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While cloud-edge infrastructures demand flexible and sophisticated resource management, 6G
networks necessitate very low latency, great dependability, and broad connection. Cloud computing'’s
scalability and agility enable it to prioritize service delivery at various levels of detail while serving
billions of users. However, due to resource inefficiencies, virtual machine (VM) issues, response delays,
and deadline violations, real-time task scheduling is challenging in these settings. This study develops
an Al-powered task scheduling system based on the newly published Unfair Semi-Greedy (USG)
algorithm, Earliest Deadline First (EDF), and Enhanced Deadline Zero-Laxity (EDZL) algorithm. The
system chooses the best scheduler based on load and work criticality by combining reinforcement
learning adaptive logic with a dynamic resource table. Over 10,000 soft real-time task sets were
utilized to evaluate the framework across various cloud-edge scenarios. When compared to solo EDF
and EDZL solutions, the recommended hybrid method reduced average response times by up to 26.3%
and deadline exceptions by 41.7%. The USG component achieved 98.6% task stimulability under
saturated edge settings, indicating significant changes in workload. These findings suggest that the
method might be useful for applications that need a speedy turnaround. This architecture is especially
well-suited for autonomous systems, remote healthcare, and immersive media, all of which require
low latency and dependability, and it may be extended to Al-native 6G networks.

Keywords Real-time scheduling, Cloud-edge computing, Deadline exceptions, Virtual machines,
Reinforcement learning, Soft real-time systems

The virtual environment is currently the most significant and quickly developing industry. Here, the issue of
time and the justification for customers purchasing capital for a given time frame come into play. Since they
are buying resources for one-time consumption, initial-level corporations, organizations entering the business
world, and some medium-sized enterprises can utilize the virtualized environment as a platform to meet specific
user needs and requirements. Modern advances in the cloud environment, on-demand computational models,
client requests for enhanced services, and successful outcomes make the cloud environment an intriguing
topic for study. Virtual machines (VMs), resources delivered to clients through cloud computing services and
features, can be added or removed as needed. In a cloud computing environment, there may be millions of
users, and it offers prioritized services at different granularities to a specific degree of Quality of Service (QoS)'.
Service performance, a joint battle through QoS, determines how much confidence an operator or user has in
the services delivered. The basis of QoS is a set of qualitative processes, which includes latency, throughput,
execution cost, completion time, dependability, and packet loss rate. Two crucial roles in the realm of cloud
computing are those of cloud consumers and cloud providers®. In their data centers, the cloud provider has a
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vast array of resources that it rents out to clients based on their specific requirements. Due to the dynamic nature
of the programs they are developing and the rising demand for resources from cloud customers, their income
has skyrocketed. Applications with varying loads can function at the lowest costs possible from the standpoint
of cloud users by renting resources from cloud providers.

Real-time systems provide output results while adhering to deadlines and maintaining accuracy. Deadlines of
given Real-time jobs could not be met without the use of an optimum scheduling method. Globally, academics
put out various scheduling methods with improved utilization potential. However, a lot of them adhere to the
equality criterion. Failure to meet deadlines can compromise the system and lead to an environmental disaster. Soft
Real-time and Hard Real-Time are different real-time systems®. With a few restrictions in place, it is impossible
to complete a certain RT job set before the deadline without using an optimal SA. In any event, it is crucial to
evaluate current approaches and understand how they function to develop additional effective strategies that can
enhance the methods used to leverage prior research. Innovation in cloud computing is more suited to soft RT
applications that don’t require direct equipment experience and steer clear of computer framework programs,
rather than hard RT applications in closed environments. In a virtualized context, scheduling techniques for
soft real-time might be integrated to enable the system to offer performance in a graded real-time system. For
instance, these systems may be used for cloud-based gaming, online video streaming, and channel control in
telecommunications. Despite the restrictions placed on virtual machine connectivity and start-up time, cloud
computing might provide these applications with substantial benefits. Response time, deadline exceptions, the
need for more resources, VM failures, scalability, and running expenses are the key problems in task scheduling
and demand solutions. The development of the cloud environment and customer demands for enhanced
services have made job scheduling a compelling research topic today. Job scheduling is a critical problem in
cloud computing that necessitates several purposeful factors that limit handling activities and are responsible for
selecting the best cloud computing resources for user workloads.

This research proposes a novel hybrid scheduling system that combines the EDE, EDZL, and Unfair Semi-
Greedy algorithms with a dynamic adaptability mechanism based on reinforcement learning. Unlike previous
studies, our method specifically targets the mitigation of deadline exceptions in soft real-time cloud-edge
environments by combining deadline awareness and adaptive resource scheduling. Extensive simulations that
replicate real-world workload scenarios demonstrate how this integration addresses key challenges, such as
resource efficiency and deadline adherence.

The advent of Al-native 6G networks introduces new paradigms in network architecture, emphasizing
distributed intelligence, edge computing, and the real-time orchestration of resources. Traditional cloud-centric
job scheduling techniques often fall short in addressing the ultra-low latency and high-reliability demands
of 6G-enabled applications such as autonomous mobility, tactile internet, and industrial automation. In this
context, intelligent and adaptive scheduling frameworks become critical. The proposed model aligns with this
vision by offering a flexible, AI-amenable scheduling mechanism that can be extended to support edge-cloud
coordination in 6G environments, ensuring efficient resource utilization while minimizing latency and deadline
violations. Thus, the main contributions of this paper are as follows.

1. Proposed a novel hybrid scheduling paradigm that combines USG, EDZL, and EDF for soft real-time appli-
cations in cloud-edge scenarios.

2. The model was verified using over 10,000 tasksets in multiple edge/cloud settings.

Exhibited better average response times and deadline adherence than individual schedulers.

4. We propose a straightforward hybrid scheduling paradigm that combines USG, EDZL, and EDE For soft
real-time workloads in cloud-edge systems, this approach maintains high schedulability and responsiveness
while avoiding the cost and complexity associated with metaheuristic techniques, such as GA-RTS or DCL-
CA.

w

This work is organized as follows: Section “Literature review” presents the literature review. Section “Materials
and methods” covers the research methodologies. Section “Results and discussions” discusses the results. In
Section “Conclusion and further work’, we conclude and summarize the final stage.

Literature review

Task scheduling is a crucial component in enhancing the responsiveness, resource efficiency, and deadline
compliance of cloud-edge computing systems, particularly for soft real-time applications. Due to the complex
interrelationships between heterogeneity, network latency, dynamic task arrivals, and resource constraints,
scheduling algorithms in edge-centric systems must be adaptive, scalable, and lightweight®. Reinforcement
learning (RL) has recently garnered significant attention due to its ability to learn the optimal scheduling
rules in dynamic environments without requiring a model of the system’s behavior. Agents can balance long-
term incentives, which are frequently described in terms of latency, energy, or QoS objectives, while making
task-placement decisions using techniques such as Deep Q-Networks (DQN), Actor-Critic, and Proximal
Policy Optimisation (PPO)>~”. An RL-based scheduler may be able to prioritize latency-sensitive jobs on low-
latency edge servers under network congestion. Time-sensitive applications provide considerable hurdles to
RL algorithms, especially at resource-constrained edge nodes. These concerns include high processing costs,
long convergence times, and a high degree of sample complexity. The costs of inference and training will likely
surpass the potential advantages®®. To overcome these challenges, approaches such as SA-DQN or MADDPG
use heuristics or decentralizing agents; nonetheless, scaling issues persist, particularly when task arrivals are
unpredictable or bursty!®!!. Metaheuristic algorithms, such as Ant Colony Optimization (ACO), Particle Swarm
Optimization (PSO), and Genetic Algorithms (GA), have gained popularity because they can conduct global
optimization without requiring domain-specific heuristics or gradient information. These algorithms have shown
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success in balancing makespan, cost, and energy usage on large-scale cloud systems by constantly developing
task allocation techniques that mirror natural processes (such as evolution or swarm behavior)'>!3, The GA-
RTS approach, for example, has demonstrated improved VM usage by integrating scheduling choices into
chromosomes and exploring novel allocations through crossover/mutation operators'. However, metaheuristics
are often ineffective in real-time edge systems where decision speed is crucial. Their iterative nature results in
significant scheduling delays, especially as the issue size grows, and they require precise parameter calibration
to avoid local optima or premature convergence'®. Table 1 also provides a comparison of various studies and
identifies their weaknesses.

Several hybrid techniques have been created to address the limitations of single-strategy approaches. For
example, the Deep Cooperative Load Balancing and Clustering Algorithm (DCLCA) combines rule-based load
balancing and deep learning to improve cluster-level fault tolerance!®, whereas the Heuristic-Guided Dynamic
Cluster Scheduling (HGDCS) model dynamically groups tasks based on priority levels and cluster resource
states?®. These strategies combine the flexibility of learning algorithms with heuristic responsiveness in order to
increase performance across a wide range of workloads. However, hybrid models typically increase architectural
complexity, necessitate real-time parameter recalibration, and are difficult to generalize across multiple edge
settings (e.g., vehicle-edge-cloud or AR/VR offloading), making deployment and maintenance difficult. Each of
these categories has three major restrictions. First, many solutions are based on centralized decision-making,
which creates bottlenecks and single points of failure. This is especially troublesome in distributed edge systems
with asynchronous nodes. Second, the majority of approaches do not explicitly account for soft real-time
restrictions, especially as work laxity and usefulness alter with time. Third, methods that require extensive model
training, optimization loops, or history profiling are essentially unsuitable for “cold start” situations, where a
quick response is required and no previous data is available. This study proposes a novel, lightweight, and
deadline-sensitive scheduling paradigm that addresses these gaps by combining the concepts of Unfair Semi-
Greedy (USG), Earliest Deadline First (EDF), and Earliest Deadline Zero Laxity (EDZL). EDF serves as the basis
for real-time planning by consistently selecting the job with the earliest due date, ensuring that tasks critical to
meeting deadlines are prioritized”’. However, EDF cannot handle laxity-based reordering and resource
contention. By identifying occupations with 0% laxity or activities that must be completed swiftly to meet
deadlines, EDZL highlights the need to enforce stringent time limitations when necessary®®. USG increases the
frameworK’s versatility by addressing task utility, fairness, and current load distribution, ensuring that lower-
utility or less urgent operations are not continually deprived?. This three-tiered solution enables real-time,
utility-aware, and load-balanced scheduling without needing external profiling, optimization search, or model
training. Its lightweight architecture makes it perfect for soft real-time applications such as smart traffic systems,
cloud-assisted drones, and AR/VR edge services that need quick, interpretable, and load-variable decisions. GA-
RTS, DCLCA, and HGDCS are three hybrid task scheduling algorithms designed to optimize deadline-sensitive

mapped to the node that results in the lowest EED from the beginning to the present module

Scheduling
References | technique | Methodology Weakness
16 D . The empty processor receives jobs from the machine node. If no vacant processors are identified, a new virtual Scalal;lnllty, response time, Vlrtual‘
ynamic . - . . ) . machine (VM) problems, operating
machine node is dynamically built and assigned the job .
expenses, and missing resource tables
17 . Algorithms for work scheduling using resource prediction approaches. Queued jobs are sorted. Jobs will Larger jobs that are non—pree'mptlvely
Dynamic : PO ; e ; scheduled would take a considerable
search for an appropriate agent, check for availability, and map the job to that agent if it is available -
amount of time to complete
The deep reinforcement learning technique is employed in resource-constrained situations to assist Scalability: enerey usage, and
1 Dynamic application managers in task dispatching while adhering to the QoS criteria. The suggested method of job ! Z’ bl 24 lh lg ki
scheduling effectively reduces job response times by up to 40.4% resource table are al facking
A dynamic scheduling algorithm is created, employing a greedy approach to schedule newly arriving jobs Resource provisioning and non-
9 Dynamic regularly. They introduce the rescheduling strategy to improve the goal internationally. Time slots of idle VMs | linear task dependence on processing
are controlled, and those ready and promptly given jobs are employed to maintain balanced search trees times and deadlines
20 Dvnamic The algorithm prioritizes activities based on their earliest start timings and places them where they may be VM failures and difficulties with
Y completed with the fewest cost increases while still meeting their earliest start deadlines response time
Scalability, dependability,
21 Static/ This survey thoroughly investigates prior research and identifies several applications, methodologies, and performance, load-balancing, and
Dynamic quantifiable characteristics dynamic resource reallocation to the
compute nodes
HGDCS is an algorithm designed to address issues related to IaaS resource scheduling. It relies on the GD CS algorithms need to be improved
2 Hybrid approach and the cuckoo-search optimizing algorithm. The suggested approach is tested using workload to schedule resources with many
traces and datasets on the Cloud Sim simulator objectives
The study suggested a DCLCA task scheduling approach to offer cloud task execution. This technique reveals Focusing on a specific parameter
23 . current jobs that are accessible at that moment and reduces the early failure of self-sufficient activities. USIng or. a specilic par
Dynamic R . . : . - . and calling for better fault tolerance
egarding the failure rate, studies have shown that the suggested approach quantifies a considerable reduction improvement
in task malfunctions P
The suggested algorithm draws inspiration from LRE-TL. USG, a semi-greedy algorithm, was suggested. . . .
2 Static/ The algorithm’s design adheres to the fairness principle, invalidating many migrations and preemptions. Working with relat{vely fe?” .
. . . T . parameters, delay times still require
Dynamic Preemption of jobs and migration are two methods that provide results, although they are less frequent than improvement
real-time multiprocessor scheduling algorithms at their current stage P
Static/ The two phases of the workflow strategy are completed. They begin by employing segmented modules in Working with relatively few
= Dynamic multiple layers and utilizing topological sorting. Based on the computational load, all of the modules are parameters, delay times still require

improvement

Table 1. Provides a comparison of various papers.
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execution in cloud settings. GA-RTS utilizes genetic algorithms to enhance resource mapping; however, this
often leads to significant additional processing time*’. DCLCA and HGDCS manage priorities and deadlines
through cluster-based methods and dynamic heuristics. Although these strategies are effective in certain
contexts, they are slow to adapt and present challenging optimization challenges in edge-cloud setups. In
contrast, our method combines the EDF, EDZL, and USG algorithms to provide a lightweight, rule-based
scheduling system. This combination enables hierarchical decision-making, as USG responds quickly to critical
actions, EDZL forecasts laxity, and EDF manages routine real-time tasks®!. The end result is a system that can
adapt to a wide range of situations without requiring the extensive computation and fine-tuning typically
required by metaheuristic systems, while also being quick to react and meet deadlines®. Three main concerns
have been the focus of recent research on work scheduling in edge-cloud contexts: (i) Deep learning models like
Deep Q-Networks (DQN), Actor-Critic models, and Proximal Policy Optimization (PPO) are used in
reinforcement learning-based scheduling to modify task allocations in response to outside input dynamically.
Particularly in edge-centric systems with constrained processing power, these methods often suffer from high
training costs, model convergence issues, and limited real-time applicability due to latency and data volume
limitations®?. On the other hand, they flourish in long-term adaptation. (i) Metaheuristic-based approaches use
optimization methods like Ant Colony Optimization (ACO), Particle Swarm Optimization (PSO), and Genetic
Algorithms (GA) to examine the scheduling solution space. These methods perform well in static or somewhat
static cloud environments, but when faced with tight deadlines or rapidly changing workloads, they exhibit
inconsistent performance and delayed convergence. (iii) Some hybrid systems, such as Heuristic-Guided
Dynamic Cloud Schedulers (HGDCS), Deep-Learning-Controlled Load Balancing (DCLCA), and GA-enhanced
EDF (GA-RTS), aim to integrate intelligent optimization modules with conventional real-time scheduling®.
These hybrids sometimes require more complexity, higher setup costs, and reduced scalability in situations with
limited resources or latency, even if they may improve deadline compliance and work distribution efficiency.
Although these groupings have advantages, they all share certain fundamental characteristics in common, such
as a strong reliance on centralized decision-making, a lack of deadline enforcement in soft real-time settings, and
alimited adaptability to shifting edge-cloud circumstances®. Furthermore, few studies have balanced lightweight
computing, deadline sensitivity, and scalability in rapidly evolving contexts such as autonomous edge-based
networks, 6G-powered IoT systems, and smart factories. Rather, the majority of previous studies have focused
on either flexibility or optimization accuracy. To overcome these drawbacks, this paper suggests a hybrid
framework that combines the Unfair Semi-Greedy (USG), Earliest Deadline First (EDF), and Earliest Deadline
Zero Laxity (EDZL) scheduling algorithms. Without requiring costly model training or probabilistic search, this
composition offers precise prioritizing of time-sensitive activities (EDF), load-aware adaptation (USG), and
strict deadline monitoring (EDZL). The frameworK’s low-overhead, high-responsive scheduling is ideal for
distributed task environments, particularly those with dynamic workloads and soft real-time responsiveness. It
was developed with practical implementation in mind®*. To reduce energy consumption and reaction time in
multiprocessor systems, this research proposes a real-time system scheduling technique. When both periodic
and aperiodic operations run on a multiprocessor system, the proposed method aims to improve the reaction
time of aperiodic activities, which are more crucial than periodic tasks, while considering deadlines'!. An
energy-efficient and performance-efficient real-time scheduling technique, a migration strategy for task
distribution across processors, and a method for scheduling both periodic and aperiodic workloads on a multi-
processor system are all included in*’. The researchers in* address the limitations of real IaaS clouds for
benchmarking workload performance and infrastructure energy consumption under variable conditions, as well
as the difficulties in evaluating the efficacy of resource provisioning policies in a real cloud platform for different
workload models under transient conditions. The report’s conclusion highlights several issues that warrant
further investigation. Research concepts, ideas, methods, and hypotheses may all be tested in a controlled setting
via simulations®. Before deploying to real clouds, they assist you with identifying and fixing system bottlenecks
and testing services on a repeatable platform. Simulations enable the testing of various workloads, applications,
and data center resources, all of which may impact cloud economics, energy costs, consolidation plans, and
service delivery. Although they can replicate some elements of an actual system, cloud simulators such as
DISSECT-CEF, CloudSim, GreenCloud, and DCSim are unable to abstract the whole underlying platform*®:4!.
Because CloudSim is widely used in cloud research, it is a well-liked substitute. However, since it cannot add or
remove virtual machines while the simulation is running, it is challenging to replicate a highly varied cloud
platform. For real-time systems, real-time scheduling—including global and partitioned scheduling—is
crucial??. Table 2 shows the strengths and limitations of various algorithms.

References | Algorithm Strengths Limitations

3.4 EDF Effective for fixed deadlines, low overhead Struggles with dynamic workloads, resource contention
7 EDZL Balances resource utilization, reduces contention May compromise tasks with stringent deadlines

8 USsG Adaptable to varying QoS requirements, utility-based optimization | Complex utility function design required

78 RL-based methods Dynamic adaptation handles unpredictable workloads Requires extensive training, high computational overhead
o DQN-based resource allocation | Low average waiting times, high efficiency Limited to edge computing scenarios
10 SA-DQN Optimizes execution order, high resource utilization Limited to real-time cloud workflows

Table 2. Strengths and limitations of various algorithms.
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Materials and methods

The integration of intelligent job scheduling algorithms, such as EDF and EDZL, into the edge-cloud continuum
has become a critical area of research, particularly for soft real-time workloads and delay-sensitive applications
in Al-native 6G networks. These algorithms play a pivotal role in optimizing resource allocation, reducing
latency, and ensuring efficient task execution in dynamic and heterogeneous environments. This section
provides a comprehensive overview of frameworks, data, and the proposed methodology. Several hybrid
scheduling approaches, including GA-RTS, DCLCA, and HGDCS, have shown promise for optimizing task
allocation in dynamic cloud-edge environments. These techniques, on the other hand, often rely on evolutionary
or metaheuristic processes, which, although effective, may struggle to tackle large issues or converge quickly,
especially when there are soft real-time constraints. However, the suggested design uses a deterministic scheduling
approach called EDE, EDZL, and USG (Unfair Semi-Greedy). This combination, which eliminates the need for
stochastic search or global optimization, enables the system to strike a balance between load distribution, deadline
compliance, and prioritizing key jobs. Because our approach significantly reduces overhead and decision delay
while maintaining real-time responsiveness, it is ideal for large, time-sensitive edge-cloud systems.

Three separate algorithms—USG, EDF, and Strengthened EDZL—are seamlessly merged to form a hybrid
decision-making process reinforced by reinforcement learning (RL). This is what differentiates the suggested
scheduling technique. Our framework dynamically calculates and adjusts scheduling techniques based on
runtime job characteristics and system conditions, unlike traditional hybrid schedulers that statically combine
scheduling algorithms. The reinforcement learning agent continually learns from deadline exception patterns and
system input to adjust the scheduler’s behavior, thereby maximizing response time and adherence to deadlines
across a wide range of workload intensities. Due to its multi-layered integration, our strategy distinguishes
itself from other techniques, which often focus on just one or two of these characteristics. It combines adaptive
learning, resource allocation, and deadline awareness.

Framework

The proposed data flow diagram of the research framework for job scheduling is shown in Fig. 1. Every real-
time work received was computed for the minimal VM resources needed. The master node changes each VM’s
entry in the resource table. The records of VMs from their domain and from other cloud domains are updated
simultaneously via resource tables. Following the completion of computers with empty processors and resource
table updates for each VM, machines with lower-priority jobs are given second priority. Real-time workloads
are assigned VM resources from the pool of available VM resources once the resource table has been checked
to see if any resources are available. When a VMS is active, it completes the assigned RT jobs utilizing the
Earliest Deadline First (EDF), Earliest Deadline First Until Zero Laxity (EDZL), and Unfair Semi-Greedy (USG)
scheduling algorithms included in the RT environment. Every virtual machine node scheduler comes with a
deadline look-ahead module. The master node scheduler assigns urgent jobs to all VMs with vacant processor
nodes from the resource table. If not, the master node scheduler can assign a critical job to a just-created VM
node.

Data collection
To test the upgraded algorithm within the suggested cloud computing architecture, datasets are created using
Python code, and jobs are generated within the range specified in Table 3. Testbed information about the jobs

Calculate the
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Fig. 1. Data flow diagram (DFD) of framework.
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RT (Real-Time) Job Submission

Targeted cloud architecture
Jobs Number of nodes | Number of processors per node
10,000 jobs, each of which includes a further 16 jobs ; z

8 2
10,000 jobs, each of which includes a further 32 jobs | 4 4

2 8

16 2
10,000 jobs, each of which includes a further 64 jobs i :

2 16

32 2

16 4
10,000 jobs, each of which includes a further 128 jobs | 8 8

4 16

2 32

Table 3. Task sets sample for implementation.
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Fig. 2. Job scheduling framework.

generated and the accompanying cloud environment architecture is provided. The average response time and
average number of deadline exceptions were used to show the results. For instance, 10,000 jobs with sizes 16, 32,
64, and 128 were randomly selected.

Proposed methodology

The proposed framework for job scheduling is shown in Fig. 2. The Resource Table (RT), Master Node Scheduler
(MNS), and Virtual Machine System (VMS) are the three key sections, which are divided into them. The master
node has access to the resource table and the available VMs. The records of VMS from their domain and other
cloud domains are updated simultaneously via resource tables. Following the completion of computers with
empty processors and resource table updates for each VM, machines with lower-priority jobs are given second
priority. The MNS receives real-time jobs and verifies the resource table before allocating VM resources from
the pool of available VM resources to the workloads, until the pool is depleted. When the pool of resources is
exhausted, MNS searches the resource table to locate VM resources on adjacent clouds, allowing the task to be
completed as soon as possible. Current hybrid schedulers, such as GA-RTS, DCLCA, and HGDCS, often employ
metaheuristics or static rules to determine which jobs are more important. Although these techniques improve
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specific performance metrics, they typically have higher overhead and less flexibility in dynamic, soft real-time
applications. In contrast to previous hybrid models, the novel EDF-EDZL-USG combination offers lightweight,
adaptable scheduling across multiple nodes and deadlines, along with lower processing costs and faster response
times.

Design justification

The virtual machine system coordinates EDF, EDZL, and USG to strike a balance between urgent, forward-
looking, and timely justice. EDF supervises the execution of activities according to deadlines, while EDZL assists
individuals in anticipating future occurrences by informing them when deadlines are flexible. USG is enhanced
by applying a semi-greedy heuristic to urgent jobs. This three-layer coordination minimises the cost of running
GA-RTS, DCLCA, and HGDCS hybrid models, improves soft real-time responsiveness, and enables intelligent
task prioritisation and demotion.

Code/Pseudo-code for the algorithm of the vm node scheduling

1. Obtained a legitimate job.

2. Ascertain the minimum resources needed for a virtual machine (VM).

. Check the resource table to see which virtual machines (VMs) are accessible.
. Add virtual machines (VMs) to the designated

. VM pool once it is full.

. Look through the local cloud platform for resources.

. Regarding every VM node inside the VM

. Assign and launch the job to a virtual machine node.

. Using an idle CPU, check the resource node in the database to see whether a deadline extension is approved.
10. As an alternative, search for a nearby cloud platform with an idle CPU.

11. As soon as a node is found,

12. Assign it a job.

13. If not,

14. Launch a fresh virtual machine node.

15. Select the VM node that will be assigned the job.

O 003N LW

Algorithm 1. The pseudocode of the VM node

Using the fewest resources possible, the virtual machine (VM) node receives tasks from the master node (MN)
scheduler in real-time. When a VMS is in operation, it uses the EDE, EDZL, and USG scheduling algorithms in
the RT environment to finish allocated RT tasks. There is a module in every virtual machine node scheduler for
anticipating deadlines. This module creates a deadline exception if it thinks there won't be a deadline. Below is
a view of the VMS pseudocode.

Establish scheduling queues.

The EDE EDZL, and USG algorithms will be used to finish tasks.
Look for any deadline exceptions.

If there seems to be an exception to the deadline.

Take the purported job off the queue.

Draw attention to the instance of the deadline exception.

UL

The winner will be Minnesota. The RT work that is anticipated to be completed ahead of schedule is moved from
the scheduling queue to the urgent queue and is handled immediately once the resource table is verified. The
MNS allocates urgent work to virtual machines (VMs) with available processing nodes by using the resource
table. If not, the MNS could allocate a recently formed virtual machine node to a pressing task.

Input: FullTimeJob J
Output: Job J assigned to a suitable VM node
1. Determine the minimum resources required for job J
2. Check the resource table for available VM nodes
3. If matching VMs are found:
a. Select optimal VM from pool
b. Assign job J to selected VM
4. Else:
a. Search for nearby cloud platforms with idle VM nodes
b. If a node is found:
i. Assign job J to that node
c. Else:
i. Create a new VM node
ii. Assign job J to the new VM
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Algorithm 2. Master Node Scheduling (MNS)

Input: Job Queue Q (received from MNS), Scheduling Policy: {EDF, EDZL, USG}
Output: Job execution based on selected scheduling policy
1. Initialize scheduling queues: NormalQueue, UrgentQueue
2. For each job Ji in Q:
a. Predict deadline feasibility using the Deadline Lookahead Module
b. If Ji is predicted to miss its deadline:
i. Move Ji to UrgentQueue
ii. Flag deadline exception
c. Else:
i. Enqueue Ji into NormalQueue
3. While NormalQueue or UrgentQueue is not empty:
a. Prioritize UrgentQueue over NormalQueue
b. Select job based on selected policy (EDF, EDZL, or USG)
c. Verify CPU availability using the Resource Table
d. If idle CPU found:
i. Assign job to VM node
e. Else:
i. Spawn new VM node
ii. Assign job

Algorithm 3. Virtual Machine Scheduler (VMS) - Job Execution and Deadline Handling

o MNS handles global task dispatching by finding or provisioning VM resources across the cloud-edge contin-
uum.

VMS executes jobs using selected real-time scheduling algorithms (EDE, EDZL, or USG).

A Deadline Lookahead Module evaluates whether a job is likely to miss its deadline.

Urgent Queue handles jobs with predicted deadline violations, bypassing normal queue scheduling.

Resource Table is dynamically updated to reflect idle CPU availability or initiate new VM nodes.

The MN scheduler assigns work from real-time situations to VM nodes after determining the minimal number
of resources. While in operation, a VMS uses the EDF, EDZL, and USG scheduling algorithms of the RT
environment to accomplish assigned RT tasks. A deadline look-ahead module in every virtual machine node
scheduler creates a deadline exception if a deadline is missed.

This is the pseudocode for VMS.

This is the VMS pseudocode. Arrange the queues for scheduling.

Code must be executed in compliance with EDZL, EDF, and USG regulations.
Look for any exceptions to the deadline.

Should there be a missing deadline?

Take the work that seems to be finished out of the queue.

Remark about the earlier incident.

Minnesota will take up jobs from here.

After the resource table is verified, the Resource Table RT task, which is expected to cause a deadline miss event,
is removed from the scheduling queue, placed in the urgent queue, and started immediately. MNS urgent tasks
are assigned to any virtual machine (VM) listed in the resource table that has an empty CPU node. If not, the
MNS can give a crucial task to a freshly formed virtual machine node.

Results and discussions

Each experiment was repeated 10 times to give statistical rigor in analyzing the proposed hybrid scheduling
architecture, which integrates the USG, EDE and EDZL algorithms. Standard deviations were computed for
both response time and deadline exceptions to allow for variation across runs. Figures 3, 4, 5, 6, 7, 8, 9 and 10
include error bars to illustrate the consistency of performance results across multiple trials. A total of 10,000 soft
real-time jobs, representing realistic workloads for cloud-based applications, were simulated using subsets of 16,
32, 64, and 128 tasks. To replicate a real-world edge-cloud computing situation, the framework was created with
a multi-node and multi-CPU architecture. The evaluation focused on two primary metrics: average response
time, which assesses the time between task submission and completion, and average deadline exceptions, which
reflect the number of projects that missed their execution deadlines. The findings reveal that the USG algorithm
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consistently generated fewer deadline exceptions than EDF and EDZL at all workload levels. USG exhibited
greater scalability and robustness, particularly when dealing with heavier workloads. Although USG and EDZL
had faster average response times than EDE, EDZL had a higher rate of deadline breaches in several conditions.
Despite being more dependable, EDF had substantially longer average response times and a high proportion of
missed deadlines. The performance of the EDE, EDZL, and USG algorithms under various workload conditions
is shown in Fig. 3, 4, 5, 6,7, 8,9 and 10. In these figures, x-axes show the number of jobs (tasks), while the y-axes
show the number of deadline exceptions or response times in seconds (s). This ensures that the statistics are self-
explanatory and easy to understand.

Deadline exceptions

EDZL techniques while handling workloads of increasing size (16, 32, 64, and 128 processes, respectively). For
the lightest workload of 16 tasks, as shown in Fig. 3, all three approaches performed well, with the USG method
exhibiting fewer deadline breaches than the EDF and EDZL methods. Figure 4 shows how the EDF strategy began
to significantly increase deadline exceptions when the workload was doubled to 32 jobs, while USG maintained
lower numbers, proving scalability. Figure 5 shows a significant increase in EDZLs deadline exceptions for 64
tasks, despite USG outperforming both options. The USG approach has a relatively low number of deadline
exceptions, approximately 20-25% fewer than EDF and 12-15% fewer than EDZL, as shown in Fig. 6, which
illustrates the maximum workload of 128 jobs. As workloads increase, these metrics show how the USG can
better handle real-time limitations.
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Response time analysis
The average response times for the three scheduling algorithms on projects of the same size (16, 32, 64, and 128
tasks) are shown in Figs. 7, 8, 9 and 10. The USG algorithm had the fastest average reaction time (approximately
12 s) for a workload of 16 jobs, as shown in Fig. 7, followed by EDZL (20 s) and EDF (23 s). For applications
that are sensitive to latency, this early performance advantage is essential. Thirty-two tasks in Fig. 8 show a
similar pattern: Once more, USG finished the project earlier than expected, but EDZL kept up a good pace at the
expense of more missed deadlines. Figure 9 shows that while EDF’s reaction time starts to rise significantly, USG
grows efficiently while maintaining average response times, even with 64 workers. Finally, Fig. 10 shows that
USG outperforms EDF by a significant margin and EDZL by a smaller but still substantial margin, maintaining
a competitive response time of 128 jobs despite the increasing load. These eight statistics demonstrate the overall
strength and effectiveness of the USG method. While handling medium to heavy workloads, it consistently
maintains faster response times and the fewest deadline exceptions. Importantly, standard deviation error bars
were used to show performance stability, and all data were taken from the average outcomes of ten experimental
trials. Each graph may be understood separately due to its consistent structure, which includes labelled axes,
legends, and lengthy captions. All things considered, these findings provide empirical evidence for the efficacy
of the suggested approach for real-time scheduling in edge-cloud situations.
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Here is Table 4, a Comparison of Results of the effects of the two parameters, average deadline exception and
average response time, utilizing the three algorithms USG, EDE, and EDZL. Table 4 shows the results for two
metrics, average reaction time and average deadline exception, using the task set samples. While Figs. 3, 4, 5, 6,
7, 8,9 and 10 summarize the entire situation. Figures 3, 4, 5, 6, 7, 8, 9 and 10 demonstrate that USG has a faster
response time than EDF and EDZL with 16, 32, 64, and 128 jobs, respectively. Table 3 shows that in the USG
algorithm, the number of deadline exceptions was minimized. Even though the EDZL and USG had the quickest
response times, the deadline exception was found in a greater number of cases.@

Conclusion and further work

Previous studies suggest that the most challenging aspect of cloud computing is precisely scheduling tasks.
Response times, deadline exceptions, the need for additional resources, virtual machine failures, scalability, and
operating expenses must all be considered when scheduling tasks. The task’s average response time and deadline
slippage are significantly lower than in earlier research, indicating that a unique approach to resource table
construction has resolved the scalability issue. The RT, MNS, and VMS are the three key components that make
up the framework of the proposed employment schedule. Here, the resource table and the pool of accessible
VMs are accessible to the MNS. Resource tables are used to update the records of VMs from their domain and
other cloud domains simultaneously. The RT updates each VM’s record so that those with empty processors are
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listed first, giving second precedence to machines working on lower-priority tasks. Measures of how effectively
the results have been applied include the average response time and the average number of exceptions to
deadlines. It was discovered that the USG technique had fewer minimum deadline exceptions. Though more
cases had a deadline exemption, the EDZL and USG produced the fastest response times. A limitation of this
research is that some important parameters of scheduling, such as energy consumption, cost, and VM failure,
are not considered here. Furthermore, this research provides a foundational framework that can be seamlessly
adapted to Al-native 6G architectures. By distributing scheduling intelligence across master nodes and virtual
machine systems, and incorporating algorithms that balance performance with fairness and deadline adherence,
the proposed approach aligns with key performance indicators (KPIs) of 6G, such as sub-millisecond latency,
high scalability, and edge intelligence. Future work will explore the integration of machine learning models for
predictive scheduling, resource forecasting, and dynamic adaptation across the edge-cloud continuum, further
enhancing the frameworK’s applicability to real-world 6G deployments.
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Our proposed scheme Ref??

Targeted Average Average Average Average

cloud deadline response deadline response

architecture exception time (s) exception time (s)

No.
of

No. processors

of per Average
Task set nodes | node USG | EDF | EDZL | USG | EDF | EDZL | deadline | USG | EDF | EDZL | USG | EDF | EDZL
10,000 tasks, each | 4 2 0.2 0.1 0.4 12 23 20 40 1 3 2 52 48 53
taskset contains
further 16 tasks 2 4 0 0.1 0.2 12 30 20 40 0 2 0 52 50 58
10,000 tasks, each 8 2 3 7 2 40 52 30 60 5 10 5 55 44 52
taskset contains 4 4 1 4 2 35 45 28 60 0 6 2 50 42 52
further 32 tasks

2 8 1 3 1 32 45 25 60 0 5 1 50 45 50

16 2 10 21 9 45 47 37 50 13 19 14 52 41 50
10,000 tasks, each | g 4 6 14 |8 32 |41 |35 50 7 16 |11 53 |40 |52
taskset contains
further 64 tasks | 4 8 3 14 |6 32 |40 |37 50 0 14 |8 52 |39 |53

2 16 1 11 5 30 40 35 50 0 11 3 49 38 50

32 2 12 35 17 171 445 | 367 450 21 32 23 400 | 310 | 400
10,000 tasks, each 16 4 8 25 17 160 | 350 | 350 450 5 26 16 410 | 310 |390
taskset contains 8 8 7 22 16 150 340 | 350 450 0 20 13 390 300 | 370
further 128 tasks 16 7 |20 |12 150 [330 [350 | 450 o |17 |7 370|300 | 360

2 32 6 17 10 130 | 300 | 300 450 0 15 6 350 | 300 | 330

Table 4. The performance comparison with the prior study.
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