
Chapter 1

Introduction

In an era marked by an insatiable demand for computing resources, the pursuit of op-

timal solutions is paramount. This thesis embarks on a journey through the intricate

landscapes of High-Performance Clustering and Artificial Intelligence, converging inno-

vation and necessity. With computing needs soaring to unprecedented heights across

diverse sectors, it has become evident that addressing the complexity of this challenge

requires a fresh and integrated approach.

Our primary goal is to explore the untapped potential within the fusion of task

containerization, game theory-based task offloading, and federated learning. As the

boundaries of computational requirements expand, this integrated framework aims to

provide a holistic response to the evolving demands of our technological landscape.

It aspires to elevate the way we utilize and optimize resources in High-Performance

Clusters, ensuring the power of artificial intelligence is harnessed to its fullest extent [?].

Figure 1.1 illustrates the architecture of a High-Performance Computing (HPC) cluster,

showcasing the integration of HPC nodes and a user interface. The HPC nodes form

the backbone of the cluster, providing the computational power necessary for executing

complex tasks and simulations. The user interface serves as the point of interaction

for users, enabling them to submit and manage multiple requests efficiently. This
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depiction highlights the collaborative functionality of the cluster, facilitating seamless

communication between users and the computational resources within the system.

The journey ahead uncovers efficient methods to encapsulate tasks in containers, the

creation of intelligent models and algorithms driven by game theory, and the seamless

integration of federated learning into this ecosystem [?]. As we traverse through the

chapters, we delve deep into these intricate facets, meticulously dissecting their impact

on computing resources, and preserving the integrity of data privacy and security.

Figure 1.1: An overview of an HPC cluster featuring HPC nodes and a user interface for handling
multiple requests from users.

Docker imbues its containers with process and file system isolation, fortifying the

impervious partition between them and the host system [?] [?]. This isolation imparts

a cocoon of stability and security, shielding applications from unwarranted interference

or inadvertent trespass. Notably, Docker containers stand as paragons of efficiency.

They harmonize seamlessly with the host operating system’s kernel, consorting in re-

source harmony. This orchestration of resources enables the concurrent operation of

multiple containers on a single host, far surpassing the resource overhead often asso-

ciated with conventional virtualization. Docker’s crowning virtue, perhaps, lies in the

bequest of unwavering consistency across the developmental spectrum. Developers can

embark upon their creative odyssey, assured that their application will retain its essence

through the variegated stages of the software development lifecycle. At the heart of
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Docker’s container magic are the Docker images, static templates etched in read-only

memory, housing the application and its dependencies. These images stand as the an-

chor of control, permitting precise administration of the deployment environment. To

facilitate the harmonious symphony of containers, Docker proffers orchestration tools

such as Docker Compose and Docker Swarm [?] [?]. For more intricate multi-container

applications, Kubernetes, a stalwart in container orchestration, often takes the stage.

Meanwhile, Docker Hub, the public container registry, emerges as the epicentre of com-

munal exchange, where developers congregate to uncover and share Docker images. For

the guardians of proprietary treasure, private container registries offer the sanctum of

security and authority.

Containerization is a technology that enables the packaging of an application and

all its dependencies into a standardized unit called a container. These containers are

isolated from the host system and from each other, ensuring consistent and reliable ex-

ecution of applications across different environments. The benefits of containerization

are numerous and have transformed the way software is developed, deployed, and man-

aged. The key advantages of containerizations are isolation, portability, consistency,

resource efficiency, scalability, version control, fast deployment, DevOps integration, a

rich ecosystem, and alignment with microservices architecture. It has become a funda-

mental tool in modern software development and deployment, enhancing both developer

productivity and system management.

Traditional virtualization has higher resource overhead since each VM includes a

complete guest OS. It may limit the number of tasks that can be efficiently offloaded

on a single host due to resource consumption. VMs are less portable because they are

tied to specific hypervisors and configurations. Moving VMs between hosts may require

additional steps to ensure compatibility. Traditional virtualization can be scaled, but

the resource overhead of VMs may limit the scalability and responsiveness in cases

of rapid scaling needs. It may introduce additional layers of virtualization overhead,



4

potentially leading to slightly reduced performance compared to containers. Managing

VMs may involve more complex infrastructure and tools, which can be geared toward

managing virtual machine clusters and networks. Traditional virtualization may require

more manual management. Docker provides the necessary tools and capabilities to

effectively manage and execute tasks across distributed computing environments while

maintaining security and efficiency.

Docker Swarm integrates seamlessly with the standard Docker command-line inter-

face (CLI), extending its capabilities to the orchestration of containers. This unified

approach simplifies the user experience. Security is a paramount concern, and Docker

Swarm addresses it with features like token-based authentication and encrypted com-

munication between nodes. These safeguards help secure the cluster and its operations.

Furthermore, Docker Swarm’s versatility is evident in its ability to run on various plat-

forms, including cloud providers, on-premises data centers, and local machines. This

adaptability ensures that organizations can deploy containerized applications where

they are needed. To enhance its functionality, Docker Compose can be employed along-

side Docker Swarm to define and manage multi-container applications. This approach

provides a means to structure complex application stacks efficiently. In conclusion,

Docker Swarm is a pragmatic choice for organizations aiming to deploy containerized

applications at scale while retaining ease of management and high availability. Whether

overseeing a small cluster or orchestrating a sprawling, distributed system, Docker

Swarm streamlines the management of containerized services, making it an invaluable

asset for modern DevOps practices and microservices architectures.

Kubernetes is platform-agnostic, capable of running across a variety of environ-

ments, including cloud providers, on-premises data centers, and local machines. This

adaptability ensures that you retain the flexibility to deploy your applications where

they are needed most. The Kubernetes ecosystem is teeming with a diverse array of

extensions and tools, spanning monitoring and logging solutions like Prometheus and
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Fluentd, CI/CD pipelines exemplified by Jenkins, and networking solutions including

Calico and Flannel. At its heart, Kubernetes is driven by a vibrant and expansive com-

munity of developers, administrators, and organizations that collaborate to advance

the platform’s development and support. Hosted by the CNCF, Kubernetes benefits

from industry-wide backing and standardization. In today’s landscape of DevOps, mi-

croservices, and cloud-native computing, Kubernetes emerges as the central linchpin,

empowering organizations to construct, deploy, and scale modern applications with

unprecedented efficiency and agility. Its ability to automate container management, fa-

cilitate scaling, and assure high availability propels it to the forefront of contemporary

software development and deployment practices.

One of Kubernetes’ most compelling features is its self-healing capability. It vig-

ilantly monitors container health, and should any failures occur, Kubernetes swiftly

intervenes, replacing or rescheduling containers. This proactive approach ensures that

applications remain consistently available and reliable, even in the face of hardware or

software hiccups. Kubernetes also excels in the domain of scaling. It offers a spectrum

of scaling options, spanning manual interventions to automated adjustments. Horizon-

tal pod autoscaling, a Kubernetes hallmark, automatically fine-tunes the number of

active containers based on real-time resource utilization. Service discovery and load

balancing are further areas of strength. Kubernetes streamlines the process of service

discovery by assigning unique DNS names to containers within the cluster, simplifying

inter-service communication. Moreover, it takes on the responsibility of load balanc-

ing, efficiently distributing incoming traffic across the pool of available containers, thus

ensuring optimal performance and fault tolerance.

In essence, federated learning assumes the mantle of a crucial catalyst, facilitating

responsible and ethical machine-learning practices in our data-centric age. Nonethe-

less, federated learning does not traverse this path unburdened. Challenges, including

communication overhead, innovative model aggregation techniques, and meticulous se-
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curity considerations, loom large. As dedicated researchers actively probe the depths of

innovation, the quest to surmount these challenges gains momentum, thereby unlocking

the latent potential of federated learning. Federated learning, in its entirety, represents

a revolutionary paradigm championing the twin causes of advancing machine learning

and preserving data privacy. Its unique ability to orchestrate model training across a

distributed network of devices, while meticulously safeguarding individual data privacy,

positions it at the vanguard of the data-driven era. As the evolution of federated learn-

ing continues, it promises to wield a transformative impact, reshaping the landscape of

machine learning and nurturing the growth of responsible, secure, and ethical artificial

intelligence applications throughout our digital ecosystem.

1.1 Research Objectives

The primary objective of this research is to investigate and develop an integrated frame-

work that effectively combines Task Containerization, Task offloading inspired by Game

theory principles, and Federated Learning within High-Performance Clustering environ-

ments. This framework aims to address the following key research objectives:

• Efficient Task Containerization: Methods to encapsulate tasks within containers,

enabling deployment and resource isolation within High-Performance Clusters.

• Game Theory-based Task Offloading: Develop game-theoretic models and algo-

rithms to optimize task allocation and resource utilization, considering the dy-

namic nature of cluster environments.

• Federated Learning Integration: Investigate techniques to seamlessly integrate

federated learning into the cluster environment, enabling collaborative model

training while preserving data privacy.

• Performance Enhancement: Evaluate the performance improvements achieved

through the proposed framework, including enhanced task execution times, re-

source utilization, and overall cluster efficiency.
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• Privacy and Security: Address privacy and security concerns to Federated Learn-

ing within High-Performance Clusters, ensuring sensitive data remains protected.

1.2 Motivation Behind this Work

The significance of this study lies in its potential to advance the state of High-Performance

Clustering by leveraging the power of AI, federated learning, and game theory [?, ?].

The outcomes of this research have far-reaching implications for various industries and

applications, including scientific research, healthcare, finance, and more. By optimiz-

ing task allocation and resource utilization, organizations can reduce operational costs,

improve decision-making processes, and accelerate research and development efforts.

Furthermore, the integration of federated learning ensures that advancements in

AI can be harnessed while safeguarding the privacy of sensitive data. This research

addresses critical challenges associated with task offloading, containerization, and col-

laborative model training in high-performance clusters, paving the way for more efficient

and secure computing environments

1.3 Contribution and Organization of the Thesis

This thesis is organized into several chapters, each focusing on specific aspects of the

research. The structure of the thesis is as follows:

Chapter 2: Preliminaries and Related Work: This chapter provides a comprehensive

review of the existing literature related to Docker, Container, Task containerization,

Game theory, Federated Learning, High-Performance Clustering, and intersections.

Chapter 3: Secure Task Containerization with Deadline Constraint (S-TCDC): This

chapter presents the foundations of task containerization, game theory-based task of-

floading within High-Performance Clusters. Secure Task Containerization with Dead-

line Constraints addresses the critical challenge of secure task execution. It focuses on
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the efficient utilization of resources and secure execution of tasks in a network of Docker

containers, which are widely used in modern industrial applications. This discusses the

benefits of containerization, which allows applications and their dependencies to run

efficiently while reducing software overhead. However, it also highlights the growing

concern about container security as attackers can exploit vulnerabilities, potentially

compromising the entire system. To address this challenge, the research proposes a

Stackelberg game-based approach, where a central master machine (MM) manages the

allocation of subtasks to worker machines (WMs). The goal is to containerize tasks

securely with a desired security level (α, β) and within a specified maximum allow-

able response time (MAR). It presents a mathematical model to estimate the optimal

prices charged by the WMs for task containerization and the optimal fraction of the

task assigned to each WM. It ensures that the overall task is executed securely within

the deadline. The study emphasizes the need for a secure and efficient containeriza-

tion strategy that minimizes costs while meeting security and deadline constraints. By

formulating the problem as a game theory model, it provides a structured approach to

achieving these goals. This research contributes to the field of secure task container-

ization, offering insights and solutions to enhance the security and efficiency of task

execution in containerized environments.

Chapter 4: Containerization-based Federated Learning for Privacy-Preserving Task

Offloading (C-FPTO): This chapter introduces an innovative solution – a secure pa-

tient monitoring system that seamlessly incorporates the principles of federated learning

(FL). In stark contrast to conventional methods, this system conducts model training on

local devices, transmitting solely the weight matrices to the central server for aggrega-

tion. This approach offers a robust defence for data privacy while effectively mitigating

security risks. The proposed system is characterized by several crucial features. It

employs intelligent participant clustering based on resource availability, ensuring that

customized models are trained for each cluster, thus optimizing performance according
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to their specific requirements. Additionally, the system utilizes knowledge distillation

(KD) to enhance the performance of resource-constrained clusters by sharing insights

from high-performing clusters. This approach fosters collaborative learning and infor-

mation exchange among clusters, ultimately enhancing the system’s overall efficiency.

Experimental results affirm the system’s effectiveness and adaptability, particularly in

scenarios where participants possess varying resource levels. This adaptability under-

scores the system’s reliability and resilience, making it a promising and versatile solu-

tion for secure and efficient patient activity monitoring within the IoMT framework.

By safeguarding data privacy and enhancing security measures, this system represents

a significant stride towards realizing the immense potential of IoMT while ensuring the

safety and confidentiality of sensitive medical data. Containerization-based federated

learning offers an enticing pathway to advanced, secure, and privacy-conscious patient

monitoring in the era of IoMT.

Chapter 5: Optimized Container Selection Using Shared Memory Architecture (OC-

SMA): This chapter introduces an innovative federated learning mechanism through

Docker, creating a network of interconnected containers that efficiently share memory.

These interconnected containers collaborate to generate a global model, sharing updates

through a designated shared memory repository and iteratively refining the model as

each container trains on its unique dataset. This approach significantly boosts perfor-

mance, offering efficient memory sharing and resource optimization. The structured

graph architecture enhances scalability and promotes better isolation and encapsula-

tion of tasks. This methodology aligns with federated learning principles, ensuring data

privacy and multiple device engagement in model training. Linear programming tech-

niques optimize containerization within federated learning, with key steps including

container selection, model initialization, federated learning loops, global aggregation,

and round completion. Figure 1.2 presents an insightful overview of federated learn-

ing architecture, demonstrating its decentralized and collaborative framework. This
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illustration encapsulates the essence of federated learning, highlighting its distributed

nature and emphasizing the collaborative process involved in training machine learning

models across a network of devices.

Figure 1.2: An overview of federated learning architecture, showcasing its distributed and collabora-
tive framework.

Chapter 6: Containerized Privacy Protection in High-Performance Computing Clus-

ters: This chapter delves into the promising technology of containerization, highlighting

its role in optimizing resource utilization and streamlining machine learning workflows

on High-Performance Computing (HPC) systems. A notable success story involves

the implementation of a task-based containerization approach for federated learning.

This approach empowers researchers to effortlessly deploy federated learning systems

across distributed infrastructures, all the while addressing critical concerns regarding

data privacy and security. The implementation of this innovative approach has yielded

remarkable results, as demonstrated by precise and efficient COVID-19 predictions gen-

erated from chest radiology images on the PARAM Smriti HPC Cluster. This pioneer-

ing method stands out as a potent solution for contemporary data-intensive challenges,

significantly enhancing the efficiency of HPC-driven machine learning while steadfastly

upholding data security and privacy. Figure 1.3 provides a visual representation of



1.3. Contribution and Organization of the Thesis 11

Docker Containerization. It highlights the relationship between the host operating

system, Docker containers, and the applications that are encapsulated within them.

Figure 1.3: A schematic representation of Docker Containerization, illustrating the host operating
system, Docker containers, and containerized applications.

Chapter 7: Conclusion and Future Work: The collective research efforts in this thesis

advance the realms of secure and efficient task execution, privacy-preserving machine

learning, and resource optimization across diverse domains, including Containeriza-

tion, Federated Learning, and High Performance Computing. These contributions of-

fer groundbreaking solutions to current challenges with transformative potential while

maintaining a strong focus on security, efficiency, and data privacy. To further enhance

scalability and efficiency, the future directions involve the expansion of AI-driven task

containerization into a wide array of application domains, the fortification of security

protocols for broader utility, and the exploration of integrated technologies, fairness in

AI, and the possibilities for human-AI collaboration to realize the full potential of these

innovations in real-world contexts.




