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Abstract

The rapid development of cloud computing and microservice oriented application architectures
has increased the need for efficient container scheduling and intelligent resource management
in cloud computing environments. Containerization technologies such as Docker and container
orchestration platforms like Docker Swarm offers scalable and flexible deployment of
containerised microservices. However, efficient container scheduling is remains a major
challenge due to dynamic workloads, imbalanced resource usage and QoS requirements.
Traditional Docker Swarm scheduling mechanisms such as Random, Spread, and Binpack
scheduling are static in nature and often lacks to improve startup time, response time, and

resource utilization in container-based cloud environments.

The research proposes a Multi-Criteria Scheduling of Containerized Microservices using
Reinforcement Learning (MCSCM-RL) framework for intelligent and adaptive container
scheduling in Docker Swarm environments. The proposed framework integrates Deep Q-
Network (DQN) based reinforcement learning with multi-criteria node ranking using
performance metrics such as CPU utilization, memory utilization, container count, startup time,
and response time. The research work is implemented and validated on a three node Docker
Swarm cluster using CPU intensive microservice applications under clean load and cumulative
load deployment conditions. Experimental results shows that the proposed MCSCM scheduler
improves startup time, response time, resource utilization, and energy efficiency compared to
existing Docker Swarm scheduling mechanisms. The research provides an energy-aware and

QoS-aware container scheduling for modern cloud-based systems.
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1.
Brief Description on the state of the art of the research topic

1.1 Background

Now a days, Microservice Architecture as a modern software development paradigm has
been adopted due to the rapid development of cloud computing and large-scale internet
applications. In microservice architecture, an application is decomposed into multiple
small, independent, and loosely coupled services that communicate through lightweight
protocols such as REST APIs. Each microservice performs a business functionality and it
can be independently developed, deployed, scaled, and maintained. Compared to traditional
monolithic applications, microservices offer improved scalability, fault isolation,
flexibility, and continuous deployment support. Due to these, today microservice-based
applications are widely used in cloud-based environments, enterprise systems, and large-

scale web applications. Figure-1 illustrates the evolution of software application

architecture from traditional monolithic architecture to modern microservice-based

Microservice Ul

architecture [1,2].
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Figure 1- Monolithic to Microservice [1]
To efficiently deploy and manage microservices, containerization has become a key crucial
solution. Microservices are packaged in a container along with their dependencies,
libraries, and runtime environments into lightweight and portable units. In contrast to

traditional virtual machines, containers share the host operating system kernel, and offer
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reduced overhead, quick startup time, better portability, and high deployment frequency.
Figure-2 illustrates the architectural difference between traditional VM based virtualization

and container-based virtualization.
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Figure 2-Architecture of Virtual Machine and Container [2]

The application deployment has significantly simplified using platforms like Docker and
Kubernetes. In large-scale environments, container orchestration platforms such as Docker
Swarm and Kubernetes are widely adopted to automate deployment, scaling, and
monitoring of containerized microservices. Figure-3 shows the deployment model of

containerized microservices in a cloud environment [3,4].

1.2 Container Scheduling for Microservices
The decision of where to place each container, known as the container scheduling problem.
Container scheduling is very complex and multi-objective optimization problem in large

scale cloud-based environments.
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Figure 3-Deployment of containerized microservices [4]

Container scheduling is the process of selecting the most suitable node for deploying and
executing containerised microservices. Efficient container scheduling is crucial because
microservices generate workloads dynamically that constantly consume node resources
such as CPU, memory, storage, and network bandwidth. Improper container scheduling
may lead to resource imbalance and poor QoS. Hence, intelligent container scheduling
mechanisms are required to ensure energy efficiency and improved QoS in container-based
cloud environments [5,6].

The container orchestration systems like Docker Swarm commonly use scheduling
strategies such as Random, Spread, and Binpack. Random scheduling deploys containers
without considering system state, which may lead to inefficient resource utilization. Spread
scheduling deploys containers evenly across nodes to achieve load balancing, whereas
Binpack scheduling attempts to maximize resource utilization by packing containers into a
smaller number of nodes. Although these scheduling approaches are mostly static and do
not adapt dynamically to changing workload conditions and QoS needs. Table-1 presents a
comparative analysis of various container orchestration platforms used for managing and

deploying containerized microservices.
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Table 1 —Classification of container orchestrators [3-10]

1.3 Machine Learning based approaches in Container Scheduling

Recent research has focused on intelligent and adaptive scheduling techniques based using
Machine Learning (ML). Reinforcement Learning based schedulers, particularly Q-
learning and Deep Q-Network approaches, enable dynamic scheduling decision by learning
environmental interactions. These approaches have demonstrated improvements in
efficient container scheduling for cloud and edge computing environments. Table-2

presents a comparative overview of machine learning-based approaches proposed for

container scheduling in cloud computing environments.



Problem in scheduling of

containerized applications

Machine Learning

based solution

Advantage/ Limitations

How to analyze inter-dependency

between micro services?

How to analyze dependency of tasks

in containerized applications?

How to achieve energy efficient

resource scheduling for containers?

How to reduce the communication
delay when moving micro services

to cloud container?

How to characterize workloads by
modeling and predicting requests
behavior and resource usage

pattern?

How to reduce the communication
delay when moving micro services

to cloud container?

How to characterize workloads by
modeling and predicting requests
behavior and resource usage

pattern?

BO, GP, CNN, and
LSTM

SVM

MDP, Q-learning,
and SARSA

DNN, Q-learning

LSTM, K-means++,
ARIMA, Bi-LSTM,
GRU, TSNNR, and
GBR

DNN, Q-learning

LSTM, K-means++,
ARIMA, Bi-LSTM,
GRU, TSNNR, and
GBR

Improved prediction accuracy

Ignorance of dependency updates

High Accuracy
Implicit explanation of the time

overhead and computational costs

Cost saving
Minimizing task execution time

Limited scalability

Minimizing task execution time

Limited scalability

Optimized Resource utilization

Scheduling delays

Minimizing task execution time

Limited scalability

Optimized Resource utilization

Scheduling delays

Table 2-Machine learning based solutions in container scheduling [11-15]

1.4 Research Gap
However, several research gaps still exist in current state-of-the-art approaches. Many
existing container scheduling techniques do not effectively integrate QoS metrics and
energy efficiency. Some methods lack real-time workload and need adaptation capabilities,
while others are evaluated only in simulation environments rather than real Docker Swarm
clusters. Limited attention has been given to combining QoS-aware and energy-aware
container scheduling within a unified framework. Therefore, there is a strong need for an
intelligent, adaptive, and multi-criteria scheduling container mechanism which is capable
of optimizing both application performance and energy efficiency in containerized

microservice environments.



2.
Definition of the Problem

The increasing adoption of cloud computing and microservice-based applications has
significantly changed modern software application development and deployment practices.
Container scheduling is the process of selecting the most appropriate deployable node in a
cluster for deploying a containerized microservice. The performance of a microservice is
depends on how effectively containers are scheduled and balanced among available
resources of the cluster. Existing container scheduling techniques particularly in Docker
Swarm, such as Random, Spread, and Binpack scheduling. They mainly focus on basic
resource allocation approaches. Random scheduling deploys containers without
considering node conditions, which may lead to uneven resource utilization and degraded
system performance. Spread scheduling deploys containers uniformly across nodes for load
balancing but may result in underutilization of resources. Binpack scheduling tries to
maximize resource usage by allocating containers on small number of nodes, however it
may result node overloading and performance bottlenecks under dynamic workloads
conditions.

Modern cloud container environments are highly dynamic in nature, where workload
characteristics, resource utilization, and application need continuously change. Traditional
container scheduling approaches are failed to adapt dynamic workload conditions.
Furthermore, existing container scheduling methods generally consider limited parameters
such as CPU and memory usage while ignoring QoS metrics. As a result, these approaches
may lead to higher service delay and inefficient resource utilization in containerized
microservice environments.

Recent research has explored machine learning and reinforcement learning based
scheduling techniques for improving scheduling decisions in container orchestration
systems. Although these approaches show better adaptability and decision-making
capabilities, many research studies are experimented and evaluated in simulation
environments and lack of implementation on real Docker Swarm clusters. Moreover, most
reinforcement learning-based schedulers do not effectively integrate multi-criteria
decision-making performance metrics with dynamic node ranking. Existing solutions also
provide limited consideration for energy-aware scheduling and QoS optimization

simultaneously.



Therefore, there is a need to develop an intelligent, adaptive, and multi-criteria container
scheduling framework which is capable of dynamically selecting optimal deployable nodes
for microservice deployment in Docker Swarm environments. The proposed research
addresses this problem by designing a Multi-Criteria Scheduling of Containerized
Microservices using Reinforcement Learning (MCSCM-RL) framework. The proposed
system integrates DQN based reinforcement learning with multi-criteria node ranking
mechanism to make container scheduling decisions based on CPU utilization, memory
utilization, container count, startup time, and response time for microservices. The aim is
to improve QoS and energy efficiency while reducing startup delay and response time in

containerized microservice environments.
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3.
Objective and Scope

3.1 Objectives of the Research

The primary objective of this research is to develop an intelligent and adaptive container
scheduling framework for microservice-based applications deployed in a cloud
environment using Docker Swarm. The research aims to improve QoS and energy
efficiency by integrating Reinforcement Learning (RL) with multi-criteria decision-

making for efficient scheduling of containerised microservices.
The specific objectives of the proposed research work are as follows:

e The first objective is to analyse the theoretical and practical aspects of microservice
architecture, containerization, and container orchestration platforms such as
Docker Swarm and Kubernetes. The study includes understanding of container
deployment mechanisms and resource management in cloud-based container
environments.

e The research aims to investigate existing container scheduling strategies such as
Random, Spread, and Binpack scheduling used in Docker Swarm. Their
performance will be evaluated based on Node and Application parameters.

e The objective is to identify the limits of current container scheduling methods in
handling dynamic workload conditions and QoS-aware microservice deployment
requirements.

e The research aims to develop a node ranking using QoS and resource parameters.
The aim is to select optimal nodes dynamically for efficient deployment of
containerized microservices.

e The primary objective is to implement a Reinforcement Learning based scheduling
model using DQN. The RL agent learns optimal scheduling decisions dynamically
from system node states and application parameters to improve scheduling

efficiency in Docker Swarm clusters.
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The proposed work aims to integrate QoS parameters and Resource utilization
during deployment of containerized microservices. The custom scheduler
MCSCM-RL will try to improve startup time, response time, and energy efficiency.
The research objective also includes implement proposed custom schedular on a
real Docker Swarm cluster of three nodes and comparing its performance with
existing container scheduling strategies.

The final objective is to perform comparative performance analysis between the
proposed scheduler and traditional docker swarm container scheduling methods

such as Random, Spread, and Binpack under clean and cumulative load conditions.

3.2 Scope of the Research

The scope of this research is focused on intelligent scheduling of containerized

microservices in cloud environments using reinforcement learning and multi-criteria

decision-making mechanisms. This research primarily aims to improve resource

utilization and application QoS in container-based cloud systems.

The scope of the proposed work includes the following aspects:

The research focuses on deployment and management of containerized
microservices. The microservices are deployed in a docker cluster environment.
The implementation and experimentation are limited to the Docker Swarm
orchestration platform. A Docker Swarm cluster of 3 nodes consisting of a manager
and two worker nodes is used for container deployment.

The proposed scheduler considers multiple node level and application level QoS
parameters for optimal node selection for deployment of containerised
microservice deployment.

The research scope includes the application of Reinforcement Learning, using
DQN, for adaptive and intelligent container scheduling decisions in dynamic
workload conditions.

The proposed framework focuses on improving application QoS and energy
consumption through intelligent container deployment.

The research includes comparative analysis of the proposed scheduling approach
with existing container scheduling techniques such as Random, Spread, and

Binpack scheduling under clean and cumulative load.
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e The research does not focus on large-scale public cloud deployment or
heterogeneous hardware environments. Although, the research focuses on Docker
Swarm, the proposed work can be extended in the future to Kubernetes and public

cloud platforms for large-scale intelligent scheduling applications.
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4.
Original Contribution by the Thesis

The proposed thesis contributes to the field of scheduling of containerized microservice by
developing a novel container scheduler framework for Docker Swarm environments. The
research introduces an energy-aware and QoS-aware scheduling approach that integrates
Reinforcement Learning with multi-criteria node ranking mechanism for efficient
scheduling of containerized microservices in cloud environment. The major original
contributions of the thesis are summarized as follows:

1. The thesis proposes a novel container scheduling framework that integrates DQN

based Reinforcement Learning with multi-criteria decision-making mechanism. The

proposed approach dynamically learns optimal container scheduling decision unlike

traditional container schedulers that rely on static decisions.

2. A significant contribution of this research is the integration of relative closeness-based

node ranking into the reinforcement learning model. The proposed scheduler evaluates

nodes dynamically using multiple parameters and incorporates ranking information into

the state representation of the RL agent to improve scheduling accuracy.

3.The proposed research work introduces energy-aware and QoS-aware container

scheduling by considering performance metrics such as:

. Startup time

. Response time

. CPU utilization

. Memory utilization
. Container count

The proposed scheduler aims to minimize service latency and improving application
performance in microservice based systems.

4. An existing research and studies rely mainly on simulation environments, where the
proposed research work implements and validates the scheduling framework on a real
Docker Swarm cluster of three nodes. The scheduler dynamically calculates node
rankings and adapts scheduling decisions based on continuously changing resource
conditions.

5. The thesis provides an extensive comparative analysis between the proposed

MCSCM-RL scheduler and existing Docker Swarm scheduling strategies such as
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Random, Spread, Binpack, and MCSCM (custom scheduler). The evaluation is
performed using real deployment experiments and QoS metrics to present improvements
in resource utilization, startup time, response time, and energy efficiency.

6. The research presents a unified framework that combines QoS-aware scheduling and
Energy-aware optimization. It offers Reinforcement learning-based decision-making
with real-time node monitoring. This integrated approach provides a more efficient and
scalable solution for container orchestration in distributed cloud environments.

7. The proposed methodology can be extended to large-scale cloud-native platforms,

Kubernetes, and public cloud computing environments.
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5.
Research Methodology

The proposed research focuses on the development of an intelligent and adaptive
container scheduling framework for microservice based applications deployed in a cloud
environment using Docker Swarm. The research methodology consists of system
environment, development of container scheduling strategies, resource monitoring and
node ranking, reinforcement learning model development, experimental deployment,
performance evaluation, and comparative analysis. The research methodology aims to
improve Quality of Service (QoS), resource utilization, and energy efficiency in

containerized microservice environments.

5.1 System Environment

A real distributed container orchestration environment is created using Docker and Docker
Swarm. The experimental environment consists of:

e One swarm manager node

e Two swarm worker nodes

o Ubuntu based Virtual Machines hosted on a Windows system

The Docker Swarm cluster is configured to support deployment and monitoring of
containerized microservices. Different microservice applications are containerized and
deployed using Docker images hosted on docker hub. Figure 4 presents experiment

environment used in this research work.

6;
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Manager

0S: Ubuntu 24.04

CPU:4 cores * i
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Storage:20GB Docker Hub Repository:
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Python:3.12.1
&
=
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Docker Engine: 27.3.1 Docker Engine: 27.3.1

Figure 4- Experiment Environment
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5.2 Development of existing docker swarm container scheduling policies
To establish comparisons, traditional Docker Swarm scheduling policies are implemented
and evaluated. These include:

e Random Scheduling

o Spread Scheduling

e Binpack Scheduling
Each scheduler is analysed using parameters such as:

o CPU utilization

e Memory utilization

o Startup time

e Response time

o Container count
The results obtained from these existing schedulers are used for comparison with the
proposed scheduler.
5.3 Resource Monitoring and Metric Collection
A monitoring framework is developed to collect real-time node-level and application-level
metrics from the Docker Swarm cluster. The collected metrics are periodically updated and
used for scheduling decision and performance evaluation. The real time metric collection
helps the proposed scheduler to understand the current state of the swarm cluster and
enables adaptive scheduling decisions.
5.4 Multi-Criteria Node Ranking
A multi-criteria decision-making mechanism is developed to rank swarm nodes in the
Docker Swarm cluster. The node ranking mechanism considers QoS and resource
parameters to calculate swarm node priority. The ranking mechanism identifies the most
suitable swarm node for container deployment under dynamic workload conditions. The
node ranking framework enables balanced workload distribution and efficient resource
utilization across the swarm cluster.
5.5 Reinforcement Learning-based Scheduling Model
The main contribution of this research is the development of a Reinforcement Learning
based intelligent scheduler using DQN.The RL environment consists of State Space, Action
Space and Reward Function.
State Representation

The state vector includes performance metrics.

17



Action Space

The action represents the selection of one node from the available Docker Swarm nodes for
deploying a microservice container.

Reward Function

The reward function is designed to improve QoS and energy efficiency. The DQN model
continuously learns from environmental interactions and updates scheduling policies

dynamically to achieve optimal deployment decisions.

5.6 Proposed MCSCM-RL Scheduling Framework
The proposed framework, named MCSCM-RL, integrates:
e Dynamic node monitoring

e Multi-criteria ranking

e QoS-aware scheduling

o Energy-aware optimization

e Reinforcement Learning-based decision-making
The scheduling workflow operates as follows:

Collect real-time node metrics

Calculate node ranking values

Generate current system state

RL agent selects optimal node

Deploy container on selected node

Measure startup and response time

Update reward and train DON model

o N & AR w N~

Repeat scheduling cycle dynamically
This adaptive container scheduling approach allows the system to continuously optimize

deployment decisions according to dynamic workload conditions.

5.7 Experimental Evaluation

The proposed work is evaluated using real deployment scenarios in the Docker Swarm
cluster. Performance analysis is carried out using performance metrics used in the research.
Multiple deployment experiments are conducted for clean/cumulative workloads and

scheduling strategies. Figure 5 shows workflow of the proposed research work.
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Figure 5- Workflow of Proposed research

The proposed MCSCM-RL scheduler is compared with:

e Random Scheduler

o Spread Scheduler

e Binpack Scheduler

e MCSCM (custom)

5.8 Application Model

The application model used in the proposed research is based on a microservice-oriented
architecture deployed in a Docker Swarm environment. The model is designed to evaluate

proposed MCSCM-RL framework under different workload conditions. The application
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environment consists of lightweight and CPU-intensive microservices deployed as Docker
containers across multiple Swarm nodes. Figure 6 shows microservices hosted on my
docker hub repository.

The experimental setup includes two microservices that simulate different workload
characteristics commonly observed in cloud-native applications. These microservices are
deployed using Docker images hosted on Docker Hub and are dynamically scheduled on

swarm cluster by different scheduling strategies during experimentation.
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Figure 6- Microservices on my docker hub

The first microservice, ms1, uses the Docker image anil2018/myapp1:myapp and acts as
a stateless request-processing service. This microservice simulates lightweight application
behavior similar to REST API-based services. The service processes client requests
independently without maintaining application state, making it suitable for evaluating
response time, startup latency, and scheduling overhead in microservice environments.
The second microservice, ms2, uses the Docker image anil2018/myapp1:fibonacci and
represents a CPU-intensive computational workload. This microservice performs
Fibonacci number calculations and is used as a synthetic workload generator to create high
CPU utilization conditions within the Docker Swarm cluster. The Fibonacci service helps
evaluate scheduler behavior under resource-intensive conditions and enables analysis of
CPU utilization, resource balancing, and QoS-aware scheduling performance.

The application model supports deployment of multiple instances of these containerized

microservices to simulate dynamic cloud workloads. During experimentation, services are
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deployed repeatedly under both clean load and cumulative load conditions. In clean load
deployment, previously running containers are removed before deploying new services,
whereas cumulative deployment continuously increases swarm cluster workload by
retaining active containers. This enables evaluation of scheduler adaptability, scalability,

and resource management under varying workload conditions.

5.9 Result

The proposed MCSCM-RL scheduler was experimented and evaluated on a real Docker
Swarm cluster consisting of one manager node and two worker nodes. The performance of
the proposed scheduler was compared with existing scheduling strategies including
Random Scheduling, Spread Scheduling, Binpack Scheduling and MCSCM. Figure-7 and
Figure-8 presents node-level metrics collection at regular interval and application metrics

collection after each deployment respectively.
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Figure 7-Node metric collection

Figure-7 illustrates the process of application metric collection performed after deployment
of each container in the proposed scheduling framework. The system continuously
monitors both node-level and application-level performance parameters. The collected
metrics are used to evaluate the current state of the cluster and support intelligent
scheduling decisions for subsequent container deployments.

The experimental evaluation was conducted under two deployment scenarios:
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1. Clean Load Deployment

2. Cumulative Load Deployment

The experiments were performed using containerized microservice applications deployed
repeatedly under varying workload conditions. Performance evaluation was carried out

using QoS and resource utilization metrics.
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SN 16 random_scheduler_test_202506862001438614735,manager,

11 randon_scheduler_test_20256862001507728514,manager ,

12 randon_scheduler_test_202568062002641316755,manager ,

13 randon_scheduler_test_20256862002125818103 ,worker2, 2
14 random_scheduler_test_20256862002159865685 ,worker1,3112,

15 randon_scheduler_test_26256862002229228838,worker1,

16 randon_scheduler_test_20256802002258917149,manager ,

17 randon_scheduler_test_20250862602329066722, worker1, &

18 randon_scheduler_test_2625802602359744398, nanager ,3116,6.12,

19 randon_scheduler_test_26250862602430900074, worker1,

26 randon_scheduler_test_26256862662568816727, worker2,

21 randon_scheduler_test_26256862662539458253, ranager , ,0.61,.
22 Service Nane,Node,Host Port,Startup Tine,Response Tine,Tinestanp
23 Service Nane,Node,Host Port,Startup Tine,Response Tine,Tinestanp
24 Service Nane,lode Host Port,Startup Tine,Response Tine,Tinestanp
25 Service Nane,Node,Host Port,Startup Tine,Response Tine,Tinestanp
26 randon_scheduler_test_2625686261528389714,nanager, 326

27 randon_scheduler_test_26256862615229566312, worker2, 1,6.61,
28 Service Nane,lNode Host Port,Startup Tine,Response Tine,Tinestanp
29 randon_scheduler_test1_26256862615653663323, manager ,

30 randon_scheduler_test1_20256802015722770349, manager , 3271,

31 randon_scheduler_test1_26256862015751387483, manager 3272,

32 randon_scheduler_test1_26256802015820508466, worker2, 3273,

33 randon_scheduler_test1_26256802015850157359, worker2,

34 randon_scheduler_test1_20256802015919817981, worker2, 3275,

35 randon_scheduler_test1_26256802015949472021, worker1,3276,3.61,
36 randon_scheduler_test1_26256802620018118760, worker1,3277,3.6,
37 randon_scheduler_test1_26256862026046772930, worker1,

38 randon_scheduler_test1 26256862626115411662,nanager, 3279,

Figure 8- Application metrics collection after each deployment

Clean Load Deployment Analysis

In the clean load deployment scenario, all existing microservices and containers were
removed from node before each deployment. This ensured that every container scheduling
policy was evaluated under identical initial swarm cluster conditions without interference
from previously deployed workloads.

The experimental results demonstrated that traditional container scheduling techniques
such as Random, Spread, Binpack, and MCSCM showed variations in startup time and
response time due to their static decision-making mechanisms. Random scheduling
frequently selected nodes without considering current resource conditions, which leads to
inconsistent deployment performance. Spread scheduling distributed workloads uniformly

across nodes, which improved load balancing but did not always optimize resource
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utilization. Binpack scheduling achieved better resource packing but occasionally caused
localized resource congestion on selected nodes.

The proposed scheduler achieved best performance in clean load deployment experiments
due to its adaptive and intelligent scheduling capability. Figure-9 shows average resource
utilization for each container scheduling policy under clean load scenario. As a result, the
proposed scheduler reduced average startup delay and improved response time compared

to existing scheduling policies.
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Figure 9-Average Resource Utilization under clean load

The results further indicated that integrating multi-criteria node ranking with reinforcement

learning significantly improves scheduling decisions even in low-load conditions.

Cumulative Load Deployment Analysis

In the cumulative load deployment scenario, microservices were continuously deployed
without removing previously running containers. This experiment simulated realistic cloud
environments where workloads dynamically increase over the time and node resources
progressively utilized. The cumulative deployment was conducted to evaluate the
scalability and resource-awareness of the container scheduling policies under increasing
swarm cluster workload.

Under cumulative workload scenario, traditional container scheduling strategies showed
significant performance degradation. Random scheduling resulted in uneven workload

distribution and frequent node overloading. Spread scheduling maintained balanced
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distribution initially but failed to optimize resource usage efficiently as cluster utilization
increased. Binpack scheduling densely allocated containers on fewer nodes, which
increased resource contention and degraded response time under heavy workload
situations. Figure-10 presents average resource utilization for each scheduling mechanism
under cumulative load scenario.

The proposed scheduler demonstrated improved adaptability and robustness in cumulative
deployment scenarios. The reinforcement learning agent continuously monitored node
states and dynamically updated scheduling policies based on changing swarm cluster
conditions. The multi-criteria ranking mechanism enabled intelligent workload distribution

by considering both resource utilization and QoS parameters during swarm node selection

for the deployment.
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Figure 9-Average Resource Utilization under cumulative load

The cumulative deployment results demonstrated the learning capability of the DQN-based
scheduler in adapting to dynamic workload conditions. As the number of deployed
containers increased, the RL agent learned efficient scheduling patterns that minimized

resource contention and improved system stability.

Comparative Validation of Scheduling Strategies
The comparison between Random, Spread, Binpack, and the proposed scheduler validated
the effectiveness of the proposed framework. Figure -11 shows comparative analysis of

Clean and Cumulative Deployment Scenarios for all container scheduling policies.
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Comparison of Key Metrics
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Figure 11-Comparative Analysis of Clean and Cumulative Deployment Scenarios

The comparative analysis showed that:

Random scheduling produced inconsistent performance and poor

optimization.

Spread scheduling improved load balancing but lacked QoS optimization.

Binpack scheduling improved resource packing but increased node congestion under

heavy load.

The proposed scheduler achieved better QoS, balanced resource utilization, and

adaptive scheduling performance.
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6.

Achievements with respect to objectives

The proposed research successfully achieved the main objectives of intelligent scheduling
of containerized microservices in cloud environments using Reinforcement Learning and
multi-criteria decision-making method.

The research successfully analysed the theoretical and practical aspects of microservice
architecture, containerization, and container orchestration technologies. An extensive study
of Docker and Docker Swarm was conducted to understand container deployment, resource

management, and container scheduling strategies in cloud environments.
Implementation of Docker Swarm-based Experiment Setup

A real multi-node Docker Swarm cluster environment was successfully developed using
Ubuntu virtual machines on windows-based host system. Docker swarm cluster consisting
of:
e One swarm manager node
o Two swarm worker nodes
The practical validation of the proposed scheduler under realistic cloud-native deployment
conditions was implemented.
Development and Evaluation of Existing Container Scheduling Strategies
Traditional Docker Swarm scheduling approaches including:
e Random Scheduling
o Spread Scheduling
e Binpack Scheduling and
MCSCM  Scheduling(custom) were successfully implemented and evaluated.
Experimental analysis identified limitations of these scheduling approaches in terms of:
e Resource imbalance
o Higher startup time
e Increased response time
e Poor adaptability under dynamic workloads

e Node overloading in cumulative deployment scenarios
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In order to validate the suggested scheduling framework, the baseline performance was

determined for comparative evaluation.
Development of Multi-Criteria Node Ranking System

A multi-criteria decision-making dynamic node ranking framework was effectively
developed. The node-level and application-level metrics were considered by ranking
system to identify optimal container deployment nodes dynamically.

The ranking mechanism improved:

e Load balancing

e Resource utilization

e QoS-aware scheduling decisions

Design and Implementation of Reinforcement Learning-based Scheduler

A major achievement of the research is the successful development of a DQN based
reinforcement learning container scheduler in Docker Swarm environments.

The Proposed scheduler:

e Dynamically learned optimal scheduling policies

e Adapted to changing workload conditions

o Selected nodes intelligently using current state of system

o Integrated multi-criteria ranking into state representation

The RL model successfully improved scheduling efficiency compared to static container

scheduling policies.
Integration of Energy-aware and QoS-aware Scheduling

The proposed scheduling framework successfully integrated QoS-aware and energy-aware
scheduling mechanisms. The scheduler considered both resource efficiency and application
performance during container deployment decisions.

The implemented framework achieved:

e Reduced startup time

o Improved response time

e Balanced workload distribution

o Efficient resource utilization

The research demonstrated that integrating QoS and energy optimization greatly enhance

the overall system performance.
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Successful Evaluation under Clean and Cumulative Workload scenarios

The proposed scheduler was experimentally evaluated under:

e Clean load deployment

o Cumulative load deployment

The results demonstrated that the proposed scheduler maintained better performance
stability and adaptability under increasing workloads compared to existing container
schedulers.

The research provides a practical and scalable framework for intelligent container
scheduling in cloud-native environments.

The proposed research methodology can be extended to:

e Large-scale cloud platforms

e Public cloud computing environments

o Kubernetes based container orchestration system
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7.

Conclusion

In cloud computing environments, the importance of efficient container orchestration and
intelligent resource management are crucial due to rapid growth of cloud-based
applications and microservice architectures. Traditional container scheduling strategies
used in Docker Swarm, such as Random, Spread, and Binpack scheduling, offer basic
workload distribution mechanisms but have limitations when it comes to handle dynamic
workloads, QoS requirements, and energy efficiency. Under constantly changing workload
conditions, these container scheduling approaches often results in resource imbalance,
increased response time, higher startup delay, and inefficient resource utilization.

By developing a Multi-Criteria Scheduling of Containerized Microservices using
Reinforcement Learning (MCSCM-RL) framework for Docker Swarm environments the
proposed research successfully has addressed these issues. The proposed approach
combines multi-criteria node ranking with Deep Q-Network based reinforcement learning
to provide adaptive and intelligent scheduling decisions. The scheduler dynamically
evaluates cluster nodes using node-level and application-level QoS parameters such as CPU
utilization, memory utilization, container count, startup time, and response time.
Experimental evaluation was conducted under both clean deployment and cumulative load
deployment scenarios using lightweight and CPU-intensive microservice. The
experimental results demonstrated that the proposed MCSCM-RL scheduler outperformed
all existing container scheduling strategies.

The integration of QoS-aware and energy-aware optimization mechanisms enabled the
proposed framework to maintain stable performance even under cumulative workloads.
The research also validated that combining reinforcement learning with multi-criteria
decision-making significantly enhances container scheduling efficiency in distributed
microservice environments. All things considered, the proposed research offers an
intelligent, scalable, and adaptive scheduling framework appropriate for current cloud-
native systems. The work contributes toward efficient container orchestration, QoS

optimization, and energy-efficient resource management in cloud computing environments.
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8.
Future Work

The proposed MCSCM-RL scheduling framework can be further extended to support large-
scale and real-world cloud computing environments. To evaluate its performance in
enterprise-level container orchestration systems the proposed scheduling framework may
be experimented on Kubernetes in future. The scheduling framework can also be deployed
on public cloud computing platforms and fog computing environments where workload
distribution and latency optimization are very critical. Additionally, advanced Deep
Reinforcement Learning techniques and Actor-Critic models can be explored to improve
learning stability and scheduling accuracy under highly dynamic workload situations.

Further enhancements may include the integration of auto-scaling, fault-tolerance and
security-aware container scheduling mechanisms to improve reliability microservice
environments. These future enhancements can further strengthen the effectiveness of

intelligent container scheduling for next-generation cloud systems.
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Abstract: Containerization offers lightweight virtualization and modern applications are adopting containers because of their scalability,
portability, and flexible deployment, particularly with microservices. In contrast to monolithic architecture, microservice design is a new
paradigm that delivers granular and loosely coupled services. With containerization, it is feasible to create a scalable application
architecture made up of several microservices. For their production environment, companies like Netflix, Google, Microsoft, and others
have been using cloud environments based on containers. We have presented an extensive review of containerization, and microservice
architecture in this paper. The study also discusses container orchestration, classification of container scheduling techniques, optimization
objectives for scheduling of container-based microservices, and a comparison of different container orchestration platforms. Container
scheduling strategies are widely developed using heuristic and meta-heuristic techniques. Designing a resource efficient scheduling
technique for containerized microservice is a key challenge due to various factors such as dynamic workload and diverse resource
requirements. Machine learning has great potential and machine learning-based techniques have been employed for the optimized
scheduling of containerized microservices in recent years. It is possible to implement an intelligent container scheduling approach to
forecast performance. Machine learning-based multi-objective container scheduling solutions can be proposed to obtain effective resource
usage of cloud environment. We mention areas that still need investigation in the field of container scheduling for containerized

microservices.

Keywords: Cloud Computing, Containerization, Container scheduling, Microservice, Machine learning

1. Introduction

These days, cloud computing is becoming more and more
popular. Many apps are moving from private infrastructures
to cloud-based environments to take advantage of its
features, which include scalability, flexibility, agility, and
cost-effectiveness. When physical resources of the cloud,
such as memory, CPU, storage, and network resources, are
allocated to different cloud-based applications and
computational resources are used effectively, the cost of
application deployment and operation is decreased. One of
the main concerns for cloud service providers is how to
deploy applications on the cloud at a reasonable cost.
Resource management, scheduling, and allocation have all
been extensively researched for the deployment of a variety
of dynamic applications to address these problems. To
streamline processes and minimize costs associated with
developing and deploying cloud-based services, we have
investigated the multiple architectural paradigms [1].

Resource virtualization—or sharing of resources amongst
applications—is made possible by virtualization
technologies. Applications on the same system can therefore
operate in many execution environments. To provide the
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necessary resource isolation, hypervisor-based
virtualization incurs expense by performing various
duplicate functionalities to abstract the system resources.
CPU overhead, memory overhead, network overhead, and
Disk overhead are the overheads that occur in virtual
machines [2].

Containers are quickly gaining popularity and replacing
virtual machines in recent years due to their several
promising characteristics, like shared host operating system,
quick launch time, scalability, portability, and quick
deployment. With containers, applications can boost
productivity and portability by wrapping all required
dependencies as code, runtime, code, system libraries, and
system tools, into a single box. This creates a run-time
environment that is platform-independent [3]. Software
applications that offer virtualization at the operating system
level are called containers. Container-based computing
platforms can be installed, terminated, replicated, recovered
from, and relocated in milliseconds owing to their
architecture [4].

The paradigm of cloud computing is being revolutionized
by containerization [3, 4, 5], and in response to the
increasing demand for these services, numerous cloud
service providers have begun to offer services based on
containers. A few instances are Amazon Elastic Container
Service, Google Container Engine, and Azure Container
Services. Modern applications must communicate in real-
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time, get regular updates, and deal with fluctuating traffic
patterns.

A new paradigm for developing applications for cloud
computing is microservices. It separates an application into
a collection of fine-grained, loosely connected services. It is
a deployable and independently scalable application
component. The traditional "monolithic" approach for
developing applications, where every application is a stand-
alone, independent component, is contrasted with the
microservice-based method. For example, in client-server
applications, the server is a single unit that executes logic,
gets and/or changes data, and responds to HTTP requests.
Therefore, the challenge with these monolithic architectures
is that every time the logic of the application changes, an
updated version of the whole code base must be deployed.
Because each microservice only handles a single subtask or
service, there is less overhead in communication and less
computing power needed.

Numerous major corporations, such as Netflix, Amazon,
IBM, Uber, Alibaba, and others, have moved their apps to
this development framework because of microservices [6].
These days, cloud-based applications are frequently
developed using the microservice architecture, which is
growing in popularity in application design and
development [7]. Microservices can be deployed and
encapsulated in a cloud environment using containers, a
lightweight virtualization technology. Certain scheduling
techniques for containers have been suggested as a result of
the advancements in container technology and the growing
popularity of microservice architecture. Nonetheless, there
are still a few significant issues with scheduling of
containerized microservice in cloud environments that need
to be resolved.

The growing popularity of microservice architecture and
container architecture for cloud computing offers the chance
to enhance the elasticity and scalability of application
development. Compared to virtual machines, containers
offer more portability, faster deployment, and reduced
utilization of resources. As a result, it's a great tool for
scheduling, encapsulating, and deploying microservices. At
present, Google Kubernetes, Apache Mesos, and Docker
Swarm are the most popular container cluster management
tools [8, 9, 10].

To the diverse workloads and resources available on the
cloud, container scheduling has become essential for the
cost-effective operation of microservices on the cloud
platform. Researchers have proposed various container
scheduling approaches to accomplish different performance
objectives, including response time, energy consumption,
resource utilization, and availability, load balancing, and
cost. There was some investigation into the practical
deployment of microservice-based applications using
containers. In a cloud system based on containers, we

investigated container scheduling for microservice
deployment. One researcher has developed approaches to
figuring out how much resources to allocate to each
microservice and how to scale effectively when workload
varies.

In addition to meeting the cloud cluster's load requirements,
an efficient container resource allocation strategy
guarantees the cluster's reliability and efficiency. Additional
study is necessary to investigate the performance of
microservice applications, cloud cluster reliability, and
network transmission overhead between microservices, all
of which can be enhanced [7].

The remainder of the paper has been arranged in this
manner. A brief history of containerization, container
architecture, and microservices architecture is given in the
second section. The third section presents a comparison of
several container orchestration technologies, classifies
container scheduling strategies, and explains the
optimization objectives used to schedule microservices
based on containers. The scheduling of containerized
microservices is discussed in the fourth section along with
the relevant container scheduling work for microservices. In
the fifth section, the significance of machine learning is
discussed, along with an in-depth investigation of the
techniques based on machine learning that are employed in
container scheduling. Additionally, it shows how well
machine learning techniques perform in different
optimization objectives and the scheduling container
technology. The sixth section presents research and the
future. The future and research directions in the field of
containerized microservices scheduling are presented in the
sixth section. The seventh section brings survey to its
conclusion.

2. Background

Significant  background information on container
architecture, microservices architecture, and container
engines is presented in this section. We have also showcased
the associated research that compares the performance of
virtual machines and containers made with Docker.

2.1 Containerization

High service downtime occurs while an application is being
upgraded on a virtual machine. On the other hand, due to
their faster startup times and improved performance,
containers are promising lightweight virtualization
technology for cloud-based services, particularly when it
comes to microservices, edge computing, smart cars, and the
Internet of Things [10]. The architectural approaches for
virtual machines and container technologies are distinct, as
seen in Figure 1. Considering the container architecture, a
container engine represents the top layer of the stack’s
resource management system. It is situated directly on top
of the host operating system, whereas the comparable layer
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in the virtual machine architecture is called the hypervisor.
The fact that a guest operating system is not needed for
running containers is a fascinating characteristic of the
container-based design. Compared to virtual machines, it
offers portability, efficiency, and less overhead because the
hypervisor layer is removed [11].

VM-1 VM-2 VM-n
- App 2
Guest 0S Guest 0S Guest 0S Container Container Container

Container Englne

Fig 1. Hosting Approach: Virtual Machines and Containers
Furthermore, the authors in [11][12] found that in terms of
total throughput, services deployed using containers
perform far better than virtual machines. Virtual machine
deployment of real-time applications was also found to have
a significant performance overhead, as shown by the CPU
utilization and memory consumption. Moreover, Docker
containers are allegedly launched on top of Amazon EC2
virtual machines by Amazon Cloud, which goes against the
standard procedure for application deployment shown in
Figure 1. The container deployment strategy used by
Amazon Cloud Platform is depicted in Figure 2.

VM-1 VM-2 VM-n

Container

App-1 App-2

Containel'  Container Container  Container

Container Engine Container Engine Container Engine

Guest OS

Guest OS Guest OS

Fig 2. Container hosting approach in Public Cloud

Developers use container technologies extensively for
deploying various microservices. Despite containers'
enormous popularity in cloud computing, no comprehensive
study is present that addresses scheduling approaches for
containers from the perspective of containerized
microservices [12,13]. When it comes to application
deployment, developers who build and deploy application
containers must make the most of the infrastructure's

performance. The demand for various types of container
scheduling algorithms for the deployment of containerized
microservices is driven by this resistance to cloud providers.

2.2. Container Engine Architecture

Software developers build and distribute container images,
which are files that include the data needed to run a
containerized application. Containerization tools are used
by developers to create read-only, non-modifiable images in
containers. On top of any infrastructure, users can create
containers with the use of containerization tools. The most
widely used container solution available right now is called
Docker, and here it is used to illustrate the concept of
containerization.

Docker is an open-source platform that makes it simpler to
build, deploy, and run services that use containers. Users
can deploy applications more quickly by separating the
applications from the infrastructure through the use of
Docker containers. Docker Swarm, Docker Compose,
Docker Images, Docker Daemon, and Docker Engine are
major components of Docker. We may manage this
infrastructure in the same manner that we would an
application. The Docker container engine's architecture is
depicted in Figure 3.

Container 1 ﬂ
Container 2 E

Container 3

>
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o
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Host OS

Client Docker Host

Docker Registry

Fig 3. Architecture of Container Engine [14]

The component of Docker that creates and manages Docker
containers is the Docker engine. The container is an instance
of a Docker image that is currently running. A Docker image
is a read-only template which contains the instructions on
how to build a Docker container. The Docker daemon serves
as a process that is used to manage and control the
containers. The primary service that Docker users use to
interact with Docker containers is the Docker client. Every
Docker image is stored in a Docker registry. The Docker
CLI (Command Line Interface) enables us to start, stop, or
remove containers [14].

2.3. Microservice Architecture

A new paradigm for developing cloud applications is
microservices. An application is divided into several fine-
grained, loosely coupled services using microservice
architecture. A microservice is a deployable, independently
scaled application component. The traditional "monolithic"
approach to application development, in which each
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application is a single autonomous unit, is compared with
the microservice-based approach. Many organizations,
including Uber, Netflix, and Amazon, are switching from
traditional monolithic architecture to microservice
architecture because of their high scalability requirements
and massive user counts. A comparison of the microservice
and monolithic architectures is shown in Figure 4.
Monolithic applications are scaled by replicating them on
multiple servers, while microservices are scaled by
distributing across cloud servers and replicating them as and
when required.

Business Data
Logic Access

Fig 4. Monolithic and Microservice architecture

Compared to monolithic architectural approaches,
microservices are independent components of an
application that are small and easy to work with. The
flexibility to adapt and be implemented on their own is
referred to as the services' autonomy. Microservices can
independently create, deploy, test, and operate; they are
typically run by separate developer teams and structured
around business logic. Moreover, microservices may utilize
many technologies and be developed using different
programming languages. Microservices are deployable and
scalable using container-based virtualization [16]. The
deployment of a microservice instance in a cloud container
is depicted in Figure 5.

A newly created microservice should be able to register
itself by saving its runtime configurations and updating the
deployment information so that it can communicate with
other microservices in the same application. Microservices
will have their development framework and each will be
developed independently. To create microservice binaries,
the deployment server retrieves the source code from the
repository, compiles, and tests the microservice code. The
deployment server generates a container image with these
binaries, which is then kept in the repository of containers.
These container images are deployed to the deployment
server after they are created. The developed microservice
would be deployed in one or more containers.

M

Centainer

seRvice

M

Container

vvvvvvv

Fig 5. Deployment of Microservice in container [16]

A newly created microservice should be able to register
itself by saving its runtime configurations and updating the
deployment information so that it can communicate with
other microservices in the same application. Microservices
will have their development framework and each will be
developed independently. To create microservice binaries,
the deployment server retrieves the source code from the
repository, compiles, and tests the microservice code. The
deployment server generates a container image with these
binaries, which is then kept in the repository of containers.
These container images are deployed to the deployment
server after they are created. The developed microservice
would be deployed in one or more containers.

3. Container Scheduling for Microservices

Emerging requirements for container scheduling are
imposed by the container-based infrastructure to guarantee
the performance of deployed microservice-based
containerized applications. The underlying physical
machine or cloud cluster must provide the resources that a
container requests, which are frequently a combination of
several resources like CPU, memory, network, etc. Since
there are frequent updates and data transfers, containers
inside a distributed application frequently have a strong
affinity for one another. Thus, affinity needs to be
considered when planning container schedules. During the
execution of the application, the scheduling algorithms are
routinely called upon, especially when scaling out or
recovering from failure, which typically involves crucial
time constraints. As a result, the scheduling overhead ought
to be minimal [17,4].

3.1 Container Scheduling Classification

Numerous research papers on container scheduling have
been reviewed by us. It was discovered that the four kinds
of container scheduling approaches under investigation each
had different performance and quality characteristics. The
majority of the suggested approaches fall into Mathematical
modeling-based techniques, Heuristics based techniques,
Meta-heuristics-based technique, and Machine learning-
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based techniques.

Mathematical modeling offers the optimization of a linear
function using a set of linear constraints, the technique is
called integer linear programming. From the perspective of
container scheduling, it does not offer optimum solutions
promptly. Many researchers have proposed linear
programming models for container deployment considering
various optimization objectives to obtain optimum container
scheduling and showed efficient results as well. It has been
observed that mathematical modeling is suitable to the
problem in small size.

After a detailed survey it is found that compared to
mathematical modeling, the heuristic techniques are
preferable in container scheduling. Most of the approaches
investigated in recent years use some kind of heuristic to
find the optimum container scheduling. In the majority of
situations, heuristic algorithms are simple to use and offer
effective scheduling in a small amount of time. Most of
these approaches combine current container scheduling
techniques and apply them in Kubernetes and Docker
Swarm. [3] Summarized the heuristic techniques employed
in container scheduling. A researcher has showed a scheme
for efficient resource utilization. Container scheduling
framework for the Docker environment also proposed best-
fit scheduling that offers dynamic monitoring and showed a
23% energy-efficient solution as compared to Docker
Swarm. A multi-objective approach that combines all three
(Spread,Binpack,Random) of Docker Swarm to provide
efficient  container scheduling is proposed with
considerations of memory utilization, network delay, CPU
utilization, and interaction between cluster nodes and
containers. The approach showed efficient performance.
After the survey, it is observed that heuristic techniques
generally offer quick optimization, furthermore, they can be
integrated with other optimization approaches for enhanced
container scheduling.

Meta-heuristic approaches are promising in getting the
optimum solution in a variety of sectors nowadays. Ideally,
these approaches are adaptive to the environment and they
can be based on Genetic algorithms, Ant Colony
Optimization, and Particle Swarm Optimization. [3]
Summarizes meta-heuristic approaches used in container
scheduling. Kaewsaki(2017) presented ACO(Ant colony
optimization) based approach presented to improve resource
usage and load balancing. The strategy was experimented
on Docker Swarm and showed 15% enhanced performance.
From the perspective of the microservice, Lin(2019)
presented a multi-objective ACO scheduling technique that
is used to optimize network transmission overhead, failure
rate, and resource utilization of containerized microservices.
Results showed enhanced resource usage and reliability.
Genetic algorithms and Particle Swarm Optimization-based
container scheduling techniques have also been proposed in

recent years. Li(2018) proposed a PSO-based technique to
improve load balancing and resource usage. Results showed
enhanced performance by 20% compared to the spread
technique of Docker Swarm.

After an extended literature survey, it is observed that
researchers have proposed hybrid scheduling techniques for
container scheduling in which ACO and PSO are combined
to offer efficient scheduling mechanisms. Furthermore, it is
found that meta-heuristic approaches are more suitable for
multi-objective optimization. The field of machine learning
has been an emerging field of study that has shown
tremendous potential in numerous applications across
various fields and it holds great potential for container
scheduling. Particularly when it comes to scheduling the
containerized microservice, machine learning approaches
are thoroughly investigated. We have investigated the
machine learning algorithms employed for the scheduling of
the containerized microservices and discussed in Section-5
of the paper.

3.2. Performance Objectives for Container Scheduling

According to particular user requirements, the scheduling
decisions typically need to accomplish several performance
objectives. When deploying applications in containers,
striking a balance between competing optimization
objectives is still a major challenge. The objectives
mentioned below are thought to be the most typical ones for
scheduling cloud containers [3,4].

Energy efficiency: The huge amount of electricity used by
cloud environments has become a major concern in the area
of cloud computing due to the constantly expanding scale of
cloud data centers. When deploying containers on nodes that
are working, the amount of power used is referred to as
energy consumption. The objective seeks to reduce the
cluster's overall power consumption.

Cost: The total cost of running an application is determined
by the price of several services, including computing,
storage, and communication. The amount of time needed to
run an application on the cloud cluster's available cores is
referred to as the computation cost. The more time an
application runs on a processor, the more costly it becomes.

Availability: It specifies how long a user has access to an
application. Awvailability is a key component of cloud
computing, where users should always be able to access a
service or application. The objective is to ensure that the
schedule that is generated offers some kind of fault tolerance
for the different services that the application provides,
requiring redundancy in the number of containers that are
deployed in the cloud.

Resource Utilization: It is the effectiveness with which a
worker node uses its memory, core, and network bandwidth.
To achieve this goal, a cluster node's energy efficiency and
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cost-effectiveness increase with its resource utilization. For
energy and cost efficiency, infrastructure-level resource
utilization measures like CPU and memory usage are
typically regarded as vital application performance
indicators.

Load Balancing: The task of dividing up the workload
among available resources equally so that no one node
becomes overloaded is known as load balancing.
Throughput, cost, and response time are all impacted by this
objective. This measure is

critical, particularly for container applications that take
advantage of microservice architectures.

Scalability: The scalability of containers to maintain the
required service even in the face of growing system demand
for the application or service is another important parameter.

Latency: The duration needed for an application to run from
start to finish is known as latency. Reducing latency is
always the objective of a good scheduler. Cost and
throughput are greatly impacted by this objective.

Security: An ability to protect data and services from
malicious attacks or software bugs by encryption and access
control methods. Orchestration tools must be able to offer
essential security.

Network Bandwidth: The number of bits transferred in one
second on the network is referred as network bandwidth. It
would assist in assessing network delays and handling
congestion that occurred during the communication of
containers.

Carbon Emission: It is the volume of Carbon Dioxide that
is emitted into the atmosphere as a result of using electric
power that is specifically created when fossil fuels are
burned.

SLA assurance: The majority of containerized applications
are set up with precise performance parameters, including
throughput, launch time, completion time, and response
times. The majority of these constraints are outlined in SLA
contracts, and breaking them may result in a penalty.

3.3. Container Orchestration

The containers are widely employed by organizations to
deploy modern applications such as loT and Big data in
cloud data centres. As a result, container orchestration has
emerged. Container orchestration facilitates defining,
selecting, deploying, monitoring, and dynamically control
the configuration of containerized services in the cloud. The
container orchestrator performs the scheduling of
containers, selecting the optimal node and ensuring the
container is running in the desired state. Container
orchestration system enables organizations to streamline
application development by deploying the same application
without having to rebuild it in a cloud computing

environment.

The deployment of containerized microservices, cost, and
performance are all significantly impacted by the intricate
container scheduling problem. Applications are not just
moved between servers and turned on and off with container
orchestration. When a multi-container application is
deployed, users can specify how to manage the cloud's
containers through the use of container orchestration.
Container orchestration describes the way multiple
containers are managed as a single unit in addition to how
they are initially deployed [18]. The section discusses
taxonomy of container orchestration and analyses the
orchestration systems in the context of the scheduling of the
containerized applications. [19] Analyses the existing
container orchestration systems concerning container
technology used, the application model it follows,
placement  constraints, and resource granularity.
Orchestration systems for the system objectives such as
scalability, availability, throughput, and resource utilization
are also investigated. The result of the investigation is
summarized in Table 1.

Container orchestration tools available today are as follows.
Docker Swarm

The built-in scheduling and clustering mechanism for
Docker containers is called Docker Swarm which
orchestrates the application or service running in a Docker
container. Applications are treated as services; they might
be decomposed in microservices and may be deployed in
one or more containers. The Swarm manager is used for
controlling the entire life cycle of applications containerized
in Docker containers. It supports three scheduling
techniques by default: First, there is the Spread approach,
which chooses the newly deployed containers for operation
on the least loaded hosts; second, there is the BinPack
strategy, which chooses the most loaded host with sufficient
resources to run the containers. In addition to this, the third
is the Random method, which chooses the node at random.

Kubernetes

An open-source container orchestrator called Kubernetes
was first created by Google that facilitate the automated
deployment and scaling of containerized applications. The
pod is a group of containers and the basic building block of
the Kubernetes orchestration framework. Kubernetes
scheduler provides schedules for each pod based on
available resources, filtered by user-specified requirements,
and ranked according to application affinities that are
individually defined. The Kubernetes cluster contains
Master and Worker nodes, where the master node is the
fundamental component and the worker nodes perform
services to run pods.

Mesos
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Two steps are available for scheduling with Apache Mesos.
It allocates the physical node's resources to each application

top of Mesos and enables long-running services to be
deployed on the container.

Table 1 . Taxonomy of Container orchestration tools

Apache
Orchestrator Swarm  Kubernetes Mesos Aurora Marathon YARN Omega Fuxi
Organization  Docker Google UC Berkeley Twitter Mesosphere Apache Google  Alibaba
Open Source v v v v v v - -
M Linux
esto.s Apache Mesos cgroups- Linux
Technology containers, Mesos, containers, based, cgroups-
of container  Docker Docker Dokcer Docker Docker Docker N/S based
Pre-emption - - - v - - v
Rescheduling - - - v - - v
Label
and Label and
Scheduling  affinity- affinity- Value and Value and Value and Value
constraints based based N/A limit-based limit-based limit-based N/S based
Scalability v v v v v v v v
High
Availability v - - - - - v v
High
Utilization v - - - - - v v
High
Throughput v - - - - - v v
Resource Fine- Fine- Fine- coarse- Fine- Fine-
granularity  grained grained Fine-grained grained Fine-grained grained grained  grained
Long Long Long
Application  running running running Batch
workload tasks All All tasks tasks Batch tasks All tasks
in order is a framework for Mesos that is developed for the

during the first stage, which is referred to as the framework.
After accepting the offer, the framework can use its built-in
framework scheduler to plan its tasks on the obtained
resources. Mesos does not offer service discovery. Hence,
Kubernetes or Swarm is integrated to address this lack.
Orchestration frameworks Aurora and Marathon depend on
Mesos to manage the cluster resources of the container
cluster.

Aurora is developed by Twitter, a scheduler that runs on

orchestration Marathon of long-running services. It offers
fault tolerance and high availability; it ensures that deployed
applications will continue running even in the situation of
node failures.

YARN is designed for orchestration of Hadoop tasks, it also
supports frameworks like Giraph, Spark, and Storm. Each
application framework running on top of YARN coordinates
its execution flows and optimizations as it sees fit.

Omega is Google's next-generation cluster management
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system

that offers a platform that enables specialized and
customized schedulers to be developed, providing users
with great flexibility.

Fuxi is a resource management and scheduling system that
supports Alibaba's proprietary data platform. It is the
resource management module on their Aspara system,
which is responsible for managing the physical resources of
Linux clusters within a datacenter [20].

4. Container Scheduling for Microservices

In addition to fulfilling user service needs, efficient
container scheduling minimizes running overhead and
guarantees the performance of the application and the cloud
environment underneath it [9,20]. We have reviewed the
open issues within the scheduling of containerized
microservices and presented herein this paper, different
scheduling methods employed for the containerized
microservices are investigated and discussed in this section.

4.1. Issues in Scheduling of Microservices

The number of independently running microservices must
fulfil the necessary function, handling thousands of requests
for access and ensuring high availability, scalability, and
tolerance over network failures [21]. The services that
comprise the application must communicate with one
another constantly to use the microservices architecture. In
order to complete the task, each service must simultaneously
use the interface for interaction between its services. The
communication between microservices is extremely
difficult because an enormous number of microservices
instances run on a large number of containers, and the
placement of microservices instances is also constantly
changing High complexity and dynamicity pose many
challenges for handling microservices.For managing
microservices networked together such as 2-tier or 3-tier
web applications and Internet of Things (loT) based
applications, we have yet to discover a conventional large-
scale, optimized scheduling platform. Following a thorough

survey, we discovered the following issues with
microservices scheduling [22].

Configuration and Management

Typically, a cloud application integrates several

interdependent microservices, such as a web server,
database server, and load balancer, to provide a variety of
functionality. These microservices also have interference
and dataflow dependencies. Dealing with different
microservice configurations and cloud data center resources
operated by diverse performance needs presents some
issues.

Application Composition

The workloads associated with various microservices are
interdependent, meaning that modifications to one
microservice dataflow and execution will have an impact on
others. All things considered, the application composition
must address the entire life cycle, including deploy, patch,
monitor, reconfigure, and shutdown, all of which are
influenced by each of the microservices' objectives for
performance.

Monitoring of microservice

A clear and updated understanding of objectives for
performance across microservices and data center resources
is necessary for optimal application performance. Measures
of performance include, for instance, throughput and latency
for storage resources, utilization and throughput for CPU
resources, and query response time for microservices based
on NoSQL and SQL databases. Thus, there is still work that
needs to be done to define and construct performance
objectives across microservices in a coherent manner that
provides a comprehensive perspective of data and control
flows.

Elastic Scheduling and runtime Adaptation

Microservice scheduling is challenging due to several
runtime uncertainties. Microservice workload behavior,
including request arrival rate, type, and processing time, as
well as Input/output system behavior and the number of
users connecting to different microservice types and
mixtures, is difficult to estimate. Developing workload
models specifically for microservices presents a significant
challenge: accurately determining and fitting statistical
functions for observed distributions, including those
pertaining to request arrival patterns, CPU and memory
utilization patterns, 1/0O system behaviors, request
processing time distributions, and network usage patterns.
Manually solving the issue wouldn't be possible.

Microservice Interference

If several microservices are deployed in a single container,
there may be resource conflict and interference because
various microservices may have similar resource
requirements. To minimize interference and make the best
use of available resources, it's essential to understand how
microservices running in tandem fluctuate in terms of
performance.

Service Discovery

During the running time of microservices, discovering the
proper microservice needs the orchestration which needs to
be aligned with the essential quality of the service. An
essential quality parameter is the latency of the discovered
and triggered microservice.

Performance isolation
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In a containerized system, a single container can handle
several heterogeneous microservices that offer different
application-specific functionalities. Unexpected conflict
and interference are possible in this scenario. Certain
microservices have more storage requirements than others,
some have more computational requirements than others
(such as transactional query processing by database
servers), and some have more communication requirements
than storage requirements.

Communication and integration

These issues have arisen because of the distributed
architecture of the microservices. It is challenging to ensure
that the communication system is dependable and that the
protocol to be used for communication and integration can
manage challenging processes, even when microservices
communicate with a more lightweight protocol. Reliability
and durability are the two most crucial requirements for both
problems; if these are not satisfied, the system's capacity to
function properly and reliably will be impacted, perhaps
leading to cascading failures.

4.2 Approaches for scheduling of containerised
microservices

The deployment of containerized microservices poses some
challenges, most of which are related to planning and
deployment configuration in the container. The
heterogeneous requirements of microservices demand an
optimal container scheduling mechanism to meet these
requirements. The microservices need to be monitored and
automatically adjusted resources according to varying loads
for the predictability and availability of the application.
These requirements bring a lot of challenges for the
scheduling. The chain of services must be arranged and
managed, and the available resources must be scheduled for
efficient utilization. The system's dependability and
availability are directly impacted by ineffective scheduling.
Additionally, container scheduling for microservices
frequently needs to be reviewed for effective analysis and,
further improvement. In this section, we have presented the
studies and work related to the scheduling of microservices.

[MIAO LIN, 9] presented a model to enhance the
microservice-based container resource allocation approach.
This model includes reducing overhead of network
transmission between microservices, load, and enhancing
the cluster services' reliability. The researcher used the
average number of microservice request failures, the
maximum value of the resource utilization rate, and the
network transmission overhead between microservices to
achieve this. This was implemented using an Ant colony
optimization (ACO_MCMS) and it was presented to address
the issue of containerized microservices in the cloud
platform. It is compared with the current container
scheduling policies for an average number of microservice

request failures and computing resource utilization. The
result shows enhanced performance.

For microservices in clouds, [Sheng Wang, 23] suggested
and developed a task scheduling algorithm of microservices
as a cost optimization. Based on the workload statistics, the
proposed strategy selects the container and adapts to the
streaming load based on the statistics of the workload. The
strategy was tested in simulation-based environment and
results show reduced the cost in comparison with existing
scheduling mechanisms.

A microservices scheduling method called LWFF presented
by [H M Fard, 24] in which the scheduling problem is
characterized as an advanced version of the knapsack
problem and solved using a multi-objective optimization
technique, Findings indicate that, in comparison to the state-
of-the-art, the suggested mechanism is extremely scalable
and concurrently boosts CPU and memory usage, which
improves throughput. The suggested container scheduling
technique outperforms the Spread and Binpack scheduling
strategies in terms of throughput.

A novel Microservice-based container framework proposed
by [XUEHUA ZHAO, 25] for running mobility and delay-
sensitive applications at the lowest possible cost. The
findings demonstrate that the suggested approaches can
decrease costs, improve utilization of resources, and
minimize service delay.

Using the TOPSIS algorithm, [Tarek, 26] presented a novel
scheduling approach that combines the principles of Bin-
Packing and the Spread techniques. The suggested approach
aimed to identify, from a group of nodes that comprise a
cloud infrastructure, the node with the best balance between
three factors: (i) the total number of containers on the node;
(ii) the total number of CPUs available; and (iii) the total
amount of RAM accessible. The proposed scheduling
mechanism is experimented with in Docker Swarm and
compared with Spread, Binpack, and Random strategies.
The result shows improved performance under various
scenarios.
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The first Ant Colony Optimization technique for container
scheduling was introduced by [Kaewkasi, 3] to improve the
utilization of resources through appropriate load balancing.
Docker Swarm was used to integrate and test the proposed
strategy. The outcomes demonstrated a 15% improvement
in performance as compared to the Swarm Greedy

Automation of the container orchestration process for
complex and heterogeneous workloads under cloud
computing systems is very uncertain today. In the studies,
we found that machine learning has already been employed
in virtual machine orchestration. Current container
scheduling mechanisms are typically designed with

Table 2. Machine learning-based models used for scheduling containerized microservices

Problem in scheduling of containerized Machine Learning

applications

based solution

Advantage/ Limitations

How can the interdependencies between
micro services be analyzed?

LSTM
How can task dependencies in SVM
containerized applications be analyzed?
How can resource scheduling for containers MDP,

be made energy-efficient? SARSA

When migrating micro services to cloud
containers, how can the communication
delay be minimized?

How can workloads be characterized by
forecasting and modeling the behavior of
requests and the pattern of resource
consumption?

ARIMA,

TSNNR

BO, GP, CNN, and

Q-learning, and

DNN, Q-learning

LSTM, K-means++,GRU,

Increased  accuracy of
Ignorance  of  updates
dependencies

predictions/
regarding

Increased Accuracy/ The time overhead
and computational expenses are explained
implicitly

Cost saving, Minimizing task execution
time/ Limited scalability

Minimizing task execution time/Limited
scalability

Bi-LSTM, Optimized Resource utilization/

Scheduling delays

technique. Nevertheless, the strategy only took into account
a small number of optimization objectives, like load
balancing and utilization of resources.

[Mehmet,27] focuses on the challenges of scheduling and
auto-scaling of containerized microservices. The authors
claimed that existing scheduling mechanisms underperform
with streaming workloads and in architecture consisting of
virtual machines and containers. Thus, to overcome these
challenges, researchers proposed an elastic scheduling
mechanism that handles task scheduling and auto-scaling,
which is based on a variable-sized bin packing problem
(VSBPP). The proposed mechanism improves the success
ratio and cost.

C.T Joseph (2021) proposed a microservice rescheduling
framework to address performance degradation and
response time challenges. The author says, to define the
quality of any microservice, response time is an important
measure. The author claimed that the effect of configuration
parameters of containerized microservices has not been
handled well by the researchers.

5. Machine Learning in scheduling of microservice
based containers

heuristic scheduling policies that do not take into account
the variety of workload situations and QoS needs of an
application. The majority of these techniques are used for
small-scale systems that are configured offline based on
specific workload scenarios. Such scheduling techniques
cannot handle highly dynamic workloads where
applications need to be scaled at runtime according to
specific behavior patterns. When the system scales up,
heuristic techniques may perform significantly worse. When
resource provisioning, dependency structures between
components of containerized systems are not taken into
consideration. Within an application, several microservice
units contain internal relationships and depend on one
another. Microservice architecture suffers as a consequence
of increased resource requirements and communication
expenses.

The majority of the attention of current container
orchestration approaches is on evaluating infrastructure-
level metrics; application-level metrics and particular QoS
(Quality of Service) needs are not given enough weight. The
increasing complexity of managing applications on cloud
platforms has compelled cloud service providers to use
machine-learning approaches to optimize their container
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orchestration strategies [28]. Therefore, machine learning
techniques could be used to model and forecast metrics at
the infrastructure or application level, including workload
characteristics, system resource consumption, and
application performance. However, machine learning
algorithms, which offer better accuracy and less time
overhead in large-scale systems, could generate resource
management decisions directly in place of

heuristic techniques. We investigated the research work

[3] Reported the work related to machine learning-based
container scheduling. Resource optimization is very
challenging in diverse workload scenarios. To boot resource
usage, Nanda(2018) proposed a reinforcement learning-
based approach for container consolidation. The proposed
technique showed enhanced results compared SJF and
random scheduling techniques. Lv(2019) presented a
random forest regression model for the prediction of the
need of containers. The model accurately predicted the
future resource needs. Liu(2020) proposed a model to

Table 3. Container scheduling techniques and optimization objectives have been used by the researchers

machine learning algorithms are utilized in container
scheduling.

In past years, machine learning has gained immense
popularity and is widely employed in many research areas.
According to their optimization objectives, we found that
the most often used machine learning models in the
container scheduling area are Regression, Classification and
Decision-making. The overall performance of the
application and resource efficiency are directly impacted by
the quality of scheduling selections. Following our survey,
it was found that a few researchers used machine learning-
based models in the last few years, particularly for
scheduling of containerized applications.

Objectives ML Container Limitations
Energy Awvailability Utilization Load Cost Network approach - Technology
Balancin used used
g
V4 V4 ACO Docker Require parameter
tuning
V4 V4 N4 V4 First multi-  Kubernetes No energy
objective reduction
GA
v v v v GA Docker Slow
V4 V4 Random Kubernetes Only predict the
Forest resources and lack
of testing in real
time
v V4 V4 K-means Docker Few optimization
objectives are used
N4 NN based Docker Performance is not
model considered
N V4 Linear Cloudsim Cost is not taken in
Regression consideration
where predict the physical machine-level resource usage are

considered to improve energy efficiency and Service Level
Agreement of datacenters. The proposed model was tested
in ContainerCloudSim and showed reduced energy
consumption.

[28] Shows an evaluation of machine learning-based
container scheduling technologies. In 2016, K-nearest
neighbor was employed to estimate the resource
consumption of containerized applications. However, the
application model only considered the time series pattern of
infrastructure-level resource metrics. In Shah(2017) long
short-term memory (LSTM) model was applied to
microservices dependency analysis, based on neural
networks and fitted for classification, processing, and
forecasting. The approach assessed the time series pattern of
resource metrics as
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well as the internal relationships among microservices.
Tang(2018) presented a model for performance analysis of
important resource metrics which was carried out using the
bidirectional LSTM (Bi-LSTM) model. This model was
employed to forecast application throughput and workload
arrival rates. Comparing their training module to ARIMA
and LSTM maodels, it has shown a notable gain in accuracy
in terms of time series prediction. Podolskiy(2019) used
Lasso regression (LASSO) to forecast the service level
indicators (SLI) for the predictions of application response
time and throughput. The ANN model was trained using the
reinforcement learning technique, which provided the best
scheduling mechanism with the least amount of
performance interference.

In 2020, many Reinforcements Learning based approaches
were suggested. Qiu (2020), employed a model for
microservice dependency analysis and identification of the
essential components most likely to encounter resource
shortages and performance degradations. This model was
implemented using SVM. Zhang (2021), proposed a model
combination of Convolutional neural networks (CNNs) and
boosted trees (BT) to analyze the dependability and
performance of microservices, with promising results.

Table 2 displays findings following our thorough analysis
of the machine learning-based container scheduling model.
It demonstrates how different machine learning-based
scheduling techniques have been designed for containerized
microservices. A summary of meta-heuristics and machine
learning-based container scheduling techniques
summarized with the optimization objectives have been
used by the researcher and shown in Table 3. Analysis has
shown that approaches based on machine learning and meta-
heuristics are better suited for multi-objective optimization.

To summarize, the majority of research studies use
reinforcement learning models for scheduling decision-
making to improve utilization of resources and reduce task
completion time.

6. Discussion and Future Research Directions

Applications like the Internet of Things (loT),
microservices, smart infrastructure, and containers are
growing at a rapid pace and are widely used in cloud
computing environments. Containerization is a lightweight
virtualization solution that facilitates microservice
application encapsulation, scheduling, and deployment. For
this reason, a lot of cloud service providers have integrated
container technologies into their infrastructure to automate
applications. Container scheduling is proposed as a key
research challenge to address the automation of deployment,
scheduling, auto-scaling, and networking of containerized
applications. Applications that are highly diverse and
dynamic, significantly increase the complexity of container

scheduling.

Conventional scheduling and optimization techniques are
insufficient for scheduling containerized applications,
according to an analysis of different container scheduling
methods. All of the important objectives for performance
cannot be achieved by a single algorithm. Therefore, there
are still several issues that need to be resolved as important
areas for future research in the field of scheduling the
deployment of containerized applications in cloud
environments. With the rise of the fog computing paradigm,
processing and storage are being pushed closer to the user
for real-time applications resulting in reduced energy
consumption and quicker response time. The essential
technology used to provide such services are
containerization, which allows for dynamic workloads and
applications. To use this new field of microservice
applications, more resource-aware and energy-efficient
container scheduling strategies are also needed.

In the last few years, machine learning-based technigues
have also been wused for containerized application
scheduling improvement. Nonetheless, we have shown how
different strategies compare in terms of performance and
optimization objectives. Only machine learning would be
useful for dynamic and varied workload-specific scheduling
strategies. It would also be able to predict future
consumption of resources and workload, which would
enable intelligent scheduling decisions. Microservices have
become widely used in many domains, and most cloud-
native applications these days might have a large number of
microservices.

The number of user requests, their interdependence,
interference, and scalability all affect how an application
behaves, which increases overhead and lowers performance.
Therefore, an intelligent and efficient container scheduling
that takes into consideration every microservice architecture
issue would be needed. Multi-dimensional metrics for
performance would be predicted using machine learning
methods. The quality of scheduling and resource
provisioning decisions made in response to shifting user
demands in complex systems with diverse resource
utilization and dynamic workloads may be further enhanced
by these insights.

7. Conclusion

In this paper, we showed that the most appropriate method
for deploying containerized microservices in a cloud context
is containerization, which offers lightweight virtualization.
The growing popularity of cloud-based containers
highlights how crucial microservices management and
orchestration are to the entire microservices architecture.
Based on the optimization strategy used for containerized
application scheduling, we have presented the classification
of scheduling approaches and discussed several container
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orchestration tools.

Docker and Kubernetes would provide the best performance
in container orchestration and management from the
perspective of application developers. Our research
indicates that estimating the behaviour of microservice
workload concerning processing time, request arrival rate,
type, and number of users connecting to various
microservice types is challenging. For predicting
performance objectives, the microservice-based workload
model can be employed. In our studies, we found that
Machine Learning has a great potential for implementing
intelligent scheduling mechanisms. Our survey results show
that machine learning techniques are the most effective for
the scheduling of containerized microservices by making
the most use of the underlying cloud resources. Based on
these findings, we have suggested potential further studies
in this paper.

Furthermore, to offer efficient container scheduling, multi-
objective container scheduling techniques can be employed
to manage resources efficiently. Hybrid machine learning-
based approaches can also be employed. Our survey would
help researchers identify the key characteristics of Machine
learning-based approaches and choose the most suitable
method for efficient container scheduling for the
microservices.
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Efficient scheduling of containerized microservices is essential to ensure performance, scalability,
and quality of service in cloud native environments. Docker Swarm comes with three container
scheduling strategies by default: Spread, Binpack, and Random. These policies are based on static
heuristics and lack awareness of dynamic resource conditions and application-level performance
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both clean and cumulative deployment scenarios for containerised microservices. The results show
that the proposed scheduler consistently outperforms default Docker Swarm schedulers across all
evaluated metrics. Against the reference container scheduling strategies, the proposed scheduler
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instability associated with the Random scheduler while effectively mitigating resource peaks
commonly observed with Spread and Binpack schedulers. The proposed scheduler offers an
adaptive, quality of service-aware, and energy-efficient solution for scheduling of containerized
microservices in Docker Swarm architecture. Future work will focus on applying predictive
workload modelling, extending to larger heterogeneous clusters or Kubernetes.
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1. Introduction

protocols, primarily RESTful APIs or message queues.

Microservice architecture is a software development Unlike monolithic architectures, in which all features are
approach that splits the entire application into many combined into a single deployment unit, microservices
small, independent, and loosely connected service units enable modularity, independent scaling, and continuous
[1]. Each microservice is a distinct business function and delivery [2,3]. Internally, this architectural pattern
communicates with other services via lightweight perfectly fits cloud computing as each service can be
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deployed, scaled, and updated independently without the
risk of the changes affecting other parts of the
system. Microservices can be scaled horizontally based
on the load behaviours. Besides, they can be developed in
different programming languages or with different
frameworks, based on the functionality needs. Being
fault-isolated, microservices do not cause failures to
propagate to the entire system. The fast growth of the
cloud environments, including microservices-based
architectures, has led to a very big change in the software
development, application deployment, and their scaling
as it is known [3,4].

Containerization has become the backbone of cloud-
native computing, which basically means the building of
applications that are containerized together with all the
things necessary to be able to run in an extremely
minimal and portable manner [4,5]. Docker and similar
technologies provide better isolation, quicker startup
times, and a smaller footprint than the usual virtual
machines [6]. This is why containers are very well
adapted to microservice architectures, where the services
are conceived, deployed, and scaled independently.
Moreover, microservices go hand in hand with
containerization. A container is used to package every
microservice so as to have the best use of resources, quick
start-up, and a standard platform for all the
environments.

Container orchestration platforms oversee the life-
cycle of containerized microservices. For instance, in the
cloud, container orchestration platforms like Docker
Swarm and Kubernetes not only manage container
deployment manually but also automate such operations,
including scaling and networking [7]. When containers
are coordinated through platforms such as Docker Swarm
that offer very lightweight container isolation, portability,
and fast deployment, all these qualities are quite suitable
for the new and modern applications. In distributed
systems, container scheduling, i.e., selecting the
appropriate node to run a newly created container among
other nodes, is the major factor in achieving top resource
utilization, premium service quality, and cheap running
of operations [7,8]. The usage of containers to deploy
microservices, like with Docker Swarm, has become the
norm for the development of scalable, maintainable, and
portable applications [5,6]. Each microservice operates
inside its own container, with different and even changing
resource demands.

Figuring out the right spot for every container is a
problem called container scheduling. Making sure the
system runs smoothly, is dependable, and efficient is a
must [5,8]. Scheduling containers in huge cloud-native
environments is not only really complicated but also
involves optimizing multiple objectives at the same time.
In large-scale deployments, especially those with
dynamic workloads, intelligent scheduling becomes
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critical to balance Quality of Service (QoS) requirements
that directly affect response time and availability with
operational efficiency for latency-sensitive applications
[5,6,8]. However, creating an effective container
scheduling plan is really a lot more than a mere
puzzle. Cutting down on energy use is still the main
theme in reducing the operating costs [7,8].

There are tremendous advancements in container
orchestration and scheduling strategies, but several
limitations remain in place in existing container
scheduling strategies. First, existing scheduling
strategies, such as, Spread, and Random in Docker
Swarm, or predicate—priority scheduling in Kubernetes
are static and rule-based [5,6]. These scheduling
approaches are single-criteria, reactive in nature, and
effective in basic deployments. Besides, they do not
implement a changing and multi-dimensional decision-
making based on the current real-time system metrics,
and also do not change through the adaptive learning
from the past scheduling that they perform. As a result,
these schedulers may decrease resource efficiency and
application performance [9]. Second, existing learning-
based schedulers focus only on resource utilization
metrics (e.g.,, CPU or memory utilization) without
integration of application-level QoS indicators such as
startup time and response time. Third, the lightweight
container orchestration frameworks like Docker Swarm
are comparatively unexplored. Many reinforcements
learning-based approaches are tested mostly in
Kubernetes environments and may require complex
integration mechanisms.

On the other hand, scheduling methods with
learning at their base allow for making decisions in an
adaptable way by constantly exchanging with the
environment and updating scheduling rules according to
the system states that have been seen. By using learning-
based schedulers, it is possible to change work pattern
following and to work towards maximizing a system's
efficiency and robustness over a longer period. That is
why, the incorporation of ML methods into container
scheduling becomes a must in coping with the scalability
and adaptability problems of present-day orchestration
platforms. Machine learning can identify trends in
historical data and also can react to changing
circumstances instantly [9]. Regarding container
scheduling, use of machine learning has been considered
for prediction of resource requirements, workflow
categorization, decision making with multiple criteria
support, and scheduling with consideration to energy
consumption [8-10].

Existing research has explored machine learning for
scheduling in large-scale cloud systems, but Docker
Swarm specific reinforcement learning (RL) approaches
remain scarce [10].Furthermore, few studies consider
multi-criteria scheduling that simultaneously optimizes



CPU usage, memory usage, and energy consumption
[9,10].This gap is significant because containerized
microservice deployments increasingly require energy-
aware and application-aware scheduling policies that can
dynamically balance microservice performance and
energy efficiency.

These limitations highlight the need for a multi-
criterion, and learning-based scheduler. The scheduler,
which primarily determines the optimal placement of
containers guided by metrics such as CPU/memory
usage, number of containers, power consumption,
startup and response times, is capable of adjusting to
change in workload on-the-fly. To address these
limitations, this paper proposes MCSCM-RL scheduler, a
multi-criteria Deep Q-Network based scheduling
framework that combines both resource-level and QoS-
level metrics into a unified decision-making process.
The proposed scheduler, unlike the current scheduling
strategies, changes itself to the system changes regularly
by reinforcement learning and as a result, load balancing
is better, startup latency is less and there is more
robustness even when deployment had been done
cumulatively.

The major contributions of this paper are as follows:

1. Multi-Criteria RL-Based Scheduling

Framework

A DQN-based container scheduling framework,
MCSCM-RL, was proposed, which combines both
resource-level metrics (CPU utilization, memory
utilization, container count) and application-level
metrics (startup time and response time) into a unified
decision-making state representation. Unlike traditional
heuristics schedulers that rely only on resource
thresholds, the proposed scheduler optimizes system
efficiency and service performance.

2. Adaptation to changing Workload

The proposed scheduler continuously updates the
scheduling policy through reinforcement Ilearning,
enabling adaptation to changing workloads and resource
conditions. On the other hand, Docker swarm default
scheduling strategies like Spread, Binpack, and Random,
do not possess feedback-driven modification
mechanisms.

3. Energy and QoS Aware

mechanism

The framework integrates multi-criteria evaluation
principles into the RL state design. It
increases the overall robustness of the system in
scenarios of cumulative container deployment by making
good trade-offs between the application performance and
resource utilization that are well — informed.

4. Extensive Comparative Evaluation

The effectiveness of MCSCM-RL scheduler is
validated through extensive experiments on a Docker
Swarm cluster under both clean and cumulative

Decision
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deployment scenarios. The proposed scheduler is
compared with default Docker Swarm schedulers
(Random, Spread, Binpack) using multiple performance
metrics.

5. Consideration of Scalability

Although the framework is evaluated on Docker
Swarm. The framework is allowed to be extended to other
container orchestration systems in future, such
Kubernetes, through custom scheduling mechanisms

These contributions aim to bridge the current gap in
multi-objective, learning based scheduling for Docker
Swarm, providing both a practical deployment and a
concrete performance study that might direct future
research in adaptive scheduling of containerized
microservices.

The rest of this manuscript is organized as follows.
Section-2 reviews existing literature on container
orchestration systems, with emphasis on Docker Swarm—
based scheduling and recent advances in containerized
microservice scheduling, including reinforcement
learning approaches in Kubernetes environments.
Section-3 discusses the problem addressed by this
research, defines the aims of the system, and presents the
system architecture, application model, and criteria for
assessment. Section-4 describes the implementation and
system integration of the proposed MCSCM-RL
framework, including an overview of the scheduling
algorithm, the heuristic information and metric
formulations, and the complete MCSCM-RL scheduling
procedure. Section-5 describes the setup of the
experiments, the deployment scenarios, and the
evaluation methods for the new approach. Section 6
presents and analyzes the results obtained under clean
and cumulative deployment conditions, along with a
comparative assessment across all scheduling strategies.
Finally, Section-7 concludes the paper and highlights
potential directions for future research.

2. Related Works

This section reviews prior contributions across three
key areas: container orchestration systems, container
scheduling in Docker Swarm, and recent advances in
machine learning and reinforcement learning approaches
for scheduling of containerized microservice. First,
established container orchestration platforms were
examined. Then it focused specifically on Docker Swarm,
summarizing its native scheduling policies. Finally, the
Kubernetes-based work that applies machine learning
(ML) and reinforcement learning (RL) to container
scheduling and microservice orchestration was
discussed, emphasizing the limitations of heuristic and
rule-based schedulers and motivating the need for
adaptive, data-driven decision-making frameworks.



2.1.Containers Orchestration Systems

Containers represent a lightweight and versatile
execution environment that isolates different
applications from one another while the underlying
operating system kernel is still shared. This level of
isolation facilitates deployment, ensures that portable
devices can work across diverse infrastructures, and
makes testing pipelines easier [3,5,6]. A number of
studies have revealed that running microservices inside
containers only resultsina very slight performance
overhead, whereas the efficiency of resource utilization is
notably improved when compared to traditional
virtualization methods. Moreover, a container can start
up quicker than a  virtual = machine, thus
making them suitable for latency sensitive and
dynamic applications [10,11]. Due to the rapid increase in
the use of containers, their popularity in large-scale
application deployment is increasing and thus the
demand for container orchestration platforms has
emerged [11]. Essentially, a container orchestration
platform is a platform that automates the deployment,
scaling, and management of containerized microservices
over the cluster. Additionally, the scheduling
mechanisms of these platforms are designed to optimize
the usage, to ensure service continuity without any
interruption, and to keep fault tolerance [12]. Actually,
container orchestration platforms are essential to
running cloud-native applications that are both dynamic
and resource limited (i. e., running the application
without interruptions and with minimum faults) [13].

A few modern container orchestration systems
[13,14] were assessed in terms of design, scheduling
policies, workload support, and management
capabilities. According to the literature, Kubernetes and
its contemporaries have advanced scalability, resilience,
and a highly mature ecosystem, making large-scale cloud-
native deployments quite viable [15]. Lightweight
orchestrators like Docker Swarm, for example, are very
simple to use, require little configuration, and deploy very
quickly, which are features that may make them a very
good fit for small- to medium-scale deployments [15].
Several other systems, such as Apache Mesos, Google
Aurora, and Hadoop YARN are only available for special-
purpose big data analytics, batch processing, and long-
running distributed workloads, respectively. But they
don’t have broad adoption seen in Kubernetes-driven
ecosystems [16]. Given these considerations, Docker
Swarm is adopted in this study as a practical and
transparent experimental platform. Along with that, its
lightweight architecture and simple scheduling behavior

are perfect for not only creating but also combining and

thoroughly testing the proposed multi-criteria,

reinforcement-learning-based scheduling framework.

2.2, Container Scheduling Strategies in
Docker Swarm

Among all container orchestration frameworks,
Docker Swarm remains one of the most integrated and
minimalist container orchestration platforms for
microservices. It provides a built-in clustering capability
to transform a group of Docker engines into a single
virtual system for container orchestration and
management [17]. Docker Swarm is Docker's built-in tool
for container orchestration. It is a tool that allows
multiple Docker hosts (nodes) to be managed and
coordinated as one cluster [18]. It is capable of
automatically deploying, scaling, and managing
containerized applications, which means that it can
provide high availability and efficient use of resources.
Docker Swarm comes with three different scheduling
options. While Kubernetes dominates large-scale
orchestration, Docker Swarm remains attractive due to
its simplicity, native. Docker Swarm follows a manager-
worker model. A Docker Swarm cluster consists of two
primary node types where manager nodes control and
manage the cluster’s state and worker nodes execute
containers (services) as scheduled by the manager nodes
[18,19].

These options are so established that they serve as
the baselines for evaluating new scheduling strategies.
These are heuristic based approaches that aim to simplify
microservice placement decisions [15,17,18].

« Binpack schedules containers onto the node with
the least available resources, effectively packing
containers into fewer nodes to reduce fragmentation.
While this can minimize the number of active nodes, it
often results in performance bottlenecks under high load.

« Spread balances containers across nodes to
distribute load more evenly, reducing the likelihood of
hot-spots but increasing the number of active nodes and
overall energy consumption.

« Random assigns containers to random eligible
nodes, which provides a simple baseline but lacks
predictability and can cause temporary load imbalances.

Table 1 presents a comparative summary of Docker
Swarm’s default schedulers. The comparison shows the
differences in how resource-awareness, adaptivity, and
QoS considerations are handled.

Table 1. Strengths and Limitations of Docker Swarm scheduling strategies.

Scheduler Resource Awareness QoS Awareness Adaptivity Load Stability Scalability
Spread Partial No No Moderate Limited
Binpack Partial No No Low (hotspots) Limited
Random None No No Low (variable) Poor
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These limitations of default schedulers motivate the
need for adaptive, multi-criteria learning-based
schedulers, which are capable of balancing resource
efficiency and application-level performance needs.

2.3. Recent Advances in Scheduling for

Containerized Microservices

Heuristic and optimization-based scheduling have
been widely explored for scheduling containerized
microservices in cloud environments. Usually, these
schedulers use metaheuristic algorithms and rule-based
techniques. They use genetic algorithms, particle swarm
optimization, ant colony optimization, or multi-objective
optimization models for better resource utilization,
latency, and energy efficiency.

Traditional heuristic based schedulers (e.g.,
Kubernetes and Docker Swarm defaults) often lack to
adapt to fluctuating workloads and the complex
interdependencies among microservices, leading to
suboptimal placement decisions. Consequently, recent
research (2020—2025) published in leading journals has
explored advanced optimization techniques including
deep learning, reinforcement learning, and hybrid multi-
objective algorithms to improve container placement
efficiency, scalability, and Quality of Service (QoS).The
following subsection reviews these contributions,
emphasizing their core methodologies, optimization
goals, and limitations relative to real time multi-criteria
scheduling of containerized microservice in cloud
environments.

Shi et al. [20] presented a multi-objective model for
containerized microservice deployment in edge
computing that uses multiple fitness genetic algorithms
to optimize resource utilization, load balancing, and
inter-microservice dependencies. In order to minimize
distance vehicle application and balance utilization, the
work integrates dynamic container migration during
crossover and mutation. Simulations on Container
CloudSim validated improvements in  system
performance over Kubernetes' default.

In order to maximize completion time and resource
costs in hybrid clouds, Lin et al. [21] modelled
microservice workflows as directed acyclic graphs (DAGs)
and suggested an ACO based algorithm. Their approach
improves pheromone update techniques for multi-
objective heuristics. Comparative evaluations against
genetic algorithms and particle swarm methods showed
better convergence and reduced costs in private and
public cloud integration. Multi-objective optimization
frameworks have been extensively applied to container
scheduling in edge environments. In order to reduce
network latency between microservices, improve
application stability, and achieve cluster load balancing
while maintaining node resource capacities, Fan et al.
[22] developed container-based microservice scheduling
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as a multi-objective problem in edge computing. They
presented the particle swarm optimization (PSO)-based
Latency, Reliability, and Load Balancing Aware
Scheduling (LRLBAS) algorithm, which adaptively
reserves ineffective particles and separates fitness
functions from restrictions.

The integration of intelligent scheduling algorithms
to improve resource efficiency and service performance
has been the focus in recent studies. Munisami and
Vignesh [23] presented DSTS, a hybrid deep learning
based dynamic task scheduler for container-based cloud
systems. It shows greater scalability but relying on high
quality training data. Rao and Li [24] presented energy
aware microservice scheduling in Kubernetes clouds,
showing considerable power savings but limited
adaptability to multi-criteria QoS. While genetic methods
frequently encounter long convergence times, Liu et al.
[25] developed a multi-task genetic programming

strategy for online multi-objective placement in
heterogeneous clusters.
A functionality-aware  container  offloading

technique was developed by McEnery and Lee [26] for
edge infrastructures, which improved Ilatency
performance but required extensive application-level
annotations. In a thorough mapping investigation of AI
approaches in the microservices lifecycle, Moreschini et
al. [27] identified RL and meta-learning as new areas of
research. Research momentum in prediction and
learning based orchestration keeps growing. An Al-based
predictive container orchestration architecture that
improves placement stability but lacks real-time learning
mechanisms was identified by Al Qassem et al. [28].

A pattern-learning scheduler for microservice
workflows was proposed by Zhang et al. [29], which
improved throughput but mainly focused on workflow-
structured applications. For resource-constrained edge
computing, Shi et al. [30] presented a graph transformer
improved DQN model, which achieved excellent
flexibility at the expense of significant computational
overhead. For adaptive microservice resource allocation,
Wang et al. [31] combined meta learning with super
heuristic algorithms, which provided quick task-specific
learning but necessitated intricate model building.
Finally, Zhou et al. [32] provided an extensive review of
Al driven job scheduling techniques, underscoring the
industry wide transition toward RL-based and QoS-
aware orchestration frameworks.

2.4. Reinforcement Learning—Based
Scheduling in Container Orchestrations
Kubernetes has emerged as the dominant platform
for large-scale microservice management. The default
Kubernetes scheduler relies primarily on predefined
scoring and filtering mechanisms, and struggles with
dynamic workloads. In result, it gives suboptimal



resource utilization. Recent years (2023—2025) have seen
a significant shift from static heuristics to ML and
reinforcement learning (RL) driven scheduling to address
the challenges of resource heterogeneity, changing
workload, and inter-service dependencies.

Rao and Li. [33] presented an energy-aware
microservice scheduling approach for Kubernetes using
an Improved Sparrow Search Algorithm (ISSA) to
prioritize pod placement based on communication
patterns, CPU demand, and heartbeat overhead. It shows
more than 5% energy reduction over default Kubernetes
schedulers. Similarly, Turin et al. [34] proposed a
predictive CPU and Memory resource model, which
provides calibrated workload estimation under changing
execution intensities. Marchese and Tomarchio [35]
extended this work with a load-aware Kubernetes
orchestrator, which reduces end-to-end latency by up to
20% under dynamically balancing workloads across
shared clusters.

Several RL-driven schedulers further advance
Kubernetes’ capabilities. Bai et al. [36] presented
REACH, a Soft Actor Critic (SAC) based scheduler that
reduces microservice end-to-end latency by 7.9—10%
through adaptive rescheduling in cloud-edge systems. Cai
et al. [37] developed a multi-dimensional RL-based
Kubernetes scheduler capable of adjusting weights
according to CPU, GPU, and I/O demands, achieving up
to 36% faster response times over the default scheduler.
Jian et al. [38] introduced DRS, a DRL enhanced
Kubernetes scheduler designed as a Markov Decision
Process (MDP), improving resource utilization by 27.29%
and reducing load imbalance by 2.9%.

Kallel et al. [39] presented Multi agent RL
approaches such as DRL4HFC to optimize microservice
deployments in hybrid Fog/Cloud environments,
learning resource task interactions to minimize execution
time and communication overhead. Senjab et al. [40],
classified Kubernetes scheduling advancements into
generic, multi-objective, and ML based strategies. It
highlights RL’s potential to improve scheduling under
heterogeneity and dynamic workload. Santos et al. [41]
highlights near optimal latency cost trade-offs with deep
RL in federated Kubernetes clusters. Alongside the rapid
advancements driven by Kubernetes, numerous studies
have examined metaheuristic and evolutionary
approaches for optimizing containerized microservices.

Because Docker Swarm has a simpler architecture
and a smaller number of scheduler extension points,
research using reinforcement learning for Docker Swarm
is quite limited, as opposed to Kubernetes. However,
Docker Swarm offers stable performance under high load
and lower orchestration overhead, making it attractive for
lightweight RL experimentation and small-scale
microservice deployments. These studies show that RL
can effectively adapt scheduling decisions based on
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dynamic resource utilization and
performance [33,42].

Though a great deal of research investigating
reinforcement learning based scheduling in Kubernetes
has been done, research in the parallel area of Docker
Swarm is quite limited. Nevertheless, Docker Swarm
constantly offers practical advantages for controlled
experimentation, including low orchestration overhead
and stable behavior in high cluster saturation levels. It
makes it well suited for small-scale microservice
deployments and RL-based scheduling.

Collectively, these studies demonstrate significant
progress but also reveal persistent gaps: (i) limited
integration of real-time metrics into the state model, (ii)
inadequate support for multi-criteria scheduling that
jointly considers resource usage and application-level
QoS, and (iii) challenges in deploying RL models on
lightweight container orchestration platforms such as
Docker Swarm. These gaps motivate the development of
the proposed MCSCM-RL scheduler, which combines
real-time multi-criteria analysis (CPU, memory,
container count, startup time, response time) with a
reinforcement learning framework to enable adaptive,
resource-efficient, and application-aware container
deployment in small-scale cloud clusters.

The present work focuses on Docker Swarm and
proposes the MCSCM-RL scheduler, a multi-criterion,
resource and application aware RL based scheduler. The
scheduler that has been presented is made for small but
still active Swarm clusters and it tunes five critical
performance metrics: CPU usage, memory usage,
number of containers, startup time and response
time. Therefore, MCSCM-RL is light, interpretable, and
can be immediately implemented in situations where the
complexity of Kubernetes is not required. Overall,
MCSCM-RL framework demonstrates that Docker
Swarm can be enhanced with intelligent, multi-criteria
RL policies to deliver effective performance in resource
and performance constrained scenarios.

application

3. Problem Formulation and System
Objectives

The rapid adoption of microservice-based
architectures in containerized environments such as
Docker Swarm has created new challenges in efficient
scheduling across distributed nodes. Hence, a smart,
adaptable, and multi-criteria scheduling method is
required that can keep up with the changes in the system
state and take the best placement decisions on the spot
(real-time) by constantly learning. This section outlines
the system architecture of the proposed intelligent
scheduler, followed by the application model used to
characterize  microservice  behavior and QoS
requirements. It concludes with the evaluation metrics



that measure resource efficiency, performance, and load-
balancing effectiveness across the Docker Swarm cluster.

This research proposes the Multi-Criteria
Scheduling of Containerized Microservices using
Reinforcement Learning (MCSCM-RL) strategy.
MCSCM-RL integrates both resource-level metrics
(CPU%, Memory%, container count) and application-
level QoS metrics (average startup time and average
response time) within a Deep Q-Network (DQN) learning
framework. This scheduler dynamically learns optimal
node-selection policies using continuous feedback and
reward-based adaptation, leveraging relative closeness
for state representation. By getting continual knowledge
of environmental feedback, the scheduleris able and
willing to dynamically choose the best node for container
deployment so that three things are achieved in the best
way: resource utilization is well balanced, latency is
minimized and at the same time, the overall system
efficiency is enhanced.

3.1.System Architecture
The system that was proposed was run on a Docker
Swarm cluster with three nodes: one Manager node and

two Worker nodes (Worker-1 and Worker-2). Each node
operates as an independent virtual machine (VM)
running on an Ubuntu system hosted on Windows
System, with Docker Swarm configured to orchestrate
containerized microservices across the cluster. The
Manager Node manages the cluster, keeps track
of the global states, performs resource monitoring, and
runs the scheduling strategies such as Random Spread
Binpack, as well as the new MCSCM-RL scheduler. The
Worker Nodes are the agents for executing the tasks and
they will have microservice containers deployed there as
per the node selection by the scheduler.

The MCSCM-RL scheduler at runtime makes very
accurate decisions on the best node for microservice
deployment with the help of the Deep Q-Network (DQN)
based reinforcement learning model. It selects the node
in a multi-criteria manner by considering state
parameters like CPU usage, memory usage, no. of
containers, average startup time, and average response
time, along with the relative closeness ranking. By
the way, Fig. 1 shows the architectural design
of the proposed system in layers.

Application Layer

[ Client / User Requests }

L i3

msl — anil2018/myapp1:myapp J‘ ’ ms2 - anil2018/myapp1 :ﬁbﬂnncci}

Containerised Microservices @

Scheduling Layer

Metric Collector

Node metrics (CPU%, Memory%,
Container Count) from metric-all-nodes.sh
— log file (node_metrics_log.csv)

Chooses best node based on RL agent
output

L Deployment Decision Engine

MCSCM-RL Agent

RL agent
(state — action mapping)
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{manager, workerl,
worker2}

Performance Monitor

Reads ms-name, timestamp, node startup
time and response time from results. esy

Node Rank calculator

Calculate Node Rank(CPU%, Memory%,
Container count, avg. startup time, avg.
response time)

Deploy service with placement constraint
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Container Orchestration Layer (Docker Swarm)

Swarm Manager
Swarm Scheduler Interface (service create API), Services

Node metries

Service tasks / containers

Infrastructure Layer
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Worker-1

Worker-2
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*me)

Fig. 1. System architecture of the proposed MCSCM-RL based container scheduling framework on a Docker Swarm cluster.



» The Docker Swarm manager continues to handle 3.2. Application Model

service definitions, cluster state, and communication The Swarm cluster is deployed on a Windows host

with worker nodes worker-1 and worker-2. using three Ubuntu virtual machines and each node runs
» The MCSCM-RL scheduler operates as a decision- the Docker Engine and participates in the container

making layer between the user’s docker service create orchestration of the cluster.

requests and Swarm’s task placement logic. Two microservices were containerized and
» This scheduler continuously monitors real-time published on Docker Hub. All container images are

node metrics, ranks nodes using a multi-criteria decision- hosted in the public Docker Hub repository anil2018 for

making (MCSCM) approach, and feeds the ranked states testing the default and MCSCM-RL scheduling. Table 2
into a Deep Q-Network (DQN) agent to select the optimal presents the details of microservices used for evaluation.
target node for the next container deployment.

« Final placement is enforced via Docker API
constraints to pin the container to the chosen node.

Table 2. Microservices used in the experimental evaluation.

Microservice Image (with tag) Description
ms1 anil2018/myapp1: myapp Stateless request-processing service (e.g., REST API)
ms2 anil2018/myappi: fibonacci CPU-intensive Fibonacci calculator (used as a synthetic workload)
These microservices were deployed repeatedly and response time are recorded for clean deployment (no
across different nodes under various scheduling existing containers) and cumulative deployment
strategies. Scheduling strategies evaluated in this study (progressive accumulation of containers) environments.

are detailed in Table 3. In each deployment, startup time
Table 3. Scheduling strategy tested.

Scheduling Policy Do.ckcfr Swarm Description
Built-in
Spread Yes Maximizes distribution across nodes
Binpack Yes Packs containers onto the node with least remaining resources
Random Yes (fallback) Uniform random placement
MCSCM-RL Custom Reinforcement—Learning . based multi-objective  scheduler
(resource, latency, prediction)

Table 4 outlines the deployment scenarios employed memory utilization, container count, average startup
for performance comparison. The MCSCM-RL scheduler time, and average response time. This setup allows fair
dynamically selects the target node using Deep Q- and repeatable comparison of the proposed MCSCM-RL
Network (DQN) reinforcement learning integrated with with standard Swarm scheduling policies.

multi-criteria ranking, which considers CPU utilization,

Table 4. Deployment scenarios evaluated.

Deployment Scenario  Description

a Fresh Docker Swarm cluster with no pre-existing containers or workloads. All nodes start with
ean . . I
identical resource availability.

Containerized microservices are deployed incrementally while the cluster already hosts running

Cumulative . . . . .
workloads, leading to increasing resource contention over time.

To analyse short-term performance and long-term

scalability of scheduling strategies needs a distinction 3.3. Evaluation Metrics

between clean deployment scenario, which presents an The efficiency of the MCSCM-RL, must be validated
ideal environment with minimal interference, and the using a rigorous set of performance metrics that quantify
cumulative deployment scenario, which simulates both resource efficiency and application Quality of
realistic operational conditions, where successive Service (QoS). The selection of the metrics CPU
deployments increase system load and resource utilization, memory utilization, container count, average
contention. startup time, and average response time is specifically

intended to evaluate the MCSCM-RL algorithm’s ability
to outperform native Docker Swarm scheduling policies
(Spread, BinPack, Random). The formal mathematical
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equations of these metrics and Learning Dynamics of
MCSCM-RL are provided in Section-4 (Algorithm
Implementation).

CPU Utilization and Memory Utilization

CPU and memory utilization serve as fundamental
metrics for assessing load balancing effectiveness and
overall resource optimization within a heterogeneous
Docker Swarm cluster. CPU utilization is an indicator of
how much processing a node undergoes and can be used
as an indirect way to reveal whether nodes are crowded
or not used enough.On theother hand, memory
utilization is a reflection of the application memory usage
as well as the container density that together impact the
service latency and responsiveness. These metrics
directly address the intrinsic limitations of Docker
Swarm’s native scheduling strategies, such as the Spread
policy, which largely rely on container counts and do not
incorporate real-time CPU or memory availability into
placement decisions.

To achieve balanced resource utilization is
substantially more challenging than simply equalizing
container distribution. The proposed MCSCM-RL
scheduler is explicitly designed to be resource-aware,
leveraging dynamic CPU and memory measurements as
primary inputs to get optimal placement decisions.
One of the major signs of its success lies in how much it
lowers the overall resource imbalance across the cluster,
thus making the load distribution more even when
compared to the native Docker Swarm scheduling

approaches.
Container Count
Container countis a veryimportant precision

point of measure for ~ characterizing the  default
behavior of Docker Swarm's scheduling policies. It shows
how workloads are spread across swarm nodes and
reveals those where the heavy few could lead to the
cluster's over- or under-utilization. The native Spread
strategy in Docker Swarm attempts to equalize the
number of running containers per node, whereas the
BinPack strategy, by concentrating tasks on the least-
loaded node, often increases the variance in container
distribution. But focusing only on balancing the number
of containers per node will not
guarantee that the resource utilization is
balanced, especially in the case of heterogeneous clusters
where nodes have different CPUs and memory capacities.
Measuring container count alongside CPU and memory
utilization enables the identification of the clean
imbalance. This distinction is important, as the proposed
MCSCM-RL scheduler aims to achieve low variance in
resource utilization even when the resulting container
count distribution may be uneven. In this context, the
behavior and limitations of the native scheduling policies
are measured by the container count, and allows for an
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extensive comparison of MCSCM-RL's resource-aware
enhancements.

Average Response Time

Mean response time is the simplest indicator of end-
user Quality of Service (QoS) and therefore a key metric
in the assessment of microservice performance. Given
that containerized microservices in cloud
setups are typically bound by stringent latency targets, a
reduction in response time essentially implies an
improved user experience. Poor or ill-conceived
container placement may result in resource contention,
which can then cause queuing delays and consequently
increase the service latency. That is why one of the main
goals behind this scheduler is to reduce response
time. MCSCM-RL scheduler has its strength in lessening
resource contention by means of intelligent, resource-
aware placement choices. Through placing containers on
nodes, which have good resource
availability, the algorithm cuts down processing delays
and hence, raises system responsiveness. A successful
scheduling strategy is expected to produce a clearly lower
average response time, especially for CPU-bound
microservices.

Average Startup Time

Average startup time measures scheduling overhead
and deployment efficiency, shows how quickly new
services can be instantiated under varying resource
conditions. Speedier service startup times
are indispensable for allowing rapid scaling up and
deployment efficiency, and are a basic characteristic of
containerized microservice architectures. Apart from
being a major factor in the productivity of the underlying
resource selection strategy, this metric also plays a crucial
role in determining the scheduler's responsiveness. In the
MCSCM-RL framework, startup time is a major playing
alongside runtime performance metrics like response
time. Although the RL-based scheduler is designed to
make intelligent placement decisions that reduce runtime
contention. In highly dynamic cloud environments, a
successful scheduling policy should improve runtime QoS
while maintaining startup overhead at acceptable levels
to maintain overall system responsiveness.

4. Proposed Scheduling Framework and
Implementation

This section presents the complete implementation
of the proposed scheduling framework. It includes an
overview of the algorithmic workflow, the extraction and
processing of heuristic node information and the
formulation of QoS-aware resource metrics, DQN-Model
Design and Learning Dynamics of MCSCM-RL.The
mathematical definitions of CPU, memory, startup time,
and response time are provided alongside the
computation of the closeness coefficients used for multi-
criteria ranking. This chapter describes the parts of



reinforcement learning, for example, the depiction of the
state, the development of the reward, and the choice of
action, and shows how they are merged with the MCSCM-
RL framework that was suggested.

4.1.Workflow of Proposed Scheduling Algorithm

The proposed MCSCM-RL algorithm is designed for
intelligent scheduling of containerized microservices
across heterogeneous nodes in a Docker Swarm
environment. Unlike traditional static scheduling
strategies such as Random, Spread, and Binpack, which
rely on predefined heuristics, MCSCM-RL employs a
Deep Q-Network (DQN) based reinforcement learning
agent to learn optimal scheduling decisions from
experience and evolving system states. This merger
harnesses multi-criteria decision-making (MCDM) and
deep reinforcement learning (DRL) to optimally allocate
resources, reduce response time and schedule the work
in an energy-efficient way. The environment of
a DRL agent is characterized by the combination of five
major factors: the level of CPU utilization, the level of
memory usage, the number of containers,
the average startup time, and the average response
time. State is basically a full picture of all the nodes at the
swarm cluster during a particular moment. Both
resource-level and application-level features of the
containerized microservices are reflected in these
measures. Before each microservice deployment, these
metrics are normalized and compute a relative closeness
score for each docker swarm node. These scores
collectively form the state vector input to the DQN agent.

Using an e-greedy policy, the DQN agent selects a
Swarm node (action) for deploying the next microservice.
The deployed microservice’s startup time and response
time are then measured to compute the reward, which
reflects the efficiency and QoS performance of the
scheduling decision. After deployment, the agent
observes the updated cluster state, stores the experience
tuple (si, ai, ri, si+1) in a replay buffer, and performs
training through mini-batch gradient updates to refine its
policy over time. By continuously learning from real-time
feedback, the MCSCM-RL scheduler dynamically adapts
to varying workloads, balances swarm node utilization,
and minimizes response times of the microservice
deployment. The final trained model encapsulates an
intelligent policy capable of making energy-aware and
performance aware scheduling decisions, outperforming
conventional heuristics in terms of both efficiency and
QoS compliance.

Heuristic information
This subsection defines the heuristic information
used by the proposed scheduler, including the
formulation of node-level resource metrics (CPU,
memory, and container density) and QoS metrics (startup

4.2.
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and response time). This section also describes
how the closeness coefficient is calculated, which offers a
way to rank cluster nodes using multiple criteria. Finally,
the integration of this heuristic into the Deep Q-Network
(DQN) model is described, outlining how the RL agent
leverages the metric vector to perform intelligent
container placement.

Node Metrics Calculation

To quantify node-level performance characteristics,
the CPU utilization, memory utilization, container count,
and estimated power consumption were computed and
used as input features for the proposed scheduling
framework.

i. The CPU utilization of a docker swarm node
represents the proportion of time the CPU spends
performing non-idle tasks.

Ucpy = 100 — Cigre

Where;

Ucpydenotes the CPU utilization (%)

Ciaqieis the CPU idle percentage obtained from the
system monitor (top command)

ii. The memory utilization represents the
percentage of memory currently in use relative to the total
available memory:

used
x 100
Mtotal

Where;

Upyrem= memory utilization (%)

M,s0q= used memory (in MB),

My:q;= total available memory (in MB)

The values are extracted using the free -m
command.

iii. The container count represents the total
number of active containers running on the node at a
given time:

Neont = count(running containers)

Where;

N onsdenotes the number of running containers
obtained using the Docker command: "docker ps -q | we
1"

@®

UMem -

(2)

(3)

QoS Metrics Calculation

To evaluate the quality of service (QoS) perceived by
users, two performance indicators were measured for
each microservice deployment — the average startup time
and average response time.

Average Startup Time

Startup time means the length of time from when a
container deployment is started to the time the
microservice is up, running, and ready to serve requests.
If ts¢qre1and treqqy denote the start and ready timestamps
of the i*"container, respectively, then the average
startup time across n deployments is defined as:

n

1
Tstartup,avg = EZ(tready,i - tstart,i)
i=1

Where;

4)



Tstartup,avg= average container startup time (in
seconds),

tstare;= timestamp when deployment of container
i begins,

tready, = timestamp when container i becomes ready,

n= total number of deployed containers or trials.

Average Response Time

Response time means the time duration between the
moment a request is sent to a deployed microservice and
the moment its response is received. If t,., and
tres,jdenote the request and response timestamps for the
jthrequest, the average response time is given by:

1 m
Tresponse,avg = EZ(tres, Jj treq.j)
j=1

Where;
Tresponse.avg= average response time (in seconds),
treq,j= timestamp when the request is sent,

(5)

tres,j= timestamp when the response is received,

m= total number of requests measured.

Closeness function

The raw metric matrix X = [xij] is first subjected to
min—max normalization to obtain the normalized matrix
rij. These normalized values are then weighted to produce
the weighted decision matrix vij. For each criterion, the
ideal and anti-ideal points are identified, and the
Euclidean separations S+ i and S- i are computed for
every node. The relative closeness coefficient Ci, which
is defined on the interval [0,1], combines the information
of different criteria into one single numeric score that is
then used to order the nodes from most to least suitable.
The scheduler selects the node corresponding to the
highest Ci, while the RL agent may incorporate the vector
of closeness values St into its state representation. Fig. 2
illustrates the computational workflow of the proposed
MCSCM-RL scheduling framework.

Agent (DQN)

State S;
(Relative closeness
values of node C;)

a; = arg max Q(S;,a; )
Q(Stya'to) <_A Q(Stvahg)

+ast,

Action a;
Select node for
container placemen

State Si+1
Sample reward 7,
functistic

Reward R;
Sample reward fustix
latency characteristics and
closeness value Cg of selected)

node
for container p.s.;

Environment
(Swarm cluster)

Fig. 2. Computational workflow.

4.3. DQN Model Design

Dynamics of MCSCM-RL

This subsection presents the design of the Deep Q-
Network (DQN) model and explains its learning
dynamics. The formulation sets the state portrayal,
action domain, and reward schema that are exploited to
lead the node picking decisions.

RL State Design Rationale

The state representation of the proposed MCSCM-
RL model is designed to catch resource availability and
QoS of docker swarm cluster nodes. CPU utilization,
memory usage, and container count depict the
consumption of resources, whereas average startup time
and average response time show the application's level of
performance. Combining these performance metrics
within a single state vector permits the DQN agent to
develop intelligent scheduling policies that achieve high
system efficiency and application QoS requirements. This
unified state permits the scheduler to avoid scheduling

and Learning
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decisions that are optimal with respect to resource
utilization alone but give degraded application
performance, which is a typical weakness of heuristic
schedulers.

Action Space and Decision-Making

At every scheduling step, the action space of the
DQN agent selects one swarm node from the available
swarm cluster nodes for the container deployment. The
Q-network predicts the potential reward for every
candidate node considering the current environment
situation, and the node displaying the highest Q-value
will be chosen for the deployment, while using an -greedy
approach for the selection of an action.

The e-greedy(epsilon-greedy) strategy is selected for
the swarm cluster node selection in the proposed
MCSCM-RL scheduler for the container deployment. The
e-greedy policy balances exploration and exploitation by
choosing a random node with probability € and the node
with the highest estimated Q-value with probability (1-¢).
Taking this choice is inspired by its simplicity, low



computational overhead, and effectiveness in
environments having limited action space, such as
Docker Swarm clusters with a small number of nodes.

Additionally, three exploration—exploitation
strategies were considered for the proposed work. First,
Softmax exploration, which requires careful temperature
tuning and it is sensitive to reward scaling, which disrupts
stable learning under fluctuating workload conditions
[43]. Second, Upper Confidence Bound (UCB) methods
take relatively stationary reward distributions, an
assumption that is not suitable in containerized
environments with fluctuating resource needs [44].
Third, Thompson Sampling is inappropriate to integrate
with value-based deep reinforcement learning [45]. On
the other hand, e-greedy offers predictable behavior,
stable conjunction through & decay, and minimal tuning
requirements, making it suitable for container scheduling
on docker swarm cluster [43]. On this basis, e-greedy was
selected e-greedy, as the most practical and reliable
exploration strategy for the proposed MCSCM-RL
scheduler.

Learning and Adaptation
Workloads

One of the main means by which DQN agent adapts
to dynamic workloads is by continuously interacting

St

= [UCPU,lﬁ UMem,l' Ncont,lﬁ Tstartup,avg,l' Tresponse,avg,lr ey

to Dynamic

Where;

m= total number of nodes in the Swarm cluster

C;= relative closeness value of node iobtained

2. Action Selection

The agent selects an action at € {1,2, ..., m}, where
each action corresponds to choosing a Swarm node Ni for
container placement. An e-greedy policy is used to
balance exploration and exploitation:

ag
random(1, ..., m), with probability &,

_ (8)
- {arg max Q(S;, a;68), with probability 1 — ¢,

Where, The exploration rate et decays exponentially

over time as:
& = Emin T (Emax — Emin)e (9)

Where, 0 denotes the trainable weights of the DQN
policy network.

3. Reward Function

After placing a container on swarm node a;, the
agent observes the resulting performance change and
computes a reward to guide learning. A sample reward
function combining QoS and efficiency objectives is
defined as:

Rt = 11(1 -

—t/t

Tstartup,avg Tresponse,avg )

T,

response,max

)+ A,(1—
Tsta‘rtup,max ? (10)

+ A3 Cat
Where;

UCPU,m' UMem,m' Ncont,m' Tstartup,avg,m' Tresponse,avg,m]
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with the cluster environment. After each container
deployment, updated resource metrics and QoS metrics
are collected and used to develop the next state. The
reward indicates the impact of the scheduling decision on
resource utilization and application performance. As
cluster workload characteristics change over the time,
accordingly reward and state transitions also change,
prompting the agent to update Q-values. In that way,
MCSCM-RL can regularly evaluate its own scheduling
policy in accordance with the changes in resource
contention, workload variations, and performance
fluctuations through this ongoing interaction. In that way
MCSCM-RL offers improved robustness compared to
static container scheduling approaches.

Reinforcement Learning
Container Placement

1. State Representation

At each decision step t, the environment (Docker
Swarm cluster) is represented by a state vector
S, composed of the normalized performance metrics of all
nodes:

Se=1[Cy, Gy ey G ] (6)

or equivalently, when detailed per-node metrics are

used,

-DQN-based

7

Tstartup.avg A4 Tresponse,avg are the average startup
and response times

Cq,is the relative closeness of the selected swarm
node

A1, A5, Azare weighting factors such that A, + A, +
Ay =1.

This formulation ensures higher rewards for
deployments achieving lower startup and response times,
while also favouring nodes with higher closeness scores.

4. Q-Value Estimation

The DQN approximates the optimal action—value
function Q*(S;, a;)using a neural network parameterized
by 6:

Q(Seas; 0) = E[R, + ymax o7 Q(Se41,a';07)]

Where;

y € (0,1)is the discount factor,

0~are the parameters of the target network
(periodically updated).

5. Q-Learning Update

The temporal difference (TD) target is defined as:

Ye = Ry +ymax ;7 Q(Sg41,a';607) (12)

The policy network parameters fare updated by
minimizing the mean-squared TD error:

L.(0) = E(St,at,Rt,St+1)~D[(yt - Q(Se ar; 0))?] (13)

Where,D is the replay buffer containing past
experience tuples
(St»as, Re, Sey1)-

(11)



6. Gradient Descent Optimization
The parameters fare updated through stochastic
gradient descent:
0« 0—nVeL(0)
Where, 7 is the learning rate.
7. Target Network Update
To stabilize learning, the target network parameters
are periodically synchronized with the policy network:
0~ « Oevery Nypgare Steps. (15)
8. Experience Replay Buffer
At each step, the agent stores experience tuples (St,
at, Rt, St+1) into a replay buffer D. During training, mini-
batches are sampled uniformly from D to break temporal
correlations and improve stability. The replay buffer is
defined as:

(14)

D ={(Sia,Ri,Si+1) 11 =1, ..., Npusrer}
9. Container Placement Decision
The swarm node with the highest estimated Q-value

is selected for container deployment:
Ngerectea = Arg max i€{1,..,m} Q(Syai;0)

(16)

(7)

MCSCM-RL Algorithm
This subsection presents the pseudocode of the
proposed MCSCM-RL scheduling algorithm, which
summarizes the operational flow of the MCSCM-RL
scheduling algorithm, state construction, action
selection, reward calculation, and policy update steps.
Pseudocode for the algorithm is provided in Algorithm-1.

4-4.

Algorithm-1. Multi-Criteria Scheduling of Containerized Microservices using Reinforcement Learning (MCSCM-RL).

1: Initialize a Deep Q-Network (DQN) agent
2: State dimension < 5

3: Action dimension < Py
4:fori=1toCydo

5

8: Form a 5-parameter feature matrix:

11: Select node n; using e-greedy policy:
n = {
random node,
arg max, Q (s, a; 0),
b

12: Deploy microservice i on node n;

with probability €

14: Compute reward: ri = —(response time)
15: (Or apply a penalty if deployment fails)
18: Train DQN on sampled mini-batches from D

metrics
20: end for

with probability 1 — &

Require: P,: Number of Docker Swarm nodes; C,: Number of microservice instances to deploy
Ensure: Scheduled deployment decisions and performance logs

: Collect latest resource metrics for each Swarm node:

6: CPU usage, Memory usage, Container count, Power consumption
7: Retrieve historical average startup time and average response time

{CPU%, Memory%, Containers, Avg.Startup, Avg.Response}

9: Normalize the matrix and compute relative closeness coefficients
10: Construct state vector s; from the closeness values

13: Measure startup time and response time of the deployed microservice
16: Obtain next state si+1 by recomputing relative closeness after deployment
17: Store transition (s;, ai, i, si+1) in replay buffer D

19: Log deployment details: selected node, startup time, response time, updated

21: return Final DQN-trained scheduling policy and performance logs

5. Performance Evaluation

This section presents the details of the experimental
platform that was used to validate the MCSCM-RL
scheduling approach presented in this article. The
experiments took place on a three-node Docker Swarm
cluster made of one manager and two worker nodes,
which were virtual machines running Ubuntu. The cluster
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was designed to automatically monitor the resource and
application-level metrics like CPU usage, memory usage,
number of containers, starting time, and response time.
Two types of deployment scenarios, clean and
cumulative, were planned to measure the schedulers
effectiveness in both situations of low-load and a
workload that increases step by step. The proposed
MCSCM-RL scheduler was evaluated alongside three



native Docker Swarm strategies (Spread, Random, and
Binpack) and the non-RL multi-criteria scheduler
(MCSCM). For each strategy, identical deployment
procedures and workload characteristics were applied to
ensure methodological fairness and reproducibility. The
following  paragraphs  explain the cluster  setup,
deployment scenarios, and experimental procedure that
have been used to produce the performance data, which
have been discussed in Section-6.

5.1.Experiment Environment and Setup

Docker Swarm

Manager ‘
0S: Ubuntu 24.04
CPU:4 cores

RAM:8 GB
Storage:20GB
IP:192.168.10.20
Docker Engine: 27.3.1
Python:3.12.1

Docker Swarm

Worker-1

0S: Ubuntu 24.04
CPU:2 cores

RAM:4 GB
Storage:10GB
1P:192.168.10.21
Docker Engine: 27.3.1

Docker Swarm

The experimental environment consisted of a three-
node Docker Swarm cluster deployed on Ubuntu-based
virtual machines hosted within a Windows system, com
prising one manager node and two worker nodes, as
illustrated in Fig. 3. All nodes were connected through a
private virtual network to ensure isolated and
deterministic communication. This configuration
provided a controlled, resource-constrained testbed
suitable for evaluating container scheduling behavior. It
further enabled consistent collection of CPU, memory,
and QoS-related metrics across the swarm cluster
throughout all experimental iterations.

Docker Hub Repository:
https://hub.docker.com/respository/docker/anil2018

Worker-2

0S: Ubuntu 24.04
CPU:2 cores

RAM:4 GB
Storage:10GB
1P:192.168.10.22
Docker Engine: 27.3.1

Fig. 3. Docker Swarm three-node cluster (1 manager + 2 workers) used for experiments.

Due to the lightweight architecture, Docker Swarm
was selected, as the experimental platform. It offers
integrated clustering support, ease of deployment,
simplified scheduling workflow and fitness for controlled
cluster experimentation. These features make Docker
Swarm appropriate for experimenting reinforcement
learning—based scheduling approaches, where frequent
container deployments and fine-grained metric collection
are required with low orchestration overhead [11].

The Kubernetes is the foremost container
orchestration platform. Its scheduling framework applies
multiple layers of plugins, constraints, and filtering
stages. Hence, it can complicate the impact of a learning-
based scheduling approach. However, Docker Swarm
provides a simple and transparent scheduling model,
which enables clear analysis of the learning behavior and
decision-making process of the proposed MCSCM-RL
scheduler. Kubernetes applies a manifold scheduling
pipeline. It supports custom schedulers, which enables
advanced scheduling logic but brings additional
architectural complexity [12].

Whereas, the existing literature on RL-based
scheduling in Docker Swarm is very limited and this gap
further motivates the present work. The proposed
MCSCM-RL work operates on cluster node-level and
application-level metrics. Due to that the work is not
essentially tied to Docker Swarm specific mechanisms.
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The insights received from the study can be transferred to
more complex orchestration platforms, such as
Kubernetes, through custom schedulers or scheduling
extenders is identified as an important direction for
future research.

With concentration on Docker Swarm, this study
highlights algorithmic clarity and reproducibility, which
are required for isolating the effects of reinforcement
learning in container scheduling.

Deployment Scenarios

To thoroughly assess the performance of Random,
Spread, Binpack, MCSCM, and the proposed MCSCM-RL
scheduling strategies, two experimental deployment
scenarios were developed: Clean Deployment and
Cumulative Deployment. These scenarios were executed
systematically across the Docker Swarm cluster to assess
both the isolated and progressive behavior of each
strategy under varying system loads.

+ Clean deployment: In this scenario, each
scheduling strategy was tested in an isolated environment
to ensure unbiased performance evaluation. Prior to
creating a new set of deployment, all the
running containers, and services were removed from
each of the nodes in the Swarm cluster. In this way, the
cluster was returned to its original clean condition. A

5.2.



fixed number of microservices were then deployed
sequentially, following the respective scheduling policy.

¢ Cumulative deployment: The overall scenario
was intended to study how well each scheduling strategy
could scale and adapt their performance in the presence
of varying workloads. Unlike the clean deployment case,
containers and services were not removed between
successive deployment cycles. Instead, microservices
were incrementally deployed to simulate a gradually
intensifying workload on the cluster.

Experiment Procedure

Random Spread Binpack, and MCSCM-RL
scheduling strategies were independently run and their
performances were measured against the same
database in order to maintain  fairness and allow
reproducibility. The benchmark microservices were
stored in a Docker Hub repository (namespace
anil2018); the Fibonacci microservice
(anil2o18/myappi1: fibonacci) provided a CPU-
bound workload for each deployment. Prior to each trial,
the cluster was restored to the required baseline state
(empty for clean runs). During each trial the scheduler
under test determined the target swarm node for
deployment.

For every deployed microservice, all metrics were
logged in CSV files to enable direct comparison for clean
and cumulative deployment scenarios for each
scheduling strategy. This approach provides insights into
how each scheduling strategy manages resource
contention, QoS stability, and deployment scalability as
the cluster load increases over time.

Throughout each deployment, node-level metrics
including CPU utilization, memory utilization, and
container count were continuously monitored by all
nodes, while application-level metrics such as startup-
time and response-time were recorded after each
container deployment to evaluate microservice
responsiveness and Quality of Service (QoS). The CSV file
collects node-level metrics at a sampling interval of two
seconds.

For every scheduling strategy, dedicated CSV files
systematically capture application-level metrics after
each microservice deployment. To minimize the impact
of transient variations and network fluctuations, all
recorded measurements were averaged over multiple

5.3.
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experimental repetitions. The aggregated results were
subsequently used to assess the performance of the
proposed MCSCM-RL scheduler relative to Docker
Swarm’s built-in strategies, with emphasis on
improvements in response time, startup latency, and
resource-aware scheduling efficiency.

6. Results and Analysis

This section presents the performance evaluation of
the proposed MCSCM-RL scheduler in comparison to
Docker Swarm default schedulers: Spread, Binpack,
Random, and the non-RL multi-criteria scheduler
(MCSCM). The assessment takes into account both clean
and cumulative deployment scenarios in order to record
the performance under low-load and gradually increasing
cluster utilization. All results were obtained via controlled
experiments on a three-node Docker Swarm -cluster
setup, which consisted of one manager node and two
worker nodes. In order to make a fair and consistent
comparison, each scheduling strategy was tested on
similar deployment iterations.

To ensure a fair and broad comparison, the
performance of the MCSCM-RL scheduler and Docker
Swarm’s default schedulers was evaluated by multiple
container deployments of microservices. Performance
metrics, including CPU utilization, memory utilization,
container distribution, average startup time, and average
response time across nodes, are considered. These
metrics collectively capture both system-level efficiency
and application-level quality of the microservice.
6.1.Performance Evaluation wunder Clean

Deployment Conditions

Under a clean deployment scenario, performance
differences among scheduling strategies are relatively
small due to uniform resource availability. However, the
MCSCM-RL scheduler constantly achieves slightly lower
startup and response times while maintaining balanced
CPU and memory utilization. These comparative results
across all performance metrics are summarized in Fig. 4.
To enable an accurate evaluation of scheduling behavior,
Figures (a), (b),(c), and (d) presents the results obtained
under clean deployment conditions, where each
scheduling strategy was evaluated on a Docker Swarm
cluster fully reset to an empty state before the deployment
of containerised microservices.
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Fig. 4. Results under Clean load deployments.

Evaluating performance in a clean environment
provides a clear baseline for understanding how each
scheduling strategy deploys containers and utilizes
cluster resources in the absence of prior deployments.

Fig. 4 (a) presents the CPU utilization across the
three swarm nodes for all scheduling strategies. The
results indicate Spread and Binpack scheduler distribute
the load evenly across the manager and worker nodes, but
worker1 exhibits comparatively higher CPU usage
(approximately 12-13%), reflecting their default
binpacking and spreading behavior. Random scheduler
gives imbalanced CPU distribution, with worker1
reaching 10.8% utilization and worker2 8.3%, confirming
the non-deterministic nature of this strategics increases
utilization on worker nodes, especially worker2
(approximately 13.9%), due to its static multi-criteria
scoring preference. MCSCM-RL results in the lowest
average CPU utilization among all techniques
(approximately 8-11%), and more importantly,
distributes CPU demand across the nodes more evenly.
Its adaptive decision-making avoids repeated selection of
a single node, making it more efficient even under clean
load conditions. Overall, these results indicate that
MCSCM-RL reduces unnecessary CPU overhead by
dynamically selecting nodes based on learned system
states rather than static placement heuristics.

Fig. 4 (b) presents memory utilization for each
scheduling strategy across the three nodes. The results
indicate Spread, Binpack, and Random scheduler
maintain relatively similar memory utilization (44—46%
on manager and worker1), as expected under clean
deployment. MCSCM shows higher memory utilization
on manager and worker1 (47—48%), caused by static
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metric-based selection that sometimes favors already
stronger nodes. MCSCM-RL scheduler achieves more
balanced memory utilization, particularly with lower
overhead on the manager (=40%). This demonstrates
that RL not only considers current memory consumption
but also anticipates future congestion, resulting in better
overall load distribution. The memory balancing behavior
of MCSCM-RL shows its ability to prevent early memory
accumulation on specific nodes compared to
deterministic schedulers.

Fig. 4 (c) shows the average response time of the
containerized microservice under each scheduler. The
response-time analysis shows clear distinctions in latency
behavior. Random achieves the lowest response time
(0.008 s), but this performance is inconsistent and highly
dependent on chance. Spread (0.0139 s) and MCSCM
(0.0127 s) demonstrate higher latencies, as both
distribute services without adaptation to real-time node
conditions. Binpack performs slightly better (0.01195 s)
but still lacks adaptive balancing. MCSCM-RL achieves
0.01055 s, improving response time over Spread and
MCSCM while maintaining stable and predictable
performance. The RL-based scheduler learns to avoid
nodes with even slightly higher CPU/memory loads,
yielding more consistent and lower latency compared to
deterministic approaches.

Fig. 4 (d) shows the average startup time under clean
load. Random once again records the lowest startup time
(3.808 s), but due to its non-deterministic behavior this
result is not stable or repeatable. Spread and Binpack
show moderate startup delays (4.48 s and 4.83 s),
reflecting their respective default load allocation
behaviors. MCSCM has the highest startup time (4.84 s),



caused by static multi-criteria bias toward specific nodes,
which increases container initialization
overhead. MCSCM-RL significantly improves startup
time (4.05 s), and outperforms Spread, Binpack, and
MCSCM.

The improved startup time in MCSCM-RL results
from its dynamic intervention that avoids nodes with

higher current service counts or ongoing container
creation operations, enabling faster service initialization.

The average resource utilization (CPU and memory)
across the three node Docker Swarm cluster for all
scheduling strategies under clean deployment is
presented in Fig. 5.

Average Resource Utilization Under Clean Load
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Random

MCSCM MCSCM-RL

Scheduling Strategy

Fig. 5. Average Resource utilization of swarm cluster under clean load.

The results demonstrate that MCSCM-RL provides
the most resource-efficient load distribution, and reduces
average CPU utilization by 10—25% compared to the other
scheduling strategies. Docker swarm strategies (Spread
Binpack Random) are showing similar utilization
patterns as they are non-adaptive by nature. The RL-
based method recognizes the nature of the cluster and
starts to learn it, thus giving the early benefits that
eventually result in measurable improvements in cluster-
level efficiency.

In the clean deployment scenario, Random
scheduling sometimes shows competitive or better
performance in startup time and response time. The lack
of resource contention is responsible for these results,
where initially all swarm nodes have the same resource
availability. Under such conditions, random placement
unconditionally deploys containers across cluster nodes,
rather than considering workloads and possibility of
resource saturation. As a result, for a while Random
scheduling may do better from balanced resource usage
without the need of explicit decision logic.

Overall, under clean deployment, the similarity in
resource availability limits the performance gap between
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schedulers, although MCSCM-RL maintains better
stability.
6.2. Performance Evaluation under

Cumulative Deployment Conditions

Under cumulative deployment scenarios, each new
microservice is deployed without removing the previously
deployed ones. This is a resource balancing scenario
where the scheduler has to respond to the increase of the
workload and, at the same time, maintain a good level of
resource balance, minimize latency, and not allow
resource saturation. Under this condition, MCSCM-RL
consistently outperforms all strategies, delivering lowest
average CPU wusage, balanced memory utilization,
reduced hotspots, stable response latency and lowest
startup time. These comparative results across all
performance metrics are summarized in Fig. 6. To enable
an accurate evaluation of scheduling behavior, Figures
(a), (b), (c), and (d) present the results obtained under
clean deployment conditions.
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Fig. 6. Results under Cumulative load deployments.

Fig. 6 (a) presents CPU utilization on the Swarm
manager and two worker nodes. Spread and Binpack
generate extremely high CPU utilization on worker1(52%
and 49%, respectively), which indicates heavy load
imbalance. Random performs better (worker1 at 11%) but
still shows unbalanced utilization across nodes due to
random clustering patterns. MCSCM increases CPU load
on worker2 (14%), showing static bias in node scoring.
MCSCM-RL maintains the most balanced CPU
distribution. Despite workeri being inherently more
powerful, MCSCM-RL prevents extreme hotspots. In
contrast, Spread and Binpack show 5 times higher CPU
load on worker1 compared to other nodes.

Fig. 6 (b) presents memory utilization under
cumulative load. Spread shows the highest memory
consumption, with worker2 reaching 71% and all nodes
staying near or above 69%. Binpack exhibits similar
memory escalation (66-67%), caused by its
consolidation-oriented behavior. Random  slightly
reduces memory on worker2 (59%), but the distribution
remains inconsistent. MCSCM keeps memory usage
moderately balanced but inflation persists due to
repeated selection of static nodes. MCSCM-RL delivers
the most balanced memory usage with workeri and
worker2 maintaining significantly lower utilization (52%
and 55%, respectively). Only the manager bearing a
higher load due to its control-plane duties. These results
prove that MCSCM-RL effectively prevents memory
hotspots and supports sustained multiple microservice
deployments without degrading cluster performance.
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Fig. 6 (c) presents the average response time for each
scheduler. Spread performs the worst (0.0144 s), due to
growing contention on worker1 and memory exhaustion
across nodes. Binpack and Random give moderate
performance (0.01143 s and 0.01123 s, respectively), but
both exhibit fluctuations due to unstable node selection.
MCSCM achieves the lowest response time (0.0100 s)
under cumulative load, benefiting from multi-criteria
evaluation. MCSCM-RL offers competitive performance
(0.01244 s), with deviations arising from adaptive
exploration. However, MCSCM-RL offers more consistent
response times with far fewer high-latency spikes even as
deployments accumulate.

Fig. 6 (d) presents the average startup time for each
scheduler. Spread, Binpack, and Random show startup
times in the range of 4.6—5.0 s, and gradually increasing
as cluster resource load. MCSCM suffers heavily, with
startup time reaching 11.904 s, confirming that static
ranking leads to node overloading. MCSCM-RL provides
the best startup performance (4.57 s), significantly
outperforming all other strategies except Random. Its
adaptive node selection helps avoid overloaded nodes,
reducing container initialization delays. This
demonstrates MCSCM-RL’s ability to adaptively
maintain QoS even under heavy cumulative deployment.

The average resource utilization (CPU and memory)
across the three node Docker Swarm cluster for all
scheduling strategies under cumulative deployment is
presented in Fig. 7.
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Fig. 7. Average Resource utilization of swarm cluster under cumulative load.

The results indicate a clear divergence in behavior.
Spread demonstrates the highest resource consumption,
with CPU averaging 27% and memory reaching 70%. As
microservices accumulate, Spread continues distributing
replicas uniformly, causing worker1 to become heavily
loaded due to its higher baseline capability. Binpack
shows slightly lower memory usage than Spread but
pushes CPU usage to nearly 24%, as it continues
deploying microservices onto nodes that initially appear
least loaded. Over time, this creates a substantial resource
load on workeri. Random maintains lower CPU usage
nearly 10% but memory increases beyond 66%. Because
random selection frequently targets the same nodes.
MCSCM shows balancing but suffers from static ranking.
As deployments accumulate, the same preferred nodes
are repeatedly selected, causing CPU spikes (worker1 at
16%) and memory usage across the cluster. MCSCM-RL
demonstrates the lowest average CPU usage
(approximately 10-11%) and lowest memory growth
(approximately 62%), consistently outperforming all

other schedulers. The real-time learning of MCSCM-RL
enables it to avoid overload nodes and mitigate the
cumulative buildup of microservices.

Overall, MCSCM-RL provides the most resource-
efficient behavior. Under cumulative deployments
MCSCM-RL consistently outperforms all scheduling
strategies, delivering lowest average CPU usage, balanced
memory utilization, reduced hotspots, near-stable
response latency and lowest startup time. MCSCM-RL is
the only strategy capable of sustaining long cumulative
deployment sequences without cluster instability.

6.3. Comparative Analysis of Clean and
Cumulative Deployment Scenarios
Fig.8 presents a combined comparison of average
CPU utilization, memory utilization, response time, and
startup time across all five scheduling strategies under
clean and cumulative deployment conditions.

Comparison of Key Metrics: Clean vs Cumulative Load
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Fig. 8. Comparison of key metrics under Clean and Cumulative load.

Results show that Spread and Binpack experience
CPU and memory inflation on worker nodes and are
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remarkable in response time and startup performance
due to their deterministic allocation mechanism.



Random avoids such deterministic bias but offers no
meaningful optimization. The MCSCM demonstrates
improved decision-making under clean load; however, its
reliance on fixed ranking leads to progressively
unbalanced placements under cumulative deployment.
As services accumulate, MCSCM repeatedly selects the
same high-scoring nodes, causing resource saturation
and increase in startup time, thus limiting its applicability
in dynamic, real-world microservice environments.

In the clean deployment scenario, Random
scheduling sometimes shows competitive or better
performance in startup time and response time. The root
cause of these results is the absence of resource
contention, where at the beginning, all swarm nodes
have the same level of resource availability. Under such
conditions, random placement unconditionally deploys
containers across cluster nodes, rather than considering
workloads and possibility of resource saturation. As a
result, for a while Random scheduling may do better from
balanced resource usage without the need of explicit
decision logic. On the other hand, as the
deployment of containers substantially grows and the
load on the cluster rises, the weakness of Random
scheduling is revealed without delay. Random scheduling
increasingly deploys containers to already congested
nodes, because deployment decisions are taken without
considering current resource utilization or historical
application performance. Such a situation results in
bigger startup times and worse response times. In
contrast, schedulers that are conscious of resources and
those based on learning make scheduling decisions from
a measured system state perspective and thus are able to
handle resource contention more effectively even
when the load is changing.

This transition from short-term effectiveness to
long-term inefficiency shows the importance of adaptive
container scheduling. Random scheduling can perform
well in homogeneous cluster conditions and minimal
load. It has a lack of workload limits awareness,
scalability and robustness in cumulative container
deployment scenarios. Whereas, MCSCM-RL scheduler
exhibits consistent performance improvements through
adaptive node selection for deployment.

Random scheduling is commonly used as a baseline
in container scheduling studies. Previous studies showed
similar behaviors, where random scheduling performs
well under low-load and homogeneous cluster conditions
but degrades as system load increases [46].

In contrast, the proposed reinforcement learning
based scheduler, constantly offers excellent scalability
and robustness across all metrics. By continuously
learning from real-time cluster conditions, MCSCM-RL
maintains the lowest CPU and memory usage and
preserves stable response latencies even under sustained
workload expansion. Furthermore, it achieves the most
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favourable startup-time behavior among all scheduling
strategies. Altogether, these results support MCSCM-RL
as the sole approach that can maintain high quality of
service (QoS), energy efficiency, and even resource
utilization wunder both clean and cumulative
deployment scenarios. It proves that it is most suitable
for  large-scale,  production-grade  microservice
orchestration.

Observed performance differences are statistically
meaningful. The results indicate that the performance
improvements achieved by MCSCM-RL scheduler are
statistically significant across key performance metrics,
especially under cumulative deployment scenarios.

More comprehensive statistical study could further
improve the evaluation. The results demonstrate that
MCSCM-RL outperforms default swarm schedulers in
dynamic workload and variable executions. Future work
will include more comprehensive testing across larger
clusters and diverse workload conditions.

7. Conclusion and Future Work

This research presented an extensive evaluation of
multiple scheduling strategies, including Spread,
Binpack, Random, MCSCM, and the proposed MCSCM-
RL, for efficient and QoS-aware orchestration of
containerized microservices in Docker Swarm
environments. Experimental outcomes have revealed
that conventional schedulers, while perfectly good when
operating under the clean deployment, lead to serious
performance drops when the number of services
deployed grows. Spread and Binpack suffer from severe
disparity between CPU and memory under cumulative
load as a result of their predictable allocation strategies.
Random scheduler achieving lower response times
initially, provides inconsistent and non-optimal
performance as system complexity grows. The static
multi-criteria scheduler, MCSCM, improves upon these
approaches under clean conditions but remains sensitive
to workload accumulation, showing severe startup-time
inflation and node saturation. Under clean deployment,
the static multi-criteria scheduler, MCSCM, outperforms
these methods. However, it is vulnerable to workload
increase and shows significant node saturation and
startup-time inflation.

On the other hand, the MCSCM-RL, consistently
outperformed all existing scheduling strategies under
clean and cumulative deployment scenarios. By
leveraging state-aware learning and continuous feedback
from real-time cluster metrics, MCSCM-RL achieved
superior CPU and memory balancing, minimized
response-time variability, and significantly reduced
startup delays. Its ability to dynamically adapt to evolving
node states makes it highly effective in maintaining QoS
guarantees and energy-efficiency. It presents itself as a
robust and scalable solution for modern cloud-native



microservice infrastructures across diverse deployment
conditions.

There are still a number of opportunities for further
research. First, evaluating the scheduler on larger and
heterogeneous clusters, both within Docker Swarm and
on widely adopted orchestration platforms such as
Kubernetes, would offer deeper insights into its
scalability and applicability to real-world cloud
environments.  Moreover, integrating  workload
prediction mechanisms, such as LSTM, might make it
possible to make proactive scheduling option that predict
resource fluctuations rather than only responding to
them.
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