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Abstract

Kubernetes is an open-source container orchestration platform designed to automate the
deployment, scaling, and management of containerized applications. It provides a powerful and
extensible architecture that enables organizations to run complex, distributed systems reliably and
efficiently. One of the core components that drives Kubernetes' operational efficiency is its
scheduler, which is responsible for assigning newly created pods to suitable nodes within a cluster.
The Kubernetes scheduler plays a critical role in balancing workloads across the available
resources to ensure performance, reliability, and optimal resource utilization. The default
scheduler in Kubernetes, known as the kube-scheduler, follows a multi-step process to make
scheduling decisions. First, it filters nodes based on resource requirements and constraints such as
CPU, memory, affinity rules, taints, and tolerations. Once the set of feasible nodes is identified, a
scoring mechanism is applied to rank these nodes. Factors such as resource balance, data locality,
and pod affinity are taken into account. The node with the highest score is then selected, and the
pod is bound to it. This decision-making process is designed to be pluggable, allowing custom
schedulers or policy extensions to be added for more specific use cases. In such scenarios,
alternative scheduling approaches are explored, including heuristics, constraint solvers, and
increasingly, machine learning and reinforcement learning (RL) techniques. RL-based schedulers,
for instance, learn optimal scheduling policies by interacting with the environment and receiving
feedback in the form of rewards or penalties based on outcomes such as pod latency, resource
utilization, or SLA compliance. RL-based schedulers can outperform traditional approaches by
identifying non-obvious patterns and continuously evolving their policies based on operational
data. Kubernetes scheduler is a foundational element of the platform that significantly influences
application performance and cluster efficiency. With the growing complexity of containerized
workloads, there is a clear need to explore intelligent scheduling mechanisms that go beyond rule-
based methods. Reinforcement learning provides a promising direction for future innovation,
enabling smarter and more adaptable scheduling strategies for next-generation Kubernetes
deployments. This paper shows the perf improvement at scheduler.

Keywords: Kubernetes, scheduler, containers, orchestration, deployment, clustering, scalability,
latency, scheduling, automation, reinforcement, learning, optimization, resources, performance.

INTRODUCTION
Kubernetes is a container orchestration platform that abstracts the complexity of deploying and
managing applications in distributed environments. It automates core functions such as container
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lifecycle management, load balancing, scaling, and self-healing. The scheduler [1] evaluates each
unscheduled pod and matches it to an appropriate node based on a variety of criteria, ensuring balanced
resource usage and system stability. The scheduling process begins with filtering, where nodes that
cannot meet a pod’s resource requests or constraints are eliminated. This includes evaluating CPU,
memory, port availability, node selectors, and affinity/anti-affinity rules. After filtering [2], scoring
takes place where the remaining nodes are ranked based on how well they fit the pod’s requirements.
The scheduler then selects the highest-scoring node and binds the pod to it. This two-phase process helps
Kubernetes make decisions that promote optimal cluster health and workload distribution. While the
default Kubernetes scheduler is sufficient for many general workloads, its static nature can limit
performance [3] in environments with fluctuating demands, real-time requirements, or specialized
workloads. For example, workloads with strict latency constraints or bursty traffic patterns may require
more adaptive scheduling decisions that cannot be made based solely on current state metrics or rule-
based heuristics. This limitation has led to the exploration of advanced scheduling techniques, including
custom schedulers and external plugins [4]. These models do not rely on predefined rules but instead
evolve strategies that generalize well to diverse conditions. They can adapt to shifting workloads and
optimize for long-term performance metrics rather than short-term fairness. As cloud-native
infrastructure becomes increasingly complex, the role of intelligent, self-learning schedulers is expected
to grow. By augmenting the scheduling layer with machine learning, Kubernetes can better meet the
demands of modern applications that require both efficiency and adaptability at scale.

LITERATURE REVIEW

Kubernetes is a widely adopted open-source platform designed to automate the deployment, scaling, and
management of containerized [5] applications. It provides a unified framework for running applications
across clusters of machines, offering powerful abstractions like pods, services, deployments, and nodes.
Containers, while lightweight and portable, introduce operational challenges when run at scale, and
Kubernetes addresses these challenges by orchestrating how and where containers run. At the center of
Kubernetes' orchestration capabilities lies the scheduler, which is responsible for assigning unscheduled
[6] pods to suitable nodes within the cluster. The scheduler ensures that workloads are distributed
efficiently and reliably, taking into account resource availability, constraints, and cluster topology.

The Kubernetes scheduler performs a critical function in matching the resource demands of workloads
with the supply available across the cluster nodes. When a new pod is created, it enters a pending state
until the scheduler evaluates it and determines a suitable node for placement. This decision-making
process is driven by a combination of filtering and scoring. During filtering [7], the scheduler removes
nodes that cannot satisfy the pod’s requirements, such as insufficient CPU or memory, incompatible
hardware constraints, or non-matching labels. Only nodes that pass all filters proceed to the scoring
phase, where a set of heuristics is used to rank the nodes based on how well they meet the workload’s
needs. The node with the highest score is selected, and the pod is assigned accordingly.

The design of the scheduler is modular and extensible, allowing for customization through plugins,
policies, and scheduling profiles [8]. This extensibility makes it possible to adapt the scheduler for
specific operational or business needs. For example, some applications require spreading pods across
zones for high availability, while others might benefit from co-locating related pods to reduce latency.
Kubernetes supports such requirements through affinity and anti-affinity rules, taints and tolerations, and
topology spread constraints. These mechanisms provide fine-grained control over pod placement and
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help prevent undesirable outcomes like resource contention or single points of failure.

Despite the capabilities of the default scheduler, there are operational challenges that arise in real-world
clusters. Resource fragmentation [9] can occur when small, unusable segments of memory or CPU
remain on nodes after scheduling decisions, reducing overall cluster efficiency. Balancing trade-offs
between bin-packing (consolidating workloads to fewer nodes) and spreading (distributing workloads
evenly across nodes) requires careful configuration and tuning. In multi-tenant environments, priority
classes are used to ensure that critical workloads are given precedence over less important ones. When
high-priority pods are scheduled and resources are insufficient, preemption is used to evict lower-
priority [10] pods. While this mechanism ensures important workloads get the resources they need, it
can lead to instability if not managed properly.

Scalability is another significant consideration for Kubernetes scheduling. In large clusters with
thousands of nodes and tens of thousands of pods, the scheduler must remain performant and responsive
[11]. Even small delays in scheduling can lead to cascading issues, especially in environments that rely
on rapid scaling. Performance improvements are often achieved through parallelism [12], caching, and
efficient data structures. Additionally, Kubernetes allows for multiple schedulers to be run within a
cluster, each handling different workloads or namespaces. This can help isolate and optimize scheduling
logic for specific types of applications, such as batch jobs versus real-time services [13].

Stateful applications introduce further complexities into scheduling. Unlike stateless services [14] that
can run anywhere, stateful workloads may require access to persistent storage volumes, which are often
tied to specific nodes or zones. Kubernetes supports stateful applications through StatefulSets and
persistent volume claims [15], but scheduling them correctly involves ensuring that data locality is
maintained and storage is available when pods are rescheduled. Scheduling must also take into account
pod disruption budgets [16], availability zones, and readiness probes to avoid data loss or downtime
during updates and maintenance. .Another aspect of scheduling is the integration with autoscaling and
descheduling mechanisms. Kubernetes supports horizontal pod autoscaling, vertical pod autoscaling, and
the cluster autoscaler [17]. These tools dynamically adjust the number of pods or nodes based on
workload demand and resource usage. However, scaling events can impact scheduling decisions by
creating spikes in pending pods or rapidly changing node availability. The descheduler [18]
complements this by periodically evicting pods to rebalance workloads and improve distribution.
Together, these components form an adaptive system that reacts to changes in workload and
infrastructure.

Topology awareness has become increasingly important as clusters span [19] across availability zones or
even regions. Scheduling decisions that ignore topology can lead to inefficient data transfer, increased
latency, or single-zone failure risks [20]. Kubernetes provides tools for defining zone-aware and region-
aware scheduling policies, allowing operators to optimize for fault tolerance and performance. These
features are essential in hybrid or edge deployments where network characteristics and failure domains
are more complex.

Security and compliance considerations also influence scheduling behavior. Pods may need to run on
specific nodes with hardened configurations, or be isolated from other workloads due to regulatory
requirements. Node labels [21], security contexts, and network policies play a role in enforcing these
rules. Scheduling must honor these constraints to ensure that workloads [22] run in a secure and
compliant manner. Monitoring and observability of the scheduler are critical for debugging and
optimization. Kubernetes exposes metrics and events related to scheduling decisions, which can be used
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to analyze performance bottlenecks or misconfigurations. Tools like kube-state-metrics, Prometheus,
and custom dashboards help operators understand how scheduling decisions are being made and their
impact on the cluster. Continuous monitoring allows teams to tune configurations, identify trends, and
plan for capacity in a proactive manner. As Kubernetes continues to evolve, the scheduler will remain a
focal point of innovation and improvement. Future enhancements are expected to include more
intelligent placement [23] strategies, tighter integration with workload profiles, and support for emerging
use cases such as edge computing and serverless workloads. Features like capacity reservations, elastic
quotas, and enhanced preemption logic are being explored to give operators greater control and
flexibility. The goal is to ensure that Kubernetes can support the increasingly complex and dynamic
demands of modern cloud-native applications without compromising reliability or performance.

In conclusion, the Kubernetes scheduler is a fundamental component that orchestrates how workloads
are distributed across a cluster. It performs sophisticated evaluations to ensure that pods are placed on
nodes that meet their requirements while optimizing for efficiency, availability, and compliance.
Although the default scheduler is robust and configurable, real-world scenarios present challenges that
require careful tuning [24] and sometimes custom solutions. Through its extensible architecture and
integration with autoscaling, storage, security, and topology-aware features, the Kubernetes scheduler
enables scalable and reliable operations across diverse infrastructure environments. As application
demands grow and infrastructures become more complex, the scheduler’s role in ensuring performance
and resource efficiency becomes ever more critical.

import random

import time

from kubernetes import client, config, watch

config.load kube config()

vl = client.CoreV1Api()

def get schedulable nodes():

nodes = vl1.list node()

node names = [node.metadata.name for node in nodes.items]

return node names

def bind pod(pod, node name):

target = client.V10bjectReference(kind="Node", api_version="v1", name=node name)

meta = client.V10ObjectMeta(name=pod.metadata.name, namespace=pod.metadata.namespace)

body = client.V1Binding(target=target, metadata=meta)

vl.create_namespaced binding(namespace=pod.metadata.namespace, body=body)

print(f'Scheduled pod {pod.metadata.name} to node {node name}")

def main():

w = watch.Watch()

node list = get schedulable nodes()

for event in w.stream(v1.list pod for all namespaces, timeout seconds=0):

pod = event['object']

if pod.status.phase == "Pending" and pod.spec.node name is None:
node = random.choice(node list)
try:

bind pod(pod, node)
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except Exception as e:
print(f"Failed to schedule pod {pod.metadata.name}: {e}")
time.sleep(1)

if name ==" main ":
main()

This Python script implements a basic custom Kubernetes scheduler using the Kubernetes Python client.
It demonstrates how to monitor the cluster for unscheduled pods and assign them to available nodes
manually. The script begins by importing necessary libraries: ‘random’ for random node selection,
‘time’ for controlled execution, and Kubernetes modules to interact with the API. It then loads the local
kubeconfig file to connect to the cluster context..The "get schedulable nodes()' function queries all
nodes in the cluster and collects their names into a list. These nodes are considered eligible targets for
scheduling. The "bind pod()" function performs the actual binding operation. It creates a binding object
that maps a pod to a specific node by referencing the pod’s metadata and the selected node’s name. This
binding is submitted to the Kubernetes API server using the “create namespaced binding()" call.

The 'main()’ function establishes a watch loop that continuously listens for pod events across all
namespaces. When a new pod event is received, it checks if the pod is in a "Pending” state and not yet
scheduled to any node ("spec.node name is None"). If so, the script randomly selects a node from the list
of eligible nodes and tries to bind the pod to it using the earlier defined function. Any binding failure is
caught and printed, and the script pauses briefly between actions using ‘time.sleep(1)’ to avoid
overwhelming the API server. This scheduler does not consider node resources, taints, affinity rules, or
policies, making it suitable only for educational or demonstration purposes. It bypasses the default
Kubernetes scheduler by directly manipulating pod bindings, providing a simplified view into the core
mechanism of pod placement in Kubernetes clusters. It is a good foundation for developing more
intelligent or policy-aware custom schedulers. The script serves as a minimal example of how
scheduling decisions can be implemented outside of the default Kubernetes scheduler. By watching for
pod events, it actively responds to scheduling needs in real time. This proactive approach ensures that
pods stuck in the Pending state due to lack of scheduling are assigned to nodes quickly. However, the
simplicity of random node selection limits its practical use in production environments where resource
efficiency and workload balancing are critical. One important aspect of Kubernetes scheduling missing
here is the consideration of node capacity and pod resource requests. Real-world schedulers evaluate
CPU, memory, and other resources before placing a pod to avoid overloading nodes and ensure optimal
performance.

Additionally, affinity and anti-affinity rules, tolerations, and taints influence pod placement, ensuring
that pods run on appropriate nodes and maintain cluster health. This example does not handle such
constraints. The use of the Kubernetes API to create a binding object is key in this script, as it directly
assigns pods to nodes without waiting for the default scheduler. This means it can override or replace
default scheduling behavior if deployed properly. The script’s event-driven design with the watch
mechanism makes it efficient by reducing the need for continuous polling. Overall, this basic scheduler
demonstrates core Kubernetes scheduling mechanics and can be expanded to incorporate sophisticated
decision logic, improving cluster utilization and workload distribution based on specific organizational
needs.
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Nodes Baseline Scheduler (ms)
3 160
5 145
7 132
9 125
11 118

Table 1: Baseline Scheduler — 1

Table 1 presents average pod latency measurements, expressed in milliseconds, for a baseline
Kubernetes scheduler across clusters with varying numbers of nodes: 3, 5, 7, 9, and 11. The data clearly
shows a decreasing trend in latency as the number of nodes increases. Specifically, the average latency
drops from 160 ms in a 3-node cluster to 118 ms in an 11-node cluster. This pattern reflects the natural
scaling benefits of adding more nodes to the cluster, as more resources and computing power become
available to handle pod scheduling and workload distribution. With a smaller number of nodes, resource
contention and scheduling overhead are higher, leading to increased latency. As nodes increase, the
workload is spread more efficiently, which reduces delays in pod assignment and start-up times.
However, the rate of latency improvement slows down as the cluster size grows, indicating diminishing
returns beyond a certain point. This may be due to other factors such as network overhead, control plane
limits, or scheduling algorithm constraints that become more prominent in larger environments. Overall,
the table highlights that while increasing cluster size generally improves scheduler responsiveness,
optimizing scheduling algorithms and infrastructure remains crucial to further reduce pod latency in
large-scale Kubernetes deployments.

eline Scheduler (ms)

Graph 1: Baseline Scheduler -1

Graph 1 illustrates the average pod latency of the baseline scheduler across clusters with different node
counts. It shows a clear downward trend, where latency decreases as the number of nodes increases from
3 to 11. This suggests improved efficiency and reduced scheduling delays in larger clusters due to better
resource availability and workload distribution. The curve flattens slightly at higher node counts,
indicating diminishing returns from simply adding nodes. Overall, the graph visually emphasizes that
scaling the cluster reduces latency, but also implies that other factors may limit performance
improvements as cluster size grows.
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Nodes Baseline Scheduler (ms)
3 150
5 138
7 125
9 120
11 112

Table 2: Baseline Scheduler -2

Table 2 presents average pod latency in milliseconds for the baseline Kubernetes scheduler operating
across clusters with 3, 5, 7, 9, and 11 nodes. The data reveals a consistent decrease in latency as the
cluster size grows. Starting at 150 ms with a 3-node cluster, latency improves to 112 ms when running
on 11 nodes. This trend demonstrates that increasing the number of nodes allows the scheduler to
distribute workloads more effectively, reducing scheduling delays and accelerating pod start times.
Larger clusters provide greater resources, enabling better handling of concurrent scheduling requests,
which in turn lowers overall latency. However, the reduction in latency becomes less significant as the
number of nodes increases, suggesting diminishing performance gains at higher scales. This plateau
effect can result from factors like communication overhead between nodes, control plane processing
limits, and the scheduler's own algorithmic constraints. Despite these factors, the data clearly indicates
that scaling cluster size improves baseline scheduler responsiveness. These insights highlight the
importance of balancing cluster size with other optimizations to maintain low latency and efficient
resource use in Kubernetes environments.

Graph 2: Baseline Scheduler -2

Graph 2 visually represents the average pod latency of the baseline Kubernetes scheduler across clusters
with varying node counts. It shows a steady decline in latency as the number of nodes increases from 3
to 11. This trend reflects the scheduler’s improved ability to allocate resources efficiently in larger
clusters, where more nodes mean increased capacity to handle pod scheduling and workload distribution.
The graph highlights the significant latency reduction between smaller clusters, such as from 3 to 5
nodes, indicating that scaling can have a strong impact on performance in the early stages. However, as
the cluster grows beyond 7 nodes, the curve begins to flatten, suggesting diminishing returns from
adding more nodes alone. This implies that while cluster size is important, other factors like network
communication overhead, scheduler design, and control plane limitations also influence overall latency.
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Overall, the graph emphasizes that increasing cluster size helps reduce pod latency, but optimizing the
scheduler and infrastructure is necessary for further improvements.

Nodes Baseline Scheduler (ms)
3 155
5 142
7 130
9 123
11 115

Table 3: Baseline Scheduler -3

Table 3 shows average pod latency in milliseconds for the baseline Kubernetes scheduler operating on
clusters with 3, 5, 7, 9, and 11 nodes. The data reveals a clear trend of decreasing latency as the number
of nodes increases. Starting at 155 milliseconds for the smallest 3-node cluster, the latency reduces
steadily to 115 milliseconds when the cluster size reaches 11 nodes. This pattern indicates that as the
cluster scales, the scheduler benefits from increased computational resources and improved workload
distribution, which collectively reduce the time taken to schedule pods. More nodes mean a higher
capacity to manage concurrent scheduling requests, leading to faster pod placement and startup times.
However, the improvements in latency diminish gradually at higher node counts, reflecting the presence
of other limiting factors such as network overhead, resource contention, and scheduler efficiency. This
plateau suggests that simply increasing nodes is not enough to optimize performance beyond a certain
point. Overall, the data highlights the importance of cluster scaling for reducing scheduling latency but
also points to the need for more advanced scheduler optimizations in large-scale Kubernetes
environments.

Baseline Sch

Graph 3: Baseline Scheduler — 3

Graph 3 illustrates the relationship between the number of nodes in a Kubernetes cluster and the average
pod latency observed using the baseline scheduler. As the cluster size increases from 3 to 11 nodes, there
is a noticeable decrease in pod latency, indicating enhanced scheduling efficiency. This trend reflects the
scheduler’s improved capacity to allocate resources and manage workloads across more nodes, which
helps reduce delays in pod placement. In smaller clusters, higher latency is expected due to limited
resources and increased contention among pods competing for scheduling. The graph clearly shows a
significant reduction in latency when moving from a 3-node cluster to a 5-node cluster, highlighting the
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impact of adding nodes early on. However, the decline in latency tapers off as the number of nodes
grows beyond 7, demonstrating diminishing returns from scaling alone. This flattening suggests that
other factors, such as network communication delays, scheduler algorithm complexity, and control plane
overhead, influence overall latency and limit further improvements. The graph emphasizes that while
scaling the cluster can effectively reduce pod latency, optimizing scheduler design and cluster
management practices remains essential for maintaining high performance in larger Kubernetes
deployments.

PROPOSAL METHOD

Problem Statement

The baseline Kubernetes scheduler, while reliable and widely used, exhibits notable performance
limitations, particularly in large-scale and dynamic cluster environments. As the number of nodes and
workloads increase, the scheduler faces challenges in efficiently allocating resources and managing pod
placements, resulting in increased scheduling latency. This performance degradation can cause delays in
pod startup times, impacting application responsiveness and overall cluster efficiency. The scheduler’s
default algorithms often do not account for the complexity of modern workloads, such as varying
resource demands, affinity rules, and dynamic scaling requirements, which further exacerbates latency
issues. Additionally, as clusters grow, the baseline scheduler’s ability to handle concurrent scheduling
requests becomes strained, leading to bottlenecks and reduced throughput. These challenges highlight a
critical need for improved scheduling mechanisms that can better balance workloads, optimize resource
utilization, and reduce latency under high demand. Without such improvements, clusters risk
underperforming, leading to inefficient resource use and degraded user experience. Addressing these
performance issues is essential for supporting the scalability and reliability requirements of modern
cloud-native applications deployed on Kubernetes.

Proposal

Implementing a reinforcement learning (RL)-based scheduler offers a promising solution to the
performance limitations of the baseline Kubernetes scheduler. By leveraging RL, the scheduler can
dynamically learn and adapt to changing cluster conditions, workload patterns, and resource availability.
This approach enables more intelligent decision-making, optimizing pod placement to minimize latency
and maximize resource utilization. Unlike static scheduling algorithms, an RL-based scheduler
continuously improves its strategy through feedback, leading to better handling of complex and large-
scale environments. Consequently, adopting an RL scheduler can enhance cluster efficiency, reduce
scheduling delays, and support scalable, high-performance Kubernetes deployments.

IMPLEMENTATION

Kubernetes cluster’s configuration with varying node counts—such as 3, 5, 7, 9, and 11 nodes—
provides a scalable environment to handle workloads of different sizes and complexities. Smaller
clusters with 3 nodes are suitable for development, testing, or lightweight production workloads where
resource demands are moderate. As the cluster size increases to 5 or 7 nodes, the system gains additional
computational power, memory, and network capacity, enabling it to support more demanding
applications and higher availability. Clusters with 9 or 11 nodes further enhance fault tolerance and load
balancing, allowing for improved distribution of pods and greater resilience against node failures. Each
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node in the cluster contributes CPU, memory, and storage resources that the Kubernetes scheduler uses
to allocate pods efficiently. Increasing the number of nodes generally improves the cluster’s ability to
handle concurrent workloads and reduces scheduling latency. However, as cluster size grows, the

complexity of managing and monitoring the infrastructure also increases, requiring more sophisticated
tools and automation. Network overhead, inter-node communication, and control plane scalability must

be carefully managed to maintain optimal performance. Overall, configuring clusters with varied node

counts allows for flexible deployment scenarios, balancing performance, reliability, and cost according

to workload needs.

import random

import time

from kubernetes import client, config, watch

config.load kube config()
vl = client.CoreV1Api()

nodes =[]
q_table = {}
alpha=0.1

gamma = 0.9
epsilon =0.2

def get_schedulable nodes():
node_list = v1.list node()

return [node.metadata.name for node in node_list.items]

def get state(pod):

try:
for ¢ in pod.spec.containers:

if c.resources.requests and "cpu" in c.resources.requests:

cpu_str = c.resources.requests["cpu”]

cpu = int(float(cpu_str.replace("m","")) if "m" in cpu_str else float(cpu_str)*1000)

return cpu // 100
except:

pass

return 1

def choose node(state):

if state not in q_table:

q_table[state] = {node: 0.0 for node in nodes}

if random.uniform(0,1) < epsilon:

return random.choice(nodes)

else:

return max(q_table[state], key=q table[state].get)
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def update q(state, action, reward, next_state):

old value = q_table[state][action]

future_max = max(q_table.get(next_state, {n:0 for n in nodes}).values())

new value = old value + alpha * (reward + gamma * future max - old value)
q_table[state][action] = new_value

def bind pod(pod, node name):

target = client.V1ObjectReference(kind="Node", api_version="v1", name=node name)

meta = client.V1ObjectMeta(name=pod.metadata.name, namespace=pod.metadata.namespace)
body = client.V1Binding(target=target, metadata=meta)

vl.create namespaced binding(namespace=pod.metadata.namespace, body=body)
print(f"Scheduled pod {pod.metadata.name} to node {node name}")

def main():

global nodes

nodes = get schedulable nodes()

w = watch.Watch()

for event in w.stream(v1.list pod for all namespaces, timeout seconds=0):
pod = event['object']

if pod.status.phase == "Pending" and pod.spec.node name is None:

state = get_state(pod)

action = choose node(state)

try:
bind_pod(pod, action)
reward = 1

except Exception as e:

print(f'Failed to schedule pod {pod.metadata.name}: {e}")
reward = -1

next state = state

update q(state, action, reward, next_state)

time.sleep(1)

if name ==" main ":

main()

This Python code implements a Kubernetes pod scheduler using a simple reinforcement learning (Q-
learning) approach. The scheduler continuously watches for pending pods that need to be assigned to
nodes and makes placement decisions based on a Q-table that maps states to actions. The
‘get schedulable nodes™ function retrieves all available nodes in the cluster, which serve as possible
actions for scheduling. The “get state’ function estimates the current state based on the pod’s CPU
resource requests, categorizing it into buckets (dividing CPU millicores by 100). This state abstraction
allows the scheduler to learn different strategies depending on pod CPU requirements.

The "choose node” function selects a node either randomly (exploration) or by choosing the node with
the highest Q-value for the given state (exploitation), using an epsilon-greedy policy with epsilon set to
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0.2. This balances exploring new assignments and using learned information. After scheduling a pod to a
node via ‘bind pod’, the code assigns a reward of +1 for successful binding or -1 for failure. The Q-table
is then updated using the Q-learning formula, which incorporates learning rate (alpha = 0.1) and
discount factor (gamma = 0.9). This cycle repeats as the scheduler listens to pod creation events,
continuously improving scheduling decisions over time by learning which nodes perform better for
different pod CPU requests. Although basic, this framework demonstrates integrating reinforcement
learning into Kubernetes scheduling logic to optimize resource allocation dynamically.

Nodes RL-Based Scheduler (ms)
3 105
5 92
7 85
9 80
11 76

Table 4: RL-Based Scheduler -1

Table 4 presents the average pod scheduling latency in milliseconds for a reinforcement learning (RL)-
based scheduler across Kubernetes clusters of varying sizes, from 3 to 11 nodes. The data clearly
illustrates a consistent decrease in scheduling latency as the number of nodes increases. For a 3-node
cluster, the latency starts at 105 milliseconds, which reduces progressively to 76 milliseconds for an 11-
node cluster. This trend reflects the RL scheduler’s ability to efficiently allocate pods by learning
optimal placement

strategies based on cluster resource availability and workload demands. The RL scheduler’s improved
performance can be attributed to its adaptive learning mechanism, which enables it to make smarter
scheduling decisions compared to traditional static algorithms. As the cluster size grows, the scheduler
better distributes workloads across nodes, minimizing contention and reducing queuing delays. Lower
latency not only improves pod startup times but also enhances overall application responsiveness and
cluster utilization.

This performance gain is particularly important in dynamic, large-scale environments where rapid and
efficient resource allocation is critical. The RL-based scheduler’s scalability and adaptability make it
well-suited for modern cloud-native deployments, demonstrating significant potential to optimize
Kubernetes operations and meet growing infrastructure demands.

Graph 4: RL-Based Scheduler -1
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Graph 4, illustrates the scheduling latency of an RL-based scheduler across Kubernetes clusters with
varying node counts, ranging from 3 to 11 nodes. The trend shows a clear decrease in latency as the
number of nodes increases, indicating improved scheduling efficiency in larger clusters. At 3 nodes, the
latency is approximately 105 milliseconds, dropping steadily to 76 milliseconds at 11 nodes. This
decline demonstrates how additional nodes help distribute workloads more effectively, reducing the time
it takes to assign pods to available resources. The RL scheduler’s ability to learn and adapt contributes
to this performance improvement, optimizing pod placement decisions based on historical outcomes.
This adaptability reduces bottlenecks and balances resource utilization, especially in clusters with more
nodes. Overall, the graph highlights the benefits of using an RL-based scheduler for enhancing
responsiveness and scalability in Kubernetes environments, making it a promising approach for
managing complex workloads efficiently.

Nodes RL-Based Scheduler (ms)

3 100
5 88
7 82
9 77
11 72

Table 5: RL-Based Scheduler - 2

Table 5 presents the average scheduling latency in milliseconds for a reinforcement learning (RL)-based
scheduler operating within Kubernetes clusters of varying sizes, specifically with 3, 5, 7, 9, and 11
nodes. It demonstrates a clear downward trend in latency as the number of nodes increases, starting at
100 milliseconds for the 3-node cluster and steadily decreasing to 72 milliseconds for the 11-node
cluster. This trend highlights the RL scheduler’s efficiency in managing resources and distributing
workload more effectively as cluster capacity expands. The reduction in latency with larger clusters can
be attributed to the scheduler’s learning capabilities, which allow it to make increasingly optimal
decisions based on the resource demands and current state of the cluster. By learning from previous
scheduling outcomes, the RL scheduler minimizes delays caused by resource contention and improves
overall pod placement strategies. This improvement is significant in real-world Kubernetes
environments where rapid pod scheduling is critical to application performance and user experience. The
data underscores the scalability and adaptability of RL-based scheduling approaches, making them well-
suited for dynamic and growing infrastructure needs.

—Based Scheduler (ms)

Graph 5. RL-Based Scheduler- 2
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Graph 5 illustrates the scheduling latency of an RL-based scheduler across Kubernetes clusters ranging
from 3 to 11 nodes. The data shows a consistent decrease in latency as the cluster size increases,
beginning at 100 milliseconds for 3 nodes and dropping to 72 milliseconds for 11 nodes. This downward
trend indicates that the scheduler becomes more efficient in larger clusters, distributing workloads more
effectively and reducing pod assignment delays. The reinforcement learning approach enables the
scheduler to adapt based on past decisions, optimizing resource utilization and minimizing contention
among nodes. As a result, latency improves steadily with the addition of more nodes, reflecting better
scalability and responsiveness. This makes RL-based schedulers a promising solution for managing
complex workloads in dynamic Kubernetes environments, where fast and efficient scheduling is crucial
to maintaining application performance and overall system stability.

Nodes RL-Based Scheduler (ms)

3 110
5 95
7 87
9 81
11 78

Table 6: RL-Based Scheduler — 3

Table 6 shows the average scheduling latency in milliseconds for a reinforcement learning (RL)-based
scheduler operating in Kubernetes clusters of different sizes, specifically 3, 5, 7, 9, and 11 nodes. The
data reveals a clear trend of decreasing latency as the number of nodes increases. Starting at 110
milliseconds for a 3-node cluster, the latency reduces to 78 milliseconds for an 11-node cluster,
demonstrating the scheduler’s improved efficiency with larger clusters. This decreasing latency can be
attributed to the RL scheduler’s ability to learn and optimize pod placement decisions over time. By
continuously updating its policy based on feedback from previous scheduling outcomes, the RL
scheduler better balances resource utilization and reduces contention for node resources.

This results in faster scheduling decisions and lower latency. Such improvements are critical in
production environments where reducing pod startup time directly impacts application responsiveness
and user experience. The data clearly indicates that as cluster size grows, the RL scheduler scales
effectively, maintaining efficient resource allocation and minimizing delays. This scalability and
adaptability make RL-based scheduling a promising approach for Kubernetes cluster management.

I - RL-Based Scheduler (ms) I

Graph 6: RL-Based Scheduler -3
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Graph 6 depicts the scheduling latency of an RL-based scheduler across Kubernetes clusters with 3 to 11
nodes. It shows a consistent decrease in latency as the cluster size increases, beginning at 110
milliseconds for 3 nodes and falling to 78 milliseconds for 11 nodes. This downward trend highlights the
scheduler’s ability to improve performance by efficiently distributing workloads across more nodes. The
RL scheduler leverages learning mechanisms to optimize resource allocation, reducing contention and
improving pod placement decisions over time. As a result, scheduling becomes faster and more effective
in larger clusters where resources are more abundant. This adaptability is crucial for dynamic cloud
environments where workloads can vary significantly. The graph underscores the scalability of RL-
based scheduling, demonstrating its potential to enhance Kubernetes cluster performance by minimizing
delays and improving overall efficiency. These results suggest that adopting RL techniques can
significantly benefit large-scale deployments by reducing pod startup times and enhancing application
responsiveness.

Baseline RL-Based
Nodes

Scheduler (ms) Scheduler (ms)
3 160 105
5 145 92
7 132 85
9 125 80
11 118 76

Table 7: Baseline vs RL Based Scheduler -1

Table 7 compares the scheduling latency of a baseline scheduler and a reinforcement learning (RL)-
based scheduler across Kubernetes clusters of varying sizes: 3, 5, 7, 9, and 11 nodes. The data clearly
shows that the RL-based scheduler consistently outperforms the baseline scheduler in terms of reducing
scheduling latency. For example, in a 3-node cluster, the baseline scheduler exhibits an average latency
of 160 milliseconds, while the RL-based scheduler reduces this to 105 milliseconds. Similarly, in the
largest 11-node cluster, the baseline scheduler’s latency is 118 milliseconds, whereas the RL scheduler
lowers it to 76 milliseconds.

This performance gap highlights the effectiveness of RL in optimizing pod scheduling by learning from
past decisions and adapting dynamically to the cluster environment. The RL scheduler reduces delays by
better balancing workloads and improving resource utilization, which is critical in environments
requiring rapid pod deployment. The decreasing latency trend across increasing nodes for both
schedulers reflects improved resource availability, but the RL-based scheduler achieves significantly
lower latency at every cluster size. These results demonstrate the RL scheduler’s potential to enhance
Kubernetes efficiency and scalability, making it a valuable solution for modern container orchestration
challenges.
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Graph 7: Baseline vs RL Based Scheduler -1

Graph 7 illustrates the scheduling latency comparison between the baseline scheduler and the RL-based
scheduler across Kubernetes clusters ranging from 3 to 11 nodes. It clearly shows that the RL-based
scheduler consistently achieves lower latency values than the baseline scheduler for all cluster sizes. For
instance, at 3 nodes, the baseline scheduler records 160 milliseconds, whereas the RL scheduler reduces
latency to 105 milliseconds. This gap continues across all cluster sizes, with the RL scheduler
maintaining superior performance. The trend for both schedulers shows a decrease in latency as the
number of nodes increases, indicating better resource availability and workload distribution in larger
clusters. However, the RL scheduler’s learning-based approach enables it to make smarter scheduling
decisions, leading to more efficient resource utilization and faster pod placements. This graph highlights
the RL scheduler’s scalability and effectiveness in minimizing scheduling delays, which is crucial for
improving application responsiveness and overall Kubernetes cluster performance.

Nodes Baseline RL-Based
Scheduler (ms) Scheduler (ms)
3 150 100
5 138 88
7 125 82
9 120 77
11 112 72

Table 8: Baseline vs RL Based Scheduler -2

Table 8 presents a comparative analysis of scheduling latency between the baseline Kubernetes
scheduler and a reinforcement learning (RL)-based scheduler across clusters of 3, 5, 7, 9, and 11 nodes.
The data clearly indicates that the RL-based scheduler consistently achieves lower latency values across
all cluster sizes. For instance, in a 3-node cluster, the baseline scheduler records 150 milliseconds,
whereas the RL scheduler reduces this to 100 milliseconds. As the number of nodes increases to 11, the
latency further drops to 72 milliseconds for the RL-based scheduler, compared to 112 milliseconds for
the baseline. This trend highlights the scalability and efficiency of the RL-based approach in managing
pod scheduling. The RL scheduler learns optimal scheduling policies over time by interacting with the
environment and adjusting decisions based on feedback. This enables better utilization of available
resources, quicker response times, and reduced delays, especially in large-scale clusters. In contrast, the
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baseline scheduler uses static policies and heuristics, which can become less efficient under dynamic
workloads and expanding cluster sizes. As seen in the data, the RL-based scheduler adapts more
effectively to growing resource pools, leading to significantly improved latency metrics. These results
underscore the RL scheduler’s potential to enhance Kubernetes performance in real-time environments.

Graph 8: Baseline vs RL Based Scheduler - 2

Graph 8 compares the scheduling latency of the baseline scheduler and an RL-based scheduler across
Kubernetes clusters with node counts of 3, 5, 7, 9, and 11. It clearly demonstrates that the RL-based
scheduler consistently outperforms the baseline scheduler at each cluster size. At 3 nodes, the baseline
scheduler shows a latency of 150 milliseconds, while the RL-based scheduler brings it down to 100
milliseconds. As the cluster size increases, both schedulers show reduced latency, but the RL scheduler
maintains a significant performance advantage, reaching as low as 72 milliseconds at 11 nodes
compared to 112 milliseconds for the baseline.

This performance gap highlights the RL scheduler’s ability to adapt and optimize decisions based on
previous experiences, improving efficiency over time. The graph emphasizes the benefits of using
reinforcement learning in dynamic environments, where intelligent scheduling decisions can result in
faster pod deployment, better resource utilization, and a more responsive Kubernetes infrastructure.

Nodes Baseline RL-Based
Scheduler (ms) Scheduler (ms)
3 155 110
5 142 95
7 130 87
9 123 81
11 115 78

Table 9: Baseline vs RL Based Scheduler — 3

Table 9 provides a comparative overview of scheduling latency between the baseline Kubernetes
scheduler and a reinforcement learning (RL)-based scheduler across clusters with 3, 5, 7, 9, and 11
nodes. The data demonstrates a consistent improvement in scheduling latency when using the RL-based
scheduler. At 3 nodes, the baseline scheduler exhibits a latency of 155 milliseconds, whereas the RL-
based scheduler reduces this to 110 milliseconds. This pattern continues across larger clusters, with the
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RL scheduler achieving a latency of 78 milliseconds at 11 nodes compared to the baseline's 115
milliseconds.

This reduction in latency highlights the RL scheduler’s ability to adapt to changing cluster conditions,
learn from past scheduling decisions, and optimize resource placement dynamically. As the cluster
grows, both schedulers benefit from improved node availability, but the RL scheduler maintains a clear
advantage due to its intelligent decision-making model. By continually updating its Q-values based on
rewards from successful pod placements, the RL-based scheduler ensures more efficient use of system
resources and reduces the time pods spend in the pending state. These findings underscore the RL-based
scheduler’s potential to enhance overall Kubernetes performance, especially in environments requiring
low latency, high scalability, and efficient resource distribution. It presents a compelling case for
integrating learning-based methods into container orchestration.

. S
.Graph 9: Baseline vs RL Based Scheduler -3

Graph 9 illustrates the comparison of scheduling latency between a baseline scheduler and an RL-based
scheduler across Kubernetes clusters with 3, 5, 7, 9, and 11 nodes. It clearly demonstrates that the RL-
based scheduler consistently outperforms the baseline in terms of latency. For instance, in a 3-node
cluster, the baseline scheduler has a latency of 155 milliseconds, while the RL-based scheduler reduces
it to 110 milliseconds. This improvement trend continues as the number of nodes increases, with the RL-
based scheduler achieving a latency of just 78 milliseconds at 11 nodes compared to 115 milliseconds
for the baseline. The downward slope in both sets of data suggests better scheduling efficiency as more
nodes are added, but the RL-based scheduler maintains a consistently larger margin of improvement.
This indicates its capability to adapt and optimize scheduling decisions over time. The graph highlights
the RL scheduler's scalability and efficiency, making it a strong candidate for high-performance
Kubernetes environments.

EVALUATION

The evaluation of scheduling performance between a baseline Kubernetes scheduler and a reinforcement
learning (RL)-based scheduler was conducted across clusters of varying sizes—3, 5, 7, 9, and 11 nodes.
Metrics focused on scheduling latency, a critical factor influencing overall system responsiveness.
Results demonstrated that the RL-based scheduler consistently outperformed the baseline across all
configurations. For example, in a 3-node cluster, the baseline scheduler exhibited 155 milliseconds of
latency, while the RL-based scheduler reduced this to 110 milliseconds. In the 11-node setup, the RL
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scheduler further decreased latency to 78 milliseconds, compared to the baseline's 115 milliseconds.
These findings indicate that the RL-based scheduler is more effective at adapting to dynamic cluster
states by learning optimal node selection strategies over time. Its ability to continuously refine decision-
making based on real-time feedback allows for smarter workload distribution and improved resource
utilization. In contrast, the baseline scheduler, reliant on static heuristics, does not scale as efficiently
under increasing node and workload complexity. The evaluation confirms that RL-based scheduling
enhances scalability and responsiveness, offering a practical and intelligent solution for modern, latency-
sensitive Kubernetes deployments. This performance advantage makes it highly suitable for cloud-native
applications that demand real-time resource allocation.

CONCLUSION

In conclusion, the reinforcement learning (RL)-based scheduler demonstrates a clear performance
advantage over the traditional baseline Kubernetes scheduler, particularly in terms of reducing
scheduling latency across clusters of increasing size. By leveraging adaptive learning techniques, the RL
scheduler effectively optimizes pod placement decisions, resulting in faster scheduling times and more
efficient resource utilization. As seen in the evaluation, the RL scheduler consistently outperforms the
baseline, especially in larger clusters, where its ability to learn from previous decisions becomes
increasingly valuable. Unlike static scheduling methods, the RL-based approach adapts to dynamic
workloads and evolving system states, making it more scalable and responsive. This positions it as a
suitable alternative for modern, high-demand Kubernetes environments that require quick pod
deployment and intelligent resource distribution. Overall, integrating reinforcement learning into
Kubernetes scheduling offers a significant step forward in achieving higher performance, better
scalability, and greater operational efficiency in container orchestration systems.

Future Work: As a future scope, implementing RL-based scheduling presents an opportunity to explore
and manage the significant architectural and algorithmic complexities that arise when moving beyond
traditional rule-based methods, paving the way for more intelligent and adaptive scheduling frameworks.
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