International Journal of Computer Networks & Communications (IJCNC) Vol 18, No 2, March 2026

AN ADAPTIVE HYBRID SCHEDULING APPROACH
FOR SUSTAINABLE AND RELIABLE CLOUD SERVICES

Rahul Bhatt?, Ritika Mehra? and Kamal Upreti®

PhD Scholar, School of Engineering & Computing, Dev Bhoomi Uttarakhand
University, Dehradun, Uttarakhand, India
!Professor, School of Engineering & Computing, Dev Bhoomi Uttarakhand University,
Dehradun, Uttarakhand, India
2Associate Professor, Department of Computer Science, Christ University, Delhi NCR
Campus, Ghaziabad, India

ABSTRACT

The modern cloud computing systems have to plan the heterogeneous workloads and balance performance
effectiveness, service availability, and sustainability. In this study, an adaptive hybrid scheduling
framework is developed Adaptive Ant-guided Min-Max (AAMM) combining ant-guided optimization with
dynamic Min-Min and Max-Min in deciding how to allocate cloud tasks as a multi-objective. The
scheduler jointly evaluates task completion time, the likelihood of Service Level Agreement violations,
energy consumption, and monetary cost within a unified scoring framework, enabling informed trade-offs
among competing objectives. AAMM is assessed based on a real disaggregated Deep Learning
Recommendation Model workload of 1,544 heterogeneous tasks, running on heterogeneous virtual
machines. Comparative experiments are done with Min-Min, Max-Min and ACO-guided Min-Min
scheduling strategies. According to experimental findings, the suggested approach has been very effective
in reducing energy per task, cost per task, SLA violations are significantly lowered, and flow time stability
is enhanced. Though moderate growth in the makespan is witnessed, the accompanying trade-off has
created equal distribution of resources and service reliability.
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1. INTRODUCTION

As the foundation of big data and artificial intelligence (Al), cloud computing is among the most
promising and most valuable research directions with the rapid development of computer
technology and the internet economy, and the effective task scheduling has always been the aim
and task of the research in this direction [1]. Cloud Computing model provided new hope to the
whole IT industry and to other sectors like education, healthcare and government sectors to fit
their computing and storage infrastructure with various cloud service [2]. One of the technology
in cloud computing involves virtualization technology. Using the process of virtualization, a great
number of computing nodes are combined to create generalized resource pool. The resources in
the resource pool are used by the users over the Internet on a pay as you use basis and they can be
dynamically reconfigured to meet the needs of the users [3]. The more the cloud infrastructure is
expanded and diversified, the more critical the task allocation and resource management is. Job
scheduling is a key to the effective functioning of cloud services in terms of workload
distribution, the decrease of processing delays and the improvement of the overall performance
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[4], [5]. Under the cloud computing paradigm, customers subscribe to services that they need and
sign a service level agreement (SLA) with the cloud vendor, which specifies the quality of
service (QoS) and service provision conditions. It helps manage various categories of workloads
like CPU, network and memory workloads [6]. There are three major challenges in the cloud
computing infrastructure which include virtualization, distributed framework and load balancing.
It helps manage various categories of workloads like CPU, network and memory workloads.
There are three major challenges in the cloud computing infrastructure which include
virtualization, distributed framework and load balancing [7], [8]. The primary aim of the task
scheduling algorithm is to emphasize on various aspects that revolve around quality of service
(QoS) such as throughput, response time, etc. depending on the requirements of the tasks, the
cloud environment allocates appropriate resources. Special needs of the user encompass
resources with regard to time, memory, operating system etc. [9], [10]. Optimization refers to the
procedure of finding the best solution among a set of viable solutions in order to achieve a given
goal. This can be done by the maximization or minimization of an objective function subject to
certain constraints. It involves a wide range of problem types such as a continuous or discrete
problem, a constrained or unconstrained problem, and a single or multi-objective problem [11].
There have been however been major challenges brought about by exponential growth in the use
of cloud services such as application delivery, storage, computation and allocation of resources
which have caused major challenges especially in energy efficiency and resource management
[12]. The primary objective of this research is to design and evaluate an adaptive, SLA-aware
cloud task scheduling framework capable of balancing performance efficiency, service reliability,
and sustainability under heterogeneous and dynamic workloads. Specifically, this study aims to:

* To develop an adaptive SLA-aware cloud task scheduling framework that jointly
optimizes service reliability, energy efficiency, and monetary cost under
heterogeneous workloads.

» To overcome the limitations of fixed scheduling heuristics by dynamically balancing
throughput and fairness in response to workload dispersion.

» To validate scheduling effectiveness on a real Al-driven cloud workload, ensuring
practical relevance beyond synthetic simulations.

The novelty of this work lies in proposing an adaptive hybrid scheduling framework that
integrates ant-guided learning, multi-objective SLA-aware scoring, and dynamic Min—-Max
switching within a unified decision process. Unlike existing schedulers that rely on static
heuristics or computationally expensive learning models, the proposed AAMM framework
introduces workload-sensitive adaptability without training overhead by using statistical
dispersion to switch scheduling behavior. Furthermore, ant colony optimization is employed as a
guidance mechanism rather than a standalone scheduler, enabling lightweight learning while
preserving online feasibility. The explicit incorporation of SLA lateness risk, energy
consumption, and monetary cost into a single scoring model distinguishes this work from prior
makespan-centric approaches and enables sustainability-oriented cloud scheduling under realistic
Al workloads.

1.1. Contributions of Study

e Proposes Adaptive Ant-guided Min—Max (AAMM), a novel hybrid cloud scheduling
framework that dynamically balances throughput, fairness, and SLA compliance.

e Introduces a unified multi-objective scheduling score that explicitly models SLA
lateness, energy usage, and cost, enabling proactive SLA violation mitigation.

o Demonstrates significant reductions in energy per task, cost per task, and SLA violations
compared to classical and metaheuristic schedulers using a real disaggregated deep
learning workload.
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e Provides empirical evidence that moderate makespan trade-offs can yield superior
system-wide sustainability and reliability in modern cloud environments.

2. RELATED WORK

This section reviews the existing literature on SLA-aware cloud task scheduling, focusing on
federated and multi-cloud environments, Al- and reinforcement learning-based optimization
approaches, and emerging trends involving Al-intensive workloads and edge—cloud systems. The
discussion highlights the strengths and limitations of prior studies to motivate the need for the
proposed approach.

2.1. SLA-Aware and Federated / Multi-Cloud Task Scheduling

Previous literature repeatedly states that since the rapid increase in size of data-intensive and
heterogeneous workloads in cloud environment results in frequent SLA breaches, inefficient
resources usage and vendor lock-in in single-cloud environment. To overcome this, a number of
researchers have come up with federated, multi-cloud, and hybrid cloud scheduling models. A
hierarchical federated-cloud scheduler is presented in [13], which combines enhanced density
peaks clustering (EDPC) with African Vultures Optimization (AVOA) and showed a better
makespan, SLA violations, and utilization with Bitbrains traces in CloudSim. Likewise, an SLA-
based workload scheduling model of the DAG-structured workloads was presented on multi-
cloud interface with the Dragonfly Algorithm, with the results indicating the improvement of
processing efficiency and energy consumption [14]. Hybrid and multi-cloud schedulers that are
cost and deadline conscious previously were studies [15]. Although these techniques are claimed
to have improved performance, most are based on the use of simulation, simplified network and
energy models, and gross workload abstractions. There is inadequate generalization of real-world
inter-cloud latency, bursty failures, and mixed workloads with Al and microservices, as well.

2.2. SLA Optimization with Al- and Reinforcement Learning

The second line of research is based on Al-controlled SLA management and schedule, especially
reinforcement learning (RL) or deep learning. It was shown that RL-based schedulers are able to
minimize makespan and response time when acting under SLA constraints verified their DDPG-
based model on production traces of Alibaba [16], [17]. Recent works build on this concept with
deep Q-networks and multi-objective RL, which aim to reduce SLA violations, energy usage, and
makespan simultaneously [18], [19]. Simultaneously, Al can be used to enforce SLA proactively
to microservices by identifying anomalies, resource provisioning using RL, and self-healing, and
achieved a significant decrease in the latency and downtime [20]. Although Al-based schedulers
demonstrate a high level of adaptability, they usually have a training overhead and are not well-
stable during workload drift, as well as exhibit low explainability. In addition, most of the
research does not have the strength analysis and protection that is necessary when implementing
SLA in real-time in production-scale federated clouds.

2.3. Al-Intensive Workloads, Edge-Cloud, and Profit Awareness

Current literature extends scheduling to include workloads that are artificial intelligence
intensive, edge clouds, and profit-conscious management. The necessity of predictive allocation
and migration of tasks was highlighted to facilitate scaled Al workloads [21], and it is suggested
that an SLA-based Al-driven QoS manager can be used on the Edge Cloud Continuum [22]. The
joint optimization of scheduling and data replication to trade-off SLA compliance and provider
profit and suggested quantum-inspired or swarm-based schedulers to optimize QoS and
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profitability further [23]. These methods raise the complexity of architecture and decision-
making and commonly consider idyllic coordination between heterogeneous providers. Also,
standard benchmarks, reproducibility and integrated deliberation of SLA, energy, cost and
federated scalability is a challenge. The available literature already proves the utility of Al and
metaheuristic-based scheduling in enhancing SLA, but it is still disjointed, i.e., it is either
optimization-oriented, or Al adaptability or federation-oriented. This inspires the necessity of
coordinated, tiered SLA-aware scheduling models that collectively consider the workload
heterogeneity, distributed resources discovery, robustness and scalability in current cloud
ecosystems.

3. METHODOLOGY

This section describes the overall methodological framework adopted in the study, including the
system model, scheduling environment, problem formulation, and evaluation strategy. The
methodology is designed to realistically capture the dynamics of cloud-based task scheduling
under SLA constraints and heterogeneous resource conditions. Each component of the proposed
approach is detailed in the following subsections.

3.1. System Model and Scheduling Environment

The cloud computing setting that has been used in this research is based on centralized
scheduling architecture, which is usually used in Infrastructure-as-a-Service (laaS) systems. A
global scheduler, in this architecture (Figure 1), finds a match between arrival of computational
tasks and a pool of heterogeneous virtual machines (VMs). The scheduler is working in an online
environment, where tasks are received dynamically as time passes, and the scheduler is required
to schedule them without complete information of new ones coming in. This assumption is
realistic and is based on the fact that in cloud operations workloads are time-varying, bursty, and
heterogeneous in their execution properties.

The system is programmed to handle mixed workloads of short-lived and long-running
workloads, such as deep learning inference jobs, parameter synchronization jobs, and batch
analytics workloads. Tasks are considered to be independent and non-preemptive, and it
adequately fits the production-grade machine learning pipelines in which the overhead to migrate
or preempt tasks is high. After a task is assigned to a VM, this is executed to completion and the
VM becomes free to undertake other tasks.

Architecturally, the schema of the scheduling breaks down into four logical components as
follows: (i) a workload ingestion module to retrieve task attributes of the input trace, (ii) a
performance modeling module to estimate the execution time, energy consumption, and cost, (iii)
a scheduling decision module to apply baseline or proposed algorithms, and (iv) a monitoring
module to track the results of executions to be used during evaluation. This modular structure
makes sure that all the scheduling plans are analyzed under the same system assumptions so that
they can be compared fairly and reproducibly.
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Figure 1. Generalized Cloud Scheduling Framework
Where the set of tasks is denoted as.
T={TuT . Ty}

and the set of available virtual machines be
V=.V, ..V

Each task Ttis described by a tuple (ay % cpuy gpuy b di) | where @ is the arrival time, %is the
expected time to execute, tPUiand FPUirepresent CPU and GPU resource needs of the different
processor, Pidenotes the task priority, and “iis the Service Level Agreement (SLA) deadline.
Functional roles in the workload give rise to task priorities, and differentiated service
requirements tend to arise in deep learning pipelines, such as parameter servers as being more
important than worker tasks. Each VM Wis with a processing speed factor =i, which abstracts
hardware capability differences, virtualization overheads and energy performance tradeoffs. The
heterogeneous execution behavior can be modeled in this abstraction without needing to simulate
the microarchitecture in detail. A smaller to a higher VM, and larger to smaller machines are
slower or more efficient. A lower value of “jcorresponds to a faster VM, while higher values
indicate slower or more energy-efficient machines. The scheduling issue that is discussed in this
work revolves around SLA constraints. Instead of considering deadlines as fixed arbitrary
constants, SLA deadlines are considered as functions of attributes of task execution. In particular,
the due date of task.Tiis defined as

d[ =ﬂ-[ +.1‘J"|_,
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where 4is a slack factor that influences the strictness of the SLA. This operationalization is
inspired by industrial practice, where service-level goals are frequently based on expected
execution time other than absolute deadlines. Examples of such tasks include long term training
or synchronization that are normally given a larger allowance than short inference tasks. The
proportional deadline model also allows the scheduler to be assessed in circumstances that are
highly analogous to real-life service agreements thus enhancing the extrinsic validity of the
findings.
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Figure 2. Cloud Scheduling Proposed AAMM Architecture

Figure 2 presents the internal architecture and operational workflow of the proposed AAMM
scheduling framework. The system extends the generalized scheduling model by introducing an
adaptive decision layer that dynamically switches between ant-guided Min-Min and dynamic
Max-Min strategies. Task evaluation metrics are first computed for each task—\VVM pair, including
completion time, SLA risk, energy consumption, and cost. An AAMM switching mechanism
analyzes workload dispersion and VM imbalance to select the most appropriate scheduling policy
for the current system state. Ant colony optimization reinforces historically efficient task—VM
mappings, while the adaptive Min—Max logic prevents task starvation under heterogeneous
workloads. The resulting task assignments are executed on an efficient subset of virtual
machines, promoting consolidation, balanced utilization, and sustainability-aware scheduling
outcomes

3.2. Multi-Objective Scheduling Problem Formulation

Minimizing execution time is by no means the objective of the scheduler; rather it needs to
balance multiple often-conflicting performance metrics. Therefore, the scheduling problem shall
be considered as a multi-objective optimization problem. Another objective is to minimize the
makespan, which is defined as the maximum completion time across all tasks:
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Makespan = max(F ),
L

where fiis the finish time of task Ti. The second objective is to minimize overall energy
consumption of the cloud infrastructure. Unlike simplistic tasklevel models, energy consumption
is evaluated at the VM level considering busy and idle time intervals. The third objective is the
monetary cost minimization that is proportional to duration of time for which VM is activated in
a reservation-based billing model. The fourth objective is to minimize SLA violations defined as:

nN
SLAwo = » I(F > dy),
i=1

where ICJis an indicator function. These are inherently conflicting objectives. For example,
aggressive makespan minimization can lead to higher SLA violations and energy usage, while
conservative scheduling reduces the probability of SLA violations at the cost of low throughput.
This creates a need for adaptive and hybrid scheduling strategies.

3.3. Dataset Description and Workload Characteristics

The experimental analysis of this study is performed based on the real-world disaggregated cloud
workload trace based on large-scale inferences and training deployments of deep learning. In
particular, the dataset is the trace of a Disaggregated Deep Learning Recommendation Model
(DLRM), which is the behavior of tasks execution in realistic settings and scenarios in modern
data centers serving machine learning workloads. The trace captures real-world problems, such as
variable execution time, bursting arrivals, variable resource requirements, and variable CPU/GPU
utilization schedules.

Table 1. DLRM Workload Statistics and Resource Composition

Parameter Value
Total number of tasks 1,544
Average task runtime (s) 6,487
Minimum runtime (s) 112
Maximum runtime (s) 92,340
CPU-only tasks (%) 63.2%
GPU-enabled tasks (%) 36.8%
Average CPU demand per task 2.7 cores
Average GPU demand per task 0.42 GPUs
Average arrival inter-time (s) 41.6
Workload type Bursty, heterogeneous

The data in the dataset captures task-level detailed data in terms of task creation time, scheduled
time, and deletion time, CPU and graphics resources constraints, and the functional role of each
task (e.g., parameter server or worker). The above attributes are useful in the correct
reconstruction of task arrival schedule, execution time, and resource constraints. The time to
execute any given task is calculated as the deletion time less the scheduled time, so that the
scheduling model is not based on abstract assumptions. Table 1 provides the summary of major
statistical properties of the dataset, such as the overall amount of tasks, average execution time,
and variability of the runtime. The broad scatter of the minimum to the maximum task run times
shows the high level of heterogeneity of the workload. This heterogeneity is one of the main
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sources of scheduling complexity and is the direct reason that drives the necessity to have
adaptive strategies that could balance throughput, fairness, and SLA compliance. The arrival
times are made normalized with the earliest task creation timestamp to avoid temporal causality
and have a scalable window-based scheduling. The deadlines of SLA are modeled by a slack-
based formulation based on the trends of observed runtimes and is in line with industrial practice,
where the service-level goals are proportional to the anticipated execution time. Functional roles
in the DLRM workload are used to derive task priorities based on the fact that differentiated
service requirements are characteristic of production machine learning pipelines. A validity of
this research is heavily dependent on the fact that a real disaggregated workload trace is used
because synthetic benchmarks can be insufficient to model the complexity and variability of
modern cloud workloads. Using this data, the suggested scheduling model is tested in the
conditions of realistic operation and it can be compared with other classical and metaheuristic-
directed models and also with the suggested adaptive hybrid model.

3.4. Completion Time, Start Time, and Feasibility Modeling

The estimated completion time of task Tion VM Vis computed as:

CT;; =n X 55

The earliest start time of a task on a virtual machine is dependent upon two factors: whether the
virtual machine is available or not and whether the task has arrived or not.

5;; = max(free.a;)
where f7€€jdenotes the time at which VM Y% becomes available.
The corresponding earliest finish time is:

F[__i' = Sll_i' + Ii'_TL'..i"

In order to make the problem scale, the migrations requiring GPU are prevented from executing
on the CPU-only VMs through the concept of penalizing infeasible migrations by assigning them
larger completion times. This approach prevents the strict prohibition of certain migrations and
remains the optimizer well-behaved and stable mathematically. The plan is to model the presence
of heterogeneous VMs, preventing the problem from being too intensely modelled at the lower
level of abstraction, conceptually bogged down in the number of actual CPU cycles or GPU
kernel executions, instead using the speed-factor abstraction, where relative differences matter,
common to the literature of cloud computing resource allocation, stressing resource allocation
and not practical, actual-level computations.

3.5. Energy and Cost Modelling

Energy consumption is modeled at the VM level to reflect realistic cloud behavior. Each virtual
idls dyn
machine consumes power even when it is idle. Let B denote idle power and 5" denote

dynamic power proportional to utilization. The total energy consumption of VM W is modeled as:

— pidis | pidis idis dym o L Busy
B =B -7+ (B + 57 ) - £,
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Busy idis . . .
where & and % represent busy and idle durations, respectively, and “idenotes average
utilization.

Monetary cost is computed using a reservation-based billing model:

_ . pebusy idle

where #jis the cost rate of VM ¥ . The cost is calculated using the reservation billing model,
which considers the cost incurred by idle but active VMs, as far as both energy cost and monetary
cost are concerned. The equations for cost calculation are recomputed dynamically after every
task allocation, as the availability of VMs keeps on changing from time to time. Precomputation
is also important in online scheduling since every action impacts future possibilities.

3.6. Energy Consumption Modelling

Energy consumption is modeled at the level of VM to represent the behavior of clouds. The
power consumed by a VM during the time it’s idle could be a major contributor to the overall

. . . idle . .
power mda sub-optimal environment. Let F*%\which denote the idle power consumption of VM
r A FT - - .y -
¥, and 5 denote the dynamic power component proportional to utilization.

The total energy consumption of VM ¥ is modeled as
idis | yidle idls 4 pdyn busy
By = A - ¢ 4 (B 4 BT -

sy idie
where & ’ and ti“h'represent busy and idle durations, respectively, and jis the average
utilization during execution. This formulation highlights a key insight that activating additional
VMs increases both busy and idle energy consumption. Hence, an aggressive scheduling strategy
which distributes tasks across many VMs may reduce completion time but significantly increases
energy usage.

3.7. Monetary Cost Modelling

We model monetary cost using a reservation-based billing scheme commonly employed in the
commercial cloud platforms. In this model, a user is charged for the entire duration a VM

remains active irrespective of its utilization level. Monetary cost incurred by VM Vis given by

_ . pebusy idls

where Piis the cost rate associated with the VM. This formulation reinforces the importance of
consolidation-aware scheduling. Keeping multiple VMs active for short durations may appear
beneficial from a makespan perspective but leads to inflated operational cost. The explicit
modeling of cost at the VM level allows the scheduling framework to capture this trade-off
accurately.

4. BASELINE SCHEDULING ALGORITHMS

Min-Min, Max-Min, and ACO-guided Min-Min are implemented as baseline schedulers to assess
the effectiveness of the proposed adaptive framework, representing distinct scheduling

47



International Journal of Computer Networks & Communications (IJCNC) Vol 18, No 2, March 2026

philosophies and providing meaningful benchmarks for fairness and efficiency. The baselines
show that fixed heuristics cannot jointly optimize throughput, fairness, sustainability, and SLA
compliance, motivating an adaptive hybrid framework that dynamically blends Min-Min and
Max-Min through multi-objective optimization.

4.1. Min-Min Scheduling

The Min-Min is a classical greedy heuristic widely used in heterogeneous computing
environments. The operational principle of the algorithm is simple; for each unscheduled task, the
algorithm computes the earliest possible completion time across all available VMs. Among these
minimum completion times, the task with the globally smallest value is selected and assigned to
the corresponding VM.

Formally, for each task T:, Min-Min calculates:

E:i’l'il: n_ mi ﬂ{Fl _I:I )
4

and selects the task:
i* =arg miin{FL-m"].

The appeal of Min-Min lies in its simplicity and effectiveness in reducing makespan under
homogeneous or lightly heterogeneous workloads. However, its greedy nature introduces
significant limitations when applied to highly heterogeneous workloads such as the DLRM trace
used in this study. Since Min-Min always favors short tasks, long-running tasks are postponed
repeatedly, thus suffering from starvation, inflated tail latency, and higher risk of SLA violation.
Besides, Min-Min prefers to spread tasks on many VMs to achieve short completion time,
increasing idle energy consumption and monetary cost under reservation-based billing models.
These structural weaknesses render Min-Min unsuitable for sustainability-oriented and SLA-
aware cloud environments, despite the favorable makespan characteristics.

4.2. Max-Min Scheduling

Max-Min scheduling was brought in to tackle the starvation issue that Min-Min leaves behind.
Instead of picking the task with the smallest earliest finish time, it picks the task with the largest
earliest finish time and assigns it to the VM that can finish it soonest:

i* = arg max(F™").
L

This way, it ensures that the longer jobs have a head start, making the problem of starvation
easier and slowly improving fairness. In situations where the runtime of jobs differs considerably,
the use of the Max-Min algorithm can significantly reduce the overall worst-case time required to
complete large jobs. However, this improvement in fairness has a very substantial cost. Max-Min
leaves the quick tasks delayed because of their secondary priority to large tasks; consequently, an
average flow time increases, and processing throughput decreases. Moreover, Max-Min tends to
keep VNs active for an extended period, as a consequence of which VNs experience increased
idleness time, leading to increased power consumption and increased expenses. Therefore,
although Max-Min assists in fairness, it does not serve as a good balancing point regarding
performance, strength, and viability.
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4.3. ACO-Guided Min-Min Scheduling

Ant Colony Optimization (ACO)-guided Min-Min is an improvement over the original Min-Min
algorithm with a learning twist added to the original algorithm’s task-VM allocation process
based on experience gained. In this algorithm, pheromone values are described as follows

Tiirepresent the desirability of assigning task Tito VM ¥ . Heuristic information is derived from
estimated completion times:

1
S CT+¢

7?[,_{

The chances of selecting a certain VM for any given task are determined by heuristic cues
provided through their estimated completion times.

o g
Toi "My
e

] '
o g
E Tk "Mk
H

It permits the algorithm to learn over time which task-VM pairs seem to work better by allowing
the pheromone levels to be evaporated and reinforced after every round. ACO-Min-Min improves
the mapping efficiency compared to pure Min-Min, but its ultimate scheduling choice still relies
on the logic of Min-Min. That said, it also has inherited the same structural gaps: vulnerability to
un-even workloads, no real SLA awareness, and poor resource consolidation.

5. PROPOSED ADAPTIVE ANTI- GUIDED MIN- MAX (AAMM)

The Adaptive Ant-guided Min Max (AAMM) scheduling framework will be proposed to address
the inherent shortcomings of the existing cloud scheduling heuristics in the context of learning,
adjustability, and multi-objective optimization being all incorporated within a unified decision
framework. In contrast with the traditional schedulers that operate in a predetermined priority
rule, AAMM is able to dynamically tune its scheduling behavior based on the observed workload
properties, facilitating the balanced performance efficiency, service reliability, and sustainability.
Primarily, AAMM is a hybrid scheduling framework that integrates three complementary
mechanisms: (i) ant-based optimization that focuses on refining the task-VM completion
estimates, (ii) a multi-objective scoring system that integrates SLA, energy, and cost awareness
and (iii) an adaptive switching mechanism that dynamically alternates between Min-Min and
Max-Min scheduling behaviours. This stratified structure enables AAMM to gain the merits of
classical heuristics and escape its structural vices.

5.1. Ant-Guided Completion Time Optimization Layer

The initial layer of AAMM utilizes Ant Colony Optimization (ACO) as an advice mechanism
and not a scheduler by itself. The aim of this layer is to optimize the estimated completion time

matrix and bias the taskVM associations to historically efficient mappings. For each task Tiand

VM ¥, a pheromone value Tijrepresents the desirability of assigning Tito %. The heuristic
information can be derived from the inverse of the estimated completion time:

1
Mij = CTi; + c
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The attraction of this particular task is in finding an efficient integration of two key guiding
forces: pheromone memory and heuristic guidance. This is computed in a manner that represents
the impact of both sources on the decision-making process.

D;; = =i ""i'fjs
where @and Bcontrol the influence of pheromone memory and heuristic information, respectively.
Instead of using many complete schedules with a large ant population as ant colony optimization
algorithms do, the approach proposed in this work adopts a deterministic and light version of it.
This is because online scheduling must remain efficient in terms of computation. Pheromone
trails decrease with time by evaporation and are re-enforced if they lead to optimal solutions.
Tjj (1- _;3:]1[__; + ;il.rl-__iu

where Pis rate of evaporation and A7; jreinforcement task-VM pairs that result in quick
completion times. The output from this stage is the matrix for completion times that is now
optimized by ACO. This matrix serves as the refined input for the subsequent steps for
scheduling. It is also important to understand that ACO is not allocating the tasks but is instead

optimizing the decision-making process by learning over time which entries to use for better
performance.

5.2. Multi-Objective Evaluation and Scoring Model

The second level of AAMM uses a comprehensive multi-objective scoring metric to evaluate the
individual pairings of candidates and VVMs. This metric integrates the performance, risk of SLA
violations, energy consumption, and costs into a unified value to enable easy control.

For each task—VVM pair {i’ﬂ, SLA lateness is calculated as:
L; j = max(0,F; ; —d;).
The composite score is computes as:

wrF  +wsl; +wekE; p +weC
max(Lp; )

if

Score;; =

Such a strategy will ensure that:
o Tasks close to the deadline of the SLA incur stiffer penalties,
e Energy-hungry and costly operations are not encouraged,
e Prioritized work receives favorable treatment.

Unlike basic baseline rules that are developed by reliance on one measure, such a scoring model
encourages well-rounded optimization.

Table 2. Multi-Objective Weight Configuration in AAMM

Obijective Symbol | Weight
Completion Time W 0.35
SLA Lateness Ws 0.30
Energy Consumption | wg 0.20
Monetary Cost W 0.15
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The weighage scheme adopted in Table 2 indicates an inherent preference towards SLA
performance and effectiveness while maintaining an appropriate level of attention towards energy
use and costs. The system's stability for varying weighage factors has been identified through
sensitivity analysis.

5.3. Adaptive Min—Max Switching Mechanism

The key part of AAMM is the adaptability of the switching mechanism, where it chooses,
dynamically, whether the focus of the scheduler is more towards achieving the throughput (Min-
Min approach) or achieving the fairness (Max-Min approach). In every iteration, for each
pending task, AAMM identifies the VM corresponding to the smallest score. Let the best finish

time corresponding to each VM be F™" The scheduler next calculates the mean, mu, and
standard deviation, sigma, of the values. The formula is computed as:

If 7 = u, adopt Max-Min behavier; othersize adopt Min-Min behavior.

This formula encapsulates the issue of workload imbalance statistically. Large variance indicates
the presence of extreme tasks that are shorter and longer compared to other tasks.
Simultaneously, in pure Min-Min algorithms, such shorter tasks may get deprived of resource
distribution. Therefore, smaller variance indicates more balanced workloads and greater scope to
enhance throughput using Min-Min. Through the inclusion of this strategy, AAMM introduces
adaptability in traditional heuristics.

* Workload Variance: Uses variance to detect imbalance and adapt scheduling between
fairness and throughput.

»  Window-Based Scheduling: Schedules tasks in arrival-order windows for scalable, online
operation.

« Consolidation-Aware Utilization: Activates only efficient VMs to reduce energy and cost
per job.

« Adaptive Hybrid Scheduling: Dynamically blends Min-Min and Max-Min using SLA-,
energy-, and cost-aware scoring.

6. RESULTS AND DISCUSSION

The AAMM framework was evaluated on a real disaggregated DLRM workload of 1,544 tasks
running on 20 heterogeneous VMs and compared with Min-Min, Max-Min, and ACO-Min-Min
under identical system and SLA settings. As summarized in Table 3, Min-Min achieves the
lowest makespan but suffers from high energy consumption, cost, and SLA violations, while
Max-Min improves fairness at the expense of makespan and SLA compliance, and ACO-Min-
Min provides only moderate gains due to its fixed heuristic behavior. In contrast, AAMM
achieves the best overall balance, significantly reducing energy use, monetary cost, and SLA
violations, confirming the advantage of adaptive, multi-objective scheduling over makespan-only
optimization.

Table 3. Scheduling Performance Comparison

Makespan | Total Energy Cost/ | SLA SLA
Scheduler (s) Energy | /Job Total Cost Job Violations | Rate
Min-Min [ 12508800 | 100 | 299 | 14260135 | 9236 | 281 0.182
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Max-Min 13,832,800 ?OSE . ?0670 . 157,693.87 | 102.13 | 1,533 0.993
ACO-Min- 4.22 x 2.73 x
Min 13,099,200 101 107 149,330.86 | 96.72 | 1,441 0.933
Proposed 3.27 x 212 x
(AAMM) 22,273,440 1010 107 93,548.47 | 60.59 | 473 0.306

Figure 3 compares the makespan of MINMIN, MAXMIN, ACO-MINMIN, and AAMM. While
MINMIN achieves the lowest makespan by prioritizing short tasks, it ignores workload balance
and SLA considerations. AAMM intentionally incurs a higher makespan by limiting excessive
VM activation, thereby reducing idle energy use and SLA violations, showing that makespan-
only optimization is insufficient and motivating a multi-objective scheduling design.

le7 Makespan Comparison
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Figure 3. Makespan Comparison among MINMIN, MAXMIN, ACO_MINMIN and AAMM

Figures 4 and 5 present the ECDFs of task completion times, revealing tail latency and fairness
behavior across schedulers. Min-Min and ACO-Min-Min show pronounced long tails due to
greedy prioritization of short tasks, leading to excessive delays and higher SLA risk, while Max-
Min exhibits the worst extreme delays under heterogeneous workloads. In contrast, AAMM
yields a much steeper ECDF with the tail compressed by more than an order of magnitude on the
logarithmic scale, demonstrating superior fairness and robustness achieved through adaptive
Min—Max switching rather than rigid scheduling.

ECDF of Completion Times (All Models)

1.0

0.8

0.6

CDF

0.4

0.2 e — MINMIN
s —— MAXMIN

e —— ACO_MINMIN
— — AAMM

0.0 —

0.0 0.5 1.0 15 2.0
Completion Time le?

Figure 4. EDCF of completion times of all models
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Figure 5. ECDF completion time

Figure 6 shows that Min-Min has a near-zero median flowtime but extreme variability with long
tails beyond 1.2 x 107, indicating severe starvation of long tasks, while Max-Min shifts the
distribution upward with a high median (1.1 x 107) due to systematic delay of short jobs. ACO—
Min-Min reduces the median (0.5 x 107) but still exhibits a wide IQR and long upper tail. In
contrast, AAMM achieves the lowest median flowtime (0.1-0.2 x 107) with a much narrower
IQR and compressed tail, demonstrating superior flowtime stability and fairness under
heterogeneous workloads.

1e7 Flowtime Distribution (Boxplot)
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Figure 6. Flowtime distribution and flowtime finish arrival

Figure 7 shows that Max-Min and ACO-Min-Min suffer the highest SLA violation rates due to
delayed short tasks and lack of deadline awareness, while Min-Min performs better but remains
unreliable under dynamic workloads. The proposed AAMM significantly lowers SLA violations
through explicit lateness penalties and adaptive switching, achieving reductions of 67.2% and
69.1% compared to ACO-Min-Min and Max-Min, respectively. This confirms that SLA
awareness must be a primary optimization objective for sustainable, production-grade cloud
scheduling.
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SLA Violation Rate Comparison
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Figure 7. SLA violation rate comparison.

The proposed AAMM scheduler achieves the lowest energy and cost per job through adaptive
task—VM matching and consolidation-aware scheduling that limits active VMs. Unlike Min-Min
and ACO-Min-Min, which over-activate VMs, and Max-Min, which suffers from poor
consolidation, AAMM focuses on efficient machines while maintaining SLA compliance. As
shown in Table 4, AAMM reduces energy per job by 20.0-22.4% and cost per job by 34.4—
37.3%, with VM utilization confirming balanced, sustainability-oriented operation.

Table 4. Energy and Cost Efficiency Metrics

Scheduler Energy / Job Cost / Job
Min-Min 2.65 x 107 92.36
Max-Min 3.60 x 107 102.13
ACO-Min-Min 2.73 x 107 96.72
Proposed (AAMM) 2.12 x 107 60.59

Figure 8 shows that AAMM concentrates workload on a small subset of VMs, leaving others
largely idle, confirming its consolidation-aware behavior. This selective activation reduces idle
energy consumption and cost while preserving performance and SLA compliance.

AAMM VM Utilization
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Figure 8. AAMM VM utilization vs make span utilization

The experimental findings prove that no classical scheduling heuristic is superior in every one of
the performance dimensions. Min-Min maximizes throughput at the cost of fairness and
sustainability whereas Max-Min maximizes fairness at the cost of efficiency. ACO-Min-Min
offers minimal incremental improvement and is not flexible. It is possible to say that the
proposed AAMM framework produces the robust and balanced performance due to the
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integration of ant-guided learning, multi-objective scoring, and adaptive MinMax switching. This
trade-off is costly in terms of makespan, although allows achieving significant profits in terms of
SLA compliance, energy conservation, and cost minimization. Such features precondition the fact
that AAMM is especially suitable to be deployed in the contemporary cloud-based environment
where sustainability and reliability become extremely important.

7. CONCLUSIONS

This research work presented a dynamic ant-guided Min-Max scheduling model that aims at
eliminating the drawback of fixed cloud scheduling heuristics. The ability to combine completion
time, SLA risk, energy consumption, and monetary cost into one decision model leads to
balanced optimization of conflicting goals in the proposed approach. The framework is evaluated
experimentally, via a real disaggregated deep learning workload, showing that the framework
significantly lowers the energy and cost per task and offers significantly lower SLA violation
rates and better flowtime stability. Despite the increased makespan incurred by the scheduler
compared to the throughput oriented heuristics, the trade-off of increased fairness, improved
consolidation of resources, and predictable service behaviour are achieved. The findings affirm
the fact that adaptive change between Min-Min and Max-Min behaviors is necessary in a
heterogeneous workload. All in all, the given framework can serve as a viable and sustainable
cloud resource management framework. Future directions will include predictive runtime
modeling, integration of reinforcement learning and extending to edge cloud and multi-cluster
environments. These extensions will make the next-generation distributed computing
infrastructures more robust, adaptable and practical to real-world scenarios as next-generation
distributed computing works under dynamic workloads and strict sustainability policies in the
world.
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