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Abstract

Modern cloud platforms host thousands of tenants whose workloads compete for shared
compute, memory, and network resources. Static or rule-based schedulers struggle
to adapt to the volatility of multi-tenant demand, frequently leading to resource con-
tention, degraded latency, and violated service-level agreements (SLAs). This thesis
proposes an adaptive scheduling framework that formulates resource allocation as a se-
quential decision-making problem and solves it using deep reinforcement learning (RL).
A scheduler agent observes cluster telemetry and per-tenant queue state, and learns a
policy that balances utilization, latency, and SLA compliance through a composite re-
ward signal. The proposed method is evaluated against round-robin and static-threshold
baselines on a simulated multi-tenant cluster workload. Results show a 23% reduc-
tion in average latency and a 41% reduction in SLA violations relative to the strongest
baseline, at a modest increase in scheduling overhead. These findings suggest that
learning-based schedulers are a practical path toward self-adaptive resource manage-
ment in multi-tenant cloud environments.

Keywords: cloud computing, resource scheduling, multi-tenancy, reinforcement learn-
ing, quality of service.



ملخص البحث

موارد على عملهم أ�مال ��نافس الذ�ن المس�أ�ر�ن آلاف ال����ة الس�اب�ة المنصات �س�ض�ف
مع ال�ك�ف عن �ام�ة قواع� على القائمة أو ال�اب�ة الم��ولات �ع�ز مش�ركة. وشبكة وذاكرة �وسبة
الاس��ابة زمن ف� و��هور الموارد على �نازع إلى �الباً �ؤدي مما المس�أ�ر�ن، م�ع�د الطلب �قلب
الموارد ��ص�ص �ص�� لل��ولة �ك�ف�اً إطاراً الرسالة هذه �ق�رح ال��مة. مس�وى لا�فاق�ات و�رق
العنقود ق�اسات ال��ولة عم�ل �راقب العم�ق. المعزز ال�علم باس���ام و��لّها �سلسل�، قرار كمسألة
والال�زام الاس��ابة وزمن الاس��لال ب�ن �وازن س�اسة و��علم مس�أ�ر، كل ان�ظار قوائم و�الة
م��ولات مقابل المق�ر�ة الطر�قة �ق��م �رى مركبة. مكافأة إشارة عبر ال��مة مس�وى با�فاق�ات
الاس��ابة زمن م�وسط ف� ان�فاضاً الن�ائ� وأظهرت ال�اب�ة، والع�بات ال�ناوب على قائمة مر�ع�ة
م��ول بأفضل مقارنة 41% بنسبة ال��مة مس�وى ا�فاق�ات �روقات ف� وان�فاضاً 23% بنسبة

مر�ع�.

�ودة المعزز، ال�علم المس�أ�ر�ن، �ع�د الموارد، ��ولة الس�اب�ة، ال�وسبة المف�ا��ة: الكلمات
ال��مة.
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Chapter 1

Introduction

1.1 Background and Motivation

Public and private cloud platforms increasingly serve a multi-tenant model, where in-
dependent workloads from different customers share the same physical infrastructure.
Efficient scheduling of compute, memory, and network bandwidth across tenants is cen-
tral to both provider profitability and customer-facing performance guarantees. Tra-
ditional schedulers rely on static heuristics—round-robin, proportional-share, or fixed
thresholds—that were designed for relatively predictable workloads. As tenant demand
becomes bursty and heterogeneous, these heuristics leave performance on the table:
resources sit idle while other tenants queue, or are over-committed until an SLA is
breached.

1.2 Problem Statement

Given a shared cluster ofN compute nodes servingM tenants with time-varying work-
loads, the scheduling problem is to assign incoming requests to nodes such that (i)
overall resource utilization is maximized, (ii) per-tenant latency stays within contracted
bounds, and (iii) SLA violations are minimized, all under incomplete knowledge of fu-
ture demand. This is a sequential decision problem under uncertainty, which motivates
a learning-based rather than a purely rule-based solution.

1.3 Research Objectives

This thesis pursues the following objectives:

O1. Formulate multi-tenant cloud scheduling as aMarkov decision process suitable for

2



Adaptive Resource Scheduling 3

reinforcement learning.

O2. Design a composite reward function that jointly captures utilization, latency, and
SLA compliance.

O3. Implement and train a scheduling agent, and benchmark it against established base-
line policies.

O4. Analyze the trade-off between scheduling quality and computational overhead in-
troduced by the learned policy.

1.4 Contributions

The main contributions of this work are: a reward formulation that unifies three compet-
ing scheduling objectives into a single tunable signal; a lightweight state representation
that scales to clusters with hundreds of nodes; and an empirical evaluation showing
consistent gains over non-adaptive baselines across three synthetic workload traces.

1.5 Thesis Organization

Chapter 2 reviews related work in cloud scheduling and learning-based systems control.
Chapter 3 presents the proposed methodology, including system architecture and reward
design. Chapter 4 reports experimental results. Chapter 5 concludes and outlines future
work.



Chapter 2

Related Work

2.1 Cloud Resource Scheduling

Classical cluster schedulers such as proportional-share and constraint-based bin-packing
allocate resources using fixed policies that do not adapt to observed outcomes. Table 2.1
summarizes representative approaches along the dimensions most relevant to this thesis:
adaptivity to workload shifts and runtime overhead.

Table 2.1: Comparison of representative scheduling approaches.

Approach Technique Adaptivity Overhead

Round-Robin Fixed rotation across nodes Low Very Low
Static Threshold Rule-based capacity cutoffs Low Low
Heuristic Bin-Pack Greedy best-fit placement Medium Medium
Control-Theoretic Feedback controller on utilization Medium Medium
Proposed RL Agent Learned policy over cluster telemetry High Medium

2.2 Reinforcement Learning for Systems Control

Reinforcement learning has been applied to a range of systems problems, from database
index tuning to network congestion control, where the underlying decision process is
sequential and the effect of an action is only observable after a delay. Applying RL
to scheduling requires careful state and reward design so that the agent optimizes for
outcomes that matter operationally, rather than proxy metrics that are easy to compute
but weakly correlated with tenant-perceived quality.

4



Chapter 3

Proposed Methodology

3.1 System Architecture

Figure 3.1 shows the overall pipeline. Incoming tenant requests are summarized by a
feature extractor into a fixed-length state vector, which is consumed by the RL scheduler
agent. The agent’s action is a placement decision handed to the cluster resourcemanager,
which enacts it on the compute nodes. Utilization telemetry is fed back to the agent to
close the control loop.

Tenant
Requests

Feature
Extractor

RL Scheduler
Agent

Cluster Resource
Manager

Compute
Nodes

utilization telemetry

Figure 3.1: Scheduling pipeline: telemetry from compute nodes is fed back to the RL
agent to close the control loop.

3.2 Reward Function

The agent optimizes a composite reward that balances three competing objectives: uti-
lization Ut, normalized latency Lt, and an SLA violation indicator Vt, observed at each
scheduling step t:

Rt = αUt − β Lt − γ Vt, α + β + γ = 1, (3.1)

5



Adaptive Resource Scheduling 6

where α, β, and γ are tunable weights. The agent is trained to maximize the discounted
return

J(θ) = Eτ∼πθ

[
T∑
t=0

γ t
dRt

]
, (3.2)

where πθ is the policy parameterized by θ and γd ∈ (0, 1) is the discount factor.

3.3 Training Procedure

The agent is trained with a policy-gradient method using trajectories collected from a
cluster simulator seeded with three synthetic workload traces (steady, bursty, and diur-
nal). Training proceeds in episodes of fixed length, with the reward weights in Equa-
tion 3.1 annealed from utilization-favoring to SLA-favoring over the first third of train-
ing to encourage early exploration.



Chapter 4

Experimental Results

4.1 Experimental Setup

All methods are evaluated on the same simulated 200-node cluster under identical tenant
arrival traces. Each configuration is run for five trials; Table 4.1 reports the mean across
trials.

Table 4.1: Benchmark results across scheduling methods.

Method Avg. Latency (ms) Utilization (%) SLA Violations (%)

Round-Robin 184 61 12.4
Static Threshold 156 68 9.1
Control-Theoretic 141 71 7.6
Proposed RL Agent 109 79 4.5

4.2 Discussion

The proposed agent reduces average latency by 23% and SLA violations by 41% relative
to the strongest baseline (control-theoretic), while also improving mean utilization by
eight percentage points. The gain is largest under bursty and diurnal traces, where static
policies cannot react quickly enough to shifting demand. The main cost is a modest
increase in per-decision compute overhead, discussed further in Section 4.2 of the full
thesis manuscript.

7



Chapter 5

Conclusion and Future Work

This thesis presented a reinforcement-learning-based scheduler for multi-tenant cloud
clusters, built around a composite reward that jointly targets utilization, latency, and
SLA compliance. Experiments on simulated workloads show consistent improvements
over round-robin, static-threshold, and control-theoretic baselines. Future work in-
cludes evaluating the approach on live cluster traces, extending the state representa-
tion to capture cross-tenant fairness constraints, and studying the stability of the learned
policy under adversarial tenant behavior.
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Appendix A

Training Hyperparameters

Parameter Value

Discount factor γd 0.97
Learning rate 3× 10−4

Batch size 256 episodes
Reward weights (α, β, γ) (0.5, 0.3, 0.2) initial
Training episodes 50,000
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