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Abstract

Edge computing has emerged as a critical paradigm for supporting latency-sensitive ap-

plications, but its heterogeneous nature introduces significant resource-allocation chal-

lenges. This dissertation presents a comprehensive framework for adaptive resource al-

location across geographically distributed edge nodes, addressing three core problems:

workload placement under uncertainty, energy-aware scheduling, and multi-tenant fairness

guarantees. We introduce the Meridian Scheduler, a novel predictive placement algorithm

that combines online learning with robust optimization to handle demand volatility while

maintaining strict service-level objectives. We then extend this to ecoPlace, an energy-

proportional scheduling layer that dynamically adjusts power states across node clusters

without violating latency bounds. Finally, we formalize multi-tenant fairness in edge set-

tings through the notion of proportional delay equity and prove that the resulting optimiza-

tion is NP-hard; we then give a constant-factor approximation algorithm and validate it

on production traces from a major content-delivery network. Across extensive simulations

and a deployment spanning 14 edge sites on three continents, our framework reduces tail

latency by 37%, improves energy efficiency by 22%, and achieves within 5% of the op-

timal fairness frontier. The results suggest that principled, learning-driven placement and

scheduling can substantially narrow the gap between the promise and the reality of edge

computing.
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Chapter 1

Introduction

The rapid proliferation of Internet-of-Things (IoT) devices, autonomous systems, and im-

mersive applications has driven compute demand from centralized cloud data centers to-

ward the network edge. Edge computing promises sub-millisecond response times by plac-

ing resources within one network hop of end users satyanarayanan2017emergence. Yet

the edge is fundamentally different from the cloud: nodes are heterogeneous in CPU archi-

tecture, memory capacity, and accelerator availability; network conditions fluctuate across

last-mile links; and workloads arrive in bursts that are both spatially and temporally corre-

lated.

1.1 Motivation and Problem Statement

Consider a video-analytics pipeline deployed across 40 edge sites serving a metropolitan

area. Each camera feed must be processed within a strict 150 ms latency budget. If one

site becomes overloaded — say, during a public event — naïvely forwarding frames to a

neighboring site may violate the budget because of cross-site link congestion. At the same

time, energy costs at the edge are non-trivial: a fully-provisioned edge rack draws over

4 kW, and operators have strong incentives to power-gate idle nodes.
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1.2. CONTRIBUTIONS

1.1.1 Key Challenges

C1 Uncertainty in demand and capacity. Workload arrival rates at edge sites are non-

stationary, with diurnal patterns, flash-crowd spikes, and long-term shifts driven by

user behavior.

C2 Multi-dimensional heterogeneity. Nodes differ along processing power, memory

bandwidth, GPU availability, and energy efficiency — making uniform scheduling

policies suboptimal.

C3 Multi-tenancy and fairness. A single edge cluster serves dozens of applications with

conflicting latency requirements; naive first-come-first-served policies lead to starva-

tion for delay-tolerant workloads.

This dissertation addresses all three challenges through a unified adaptive resource al-

location framework. The core insight is that predictive models of workload demand, com-

bined with online optimization techniques, can make placement and scheduling decisions

that are provably near-optimal while being practical to implement.

1.2 Contributions

We make the following contributions, organized across three logical layers:

Layer 1 — Predictive Placement (Chapter 3). We design the Meridian Scheduler, which
uses a lightweight recurrent neural network to forecast per-site load and solves a robust integer
program to place incoming workloads. The algorithm achieves a competitive ratio of 1−1/e
against an offline oracle with full future knowledge.

Layer 2 — Energy-Proportional Scheduling (Chapter ??). We introduce ecoPlace, a
power-state controller that dynamically transitions nodes between active, idle, and sleep states
using a Markov decision process. Under production traces, ecoPlace reduces energy con-
sumption by 22% while maintaining the 99th percentile latency target.

Layer 3 — Multi-Tenant Fairness (Chapter ??). We formalize proportional delay eq-
uity (PDE), prove the PDE-maximizing scheduling problem is NP-hard, and provide a (1/2)-
approximation via a linear-programming relaxation with randomized rounding.
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1.3. THESIS ORGANIZATION

1.3 Thesis Organization

The remainder of this dissertation is structured as follows. Chapter 2 surveys related work

in edge computing, online algorithms, and fair scheduling. Chapter 3 presents the Meridian

Scheduler. Chapter ?? details the ecoPlace energy management layer. Chapter ?? develops

the PDE framework and approximation algorithm. Chapter ?? reports experimental results

from simulation and real-world deployment. Chapter ?? concludes with a summary and

directions for future work.
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Chapter 2

Background and Related Work

This chapter situates our work within three broad research areas: edge computing archi-

tectures, online algorithms for resource allocation, and multi-resource fairness. We then

highlight gaps that the subsequent chapters address.

2.1 Edge Computing Architectures

The vision of edge computing was articulated by satyanarayanan2009case<empty citation>

as “cloudlets” — small-scale data centers placed at the network edge. Subsequent work

by ha2014towards<empty citation> demonstrated the feasibility of offloading mo-

bile workloads to nearby nodes, while mao2017survey<empty citation> provided a

comprehensive survey of mobile edge computing (MEC) standards and architectures.

Table 2.1 summarizes how existing platforms handle the three dimensions we identified

in Chapter 1. Notably, no prior system simultaneously addresses predictive placement, fine-

grained energy management, and provable multi-tenant fairness guarantees — motivating

our integrated approach.

2.2 Online Algorithms for Placement

The problem of placing workloads on heterogeneous nodes has been studied extensively in

the online algorithms community. The classic ski-rental and k-server problems capture im-
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2.2. ONLINE ALGORITHMS FOR PLACEMENT

Table 2.1: Representative edge platforms compared across key dimensions.

Platform Scheduling Energy
Mgmt

Multi-
Tenant

Ref.

Nexa FogNode Round-
robin

Static bin-
packing

Single-
tenant

bonomi2012fog

Vertex Edge-
Grid

Greedy bin-
packing

None Per-VM iso-
lation

yi2015survey

Apex Nexus Predictive
ML

DVFS only Token-
bucket

shi2016edge

Synapse Lay-
ered

Auction-
based

Thermal-
aware

Min–max
fairness

mach2017mobile

This work RO + OLO Full P-state PDE —

portant special cases, but edge workloads introduce correlations across both time and space

that break the worst-case adversarial model. Our work builds on the online learning with

optimization (OLO) framework of hazan2016introduction<empty citation>, combining

regret-minimizing predictors with robust integer programming.

Definition 2.1 (Competitive Ratio). An online algorithm A has competitive ratio α if, for

every finite input sequence σ ,

costA (σ) ≤ α · costOPT(σ)+β ,

where OPT is the offline optimal algorithm with full knowledge of σ and β is a constant

independent of σ .
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Chapter 3

The Meridian Scheduler: Predictive Placement

This chapter presents the Meridian Scheduler, our predictive workload-placement algo-

rithm. Meridian operates at the cluster-aggregation tier: it receives incoming workload

batches, forecasts per-node demand over a short horizon, and solves a robust integer pro-

gram to assign tasks to nodes.

3.1 System Model

We model the edge infrastructure as a set of N heterogeneous nodes N = {n1,n2, . . . ,nN}.

Each node ni is characterized by a capacity vector ci = (cCPU
i ,cMEM

i ,cNET
i ) and an energy-

efficiency coefficient ηi (operations per joule). Workloads arrive as a sequence of tasks

τ1,τ2, . . ., each with a demand vector dt = (dCPU
t ,dMEM

t ,dNET
t ) and a latency deadline ℓt .

3.1.1 Forecasting Module

The forecasting module uses a gated recurrent unit (GRU) network with two layers and 64

hidden units per layer, trained online using stochastic gradient descent with momentum.

The input features include the previous 12 timesteps of workload demand, time-of-day

embeddings, and a binary weekend/holiday indicator. The output is a predictive distribution

over demand for the next four timesteps.
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3.1. SYSTEM MODEL

Historical
Demand

GRU
Forecaster

Robust
Optimizer

Node
Assignment

Figure 3.1: High-level architecture of the Meridian Scheduler.

3.1.2 Optimization Formulation

At each decision epoch, Meridian solves the following robust integer program:

minimize
x∈{0,1}N×T

N

∑
i=1

T

∑
t=1

γi · xi,t + λ

N

∑
i=1

η
−1
i · zi

subject to
N

∑
i=1

xi,t = 1 ∀ t ∈ {1, . . . ,T}

T

∑
t=1

dt · xi,t ⪯ ci + ε ·1 ∀ i ∈ {1, . . . ,N}

zi = max
(
0, ∑t xi,t −θi

)
∀ i

(3.1)

Here xi,t = 1 if task t is assigned to node i, γi is the per-task cost on node i, λ is a

penalty on energy usage, zi captures overload beyond the nominal threshold θi, and ε is the

robustness budget derived from the forecast uncertainty.

Theorem 3.1 (Competitive Ratio). Assuming the forecast error is bounded by ε and node

capacities are non-decreasing, Meridian achieves a competitive ratio of 1− e−1 ≈ 0.632

against the offline optimal algorithm.

Proof sketch. The proof follows from a potential-function argument. Let Φk be the total

residual capacity after k tasks. We show that Φk+1 ≥ (1−1/N) ·Φk in expectation, which

telescopes to the claimed bound. The full proof appears in Appendix A.
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