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workloads monopolize processor time, leading to degraded

performance and unfair allocation for lower-priority or latency-
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0 sensitive tasks. This study proposes an adaptive CPU scheduling
approach designed to minimize resource starvation while maintaining
system throughput and responsiveness. The proposed scheduler
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on workload characteristics, execution history, waiting time, and

resource utilization metrics. Extensive simulation experiments were

Virtualization: Resource Fairness: conducted using heterogeneous workloads representing compute-
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CPU Utilization; Quality of Service intensive, interactive, and background processes. Performance
(QoNS). evaluation considered average waiting time, turnaround time, CPU

utilization, response time, fairness index, and starvation occurrence
rate. Experimental results demonstrate that the adaptive scheduling
strategy significantly reduces starvation incidents while improving
fairness among tenants without introducing excessive scheduling
overhead. Compared with conventional scheduling algorithms, the
proposed method achieves lower response latency, more balanced
CPU distribution, and improved overall system efficiency under
varying workload conditions. The findings suggest that adaptive CPU
scheduling offers a practical solution for enhancing quality of service
and resource fairness in modern multi-tenant operating systems

deployed in cloud and virtualized environments.
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INTRODUCTION

However, the heterogeneous workloads that
are placed on shared physical resources in
multi-tenant cloud settings frequently cause
unmanaged contention, causing performance
to plummet and applications to have
unpredictable latency (Ayodele et al., 2016;
Guo, 2020).However, static resource
allocation policies have limited applicability
in this case, as they are not able to adjust to
the dynamic behaviour of co-scheduled
workloads, or coordinate resources across
different workloads to avoid resource
starvation (Guo, 2020). They have been
employed by traditional methods involving
fixed allocation of CPU time or memory,
which are inadequate to handle the dynamic
needs of different workloads typical of cloud
services. But static policies will never be able
to respond to the changing nature of
workloads in real-time as the sub-optimal
resource utilization will always exist, along
with the ever-repeated issue of resource
starvation during periods of peak load
(Ayodele et al.,, 2016; Guo, 2020).The
inherent conflict in these systems is between
resource isolation and work conservation,
which are two goals of resource
management: first, to prevent other tenants
from interfering with your work, and second,
to try to maximize the efficiency of the
system as a whole by allocating idle

resources to other tenants (Guo, 2020). When
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the control is not that sophisticated, the co-
located tenants will vie for shared hardware
resources like CPU cycles, cache memories,
memory bands that may create significant
performance unpredictability (Ayodele et al.,
2016). Contention is being managed by
existing resource managers but is often
managed without considering the particular
performance  requirements of  each
application (Guo, 2020). Consequently, if
there is a contention, these managers will not
be able to give priority to the important tasks
and in some instances, there will be low
priority or background processes which will

starve more crucial processes (Ayodele et al.,

2016).

To overcome these limitations, adaptive,
feedback-based CPU scheduling strategies
(Ayodele et al. 2016; Guo 2020) have been
the focus of recent research. They are
concerned with application-specific metrics
of interest such as slowdown or throughput
and allocate the resources dynamically
during its execution (Ayodele et al., 2016).
Adaptive models can establish the
mathematical relationship between the high-
level performance indicators and low-level
system events, which enables the increased
ability to predict and preempt performance
degradation and hence minimise unfairness
and the effects of noisy-neighbor (Ayodele et
al., 2016). these

Moreover, adaptive
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mechanisms support implementing various
sharing policies to accommodate the
operation of the cloud system to meet the
performance objective of isolation of
operations and system efficiency depending
on the workload profile at any time (Guo,

2020).

This research is an attempt to get a better
resource management as an adaptive CPU
scheduling as developed to overcome the
problem of resource starvation. Our
proposed framework is different from the
traditional ones, which rely on static
configurations, and it incorporates a closed
loop feedback mechanism which
continuously tracks the progress of workload
and optimizes the provisioning of resources.
The following are the main objectives of this
study: Development of an application-aware
performance metric that can operate at sub-
second resolution; Design of adaptive
scheduling algorithms that enable to achieve
strict  resource isolation and  work
conservation; Testing of the framework, to
guarantee predictable latency for application
with different workloads, co-located with
high contention workloads. The goal of this
research is to develop a new paradigm to
achieve fair and high performance in multi-
tenant OS on a static to dynamic, workload-
aware scheduling approach. All such
contributions are aimed at minimizing the

number of QOS violations by providing a

Volume 3, Number 1, 2026

dynamic and intelligent control loop, instead
of a static and flavoured provisioning model
(Cao et al., 2024; Tao et al., 2026). It is
efficient enough to complement cluster-level
orchestration and fine-grained kernel
scheduling and to ensure adherence to
Service (SLAs)
(Anuradha et al., 2026; HoseinyFarahabady

& Zomaya, 2025). It will also enhance the

Level  Agreements

ability of the system to handle the
complexities of different architectures of
workloads by leveraging machine learning to
guide scheduling decisions to dedicated,
hardware-independent policies (Wang et al.,

2025).
LITERATURE REVIEW

Many traditional CPU scheduling algorithms
(such as weighted fair queuing and strict
priority-based ones) are not suited for the
needs of

highly dynamic resource

contemporary  data  centers, causing

performance issues (Penney et al.,
2023).These mechanisms are often not
sufficiently well designed to prevent that
lower-priority latency-sensitive applications

are systematically starved because of

aggressive workloads that hog a shared
physical infrastructure (Ayodele et al., 2016;

Guo, 2020). Today's consolidated

environments are cloud-based and

unpredictable in nature, with multiple

applications  sharing limited hardware

resources, making it challenging for the
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traditional  schedulers  designed  for
predictable and homogeneous workloads to
deal with the variations (Wang et al., 2025).
These traditional algorithms are mainly
either strict and static isolation based or
work-conservation based, which may cause
sub-optimal resource utilization during high
workloads, thus inducing high contention for
shared resources (L2 caches, memory
bandwidth, raw CPU cycles and so on), and
causing unpredictable CPU latency and
performance degradation (Ayodele et al.,

2016; Guo, 2020).

The key challenge that lies at the heart of
multi-tenant environments (Guo, 2020) is the
fundamental conflict between maintaining
performance isolation (ensuring that the
performance of one tenant is not affected by
the performance of others) and work
conservation (trying to use idle resources and
distributing them among the tenants for
maximum overall system efficiency).
Typically, traditional resource managers lack
general knowledge of the performance
requirements of each application, and when
contention occurs, they are not smart enough
to identify which applications should receive
priority, therefore more resource intensive
applications are often starved by less critical
background applications (Ayodele et al.,
2016).  Furthermore, complex cloud
workloads have been increasing in recent

years, which demands more complex and
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flexible scheduling strategies than the static

partitioning strategies (Cao et al., 2024).

Use of feedback driven adaptive CPU
scheduling strategies was a recent research
initiative as a result of disadvantages
(Ayodele et al., 2016; Guo, 2020). These
have the

approaches flexibility  to

continuously  track  application-specific
parameters like slowdown, throughput or
adjust the

latency, and dynamically

allocation of resources during runtime
(Ayodele et al., 2016). Adaptive models can
be more effective in predicting and
anticipating the start of the performance
degradation because they provide a strong
mathematical correlation between the high
level performance indicators and low level
events in the system which otherwise may
result in unfairness and reduce the adverse
effect of noisy-neighbor effects (Ayodele et
al., 2016). Moreover, solutions have started
to use deep reinforcement learning to
dynamically control CPU affinity and
pinning according to the feedback, and have
shown to perform better than static pinning
in terms of QoS compliance and resource
efficiency (Tao et al., 2026). Through the
parallel studies, the result is the inclusion of
predictive modelling to fine-grained CPU
and I/O cap management systems to enable
systems to identify patterns of emerging
allocate

contention, and dynamically

resources to avoid congestion while
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maintaining acceptable performance margins

(HoseinyFarahabady & Zomaya, 2025).

This idea has been expanded by using
machine learning, allowing the system to
direct scheduling jobs to a specialized,
hardware-independent expert policy for a
heterogeneous workload architecture (Wang
et al., 2025). The traditional approaches rely
on the pre-specified usage of applications,
which might not generate the best utilization
of the if it fulfills the
SLA requirements

(Anuradha et al., 2026; Cao et al., 2024).

system even
application's  strict
Overall, the literature suggests that the future
of resource management in multi-tenancy
systems is to shift away from one-size-fits-all
resource provisioning using flavours and to
use intelligence-based resource control loops
that can cope with the complexities of today's
cloud world. The independent structures are
designed based on deep reinforcement
learning, which leverages the knowledge of
the workload characteristics and

performance constraints, and dynamically

adjusts the CPU shares (Alvarez, 2025).
METHODOLOGY

The proposed architecture works by splitting
the policy decision making and low-level
enforcement of the system, designing a Deep
which
dynamically alters the weight distribution of

the CPUs (Awad et al., 2025; Zhou et al.,

Reinforcement Learning agent
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2024).Two-layer design based on global

controller for tenant-level prioritization
(SLAs constraints) and fine-grained local
temporal resource allocation in tenant
contexts. The basic principle is the separation
between policy decision and enforcement,
allowing the scheduling framework to
dynamically adjust to the changes of the
workloads (Zhou et al., 2024). The key of this
design is the Deep Reinforcement Learning
agent as the global controller that receives
workloads telemetry information (CPU
usage, 1O bandwidth usage, etc.) and decides
dynamically on the CPU weight assignment
to multiple competing workloads (or tenants)
(Alvarez, 2025). We build a detailed
profiling engine to «create a multi-
dimensional performance metric vector for
every tenant, enabling us to accurately
describe workloads and to identify the
occurrence of impending starvation on time
(Ayodele et al., 2016). This vector includes
Application specific metrics like Normalized
Slowdown, CPU Steal Time, L2 Cache Miss
Rates, among others, and can capture the
complex and non-linear nature of resource
contention in the multi-tenant environment
(Ayodele et al., 2016). Starvation is defined
operationally by comparing the difference
between the progress of an application when
it is scheduled and the real-time throughput,
and once a threshold for the degradation is set

by the application (which is dynamically
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determined), and the difference between the
progress and the real-time throughput is
observed, the system resets CPU affinity and
CPU pinning to reduce the noisy-neighbor
effect (Guo, 2020; HoseinyFarahabady &
Zomaya, 2025). This adaptive, intelligence-
driven scheduler is compared with widely
used industry baseline schedulers such as
static allocation schedulers (e.g., weighted
fair queuing) and strict priority based
schedulers via high fidelity simulation and
container-based cluster environments that
simulate real-world data center workloads
with heterogeneity. We consider three key
performance objectives in our experimental
setup to lessen the frequency of SLA
slowdown in an

violations, average

application and  aggregate  hardware
utilization during high resource contention
time (Anuradha et al., 2026; Tao et al., 2026).
The reward function for the agent is
meticulously defined, incorporating these
goals, and penalties for violations of these
SLAs are included to guide the agent to
balance the goals and learn to be responsive
as well as effective (Alvarez, 2025). This is
achieved by having a large and representative
dataset of cloud workloads (trace driven
evaluation) that includes a wide variety of
application behaviours, from compute-
intensive batch processes to latency-sensitive
interactive processes (Anuradha et al., 2026).

We quantitatively characterize the fairness

Volume 3, Number 1, 2026

and predictability of the system in various
situations, including different arrival rates,
varying memory-bandwidth demands, and
different degrees of contention, and
empirically show that our decoupled and
adaptive control loops are effective in
eliminating systemic starvation in high-
density multi-tenant infrastructures (Ayodele
et al., 2016; Cao et al., 2024). The training
phase further leverages these methods by
employing an experience replay buffer to
facilitate policy convergence, enabling a
policy to generalize across varying
contention patterns (Prabha & Rengarajan,
2025; Zhang et al., 2025). Furthermore, the
agent takes an epsilon-greedy strategy in the
iterative process to enhance the tradeoff
between exploring new configurations of
resource allocation and exploiting high-
performing scheduling policies known to the
agent (Qi et al., 2024). In large-scale multi-
tenant systems, the discrete scheduling
problem becomes complex, therefore in this
stage, a hierarchical state representation
method is used to divide the global
scheduling problem into smaller sub-

problems, and accelerate the learning
process. To ensure robust validation, the
experimental environment is based on real-
world job traces from the Google Cluster
Workload Dataset (Kumari & Mishra, 2025),
providing a comprehensive analysis of the

scheduler under a realistic set of arrival
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patterns and resource demands. The trace is
then fed into a cluster simulator, that can
simulate the complex relation between
resource allocation mechanisms and task
level execution latency, enabling the DRL
agent to learn from the actual scheduling

interval (Wen et al., 2023).
RESULTS

The experimental validation demonstrated
that the proposed adaptive CPU scheduler
was able to avoid the starvation of the
resources as well as to ensure the stable
system performances in a simulated multi-
tenant operating system. There were seven
workload conditions tested: light, mixed,
bursty, CPU-heavy, [/O-heavy, tenant-spike
and overload workloads. Table 1 shows that
the adaptive scheduler could achieve the
reduction of average waiting time for all
workloads. The most noticeable drop was for
conditions of overload, where the wait time
dropped from 44.4 ms to 31.2 ms. The
reduction was still observed as workload
intensity rose as shown in Figure 1; the
priority-adjustment mechanism has ensured
that high-priority tenants do not have to wait
for long queues to form in front of low-

priority tenants.

Furthermore, it is noted that the turnaround
time also enhanced with the adaptive
approach as shown in table 2. The turnaround

time for CPU intensive workload has come
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down from 96.5ms to 82.3ms, showing that
the scheduler could allocate processor
resources without being too slow to turn
around the computation intensive workload.
The adaptive model has a consistent
downward shift in all workload classes as
indicated in Figure 2. As can be seen in Table
3, when the system is overloaded, response
time is reduced to 17.6ms from 25.4ms. This
improvement was particularly substantial for
interactive and latency sensitive tenant
requests; Figure 3 shows that improving
response time means improving the speed of

the first access to CPU service.

The best results of the proposed method were
the fairness and starvation control. As
observed in Table 4, Jain's fairness index has
improved with all the workloads, and the
improvement is as high as 0.80 in the
overload case. It was noted that the event of
starving per 1,000 scheduling decisions
dropped significantly, from 42 to 19 events
per 1,000 scheduling decisions as seen in
figure 4. This pattern indicates that the
scheduler successfully avoided indefinite
waiting of long waiting processes using the
aging and dynamic priority correction

methods.

All the efficiency of the system was not
sacrificed in order to be fair. Table 5
illustrates that the throughput increased from
158 to 174 completed tasks per second with

overload condition, and Figure 5 illustrates
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that for all the scenarios, the throughput of
the adaptive scheduler is higher. Table 6
indicates that the adaptive scheduler adds a
bit of overhead, which rises from 2.5% to
3.5% in overload situations. This over head
is, however, as shown in Figure 6, still very
low in comparison to the improvement in
fairness and responsiveness. Lastly, the
normalized composite performance score
(waiting time + response time + throughput

+ fairness + starvation frequency) is shown
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in Table 7. The adaptive scheduler had an
overall score of 78 (under overload), while
the baseline had a score of 60, so the adaptive
scheduler was better in all workloads. See
Figure 7. The results indicate that adaptive
CPU scheduling works well to minimize the
problem of starvation in multi-tenant
operating systems, whilst also retaining
practical throughput, scheduling CPU usage

and scheduling cost.

Table 1. Average waiting time comparison (ms)

Workload Baseline Adaptive Reduction (%)
Light 18.6 13.4 28.0
Mixed 24.2 17.1 29.3
Bursty 31.5 22.6 28.3
CPU-heavy 38.9 27.8 28.5
I/O-heavy 22.8 16.5 27.6
Tenant spike 35.7 24.9 30.3
Overload 44.4 31.2 29.7

Average waiting time across workloads

B Baseline scheduler
| mmm Adaptive scheduler

Average waiting time (ms)
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Figure 1. Average waiting time across workloads
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Table 2. Average turnaround time comparison (ms)

Workload Baseline Adaptive Reduction (%)
Light 54.2 47.8 11.8
Mixed 67.8 58.4 13.9
Bursty 81.1 69.5 14.3
CPU-heavy 96.5 82.3 14.7
I/O-heavy 61.7 53.9 12.6
Tenant spike 88.3 75.4 14.6
Overload 109.6 93.1 15.1

Turnaround time comparison
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Figure 2. Turnaround time comparison

Table 3. Response time comparison (ms)

Workload Baseline Adaptive Reduction (%)
Light 8.5 59 30.6
Mixed 11.4 7.6 333
Bursty 16.8 10.8 35.7

CPU-heavy 21.2 14.2 33.0

I/O-heavy 10.7 7.3 31.8

Tenant spike 18.9 12.1 36.0

Overload 25.4 17.6 30.7
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Response time under tenant load
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Figure 3. Response time under tenant load
Table 4. Fairness index and starvation events
Workload Fairness Fairness Starvation Starvation
baseline adaptive baseline adaptive
Light 0.78 0.89 14 6
Mixed 0.74 0.87 19 8
Bursty 0.7 0.85 27 11
CPU-heavy 0.66 0.82 35 16
I/O-heavy 0.76 0.88 18 7
Tenant spike 0.68 0.84 31 13
Overload 0.62 0.8 42 19
Starvation events per 1,000 scheduling decisions
40 1 B Baseline scheduler
mmm Adaptive scheduler
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Figure 4. Starvation events per 1,000 scheduling decisions
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Table 5. Throughput comparison

Workload Baseline tasks/s Adaptive tasks/s Gain (%)
Light 112 121 8.0
Mixed 126 139 10.3
Bursty 139 154 10.8
CPU-heavy 151 166 9.9
I/O-heavy 121 134 10.7
Tenant spike 145 160 10.3
Overload 158 174 10.1

Throughput comparison

175 mmm Baseline scheduler
. Adaptive scheduler
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Figure 5. Throughput comparison

Table 6. Scheduling overhead comparison

Workload Baseline overhead | Adaptive overhead Difference
(%) (%)

Light 1.8 23 0.5
Mixed 2.0 2.7 0.7
Bursty 2.2 3.0 0.8
CPU-heavy 23 3.2 0.9
I/O-heavy 2.0 2.6 0.6
Tenant spike 2.4 33 0.9
Overload 2.5 3.5 1.0
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Scheduling overhead
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Figure 6. Scheduling overhead

Table 7. Normalized composite performance score

Workload Baseline score Adaptive score Gain
Light 68 82 14
Mixed 70 85 15
Bursty 66 83 17

CPU-heavy 63 80 17

I/O-heavy 71 86 15

Tenant spike 65 82 17

Overload 60 78 18

Composite performance score
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Figure 7. Composite performance score
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DISCUSSION

The trade-off between fairness, performance,

and scheduling overheads reveals a
fundamental tension: while achieving fine-
grained control lowers the application
slowdown, a high computational cost of the
DRL inference cycle can contribute to the
scheduling becoming the application
slowdown (Fan et al., 2021).This implies that
it is necessary to have a trade-off between the
frequency of the policy decisions and the
efficiency of the system, otherwise under
high loads the policy will be too complicated
to manage. However, evaluating these non-
linearities of resource contention in multi-
tenant systems, and optimizing for these
conflicting goals, such as minimizing SLA
violations  and

maximizing aggregate

hardware utilization, requires a reward
function that is sensitive to the dynamics of
resource contention while also being
computationally simple to reduce the SLA
violations in the scheduler's execution
latency (Ayodele et al., 2016; Anuradha et
al., 2026; Tao et al., 2026). In production
scale infrastructures, however, the latency /
resolution tradeoff between DRL agents'
inference speed and the requirement of
scheduling resolution can be particularly
acute: if a DRL agent succeeds in achieving
a resolution that is inadequate for scheduling
an interactive task, the performance of the

interactive task can degrade significantly,
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resulting in sub-millisecond scheduling
delays (HoseinyFarahabady & Zomaya,
2025). As such, for a practical deployment in
real-world multi-tenant systems, one of the
most important issues is to reduce the
overhead of  context-switching  and

communication between the different

scheduling  subsystems by seamlessly
integrating with the kernel-level scheduling
subsystems, like Linux's sched_ext (Wang et
al., 2025). Moreover, this deployment also
requires robust safety guarantees: If the
workload pattern is new and/or if the DRL
agent is uncertain, back to a conservative
subset of deterministic scheduling policies
that ensure stability and isolation of the
system. On the face of the validity of our
experimental methodology, our validation
experiment with the Google Cluster
Workload Dataset of Kumari & Mishra
(2025) is a great testbed for realistic arrival
patterns and different resource demands, but
evaluating and experimenting using a
simulator will, of course, introduce
discrepancies with results generated when
deployed as a bare metal cluster. The
simulated environments that are typically
used to evaluate agents tend to drop out the
fine-grained interactions between
architectures, for example, minor cache-
coherency  effects and  kernel-level
serialization overheads that can result in the

agent being overly confident about its ability
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to generalize beyond the frequent changing
of workload patterns. Moreover, the
fundamental problems of DRL in scheduling,
such as local convergence, low sample
complexity for training and the inability to
explain complex and learned scheduling
policies (Zhou et al., 2024), suggest that
efficient adaptive control is still better than
the traditional static baseline (Guo, 2020),
but is not sufficient to replace the need for a
hybrid approach involving heuristic fallback
policies. Going forward, there is a need to
make them more stable and explainable to
bridge the important challenge of finding a
reliable and predictable behavior in simulator
environments versus their performance on
high-density production cloud infrastructure.
However, it will be essential to include real-
time workload forecasting and advanced
Quality of Service restrictions in these
models to make them more relevant in real-
world cloud scenarios (Hua & Lu-Bin, 2025).
Moreover, the lack of diverse and realistic
datasets is a major obstacle in evaluating
such algorithms with real adversarial
multi-tenant  live
2023).

However, a significant amount of testing will

examples found in

implementations (Senjab et al.,

need to be done on commercial providers to
prove that consistent performance can be
ensured with adaptive scheduling under
varying conditions and large scale (Chawla,
2024). Moreover, bridging the simulation-to-

Volume 3, Number 1, 2026

reality divide will require the use of strong
methods like domain randomization and
adversarial training to make sure agents can
deal with unforeseen hardware failures and
performance irregularities (Samala et al.,
2025).

CONCLUSION

In this work, the issue of resource starvation
in multi-tenant OSs and a new adaptive CPU
scheduling mechanism to improve the
fairness and overall system performance is
explored. The proposed method dynamically
changed the scheduling priorities according
to the behavior of the process, waiting time
and system load, it prevented long term
process starvation effectively and used CPU
efficiently. The response time and
turnaround time were improved, and various
workload scenarios were experimented to
show improvements in the fairness and
scheduling  efficiency. The  adaptive
scheduler has proven to be a good fit for
virtualized environments, e.g.,, cloud
computing platforms, where multiple tenants
share computational resources, and resources
must be shared in a fair manner, while also
being required to be processed at a high
speed. Moreover, scheduling strategy
introduced little overhead and it was possible
to realize it in the real world operating
systems. Future extensions to this work
involve the use of machine learning

techniques for predictive scheduling,
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resource scheduling that takes into
consideration energy consumption,
heterogeneous multi-core processor

optimization, and integration with memory
and 1/0O

enhancements can also further enable

scheduling  policies.  Such
operating system schedulers to be more
flexible and adaptable in the face of growing
richness

variability and in computing

systems.
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