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Abstract

The proliferation of connected devices and latency-sensitive applications has driven
computation from centralized data centers toward the network edge, but the het-
erogeneous and resource-constrained nature of edge environments presents fun-
damental challenges in allocation and scheduling. This dissertation introduces
EdgeFlow, a novel adaptive resource management framework for distributed edge
computing architectures.

EdgeFlow combines a hierarchical optimization approach with predictive work-
load modeling. A global planner solves a convex optimization problem to de-
termine coarse-grained resource distributions across edge nodes, while local con-
trollers employ reinforcement learning for fine-grained scheduling. We provide
theoretical guarantees on convergence and validate the approach through exten-
sive simulations and a deployment on a 48-node testbed at the Nexa Research
Laboratory at Brown University.

Experimental results demonstrate that EdgeFlow achieves a 32% reduction in
average request latency and a 41% improvement in resource utilization compared
to state-of-the-art baselines including round-robin scheduling, greedy heuristics,
and static partitioning. The framework exhibits graceful degradation under node
failures and handles bursty workloads without reconfiguration.

Keywords: edge computing, resource allocation, distributed systems, convex op-
timization, reinforcement learning
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CHAPTER 1

Introduction

1.1 Background and Motivation

The evolution of computing infrastructure has undergone a fundamental transfor-
mation over the past decade. Cloud computing established the paradigm of cen-
tralized data centers delivering services over wide-area networks, with companies
such as Nexa and Vertex building large-scale businesses on this model. However,
the emergence of the Internet of Things, autonomous systems, and immersive ap-
plications has exposed the limitations of a cloud-centric architecture.

Latency-sensitive workloads—including real-time video analytics, autonomous
vehicle coordination, and augmented reality—require response times on the order
of milliseconds that are unattainable when data must traverse hundreds of kilome-
ters to reach distant data centers. A signal traveling through fiber incurs roughly 5
microseconds of delay per kilometer, imposing an irreducible bound on round-trip
latency regardless of improvements in switching or processing speed.

Edge computing addresses this challenge by distributing computational re-
sources closer to end users and data sources. Rather than routing all traffic to a
handful of massive facilities, edge architectures deploy compute nodes at network
access points, base stations, and on-premises installations. The Nimbus Edge Plat-
form, deployed by telecommunications provider Apex Communications, demon-
strated a 67% reduction in video processing latency for smart city surveillance
applications across fourteen metropolitan areas in a recent field trial conducted
between 2022 and 2023.

Despite its promise, edge computing introduces significant challenges in re-
source management. Unlike cloud data centers that aggregate enormous pools of
homogeneous resources, edge environments exhibit extreme heterogeneity in pro-
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cessing power, memory capacity, storage, and network connectivity. The dynamic
nature of workloads—shaped by human mobility patterns, diurnal cycles, and un-
predictable events—further complicates the allocation problem.

1.2 The EdgeFlow Framework

This dissertation presents EdgeFlow, a hierarchical resource management frame-
work that combines predictive modeling with adaptive online optimization. The
core insight is that edge resource allocation can be decomposed into two coupled
subproblems operating at different timescales and spatial granularities.

At the global level, a centralized planner periodically solves a convex optimiza-
tion problem to determine the allocation of computational and network resources
across edge nodes. The objective function minimizes a weighted sum of latency
and energy consumption subject to capacity constraints:

min
x

N

∑
i=1

(
α · Li(xi) + β · Ei(xi)

)
s.t.

N

∑
i=1

xi ≤ C, xi ≥ 0 (1.1)

where xi denotes the resource allocation to edge node i, Li(·) models latency as
a function of allocation, Ei(·) captures energy consumption, and α, β are tunable
weights. At the local level, each edge node employs a lightweight reinforcement
learning agent that adapts to fine-grained workload fluctuations using the global
allocation as a soft guideline.

Key Insight: Hierarchical Decomposition

EdgeFlow separates the allocation problem into a slow-timescale global op-
timization (seconds to minutes) and a fast-timescale local adaptation (mil-
liseconds). This decomposition is both theoretically justified—the convexity
of the global problem ensures local deviations remain bounded—and practi-
cally effective across diverse edge workloads.

1.3 Experimental Validation

EdgeFlow was evaluated on a heterogeneous testbed comprising 48 edge nodes
deployed across three server racks at the Nexa Research Laboratory. Each node
was provisioned with varying CPU cores (2–16), memory (4–32 GB), and SSD stor-
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age (64–512 GB). The workload generator, implemented using the Apex Workload
Synthesizer, produced realistic request traces modeled after production telemetry
from a large-scale content delivery network operated by Meridian Systems.

Table 1.1: Performance comparison of resource allocation strategies across key
metrics. Results averaged over 100 trials on the 48-node testbed.

Strategy Latency
(ms)

Throughput
(Mbps)

Energy
(J/req)

Failures (%)

EdgeFlow (this work) 12.3 847 0.21 0.4
Round-Robin 45.7 523 0.48 2.1
Greedy Heuristic 28.9 691 0.34 1.3
Static Partitioning 35.2 604 0.41 1.8
Random Allocation 67.2 312 0.62 3.5
Meridian Scheduler v2 19.8 756 0.27 0.9

Table 1.1 summarizes the performance of EdgeFlow compared to five alterna-
tive strategies. EdgeFlow achieves the lowest latency (12.3 ms), highest through-
put (847 Mbps), and best energy efficiency (0.21 J/req). The failure rate under node
faults is also notably lower, reflecting the robustness of the hierarchical control ar-
chitecture under adverse operating conditions.

Edge
Devices

Edge
Nodes

Cloud
Backend

Global
Planner

Requests Aggregation

Allocations Telemetry

Figure 1.1: The EdgeFlow architecture: edge devices route requests to nearby edge
nodes, which process data locally and periodically report telemetry to the global
planner. The planner solves the optimization problem defined in Equation 1.1 and
distributes updated resource allocations.

1.4 Contributions and Organization

This dissertation makes the following primary contributions. First, a hierarchi-
cal allocation framework (EdgeFlow) that combines convex optimization with re-
inforcement learning, providing theoretical convergence guarantees and practi-
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cal deployability. Second, a predictive workload model based on spatiotempo-
ral Gaussian processes that captures both periodic patterns and spatial correla-
tions across edge nodes. Third, an extensive experimental evaluation on a 48-
node heterogeneous testbed demonstrating consistent improvements across la-
tency, throughput, and energy metrics. Fourth, a theoretical analysis of the stabil-
ity properties of the two-level optimization scheme, establishing bounds on regret
and worst-case suboptimality.

The remainder of this dissertation is organized as follows. Chapter 2 surveys
related work in edge computing, resource allocation, and distributed optimiza-
tion. Chapter 3 presents the EdgeFlow system model and formulates the hierar-
chical optimization problem. Chapter 4 describes the predictive workload model-
ing component, and Chapter 5 details the reinforcement learning design for local
controllers. Chapter 6 presents our experimental methodology and results. Chap-
ter 7 discusses implications, limitations, and future research directions. Finally,
Chapter 8 summarizes the contributions and concludes the dissertation.
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