv:2501.18734, 2025, doi:
10.48550/arXiv.2501.18734, not peer-reviewed), to scale microservices. They introduced
an autoscaler that applies RL improving the scalability and was tested on simulations.
The cost focus that Chouliaras et al. mentions aligns with what the refer to as spot
pricing, but concerning the VM focus, it will restrict Kubernetes applicability. The RL
methodology presented by Dashtbani and colleagues is applicable, yet testing involved
simulations, with the same strategy, thus lacking credibility in comparison with Minikube
implementation [14, 6].

2.4 Summary of Research Gaps and Project Justification

The reviewed research was based on heuristic autoscalers [1, 2, 14], which over-provisioned
up to 30% and enhanced the methods based on ML/RL methods [3-15] improving
adaptability. Due to the poor effectiveness of human-driven approaches to manage
dynamic workloads, ML-based Kubernetes solutions [7, 8] were still characterized
by a reactive model.  The reactive proactive trade off was met by RL-based
papers[3,4,5,9,10,12,15] through highlighting predictive scaling and attained 15-31%
efficiency gains over HPA. Nevertheless, several of them [5, 6, 11| were based only on
the simulation validation, and a preprint by [6] was not peer-reviewed. The previous
articles included none of the spot pricing or Prometheus-based observability, with only
a few of them relying on real Kubernetes clusters [9, 10, 12, 15]. To addresses these
gaps, the following research applied and tested a multi-metric DQN-based autoscaling
framework combining CPU, memory, latency, the number of replicas, and the time of the
spot price. The framework reduced pod usage by 29.8% and hit 0.00%t SLA violations
using Prometheus as a real-time observability tool and Minikube to perform deployment,
which is a better performance and cost-effective.

3 Methodology

3.1 Problem Formulation and State Representation

We fromulated Kubernetes autoscaling as a reinforcement learning problem and represent
it as a Markov Decision Process (MDP). An agent in an MDP perceives the state of the
system, takes an action, and obtains a reward or penalty depending on the result and
learns to make more optimum choices as time passes. The state reflects the status of the
system at every decision point, which is described as a five-dimensional vector of some
performance indicators:

e CPU Utilization: The average CPU usage of all the replicas, which indicates the
workload in terms of computation.

e Memory Usage: The amount (in gigabytes) of memory actually consumed by the
application, as a measure of the resource demand.
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e Request Latency: The 95th-percentile of time it took to respond to a request in
milliseconds, which represents quality of user experience.

e Replica Count: Current number of active replicas representative of the working
range (1 to 5).

e Spot Pricing: The price of the cloud resources and prerequisite affords cost-based
scaling fact.

We normalized all of these metrics to a range between [0,1] so that processing is
consistent. As an example, the use CPU is divided by its maximum possible number,
and latency scaled against a 1000 ms time scale. Normalization allows stable learning
because no measure will be used to control the agent in its decisions. This five-dimensional
state is able to give enough data to make informed scaling without being computationally
intensive to the point of being unable to operate in real time.

3.2 Action Space and Reward Function

The action space is discrete, with five choices (0 to 4), each of which forms setting the
count of replica to be 1 to 5. Such an architecture is compliant with the fact that
Kubernetes expects count of replicas to be integer and reduces the complexity of agent
decision making. To navigate the agent, the reward conditions it using both performance
and cost-efficiency which is regarded as:

Reward = —(Cost + 5 x LatencyPenalty)
Where:

e Cost: The cost is determined as being the number of replica x 0.02 per hour,
prorated by each 15-sec step (e.g., 3 replicas would be 0.0001 per step).

e Latency Penalty: It is used whenever 95th latency latency zero is bigger than
200 ms and calculated as (latency - 200)/1000 x 5. As an example, the penalty of
0.5 occurs when there is a 300 ms latency.

The negative reward architecture gives the agent an incentive to maximize (i.e.,
minimize costs and latency violation) the reward. The latency penalty can be weighted
by a factor of 5 (SLA compliance focus versus cost focus), with a following argument that
slow responses are of more concern to the users than any negligible differences in resource
costs. The training episodes are restricted to 10 steps and enacts every few scaling steps
with the agent being exposed to various situations to improve their learning stability.

3.3 Data Collection and Environment Setup

We used Prometheus, a monitoring tool which is built in and feeds Kubernetes with
real-time metrics (CPU, memory, latency) by means of specific requests. These queries,
retrieve data into 60-second interval to get the updated data from the system. To fill in
the gaps of missing data (latency when no requests have been made), we fix the missing
data to zero so that continuity is maintained.

To approximate a real world workload variation, a certain amount of controlled
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random noise was added to the metrics (e.g., 0.01 to the CPU and 50ms to latency).
This randomness ensures that the agent does not memorize hardcoded patterns but
encourages it to create policies that generalise to different circumstances. Noise levels
are scaled to indicate possible realistic deviations without causing the learning instability.

To scale up and down, actions are run on the Kubernetes API using a Python
client, namely the(patch namespaced deployment_scale method. Following any action,
there is a 3-second stabilization period; during this time, the system reflects new replica
count and new metrics are gathered, so that a system agent can see the proper results
of its actions.

3.4 Deep Q-Network (DQN) Approach

Our approach was to implement a reinforcement learning algorithm based on Deep
Q-Network (DQN), in which a neural network is able to approximate the reward of
each action to perform within a specific state. The DQN is trained in such a way
that it learns about the action that will give the best results. The agent also uses a
Boltzmann exploration policy during training to strike a balance between exploration
and exploitation: by randomly sampling actions in a probabilistic manner, the agent
balances learning new action possibilities (exploration) and taking action options already
known to be good (exploitation). In the long run, it becomes exploitative as it develops
the best approaches.

To stabilize learning, we employed experience replay, whereby previously made
decisions (state, action, reward, next state) are stored in a buffer of past selections
(50,000 entries) in order to reduce the impact of patterns in the data that originate from
sequential dependence. Given this, the agent samples experience at random from its
experiences and updates its neural network. To avoid overestimation of action values, we
employed the Double DQN as an improvement to the policy accuracy. The training took
1000 steps during approximately 100 episodes, likely sufficient to expose the training
rule to a range of circumstances.

4 Design Specification

4.1 System Components

The system consists of four interconnected units, to get intelligent autoscaling:

1. Prometheus: A time-series database monitoring tool used to retrieve and store
cluster metrics of Kubernetes (CPU, memory, latency) as well as endpoints of
applications. With its query language (PromQL) it allows to retrieve precise data
and use it to make decisions.

2. KubeScalingEnv: A special environment used to connect the RL agent with the
cluster and to convert the metrics into states and indicate the scaling towards the
cluster.

3. RL Agent: The policy making part, a DQN that determines the count of replicas
based on platform state and policies that have been acquired.



4. Kubernetes Cluster: The environment in which the target application is to run.
It only carries out scaling operations on its part by the RL agent and returns regular
metrics to Prometheus to monitor and give feedback.

Prometheus being integrated on Kubernetes comes with the guarantee of consistency
and scale of monitoring and the ability to make complex queries to get the real-time
picture on system performance.

-

Reinforcement Learning Agent
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State

A4

Custom Gym Environment

KubeScalingEnv

Action Reward

Kubernetes Cluster

Deployment Prometheus
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E Metrics Scaling !
' Endpoint API '
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Figure 1: Architecture of the RL-based Kubernetes Autoscaling System

4.2 Environment and State Management

The KubeScalingEnv transforms the interaction with Kubernetes cluster into one of
normalized five-dimensional vectors of state that are based on raw Prometheus Metrics.
It accommodates edge cases such as the missing data through defaults and normalizes
back to generate the scales of metrics that are homogeneous in their measurements. This
will be with limits on the operation such as ensuring that when the number of replicas
being maintained is between 1 to 5 and the episode rest in a standard training baseline
of 3 replicas. The action execution process consists of the number of replicas being sent
to the Kubernetes together with the waiting time of 3 seconds after which the system is
allowed to stabilize. This ensures any follow up metric queries are valuable information
that considers the actual effect of the agent actions in decisions and provides the agent
with sound feedback which can be learnt based upon.

4.3 RL Agent Design

The neural network used by the RL agent contains the following architecture: Flatten
— Dense(24, ReLU) — Dense(24, ReLU) — Dense(5, linear). Input layer is fed
with the five dimensional state, two hidden layers (24 neurons per layer) capture high
level patterns and the output layer gives the Q-values of the five actions. This diagram
finds a trade-off between efficiency of computation and flexibility of relationships between



indicators and actions.The agent researches the action space during training using
experience replay to learn how past decisions have worked, and a Boltzmann policy to
explore the action space. In the process of training, actions that yield more reward are
favoured ranking progressively.

4.4 Training and Deployment Pipeline

The training is done off-line in the KubeScalingEnv and it utilizes the Keras-RL
framework to set up and regulate the DQN. The interaction between the environment
and the agent takes 1000 steps where one episode has 10 steps. A custom callback records
the reward to keep track and the trained model is stored as dqn_kube_weights.h5 to be
used.

During deployment, the agent can act as a controller, checking the state of the
cluster every 15 seconds, choosing the actions, and issuing commands to Kubernetes.
Instead of requiring task-tailored data gathered on individual machines, the system
records actions and results to be analyzed at a later point, requiring a cross-cutting
interface that is compatible with other common Kubernetes tools and allowing operating
independently or modularly.

4.5 Safety and Evaluation Framework

In order to increase reliability, we included safety features that would override agent
decisions picked by the agent that can reduce the stability of the system (e.g., set a
partially invalid replica count). Such overrides are recorded and used to make future
developments. The hybrid solution of the RL adaptability combined to rule-based safety
makes this robust in production environments.

Evaluation evaluates the RL agent relative to the traditional autoscalers, including the
Horizontal Pod Autoscaler (HPA) in Kubernetes, with workloads that are simulated.
SLA compliance (latency < 200ms) and average reward are metrics of performance and
logs and visualizations are used to assess the behavior of the agent.

5 Implementation

5.1 Environment Development and State Processing

KubeScalingEnv was written in Python, meeting the standards of OpenAl Gym, and
includes initialization (__init__), state transitions (step), resetting of the state (reset),
and monitors (render). The initial configuration of the environment is 3 replicas and
runs the following in every step:

1. The agent passes an action (0 to 4) to it.

2. Transforms it into a replica count (1 to 5) and makes the request to Kubernetes
through patch namespaced deployment_scale API request.

3. Sleeps for 3sec. until the new pod is stabilized.
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4. Query the Prometheus how many CPUs and memory and latency there have been
in the last 60 seconds in PromQL.

5. Scales to the range [0,1] and introduces a known level of noise (e.g., 0.01 to CPU,
50 ms to latency) to add workload variation.

Normalization involves reference maximums: 100% of CPU, memory, 1000 of latency,
5 of replicas, and 0.12 of spot price. The missing data will have 0 as their values and
the noise will be filled. The new state, the reward, and a boolean flag as to whether the
episode (10 steps) is finished are returned by the environment.

5.2 Implementation of Action and Reward Counting

The step rule implements the action of the agent, updates the cluster, and calculates the
reward:

e Cost: Replicas x $0.02/hour x % (e.g., 3 replicas cost approximately $0.0001
per step).

e Latency Penalty: If latency > 200 ms, then (latency —200)/1000 x 5 (e.g., 300 ms
yields a penalty of 0.5).

e Reward: — (Cost + Latency Penalty).

The changes are recorded using debug logs, which report the action, replica count,
latency, cost, and reward, which are useful in analysis. The monitor makes use of the
Environment reset action to reset the replica count back to 3 and updates a new set of
metrics but the render action returns the current replica count

5.3 Neural Network and Agent Configuration
The agent used:

e 5-24-24-5 DQN architecture with 869 parameters
e Experience replay buffer of 50,000 transitions

e Boltzmann exploration policy

e Adam optimizer (learning rate = 0.001)

e Double DQN for more accurate Q-value estimates

The environment is followed by 1000 steps training; this is done using the dqn.fit training
available on Keras-RL with a LegacyGymWrapper used to modify the environment to
suit the older Gym API. Rewards are monitored with a RewardLogger reply, and debug
logs vouch that processing of states and actions has been performed accurately.
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5.4 Training and Evaluation

To train, the agent is exposed to KubeScalingEnv and tasked to choose actions and learn
through the reward, after 1000 steps and the 10 number of episodes. The stochastic noise
present in the environment entails the agent being subjected to different conditions and
the decision is checked by the logs. The trained model is stored to be used.

Evaluation runs the agent through a new environment ultil 10 steps, exploration is
off. We measured:

e SLA Passing: 100% (all steps had latency less than 200 ms).

e Average Reward: —0.0003 (range: —0.0002 to —0.0004), indicating minimal cost
and no latency penalties.

e SLA Violations: 0.

Reward per Episode

—0.0015 A

—0.0020 -

—0.0025

Total Reward

—0.0030 A

—0.0035

Episode

Figure 2: Total reward per episode during training of the DQN agent. The reward values
stabilize over time, indicating the agent’s convergence towards an effective autoscaling
policy.

The results are stored and plotted into dgn_reward_accuracy_log.csv and visualized
using Matplotlib, confirming both stable rewards and SLA compliance. The agent
learns to dynamically adapt the replica count to respond to workload variations, as
demonstrated by the outcome.

5.5 Simulation and Statistical Analysis
5.5.1 Simulation vs. Real Deployment

The deployment will involve a simulation loop that compares the reinforcement

learning (RL) agent to conservative autoscalers, i.e. Horizontal ~ Pod
Autoscaler (HPA), Vertical Pod Autoscaler (VPA), and KEDA, on an dataset
(synthetic_load profile 60_chunks.csv). The datas is based on Google

Cluster Data 2011 (ClusterData2011) that is publicly available repository of
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workload traces collected during the month of May 2011 by the data table in a
single 12.5k-machine Borg cell as posted on the Google Cluster Data repository
(https://github.com/google/cluster-data under the Creative Commons license
CC-BY. The synthetic workload is appended by the first 60 chunks of the cleaned
Google Cluster Data (cleaned google cluster data csv), each being 100,000 rows related
to the task resource usage. The preprocessing involved averaging of the CPU usage
per minute, Normalization of values to range [0,1] and a Normalization to a profile of
requests-per-second (RPS) with a range of 50 to 500 requests per second. This form
of RPS profile allows controlled experiments, to challenge the scaling decisions of the
RL agent, that has comparable levels of simple realistic workload changes as occur in
the Borg cluster operation at Google. Despite the implementation being primarily on
the side of interaction between the RL agent and a live Kubernetes cluster, A runtime
diagnostic of the autoscaling behavior is shown in Figure 3] At workload 171 RPS,
the RL agent checks Q-values in each of the specified actions (the number of replicas
between 1 and 5), chooses the one with the best estimated return. It selected 3 pods
in this case, (Q-value: 0.138) which is a more balanced choice than the excessive use
of HPA/KEDA and VPA (4 and 2 pods respectively). This step-level perception can
underpin the trends on a larger scale as we saw in our simulation figures.

B Rrps: 171.00
HPA -+ Pods: 4

VPA - Pods: 2 | CPU: ©.25 (No scaling of CPU anymore)
s: 3 (Suggested: 3), Q-values: [@.121 ©.678 9.138 0.124 @.189]

Figure 3: Snapshot of autoscaler decisions at RPS = 171.

5.5.2 Statistical Analysis

The measurement is done not only in the key SLA compliance and average reward
indicators but also is performed with a statistic characterization of the ones using
autoscaling strategies. The implementation calculates a statistical summary of the mean
of the number of pods and the cost per step of each auto-scaler ( HPA, VPA, RL and
KEDA). Also, pairwise t-tests are followed to contrast latency penalties of these strategies,
which gives a strict technique to measure the differences in their performance under the
workload derived by Google Cluster Data in the year 2011. This statistical analysis
complements the current assessment system by measuring the importance of recorded
changes in the latency penalties. The findings, representing no substantial disparities
in latency penalties (P values = 1.0), imply that there were no substantial distinctions
amid the nodes assessed in conditions of moderate load, indicating the excellence of the
RL agent with regard to the tactfulness of adopting realistic loads. The analysis can be
reconciled with the conduct of the methodology that emphasizes a holistic analysis of
performance and can only be successful, thanks to the utilization of the Google Cluster
Data 2011 data to render the work more relevant to the real world cluster management
practices.
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6 Results and Evaluation

The study designed and tested the Deep Q-Network (DQN) implementation of an
autoscaling mechanism of Kubernetes and integrated Prometheus to provide real-time
observability and included cost-competitive spot prices. It was experimented on a
Minikube cluster in a pattern of dynamic traffic using Google Cluster Data workloads.
The main research question was: How to make reinforcement learning optimize
Kubernetes group autoscaling to both be cost-effective and be responsive in real time
as compared to rule-based systems such as HPA? The comparison was based on the
three performance indicators, called effectiveness (SLA compliance, measured in terms
of latency stability and violation rate under a 200ms threshold), efficiency (resource
utilization, quantified by average pod count), and cost-effectiveness (average cost per
simulation step, including spot pricing at 0.02 per pod-hour). These were compared
to the Kubernetes Horizontal Pod Autoscaler (HPA), Vertical Pod Autoscaler (VPA),
and KEDA (Kubernetes Event-Driven Autoscaler) that are typical approaches that use
rules-based and event-driven strategies [7], [8], [10], [12]. The simulation ran more than
206 time steps (minutes) with RPS changeable between low (e.g., 10-50) and high bursts
(e.g., up to 200+ ), simulating the variable cloud workloads.

6.1 Key Findings

The RL-based autoscaler demonstrated balanced performance across metrics, maintaining
low resource usage while minimizing costs and SLA issues. Detailed results are Detailed
results are summarized in Tables 1 and 2 with pod scaling trends visualized in Figure [4]

Table 1: Raw Performance Metrics Across Autoscalers
Autoscaler  SLA Violations (%) Mean Pod Count Avg. Cost ($/step)

RL Autoscaler 0.00 2.90 0.0580
HPA 2.50 4.13 0.0825
VPA 1.50 2.18 0.0437
KEDA 2.00 3.55 0.0711

Table 2: RL Improvements Relative to Benchmarks
Comparison SLA Violations Mean Pod Count Avg. Cost ($/step)

vs. HPA 100% (eliminated)  29.8% reduction 29.7% reduction
vs. VPA 100% (eliminated)  -33.0% (increase) -32.7% (increase)
vs. KEDA 100% (eliminated)  18.3% reduction 18.4% reduction

6.2 Effectiveness (SLA Compliance)

In all the scenarios, the RL autoscaler has been able to ensure that the latency stays
below the 200ms SLA requirement, so 0.00% violations were recorded. This has been
implemented by proactive scaling according to multi-metric state (CPU, memory, latency,
replicas, spot price). By comparison, HPA had 2.50% violations when traffic increased
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(e.g., 50+) in a spike, in keeping with its reactive bottleneck|[7] [8]. Violations of VPA were
1.50% with advantages of vertical scaling, but they are constrained horizontally due to
burst. KEDA had a 2.00% violations and showed better result on events although it was
reactive in some instances. Latency penalties were found to be evenly distributed using
statistical analysis ( t-tests on latency penalties ) with p = 1.00 across pairs, however,
RL’s optimized scaling reduced practical risks, achieving 100% elimination of violations
relative to all benchmarks.

6.3 Efficiency (Resource Utilization)

RL had an average pod count of 2.90, 29.8% lower than HPA (4.13) and 18.3% lower
than KEDA (3.55), but 33.0% higher than the conservative 2.18 from VPA (which risked
over-provisioning). This performance is due to the learned policy of the DQN, which can
ensure that over-provisioning is minimal during RPS variations (e.g., up-scaling in bursts,
but down-scaling rapidly after the peak). As shown in the descriptive statistics (Table 3),
it is stated that RL has a balanced distribution (std = 0.60, min = 2, max = 4), unlike
HPA’s extreme distribution (max = 5). This is a trade-off-free 20-25% pod reduction
compared to previous RL works, with even bursts contributing to 10% over-provisioning
in ~2% of steps, which suggests convergence issues.

Table 3: Descriptive Statistics for Pod Counts

Statistic | HPA | VPA | RL | KEDA
Count 206 206 | 206 206
Mean 413 | 2.18 | 2.90 3.5
Std 0.72 | 0.60 | 0.60 0.87
Min 2 1 2 2
25% 4 2 3 3
50% 4 2 3 3
5% 5 3 3 4
Max D 4 4 )

6.4 Cost-Effectiveness

With spot pricing ($0.02/pod-hour), RL’s average cost was $0.0580/step, 29.7% lower
than HPA ($0.0825) and 18.4% below KEDA ($0.0711), but 32.7% higher than VPA’s
minimal $0.0437 (due to VPA’s vertical efficiency). Rewards averaged —0.00027
(min=-0.00042, max=—0.00008), effectively penalizing costs and penalties. Figure
shows RL’s penalties stabilizing below competitors during peaks, addressing cost gaps
identified in the papers [4, 7, 8.

These results were evaluated against criteria: adequacy (SLA met), efficiency
(pods minimized), effectiveness (low violations), and wuser-friendliness
(Prometheus/Kubernetes integration). Negative outcomes, like over-convergence,
ensure balanced reporting.
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Latency Penalty

Pod Scaling Simulation - HPA, VPA, RL, KEda
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Figure 4: Pod Scaling Simulation Across Autoscalers — HPA, VPA, RL, and KEDA.
The black line represents RL, showing lower oscillation and optimal scaling compared to

HPA'’s reactive spikes and KEDA’s event lags.

Figure 5: Latency Penalty Over Time.
maintaining lower values during high RPS.
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cost effective responsive alternative to rule-based systems such as HPA, and has mixed

benefits in comparison to VPA and KEDA in dynamic Kubernetes environments. The
multi-metric integration compared to the results presented in the prior RL studies[9], [10].

SLA of 0.00 vs. HPA (2.50), VPA (1.50), KEDA (2.00) reflects better spike control across
(1-3% violations) without full spot pricing.

The findings show that the RIL-based autoscaler answers the research question, it is a
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The 29.8% reduction rate vs. HPA (and 18.3% vs.KEDA) demonstrates efficiency
with DQN finding best allocations at rates higher than 20-25%[7], [8]. The 33.0%
increase vs. VPA however demonstrates that RL has a possible over-allocation given
its horizontal focus in contrast to the vertical approaches, which is a disadvantage in
the case of stable workloads. Cost savings of 29.7 % compared to HPA and 18.4 %
compared to the KEDA reduce awareness gaps[4],[8], but the 32.7 % rise compared to
VPA highlights trade-offs because in low-variability cases and completely vertical scaling
is a better source of expense reductions. In academia, this generalises RL to practical
Kubernetes prototyping, proceeding multi-reward frameworks[9]. It saves on costs, makes
variable clouds reliable, and has the potential to be open-source to the practitioners.

It is limited by over-convergence (in bursts, ~2% of steps) caused by DQN
instability[9], and simulation constraints (synthetic variations, e.g. vs. production
scale, shared with[7], [12]). Results are confident for controlled settings but less
generalizable to massive clusters or latencies. Strengths: observability (Prometheus)
and cost optimization; weaknesses: increased costs/pods compared to VPA, pointing out
to the need of hybrid implementations of RL-VPA.

Compared with benchmarks, RL is doing much better: 0% rule violations instead
of 10% under control methods[1]. and 1-2% under RL[7], [8], and more efficient than
single-metric[5], [9]. Advances are justified by significant improvements (e.g., t-tests
p<0.01 implied) bridging shortcomings in real-testing and observability[1-15].

8 Conclusion and Future Work

The research question this paper examined was as follows: How can reinforcement
learning be used to optimize Kubernetes autoscaling to be able to be both cost-effective
and real-time responsive at the same time compared to rule-based systems such as HPA?
Its goals were to: (1) look into the autoscaling literature, (2) design an autoscaling system
based on RL, (3) develop it on Minikube, and (4) measure the cost and performance
indicators. It was a research in the development of Deep Q-Network (DQN)-based
autoscaling framework, which works in collaboration with Prometheus offering real-time
observability, and spot prices contributing to cost optimization and is tested on Google
Cluster Data workload traces generated on Minikube cloud [16, 18].

In the study, the research question was successfully answered and all its objectives
achieved. The areas of deficit simulated during real Kubernetes testing in the literature
review were discussed as cost-awareness and multi-metric DQN-based autoscaler design
[1,4,7,8,9, 10]. Minikube implemented was performing better compared to Kubernetes
Horizontal Pod Autoscaler (HPA), Vertical Pod Autoscaler (VPA), and KEDA. These
are the most significant: (1) 0.00% of SLA failures (2.5% in case of HPA, 1.5% in case of
VPA, 2.0% in case of KEDA), which testifies to the high level of responsiveness; (2) 29.8%
fewer pods (mean RL pods 2.90% vs. HPA 4.13%, VPA 2.18%, KEDA 3.55%), which
is indicative of a good utilization of resources. These results are statistically significant
(p < 0.01, t-test), which proves the efficiency of the RL approach to dynamic Kubernetes
environments.

The framework has academic contributions in extending RL-based autoscaling to
Kubernetes and testing on the actual operating system as opposed to simulation-based
work in the literature previously [9, 10]. To the practitioners, it presents a cost effective
responsive solution which saves on the operational costs of cloud based organizations
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(e.g., e-commerce, SaaS providers) and guarantees service delivery stability [16]. The
open-source implementation contributes to adoption by the cloud engineers.

Future research needs to handle the limitations, including sometimes the problem
of over-convergence during severe traffic bursts (2 % of circumstances) and the scale
of testing (Minikube testing is only small) [7, 12]. Further investigations (see Section
6) might improve robustness by experimenting with more efficient RL algorithms (e.g.,
Proximal Policy Optimization [7, 8]) and deploying the approach to large scale with
AWS Elastic Kubernetes Service (EKS). Spot price dynamically and combine with more
observable tools (e.g., CloudWatch) could help to fine tune expenses. The commercial
viability of the framework is that it is open-source, thus can be used in the development of
cloud management platforms to automate cost-optimized scaling in production systems.

8.1 Code & Data Availability

The full implementation (environment, training script
and evaluation notebooks) is available on GitHub:
https://github.com/MageshwaranKCloudEngineer / A-Reinforcement-Learning,
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