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Abstract

Power Adaptive and Resource Aware Deployments for Remote Edge Systems

by

Animesh Narayan Dangwal UCSB TR 2026-03

The Internet of Things (IoT) consists of low-cost, highly-specialized, resource con-

strained devices deployed in technologically limited environments to collect data, perform

computations and actuate over the results. These deployments co-locate computers

and storage systems at the “edge” of the network or as close to the environment they

actuate over. Together these “edge deployments” localize communication, computation,

and storage for security, with increased efficiencies (e.g. lower latency response), and

reliability. To keep these deployments low-cost and sustainable, edge clusters increasingly

rely on commodity hardware and shared power, network infrastructures.

Increasingly, advancements in applications like Machine Learning (ML), Artificial

Intelligence (AI), and device hardware, have allowed these systems to go beyond just

sensing. Applications that used to require offloading heavy computations to compute,

network-rich environments like the cloud, can now sufficiently operate locally at the edge.

However, unlike the cloud, with its abundant and stable compute, network and power

resources, resource-constrained edge environments exhibit dynamic network and compute

conditions, leading to fluctuating workload performance. This body of work showcases the

impact of such computations, communications under realistic edge deployment conditions.

Specially, by modelling and designing edge deployments with a power first approach, the

dissertation shows how to account for these novel power-compute interactions on real

edge clusters, and finally how to both efficiently and effectively utilize real edge clusters

under these dynamic conditions for ML/AI applications.
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Chapter 1

Introduction

The Internet of Things (IoT) describes a computing fabric that enables ordinary, physical

objects to sense, analyze, actuate, and control their environment automatically. These

objects are embedded with computation and communication capabilities to enable intel-

ligent decision-making, at or close to, the environment they operate in, also called the

“edge” of the network. Here, these edge devices enable low-latency, low-cost, low-power

decision-making, when compared to their cloud computing counterparts. Historically,

these devices had low computational capabilities leading to applications offloading their

compute to resource-rich environments like the cloud, with stable and sufficient sources of

compute, network and power to support such applications.

For remote environments, IoT deployments co-locate compute and storage systems at

the edge of the network, far from stable power and communication infrastructure. To

sustainably add such infrastructure at scale, with low-costs, deployments share network

and power, primarily relying on battery powered devices or running on renewable energy

sources. While the advancements in hardware and fabrication technology, along with

applications evolving to better suit IoT/edge devices, have made these devices ubiquitous

and capable of handling a more diverse set of computations. The main study for these
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Introduction Chapter 1

improved hardware-software designs are edge applications like smart homes, smart cities,

wearables, AR/VR, where pre-existing infrastructure can be extended to support these

devices. Their interactions in remote edge deployments such as smart farming, wildlife

conservation and forest fire monitoring are underexplored. Here, it is essential for cluster

usability and shared infrastructure maintenance to take into account:

• Communication management, where allocating the limited available bandwidth

across edge devices is paramount for reducing energy utilization and application

performance,

• Computation deployment, where applications must select and schedule computations

on edge devices to run both effectively and efficiently utilize the full system while

balancing the limited power available to it.

These remote edge systems must take into account, not only the power expenditure

and budget of IoT applications, but also the fluctuations in performance caused by the

contention of their shared power and network infrastructure. Especially since these newer

application optimizations and hardware systems were never designed to consider these

fluctuations. Given these limitations, and gaps in the literature, our thesis statement is

presented below.

1.1 Thesis Statement

This dissertation demonstrates that treating power infrastructure as a first-class systems

resource throughout the lifecycle of an edge deployment enables efficient planning, accurate

performance characterization, and effective runtime scheduling.

This statement is investigated for remote edge systems under shared network and

power infrastructure, using three foci:

2
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1. Developing a model for edge system deployments,

2. Characterizing these power-variable interactions in real edge systems

3. Designing an end-to-end scheduler accounting for dynamic resource conditions at

the edge

1.2 Dissertation Outline

An initial approach to treating power as a first-class resource is by modelling major

sources of expenditure in edge clusters and how to design such clusters to supply ade-

quate power under different distribution infrastructures. Chapter 3 explores how power

management dictates deployment topology for wireless communication, a major source of

power drain, across edge devices in a remote environment for both shared and individual

power sources. Specifically, the chapter uses popular resource allocation techniques, like

constraint solvers, to minimize the maximum power spent in network transfers given an

individual or shared power source for said devices. The communication is a simulated

channel model, where given a total bandwidth and power budget, the distance between

devices and amount of data to be transferred are inputs to the solver which outputs the

bandwidth allocation per device to minimize power used. Additionally, the chapter show

how to extend these solvers to decide device placement, data allocation, and batter size,

for these deployments.

But these modelling, and planning techniques explored in Chapter 3, while useful, fail

to consider device performance fluctuations caused by shared power contention in real

edge deployments. Especially in long-lived edge deployments, behavior frequently deviates

from these assumptions as infrastructure ages, components are replaced, workloads evolve,

and resource contention changes over time. Consequently, deployment planning alone

3
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is insufficient for maintaining efficient operation throughout the lifetime of an edge

system. Chapter 4 addresses these concerns by characterizing the hardware and software

interactions of real edge devices with shared power infrastructure. Using a 1050+ device,

Raspberry Pi 3B+, cluster where ≈ 42 devices share a power distribution unit (PDU), the

work illustrates contention between devices sharing a PDU by how compute performance

is affected by the number of devices used within a shared PDU subcluster. This property

of throttling due to compute load is exhaustively profiled, modelled and validated, into

a regression equation, while also describing how to avoid exhaustive profiling and still

deriving a valid regression formulation to describe system behavior.

From the findings of the previous chapters, Chapter 5 accounts for the varying

performance of real edge devices caused by resource contention related to power and

network to design an adaptive scheduler. Specifically the chapter explores dynamically

decomposing ML models into sequential operations across a set of edge devices, for remote

image processing applications, such as wildlife monitoring and forest fire detection. The

workloads tested reflect real traces from Azure’s public dataset and explore the scheduler’s

adaptability for different workload compositions as well when the ML models used have

varying communication and computation requirements.

Finally, Chapter 6 presents the future work and broader impacts of the dissertation.

A common limitation presented in the previous chapters is how the application-power

interactions are explored for compute-bound applications specifically. Extending the

methodology to include other operation interactions such as network and memory usage

with power is required to expand the types of applications we can schedule. The chapter

also presents ways to integrate these resource contention aware scheduling techniques into

existing ecosystems in a plug and play fashion, while still achieving Pareto-optimality. The

methodology presented provides a real example for large-scale datacenter computing [15]

to demonstrate its scalability and potential application to edge computing as well.

4
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1.3 Attributions

• Parts of chapter 3 include data and text from Energy-Aware IoT Deployment

Planning [31] from authors Guan, P. and Dangwal, A. and Taherkordi, A. and

Wolski, R. and Krintz, C., published in Proceedings of the 21st ACM International

Conference on Computing Frontiers, 2024.

• Parts of chapter 4 include data and text from Reliable Unreliability in Edge

Deployments [14] from authors Dangwal, A. N. and Singh, R. and Unnithan, S.

and Yuan, K. and Zheng, E. and Krintz, C. and Wolski, R., published in International

Conference On Distributed Computing In Smart Systems And The Internet Of

Things (DCOSS), 2026.

• Parts of chapter 5 include data and text from Plumber: Scheduling Deep

Learning Inference Pipelines on Resource-Constrained Edge Clus-

ters [13] from authors Dangwal, A. N. and Singh, R. and Unnithan, S. and Yuan,

K. and Zheng, E. and Krintz, C. and Wolski, R., publication pending.

• Parts of chapter 6 include data and text from Designing Co-operation in

Systems of Hierarchical, Multi-objective Schedulers for Stream

Processing [15] from authors Dangwal, A. and Jiang, Y. and Arnold, C. and

Fan, J. and Bassem, M. and Rajagopal, A., available on arXiv.
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Chapter 2

Background

In remote IoT applications, managing resources to keep the edge cluster usable for as long

as possible before intervention of power or device replacement is an indication of effective

and efficient usage of said resources. These resources are broken down into communication

and computation requirements where an application is assigned a certain compute or

communication budget. This chapter presents how resource management is explored

for IoT, how compute-power interactions are underexplored and how existing adaptive

schedulers for ML on the edge miss out on handling dynamic resource contentions.

2.1 Resource Management on Edge Clusters

Past work has focused on resource allocation for wireless sensor networks (WSNs) [76,

77,87], given that communication is shown to be a major source of power consumption

for edge devices. The authors of [48, 79, 84] show that numerical optimization solvers can

be used effectively for scheduling resources, optimizing energy use, and improving quality

of service for edge systems. Our work in chapter 3 differs from this past work in that

we use independent objectives (versus sum-weighted) to minimize power consumption,
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and we show how to use solver-based solutions to co-design power infrastructure and

IoT deployments (sensor placement and duty cycle) at the edge. In later chapters that

while useful, these models fail to account for power-induced variability in compute, caused

by real infrastructure-device interactions. We also show how previous work in this area

over-compensates for these interactions in potentially device-damaging ways.

2.2 Infrastructure-Application Interactions for Edge

Clusters

Infrastructure degradation studies are common in hardware reliability and storage

systems research [32, 68, 75], but are rare in edge and IoT computing contexts. Here,

low-cost single-board computers such as Raspberry Pi are widely used to construct edge

and IoT computing test beds for research and education [11,18,50,72]. Prior work has

explored the use of Raspberry Pi clusters for distributed computing, federated learning,

sensor data processing, and cyber-physical systems experimentation [4, 44, 74,85]. These

platforms offer a cost-effective alternative to traditional datacenter infrastructure but

typically rely on commodity power and networking hardware. To obtain stable and

repeatable measurements, many studies intentionally pin CPU frequency, disable DVFS

or supply elevated voltages, accelerating hardware degradation [5,33,42,51,70]. While

these studies demonstrate the feasibility of large-scale edge clusters, they generally assume

stable power delivery and do not examine how to handle power-induced performance

effects – that are intrinsic to and critical for using real-world deployments.

Most existing Pi cluster studies evaluate freshly deployed hardware over short time

horizons. Our study, in chapter 4 provides a characterization of a large-scale, long-serving

cluster infrastructure that reveals systematic power-induced performance degradation

7
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and emergent behavioral classes. This perspective is critical for understanding real-world

IoT and edge deployments, which often operate for extended periods with minimal

maintenance.

Power-aware computing has been extensively studied in datacenter and mobile systems,

where voltage and frequency scaling (DVFS) is used to manage energy consumption

and thermal constraints [35, 80, 81]. In edge and IoT systems, several studies have

characterized power consumption and energy efficiency of single-board computers under

varying workloads [5, 42]. However, prior work largely treats power as a controllable

resource or a static constraint, rather than a degradable shared infrastructure that

introduces heterogeneous and non-deterministic performance behavior across devices.

In this vein, the next chapters explore how to extend this work outside the explored

matrix-multiply workloads in chapter 4, for applications such as edge ML/AI.

2.3 Adaptive Scheduling for ML on Edge Clusters

We now explore how these power interactions impact similar computations, specifically,

ML/AI applications. Improved edge AI/ML deployment strategies like pruning [88],

compression [10], slicing [37], or quantization [34], typically target devices in isolation, on

a single device [1], or set of devices [37], [38], [89]. Our work specifically targets realistic

workload traces across multiple edge devices in a real edge cluster under shared power

infrastructure. Past work assume static deployment conditions, unintentionally providing

“one-size-fits-all” results, even if the optimizations to the models are dynamic for other

parameters such as application accuracy [89], or device heterogeneity [38]. Another popular

methodology to fit large models on small devices is pipelining, where a monolithic DL model

is split into multiple parts and pipelined (Figure 5.1) to speed up training and inference [83],

and dynamically creating these pipelines based on environment conditions have been
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explored in cloud or data centers with stable network and power conditions [56], [52], or

even on lower-end accelerators [39] or across low-network conditions [90], According to

our knowledge, the work in chapter 5 is unique as, there is no prior work that is, energy

efficient, adapts to shared resource contentions during workload execution, and where the

models stay completely on the edge.
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Chapter 3

Modelling Edge Deployments For Power

Efficient Communication

3.1 Introduction

In this chapter, we investigate using power management as an approach for modelling

and designing remote edge deployments. Specifically, we target deployment environments

where electrical power infrastructure is lacking, forcing the edge devices or sensors to

rely on renewable energy and battery storage for power. Recent research has shown

that it is possible to formulate these resource management problems (e.g. for scheduling,

energy optimization, improving QoS, etc.) as multi-objective, numerical optimization

problems and to use optimization software (i.e. solvers) to efficiently produce possible

solutions [16,48,64,79,84]. In this work, we use multi-objective optimization to efficiently

allocate radio bandwidth to sensors in an edge deployment to minimize power consumption.

We focus on radio communication because it is a primary consumer of power for wireless

sensor networks that are remotely deployed and spatially distributed [40, 58, 60] – key

characteristics (see Section 3.2) of the edge deployments that we target.
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We model the power consumed for wireless communication between edge devices

and their access points by using their physical deployment properties such as distance

to access point, amount of data transferred, available bandwidth per device and time

limit for data transfer, i.e. their duty cycle. Furthermore, we investigate three popular

heuristic approaches: MIDACO [64], a Mixed Integer Programming (MIP) and Mixed

Integer Non-Linear Programming (MINLP) solver, Z3 [16] a Satisfiability Modulo Theory

(SMT) solver, and a Genetic Algorithm (GA) that we specifically designed for this project.

The heuristics allocate radio bandwidth to devices placed at different distances from the

access point such that the worst case energy use is minimized. We consider per-node

and shared battery infrastructure and empirically compare the approaches using different

experimental settings. We evaluate the impact of limiting computational budget and the

use of different device duty cycles (which impose deadlines on data transfer completion).

Finally, we present a methodology for using these techniques to guide energy efficient,

configuration planning and sensor placement for remote, edge-based IoT deployments.

Our results show how power infrastructure, being shared or individual per device,

impacts communication optimizations and how to design deployment topologies to better

suit communication conditions to minimize power spent. We also see from our heuristic

methods evaluated, MIDACO outperforms SMT and GA, and that SMT outperforms

GA in terms of solution quality. In our study, MIDACO is also always able to generate

feasible solutions, even with very limited computational effort budgets. However, in some

cases where the computation effort budget is limited, SMT is able to find better solutions

compared to MIDACO. It is just not possible to predict whether SMT will do so for a

specific deployment and effort budget. This result indicates that it is “best” to expend a

fraction of the available computational budget on SMT and if it fails to find a feasible

solution in using that fraction, invoke MIDACO with the remainder. We also find that

this approach can be used to size of the battery infrastructure for a given deployment
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and that infeasible solutions can be intelligently adjusted (adapting sensor placement or

duty cycle) while minimizing power use.

3.2 Edge Deployment Optimization

Our model of operation is inspired by real-world remote deployments that our group

maintains as part of the UCSB SmartFarm project [22, 30, 41, 73]. In this setting, sensors

monitor the environment, periodically transmit their data on a duty cycle over radio

links to one or more base stations, and deactivate (e.g. go into “deep sleep”) to conserve

battery power between duty cycles. These deployments are employed by farms for a

dynamically changing set of purposes related to precision agriculture, requiring them to

be periodically updated for different use cases (by humans or ground robots). The base

station is often grid-powered and part of a resource rich edge cloud (with intermittent

Internet connectivity) that is sited on-farm in an outbuilding. In this work, however, we

also explore the use case where the base station or stations are also solar and battery

powered using off-grid power infrastructure with greater capacity than the infrastructure

supporting the sensors. The sensor nodes are battery powered and each sensor can have

its own battery or multiple sensors can draw from a shared battery (both alternatives are

charged via solar power).

A key challenge of these deployments is the need to co-design the IoT device network

with the power infrastructure which can impose incompatible constraints. The goal of

our work is to develop tools that simplify this co-design process for edge deployments

consisting of sensors, a communication access point, and base station that executes a

deployment planning tool.

Toward this end, we present a model for radio communication between the sensors nodes

and base stations in an edge deployment. We use multi-objective numerical optimization
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Figure 3.1: The figure illustrates an abstract model for the edge deployment topology
where each block is a sensor, connected to the base station, and each sensor sends data of
size D MB from a distance of d m to the base station.

to allocate the bandwidth to sensors in a way that minimizes power consumption of

the sensors in the deployment. Our approach is unique in that we use it to facilitate

comparison of popular optimization approaches as well as to support the co-design of

power infrastructure, sensor placement, and data delivery for edge deployments. We

employ two objective functions that we believe are useful in these settings. The first,

called min-max, minimizes the maximum energy consumption, max{Et
i}, in each data

transfer cycle t. The objective corresponds to deployments in which each sensor node has

its own battery and our goal is to minimize the maximum energy draw by any individual

node. The second, called min-sum, minimizes the total energy consumption,
∑i Et

i , in

each cycle of data transfer t. This objective corresponds to deployments that use a shared

power source (e.g. a single solar powered battery infrastructure that each node uses as

their power source).

3.2.1 System Model and Optimization Problem

The system model consists of a set of N nodes, each of which communicates using

wireless radio communication with a single access point. As seen in Figure 3.1, each node
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is assigned a data size D that it must transmit to the access point, and a distance d that

gives its physical distance from the access point. All nodes share a common duty cycle

during which time they must begin and complete the transfer of the data assigned to

them. Each node can be configured to use a fraction of a total fixed bandwidth budget

available during a duty cycle and to adjust its signal power according to the assigned

fraction.

The main tunable parameters are bandwidth allocation and signal power usage to

reduce the energy used per data transfer. Both the sensor and access point placement

are known a priori, as is the amount of data that must be communicated in each duty

cycle, meaning data and distance aren’t tunable parameters and act as input to our model

instead. All of these assumptions are from our previously mentioned execution model

(SmartFarm micro-climate monitoring) where all sensors “wake up” simultaneously (so that

readings are time correlated), transmit sensor readings over a radio communication link

to the access point during a fixed duty cycle, and then “sleep” to conserve battery power

until the start of the next duty cycle. This system model presents the problem where,

given a set of nodes with assigned data transfer requirements and distances from the

access point, the scheduler must provide the apportionment of bandwidth that minimizes

the signal power each node must expend to transfer its data within the duration of a

specified duty cycle.

3.2.2 Data Transmission Model

To model the wireless communication scenario, we use the path-loss function [28] shown

in Equation 3.1 to calculate the influence of distance for each sensor i. In Equation 3.1,

di is the distance (in meters) between sensor i and the base station, whereas fi is the

frequency (we set this to 5.9 GHz in this work) of the transmission signal. The units of
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path loss (PL) computed by Equation 3.1 are decibels (dB). Parameters, such as 38.77,

16.7, and 18.2, are from the experiences in [28].

PLi = 38.77 + 16.7 ∗ log10 di + 18.2 ∗ log10 fi (3.1)

This path loss needs to be overcome by the signal power used to transmit the

information. The acceptance signal power, in decibel-milliwatts (dBm), is given by

Equation 3.2 where Pi is the wireless signal power (in the range of 0.1 to 21 dBm) per the

wireless standard [28]. Note that dB and dBm are on a log scale making the units of P ′
i

dBm. Converting P
′
i to milliwatts (mW) using Equation 3.3 allows the computation of

the signal-to-noise ratio (SNR) for each node using Equation 3.4 where N0 is the power of

environment noise, and it equals 10−11.4 mW [46]. Given the Signal-Noise-Ratio (SNRi)

and Bandwidth (Bi in MHz), the transmission speed (TS) of sensor i, is computed using

the Shannon equation shown in Equation 3.5.

P
′

i = Pi − PLi. (3.2)

P
′′

i = 10
P
′
i

10 (3.3)

SNRi =
P

′′
i

N0 ∗Bi

(3.4)

TSi = Bi ∗ log2 (1 + SNRi) (3.5)

With the given signal power and SNR, we can calculate the transmission speed (TS)

from Equation 3.5, and dividing by data size D (in MB) gives transmission time (TT ),

from Equation 3.6. This helps determine bandwidth allocations, as we specify TT must
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be less than or equal to the deadline imposed by the duty cycle for the deployment for all

sensors. All together the sensor energy consumption i is obtained via Equation 3.7. It

is worth noting that there is a trade-off between Pi and TTi. If Bi is fixed, then when

Pi increases TTi decreases. If Pi is fixed, then the allocation of Bi is non-linear. Thus,

in terms of the data transmission model, the problem of determining the values of Bi

and Pi that yield a minimized set of Ei values, subject to the constraint that all TTi are

less than or equal to a fixed deadline (imposed by a given duty cycle), is an optimization

problem we must solve.

TTi =
Di

TSi

. (3.6)

Ei = TTi ∗ 10
Pi
10 . (3.7)

3.2.3 Optimization Solvers

Given the formal system and communication models from the previous sections, we

define two different optimization problems to represent different power supply infrastruc-

tures. The first, termed min-max, is shown in Equation 3.8. It minimizes the maximum

value of Ei for a set of sensors. This objective function corresponds to a deployment

in which each sensor has its own separate power source that can be exhausted (e.g. a

battery). The second function, termed min-sum is given by Equation 3.9. It uses the sum

of Ei as an objective function. This function represents the case where the set of sensors

share a common power source that can be exhausted. We investigate three approaches for

minimizing F (O): mixed-integer non-linear programming, satisfiability modulo theories

(SMT), and a genetic algorithm (GA).

F (O) = max{Ei}, (3.8)
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F (O) = sum{Ei}. (3.9)

MIDACO

Our problem formulation natively supports a numerical solver that can represent

individual sensors and handle range based constraints to specify valid values. MIDACO

is a commercial solver for numerical optimization that is based on the Ant Colony

algorithm [63], which can be applied to continuous non-linear optimization (NLP) problems,

discrete/integer (IP) optimization problems, and mixed integer (MINLP) problems [64].

In our scenario, the deployment is specified as a set of data transmission requirements Di,

a set of distances di and a deadline for a set of sensors indexed by i which is an integer

value in the range 1 to N . To better suit the problem structure MIDACO solves, we

formulate our objectives (minimize F (O)) specified by Equation 3.8 or Equation 3.9, as a

set of internal constraints that any feasible solution (i.e. one that meets the deadline)

must also obey. These internal constraints are shown in Equation 3.10 where G(0)=0 and

other G()≥0. N is the number of sensors.

G(0) = B1 +B2 + ...+BN − total bandwidth

G(1) = deadline− TT1

...

G(i) = deadline− TTi,

(3.10)

SMT and Z3

Another approach to solving our formulation is by leaning towards the constraints

and their relationship to instead repeatedly find valid combinations and present the most

optimal ones based on the effort put into the search. For this, we select Z3, an SMT solver,
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suited for boolean constraints and optimization capabilities for equational constraints

that are linear [6]. As an SMT solver, Z3, includes limited capabilities for determining

the satisfiability of constraints that require the evaluation of numerical variables. In

particular, the support in Z3 for log functions, exponentiation, and real-valued variables

either performs poorly or is non-existent. Thus, to use Z3 for optimizing energy usage,

we transform the real-valued, non-linear problem formulation described in the previous

subsection into an integer-valued, linear problem.

We first discretized the integer representation and represent the specific proportional

relationships between PL and TS. As seen in Equation 3.11 shows a discretized integer

representation of Pi. We limit the range of signal power values that the access point

and sensors can adopt the range 0.01 to 21 dBm. We then multiply this value by 100

so that it is expressed as an integer with a value between 1 and 2100. Equation 3.12

captures the total bandwidth budget (shown as an internal constraint in the MIDACO

formulation in Equation 3.10) as an independent and explicit constraint for the SMT

formulation. To capture the inverse relationship between a signal power and bandwidth

allocation shown in Equations 3.1 through 3.5, we add a constraint that forces the solver to

minimize the maximum signal power Pi while, at the same time, maximizing the minimum

bandwidth Bi for all sensors, as shown in Equations 3.13 and 3.14, respectively. Similarly,

for the objective of minimizing the sum of energy usage, we substitute Equations 3.15 for

Equation 3.13 in the constraint set to compute min-sum.

Because Z3 cannot evaluate non-linear, real-valued, log functions, it cannot incorporate

a deadline constraint because it cannot solve Equations 3.1 through 3.6. However, it is

able to find multiple unique solutions for a single constraint problem. We exploit this

feature to “search” the constraint space for the best solution (the one with the lowest

energy objective function value). To do so, we run the solver until it finds a solution and

then apply Equations 3.1 through 3.6 to the resulting values to determine if the solution
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meets the deadline. We also compute F (O) using Equation 3.7 for the solution. If the

solution meets the deadline, it is saved in a set of feasible solutions. If it does not, but

its F (O) value is lower than the F (O) value of a previous infeasible solution, it is saved

as the “best” infeasible solution. We then continue the solver and repeat the process for

the next solution it finds. The search terminates after either 900 iterations (the maximal

case) or a fixed time limit (see Section 3.3). We explore the use of feasible and infeasible

solutions in Section 3.4.

1 ≤ Pi ≤ 2100, 1 ≤ Bi ≤ 100 (3.11)

N∑
i=1

Bi == total bandwidth (3.12)

∀Ni=1Pmax ≥ Pi, minimize(Pmax) (3.13)

∀Ni=1Bmin ≥ Bi, maximize(Bmin) (3.14)

minimize(
N∑
i=1

Pi) (3.15)

To guide the solver toward better solutions in the space, we add a “weighting” constraint

that creates a relationship between the product of the data size and distance and the sum

of the signal power and allocated bandwidth. This search process can be improved by

adding a constraint that captures the influence of the data size di that each sensor must

send and the distance Di from the access point for each sensor. Specifically, we would like

the solver to avoid solutions where nodes sending large amounts of data that are located
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far from the access point are assigned less bandwidth than nodes closer to the access

point with smaller data transfer requirements. There may be many such solutions that

satisfy the constraints but result in infeasible (and poor) allocations. Equation 3.16 shows

this “guidance” constraint. Note that this is the only constraint in the SMT formulation

that relates bandwidth allocation Bi to signal power Pi – without it the solver is free to

find solutions that assign values to these variables independently. As such, it constitutes

a linear multi-objective function for Z3 to optimize.

To speed up the iterative searching, we also use a Z3 feature that prioritizes Pareto-

optimal solutions to multi-objective functions [6]. Doing so ensures that the relationship

in Equation 3.16 is favored by Z3. This optimization to the constraint search introduces

additional complexity, But using Pareto priority, Z3 can return repeated solutions when

it cycles through all the Pareto points the solver can find. When the solver returns

repeated solutions, we introduce a “soft” constraint that allows it to consider additional

possible solutions. When the solver stops and offers a repeated solution, we compute a

target Pi for each node based on the di, Di values for the node from the deployment and

the Bi in the current (and repeated) solutions. We then add the soft constraint shown

in Equation 3.17 if target Pi satisfies the constraint shown in Equation 3.11. The soft

constraint forces Z3 internally to search for new solutions using Pareto priority but in the

course of that search, if it can find a lower value for the power as an optimal point, it can

select it even if it violates the soft constraint. Thus, the soft constraint allows Z3 to make

an “up-hill” climb in the search space in its search for Pareto optimal solutions.

∀Ni=1(Di ∗ di ≤ Di+1 ∗ di+1 =⇒ Bi + Pi ≤ Bi+1 + Pi+1) (3.16)
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#target Pi computed using Equations 3.1 through 3.6

#from the values of Bi, Di, di

(add soft) Pi ≥ target Pi

(3.17)

Genetic Algorithm

The final heuristic we approach to solve our problem formulation is based on cus-

tomizable greedy numerical optimizers. For this we develop a custom Genetic Algorithm

(GA) for comparison in this study given it is a widely used heuristic-based optimization

approach. In our GA formulation, bandwidth {Bi} and signal power {Pi} are represented

as separate chromosomes. The GA first creates a group of random chromosomes as

parents and crosses each father in the group with a random mother. A cross is performed

by selecting a random position for each chromosome and concatenating the mother with

the father using this position. For example, a child bandwidth chromosome using random

position k consists of father bandwidth items B1–Bk followed by mother bandwidth items

Bk+1–Bn for list length n. After the crossing, the sum of child bandwidth may differ from

the total bandwidth. We update the items to conform to this constraint. Specifically,

we compute ∆ = sum{child_Bi} − total bandwidth. If ∆ > 0, we select a random item

in the child_Bi and subtract 1 from it (if ∆ < 0, we add 1). We repeat this process

∆− 1 times. After crossing, we perform mutation to introduce chromosome diversity. We

choose a random number µ ∈ (0, 1) and use it to mutate the child items. For bandwidth,

if 0.5 < µ < 0.85, we do not mutate. If µ ≥ 0.85, we left-rotate the items one position.

If µ ≤ 0.5, we subtract 1 from the maximum item and add 1 to the minimum item in

child_Pi. For power, we use a different range for λ ∈ (0, 1). For each item in child_Pi, if

0 < λ < 0.15, there is no mutation. When 0.15 ≤ λ ≤ 0.6, we add or subtract 1 to/from

child_Pi using a 50-50 probability, and we only update the value if doing so results in a
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value that is in the range (0.1 dBm, 21 dBm). Similarly, we mutate each item ±0.1 and

±0.01, when λ is in the range (0.6, 0.85) and (0.85, 1), respectively.

3.3 Solver Evaluation

In this section, we evaluate three different solvers: MIDACO, Z3 (SMT), and a genetic

algorithm (GA) written specifically for this work. The overall goal of this investigation is

to develop a tool for aiding deployment design in remote IoT settings (see Section 3.4).

Doing so requires answering the following research questions:

• RQ1: Are all solvers capable of minimize energy consumed for both individual and

shared power supply infrastructures?

• RQ2: Does quality of solution change based on computational effort across solver

heuristics used?

• RQ3: How do we use these solvers? Is there always one heuristic that performs the

best or do we require a system of solvers per deployment problem?

• RQ4: Can these solvers determine valid deployment topologies, and in-turn suggest

feasible designs to generate valid deployments?

3.3.1 Experimental Setup

To explore solver efficacy, we generate a set of 100 randomized deployments and

compare the solvers using this set as an input. Each deployment in the set consists of

10 sensor nodes, where a node’s data transmission requirement is drawn from a uniform

distribution on the interval (50, 150) and its distance from the access point is drawn from

a uniform distribution on the interval (50, 200). For a specific individual deployment, we
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measure solution quality as the energy resulting either from minimizing the min-max or

the min-sum objective function. All the experiments were run using an AMD Ryzen 7

5800H @3.20 GHz CPU with 16GB RAM and 4 cores. For the mixed-integer programming

solver, we use MIDACO Version 6.0 under a commercial license, for SMT, we use Z3

Version 4.12.2, which is available as open source from [86], and we developed the genetic

algorithm as a bespoke approach specifically for this chapter. In all experiments, the

units of data transmission size are converted to megabits (from MB), the distance units

are meters, and we measure energy consumption in millijoules (mJ). When reporting

aggregate solution quality statistics (e.g. minimum, maximum, mean), we set a fixed duty

cycle (the units are seconds) for the 10 nodes and aggregate over the 100 randomized

deployments.

Finally, to capture the “effort” each solver requires creating a solution, we define the

“computational effort budget” to be the maximum wall-clock time the solver is allowed to

use to compute a solution. A solver may use less than this budget, but not more. We

define an “infinite” computational effort budget to be 5 hours. Note that it is possible to

generate a deployment for which there is no allocation of bandwidth that will allow all

10 nodes to finish transmission within the specified duty cycle. It is also possible that

a solution exists, but that a solver is not able to “find” it within its computation effort

budget. Finally, it is possible that multiple solutions exist, in which case, we expect that

the solver will return the “best” one (i.e. the one that minimizes the objective function).

We term a solution that allows all 10 nodes to complete transmission before the end of

the duty cycle a “feasible” solution. We select the 100 deployment evaluation set such

that all 100 deployments have feasible solutions given a 2 second duty cycle (however, a

particular solver may not be able to generate a feasible solution for all 100 deployments).
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Figure 3.2: The figure compares the solvers for the min-max objective function and an
unlimited computational effort budget. The y-axis is maximum energy consumption over
the 10 nodes (in mJ) and x-axis represents the maximum, mean and minimum of over 100
randomized experiments. The duty cycle is 3 seconds. The lower the energy consumed
the better. MIDACO’s solutions always generate the best allocation followed by SMT
and then GA.

3.3.2 Unlimited Solver Computational Effort

Figure 3.2 shows the efficacy of each solver for the 100-deployment test set with respect

to the min-max objective function (see Equation 8): a practically unlimited computational

effort budget, and a 3-second duty cycle. In the figure, the best (lowest) maximum energy,

mean energy, and minimum energy were generated by the MIDACO solver. The SMT

solver generated solutions that were somewhat less energy efficient, and the GA solutions

were less efficient than the SMT solutions. This comparison illustrates the effectiveness of

24



Modelling Edge Deployments For Power Efficient Communication Chapter 3

maximum sum mean sum minimum sum
0

5

10

15

20

25

21.82

16.83

12.52

22.00

17.06

12.73

22.38

17.18

12.78

E
ne

rg
y

co
ns

um
pt

io
n

(m
J)

midaco_min_sum_best
smt_min_sum_best
ga_min_sum_best

Figure 3.3: The figure compares the solvers for the min-sum objective function and an
unlimited computational effort budget. The y-axis is the maximum energy consumption
over the 10 nodes (in mJ) and x-axis represents the maximum, mean and minimum of
over 100 randomized experiments. The duty cycle is 3 seconds. The lower the energy
consumed the better. All solutions from all solvers are extremely close to each other,
indicating a simpler problem space than min-max in Figure 3.2.

using a high-quality, commercial solver over perhaps a more intuitive constraint-based

approach (SMT) or a solution that is easy to conceive, develop, and debug (GA), given

an unconstrained computational effort budget.

Figure 3.3 shows the same comparison as depicted in Figure 3.2, but for the min-sum

objective function (see Equation 3.9). These results indicate that with “infinite” compu-

tational effort, each optimization technique generates solutions that are approximately

equivalent in terms energy efficiency in each deployment. That is, it is “easier” to optimize

the total energy consumption (i.e. min-sum) for the collection of sensors compared to
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optimizing the energy consumption for individual sensors (i.e. min-max). As such, this

result argues for deployment architectures in which the power infrastructure is shared

rather than implemented separately for each sensor. Note that in our experiments, GA

substantially underperforms MIDACO and SMT for the min-max objective function (and

all three are approximately equivalent for the min-sum objective function). Thus, for

brevity, we focus in comparing MIDACO to SMT using min-max for the remainder of this

investigation.

3.3.3 Limited Solver Computational Effort

We next compare the solvers in terms of their computational efficiency relative to

the energy efficiencies of the solutions they produce. In these experiments, we limit the

computational effort budget given to each solver and look at the quality of the solutions

that are generated within the budget.

The Figure 3.4 illustrates the average “efficiency” of the MIDACO and SMT solvers

in terms of solution quality. It plots the average maximum energy consumption of the

10 nodes across the 100 deployments in the test set on the y-axis, as a function of the

computational effort budget shown on the x-axis. Note that SMT is not able to find

at least one feasible solution for all 100 test deployments with a computational effort

budget of less than 17 seconds (the graph only depicts averages calculated over 100 test

deployments). In contrast, MIDACO is able to find some feasible solution for all 100

deployments using a computational effort budget of as little as 1 second. Moreover, the

average quality of the solutions (the average energy consumption) improves rapidly with

additional effort budget until approximately 6 seconds, after which the improvement per

additional second of solver computation increases far more slowly until it is near zero.

Overall, as each solver is given more computational effort budget the quality of the
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Figure 3.4: The figure compares the solvers for the min-max objective function when each
solver is given the same computational effort budget. The y-axis is the average maximum
energy consumption over the 10 nodes (in mJ) and x-axis represents the computational
effort budget used to generate the corresponding y-axis value. The duty cycle is 3 seconds.
The lower the energy consumed the better, and closeness to the left indicates faster
solution generation. MIDACO is both lower and closer to the left, indicating on average,
better solution quality and solution generation speed compared to SMT.
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solution improves (i.e. the mean energy consumption is lower). Moreover, for the same

computational effort budget of 17 seconds or greater, the mean solution quality generated

by MIDACO is higher (i.e. the mean maximum energy consumption is lower) compared

to SMT. Thus, in terms of average expected performance against a fixed computational

effort budget, MIDACO is more performant than SMT. However, while SMT does not a

produces a feasible solution for all 100 test deployments when the effort budget is less

than 17 seconds, it does find feasible solutions for a subset of the 100 test deployments.

Table 3.1 shows a sample of 5 deployments from the deployment set. Column 1 shows the

deployment index, column 2 shows the maximum energy consumption (in mJ) over the

10 nodes in the deployment and the time (in seconds) taken by MIDACO (in parentheses)

which was limited to 4 seconds. Column 3 shows the energy consumption (in mJ) and

the time (in seconds) taken by SMT to find its first feasible solution for that particular

experiment. In column 4, we show the “chase” time – the additional time (in seconds)

MIDACO required to find a solution equivalent or better than the first solution found

by SMT shown in column 3. For example, in Exp #11, MIDACO achieved a solution

in which the maximum energy consumption was 6.02 mJ in 4 seconds. SMT found its

first feasible solution, corresponding to a maximum energy consumption of 2.80 mJ in 6

seconds. MIDACO required an additional 12seconds to achieve a solution in which the

maximum energy consumption was less than or equal to the 2.80 mJ achieved by SMT.

Thus, when SMT finds a solution with little computational effort budget, it can be

considerably better than the solution MIDACO finds with the same computational effort

budget. These results suggest that we can use SMT and MIDACO in concert when the

computational effort is small. Specifically, we devote one half of the computational effort

budget to SMT and the other to MIDACO. If SMT returns a solution, we compare it

to the solution generated by MIDACO and use the solution that results in less energy

consumption. Otherwise, we use the MIDACO solution.
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Table 3.1: Solution energy (mJ), solver duration (seconds), and chase time for 5 specific
randomized deployment solutions. Unlike the Figures 3.5, 3.4 the table illustrates when
SMT can be both faster and generate better quality solutions than MIDACO.

Exp # MIDACO
solution mJ (sec)

SMT
solution mJ (sec) chase sec

11 6.02 (4) 2.80 (6) 12
51 2.04 (4) 1.99 (1) 11
52 3.21 (4) 2.40 (2) 14
61 2.66 (4) 2.21 (12) 11
76 2.55 (4) 2.25 (<1) 1

Finally, the “complexity” of the optimization problem each solver must solve is roughly

proportional to the deadline imposed by the duty cycle. As duty cycle decreases, feasible

solutions become more “difficult” to find. Figure 3.4 shows results for a duty cycle

of 3 seconds and Figure 3.5 shows results for a duty cycle of 2.8 seconds. Comparing

Figures 3.4 and 3.5 which show the mean solution quality (in mJ), SMT is unable to

find 100 feasible solutions in less than 35 seconds of solver time with a duty cycle of 2.8

seconds compared to 17 seconds of solver time when the duty cycle is 3 seconds. When the

solver time is sufficient in both cases, the average quality of the corresponding solutions is

approximately the same. Thus, the length of the duty cycle affects the ability of SMT to

find a feasible solution with a fixed computational effort budget and shorter duty cycles

require larger budgets.

3.3.4 Discussion of Solver Comparison

For minimizing maximum energy consumption, the problem is a non-linear mixed

integer programming optimization problem where only one quantity (communication

bandwidth) is integer-valued (described in Section 3.2). Given this formulation of the

optimization problem, it is perhaps unsurprising that MIDACO is almost always more

effective than SMT. MIDACO is a high-quality commercial solution designed specifically
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Figure 3.5: The figure compares the solvers for the min-max objective function when
each solver is allowed the same computational effort. The y-axis is the average maximum
energy consumption over the 10 nodes (in mJ) and x-axis represents the computational
effort budget used to generate the corresponding y-axis value. The duty cycle is 2.8
seconds. The lower the energy consumed the better, and closeness to the left indicates
faster solution generation. No clear winner here, while on average, MIDACO is both lower
and closer to the left eventually, depending on how fast the solution is generated SMT
could potentially be better as seen in Table 3.1
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for such problems, answering RQ1.

For computational effort correlating with solution quality, it depends on the scenarios

and solvers used. The SMT solver can find a “good” solution with limited computational

effort for some deployments and that solution may be considerably better than the one

generated by MIDACO with the same effort budget. From a practical perspective, when

the computational effort budget is small, these results militate for “trying” SMT for a

given deployment using some fraction of the effort budget to possibly generate a “good”

feasible solution. And then giving the remainder of the budget to MIDACO (which is

sure to generate a feasible solution) to exploit the strengths of each solver, answering

RQ2 and RQ3.

3.4 Solver-aided Deployment Design

The results discussed in Section 3.3 for a randomized test set indicate that the

MIDACO solver is generally more performant (in terms of solution quality) compared to

SMT or GA for the individual power-source scenario. In this section, we outline our use

of a solver to aid in deployment planning.

Our overall approach is for the deployment engineer or maintenance staff member

to generate a list of data transfer requirements (one per sensor node), a set of distances

between each node and the access point, and a duty cycle. Solving the min-max or

min-sum problem yields a list of signal power requirements and bandwidth allocated to

each sensor for each duty cycle. From this information, the battery “drain” (in units of

power) required by each node in the deployment can be computed by multiplying the

energy required by the length of the duty cycle and computing how many duty cycles take

place during the worst case hours of darkness. Using the charging rate and the worst-case

hours of available solar, it is possible to size the solar capacity to match or slightly exceed
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the battery drain such that both are minimal. At present, deployment engineers typically

overprovision the power infrastructure in these settings using the manufacturer-reported

rates and maximal energy use by all devices. Using a solver-based approach, the expense

and infrastructure footprint, compared to a maximal approach, can be reduced.

For example, consider the deployment transfer requirements and distances shown

in Equation 3.19. For a 3-second duty cycle, the MIDACO solver generates the energy

consumption estimates shown in Equation 3.20 for the 10 sensors using the min-max

objective function. Converting mJ to Watts (W ) for a 3 second duration (the length

of the duty cycle) yields the value in Equation 3.21 for each duty cycle. In California

(at one of our test site locations), the longest nighttime duration in 2024 will be 14.12

hours (on December 23). The battery drain for each sensor due to communication, then,

is the product of the values shown in Equation 3.21 and the number of 3-second duty

cycles that will take place during the hours of darkness. As an example, if the sensors

are “awake” for a 3-second duty cycle every minute, the batteries must sustain 848 duty

3-second cycles in 14.12 hours. Multiplying the values in Equation 3.21 by 848 would

yield the battery drain, in Watt-seconds, that the battery must sustain and recharge in

every diurnal cycle due to communication.

3.4.1 Making Infeasible Solutions Feasible

Similarly, it is also possible to adapt our methodology to cases where the solver cannot

find a feasible solution. As discussed in Section 3.3, longer duty cycles (at the possible

expense of additional battery capacity) improves optimization performance. However, if

the deployment functionality depends on a specific duty cycle for which the solver yields

no feasible solution, it still may be possible to employ our approach. In particular, if

the sensor nodes can be moved closer to the access point or the amount of data they
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are required to transfer per duty cycle can be reduced, it is possible to take the “best”

infeasible solution and adjust either the distances or the transfer sizes to make that

solution feasible.

For example, consider again the deployment configuration shown in Equation 3.19,

the min-max objective function, and a duty cycle of 2 seconds. The MIDACO solver does

not generate a feasible solution for this deployment using an unlimited computational

effort budget (and SMT does not either). However, it does allow us to rank the infeasible

solutions in terms of the objective function and the “best” of the infeasible solutions is

shown in Equation 3.18. This solution is infeasible because the first and fourth sensors in

the list cannot complete their communication transfers within the 2-second duty cycle.

That is, in Equation 3.18, the first and fourth sensor completes their data transfer in 2.53

and 2.08 seconds, which is longer than the 2-second duty cycle.

energy(mJ) = [2.58, 1.67, 1.33, 2.13, 1.55,

1.6, 1.17, 1.99, 1.55, 1.34]

transfer_time(s) = [2.53, 1.63, 1.30, 2.08, 1.51,

1.56, 1.14, 1.94, 1.51, 1.31]

(3.18)

There are two main ways to change this to a feasible deployment, first is to change the

data transfer size, and the other being the distance from base station. We initially focus

on changing the size of the data, to satisfy the duty cycle constraint. In Equation 3.6, we

keep the value of deadline as 2 seconds, the data size as an unknown variable to solve

for, and the transmission speed is the transmission speed we derive from Equations 3.1

through 3.5. Here, we use the values of signal power and bandwidth from the “best”

infeasible solution and keep the same distance value from Equation 3.19 for sensor 1 and

sensor 4. After deriving the transmission speeds for each sensor, we solve for the data sizes
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that can satisfy the duty cycle constraint, using the other values from “best” infeasible

solution generated by MIDACO. This means the worst case energy consumption is still

minimized to the extent it could be by the “best” infeasible solution MIDACO generated.

Using this adjustment generates data size values shown in Equation 3.22. Note that a

comparison of Equation 3.22 to the data list in Equation 3.19 for sensors 1 and 4 indicates

that reducing the data transfer of sensor 1 from 106 megabits to 86.76 megabits, and

sensor 4 from 133 megabits to 127.33 megabits creates a feasible solution for a duty cycle

of 2s.

Alternatively, if the data size cannot be changed, but the sensor can be moved, it is

possible to perform a similar adjustment for distance using Equation 3.1. This process of

derivation is a bit more involved as we start backwards from Equation 3.6 to calculate the

target transmission speed that would meet the duty cycle constraint of 2 seconds, i.e. the

transmission time would be 2 seconds and the data size would be the same as the input

(from Equation 3.19) for sensors 1 and 4. Consider sensor 1 as an example. From its target

transmission speed, we can derive the value of the target SNR using Equation 3.5. Here

we keep the bandwidth value B1 as the value from the “best” infeasible solution generated

from by solver. Using this value, we derive the target P
′′
1 from Equation 3.4 and then

calculate the target P
′
1 from Equation 3.3. Finally, we calculate the path loss (PL1) for

sensor 1 from Equation 3.2, keeping target P ′
1 from the previous equation and the signal

power P1 as the value received from the “best” infeasible solver solution. We substitute

the value for path loss in Equation 3.1 and solve the equation for d1, the distance value

for sensor 1. The same steps apply for sensor 4 as well. The modified distance values

are shown in Equation 3.23. As with adjusting the data requirements, we can compare

Equation 3.23 to the distance list in Equation 3.19 for sensors 1 and 4. We find that

moving sensor 1 from 156 meters from the access point to 86.76 meters, and sensor 4 from

67 meters to 58.74 meters, creates a feasible solution for a duty cycle of 2 seconds.
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The methodology works for either scenario as the data size transfer, distance are

independent across sensors (i.e. changing a value in one does not impact the value of

another). Thus, for those applications where the duty cycle cannot be extended, and the

solver cannot find a feasible solution, the deployment engineer can choose to move sensors

or to re-code sensors to transfer less data per duty cycle (or to move some and re-code

others) in the “best” infeasible solution to create a feasible one. If the engineer’s goal is

to make the smallest possible change to the deployment that is infeasible, understanding

whether changing data transfer or distance requires a larger perturbation.

data(MB) = [106, 91, 136, 133, 121, 96, 113, 85, 78, 52]

distance(m) = [156, 97, 29, 67, 55, 75, 35, 199, 184, 178]

(3.19)

energy(mJ) = [1.74, 1.67, 1.75, 1.70, 1.67,

1.60, 1.64, 1.67, 1.75, 1.75]

(3.20)

power(W ) = [0.58, 0.56, 0.58, 0.57, 0.56,

0.53, 0.55, 0.56, 0.58, 0.58]

(3.21)

new_data(MB) = [83.77, 91, 136, 133, 121, 96, 113, 85, 78, 52] (3.22)

new_dist(m) = [86.76, 97, 29, 58.74, 55, 75, 35, 199, 184, 178] (3.23)

These results illustrate how solver-aided deployment design can be used to “co-design”

a deployment. In the cases where a deployment results in a feasible solution, the power

infrastructure capacity that is necessary can be directly computed. When no feasible

solutions can be found, the approach allows a deployment engineer to understand what

duty cycle (and resulting power infrastructure capacity) is feasible (by experimentally
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extending the duty cycle). When an acceptable duty cycle cannot be found, the engineer

can use the method to determine a feasible solution from the best infeasible solution.

Thus, when there is a choice, it is possible to determine whether changing the data

payload for one or more sensors or moving one or more sensors (or some combination)

will perturb the deployment less and fit the goals of the deployment best. Engineers can

then make informed decisions about how to change a deployment to meet the objectives,

thus presenting an answer to RQ4.

3.5 Related Work

We investigate three popular heuristics for allocating radio bandwidth to sensors in an

edge deployment, such that power consumption is minimized. They include MIDACO [64],

Z3 [16], and a custom genetic algorithm (GA; see Section 3.2.3). MIDACO is a numerical

high-performance solver for single- and multi-objective optimization. MIDACO is based

on a derivative-free, evolutionary hybrid algorithm that treats the objective and constraint

functions as a black-box which may contain critical function properties like non-linearity,

non-convexity, discontinuities, or stochastic noise.

Satisfiability Modulo Theories (SMT) solvers can also be used for constraint solving

and optimization. They are used for application scheduling [2, 3, 7, 62, 67], resource

allocation for the edge-cloud continuum [7, 25, 55, 67], and network optimization in

Wireless Sensor Networks (WSNs) and Software Defined Networks(SDNs) for time sensitive

applications [20, 27,55, 66]. SMT is also considered a competitive alternative [6, 27, 62] to

Mixed Integer Programming(MIP)/Mixed Integer Linear Programming (MILP) solvers

(like MIDACO). SMT allows for more flexibility in constraint declaration compared to

MIP/MILP solvers [6, 7, 27, 62]. We evaluate the use of the Z3 [16] SMT solver in this

chapter, and empirically compare its performance against MIDACO and GA.
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Similarly, Gosh et al. explore the use of the optimization in a Satisfiability Modulo

Convex Optimizer (SMC) using the Z3 SMT solver for WSNs in [27]. In this prior work,

the authors compare Z3 against the CPLEX MILP solver [12], for synthesizing “pop

up” IoT networks which are temporary, short lived WSNs used during crisis events [21].

They target constraints for coverage, visibility, and connectivity. They also investigate

how to scale the solvers to construct larger networks hierarchically, and perform power

optimization by controlling the number of sleeps/wake up cycles. While we also explore

topics on sensor placement and power optimization, our approach differs in both target

application and placement formation. Our focus is on permanent deployments for remote

and highly resource constrained settings, as well as on tools that help deployment operators

size their battery and renewable power generation, while minimizing worst case energy

across deployments.

For more permanent sensor network deployments, the authors of [20,59,66] optimize

node placement using network coverage and connectivity and conserve energy by manipu-

lating sleep/wake cycles (similar to Gosh). In [59], the authors use a hybrid approach that

combines mathematical modeling and Genetic Algorithms (GA) to do so. In our work,

we optimize energy use across an edge deployment by focusing on radio communication

(distance and payload size) and use the solutions to guide configuration of energy-efficient

edge deployments.

3.6 Chapter Summary

Finally, in this chapter, we present our methodology to design and optimize edge

deployments for power consumption under two different power supply infrastructures,

shared and individual. Here we focus on optimizing power consumption from commu-

nication using wireless networks, where bandwidth and signal power allocation between
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sensors and a wireless access point determines energy efficient communication. We define

a non-linear optimization problem that minimizes radio energy used by a set of sensors

based on the amount of data transmitted by each sensor to a wireless access point and its

distance from the access point. Additionally, we investigate three methods for solving

this optimization problem and detail how the problem must be formulated to fit the

requirements of each.

Our results illustrate specific heuristics and their properties, where for randomized

scenarios commercial mixed-integer non-linear programming solver (MIDACO) is generally

more effective than both an SMT solver (Z3 in this study) and a bespoke genetic algorithm.

However, for a specific deployment, SMT can produce the best solution with the least

amount of computational budget even though it is not possible to predict a priori whether

it will produce any solution at all. We also find that for randomized deployments, infeasible

solutions are often “close” to feasible ones. Thus, in a practical system, when a solver is

unable to generate a feasible solution, it is possible to modify the best infeasible solution

to produce a feasible one using only small perturbations.

This work illustrates the process of co-design that is necessary for remote IoT in which

the sensing and actuation functionality, the networking functionality, the electrical power

infrastructure, and spatial infrastructure placement must all be designed together. It also

outlines the practical considerations associated with building tooling to facilitate this

co-design process for edge deployments. However, this is still a simulation model, and

need not be reflected by real edge systems. In the next chapters, we specifically explore

and characterize how real edge device performance can deviate due to hardware-software

interactions caused by shared power and network infrastructure.
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Chapter 4

Characterizing Power-induced

Variability in Real Edge Systems

4.1 Introduction

In the previous Chapter 3, we understand how to utilize simulation models for power

optimization and cluster co-design, but in this chapter, we show how performance deviates

from these models under realistic scenarios and characterize them. As edge systems

prioritize affordability (often through long-term amortization) and compute density, these

cluster deployments often utilize cheap, Linux-capable, single board computing devices

like Raspberry Pis, Jetson Nanos, or BeagleBones, for programmability and rely on

consumer-grade componentry for power delivery [23,30,42,50,72]. This is in contrast to

datacenters where power delivery is carefully engineered and monitored. Moreover, these

platforms dynamically scale voltage and frequency in response to power instability [80].

If the power delivery is variable or below operating specification, these systems exhibit

significant performance reductions.

The simulation models do not take this power-induced performance variability into
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account which is particularly problematic for edge clusters as it causes frequent deviations

from model expectations. Edge clusters increasingly support time-sensitive distributed

IoT applications, including sensor data aggregation, distributed analytics, and cyber-

physical control loops, where predictable execution timing is required for synchronization

and correctness. However, many IoT deployments operate in environments with aging,

shared, or opportunistic power infrastructure and lack fine-grained power monitoring or

management. As a result, operators and researchers lack tools to reason about how power-

delivery affects observable application performance, complicating scheduling, capacity

planning, and experimental reproducibility. Unsurprisingly, experimental evaluations

in the literature frequently disable dynamic voltage and frequency scaling (DVFS) and

other power management mechanisms to reduce performance unreliability and improve

experimental repeatability [5, 33, 42, 51, 70], thereby masking power-induced performance

effects intrinsic to many practicable deployments. A scalable methodology to characterize

and predict power-induced performance variability is therefore essential for managing

large-scale IoT and edge platforms.

In this chapter, we present a performance characterization of a large-scale, long-lived,

Raspberry Pi 3B+ cluster (originally constructed in 2019 for remote deployment) with

451 devices, organized into 12 subclusters, with uneven device counts per subcluster,

where each subcluster shares a commodity 60A/300W USB power supply. The Linux

installed on the devices is configured for minimal power draw (i.e. all unused subsystems

are powered down by the kernel) and each subcluster draws power within operational

range of the individual Raspberry Pi 3B+ devices (1.4A - 2.5A and 4.63V - 5V [24,49]).

Each subcluster represents a power domain, analogous to a rack-level power domain in

datacenters. As part of its operation, we observe systematic power-induced performance

degradation as “CPU throttling” rather than a power-off shutdown. Specifically, when

a device detects supplied voltage, through the USB interface, falls below a threshold,
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the device reduces the system clock speed to a “safe” minimum speed to avoid electrical

damage. As computational speed of a device (i.e. cycles per second) is proportional to

the clock speed, a throttled device is slower than an unthrottled one.

We present (in Section 4.2) profiling measurements to generate a repeatable class

of Pi personalities, and provide evidence supporting the investigation of a particular

modeling approach. In Section 4.3 we detail how different models suggested by this

approach “fit” the Pi personality data (using R2 and Bayesian Information Criteria [65]),

and compare their predictive power using a reduced, scalably collected, profile. Our

results indicate only three representative power domains profiles (subclusters with the

minimum, median, and maximum active and functional device counts) are sufficient to

accurately predict performance for the remaining subclusters. Holdout validation shows

the modeling approach achieves low prediction error while reducing profiling complexity

from exponential in concurrency configurations to constant-factor sampling.

More generally, by characterizing power-induced unreliability and providing a scalable

predictive methodology, this work contributes empirical insights and practical tools

for managing large-scale commodity edge clusters. We present a large-scale empirical

characterization of power-induced performance degradation for an aging Raspberry Pi

cluster. Here we introduce a behavioral taxonomy of edge devices under shared power

constraints, identifying three repeatable throttling classes (unthrottled, volatile, throttled).

Furthermore, we explore a family of linear predictive models and develop a multivariate

piecewise-linear model that predicts throttling operational regimes. And finally we propose

and validate a sparse profiling methodology (with this model) to predict subcluster

performance by profiling only three representative power domains, achieving near-optimal

estimations with minimal measurement overhead, and representative profiling data and

traces available at https://github.com/MAYHEM-Lab/rpi_throttle_dataset. Overall,

our results indicate power infrastructure degradation should be treated as a first-class
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Figure 4.1: Pi Personalities per subcluster. Figure shows the device counts for each
personality type (throttled, volatile, unthrottled) in the subclusters under study.

uncertainty source in distributed IoT systems, and scalable performance modeling is

feasible even in large, low-cost edge clusters.

4.2 Pi Personalities

We begin by characterizing power-induced performance variability exhibited by the

individual Raspberry Pi machines comprising a large-scale (and aging) cluster. We

describe the cluster and power-domain layout, present our benchmarking methodology,

and analyze how concurrency influences execution time and voltage throttling. From these

measurements, we derive a taxonomy of device throttling behaviors and a methodology

for categorizing the behaviors according to the taxonomy. This methodology provides the

empirical foundation for the predictive models introduced in the final subsection.

We consider 451 Raspberry Pi 3B+ devices, a large scale cluster constructed in

2019 for edge deployment. Subclusters of devices share a commodity 60A/300W USB

power supply; we consider each of 12 subclusters as a separate power domain. Each

subcluster consists between 25 and 42 active working devices (failed devices are powered
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off). Each Raspberry Pi has 4 cores at 1.4GHz, 1GB RAM, with operational range of

current, 1.4A - 2.5A, and voltage, 4.63V - 5V [24,49]. The Raspberry Pi 3B+ dynamically

imposes internal clock limits designed to slow down the CPU in an attempt to save the

device from operating under potentially harmful conditions such as high temperatures or

unstable power supplies. We focus on the latter in this chapter as the cluster is housed

in a temperature-controlled setting, and observe no temperature triggered throttling

events. To protect against unstable power delivery, the device automatically adjusts CPU

frequency from 1.4GHz to 0.6GHz when the internally-measured CPU voltage is < 4.63V,

with a ±5% error in measurement [49]. We monitor dynamic voltage and frequency

scaling (DVFS) every second (on average) using vcgencmd, which reports voltage and

frequency changes with corresponding throttling causes.

To profile each subcluster, we construct two compute-bound stress tests using a single,

compute-bound microbenchmark. Using a compute-bound microbenchmark isolates

the effects of CPU load on throttling behavior. We use 600x600 matrix multiplication

(MM) written in C for the microbenchmark. MM is a compute-bound workload with

predictable instruction and memory access patterns, enabling controlled characterization of

voltage-induced clock frequency scaling. As such, it provides a measurement of application-

delivered device performance usable by schedulers to allocate tasks under power-domain

constraints caused by throttling. While real workloads may exhibit additional contention

in memory (e.g. due to paging) and network subsystems, we have not observed voltage

scaling triggered by such subsystems and leave exploring memory- and network-intensive

workloads to future work. The individual stress test runs four MM microbenchmark

jobs (one per core) 30 times on each device, one-at-a-time. During this test, the other

functioning devices in the subcluster are powered on but idle. The second, maximal,

stress test runs four MM jobs 30 times on all devices (running concurrently) in the same

subcluster. We log DVFS throttling events as described above for both stress tests. To
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capture the impact of throttling on execution performance (for scheduler use), we record

the fraction of the total time each node spent in a throttled state (termed the throttled

fraction), during the stress test. We compute the throttled fraction for each stress test as

the number of seconds the throttle flag (logged with vcgencmd) is set during execution of

four MM jobs on an individual device divided by the total time taken to finish the four

MM jobs.

4.2.1 Device Behavior Under Shared Power

We use a simple taxonomy to categorize device throttling behavior under shared-power,

referred to as Pi personalities The devices consistently fall into three categories: throttled,

indicating power or hardware degradation sufficient to trigger frequency scaling with or

without contention, unthrottled, indicating devices never exhibit throttling under maximal

subcluster load, and volatile indicating devices that exhibit load-dependent throttling

behavior (i.e. neither throttled nor unthrottled). Figure 4.1 depicts this taxonomy for the

devices under study. For each subcluster, we specify the functioning device count and use

red for throttled devices, yellow for volatile devices and green for unthrottled devices.

4.2.2 Throttling Onset Under Shared-Power Concurrency

This categorization motivates us to investigate the relation between subcluster load

and the throttled fraction for each volatile device in a subcluster. To generate subcluster

load, we choose, at random, a set of devices to induce “background” load while a volatile

device is under study. We refer to the number of devices chosen for the background load

(excluding the volatile device under test) as the concurrency level and measure throttled

fraction for each volatile device as a function of increasing concurrency levels. As with

the previous tests, we generate a sample of 30 throttled fractions for each combination of
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Figure 4.2: Fraction of time each node spent in throttled state (throttled fraction), as
y-axis, and number of devices concurrently executing within a subcluster (concurrency
level), as x-axis, for volatile devices in a representative subcluster (subcluster-8). Each line
represents a device under test and each point corresponds to the number of concurrently
running devices required to cause the corresponding observed median throttle fraction.
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Figure 4.3: Throttled fraction relation from Figure 4.2, with zero-shifted (i.e. origin-
crossing) lines. This figure illustrates that the linear patterns are regular across the
different devices and could be considered to represent a common pattern of increasing
throttle fraction with increasing concurrency level.
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throttled device and concurrency level and summarize the relationship using the median

of this sample (to filter any outliers that might occur due to operating system noise during

a specific benchmark run).

The result of a background load test is a set of x-y pairs matching concurrency level

(as an x value) with median observed throttled fraction (as a y value) for each volatile

device in a subcluster. For example, Figure 4.2 plots the x-y pairs for all volatile devices

in subcluster-8 (an arbitrarily chosen but representative subcluster). The plotted pairs,

from the same device, are linked by lines, one per volatile device. The figure shows the

minimum concurrency level at which throttling occurs differs by device, and the throttled

fraction is monotonically increasing for all devices. These properties are consistent for

background load tests of volatile devices across all subclusters.

If it is possible to conduct a background load test for every volatile device in every

subcluster at every concurrency level, indexed by a volatile device identifier, a scheduler can

use this information to determine the effective CPU compute rate for any combination of

devices it selects (see Chapter 5). This scheduler could simply determine the Pi personality

of each device it is considering, and for any assignment of devices to subclusters, use the

maximal speed for unthrottled devices, the minimal speed for throttled devices, and a

look-up of the throttled fraction (based on concurrency level) of the speeds for the volatile

devices. This methodology, however, requires a full set of stress tests and background

load tests for all devices in all subclusters.

To investigate improving the scalability of the approach, we explore throttled fraction

trends across subclusters for any commonalities. We summarize the per-subcluster x-y

pairs for the volatile machines into a trajectory for each subcluster. To form a subcluster

trajectory, we first note that the plots shown in Figure 4.2 are approximately parallel,

indicating the throttled fraction relationship is consistent and independent of the minimum

concurrency level at which it begins to occur. Thus, to summarize all device trajectories
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Figure 4.4: Subcluster trajectories for subcluster-3 (purple), subcluster-5 (red), and
subcluster-8 (green). The vertical line represents a visual indicator for a slope shift in the
line later used to indicate a regime change for regression models in Section 4.2.3.

in a subcluster into a single trajectory, we first transform (termed “zero-shift”) each device

trajectory to intersect the origin, where the sample x-y pairs in Figure 4.2 of the devices

now roughly overlap with each other as seen in Figure 4.3, i.e. by subtracting the maximum

concurrency level for which no throttling occurs from the x-axis value on a per-device

basis. We then compute the median throttled fraction over these zero-shifted, overlapping

points, per concurrency level to construct the subcluster’s trajectory. Figure 4.4 shows

this trend-comparing representation across multiple subclusters (specifically subclusters 3,

5, 8).

As examples, Figure 4.4 shows three different subcluster trajectories. Note, they

differ in terms of active and functioning devices. Subcluster-5 has 25 functioning devices,

subcluster-3 has 39 functioning devices, and subcluster-8 has 42 functioning devices. From

the figure, subcluster trajectories also appear to depend on the number of active devices

drawing power from the shared power distribution unit for the subcluster. Further (as

indicated by the vertical line) the relationship appears to be different for concurrency

levels < 8 compared to ≥ 8.
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4.2.3 Linear Models of Subcluster Throttled Fraction

Based on this graphical analysis of subcluster trajectories, we hypothesize the overall

relationship between throttled fraction, concurrency level, and active device count (for

volatile devices) is piece-wise linear. Thus, in the remainder of this study, we explore

three different linear models for describing each subcluster’s throttled fractions. As a

baseline, we consider ordinary least squares (OLS). We also consider a piece-wise linear

model (PW) with two segments. Both models use the zero-shifted concurrency level as

their only explanatory variable. Finally, we consider a multivariate linear model (MPW)

with two segments that takes both concurrency level and number of active, functioning

devices as explanatory variables. Note these models are fitted for a subcluster using all

the profiled volatile device lines for that subcluster. The subcluster trajectories described

in the previous subsection only motivate the use of our linear predictive models. While

more sophisticated, non-linear models (with higher fitting costs and potentially greater

sensitivity to measurement variability) may also be appropriate. In Section 4.3 we show

the effectiveness of the linear approach and, from these results, conclude additional

predictive power may not be necessary. We also explore root-cause analysis for these

patterns and explain why our data-driven approach can be more widely applicable in

Section 4.4.

To evaluate how well these models fit with our subcluster behavior we compare their

R2 and Bayesian Information Criterion (BIC) score. Table 4.1 shows the BIC score for

the entire subcluster dataset, and the min, max, mean R2 score (across all subclusters)

when using OLS, PW, and MPW models to predict the throttled fraction across all 12

subclusters. To elaborate, each model is fitted using every subcluster’s profile data and

BIC uses the negative log-likelihood as a goodness-of-fit measure (smaller is better), adding

a penalty term (to penalize overfitting) for the number of parameters to estimate (scaled
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Full-set
trained model

R2 score BIC score
(on full
subcluster set)min max mean

OLS 0.50 0.88 0.77 -7326.59
PW 0.67 0.94 0.87 -8305.78
MPW 0.76 0.95 0.89 -8415.99

Table 4.1: Range of R2 (higher is better) scores across all 12 subclusters and BIC (lower
is better) for the full subcluster set, using predicted throttled fractions from regression
models fitted using every subcluster. MPW has best R2 and BIC entries.

by the log of sample size). From the table, the R2 scores for each linear model increase

with model complexity, indicating the additional parameters are adding explanatory power.

Note, the OLS model requires two estimated parameters, the PW model requires four

estimated parameters, and the MPW model requires six estimated parameters. Further,

the overall BIC score for the most complex model (MPW) is lowest, indicating this

additional explanatory power does not come at the expense of over fitting. Also note,

the data in rows 2 and 3 of Table 4.1 is when PW, MPW use concurrency level 8 to

switch between their piecewise segments (see Figure 4.4). Rather than estimate this

point of regime change as an additional parameter, we compute the R2 and BIC scores

exhaustively for all possible concurrency levels (as change point) in all subclusters. We

observe the highest average R2 and overall lowest BIC score for concurrency-level 8

MPW’s lead in terms of fit confirms the observations (illustrated in Figure 4.4) that

the number of active devices adds profitable explanatory power. That is, MPW has the

highest mean R2, BIC and the narrowest range of R2 scores, showing the effectiveness

of the additional parameter, with better and consistent fit across all subclusters. For

completeness, we present the derived model equations in Table 4.2. Based on these models
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Model Equation derived from full cluster as training data
OLS y = 0.112 + 0.040 ∗ x

PW y = (x < 8)[0.011 + 0.071 ∗ x]+
(x ≥ 8)[0.375 + 0.022 ∗ x]

MPW y = (x < 8)[0.167− 0.004 ∗ avail_devs + 0.071 ∗ x]+
(x ≥ 8)[0.645 + 0.007 ∗ avail_devs− 0.023 ∗ x]

Table 4.2: Derived regression equations using every subcluster as training data (rounded
to three decimal places). y is predicted throttled fraction, x is the concurrency level, and
avail_devs is the total number of functioning devices in a subcluster.

and their reasoning we now run our experiments in Section 4.3 to determine which model

is best in terms of prediction error, and investigate reducing the data (and thus profiling)

required to achieve good prediction results.

4.3 Empirical Evaluation

In the previous section, we evaluated three candidate models: ordinary least squares

(OLS) using concurrency as the predictor, piecewise linear (PW) with two regimes, and

multivariate piecewise linear (MPW) incorporating the two regimes, concurrency level,

and power-domain size. We used R2 to quantify variance explained and BIC to select

among candidate models while penalizing complexity, showing that piecewise linear models

provide an accurate and parsimonious representation of concurrency-dependent throttling

behavior. In this section we aim to answer the following research questions:

• RQ1: Do the regression model scores from Table 4.1 correspond to prediction

accuracy for the subclusters?

• RQ2: Is there a representative set of subclusters the regression models can train on

to preserve prediction accuracy while minimizing profiling overhead?
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Figure 4.5: MAE for each subcluster. MAE is computed as the absolute error of
the difference between the predicted and actual throttled fraction, on average across
experiments. Models fitted on exhaustive profiles from all 12 subclusters. Overall MPW
reaches the lowest errors across all subclusters.

Model trained
on full-set

RMSE MAE
Min Max Range Min Max Range

OLS 0.074 0.150 0.076 0.060 0.129 0.069
PW 0.057 0.121 0.064 0.045 0.094 0.049
MPW 0.059 0.109 0.050 0.046 0.087 0.041

Table 4.3: Range of RMSE and MAE across subclusters. MPW has the narrowest error
range (indicating stability) and lowest maximum RMSE and MAE. Models fitted on
exhaustive profiles from all 12 subclusters.

We evaluate the prediction accuracy of the models using root mean squared error (RMSE)

and mean absolute error (MAE), when trained on the full and exhaustive profiles of all

12 subclusters.

We specifically look at which model approach provides the lowest aggregate error and

stable performance across all subclusters. Figure 4.5 compares the MAE for the exhaustive

profile across all three regression methods. The x-axis represents each subcluster and the

y-axis is MAE for the throttled fraction, (i.e. the fraction of time spent throttled during

execution). Each bar represents the error calculated using predicted y values from each

model. Blue bars are for OLS, yellow for PW, and green for MPW. These errors represent
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the MAE achievable by each linear model when applied to all the data. Note, we omit

graphing RMSE here because the ranking comparison is identical. Because throttled

fraction errors are small, we also present the minimum and maximum RMSE and MAE

in Table 4.3 to show the range of errors across the subclusters.

Over the 12 subclusters, MPW achieves the lowest aggregate error most often, and

exhibits the most consistent prediction performance, while OLS performs the worst.

Straight-line OLS regression assumes a single linear relationship between concurrency and

throttling, and therefore cannot capture regime changes introduced by the increase in

the number of volatile devices (devices which throttle dependent on background load), as

explained in Section 4.2.2. PW and MPW explicitly capture these regime shifts, and MPW

further incorporates power-domain capacity draw, (i.e. the number of active devices)

leading to substantially lower aggregate error in most domains. PW slightly outperforms

MPW on four of the twelve domains(∼ 0.001− 0.002 RMSE, MAE for throttled fraction).

But across all domains, MPW yields a tighter error range (max−min) for both RMSE

and MAE, indicating more robust error performance under domain-to-domain variability.

The tighter error bounds for MPW suggest incorporating power-domain size reduces

cross-domain variance by capturing systematic differences in shared-power capacity,

improving overall prediction power. The domains where PW marginally outperforms

MPW likely reflect cases where power-domain size provides limited additional signal (e.g.

cabling losses or atypical device composition) or where the dominant effect is already

captured by the regime split at the change point. In such domains, the additional covariate

may introduce slight prediction variance without improving fit. Nevertheless, the overall

reduction in error dispersion, better R2 and BIC scores from Table 4.1 indicates MPW

generalizes more reliably across heterogeneous power domains, answering RQ1.

52



Characterizing Power-induced Variability in Real Edge Systems Chapter 4

4.3.1 Sparse Profiling for Scalable Performance Prediction

Although exhaustive profiling provides accurate characterization, it is impractical

for large-scale edge clusters due to the cost of profiling all devices and concurrency

configurations. Therefore, we investigate whether sparse profiling is sufficient for accurate

performance prediction. We hypothesize that profiling three representative subclusters,

those with the minimum, median, and maximum active device counts, is sufficient to

achieve acceptable prediction error performance across the cluster. This hypothesis is

tested by fitting models to all combinations of three subclusters and comparing predictive

accuracy against all subclusters individually. We then compare the model prediction

error performance for the combination of the subcluster with the minimum, maximum,

and median number of active devices to the globally best model prediction errors among

all three-set combinations. We refer to this latter combination as the Min-Med-Max

holdout strategy. Our intuition for the hypothesis of combining the minimum, maximum,

and median active device subclusters being sufficient as these three accurately capture

the range of active power draw to throttle fraction relationships. That is, selecting

domains spanning the observed active capacity range provides fitting data for the full

spectrum of subcluster sizes, enabling the model to generalize across the device count

varied subclusters.

To evaluate our sparse profiling hypothesis (and the Min-Med-Max holdout strategy),

we show the MAE when we use sparse profiling to predict the throttled fraction for each

subcluster in Figure 4.6. The graph layout is the same as Figure 4.5. To provide a visual

comparison of this strategy against the performance of other three-domain combinations,

we overlay each bar in the figure with a red dashed line. The red line denotes the minimum

and maximum MAE observed across all three-domain combinations. The red X marks

the global minimum error across combinations. From the figure, the height of the MPW
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Figure 4.6: MAE for each subcluster for the Min-Med-Max strategy. The red line is
the minimum, maximum error across all three-domain models. The Min-Med-Max set
achieves prediction error close to global minimum (red-X ) for all models. Moreover,
MPW’s MAE for this set is close to optimal (i.e. the MAE shown Figure 4.5 when we
exhaustively profile all subclusters).

bar is equivalent to, or slightly above the global minimum (the red X ) for each subcluster.

Thus, the MPW model trained on Min-Med-Max to predict throttled fraction in all

other subclusters achieves an MAE similar to the best performing MPW model out of

all three-domain training combinations. As before, the graphs for RMSE are similar and

omitted due to space constraints. Note, the sporadically large heights of the dashed lines

in the figure indicates model performance is sensitive to the three subclusters used for

model fit. This shows model prediction accuracy is dramatically impacted by the choice

of three-subcluster set.

Table 4.4 summarizes Figure 4.6 and reports the error gap relative to the global

minimum error. We show the difference (in columns 2 and 4) between the global minimum

and the Min-Med-Max strategy minimum for RMSE and MAE, respectively. The data

shows the Min-Med-Max strategy achieves prediction error very close to the globally

best-performing three-domain training combination across all models. This result suggests

selecting fitting domains that span the observed active capacity range is sufficient to capture

the dominant sources of cross-domain variability and to enable accurate performance

54



Characterizing Power-induced Variability in Real Edge Systems Chapter 4

Model

RMSE MAE
Difference between
min(Min-Med-Max)
and
min(Across all sets)

Range
(Min-Med-Max)

Difference between
min(Min-Med-Max)
and
min(Across all sets)

Range
(Min-Med-Max)

OLS 0.018 0.077 0.014 0.062
PW 0.010 0.056 0.012 0.043
MPW 0.013 0.054 0.013 0.037

Table 4.4: RMSE and MAE statistics for the holdout experiments for the three domain
combinations. Columns 2 and 4 shows the difference between the global minimum and
the Min-Med-Max strategy minimum for RMSE and MAE. Columns 3 and 5 show the
range (max−min) for RMSE and MAE, for the Min-Med-Max strategy. Min-Med-Max
strategy achieves prediction error close to the best-performing three-domain training
combinations across all models. And MPW’s range indicates stability in performance
under subcluster variability.

prediction with sparse profiling. Columns 3 and 5 of the table show the RMSE and

MAE range (max−min) for the Min-Med-Max strategy. MPW has a narrow range of

errors for both RMSE and MAE, indicating stability in performance under subcluster

variability. Note, this range is also similar to or better than RMSE and MAE range shown

in Table 4.3 – when we exhaustively profile all 12 subclusters. This shows Min-Med-Max’s

performance, with significantly less profiling, is very close to optimal.

For completeness, we report the regression coefficients learned from this training set in

Table 4.5 and summarize the R2 and BIC scores in Table 4.6. The R2 and BIC scores are

similar to or better than those obtained with the full training set (in Table 4.1), indicating

no degradation in explanatory power or model parsimony when restricting the training

data to these three representative domains. Moreover, MPW again has the best R2 and

BIC scores. PW and MPW, with their additional parameters, also outperform OLS

using this strategy indicating better capture of throttled fraction across power-domains.

Overall, these results show MPW performing best under both full-set and Min-Med-Max

fitting strategies, indicating power-domain active capacity is a useful explanatory variable
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Model Equation derived using the Min-Med-Max profiling strategy
OLS y = 0.121 + 0.041x

PW y = (x < 8)[0.014 + 0.075x]+
(x ≥ 8)[0.406 + 0.020x]

MPW y = (x < 8)[0.157− 0.004 avail_devs + 0.075x]+
(x ≥ 8)[0.667− 0.008 avail_devs + 0.023x]

Table 4.5: Derived regression equations for the Min-Med-Max strategy (rounded to three
decimal places). y is the predicted throttled fraction, x is the concurrency level, and
avail_devs is the total number of functioning devices in a subcluster.

Min-Med-Max
trained model

R2 score BIC score
(on full
subcluster set)min max mean

OLS 0.53 0.87 0.77 -7298.08
PW 0.73 0.94 0.87 -8244.28
MPW 0.79 0.95 0.89 -8383.22

Table 4.6: R2 and BIC scores calculated using predicted throttled fraction for Min-Med-
Max strategy across subclusters. Values comparable to exhaustively profiled model scores
in Table 4.1.

and profiling the minimum, median, and maximum capacity domains provides sufficient

coverage for accurate and scalable cluster-wide performance prediction, answering RQ2.

Finally, this study also illustrates a general methodology applicable to similar edge

clusters with shared power domains. To use it, a cluster administrator runs individual

and maximal stress tests (Section 4.2) to classify devices within each cluster (Figure 4.1).

Second, they profile the volatile devices in subclusters with the minimum, median, and

maximum number of active devices using the background load test (Section 4.2.2). Finally,

they construct an MPW model from this profiled data (i.e. the zero-shifted throttled

fraction data and regime change concurrency level either visually or empirically derived).
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Note, a PW model is equivalent when all subclusters have the same number of active

devices. The resulting model predicts the throttled fraction for any subcluster given a

concurrency level and active device count. Moreover, combining this prediction with

the MM job’s gigaflop rate for a subcluster yields a lower bound on subcluster compute

performance which can be used to inform scheduling decisions.

4.4 Discussion

Our characterization and modeling methodologies target a class of edge and IoT

deployments with specific, but widely encountered, operational characteristics. In particu-

lar, we consider deployments composed of off-the-shelf hardware components, including

devices, cabling, USB hubs, and power distribution units, that are used over extended

periods without modification to their lifecycle. These systems are typically purpose-built

for long-lived operation in technology-hostile environments, where routine maintenance

and frequent component replacement are impractical due to cost, access constraints, or

deployment scale.

While these assumptions may appear restrictive, they are in fact common across many

real-world IoT and edge deployments, particularly in outdoor and industrial settings.

Such clusters are often designed to prioritize affordability and sustainability, favoring

commodity hardware potentially purchased second-hand or amortized over long operational

lifetimes [53,69]. As a result, aging and heterogeneous devices are the norm rather than the

exception. The cluster studied in this work reflects this increasingly prevalent deployment

model.

In some environments, devices are replaced when their operational “personality”

degrades beyond acceptable bounds. However, the applications we target, such as wildlife

conservation, forest fire monitoring, and digital agriculture, frequently operate in remote
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locations where subclusters are sealed to mitigate environmental exposure [4, 44]. In

these settings, replacing individual devices becomes increasingly costly as cluster size

grows, and system components must often operate in a degraded state until replacement is

economically feasible. Our methodology explicitly accommodates such gradual degradation

rather than assuming frequent hardware refresh.

Although device behavior could, in principle, evolve beyond the three personality

classes identified in this study, our empirical evidence suggests such changes are rare in

practice. We have collected over a year of intensive stress-test data and have not observed

additional degradation modes beyond those captured by our taxonomy. Should devices

simply shuffle between existing behaviors, our profiling methodology can be re-executed

to update the system composition. We continue to monitor the cluster to track long-term

behavioral trends.

Finally, we explored potential root causes of power-induced throttling, including device

aging, power supply variability, and wiring effects. Our experiments with swapping cables,

ports, power supplies, and devices yielded inconclusive results. Similar power-induced

performance variability has been reported in other edge deployments (see Section 4.5) but

operators mitigate the problem by overclocking devices or supplying elevated voltages,

accelerating hardware degradation. Importantly, our approach does not depend on

isolating a root cause. Instead, it captures the observable effects of power-induced

variability and incorporates them into predictive models. This design choice allows

our approach to scale and remain effective even when underlying causes are difficult to

diagnose precisely.

Taken together, our results shows explicitly modeling power-induced variability, rather

than attempting to eliminate it, provides a practical and robust foundation for performance

prediction in long-lived, resource-constrained edge deployments.
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4.5 Related Work

Predicting system performance has been studied in the context of datacenter schedul-

ing, cloud resource management, and edge orchestration [8, 57, 82]. Regression models,

piecewise-linear models, and machine learning-based predictors have been used to estimate

execution time and resource contention effects [8, 9, 57, 70]. These approaches assume

homogeneous and stable infrastructure or require exhaustive profiling of system configu-

rations [29]. In contrast, our work develops a multivariate piecewise-linear model that

captures concurrency-dependent throttling regimes in degraded shared-power domains

and demonstrates accurate prediction with sparse profiling of only a small subset of power

domains.

To the best of our knowledge, this work is the first to empirically characterize power-

induced performance degradation in a large-scale edge cluster and to provide a scalable

predictive modeling methodology for degraded shared-power domains. We next present

our taxonomy and characterization methodology.

4.6 Chapter Summary

In this chapter, we present a large-scale experimental characterization of aging edge

devices and quantify power-induced performance degradation in a shared-power Raspberry

Pi cluster. We identify three repeatable device behavior classes, throttled, unthrottled,

and volatile, that capture persistent and concurrency-dependent throttling behavior. We

develop and validate predictive performance models, showing multivariate piecewise linear

models provide the best fit across shared power domains. Furthermore, we propose and

validate a sparse profiling methodology, where profiling only the minimum, median, and

maximum capacity power domains yields predictive accuracy comparable to profiling all
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subclusters. In the next chapter, this characterization is used to build an end-to-end

scheduler that adapts to these changing power availabilities to optimize performance and

energy efficiency of Machine Learning (ML) workloads.
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Chapter 5

End-to-End Scheduling for Dynamic

Resource Conditions at the Edge

5.1 Introduction

After understanding how performance can be significantly impacted by the evolving

resource contention in remote edge environments, in this chapter we focus on utilizing

these properties to design Plumber an adaptive scheduler for dynamic resource conditions

in edge environments. Specifically we focus on running Machine Learning (ML) and

Artificial Intelligence (AI) inference workloads at the edge. Advances in machine learning

(ML) have enabled increasingly sophisticated inference workloads to execute directly on

resource-constrained edge devices, reducing latency, communication cost, dependence on

reliable high-performance wide area network connectivity, and the cloud. Consequently,

edge and Internet of Things (IoT) applications increasingly perform inference locally

rather than relying on cloud offloading [78]. However, implementing efficient inference in

these environments remains challenging even when the edge-based inference algorithms

are tuned for resource constrained execution at the edge. Specifically, because edge devices
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typically are not highly engineered resources with reliable power sources and vast internal

memory systems, their available resource capacity can fluctuate (often dramatically) over

time.

That is, unlike static data centers, edge deployments are characterized by unpre-

dictable network bandwidth and compute variability caused by contention for “scarce”

shared resources [47,54]. In these dynamic environments, “one-size-fits-all” deployment

strategies do not maximize delivered application performance. The best pipeline decompo-

sition (in terms of performance) often depends on current resource conditions: balancing

computation is advantageous when bandwidth is plentiful, whereas minimizing communi-

cation becomes increasingly important as bandwidth becomes constrained. Because these

conditions continually change, no single decomposition strategy performs well across all

deployment scenarios. Adaptive scheduling is therefore required to continuously select

the decomposition best suited to the current operating environment.

To address this challenge, we present Plumber, an adaptive scheduler for distributed

deep learning (DL) inference on resource-constrained edge clusters. Rather than relying

on a fixed deployment configuration, Plumber dynamically selects pipeline decompo-

sitions based on current network conditions, background load, workload characteristics,

and request arrival patterns. Overall we develop an online scheduling framework that

selects between computation- and communication-optimized pipeline decompositions

using a pipeline-aware performance model, reducing profiling overhead by more than 95%.

Furthermore, we introduce a “workload compaction” strategy that maximizes workload

density per joule by dynamically balancing and consolidating workloads across devices,

reducing both idle and active power consumption. And finally, we evaluate Plumber

on a 117-node Raspberry Pi 3B+ cluster using EfficientNetB0 [71], ResNet18 [36], and

ViT-B16 [19], representing efficient convolutional, residual convolutional, and transformer-

based architectures. Across realistic Azure Functions workload traces [61] and network
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Figure 5.1: A monolithic DL model is partitioned into sequential pipeline stages that
execute on separate edge devices. Different pipeline decompositions correspond to different
layer partitioning serving as candidate schedules by Plumber.

bandwidths ranging from 2 to 240 Mbps, Plumber consistently improves scheduling and

energy efficiency over static decomposition.

5.2 Plumber Architecture

Plumber is an online scheduler for distributed DL inference that dynamically se-

lects pipeline decompositions based on predicted execution costs under current resource

conditions. It partitions DL models into sequential stages [52, 83] to distribute infer-

ence and allow multiple inference requests to be processed simultaneously, as shown in

Figure 5.1. For each arriving job, Plumber evaluates candidate decompositions by

estimating compute throttling, network contention, and device utilization, ultimately

selecting the schedule to maximize throughput while minimizing overall energy usage.

Plumber assumes these DL models are decomposable across multiple edge devices,

and through this limits the number of edge devices used, i.e. limits the contention

for shared resources. Plumber partitions DL models at layer boundaries, allowing it

to evaluate alternative organizations online without modifying the underlying model

representation. To do so, Plumber maintains state information for every device in the

cluster (e.g., assigned job and estimated execution progress). This allows Plumber to
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estimate background load, emulate network bandwidth sharing, and predict performance

degradation caused by power-driven CPU throttling due to shared power infrastructure.

As formalized in Algorithm 1, Plumber evaluates each candidate decomposition θ

using three metrics: local throughput (thlocal), global cluster throughput (thglobal), and

utilization (util). We define util as a proxy for energy consumption, based on the time

devices spend at full 1.4GHz clock speed (Tactive) versus throttled or idle states, at 0.6GHz,

(Tidle). Given power levels of Pactive ≈5.1W at 1.4GHz and Pidle ≈1.9W at 0.6GHz [26].

The energy used by a computation is then E = Pactive ∗ Tactive + Pidle ∗ Tidle. Here Tactive

and Tidle are determined using vcgencmd performance counters.

Algorithm 1 Dynamic Pipeline Scheduler (Plumber )
Input: New job J (Model, N inputs, arrival time t)

Output: Optimal decomposition parameters θ∗ and execution delay d∗

1: valid_delays← [0] ∪ {Active task times > t}

2: Θ← {CandidateDecompositions(J, N)}

3: for each valid decomposition θ ∈ Θ do

4: for each valid delay d ∈ valid_delays do

5: cluster ← BackgroundLoadInfo(d)

6: (Tactive, Tidle)← Simulate(θ, J, cluster)

7: util← Tactive + Tidle

8: thlocal ← Throughput(N, J)

9: thglobal ← Throughput(N, cluster)

10: end for

11: end for

12: θ∗, d∗ ← argmaxθ,d (Score(−util, thglobal, thlocal))

13: return {θ∗, d∗}
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5.2.1 Estimating Throttling Overhead

To quantify instability caused by CPU throttling due to uneven power distribution

from shared power supplies, we directly use our findings from chapter 4. The PW

regression equation is used to predict the throttling factor tf based on the number of

devices concurrently running computations (background load) on the shared power supply.

We define tf as the ratio of time spent under CPU throttling (Tthrottled), measured via

hardware counters (vcgencmd), to total execution time (Ttotal): tf = Tthrottled/Ttotal

The model is used to calculate the overhead added due to the conditional throttling,

assuming operations across DL and matrix multiply are proportional. That is, to avoid

profiling every possible DL layer combination under varying throttling states, we assume

tf for a DL model’s forward pass is proportional to the matrix multiplication workloads

used to derive the PW model, given the majority of their computation is FLoating Point

Operations (FLOPs). We define Tbest as the “best-case” latency—the execution time

when no throttling occurs. When throttling commences, CPU frequency drops from

1.4GHz to 0.6GHz, reducing computational throughput by approximately 57%. This

implies the additional penalty period (Tadded) is roughly half of the measured throttled

time: Tthrottled ≈ 2 · Tadded. That is, the additional overhead Tadded relative to Tbest

runs at approximately 1
2

the clock speed so it can be estimated by dividing Tthrottled by

2. We have empirically verified this relationship during cluster profiling. Given that

Ttotal = Tbest + Tadded, we can express the total runtime in terms of only Tbest and tf :

Ttotal = Tbest

(
2

2− tf

)
(5.1)

This derivation allows us to estimate the runtime for any arbitrary model split using

only its baseline latency (Tbest) and the current environmental tf (from the PW model),

bypassing the need for exhaustive re-profiling.

65



End-to-End Scheduling for Dynamic Resource Conditions at the Edge Chapter 5

5.2.2 DL Model Decomposition and Profiling

With the above assumptions and reduced profiling overhead, we can attempt to support

online scheduling easier for candidate pipeline decompositions under changing network

conditions and compute contention. To briefly quantify why exhaustively profiling every

possible layer partition is impractical for realistic deep learning models we provide an

example, using the ViT-B16 model. By limiting its decomposition to only three partitions,

each with a minimum of 10% FLOP allocations per stage, it still yields more than 2,500

candidate decompositions for each available network bandwidth state.

To make online scheduling tractable, Plumber restricts candidate decompositions

using three constraints. First, each pipeline stage must fit within the available device

memory (we use <600MB in our study). Second, partition boundaries must preserve simple

tensor interfaces to avoid complex model rewiring or developer intervention. Finally,

we restrict pipelines to have between three and six stages. Fewer than three stages

exceeds memory limits for large models like ViT-B16, whereas more than six stages

produce partitions whose communication overhead outweighs any additional parallelism

in ResNet18 and EfficientNetB0. Given these constraints, Plumber evaluates two

complementary decomposition strategies:

• Compute-Balanced (Comp split): Distributes FLOPs evenly across layers to

balance the computational load.

• Communication-Optimized (N/W split): Selects partitions to minimize the

size of transferred tensors, reducing communication overhead.

All pipelines execute synchronously, eliminating intermediate buffering and providing

predictable memory consumption within device limitations. Under synchronous exe-

cution, pipeline throughput is limited by the slowest stage, making highly unbalanced
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decompositions undesirable. Thus, Plumber only considers these two decomposition

strategies.

These constraints reduce the profiling space from more than 2,500 candidate decomposi-

tions to only 108 baseline measurements, i.e., 3 models×18 decompositions×2 strategies,

a reduction of >95%. We collect these baseline latencies during warm-up and combine

them with the analytical performance model to evaluate candidate schedules online.

5.3 Experimental Methodology and Evaluation

We evaluate Plumber under realistic edge deployment conditions to answer four

research questions.

• RQ1: Are the performance models used by Plumber sufficiently accurate to support

online scheduling?

• RQ2: Does Plumber improve end-to-end scheduling performance relative to static

decomposition strategies across diverse workloads and operating conditions?

• RQ3: How do environmental conditions, including network bandwidth, background

load, and model architecture, influence the scheduling decisions made by Plumber?

• RQ4: How robust is Plumber to changes in workload composition and arrival

patterns?

To answer these questions, we describe our experiments, hardware platform, workloads,

baselines, and evaluation metrics.
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5.3.1 Experimental Setup

We evaluate Plumber on a 117-node Raspberry Pi 3B+ cluster under varying network

bandwidth, background load, workload composition, and arrival patterns. Each device

has a 4×1.4GHz ARM processor, 1GB memory, and communicates over Ethernet with

a maximum available bandwidth of 240 Mbps. The devices are organized into three

subclusters of 39 devices, where each subcluster shares a common power distribution unit

(PDU). This shared power infrastructure results in power-induced CPU throttling for

devices when executing compute-intensive workloads concurrently. To emulate a range of

edge deployment environments, we limit available bandwidth to 240, 30, 10, and 2 Mbps,

and equally share available bandwidth among simultaneously communicating devices.

The performance, and adaptability of Plumber is measured by testing it against

realistic workload traces, varying compositions and varying computation, communication

loads from different DL model tasks. We evaluate Plumber using three representative

deep learning image classification models: EfficientNetB0, ResNet18, and ViT-B16.

Models are exported to ONNX [17], quantized, and partitioned into inference pipelines of

three to six stages according to decomposition constraints described in Section 5.2. Each

pipeline processes batches of ten 1 MB images.

To capture both regular and bursty edge workloads, we evaluate two arrival processes.

We implement a Uniform arrival process representing periodic sensing applications with

approximately constant inter-arrival times, and we use inter-arrival times from an Azure

Functions trace to represent bursty serverless workloads exhibiting realistic temporal

variability. Unless otherwise noted, workload composition is uniformly distributed across

the three models.

We compare Plumber against two static decomposition strategies. Only Compute,

which always selects the compute-balanced decomposition (Comp split), while Only
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Communication always selects the communication-optimized decomposition (N/W split).

In contrast, Plumber evaluates both strategies for each arriving job and dynamically

selects the decomposition predicted to maximize overall scheduling and energy efficiency

given current cluster conditions. All three schedulers use the same underlying execution

framework described in Section 5.2 and differ only in their strategy selection.

We evaluate scheduler performance using two complementary metrics, Scheduling

Efficiency (η) measures achieved throughput relative to an ideal non-throttling schedule.

Relative Energy Efficiency (Erel) estimates energy relative to the same, ideal non-throttling,

schedule. As we normalize both metrics using the ideal (unthrottled) execution, they are

unitless and thus, can be combined to capture a benefit-to-cost ratio (see Table 5.2). Across

our experiments, we vary four independent variables: (1) available network bandwidth (2,

10, 30, and 240 Mbps), (2) background load (1% and 50%), (3) workload arrival process

(Uniform and Azure Functions), and (4) workload composition. These variables represent

the dominant sources of variability encountered in resource-constrained edge deployments

and allow us to evaluate Plumber across a broad spectrum of operating conditions.

5.3.2 Validating the Performance Model

This experiment evaluates whether the predictions of our scheduler are sufficiently

accurate to support online scheduling. Accurate scheduling decisions require reliable

estimates of the execution time of candidate pipeline decompositions under changing

resource conditions. Rather than empirically profiling every possible decomposition

under every combination of network and power contention, Plumber predicts execution

latency using the analytical performance model described in Section 5.2.1. We compare

two prediction approaches. Pipeline-Aware estimates the changing background load

experienced throughout pipeline execution as different stages start and end. In contrast,
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Model Avg
Latency
(s)

Standard
Deviation
(s)

Pipeline-Aware Pipeline-Unaware
Worst
RMSE
(s)

Avg
RMSE
(s)

Worst
MAE
(s)

Avg
MAE
(s)

Worst
RMSE
(s)

Avg
RMSE
(s)

Worst
MAE
(s)

Avg
MAE
(s)

EfficientNetB0 3.998s 0.365s 0.795s 0.572s 0.655s 0.448s 3.264s 2.412s 3.241s 2.387s
ResNet18 2.982s 0.123s 0.652s 0.466s 0.520s 0.374s 1.879s 1.371s 1.876s 1.365s
ViT_B16 22.294s 4.124s 5.525s 4.476s 4.668s 3.791s 23.655s 20.178s 22.619s 19.125s

Table 5.1: Comparison of latency estimation error for Pipeline-Aware vs. Pipeline-Unaware
estimations. Errors are reported for Worst and Avg RMSE and MAE. Avg latency and
standard deviation is measured when compute is not throttled. Pipeline-Aware estimations
(boldface) are significantly closer to measured latencies across background load variations,
compared to Pipeline-Unaware, validating our performance model.

Pipeline-Unaware estimation assumes that background load remains constant for the

duration of an inference pipeline. Both approaches use the same regression model to

estimate throttling effects; they differ only in whether they account for the temporal

interference effects during pipeline execution. Prediction accuracy is evaluated using Root

Mean Square Error (RMSE) and Mean Absolute Error (MAE) across varying levels of

background load. Each experiment is repeated 30 times.

To compare the prediction accuracy, Table 5.1 summarizes errors for EfficientNetB0,

ResNet18, and ViT-B16. Across all three models, Pipeline-Aware, consistently produces

substantially lower prediction error than the Pipeline-Unaware baseline. The improvement

is particularly pronounced for ViT-B16, where average RMSE decreases from 20.18s to

4.48s. This demonstrates the degree to which performance interference impacts prediction.

Similar improvements are observed for RMSE and MAE across all evaluated models.

These results demonstrate that Pipeline-Aware estimation is sufficiently accurate for

online scheduling, allowing Plumber to evaluate candidate decompositions analytically

rather than through exhaustive runtime profiling. That is, the scheduler need only

evaluate candidate decompositions, rather than execute or profile exhaustively, making

online adaptive scheduling computationally practical. The increased prediction accuracy

translates directly into improved scheduling decisions. Using the Pipeline-Aware estimator

increases scheduling efficiency by at least 63% while reducing energy consumption by at
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minimum 46% relative to the Pipeline-Unaware scheduler.

5.3.3 End-to-End Scheduling Performance

We next evaluate the scheduling efficiency of Plumber under realistic edge deploy-

ments. Our goal is to determine whether adaptive pipeline decomposition results in

higher scheduling efficiency and lower energy consumption than static decomposition

strategies. We compare Plumber against two baseline schedulers that select either

compute-optimized (Only Compute) or communication-optimized (Only Communication)

decompositions, regardless of current operating conditions. Each scheduler executes

identical workloads under both Uniform and Azure Functions arrival traces for different

available network bandwidths between 2 and 240 Mbps. Performance is evaluated using

Scheduling Efficiency (η), which measures achieved throughput relative to the theoretical

best-case schedule, and Relative Energy Efficiency (Erel), which quantifies total energy

consumption relative to the same idealized execution. An ideal schedule in this case, is

the theoretical schedule if devices never throttle. Note, because η and Erel are unitless,

their ratio is a benefit-to-cost ratio, comparable across all experiments (each having a

potentially different timescale).

Table 5.2 summarizes the performance of the decomposition strategies, across all eval-

uated workloads and network conditions. Plumber consistently achieves the maximum

normalized throughputs (largest η values). It also achieves the best (largest) benefit-to-

cost ratios (shown in boldface in the table). Note, the non-adapting strategies perform

well near the extremes with respect to network bandwidth, but neither is best across the

full range of conditions. These results demonstrate that dynamically selecting pipeline

decompositions allows Plumber to adapt to changing resource availability without sacri-

ficing either throughput or energy efficiency. In contrast, Plumber dynamically selects
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Arrival
Type

Avail
B/W
(Mbps)

Plumber Only Compute Only Communication

Erel η η/Erel Erel η η/Erel Erel η η/Erel

Azure
Functions
Trace

240 0.42 0.94 2.24 0.42 0.94 2.24 0.79 0.53 0.67

30 0.47 0.99 2.11 0.47 0.98 2.09 0.5 0.86 1.72

10 0.47 1.0 2.13 0.5 0.99 1.98 0.49 0.99 2.02

2 0.46 1.0 2.17 0.47 1.0 2.13 0.46 1.0 2.17

Uniform
240 0.4 0.96 2.4 0.4 0.96 2.4 0.94 0.62 0.66

30 0.63 0.99 1.57 0.96 0.99 1.03 0.72 0.85 1.18

10 0.59 1.0 1.69 1.21 1.0 0.83 0.62 0.95 1.53

2 0.73 1.0 1.37 1.42 1.0 0.7 0.73 1.0 1.37

Table 5.2: Evaluation of energy efficiency(Erel) and scheduling throughput(η) across
varying bandwidth availability. The largest benefit-to-cost ratio is shown in boldface.

the decomposition strategy most appropriate for the current resource conditions. At inter-

mediate bandwidths (10–30 Mbps), where neither compute- nor communication-optimized

decompositions are universally preferable, Plumber consistently identifies decompositions

to achieve higher throughput and lower energy consumption than either static policy.

This adaptive behavior allows Plumber to remain close to the theoretical scheduling

limit while simultaneously reducing unnecessary device utilization. Across all evaluated

deployment conditions, Plumber remains within approximately 5% of the theoretical

scheduling limit, and frequently within 1% under moderate and low bandwidth. Another

interesting observation is, several measured Erel values, are <1. This result does not imply

the strategies exceed theoretical optimums. Rather, the theoretical reference assumes only

the absence of power-induced throttling and does not account for workload compaction.

By consolidating computation onto fewer devices when appropriate, Plumber reduces
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both active and idle energy, yielding lower energy consumption than the reference schedule

despite operating under realistic resource contention.

Overall, adaptive pipeline decomposition enables Plumber to consistently outperform

static decomposition strategies across diverse edge deployment conditions, approaching the

optimal throughput and reducing energy consumption. Static strategies perform well only

when deployment conditions suit their optimization objective, whereas Plumber consis-

tently delivers high scheduling efficiency and energy efficiency across diverse workloads,

arrival patterns, and network environments.

5.3.4 Impact of Resource Conditions on Scheduling Decisions

We next examine why these improvements occur by analyzing how available network

bandwidth and model architecture influence decomposition selection. Specifically, we

investigate the resource conditions under which compute-balanced and communication-

optimized decompositions become preferable. Figure 5.2 compares the execution time

of the compute-balanced and communication-optimized decompositions across network

bandwidths for EfficientNetB0, ResNet18, and ViT-B16. As expected, the preferred

decomposition depends on the relative cost of computation and communication.

At high network bandwidth (240 Mbps), communication latency contributes only

a small fraction of total execution time. Under these conditions, compute-balanced

decompositions consistently outperform communication-optimized decompositions because

they distribute computation more evenly across participating devices, reducing pipeline

imbalance and improving utilization. The additional communication introduced, is largely

hidden by the available network capacity.

The crossover point between the two decomposition strategies is not fixed but depends

on the computational characteristics of the deployed model. EfficientNetB0, ResNet18,
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Figure 5.2: Throughputs across varying network bandwidths and background loads. Each
row represents a different model (EfficientNetB0, ResNet18, ViT-B16), while columns
differentiate between low (1%) and high (50%) subcluster background load. Orange lines
denote n/w splits, and green lines denote comp splits. Markers indicate the number
of splits (3 or 6). The points represent throughput of the most recent job and higher
throughput indicates better decomposition choice.

and ViT-B16 exhibit different ratios of computation to communication, causing each

architecture to transition between preferred decomposition strategies at different band-
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widths. Consequently, no single decomposition strategy is optimal across all workloads or

deployment environments. Thus from a scheduling perspective, pipeline decomposition

represents a dynamic tradeoff between computational load balancing and communication

overhead. As available resources fluctuate, the scheduler must continuously rebalance

these competing objectives to minimize energy consumption and improve scheduling

efficiency.

That is, no single pipeline decomposition is universally optimal. And by continuously

evaluating candidate decompositions with its online performance model, Plumber adapts

to changing resource conditions and consistently selects the decomposition predicted for

best scheduling and energy efficiency without requiring manually tuned heuristics.

5.3.5 Robustness to Workload Composition

Real-world edge deployments rarely execute a single application in isolation. Instead,

workloads evolve over time as new applications are introduced, request rates fluctuate,

and the relative frequency of different inference tasks changes. We therefore evaluate the

robustness of Plumber under varying workload compositions and arrival patterns to

determine whether adaptive pipeline decomposition continues to provide benefits when

workload characteristics differ from those used to derive the scheduling model.

To evaluate workload diversity, we vary the proportion of EfficientNetB0, ResNet18,

and ViT-B16 inference requests while maintaining the same total workload volume. We

evaluate scheduler efficiency again using the Uniform and Azure functions job arrival

traces. And compare Plumber against the specialized decomposition strategies using

Scheduling Efficiency (η) and Relative Energy Efficiency (Erel). Table 5.3 shows example

results when ViT-B16 jobs occur with a higher probability in the job mix. Similar results

for varying work loads are omitted for space considerations, but all confirm the results
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Arrival
Type

Avail
B/W
(Mbps)

Plumber Only Compute Only Communication
Erel η η/Erel Erel η η/Erel Erel η η/Erel

Azure
Functions
Trace

2 0.67 1.0 1.49 1.22 0.89 0.73 0.68 0.99 1.46

Uniform 2 0.66 1.0 1.52 1.41 0.81 0.57 0.81 0.93 1.15

Table 5.3: Evaluation of energy efficiency(Erel) and scheduling throughput(η) when ViT-
B16 has a higher probability of selection than other models in the workload. Here 2 Mbps
has non-trivial schedules due to increased ViT-B16 jobs.

shown in Table 5.2 do not depend on workload mix. Across all evaluated workload

compositions and arrival patterns, Plumber consistently maintains scheduling efficiency

comparable to or exceeding both static scheduling policies while preserving similar or

lower relative energy consumption.

The benefits of adaptation become particularly apparent as workload composition shifts

toward models with different computational and communication requirements, for example,

a higher frequency of ViT-B16 inference tasks. Because the preferred decomposition varies

across model architectures, changes in workload composition also change the resource

demands placed on the cluster. Static strategies cannot account for these changing

demands. In contrast, Plumber continuously evaluates candidate decompositions for

each arriving inference request, allowing scheduling decisions to naturally adapt as the

workload evolves. For 2 Mbps, the communication-optimized strategy fails to match the

performance of Plumber, contrasting with Table 5.2.

These results show, Plumber does not rely on a fixed workload mix or arrival pattern

to achieve high performance. Instead, adaptive decomposition enables the scheduler to

respond to changing application demands while maintaining consistently high throughput

and energy efficiency across diverse deployment scenarios. Plumber remains effective

across changing workload compositions and arrival patterns without requiring workload-

specific tuning.
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In summary, these experiments demonstrate Plumber provides accurate online per-

formance estimation (RQ1), translates predictions into improved scheduling performance

(RQ2), adapts decomposition decisions to changing conditions (RQ3), and remains robust

across diverse workload compositions and arrival patterns (RQ4). Taken together, these

results show adaptive pipeline decomposition enables consistently efficient distributed DL

inference on resource-constrained edge clusters.

5.4 Chapter Summary

In this chapter we present Plumber, an adaptive scheduler for distributed deep

learning inference on resource-constrained edge clusters. By combining online performance

modeling with dynamic pipeline decomposition, Plumber adapts to changing network

conditions, compute contention, workload composition, and arrival patterns. Experimental

results on a 117-node Raspberry Pi 3B+ cluster demonstrate adaptive decomposition

consistently approaching the optimal solution scheduling efficiency while improving energy

efficiency relative to static decomposition strategies. The results show, treating model

decomposition as a runtime decision, rather than fixed choices, enables robust, efficient

edge AI across dynamic environments.
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Chapter 6

Conclusion, Future Directions and

Broader Impact

In this dissertation we set out to demonstrate that treating power infrastructure as a

first-class systems resource throughout the lifecycle of an edge deployment enables efficient

planning, accurate performance characterization, and effective runtime scheduling. We first

showcase the co-design of remote edge deployments for power efficiency and communication

management. The work in chapter 3 elucidates the usefulness of simulation models to

represent edge deployments and how compatible their representation is with constraint

solvers. We show how different heuristics handle the complexity of the simulation model,

the quality of solutions generated under strict deadlines and how they not only optimize

resource allocation but can also inform infrastructure decisions to build edge topologies

capable of meeting duty cycle requirements.

But as seen in chapter 4, performance of real, aged clusters can deviate from simulation

models. Specifically we characterize these interactions of power infrastructure and perfor-

mance on 451 real edge devices, into identifying patterns of unreliability. These conditional

unreliable patterns are sufficiently captured by linear models and the methodology used
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to derive them can be achieved with a reduced profiling set.

And finally in chapter 5 we use these findings to build an end-to-end dynamic scheduler

to adaptively decompose ML/AI applications at the edge given the variable availability of

compute and communication. In this work we extend the models from previous chapters

to fit our real edge cluster and measure its accuracy for online performance estimation.

And that using these models we can successfully develop a robust scheduler for diverse

workloads and arrival patterns for remote edge ML applications. Overall our body of

work showcases the impact of power as a first class constraint to manage and how to

build models for such edge deployments in a profile-efficient methodology.

For the future, there is a common limitation to overcome. Specifically all works

depend on the tasks to be computationally bound or approximately comparable to matrix

multiply. This eliminates applications that are memory, I/O or network bound. Further

works can explore implementing the generic methodology from chapter 4 to network, I/O

or memory bound applications to measure their power-induced variability. This would

help extend our characterization and adaptive scheduling to applications outside ML/AI

on the edge.

However, this leads us to the issue of the dissertation falling into the category of “just

another scheduler” where developers would have to develop their custom implementations

based on our generic methodology, further complicating any of their existing deployment

models. Instead, we present a more optimistic view of it’s impact with co-operation

in scheduling [15]. The work was done as part of summer research at Meta, where we

extended Meta’s data-center job placement frameworks for streaming applications [43]

to load balance across their infrastructure. A major challenge in the work was getting

multiple levels of schedulers and resource managers to agree with each other. For example,

a data-center level allocator would place a job within a server rack to minimize network

latencies, but under certain conditions, a rack-level allocator (for example [45]) need not
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agree with the top-level decision and perform a different operation – leading to inconsistent

placements, unbalanced resource utilization and often involved manual intervention to fix.

The report proposes how we can iteratively use the different hierarchies in scheduling

to develop consistent schedules across the different levels of decisions. This allows the

schedulers to remain scalable, be aware of only necessary information and still perform

their multi-objective optimizations. The results from the work show that this iterative

methodology achieves a Pareto-optimal result in terms of load balancing the multiple-

objectives and scheduler effort in terms of time taken to make an allocation, compared to

simply expanding the objectives within a single allocator, thereby increasing complexity

and slowing down scheduling decisions.

For the ML applications our work targets in chapter 5 we already know there’s a large

body of work (seen in chapter 2) where different modifications are performed on the ML

model/algorithms per application or device type rather than resource contention. As

future work, and to allow for maximum possible impact, contention-aware schedulers like

our work in PLUMBER, can become part of a lower-level allocator, where we can plug

into these existing application/hardware adaptive schedulers rather than superpose or

replace these existing works. This methodology would improve scalability and extend the

flexibility of these existing works, thereby building a holistic ecosystem of schedulers rather

than building “Just Another Scheduler” that is near-omniscient and hyper optimized for

its infrastructure, being unusable for any other application or cluster design.
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