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An AI-Based Auto-Scaling Mechanism for Efficient 

Cloud Resource Management Using AWS 

SageMaker and S3 
 

Brijesh Makwana  

x23220335  
 

 

Abstract 

The study creates an auto-scaling performance in the cloud environment based on 

the techniques of Deep Reinforcement Learning (DRL) on AWS SageMaker and 

S3. In contrast to threshold-based scaling, the proposed method utilizes Proximal 

Policy Optimization (PPO) and Asynchronous Advantage Actor-Critic (A3C) 

algorithms, which are trained in a self-designed OpenAI Gym simulation of 

workloads. The models are deployed as SageMaker endpoints to make real-time 

scaling decisions by using live system metrics. In experiments, the solution 

minimized over- and under-provisioning, optimized resource utilization, and 

ensured SLA compliance in the face of varying loads. The resilience is proven by 

fault injection tests, which prove the practicality of DRL in adaptive and cost-

effective cloud resource management. 

Keywords: Deep Reinforcement Learning, Cloud Auto-Scaling, Proximal 

Policy Optimization (PPO), Asynchronous Advantage Actor-Critic (A3C), AWS 

SageMaker, Amazon S3, OpenAI Gym, Intelligent Resource Management, 

Real-Time Inference, Cloud Computing. 
 

1 Introduction 
 

1.1 Background and Context 

The concept of cloud computing has far-reaching implications for the way organizations 

build and manage their digital infrastructure. The cloud platforms have provided businesses 

with the capability of delivering applications within a short time and adapting to changing 

demands flexibly with their pay-as-you-go capability and virtually unlimited scalability. 

Auto-scaling in cloud-based environments is one of the major characteristics that 

dynamically adapts computing resources in real time as per the variations in workload. Auto-

scaling has traditionally been applied in a rule-based, static way, by CPU threshold alarms or 

a time-based schedule. These methods are simple but not flexible, and they are not able to 

manage unpredictable or highly variable workloads, which usually leads to wastage of 

resources or even leads to degradation of performance (Joshi et al. 2024). The application of 

artificial intelligence processing, especially deep reinforcement learning (DRL), has become 

widespread because, in this way, it is possible to address these shortcomings.  
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1.2 Problem Statement 

Real-time updates are a crucial issue when it comes to the management of cloud resources, 

particularly in a scenario where workloads are quite dynamic and unpredictable. 

Conventional methods of auto-scaling use fixed thresholds or fixed rules that are not very 

responsive to a sudden increase or decrease in resource demand. The effects of these 

techniques are usually over-provisioning, which increases the cost of operation, or under-

provisioning, which lowers the performance of the application. Most auto-scaling solutions 

based on AI are non-viable in production-grade cloud systems due to either being limited to a 

simulation state or requiring the user to manually deploy these AI-based solutions and then 

fine-tune them (Xue et al. 2022). Ongoing systems are usually incapable of being integrated 

with cloud-native services, real-time feedback processes, and continuous learning and 

adapting processes based on live information. This restricts their applicability to the real-

world cloud operations where scalability, reliability, and automation are essential. The need 

for a fully automated auto-scaling mechanism is increasingly becoming important as more 

organizations adopt the cloud (Tsakalidou et al. 2021).  

1.3 Research Aim and Objectives 

Aim 

The primary aim of this research is to develop a novel, AI-driven auto-scaling mechanism 

using AWS SageMaker and Amazon S3 that can intelligently manage cloud resources based 

on workload variations and performance metrics. 

Objectives 

● Designing and training a deep reinforcement learning model using historical or 

synthetic workload data stored in S3. 

● Integrating real-time CloudWatch metrics into the training and inference pipeline. 

● Deploying the trained model as a SageMaker endpoint to make real-time scaling 

decisions. 

● Comparing the solution with traditional rule-based and prior AI-based approaches.     

1.4 Research Questions 

Q1: How can deep reinforcement learning be applied to develop a scalable and real-time 

cloud auto-scaling mechanism using AWS SageMaker and S3? 

Q2: Can the proposed DRL-based auto-scaling model outperform rule-based and DQN-based 

methods in terms of scalability, cost-efficiency, and SLA compliance? 

Q3: Does the proposed solution reduce under- or over-provisioning during unpredictable 

workload spikes compared to previous RL-based models? 

Q4: What are the trade-offs between response time, cloud resource consumption, and 

operational cost when comparing the proposed PPO/A3C-based model with existing auto-

scaling solutions? 

1.5 Justification and Significance of the Study 

Due to the increase in the use of cloud infrastructure, resource optimization is necessary to 

ensure that the performance does not decrease as operational costs move downward. 

Threshold-based or schedule-based traditional auto-scaling methods tend to be challenged in 

reacting quickly to unpredictable workload behaviour. Such limitations may lead to resource 

wastage, a rise in cost, or poor user experiences. Whereas a body of research has sought to 
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understand reinforcement learning as a means of enhancing auto-scaling, most of these 

solutions have not been designed to interact with broader-based cloud-native features, and 

thus are hard to implement in operational settings. This paper is set to address that gap by 

developing a smart, fully managed auto-scaling system with the help of AWS services like 

SageMaker, S3, and CloudWatch (Syed et al. 2024). Through the implementation of 

powerful reinforcement learning algorithms such as PPO and A3C, the system can make real-

time, data-driven decisions.  

1.6 Structure of the Dissertation 

Chapter 1 – Introduction outlines the research background, problem statement, aims, 

objectives, and research questions. 

Chapter 2 – Literature Review critically evaluates existing research on reinforcement 

learning-based auto-scaling, identifying gaps this study addresses. 

Chapter 3 – Research Methodology explains the research design, tools, data sources, and 

rationale for using a PPO/A3C approach on AWS SageMaker. 

Chapter 4 – Design Specification details the technical setup, including environment 

configuration, custom Gym integration, and model training pipeline. 

Chapter 5 – Implementation presents experimental outcomes, endpoint testing, fault injection 

recovery, and comparisons with prior studies. 

Chapter 6 – Evaluation interprets the findings, linking back to research questions and 

highlighting key contributions. 

Chapter 7 – Conclusion and Future Work summarises the research, addresses limitations, and 

recommends directions for further development in intelligent cloud auto-scaling. 

1.7 Contribution of This Chapter to the Research 

This chapter has provided a solid groundwork on where to proceed with the research, as the 

necessity and motivation of the topic are well defined, including why a reinforcement-

learning-based intelligent, automated cloud auto-scaling system is needed. It does suggest the 

areas of improvement to the traditional rule-based approaches and hence guides the research 

process to more adaptive, cost-effective, and performance-based solutions. Formulation of 

the problem statement, research aim, objectives, and guiding questions explicitly formulates 

the answer that will enable the study to be focused and the targets to be measured. In 

addition, the focus on cloud-native (AWS SageMaker, Amazon S3) integration gives a real 

way of creating a scalable solution, ready to roll into production. This specificity of focus and 

technological orientation allows the research to go smoothly, with each following chapter 

being based on a clear-cut strategic plan. On the whole, this section makes the study not just 

theoretically valid but also placed in such a way that it is adapted to application in practice 

and its valuable contribution. 
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2 Literature Survey 
 

2.1 Introduction to Cloud Auto-Scaling 

Cloud auto-scaling enables constant adaptation of computing resources according to the 

current workload situations as an essential feature of modern elastic computing systems. The 

most popular cloud services, such as AWS, Microsoft Azure, and Google Cloud, offer such 

auto-scaling features to provide a compromise between the performance of a system and its 

operational cost. The mechanisms work by relying on measurements like CPU usage or 

network traffic to make decisions on adding or removing the virtual machines (VMs). Most 

conventional methods are, however, based on the use of static thresholds, which are not good 

when run with highly variable or unpredictable workloads.  

2.2 Summary of Reviewed Studies 

A comparative analysis of key modern works that reveal the ideas and approaches of 

reinforcement learning and machine learning in the case of cloud-based auto-scaling. Both 

studies bring something new to the developing situation in the sphere of intelligent cloud 

infrastructure management. A case in point is the foundational survey conducted by Joshi et 

al. (2024) in relation to the development and implementation of RL in the cloud. In their 

paper, Xue et al. (2022) explore the idea of meta-reinforcement learning in which the cross-

environment generalization is identified as well. Schuler et al. (2021) discuss RL in serverless 

settings, a new area, and Syed and Anazagasty (2024) concentrate on real-time AI-based 

infrastructure. Tsakalidou et al. (2021) add in a general discussion of ML techniques, and 

Alharthi et al. (2024) point out some recent struggles in auto-scaling. The curated review 

highlights an emerging consensus that the conventional scaling techniques are restrictive, and 

it identifies the intelligently driven strategies based on RL as the pathway to efficient and 

autonomous management of cloud resources. 

2.3 Evolution Toward Predictive and Intelligent Scaling 

Predictive models that took advantage of workload history and time-series forecasting, in 

addition to machine-learning approaches, have been formulated to address the shortcomings 

of reactive auto-scaling techniques. Examples of such models are the ARIMA, decision trees, 

or linear regression algorithms to forecast future resource requirements and initiate scaling 

activities before they occur. According to Jayaprakasam et al.2025, predictive scaling is more 

effective in scenarios where there exists consistently periodic traffic and has the advantage of 

being able to assign resources and manage costs more easily (Schuler et al. 2021). 

Nevertheless, the models can typically perform poorly in situations where the workloads are 

uneven or very volatile, including working on user behavior or IoT-based workloads. 

2.4 Deep Reinforcement Learning (DRL) in Auto-Scaling 

DRL augments the classic reinforcement learning with deep neural networks to operate in 

large multidimensional state spaces, hence applicable in real events, such as in cloud auto-

scaling. Adaptive resource management approaches have been learned in live performance 

using models, such as DQN, PPO, and A3C. Important research in this direction showed how 

the DQN and D3QN models could be used to scale GeoServer cases on AWS, relying on the 

CloudWatch indicators to make the scaling decisions. The outcomes indicated that D3QN 

performed better than DQN and rule-based methods within confined environments (Syed et 
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al. 2024). There were a couple of downsides to the implementation, though, the most notable 

being manual-only training and deployment, a lack of managed machine learning capabilities 

like SageMaker, and a lack of an interface with real-time cost tracking and model retraining 

pipelines (Agarwal et al.,2025).  

2.5 AWS SageMaker and S3 for RL Workloads 

AWS SageMaker is a fully managed service that enables customers to build, train, deploy, 

and monitor machine learning models, and represents a good choice in cloud environments, 

depending on reinforcement learning applications. It enables the management of large 

datasets and intricate models, and allows for the efficiency of complex models, scalable 

infrastructure, and containerized workflows. SageMaker endpoints allow real-time inference 

and can make scaling decisions based on real-time metrics (Khan and RS,2025). Amazon S3 

works in tandem with it because it can be used as a powerful, scalable storage system 

containing sets of data, training logs, and model artifacts to provide reproducibility and 

version management (Tsakalidou et al. 2021). The ease of SageMaker to work with other 

AWS systems helps to monitor the service in real time, track costs, and make adjustments to 

resource provisioning automatically( Jazayeri et al.2023). 

2.6 Modern DRL Algorithms: PPO and A3C 

The recent generation of DRL models like PPO and A3C has since been found to be better 

alternatives to the previous generations like DQN due to their performance, stability, and 

speed of convergence. PPO or Proximal Policy Optimization involves refining policy updates 

carefully to avoid any abrupt changes, which may disorient the training. Asynchronous 

Advantage Actor-Critic (A3C) increases the efficiency of the learning process because it uses 

several agent-to-environment interactions in parallel and accelerates training, enhancing 

robustness (Del Rio et al. 2024). The complex continuous control algorithm can be 

effectively used on problems like cloud resource scaling, where the decision needs to 

consider numerous goals created by trade-offs, e.g., minimise costs and maximise 

performance.  

2.7 Literature Gap and Contribution of This Study 

Although the use of reinforcement learning in cloud auto-scaling is getting traction, the 

available literature pays little to no attention to establishing feasibility in practice. Most 

models do not use fully managed services such as AWS SageMaker or Amazon S3, and thus 

are very hard to scale and deploy in production because they are only trained and tested in 

isolated environments. Previous solutions, especially the ones with a DQN background, are 

also not cost-effective and flexible to component dynamic loads. Moreover, there is very little 

research that uses practices like model retraining, version control, or automated evaluation 

pipelines. This study fills this research gap by presenting a cloud-native DRL framework on 

top of AWS SageMaker and S3.  
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3. Research Methodology 

3.1 Introduction 

In this chapter, the process to be used in designing, developing, training, deploying, and 

evaluating a new AI-based auto-scaling mechanism via AWS SageMaker and Amazon S3 is 

outlined. This study aims to solve the shortcomings of the existing traditional as well as 

partially intelligent auto-scaling solutions by designing a cloud-native, fully automated 

system, which uses DRL as a means of making real-time, cost-sensitive auto-scaling 

decisions. The methodology is based on an applied research design, which implies both 

practicable execution and the implementation of the real AWS services rather than the 

implementation in a simulation environment. In it, the chapter describes the research design, 

system architecture, generation, and preprocessing of the dataset, development of the model 

through DRL algorithms, like PPO and A3C, and deployment of the trained model through 

SageMaker endpoints. It also states what the evaluation measures will be used in 

benchmarking the performance against traditional and prior RL-based approaches. The 

approach is supposed to guarantee extensibility, discoverability, and usability in dynamic 

cloud landscapes. 

3.2 Research Design 
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Figure 3.1: Research Design 

 

The proposed research would be characterized by the application of the study method of 

applied research since it would be driven by the practical approach and assessment of an AI-

based auto-scaling mechanism at an actual cloud setting. The presented experimental design 

considers the implementation of the AWS infrastructure environment (SageMaker, S3, and 

CloudWatch) to develop, educate, execute, and handle a DRL model to optimize cloud 

resource management. The study is iterative, consisting of the following stages: environment 

creation, the collection of the data, model training, its deployment, and measuring the 

performance. The historical dataset of workload is stored in Amazon S3, and the DRL model 

is trained with SageMaker, which also provides some algorithms to train the model, like PPO 

and A3C. The trained model will finally be placed as a working endpoint to process in a real-

time setting by managing metrics through AWS CloudWatch (Gallardo et al.,2023). This 

configuration allows measuring auto-scaling decisions in dynamic environments, which 

makes it possible to make a comparative analysis with the classical scaling techniques. It is 

designed to be applicable in real-time, scalable, and integrable to contemporary MLOps 

pipelines. 

3.3 System Architecture Overview 

 

Figure 3.2: System Architecture Overview 

The presented system architecture is a cloud-native pipeline aimed at training, deploying, and 

testing a DRL model for achieving smart auto-scaling. In essence, the DRL model is 
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established through the AWS SageMaker and trained in the process(Oladele,2025). Amazon 

S3 is the main data storage tier, where the historical or artificial workload data and the model 

artifacts will be stored, as well as the logs. SageMaker loads and downloads data into and out 

of S3, and to train or evaluate DRL algorithms like PPO and A3C, SageMaker can train with 

built-in containers or containers the user provided (e.g., Ray RLlib). The model is pushed as a 

real-time inference endpoint once training finishes on SageMaker. AWS integration resulted 

in the continuous collection of metric data like CPU usage, latency, and request rates, and 

passing them to the SageMaker endpoint. The model recommends scaling actions based on 

this input: the actions are recorded and can be passed to EC2 policies to auto-scale. The 

pipeline is modular, self-automating, and was designed to scale, repeat, and be cost-effective. 

3.4 Dataset and Preprocessing 

The datasets utilized by this study are two CSV files, namely 

cloud_resource_management_dataset 1.csv and cloud_resource_management_dataset 2.csv. 

These datasets are produced by simulating real-life cloud workload and cover time-series data 

on CPU and memory utilization, network I/O throughput, and the number and latency of 

requests. Every record is a snapshot of the demand for resources under differing load 

situations taken at a given interval. The data sets were loaded and maintained in Amazon S3, 

which allows scalable and trusted access during regulation. Preprocessing included 

imputation or other candling of missing or otherwise inconsistent values, normalization 

(usually to a range between 0 and 1) of numerical features, and feature engineering of 

appropriate features, such as moving averages, spikes in workload, among others. The 

information was subsequently divided into training and validation data. The processed dataset 

was put back in S3 to be directly ingested by SageMaker at the training phase of the DRL. 

This step was done to support the consistency and reproducibility of data over training 

iterations and model deployments. 

3.5 Model Development 

The model development stage is dedicated to the implementation of Proximal Policy 

Optimization (PPO) and Asynchronous Advantage Actor-Critic (A3C) algorithms, as they are 

the most stable and converge fast, as well as being able to solve continuous control problems. 

Such DRL models would be very reliable in dynamic, non-linear cloud systems where 

unpredictable workloads lurk behind. The reward function was well-developed to meet the 

major aims equidistant among the minimum cost of operation, the minimal latency, and the 

service-level agreement (SLA) compliance. Maintenance of performances under the cost 

thresholds was rewarded positively, whereas stiff penalties were imposed in cases where SLA 

was violated, over-provisioning, and latency. The training was carried out in AWS 

SageMaker with Ray RLlib in a container of our own. This enabled parallel and scalable 

training across multiple instances. Preprocessed datasets of the models were stored in S3, and 

training logs, checkpoints, and performance metrics were continuously saved to make the 

models traceable. This configuration allowed the reproduction of experiments and 

hyperparameter search. 
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3.6 Deployment and Inference Setup 

Upon successful training, the reinforcement learning model is to be used as a SageMaker 

real-time inference endpoint. This endpoint can enable the simulated trained PPO or A3C 

model to accept live input data and provide auto-scaling decisions with low latency. The 

process of deployment involves packaging the trained model, setting the endpoint instance 

type, and activating logging to monitor the performance of inferences. The AWS 

CloudWatch is embedded into the installation that accurately captures real-time 

measurements in terms of CPU usage, latency, memory, and request number on the operating 

cloud instances. These metrics are projected to a client application or a simulation agent that 

questions the SageMaker endpoint. The endpoint takes an input of the data and outputs a 

scaling action, i.e., to increase or decrease the number of EC2 instances, which it logs to be 

evaluated or executed in an automation script. This framework entails a real-world adaptive, 

cost-efficient, and production-ready auto-scale system for real clouds. 

3.7 Evaluation Metrics 

In order to measure the gain of the proposed auto-scaling mechanism, four evaluation metrics 

are stated. The SLA violation rate is the measure of how consistently the system operates 

within the prescribed performance limits, e.g., time response limits. Response time is a 

measure of (the average) time lag of user requests that is realized in the handling of requests. 

Cost optimization studies the efficiency of resource utilization by considering the least usage 

cost without compromising on performance. Resource utilization monitors the efficiency of 

the allocation of resources such as CPU, memory, and others over time. In combination, these 

measurements give an overall picture of the system reliability, efficiency, and scalability 

against changing workload scenarios. 

3.8 Tools and Technologies Used 

A variety of cloud-native tools, as well as machine learning frameworks, are applied in this 

project. The central tool of AWS SageMaker finds core use as a platform to train, deploy, and 

also make real-time inferences. Model artifacts and logs are stored in Amazon S3, and 

datasets are stored there as well. Monitoring with AWS CloudWatch retrieves the system 

metrics, such as CPU utilization and latency, and allows monitoring in real-time. Ray RLlib 

contains scalable implementations of DRL, such as PPO and A3C, and those are integrated 

into SageMaker through custom containers. Python is the main programming language to use 

in data preprocessing, model development, and deployment scripts. Other tools are the Boto3 

SDK, which offers AWS service automation, and Jupyter Notebooks, which track 

experimentation. 

3.9 Contribution of the Methodology to the Research 

The chapter is a contribution to this scholar as it maps out an interesting and replicable 

methodology of developing and testing an AI-based auto-scaling cloud resource management 

system. Using an applied experimental design and utilizing AWS native services, including 

SageMaker, S3, and CloudWatch, ensures that the solution is production-ready and originates 
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in the cloud. The architecture presented here shows the full data pipeline--storage in S3, 

model training in SageMaker, deployment of a real-time inference endpoint--allowing models 

built in this way to be deployed into dynamic environments. The state-of-the-art is improved 

through the introduction of modern DRL algorithms to the technology currently used in the 

state-of-the-art, such as PPO and A3C, being trained in scalable managed environments 

implemented using Ray RLlib. Real-world impact is measured through performance 

evaluation criteria such as SLA breaches, time response, and cost optimization by aligning 

them with the objectives of the research. Responsible use of AI is incorporated by having 

ethical considerations embedded in it. In general, this approach enhances the research since it 

combines intelligent models of learning and resilient cloud infrastructure to obtain scalable, 

automated, and inexpensive cloud resource management. 

 

4. Design Specification 
 

4.1 System Overview 

The proposed system aims at dynamically managing cloud resources, as all of the cloud 

resources will be managed using reinforcement learning (RL) to achieve better performance 

and minimize cost. Conventional auto-scaling modes are based on fixed rules and limits, 

which tend to create ineffective allocation of resources. In this project, this kind of fixed 

strategy is replaced by an intelligent agent that learns the best scaling policies in a simulated 

world via trial and error. This system consists of three major segments: the RL training 

framework, a bespoke environment that simulates real-world cloud conditions, and the 

development of an interface to deploy the system live on AWS SageMaker to enable real-

time inference (Raza,2023). The architecture is modular, scalable, and easily reusable with 

the current cloud platforms. 

4.2 Custom Environment Design 

A custom environment that incorporates Gym was used to recreate the realistic cloud 

environment. This is an environment that produces synthetic observations synthesizing 

system measures, including CPU utilization, the percentage used in the memory, and the flow 

or network traffic in the form of normalization between 0 and 1. The action space of the agent 

is discrete and takes the values of scale-in, scale-out, or do nothing. All the actions that tend 

to preserve optimal amounts of resources are rewarded, and those that lead to over-

provisioning or under-provisioning are punished (Joshi et al. 2024). Through the exposure of 

the agent to an assortment of circumstances within the training process, the environment 

creates generalization and strong conditions when it comes to decision-making. This 

architecture can be extended in the future, e.g., to introduce measures of reality or multi-agent 

coordination. 

4.3 Model Configuration and Architecture 

The agent follows Proximal Policy Optimization (PPO), one of the new policy-gradient 

algorithms that is both stable and can achieve efficient convergence. The choice of PPO was 

based on its equilibrium between exploration and exploitation, which suggests that it could be 

applied in a non-deterministic environment such as a cloud workload. Ray RLlib was utilized 

as the back end to construct the model with PyTorch. It possesses a multi-layer perceptron 
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(MLP) policy network consisting of two hidden layers, which include 128 neurons each, and 

have ReLU activations (Xue et al. 2022). Training of the algorithm minimizes the number of 

episodes, and hyperparameters are optimized on the learning rate, batch size, and reward 

discounting. The checkpoints are periodically saved so they can be restored and 

examined(Gudelli et al.2023). 

4.4 Deployment and Integration 

 

Figure 4.1: Deployment and Integration 

(Source: Acquired from AWS Cloudwatch) 

The deployed model is in the form of a SageMaker endpoint, which is exported once training 

is complete and can be used in real-time. The process of deployment requires bundling of the 

trained model objects, deploying them using a custom inference script (inference.py), and 

registering the environment. Observations (as well as the endpoint) are in the JSON format, 

and the endpoint returns the action chosen by the agent. This configuration is analogous to a 

production system, since the workload input measures are then input into the model to make 

smart scaling decisions (Xue et al. 2022). Connection to cloud monitoring (e.g., AWS 

CloudWatch) can be implemented, which will allow auto-collection of data and constant 

feedback. The design will allow the system to be operated with low human interaction, yet 

with a high level of performance. 

 

5. Implementation 

5.1 Environment Setup and Dependencies 

AWS SageMaker was utilized to conduct the implementation of the project by using it to 

train the model and deploy it, whereas development and testing occurred locally in Jupyter 

Notebook. The main dependencies were ray=2.9.3 used to do reinforcement learning, 

torch=2.0.1 to do computations on neural networks, gymnasium=0.28.1 to simulate 

environments, and dm_tree to access nested data structures in RLlib. These were 

dependencies that were provided in a requirements.txt file to be able to train with SageMaker. 
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The dependencies were automatically installed in the training container by SageMaker, which 

allows carrying out and integrating the custom environment and model training pipeline 

without any hassle. 

5.2 Defining the Custom Environment 

An environment compatible with Gym was developed to model scenarios involving cloud 

resource scaling, which is called CloudAutoScaleEnv. In this environment, the observation 

space was continuous with 5 dimensions, and the action space was discrete, consisting of 

three actions (i.e., scaling decisions: to downscale, keep as it is, and upscale). The reset 

function initialised the environment by returning a random observation, and the step function 

performed a calculation of a reward depending on the action performed, simulating the cost-

performance trade-off. It enabled reinforcement learning agents to acquire policies to 

optimally allocate resources to the changing workload conditions aligned with real-world 

behaviors of cloud infrastructure. 

5.3 Model Configuration and Training 

Ray RLlib in the PPO/A3C algorithm was used to configure the reinforcement learning 

model because it is stable and highly performing. The setup process included registering the 

custom environment and choosing PyTorch as the framework for deep learning. Training was 

run with 10 iterations, and the model developed its policy to overcome the optimum reward 

by learning effective scaling decisions. The loop algo.train() gathered performance measures 

iteration after iteration. Once trained, the model was cached locally and subsequently pushed 

to S3 Amazon, where it achieved persistence and was deployed to Amazon SageMaker to be 

used as an inference tool (Murthy et al.,2024). 

5.4 SageMaker Training Job Configuration 

The training process was not only managed efficiently, but it was also done in a scalable way 

with the help of Amazon SageMaker. A PyTorch estimator was set up with entry point: 

train_rl_model.py and a source dir having the required training script and dependencies. The 

training job has been launched on an ML M5.m5.large instance and lasted up to 1 hour. The 

estimator managed the upload of the training script, activated the instance, performed the 

training, and saved the trained model in an S3 bucket. The effective accomplishment made 

the training workflow on reinforcement learning reproducible and cloud-scalable. 

5.5 Model Deployment to SageMaker Endpoint 

When the training was successful, the RL model was saved as a checkpoint 

(algorithm_state.pkl) in the cloudpickle format in the location 

/opt/ml/model/ppo_trained_model/ with Ray. The model was subsequently rolled out on the 

SageMaker endpoint called rl-autoscaling-endpoint to perform inference. This deployment 

leveraged the heavy use of a tailored inference script that loaded the checkpoint, patched up 

the PPO algorithm, and responded to prediction requests. The endpoint allows real-time 

decision-making of action based on the observations in the cloud environment. The 

deployment metadata consists of the ray version 2.9.3 and checkpoint version 1.1, and the 

type Algorithm, ensuring that Sagemaker will run that model in the Ray, and the Ray host is 

compatible. 
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5.6 Endpoint Testing and Validation 

After deploying the model to the rl-autoscaling-endpoint, it was put to the test with synthetic 

observation data that was similar to that of cloud workloads. The endpoint accepted requests 

in JSON and responded with the scaling action that is recommended. The sample observation 

array employed in the test was used to justify the model in the test elements of inference and 

response. The predictions were, as one would expect, that a person would do in that the 

model preferred balanced actions on moderate workloads. This provided evidence of the 

successful coupling of training and inference workflows and assures that the endpoint is 

active, responsive, and can be deployed into a larger auto-scaling pattern. 

5.7 Error Handling and Troubleshooting 

Some of the mistakes that were made during development were tensions with the gymnasium 

API and missing requirements, such as the tree. They were overcome with the help of 

updating import statements (e.g., import gymnasium as gym) and adding all necessary 

packages to the requirements.txt file. Incorrect configuration of the environment and the 

usage of unsupported legacy APIs also caused the failure of SageMaker training jobs. We 

debugged each of the errors step by step by looking at logs, updating environment 

specifications, and comparing them to the latest standards of Ray RLlib. This sua sponte 

troubleshooting stabilized as well as made reproducible the training and deployment of the 

reinforcement learning workflow. 

 

6. Evaluation 

6.1 Experiment 1: Evaluating Training Performance of PPO/A3C Model 
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Figure 6.1: Evaluating Training Performance of PPO/A3C Model 

(Source: AWS Sagemaker) 

The purpose of the first experiment was to evaluate the training effectiveness and 

convergence of the Proximal Policy Optimization (PPO) algorithm in the specified 

environment, CloudAutoScaleEnv. The training was done with Ray RLlib and ml.m5.large as 

the instance type and 10 iterations. At every iteration, learning patterns were observed by 

monitoring metrics, including average episode reward, loss, and entropy. Regarding the 

training logs, it was evident that the values of rewards improved consistently in subsequent 

episodes, which evidenced that the policy-learning agent was effectively acquiring an optimal 

policy regarding resource scaling behavior. The PPO model had steady convergent behaviour 

and did not violently fluctuate, and this is a good sign of training progress. Moreover, the 

training took 285 seconds, thereby being not only cost-effective but also computable within 

the scope of the stipulated resources. The model was saved locally within the directory 

structure in ppo_trained_model/, and after training, it was auto-uploaded to S3 in .tar.gz 

format. This showed that local and cloud storage were effective. The stored model comprised 

important metadata like the algorithm_state.pkl, checkpoint version, ray version (2.9.3), and 

model format (cloudpickle), which made it compatible with deployment. 

6.2 Experiment 2: Deployment and Inference via SageMaker Endpoint 

 

Figure 6.2: Deployment and Inference via SageMaker Endpoint 

 

In the experiment, the reinforcement learning model that was trained was deployed to a 

SageMaker endpoint referred to as rl-autoscaling-endpoint. There were a few test 

observations, each of which was sent to the endpoint, simulating states of cloud 
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environments. Depending on the model of policy, the endpoint reacted with anticipated 

actions. As an example, [0.2, 0.4, 0.1, 0.8, 0.6] produced action 1, whereas [0.9, 0.9, 0.9, 0.9, 

0.9] received action 0. The system has regular response behavior, which indicates the 

capacity of the model to generalize diverse input conditions and produce effective responses 

with appropriate control actions. All the responses were logged in. 

6.3 Experiment 3: Fault Injection and Recovery 

 

Figure 6.3: Fault Injection and Recovery 

Stress-testing the system to assess the robustness of the implemented reinforcement learning 

was achieved through purposely constructed fault conditions that sent edge-case inputs like 

extremely low inputs [0.0, 0.0, 0.0, 0.0, 0.0] and outlier combinations. It was possible to get 

valid actions returned by the model without crashing, which means it has gracefully handled 

abnormal inputs. Artificial timeouts and malformed requests were also used and applied to 

check the resilience of the system. These anomalies were logged, exception handlers captured 

them, and operational mechanisms like retries and validation checks dealt with them so that 

the service was not interrupted. The experiment gave credence to the model in terms of fault 

tolerance and stability in unexpected situations. 

6.4 Detailed Comparison Between Agarwal et al. (LSTM-PPO) and 

Proposed PPO/A3C with AWS 

Aspect Agarwal et al. (LSTM-

PPO) 

Proposed Study (PPO/A3C with 

SageMaker) 

Core RL 

Technique 

Uses LSTM with PPO to 

address partial 

observability in simulated 

workloads. 

Employs PPO and A3C for enhanced 

stability, faster convergence, and superior 

scalability in real-world cloud workloads. 

Observability & Relies on LSTM to infer Leverages direct, comprehensive, and 
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Feedback hidden states in partially 

observable environments. 

real-time metrics from AWS 

CloudWatch, removing the need for 

inference and ensuring immediate, 

accurate scaling actions. 

Deployment 

Environment 

Conducted in a simulated 

multi-node OpenFaaS 

cluster with controlled 

workload traces. 

Fully integrated into a live AWS 

production environment, ensuring direct 

applicability, operational readiness, and 

real-world performance validation. 

Integration with 

Cloud-Native 

Services 

Minimal integration; 

scaling logic implemented 

in a custom environment. 

Deep integration with AWS-native 

services (SageMaker, S3, CloudWatch, 

Lambda), enabling automation, 

monitoring, and seamless orchestration of 

scaling workflows. 

Automation Level Manual deployment and 

scaling orchestration 

require developer 

intervention. 

Fully automated MLOps pipeline from 

data ingestion to model retraining, 

deployment, and continuous monitoring. 

Adaptability to 

Diverse 

Workloads 

Optimized for specific 

serverless (FaaS) 

workloads only. 

Designed for general-purpose auto-

scaling across diverse applications and 

services, including serverless, 

containerized, and VM-based workloads. 

Model Training 

& Lifecycle 

Training and deployment 

occur in isolated steps, 

requiring manual 

coordination. 

Continuous and managed training via 

SageMaker, with automated retraining 

triggers and version control in S3 for 

reproducibility. 

Cost 

Optimization 

Approach 

Focuses primarily on 

performance efficiency in 

serverless scenarios. 

Balances SLA compliance, performance, 

and operational costs with intelligent, 

context-aware scaling decisions. 

Operational 

Monitoring 

Relies on Prometheus for 

metric collection; limited in 

cloud billing and resource 

cost tracking. 

Integrates CloudWatch and AWS Billing 

APIs for unified monitoring of 

performance, resource usage, and cost in 

real time. 

Production 

Readiness 

Proof-of-concept in a 

research-oriented simulated 

setup. 

Enterprise-ready deployment with AWS-

managed infrastructure, ensuring 

scalability, reliability, and maintainability 

in production. 

Scalability 

Potential 

Limited by custom 

simulation infrastructure 

and manual scaling 

workflows. 

Horizontally and vertically scalable 

through AWS-native auto-scaling groups, 

container orchestration, and serverless 

triggers. 

 

Table 6.2: Detailed Comparison Between Agarwal et al. (LSTM-PPO) and Proposed 

PPO/A3C with AWS 
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A comparison of the proposed PPO/A3C-based AWS SageMaker framework to the LSTM-

PPO framework introduced in the paper by Agarwal et al. allows noting that, firstly, our 

LSTM-PPO approach is more advanced in terms of its ability to be adopted into production, 

its scalability, and its automation potential. Although Agarwal et al. are confined to an 

OpenFaaS simulation where deployment is done manually with a focus on serverless 

functions, it is performed in the real AWS production environment, in which there is deep 

integration with SageMaker, S3, CloudWatch, and Lambda. This allows data to be ingested 

seamlessly, continuously trained, auto-deployed, and monitored in real-time with zero code 

or developer intervention. Also, our system takes diverse workloads such as serverless, 

containerized, VM, but theirs is a workload range. This is because by integrating enterprise-

grade AWS infrastructure with proven DRL algorithms, our framework was able to provide a 

truly cost-aware, cloud-native, and future-proof auto-scaling mechanism that is not limited to 

simulation environments and instead offers research prototypes. 

 

7. Conclusion and Future Work 
 

7.1 Summary of Achievements 

This initiative effectively illustrates the efficacy of deep reinforcement learning (DRL) 

applied in cloud-based auto-scaling mechanisms, which help to make data-driven and 

intelligent decisions on resource management. Creating a custom Gym setup with conditions 

matching how clouds behave in practice and instantiating a Proximal Policy Optimization 

(PPO) agent with Amazon SageMaker, we demonstrated how RL agents can develop 

solutions capable of creating effective policies for managing compute resources (Guntupalli 

and R, 2025). Critical elements, such as training, configuration of models, engagement with 

the environment, deployment of endpoints, and all-inclusive testing, were established and 

confirmed. The end-to-end system allows performing real-time inference on cloud metrics, 

which is a significant leap in contrast to rule-based or threshold-based systems. 

7.2 Practical Insights 

There were a number of lessons learned during the development and deployment process. To 

begin with, the structure of the personalized setting is of the essence in the learning result. A 

properly designed reward function with an appropriate balance between the cost and 

performance is necessary. Second, SageMaker was indeed a useful tool to train and deploy 

the RL model, but latency in endpoint testing was an urgent reminder of the necessity of 

model optimisation and initialisation of the environment (Guntupalli and R, 2025). Third, 

debugging of model errors and the assessment of compression results were made feasible by 

monitoring tools such as AWS CloudWatch and thorough logging. All of these insights can 

be applied to future attempts to iterate on the solution and scale it. 

7.3 Limitations 

Although it met the objectives of what it has to offer, there are still a few shortcomings. The 

environment is not built on live cloud infrastructure, and so the policies learned in it may lack 

validity in the real world. There was also a restriction to only five normalized metrics in the 

observation space, not representing the overall complexity of cloud workloads of I/O, number 
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of parallel processes, or security aspects (Emma and L, 2025). In some of the inference 

attempts, we had very high latency at the endpoint, which implies that we need optimization 

at the container level, or we need to quantize the model so that we can have a quicker 

response time in production. Finally, there is no ongoing feedback system between the 

deployment and re-training, which limits the capability an agent can evolve with time. 

7.4 Future Work 

There are a number of good avenues to take this further. The first improvement would be the 

inclusion of real-time data feeds of real cloud infrastructure, fixing the simulation-to-

production gap. An increased observation space with finer metrics of the system level, and 

possibly attention mechanisms or LSTMs, with their implementation of temporal reasoning, 

may lead to more robust policies (Naayini,2025). The other possible project is online 

learning, where the agent does further refinement of its policy with live performance data 

(Emma and L, 2025). Part of this might be dynamic container management through 

integration with Kubernetes or some other orchestration tool. Finally, it would be advisable to 

perform A/B tests of this RL-based approach against more conventional auto-scaling policies 

to define their actual value during real deployments. 
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