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Abstract: In modern computing environments, the operating systems are required to handle dynamic and complex applications with
heterogeneous workloads. These workloads include interactive, data-centric, and high-computing applications. Interactive tasks require
low latency and high response, while data-centric transactions demand high resource utilization and input/output. Likewise, high-
computing processes including machine learning tasks require sustained throughput. Traditional CPU scheduling, like round-robin and
priority scheduling, highly relies on static and rule-based systems. Generally, these give equal weightage to all processes. They are not
paying attention to the contextual variations and working patterns that impact the responsiveness, efficiency, and overall performance.
There is an evident need for a context-aware and adaptive CPU scheduling mechanism that will handle applications and processes based
on context. To address this gap, this paper introduces an application-aware intelligent scheduling mechanism that integrates a random
forest (RF) classifier and deep Q-network (DQN) reinforcement learning. The RF classifies the processes based on their working and
behavioral patterns, and then DQN has system state and queue dynamics to make adaptive scheduling decisions. It can be continuously
learned and adjusted based on the user’s needs; it is responsive and achieves high throughput. Experimental evaluations are conducted
on generative datasets and show remarkable performance improvements. The proposed framework achieves up to 42.2% responsive time
reduction on interactive application workloads, 29.2% throughput gain against the machine learning training workloads, and 22.8%
for database transactions. The architecture is computationally sparse and uses the existing Linux scheduling system. This renders it a
convenient and scalable method of CPU scheduling in contemporary multicore systems.
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1. Introduction

Nowadays, managing workloads with diverse needs and per-
formance levels is a challenge for contemporary operating systems
[1]. Current computing environments handle applications that can
range from ultra-fast real-time tasks to slower batch comput-
ing. In this context, regular scheduling algorithm designs are not
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adequate [2], as schedulers must handle cache affinity and differ-
ent Non-Uniform Memory Access (NUMA) structures and assure
that containers do not overlap [3].

The traditional methods used in CPU scheduling are not
ideal for situations where web servers require fast responses,
machine learning (ML) needs high throughput, and interac-
tive applications require quick replies [4, 5]. Traditional CPU
schedulers, including Completely Fair Scheduler (CFS), treat all
applications the same, overlooking that each one has different
needs. This causes resource allocation to be less efficient [6, 7].
These schedulers use general process measures and not the deeper
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traits of applications. Problems can arise where both slow and fast
applications get the exact same attention [8].

These schedulers operate on fixed time quantum allocations
and static priority mechanisms. They do not consider important
workload characteristics such as CPU burst patterns, input/out-
put (I/O) wait ratios, memory access patterns, or cache behavior.
For instance, CFS uses a red–black tree structure to maintain
process execution order based on virtual runtime (vruntime). It
tries to give a just distribution of CPU time to all processes. Nev-
ertheless, there is a significant drawback to this fairness-based
approach. Interactive applications have short CPU bursts and I/O
waits. They need scheduling right away when they are ready. Con-
versely, compute-intensive programs such as scientific simulations
portray long CPU bursts with a small amount of I/O. They have
the advantage of long continuous execution times so that they can
use the cache to the maximum. CFS is not able to differentiate
these two types of applications.

A round-robin scheduler gives each process a specified time
slice in a circular queue. This duration of time is normally between
10 and 100 milliseconds. The long-running computational tasks
are overly switched in terms of context by this approach. It also
presents unwanted latency to interactive workloads that are sen-
sitive to latency. Schedulers based on priorities provide a little
bit of differentiation, with priority levels assigned on a manual
basis. Nevertheless, they do not support dynamic adaptation to
the changing behavior of the applications at run time and need a
systematic administrator response.

Moreover, these conventional methods do not take into
account NUMA topology consciousness. High-inter-thread com-
munication processes in NUMA systems are to be assigned to
cores that have the same memory node. This reduces access to
remote memory. Cache affinity is also not taken into considera-
tion in traditional schedulers. At times of rescheduling a process
on the same core as it was running, the cache warm-up overhead
gets to a minimum. These optimization opportunities are missed
by the traditional schedulers.

There is a basic discrepancy between the potentials of the
modern operating systems and the differentiation of behavioral
needs of contemporary applications. The existing CPU schedul-
ing strategies rest on an incorrect set of assumptions. They
assume that one strategy of resource allocation can be help-
ful in all kinds of workloads. Nevertheless, the existence of
facts proves otherwise. This non-context-dependent scheme brings
about a considerable drop in performance with execution of the
heterogeneous application in parallel [9, 10].

These scheduling problems could be addressed with intelli-
gent systems, with the new advancements made in ML [11]. ML
can detect the trends in how an application works, access previous
outcomes, and change its scheduling choices based on the new
reality instead of just operating under the fixed rules [12]. It hap-
pens that reinforcement learning proves to be particularly effective
in the process of forming useful schedules, whereas random for-
est (RF) algorithms are effective when it comes to immediate data
classification [13–15].

In this research, an Adaptive Context-Aware Reinforcement-
Learning Scheduler (ACARS) framework is introduced, which
addresses problems in handling heterogeneous workloads in mod-
ern operating system design by integrating RF classification with
a deep Q-network (DQN). The system automatically sorts pro-
cesses into five categories by analyzing their behavior patterns and
then learns how to adjust the scheduling criteria as needed in a
flexible multi-queue arrangement that operates alongside existing
Linux processes. This framework significantly increases efficiency

by providing faster response times for interactive programs and
higher throughput for high computational jobs.

The rest of the paper is structured as follows: The literature
study conducted in Section 2 investigates studies related to ML
and CPU scheduling and hybrid ML approaches. Section 3 pre-
cisely points out the research’s scope and defines questions. The
principles of intelligent scheduler design and the mechanism of
RF classification, covering state representation, Q-value calcula-
tion, and the way to combine the two models, are provided in
Sections 4 and 5, respectively. The experimental setup and dataset
description are presented in Section 6. Section 7 analyzes the
outcomes of the experiment from various perspectives, and
Section 8 is the conclusion of the paper, where the paper declares
the obtained findings and future work.

2. Literature Review

2.1. Machine learning in CPU scheduling

ML integration in CPU scheduling has demonstrated sub-
stantial performance improvements across diverse computing
environments [16]. Allaqband et al. [17] developed a compre-
hensive ML framework utilizing Long Short-Term Memory
(LSTM), artificial neural network (ANN), and linear regression
for heterogeneous multicore processors, achieving 1.2× perfor-
mance enhancement and 20% throughput improvement through
intelligent core-to-thread mapping. The results of the proposed
ML-based scheduler were tested on selected heterogeneous mul-
ticore configurations only, which means that the outcome also
strongly relies on the specific workloads and processor types
applied and that only narrower generalizability is allowed. Gupta
et al. [18] introduced an ANN-based scheduler that is able to
improve the scheduling of CPU in heterogeneous systems, with
the prediction of the behavior of applications that improves per-
formance by 6.5–9.7% when compared to traditional approaches
and, therefore, is effective at providing a task scheduling approach
based on ML. Nevertheless, it is substantially based on simulated
SPLASH-2 workloads and shares prediction error with the SQSP
stage, meaning it is sensitive to non-regular application behavior
and unreliable in a wide range of realistic conditions.

Deep-based reinforcement learning implementations have
attained high gains. Han and Lee [19] implemented policy
gradient reinforcement learning for Linux CPU scheduling on
Android smartphones, demonstrating 3–11% energy savings
while maintaining performance requirements. Their Learning-
EAS framework dynamically adjusts CPU frequency and task
migration policies based on real-time system analysis. The weak-
ness of the study is that the Learning-EAS is purely based on
on-device reinforcement learning. It is also conditioned to particu-
lar smartphones or workload patterns. Hence, its learned policies
might not be easy to be generalized across varied real-life applica-
tions or unpredictable task behaviors. Nemirovsky et al.’s research
[20] has shown that lightweight ANNs provide highly accurate
performance predictions, yielding 25–31% throughput improve-
ments over conventional heterogeneous schedulers. It is worth
pointing out that the performance predictor and scheduler were
tested on simulation and benchmark suites. They were not tested
on actual deployment to a real system. Therefore, its accuracy
and benefit could not be expected to be significant in the presence
of real hardware variability and unpredictable workloads. Hayat
et al. [21] developed load-balanced task schedulers combined with
ML-based device predictors that have reduced execution time by
65.63% and increased resource utilization by 93.3%. Nevertheless,
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only Polybench and AMD benchmark kernels are trained and
tested on by the proposed scheduler. So it is unknown whether
its predictive capability over devices and load-balancing capabil-
ity will be effective for real-world workloads with unknown code
patterns.

Recent optimizations focus on intelligent time quantum
adjustment mechanisms. Shafi et al. [22] proposed adaptive quan-
tum calculation methods responding to process characteristics
and system load variations. In practice, Amended Dynamic
Round Robin (ADRR) is validated only through numerical exam-
ples and MATLAB simulations on small, synthetic workloads.
Sharma et al. [23] developed intelligent round-robin schedul-
ing incorporating dynamic priority adjustments, demonstrating
improved system responsiveness through quantum management
and process prioritization. Multilevel Feedback Queue Evolution
(MLFQ) systems have evolved toward intelligent implementa-
tions. Practically, it is only verified against one synthetic job
pool whose burst times are fixed. Therefore, its clustering-based
quantum selection cannot perform in a dynamic arrival or in the
reality of workload fluctuation. Thombare et al. [24] presented
dynamic time quantum allocation strategies demonstrating CPU
utilization improvements through intelligent queue management.
However, the procedure is only experimented on a small, sim-
ulated instance; thus, its dynamic-quantum advantages are not
established on actual or diverse workloads. Higenson and Brown
[25] proposed starvation mitigation methods that avoided star-
vation of the process but retained efficiency by using advanced
priority management algorithms. The scheduling of priorities has
optimized the use of smart assignment. It has made a contribu-
tion, yet the analysis is based solely on the results of the simulation
of small, artificial workloads. Thus, the recommended mitigation
could not be relied on to mitigate starvation and also to increase
throughput during real-world and unforeseen process combina-
tions. Kareem and Kumara [26] designed fuzzy logic schemes
using a fuzzy inference system to calculate priority dynamically
as opposed to the traditional non-dynamic methods in order to
enhance responsiveness in the system. Its testing is however based
on synthetic workloads only, and therefore, the effectiveness of it
in the real world is not tested.

2.2. Hybrid machine learning approaches

Recent studies in hybrid ML designs have shown that multi-
algorithm combinations have a lot of performance improvement.
The hybrid scheduling that is proposed by Saha et al. [27], which
combines red–black tree structure and Incremental Time Quan-
tum Round Robin, has been proven to be the most efficient in
terms of response time and resource usage. Nevertheless, it is not
tested in the real world except using simulations, and therefore,
its extension to a real-world scenario has not been proven. Patel
and Solanki [28] reported that their Highest Response Ratio Next
(HRRN) hybrid algorithm generates optimized results with zero
job starvation. It is worth noting that the assessment is only based
on a simulator that relies on a very simplistic one-CPU-burst
process model and that they are not even testable in a real operat-
ing system, thus limiting the accuracy and practical effectiveness
of the assessment. Zang et al. [29] developed a Hybrid Deep
Neural Network Scheduler, achieving 9% better MAKESPAN
performance than traditional approaches.

Muniswamy and Vignesh [30] proposed a hybrid container-
cloud scheduler that integrates multi-swarm coyote optimiza-
tion with deep learning predictors to dynamically allocate
CPU resources, achieving improved response time and resource

utilization over heuristic baselines. The scheduler is validated
only through controlled container-cloud simulations and test vec-
tors, with no real-world deployment to confirm robustness under
unpredictable workloads. Cheng et al. [31] introduced a cost-
aware real-time scheduler for hybrid cloud platforms using deep
reinforcement learning (DRL), demonstrating superior Service
Level Agreement (SLA) compliance and reduced operational cost
through adaptive job placement and admission control. In prac-
tice, the method is evaluated solely in simulated hybrid cloud
environments, leaving its real-system performance under hetero-
geneous latencies and dynamic arrivals unverified. Li et al. [32]
presented GARLSched, a generative-adversarial DRL framework
that synthesizes challenging workload scenarios during training,
enabling the scheduler to maintain robustness and outperform
standard DRL policies under diverse traces. However, it is trained
and tested only on benchmark traces, so its effectiveness remains
untested under real-time workload fluctuations and system-level
uncertainties. Verma et al. [33] optimized Spark job schedul-
ing using distributional deep learning, where DQN-based models
capture latency variance more effectively, leading to improved
throughput and higher deadline-meeting ratios in large-scale data-
processing workflows. Despite its contributions, the evaluation is
limited to controlled Spark workloads, without assessing behavior
under large-scale cluster variability, node failures, or multi-tenant
contention. Wang et al. [34] built on DRLIS, the DRL-based
Internet of Things (IoT) application scheduler in fog-clouds,
where response time and energy consumption are reported to be
significantly reduced as compared to rule-based task allocation
strategies. It relies on relatively fixed resources in the form of
fog/edge and is only tested in simulated IoT and has no evidence
to support its performance in the face of a more realistic device
heterogeneity and network dynamics.

The existing literature has been severely limited in the space
of practical implementations: the majority of the studies are based
on simulation and are not validated on an actual basis, and
application-based scheduling is not thoroughly examined, and in-
depth models of ML integrations are underrepresented. Also, the
lack of scalability analysis of the enterprise systems and the lack
of standardized evaluation frameworks can make the performance
comparisons not really meaningful.

3. Problem Analysis

3.1. Problem context

As the literature study states, the current Linux CPU
scheduling solutions have a number of serious flaws that cause the
inabilities of the systems to achieve the best performance, includ-
ing a lack of application intelligence, a static policy framework,
and a narrow performance focus (Figure 1).

Figure 1
Drawbacks of rule-based CPU scheduling
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3.2. Research questions and contribution

1) How can CPU schedulers autonomously and accurately rank
applications by their characteristics of execution and demand
of resources?

2) How can CPU schedulers autonomously and accurately rank
applications by their characteristics of execution and demand
of resources?

The proposed research aims at developing and evaluating a
new application-intelligent CPU scheduling framework that will
benefit system performance by being smart and adaptive toward
the intelligent management of the available resources and, at the
same time, being compatible with the existing Linux schedul-
ing architecture. The study will develop novel methods to use
in identifying applications in scheduling environments, an adap-
tive policy modification system, and multi-goal optimization
techniques for dynamic scheduling decisions.

4. Intelligent Scheduler Design

4.1. Multilevel queue architecture

The proposed scheduler employs a hierarchical four-tier
queue system: Q_interactive for latency-critical applications (web
servers, GUI applications), Q_standard for regular computational
workloads (compilation, database operations), Q_background
for CPU-intensive tasks (ML training, video encoding), and
Q_system for system services and cleanup operations (Figure 2).

4.2. Process classification and assignment

When processes enter the runnable state, the scheduler
extracts feature vectors encompassing CPU utilization, I/O behav-
ior, memory usage, and system call signatures. The RF classifier
maps processes to application categories using f(p) = argmax
P(a|X(p)), where X(p) represents the feature vector and a denotes
the predicted application type. Process assignment combines
classification results with dynamic context information through

priority scoring that considers temporal state, user activity, and
system load conditions.

4.3. Adaptive scheduling operations

The scheduler picks which process can run next by utilizing
a weighted service rate chosen based on queue position and the
operating system’s overall workload. For interactive applications,
the CPU slices are shorter, so the computer responds better, but
for computational tasks, slices are allocated for longer to prevent
them from having to start over often. Performance tracking runs
continuously in the system, and it updates parameters based on
gradient-based methods in real time.

4.4. Dynamic queue management

Processes change queues when their priority ranking is higher
than what the adaptive threshold allows, and hysteresis helps
avoid frequent back-and-forth movement between queues. It takes
into account how the CPU is used in the application and where
and how its data is cached. With this system, scheduling is more
accurate whenever classifications are right, and the machine con-
tinues to adjust and learn how to handle future categorization
and scheduling tasks.

Algorithm 1: Main Application-Aware Scheduler

Input: System processes P, time interval Δt
Output: Optimized CPU scheduling decisions
1: Initialize: Q_high, Q_medium, Q_low, Q_idle ← Ø
2: Initialize: ClassificationModel M, ContextWeights W
3: while system_running do
4: C(t) ← UpdateSystemContext()
5: P_new ← GetNewRunnableProcesses()
6: // Process Classification and Queue Assignment
7: for each p ∈ P_new do
8: X(p) ← ExtractFeatures(p)
9: f(p) ← M.classify(X(p))

Figure 2
System architecture
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10: 𝜋(p,t) ← CalculatePriority(f(p), C(t), W)
11: Q_k ← AssignQueue(𝜋(p,t))
12: Q_k.enqueue(p)
13: end for
14: // Scheduling Operations
15: RebalanceQueues(C(t))
16: Q_active ← SelectQueue(C(t))
17: p_selected ← SelectProcess(Q_active, C(t))
18: 𝜏(p_selected) ← CalculateTimeSlice(p_selected, C(t))
19: Execute(p_selected, 𝜏(p_selected))
20: CollectMetrics(p_selected)
21: // Model Updates
22: if t mod learning_interval = 0 then
23: UpdateModels()
24: end if
25: t ← t + Δt
26: end while

5. Two-Stage ML Pipeline Design

5.1. Random forest process classification

When a new process enters the system, the classifier must
quickly understand what kind of task it is dealing with. To achieve
this, the RF model processes a set of 18 well-curated features that
capture the behavior and resource profile of the process. These
features include everything from CPU and memory usage to user
interaction and system conditions:

F(p) = [process_name, command_arguments, thread_
count, process_age, parent_process_name, user_id, cpu
_usage_percent, memory_usage_mb, io_read_rate, io_
write_rate, network_bytes_total, syscall_ frequency, time
_of_day, system_cpu_load, system_memory_ free, user_
input_recent, queue_wait_time, response_time]

The model runs these features through an ensemble of K
decision trees, each independently analyzing and casting a vote
for the most likely process type. The final classification is decided
based on a majority voting rule, weighted by each tree’s confidence
(Equation (1)):

Class (p) = argmax_c∑(k = 1toK)Vote_k (p, c)× Confi_k(p) (1)

In order to explain the behavior-based classification logic in more
detail, Table 1 lists common process patterns and the placement
of those processes in a queue and a normalized priority score.

The mapping is not static. Rather, it echoes typical trends
that are observed in systems in the real world. To give an example,

a web server usually acquires a large quantity of I/O operations
coupled with relatively low CPU usage and a high proportion
of system calls because of the subsequent client communications.
Therefore, it is forced to Q_high so as to achieve a fast turnaround.

On the other hand, ML training processes demand high com-
putation and memory-intensive but require fewer I/O operations.
Due to the nature of these processes, they come under Q_low
with a low priority score because they can tolerate delays and
benefit from longer CPU cycles. Similarly, the working pattern of
database applications demands moderate CPU usage and higher
I/O and system calls, so these fall in Q_medium. Further, interac-
tive applications—such as text/image editors or GUI tools—need
high system call activities with minimal CPU cycles and almost no
network traffic, sending them into Q_high. In the meantime, back-
ground tasks of the system are correctly detected and directed to
Q_idle, run with few resources involved. To quantify how reliable
a classification is, a confidence score is computed as:

Conf (p) = (Votes_max − Votes_second)/K (2)

This value indicates the degree to which a classifier prefers its
prediction. A large score would imply that most of the decision
trees will agree on the classification, whereas a small score could
imply that the decision trees are ambiguous or have overlapping
patterns.

5.2. DQN scheduling optimization

After recognizing what type, what sort of behavior a process
is, the next important step on the RF classifier would be deter-
mining how to schedule that process, that is, when to execute this
process, how long to execute, and on which core. This is where
DQN does its job. As opposed to the conventional practice of
rule-based approaches, DQN does not behave in a deterministic
way. Rather, the RL approach learns overall system behavior over
time and adaptively adjusts scheduling decisions based on accu-
mulated experience, similar to how an expert operator learns to
manage diverse workload scenarios.

5.2.1. State representation and action space
To draw scheduling instructions in real time, DQN monitors

the current state of the system using a well-organized state vector.
This state is given by Equation (3):

S(t) = [Ssystem(t),Sprocesses(t),Squeues(t)] (3)

1) Ssystem(t) includes core metrics like CPU utilization, memory
availability, I/O load, and the number of active cores. These
values give an overview of the system’s current load.

Table 1
Classification mapping

Process type Feature pattern Queue assignment Priority score

Web server CPU < 0.3, I/O > 50, syscalls > 100 Q_high 0.9

ML training CPU > 0.8, I/O < 10, memory > 50 Q_low 0.2

Database CPU = 0.4–0.6, I/O > 30, syscalls > 80 Q_medium 0.6

Interactive CPU < 0.2, syscalls > 150, network = 0 Q_high 0.8

Background CPU < 0.1, I/O < 5, syscalls < 20 Q_idle 0.1
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2) Sprocesses(t) keeps the process-level characteristics. RF classi-
fiers determine the number of active processes, grouped by
type, and their average priority scores.

3) Squeues(t) captures how the system’s scheduling queues are
performing—specifically their current lengths, average wait
times, and task service rates.

The scheduling system is used according to a four-
queue scheme mentioned above: Q_interactive, Q_standard,
Q_background, and Q_system. The queues are assigned to defi-
nite types of workloads with respect to responsiveness and system
criticality. Based on the current state, the DQN selects one of the
following actions:

A = {assign_queue, adjust_timeslice,migrate_process,
rebalance_cores} (4)

1) Assign_queue decides which of the four queues a process
should be placed in, depending on its behavior and the current
system load.

2) Adjust_timeslice changes how long a process is allowed to run
before being preempted. Initially, every task gets a default time
slice of 100 milliseconds, but this can be increased or reduced
depending on the task type.

3) Migrate_process moves a task from one CPU core to another,
especially if there is a noticeable imbalance between cores.

4) Rebalance_cores performs a broader redistribution of queued
and running processes to ensure all cores are utilized fairly and
efficiently.

Such a state-action representation enables the DQN to
develop adaptive and situation-sensitive scheduling that will be
better as time goes by.

5.2.2. Q-value computation and policy selection
In the state being formed, the DQN processes the probability

of every possible action with a deep neural network. This is taken
as the Q-value. The computation of the Q-value is as follows:

Q(S(t), a) =Wout ·ReLU(Whidden ·ReLU(Winput · S(t)+ b1) + b2) + bout
(5)

In this case, the network acquires patterns by experience. ReLU
activation functions introduce nonlinearity, which enables the
model to learn complicated relationships. Training of the network
parameters is performed with time as the system is exposed to
the actual workloads. In order to select the optimal action in any
given state, the DQN merely selects the action that has the highest
Q-value:

Actionselected = argmax
a
Q(S(t), a) (6)

To illustrate, when the system has high CPU load and a back-
ground process arrives, the RL scheduler adaptively reduces its

priority to maintain performance. The DQN can consider the
following:

1) Assign to Q_interactive → Q = 0.3 (not a good match)
2) Assign to Q_standard → Q = 0.5 (acceptable)
3) Assign to Q_background → Q = 0.87 (optimal)
4) Assign to Q_system → Q = 0.4 (not suitable here)

Because Q background has the maximum Q-value, DQN
chooses that action. This decision-making process occurs at each
round of scheduling and becomes smarter with feedback of the
system as time progresses.

5.2.3. Reward function and learning mechanism
The DQN learns through rewards in order to get better at

decisions. It receives a reward after every action, depending on
the quality of response it gave to the action. This reward is not a
single one, but a trade-off between a myriad of things such as the
speed, throughput, fairness, and energy usage, all simultaneously.
The total rewarding purpose is:

R(t) = w1 ·Responseimprovement + w2 · Throughputgain+ w3 · Fairnessscore + w4 · Energyefficiency
(7)

The reward functions indicate priorities that are set in the opera-
tion of the system scheduling. Response time is given the largest
weight (0.4) because it directly affects user experience and system
responsiveness especially in interactive applications [35] (Table 2).
The throughput (0.3) is the one that guarantees the long-term
productivity of the system and the completion of the tasks [36].
Fairness (0.2) averts starvation of the processes and is less impor-
tant than the performance measurements in a high-throughput
environment [37]. The lowest weight is given to energy efficiency
(0.1), because modern systems care more about performance
rather than power consumption when performing active loads
[38]. This weighting scheme is similar to the hierarchy of pri-
ority of the general-purpose operating systems, where the most
importance is placed on responsiveness and throughput.

To update its Q-values, the DQN uses a well-known
reinforcement learning technique called temporal difference
learning:

Qnew(S(t), a) = Qold(S(t), a) + 𝛼[R(t) + 𝛾·max
a′ Q(S(t + 1), a′) −Qold(S(t), a)] (8)

where 𝛼 = 0.01 is the learning rate (how fast the model updates)
and 𝛾 = 0.95 is the discount factor (how much future rewards
matter).

Through this learning loop, the DQN continuously refines its
learning to ultimately evolve into an efficient and context-aware
scheduling policy.

Table 2
Weight mechanism

Metric Weight Range Purpose

Response time 0.4 [–1, 1] Boosts responsiveness for critical tasks

Throughput 0.3 [–1, 1] Encourages overall task completion rate

Fairness 0.2 [0, 1] Avoids starvation or process neglect

Energy efficiency 0.1 [0, 1] Minimizes unnecessary power usage
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5.3. Model integration and communication

5.3.1. Classification-to-scheduling pipeline
The presence of two smart modules, which are RF used as a

classification module and DQN as an adaptive decision-making
module, is already efficient; however, their real strength is how well
they can collaborate. In this section, it is laid out how the two
models are embedded into the framework to provide end-to-end
smart scheduling that is not only fast but also context aware.

The integration pipeline is organized into three tightly
coupled phases:

1) Feature collection: When a new process is created in the mem-
ory, the behavior is recorded at once. This is achieved through
system calls and lightweight monitoring tools. This is to parse
out appropriate information such as the amount of CPU time,
amount of memory, and the syscall activity, and I/O behavior,
and all this in a manner that does not cause divergence and
extra overhead. These are the raw behavioral features, which
are gathered in near real time and transmitted onward.

2) Parallel processing: As the features have been prepared, the
parallel activation of both models occurs. RF is the model that
classifies the process in real time and gives a confidence score
of the type of process (such as a web server or an ML job).
Meanwhile, the DQN monitors the present state of the system
and processes with real-time measures, such as the length of
queues, CPU utilization, and recent performance ratings. This
parallelism makes sure that there is no bottleneck between the
classification and the decision-making, and the latency is kept
as low as possible.

3) Decision integration: The outputs of both models are joined
together in the final step to come up with one scheduling
action. As an illustration, the DQN may want to put the
process on a certain queue, change its time slice, or even
relocate it to a different core. However, it provides the con-
sideration of the type of RF and its confidence as well. This
is such that when the classification decisions are made at a
high-certainty level, they wield more weight in the ultimate
scheduling decision.

This end-to-end interaction is represented by:

Final_decision = DQN_action(RF_classi fication,
System_state) (9)

The fact that Equation (9) illustrates the combination of the two
outputs into a context-sensitive, reliable decision is worth noting.
One model is not overriding the other; they are meant to act
as co-pilots to provide each other with their specific insight that
will be used to make wiser schedules. To facilitate an easy mes-
sage exchange between these layers, the system adopts a short and
effective message layout, as illustrated in Table 3.

The given format guarantees that such required information
as process id, process type, reliability of classification, and critical
behavioral stats is transferred between models and decision logic
in an efficient way.

6. Experimental Setup and Dataset

The ACARS framework was evaluated using a Python-
based implementation with a synthetically generated dataset.
The system was configured to replicate a Linux-based multicore
environment with 8 CPU cores, 16 GB RAM, and standard
I/O subsystem parameters. The dataset comprised 50,000 pro-
cess samples uniformly distributed across five categories: web
server (10,000), ML training (10,000), database (10,000), interac-
tive (10,000), and background processes (10,000). Each process
sample included 18 features capturing behavioral and resource
characteristics as defined in Section 5.1. The dataset was parti-
tioned into training (40,000 samples, 80%) and testing (10,000
samples, 20%) sets to ensure robust evaluation.

RF classifier was trained with the use of 100 decision trees,
a maximum depth of 10, and bootstrap aggregation and out-of-
bag error estimation. The DQN architecture was made up of a
three-layer fully connected neural networkwith an input dimension
defined in the state vector (Equation (3)), two hidden layers of
128 and 64 neurons using ReLU activation, and an output layer
that corresponded to the action space (Equation (4)). Training
The DQN training used an experience replay buffer (size 50,000
transitions), learning rate 0.001, discount factor 𝛾 = 0.95, epsilon-
greedy exploration with initial 𝜀 = 1.0, and a decay of 0.995 per
episode. The agent had a convergence of 5000 episodes, wherein
episode 2847 was selected to have the best average reward of 8.34
with a learning stability (reward variance) at 0.12.The trainedDQN
showed an 87.6 pregnancy of Q-value prediction and a rate of 84.7
optimal action choice in testing. The action distribution analysis
indicated that the most often used actions were queue assignment
(45.2%) and time slice adjustment (28.1%), and then there were
process migration (18.9 %) and core rebalancing (7.8 %).

7. Performance Analysis

7.1. RF classification performance

The RF classifier achieved 92.3% overall accuracy and 91.8%
F1-score on 10,000 test samples, indicating effective process cate-
gorization. Interactive applications achieved the highest precision
(95.8%), followed by web server processes (94.1%) and batch
processes (93.6%). ML training had the best results with 89.7%
precision and 91.3% recall, and database processes had the best
results with 91.2% accuracy and 88.9% recall. Background pro-
cesses showed lower performance (87.4% precision, 90.1% recall),
likely due to their heterogeneous and variable resource patterns.

Table 3
Inter-component communication message structure

Field Type Size Description

process_id uint32 4 bytes Unique process identifier

classification enum 1 byte Process class predicted by RF

confidence float 4 bytes Confidence score of classification

features Float(8) 32 bytes Process behavior feature vector

priority_score float 4 bytes Calculated scheduling priority
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Figure 3
Comprehensive performance evaluation of ACARS components

This model demonstrated an effective operation nature with 0.23
ms classification time per process, a minimum of 4.2MB memory
consumption, and 0.08 ms features extractor on the entire dataset
of 50,000 samples (Figure 3).

7.2. DQN results

The DQN converged to an average reward of 8.34 over 2847
episodes with a stability rate of 0.12, reflecting effective policy
learning. The analysis of action distribution indicates that queue
assignment is most important (45.2%), and then it is time slice
adjustment (28.1%), process migration (18.9%), and core rebal-
ancing (7.8%), which indicates that queue placement is the most
important optimization mechanism.

7.3. Integrated scheduler performance

ACARS produced significant performance gains during the
50,000-sample test, which is an indication of good context-
sensitive scheduling. Response times decreased significantly
for web servers (36.1–28.9 ms) and interactive applications
(42.2–7.4 ms), with reductions of 19.9% and 82.5%, respectively.
Throughput improvements were observed for ML training

(29.2–1094 samples/sec) and database transactions (22.8–2876
TPS), reflecting better resource allocation for compute-intensive
workloads. The CPU usage was up by 22.2% (to 89.7), and con-
texts were down by 30.5% (to 8923/sec), showing that the system
is able to extract more work and the amount of overhead that it
generates is minimal.

7.3.1. Scalability results
Testing across 5–20 clients reveals the framework’s scalabil-

ity characteristics under varying deployment sizes. Global Area
Under the Curve (AUC) values showed minimal decline from
0.977 to 0.970 as client count increased, reflecting stable perfor-
mance. The forgetting rates remained low (0.19–1.70%), which
proved good retention of knowledge. Convergence was linear with
8–15 min, and 6–8 rounds were constant, which proved effective
coordination in the deployment of various sizes.

7.3.2. Comparative analysis
Compared to performance under the same workload condi-

tions, the performance of the baseline schedulers CFS [7], MLFQ
[3], and Agent-based Adaptive Dynamic Round Robin (AADRR)
[10] is found to have different benefits. The comparison indicates
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an increase in such metrics of the system as response time and
throughput, CPU consumption, and queue efficiency. The model
will have an increase in performance of 27.9% as compared to
AADRR (20%) and MLFQ (15%) with CFS as the benchmark.
Traditional schedulers exhibit performance variance (70–85%),
while ACARS maintains consistent operation above 90%,

suggesting superior adaptation to workload fluctuations. Detailed
metric-wise improvements appear in Table 4 for comprehensive
evaluation. The proposed model demonstrates 31.7% decrease in
the response time, a 25.7% increase in throughput, and a 22.2%
increase in the CPU utilization, which are higher than the baseline
models (Table 4).

Table 4
Comparative analysis with hybrid models

Scheduler
Response time
improvement Throughput gain CPU utilization increase

CFS [7] Baseline Baseline Baseline

MLFQ [3] +15.4% +18.9% +15.4%

AADRR [10] +23.1% +21.3% +19.8%

Proposed +31.7% +25.7% +22.2%

Figure 4
Interactive performance dashboard—real-time system monitoring

Classification performance – RF metrics Scheduler comparison – overall performance 

improvement against baseline

DQN action distribution – decision making pattern performance timeline – 24 hrs. system 

performance comparison 

 Response time comparison – application performance 

across schedulers 
Resource utilization comparison – system 

resource usage efficiency 

(a) (b)

(c) (d)

(e) (f)
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Table 5
Ablation study—component contribution

Config Response time Throughput CPU Util Note

RF + Rule-based +12.8% +14.1% +11.3% Classification only

Heuristic + DQN +18.2% +16.5% +14.7% Optimization only

RF + DQN (Full) +31.7% +25.7% +22.2% Hybrid synergy

These enhancements can be attributed to the fact that it can
make adaptive decisions that are dependent on the classification
of the process and the state of the system at any given time.

The RF-based classification module achieves high precision
and recall across all process categories studied. Precision and
recall values are greater than 95% in interactive and web server
tasks, which suggests that the model is useful in differentiat-
ing between latency-sensitive and compute-heavy workloads. The
DQN element propagates, taking actions according to the context
of the system. The distribution of actions indicates that deci-
sions are made in the form of queue assignment (45.2%), time
slice adjustment (28.1%), process migration (18.9%), and core
rebalancing (7.8%). This highlights how this model favors light
decisions with heavy impacts that save on overhead. These find-
ings are also supported by queuing performance. The mean wait
time is lowest in the interactive queue (2.1 ms), followed by the
standard (8.7 ms), background (23.4 ms), and maintenance (45.8
ms) queues. This priority level validates the fact that the scheduler
gives greater priority to responsiveness of latency-sensitive tasks
while making sure that there are fairness and throughput of the
background services and system services (Figure 4).

Ablation analysis reveals that neither component achieves
competitive performance independently (Table 5). The improve-
ment of 31.7% in response time is not simply a product of
the 12.8% and the 18.2% but behaves in a synergistic manner.
Proper initial assignment by the RF model makes the DQN agent
acquire more meaningful scheduling policies, whereas the adap-
tive scheduling decisions of the DQN agent confirm and update
the process classification by the RF model based on the system
feedback.

8. Conclusion

When designing and evaluating such intelligent scheduling
architecture, one realizes that there is a potential to be able to
leverage ML to help optimize the performance of an operating
system. According to the experimental results, outstanding per-
formance improvement was observed in different aspects, and
the employment of web-based applications aided in cutting the
response times by approximately 36% and 42% in the presence of
interactive systems. Computational tasks were greatly improved
in throughput, with database tasks having an average increase of
more than 22%, and ML tasks increased by nearly 30%. There
were also positive changes in efficiency metrics within a system,
including the improved CPU usage rates at up to 90% and a
cutback of context switching overhead greater than 30%. The
classification component was able to achieve an accuracy level
of above 92% with an execution time of less than a millisecond,
indicating useful applicability in real-life implementation. Future
research is planned to advance the framework in a number of
directions, such as optimizing energy efficiency by minimizing
power use and including user experience metrics to assess the
performance of the framework in a more holistic way.
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