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Abstract

In recent years, the use of AI on resource-constrained IoT devices has grown

significantly. However, most existing solutions for partitioning and offload-

ing AI inference tasks across edge-cloud networks rely on static methods

that are fixed before deployment and do not adapt to changes during run-

time. Additionally, many of these solutions are evaluated in simulated en-

vironments rather than on real hardware. This thesis addresses this gap

by designing and implementing an adaptive partitioning and offloading

framework that dynamically determines where to split a neural network’s

layers across a three-node heterogeneous network. The framework was

built in Python and tested on a physical testbed consisting of a Raspberry

Pi 5 edge device, a laptop fog, and a high-performance GPU desktop PC as

the cloud. Three CNN models were used for evaluation: VGG-16, AlexNet

and MobileNetV2. The framework profiles the model at startup, measures

the network link conditions between nodes, and periodically re-evaluates

the partition to react to changes in the environment. Results show that

compared to a static partitioning baseline, the framework achieved en-

ergy reductions of 35.82% for VGG-16, 35.70% for AlexNet and 27.09% for

MobileNetV2. End-to-end latency was also reduced by 6.34%, 22.92% and

14.20%, respectively. These results show that adaptive partitioning can re-

duce energy consumption on resource-constrained devices while main-

taining acceptable latency in a real heterogeneous edge-cloud network.
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Abbreviations

Ordered alphabetically for easy finding

Abbreviation Description

AI Artificial Intelligence

AIoT Artificial Intelligence of Things

Alg Algorithm

API Application Programming Interface

AR Augmented Reality

AWAS Auction-based Workload Assignment Scheme

CNN Convolutional Neural Network

CPU Central Processing Unit

DNN Deep Neural Network

DPFL Fused-Layer parallelization strategy

DQN Deep Reinforcement Learning

DSRM Design Science Research Methodology

GPU Graphics Processing Unit

IIoT Industrial Internet-of-Things

IoT Internet of Things

LLM Large Language Models

LSTM Long Short-Term Memory

M2M Mobile-To-Mobile

ML Machine Learning

NLP Natural Language Processing
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OS Operating System

PC Personal Computer

QoE Quality of Experience

RFID Radio-Frequency Identification

RL Reinforcement Learning

RNN Recurrent Neural Network

RQ Research Question

SAC Soft Actor-Critic

TCP Transmission Control Protocol

UDP User Datagram Protocol

USB Universal Serial Bus

VR Virtual Reality
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Introduction

1.1 Introduction

In recent years, we have seen the widespread adoption of the Internet of

Things (IoT) devices, leading to unprecedented growth in the volume, ve-

locity, and variety of data generated [1] [2] [3]. These devices range from

smartphones to Radio-Frequency Identification (RFID) readers, wearable

devices to tablets, and gadgets [4]. They increasingly support applications

and systems with strict requirements for latency, energy efficiency, and

computational workload [2]. Few examples include smart home, cities, or

health, robotics, Augmented Reality (AR) or Virtual Reality (VR), cognitive

assistance, autonomous driving, video crowd sourcing, and M2M commu-

nications [3] [5]. At the same time, we have witnessed significant improve-

ments in the capabilities of new Artificial Intelligence (AI) technologies, es-

pecially in machine learning and deep neural networks (DNNs), with mod-

els such as Convolutional Neural Networks (CNNs) and Recurrent Neural

Networks (RNNs) [6]. These models have enabled fast, precise, and sophis-

ticated data-driven decision-making across diverse fields of application [7]

[6]. Consequently, the convergence of IoT and AI shows promising capa-

bilities today and in the future [8].

Traditionally, AI models have been deployed and executed in a centralised

environment, such as the cloud, which provides unlimited computational

resources. However, this approach introduces limitations when applied to

IoT systems [2]. In an IoT environment, factors such as network latency,
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privacy concerns, bandwidth constraints, and poor connectivity can signif-

icantly degrade system performance in real time [9]. This, as a result, has

led to a novel approach to combine fields such as edge & cloud computing,

fog computing, AI, and IoT, leading to a growing interest in distributing AI

computation across edge devices and cloud infrastructure. This approach

allows some parts of the AI workload to run on edge devices alongside cen-

tral cloud servers, a model known as edge-cloud AI. It promises to combine

the low-latency benefits of edge computing and the scalability of the cloud

[10] [8] [3].

Despite the promising potential, designing an adaptive and efficient AI-

enabled IoT system in resource-constrained edge devices remains chal-

lenging due to the inherent heterogeneity of the edge-cloud environment.

Typically, edge-cloud environments comprise devices with varying degrees

of computational capabilities, energy budgets, needs, and network condi-

tions [11]. Due to this, researchers have tried different approaches such as

distributed training, deployment, and inference of AI models and workload

[11] [12] [13].

In the case of distributed inference, the AI workload is distributed across

several edge and cloud devices, where the aim is to execute the less com-

putationally intensive and latency-critical task on the edge devices close

to the data source, while the more computationally intensive tasks are of-

floaded to the cloud [14] [15]. However, most current solutions using this

partitioning and offloading method for AI workloads rely on static deploy-

ment, where AI inference pipelines are predefined and fixed in advance

and do not adapt to real-time or runtime changes. Such methods and solu-

tions often fall short and lead to suboptimal performance when resources

are constrained or have fluctuating availability. This can be due to vary-

ing network load, competing workloads, or device mobility [2]. Conse-

quently, there is a need for an adaptive partitioning and offloading solution

that can dynamically adjust how AI workloads are partitioned and executed

across edge and cloud resources efficiently without violating other system

requirements such as latency.

The literature on adaptive AI task partitioning and offloading in heteroge-

neous edge–cloud networks has expanded significantly in recent years [16]

[17] [2]. Several frameworks have been proposed to address this challenge.
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For example, some approaches employ reinforcement learning to deter-

mine optimal model layer partitioning strategies [17] [18], while others ex-

plore collaborative caching mechanisms [19] or edge–end joint parallel in-

ference architectures [15]. However, a key limitation of many existing so-

lutions is that they are primarily evaluated in simulated environments that

assume ideal network conditions [16] [18] [20]. Consequently, the practi-

cal performance of these methods in real-world edge–cloud deployments

remains insufficiently explored.

In one study, Li et al. [16] proposed a new framework that jointly optimises

fine-grained DNN layer partitioning and magnitude-based channel prun-

ing to reduce inference latency. The approach employs an LSTM-based

controller that alternately generates discrete partitioning and pruning ac-

tions for each layer and is trained using a policy gradient algorithm with a

delay-aware reward function that balances accuracy and total processing

delay [16]. Despite promising results, the evaluation of the adaptive model

partitioning and pruning was done through extensive simulation experi-

ments in the Mobile-Edge Computing (MEC) environment.

Other available but limited studies conducted in real environments, such

as [21], mainly focus on optimising metrics such as task completion time

and waiting time while overlooking other metrics such as energy consump-

tion and computational load balancing. In this study, Fang et al. [21] pro-

posed EdgeDI, a partitioning method which first compresses models using

structured pruning and a lightweight convolutional block (SCAR) with at-

tention, then partitions feature-map workloads across multiple Industrial

Internet-of-Things (IIoT) devices using an execution-time–aware scheme

(OODP) that accounts for both computation capability and network band-

width [21]. Results show that EdgeDI can provide better inference speedups

while still maintaining the desired accuracy. However, this literature fo-

cuses only on improving inference performance.

These few examples, along with other related literature discussed more in-

depth later in 2.1, show a consistent trend of inadequate real environment

experimental evaluation of partitioning and offloading frameworks and a

limited focus on energy consumption when designing a partitioning solu-

tion in a heterogeneous edge-cloud environment.

This thesis focused on real-world experiments using resource-constrained

devices with the aim of reducing energy consumption without violating

real-time latency. The objective was to design an adaptive partitioning and
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offloading algorithm in heterogeneous edge-cloud networks to achieve the

above-mentioned objective.

To achieve the purpose and objective of the research, we answered the

main research question stated below

• RQ: To what extent can an adaptive model partitioning algorithm re-

duce the energy consumption of resource-constrained devices with-

out violating real-time latency constraints in a heterogeneous edge-

cloud network?

To address the research question, and achieve the research goals, this thesis

proposes REAP (Runtime Energy-aware Adaptive Partitioning and Offload-

ing Framework), an adaptive partitioning and offloading framework, as the

name suggests. To reduce energy consumption in resource-constrained

devices while maintaining acceptable end-to-end inference latency in a

realistic physical testbed, the framework was designed to dynamically de-

termine where AI workload should be partitioned by considering runtime

computation cost, communication overhead, energy consumption, and la-

tency. Instead of relying on a fixed partition chosen before deployment,

REAP profiles the model, estimates the cost of candidate split points, mon-

itors network and execution conditions, and periodically selects the most

suitable partition during runtime. An indepth description of the frame-

work is provided later in the methodology section 4

The scope of the thesis only covered the partitioning and offloading of AI

inference tasks, with the exclusion of others such as training and data pro-

cessing. Experimental validation was conducted using distributed edge-

to-cloud testbeds incorporating a Raspberry Pi as the end node, a laptop as

the edge node, and a GPU-enabled desktop PC as the cloud.

Our key contributions were as follows.

• Designed and implemented REAP, an adaptive partitioning and of-

floading framework for AI inference on a heterogeneous edge-cloud

networks.

• We developed a fully functional setup comprising an end device (Rasp-

berry Pi), edge servers (Laptop), and a Graphics Processing Unit (GPU)

cloud server - Personal Computer (PC) to evaluate vertical offloading

strategies in a realistic hardware environment.
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• Unlike simulation-based studies, we designed a real-time testbed ex-

periment and measured metrics such as energy consumption to jus-

tify the superiority of our method. Our results primarily focus on the

trade-off between latency and energy constraint.

The rest of this thesis is structured as follows; The problem section 2 con-

tains the related works and the description of research questions. Extended
Background 3, which has key descriptions for the background and key

concepts. Methodology 4, which contains the description of the method-

ology, the experiment procedure, and the proposed framework. Results
section 5, which contains the key results and findings presented in tables

and graphs. Discussion 6, which has an expanded interpretation of the re-

sults, conclusions, limitations, and future works.

5
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2

Problem

2.1 Related works

Recent literature on Adaptive AI task partitioning and offloading in hetero-

geneous edge-cloud networks is vast. However, they focus on the differ-

ent aspects, aims, and criteria. Some focus on reducing the inference time

[17], latency [22], or minimising energy consumption [23] [19], while oth-

ers focus on achieving optimal resource efficiency [14]. In this section, we

will look at related works done on partitioning, offloading, and, lastly, joint

adaptive partitioning and offloading.

2.1.1 Task Partitioning Frameworks

In an attempt to optimise resource efficiency, reduce latency, and reduce

inference time in an edge-cloud heterogeneous network, some effort has

been focused on how best to partition AI inference tasks before address-

ing the challenge of offloading. Recent literature aiming to achieve this in-

cludes Kim et al. [24], who proposed CO-PILOT, a DNN partitioning frame-

work that jointly controls partition points, loss feature compression, and

transport protocol selection, Transmission Control Protocol (TCP)/User Data-

gram Protocol (UDP). As a result, this leads to lightweight latency and ac-

curacy prediction models (based on mean absolute deviation) to rapidly

adapt collaboration settings at runtime without retraining [24]. However,
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this work emphasises only improving the end-to-end latency while pre-

serving the original model accuracy without regard to other metrics such

as energy consumption or computational load balancing.

Masud et al. [25] proposed ParetoPipe, an open-source framework that ex-

plicitly captures the trade-off between end-to-end latency and inference

throughput under realistic network variability. By looking at DNN parti-

tioning as a multi-objective optimisation problem, the algorithm performs

exhaustive block-level pipeline partitioning across heterogeneous edge hard-

ware (Raspberry Pis and a GPU edge server) and identifies Pareto-optimal

split points that balance competing objectives [25]. Despite this unique

approach, ParetoPipe lacks adaptive capability and only focuses on find-

ing the optimal balance between the two trade-offs(latency and inference

throughput), while others, such as energy consumption, are out of scope.

The experiment is also performed between only two nodes unlike our ap-

proach using three nodes.

Similarly, by looking at partitioning as a mixed-integer multi-objective op-

timisation task, Ma et al. [20] designed a joint optimisation framework

that jointly determines the optimal model partitioning point and the corre-

sponding edge resource allocation ratios, addressing the interdependence

between partition decisions and server-side resource scheduling. This is

achieved by using a deep reinforcement learning approach based on Prox-

imal Policy Optimisation (PPO) within an Actor–Critic architecture [20].

Similar to this thesis, the literature focuses on joint optimisation of latency

and energy consumption as the core objectives. However, the experiments

were carried out in a simulation, which contrasts with our goal.

2.1.2 AI Inference Offloading approaches

In a scenario, where successfully partitioning AI workload is gained, it be-

comes vital to address the challenge of determining where inference tasks

should be executed (mobile device, edge cloud, or central cloud), and when

tasks should be offloaded [26], to achieve the aim of minimizing overall

power consumption under dynamic content demands and heterogeneous

resource constraints, different approaches have been proposed [19].

Ko et al. [26] propose ST-CODA, a spatial–temporal computation offload-

ing decision algorithm which includes an opportunistic delay to exploit

low-cost access such as Wi-Fi. Using value iteration, ST-CODA optimises

transmission cost, mobile energy use, and deadline satisfaction [26]. While
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it is effective for general mobile tasks, ST-CODA’s use of intentional trans-

mission delays makes it impractical for real-time AI inferences. Addition-

ally, their framework does not explore intra-model layer partitioning or the

inclusion of the fog node, both of which are important for optimising our

system.

On a different case, Fang et al. [19] proposed another framework in which

they formulate offloading as a power minimization problem that jointly

considers task execution, in-network caching, and request aggregation, and

solve it using a deep reinforcement learning (DQN)-based policy that adap-

tively selects collaborative caching and offloading decisions based on his-

torical content requests and current network state [19]. However, using

deep reinforcement learning requires significant computing power just to

make routing decisions. In addition, their framework focuses on offloading

or caching the entire task at once. In contrast, our system avoids this heavy

processing overhead by using a fast, lightweight algorithm to split the AI

model layer-by-layer across three distinct hardware levels.

Similarly, Chen et al. [23] propose an energy-efficient layer offloading algo-

rithm, SPSO-GA, which combines self-adaptive particle swarm optimisa-

tion with genetic operators. With SPSO-GA, the system energy consump-

tion is reduced as the deadline becomes looser. With the looser deadline

constraints, more layers tend to be allocated to the more energy-efficient

servers in the same situation [23]. The main drawback of their approach is

that the genetic algorithms are too computationally heavy for fast real-time

routing.

2.1.3 Joint Adaptive Partitioning + Offloading Approaches

To address the challenging nature and complexity of running distributed

inference across an end-edge-cloud environment, other recent literature

has attempted to tackle both partitioning and offloading simultaneously

in an adaptive manner. These solutions try to achieve a great balance be-

tween partitioning and offloading of inference tasks in a heterogeneous en-

vironment.

In one study, Zhao et al. [15] proposed AdapCP, a collaborative inference

framework that employs an inter-layer partitioner to determine multiple

split points for the offloading phase, and an intra-layer parallel partitioner

using a Dirichlet-guided DDPG reinforcement learning policy to distribute
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convolutional filters and fully connected neurons across servers for paral-

lel execution . The results show that AdapCP achieves substantial latency

reductions, improving inference speed by up to 2.21× while maintaining

accuracy [15]. The main drawback of this work is that facilitating collabo-

rative inference involved the use of multiple increasing edge servers, which

introduced high data transmission overhead along with data redundancy

from multiple runs. Additionally, unlike our thesis, this literature in part

aims to address data privacy and security challenges in distributed work-

load execution, improving inference time while preserving accuracy.

In another, Shen et al. [17] proposed EECRL, a reinforcement learning–based

task scheduling framework which models online scheduling as an RL deci-

sion process, where an adapted Q-learning/DQN agent selects execution

placement and optional delay actions based on real-time cluster state and

task characteristics, implemented within an extended Kubernetes–Rancher

orchestration architecture. Experiments show that it achieves substantial

performance gains [17]. The main limitation of this work is that it focuses

only on addressing the burst of AI task scenarios in an End-Edge-cloud

computing framework. Lastly, the method is not extended to multiple op-

timisation objectives, such as server cost and energy consumption.

Chen et al. [9] proposed EdgeCI, a low-latency distributed CNN inference

framework that exploits cooperative execution among locally connected

devices instead of relying solely on edge servers or the cloud. Introduces

an Auction-based Workload Assignment Scheme (AWAS) mechanism that

balances expanded feature-map partitions across devices while account-

ing for convolutional overlap costs, and a Dynamic Programming–based

Fused-Layer parallelisation strategy (DPFL) that determines the optimal

fused-block partitioning configuration to trade off computation and com-

munication overhead [9]. However, one limitation is that this approach is

not applicable to graph neural networks and partitioning of non-convolutional

layers (i.e., fully connected layers). An interesting detail is that this litera-

ture uses a similar approach and methodology as we later propose (exper-

imental testbed). A key distinction, however, is that Chen et al. address the

challenge of unstable performance and privacy leaks in a heterogeneous

environment, while we look into energy consumption and preservation of

other metrics such as latency and computational load balancing.

In another study, Peng et al. [27] proposed APT-SAT, a framework that in-

tegrates a prediction stage that models layer-wise delay and energy con-

sumption using regression-based estimators, an adaptive multi-point DNN

10



partitioning algorithm that jointly optimises workload balance, transmis-

sion delay, and energy consumption, and a Soft Actor-Critic (SAC)–based

reinforcement learning offloading strategy that determines routing and task

allocation under dynamic network conditions [27]. One key notable draw-

back from this work, however, is the increased computational complexity

that results from finding the optimal partition point. Peng et al. acknowl-

edge this by calculating the Big-O notation of the complexity equivalent to

exponential.

Lastly, Zhang et al. [18] proposed SEMA (Semantic-aware Meta-learning-

based Adaptation), a meta-reinforcement learning framework for adaptive

DNN partitioning in dynamic cloud–edge systems that jointly optimises

the model partition point, offloading target, and semantic compression

level of intermediate feature data to maximise a unified Quality of Expe-

rience (QoE) metric encompassing latency, energy consumption, and task

accuracy [18]. Similar to other frameworks mentioned before, SEMA was

evaluated in a simulated experimental setup.

In an empirical survey conducted by Chen et al. [2] evaluating recent and

common partitioning and offloading frameworks, we observe that, despite

the various partitioning and offloading algorithms proposed over the years,

most of this existing work evaluates the framework of task partitioning and

offloading with simulation experiments. This observation is consistent with

most of the literature summarised above and in table 2.1 below. However,

the setting provided by the simulation can be ideal and hardly reflect the

performance of the algorithms in actual practice. Due to this, there is a real

gap and a need to design and migrate to a real experimental environment

to detect the ideal performance and outcomes in real scenarios [2].

Additionally, we find that a great number of these existing studies focus

on optimising latency, reducing inference time, while a limited few focus

on reducing energy consumption on resource-constrained networks also

shown in table 2.1. This provides a gap for designing and implementing

a novel solution with the aim of reducing energy consumption while pre-

serving latency and other requirements based on a real experimental envi-

ronment instead of using a simulated one.
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Table 2.1: Comparison of related works on AI task partitioning and offloading in edge-cloud networks.

Study Framework Optimisation Target Technique Environment

Task Partitioning
Li et al. [16] — Latency LSTM + policy gradient RL Simulation
Kim et al. [24] CO-PILOT Latency, accuracy MAD-based prediction models Real testbed
Masud et al. [25] ParetoPipe Latency, throughput

(Pareto)
Exhaustive block-level search Real testbed

Ma et al. [20] — Latency, energy Deep RL (PPO, Actor–Critic) Simulation

AI Inference Offloading
Ko et al. [26] ST-CODA Transmission cost, energy,

deadline
Value iteration Simulation

Fang et al. [19] — Power minimisation Deep RL (DQN) + caching Simulation
Chen et al. [23] SPSO-GA Energy Particle swarm + genetic alg. Simulation

Joint Adaptive Partitioning + Offloading
Zhao et al. [15] AdapCP Latency (inference speed) DDPG RL (inter + intra layer) Simulation
Shen et al. [17] EECRL Inference time Q-learning / DQN Real (Kubernetes)
Chen et al. [9] EdgeCI Latency, privacy Auction-based (AWAS) + DP Real testbed
Peng et al. [27] APT-SAT Latency, energy, workload

balance
Regression + SAC RL Simulation

Zhang et al. [18] SEMA QoE (latency, energy, ac-
curacy)

Meta-RL Simulation

Fang et al. [21] EdgeDI Inference speed Structured pruning + OODP Real (IIoT)

Our work REAP Energy, latency Weighted scoring + periodic
re-eval.

Real testbed
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2.2 Research Question

To what extent can an adaptive model partitioning algorithm reduce the

energy consumption of resource-constrained devices without violating real-

time latency constraints in a heterogeneous edge-cloud network?

2.3 Delimitation

Due to both limited time and resources, the scope of this study was kept

within the following boundaries to ensure a feasible outcome.

• Inference Focus: Research is strictly limited to the inference phase.

The computationally intensive task of model training is excluded, as

the primary objective is to optimise real-time decision-making on

pre-trained models.

• Model Architecture: The evaluation is limited to Convolutional Neu-

ral Networks CNN and standard DNNs, such as VGG, MobileNetV2,

and AlexNet. Large Language Models (LLMs) and audio processing

models are outside the scope of this work.

• Privacy: Network privacy, security, and encryption mechanisms are

excluded from the experimental design. This ensures that latency and

energy measurements reflect the pure algorithm overhead.

• Hardware Constraints: The testbed utilises commercial off-the-shelf

hardware, such as Raspberry Pi, laptops, PC. Specialised industrial-

grade hardware is not utilised. Instead, network conditions are emu-

lated via software.
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3

Extended Background

3.1 IoT

IoT is defined as a network of interconnected physical devices such as sen-

sors, actuators, servers and more that communicate over the internet to

collect, exchange, and process data [28] [29]. These devices range from

simple household objects, such as smart light bulbs, to complex industrial

tools or systems [4]. The main objective of IoT is to connect the physical

and digital worlds, enabling remote monitoring, automation, and intelli-

gent decision-making [3].

Early IoT systems mainly consisted of simple sensing devices that transmit-

ted small volumes of data to centralised cloud servers for processing and

storage. These devices performed minimal local computation and relied

heavily on cloud infrastructure for data processing and decision-making.

However, this approach has slowly evolved with the emergence of intelli-

gent IoT systems or Artificial Intelligence of Things (AIoT) [23]. In AIoT

systems, devices are increasingly capable of performing local data process-

ing and inference. As an example, modern smart surveillance cameras can

perform small tasks such as human detection or face recognition locally

before transmitting relevant data to the cloud [8].
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An IoT environment is usually heterogeneous, consisting of a wide range

of hardware platforms with varying computational capabilities. These in-

clude resource-constrained microcontrollers as well as more capable com-

puters such as the Raspberry Pi [4]. Despite the increasing computational

capabilities of modern IoT devices, they remain significantly constrained

compared to traditional computing systems.

One of the key limitations of IoT devices is their limited energy capacity, as

many operate on batteries and must maintain low power consumption to

achieve long operational lifetimes [23]. In addition to energy constraints,

IoT devices usually have limited processing power, memory, and storage

compared to desktop or server systems. These limitations make it chal-

lenging to execute computationally intensive tasks such as deep learning

inference directly on edge devices [2].

3.2 Artificial Intelligence

AI refers to the simulation of human intelligence in machines that are pro-

grammed to think and learn. Unlike traditional rule-based programming,

where a developer explicitly codes every decision. AI systems use data to

identify patterns and make decisions with minimal human intervention [7]

[30].

In recent years, AI sub-fields such as Machine Learning (ML) and Deep

Learning (DL) have increased in both capability and complexity. These ca-

pabilities include learning from complex labelled and unlabelled data, pat-

tern recognition, natural language processing, and image processing. This,

in turn, has led to increased application and integration of AI across dif-

ferent fields, such as IoT, thereby driving the emergence of intelligent IoT

systems, or Artificial Intelligence of Things (AIoT) [23], as mentioned in the

previous subsection.

3.2.1 Machine learning

ML is a subset of AI that provides systems with the ability to automatically

learn and improve from experience without being explicitly programmed.

ML algorithms use statistical techniques to build a model from sample data,

known as “training data”, in order to make predictions or observations [7].

The main types of Machine learning are supervised, unsupervised learn-

ing and reinforcement learning. Supervised machine learning models are
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trained with labelled data sets, which allow the models to learn and grow

more accurate over time. In unsupervised machine learning, a program

looks for patterns in unlabeled data, while reinforcement machine learning

trains machines through trial and error to take the best action by establish-

ing a reward system. Other sub-fields of machine learning include Natural

Language Processing (NLP) and DL [31] [32]

3.2.2 Deep learning

DL is a specialised subset of machine learning inspired by the structure of

the human brain. While traditional ML requires manual feature extraction,

Deep Learning uses multi-layer artificial neural networks to learn these

features automatically from raw data [6]. This ability to learn from unstruc-

tured data, such as images and video, makes DL the standard for computer

vision tasks in IoT Applications [8]. The figure below 3.1 shows an illustra-

tion of the different subsets of AI as discussed above.

Artif icial 

Intelligence
Machine 

Learning

Deep 

Learning
CNN

models

Figure 3.1: Subsets of AI (Adapted from [33])

3.2.3 Convolutional Neural Networks (CNN)

For computer vision tasks, such as image classification or object detection,

the dominant architecture is the Convolutional Neural Network (CNN) [9].

The CNN is composed of a sequence of layers. Which typically include con-

volutional layers, pooling layers and fully connected layers. Convolutional

layers act as filters that detect features like edges, texture or shapes. Pooling
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layers reduce the spatial size of the representation to decrease the compu-

tational power required. Fully connected layers perform the final classi-

fication based on the features detected by previous layers [14]. It is very

important in this thesis to understand how layers work and how to utilise

them. Partitioning the model is possible because of the layers. It is possi-

ble to have the first 5 layers in Raspberry Pi and the rest of them, which are

computationally heavy, offloaded to a more powerful edge server [15, 24].

3.3 Hierarchical Edge-cloud

Traditional cloud-only computing architectures are no longer sufficient or

efficient for modern AI systems. In such use cases, large volumes of data

generated by devices used to be transmitted to centralised cloud data cen-

tres for processing. This approach can lead to increased latency and sig-

nificant bandwidth consumption, particularly in systems that require real-

time responses [10].

To address these challenges, hierarchical computing architectures have been

introduced. In this model, an intermediate layer known as the edge is po-

sitioned between end devices and centralised cloud infrastructure. Edge

computing enables data processing to occur closer to the data source, thereby

reducing communication latency and lowering network bandwidth usage

when handling large volumes of data [3]. An example illustration of a Hier-

archical Edge-cloud architecture is shown below in Figure 3.2.

3.3.1 Cloud Computing

At the highest level of the computing hierarchy is cloud computing, which

refers to large-scale, centralised data centres that provide substantial com-

putational capacity, storage resources, and scalability. In the context of

this thesis, the cloud tier is represented by a high-performance desktop PC

equipped with a GPU, serving as the most computationally capable node

in the proposed edge–cloud architecture.

The primary advantage of the cloud tier is its ability to execute compu-

tationally intensive deep neural network models with significantly fewer

resource constraints compared with edge or intermediate devices. Unlike

battery-powered or thermally constrained devices, cloud infrastructure is

typically less limited by energy availability, memory capacity, and heat dis-

sipation. However, the main limitation of relying on the cloud is its physical

and network distance from the data source. This can introduce increased
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Figure 3.2: Hierarchical Edge-cloud architecture [34]

communication latency, bandwidth variability, and network jitter, which

may negatively affect the responsiveness of real-time or latency-sensitive

applications [10, 26].

3.3.2 Edge and Fog Computing

Edge computing is a new computing paradigm for performing tasks at the

edge of the network. Unlike cloud computing, it emphasizes the approach

of running tasks directly on the end devices or closer to the user and the

data source [35]. The main aim and advantage of introducing this paradigm

was to avoid or reduce unnecessary data transfer hence reducing latency

[3]. Since data does not need to travel far before being processed, it can

also reduce bandwidth usage and improve privacy. However, edge devices

usually have limited CPU power, memory, battery capacity, and thermal

headroom [35].

On the other hand, fog computing refers to the intermediate bridge sitting

between cloud and edge computing. It acts as an intermediate computing

layer that has more resources than the edge device but fewer resources than
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the cloud [10]. In our case, this is represented by the CPU laptop node. In

some cases, fog layer provides a fall safety layer that can guarantee system

availability and resilience. All the three aforementioned layers; edge-fog-

cloud form the 3-Tier continuum.

3.3.3 The 3-Tier Continuum

A 3-tier computing continuum refers to a distributed architecture in which

computational tasks are shared across three hierarchical layers: the edge,

the fog, and the cloud as described in the previous sections [36]. The term

continuum implies that all three nodes form a connected pipeline treated

as a monolithic entity where tasks can be partitioned, offloaded and dis-

tributed across the network depending on resource availability, latency,

and energy consumption [36] [37].

In this thesis, the three-tier continuum is represented by a Raspberry Pi, a

laptop, and a GPU-enabled desktop PC. The Raspberry Pi forms the edge

tier, the laptop represents the fog tier, and the GPU desktop PC represents

the cloud tier. Together, these devices form a continuous edge–fog–cloud

execution environment in which deep neural network inference can be

partitioned and offloaded across multiple nodes referred to as “Cloud-Edge-

End Collaboration” [2, 19]

3.4 Edge–Cloud Collaborative Intelligence

As AI advances more and more every day in all aspects of society today,

we are starting to see its integration in IoT systems, autonomous vehicles,

smart cities and mobile applications as discussed in the earlier sections.

However, to perform AI inference, learning and decision making on these

IoT systems [38], while considering the various challenges they present,

such as the heterogeneity of their environments, capability and resources

availability, a new approach had to be considered [39]. This led to a new

computing paradigm, Edge-cloud collaborative intelligence, which allows

AI tasks to be executed on both edge devices and cloud servers simultane-

ously, hence allowing them to collaborate intelligently [39] [38].

The benefit of this new approach is that it allows us to balance latency,

obtain better energy consumption, reduce bandwidth usage and improve

computational efficiency. This is usually achieved by performing partition-

ing, task offloading and adaptive scheduling [2].
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Key challenges from this approach include how to achieve optimal parti-

tioning, resource efficiency, and handling energy constraints. To advance

this paradigm, there is a need for solutions that enable us to achieve op-

timal partitioning and offloading of AI tasks while addressing key trade-

offs such as energy consumption, latency, and system performance [39].

Through tackling the challenge of optimal partitioning and offloading with

the aim of reducing energy consumption while preserving latency and per-

formance by providing an adaptive partitioning and offloading solution,

this thesis aimed to fulfil the needs mentioned above and hence contribute

to the current knowledge and further the edge-cloud collaborative intelli-

gence computing paradigm.

3.5 AI workload Partitioning in Edge-Cloud Networks

As briefly mentioned above, AI workload partitioning is one of the key tech-

niques and methods used to achieve collaborative edge-cloud intelligence.

In an edge-cloud heterogeneous network, instead of executing AI work-

loads such as inference on a single node, the workload is split and dis-

tributed across different node devices [27]. The two main types of par-

titioning are static and dynamic partitioning. In static partitioning, the

partitioning is fixed beforehand before the model deployment, while in

dynamic partitioning, the system adaptively changes the partition points

during runtime based on metrics such as network latency, battery levels,

bandwidth availability and more.

In most systems, such as CNN-based IoT systems, the partitioning is al-

ways done on the layer level [15] [9]. Some of the main benefits of ap-

plying partitioning in an edge-cloud collaborative system include reduced

latency, energy consumption, and network traffic [24] [25] [21] [20]. The

main challenge in partitioning is how to achieve optimal partitioning of the

workload. To solve this challenge, different approaches and techniques of

partitioning have been attempted, with some of the most common includ-

ing layer-wise partitioning [15], reinforcement learning-based partitioning

[17], joint partitioning and pruning [16], just to mention a few. Adding

to this knowledge base, in this thesis, we developed a dynamic task-level-

based partition approach.
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Figure 3.3: AI workload Partitioning in Edge-Cloud Networks

3.6 AI Inference Offloading in Edge-Cloud Networks

Similarly, as mentioned earlier, computation offloading is another tech-

nique used when executing AI workload across an edge-cloud collabora-

tive network. It is the process of transferring computational workload from

one node to another, a more powerful or appropriate node for execution

across the same network [39] [2].

The main objective is to improve system performance, reduce energy con-

sumption and reduce latency in a resource-constrained heterogeneous en-

vironment [39]. Types of offloading include full, partial, and dynamic of-

floading. In full offloading, the whole task is offloaded and executed on a
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single node device, while in partial offloading, only some parts of the task

are transferred for execution on another node. Lastly, for the dynamic of-

floading, the system decides at runtime where the task should be executed

based on metrics such as network latency, deadlines, bandwidth, or battery

levels [5] [2].

Some of the main benefits of this technique are reduced node workload,

better system performance, and energy saving [39] [26] [19] [23]. One of

the main challenges, however, includes the introduction or increase of la-

tency overhead and how to achieve optimal resource management [39].

System offloading approaches usually rely on the design decisions made

on the partitioning part of the system. How we partition the workload, for

example, aspects such as decision granularity, can highly affect the result-

ing effects from offloading. In an AI-enabled IoT system, a lot of effort and

emphasis has been placed on how to develop the optimal adaptive parti-

tioning and offloading solution [2]. Similarly, this thesis contributes to this

existing work by proposing a new approach that aims to achieve this.
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4

Methodology

4.1 Selection of Research methodology

From the state-of-the-arts research methodologies, we chose to use exper-
iment as the main research methodology. According to Stol & Fitzgerald

[40], an experiment aims to investigate, evaluate, or compare techniques,

practices, processes, or approaches within a real-world and pre-existing

setting. However, to address our research question:

RQ: “to what extent can an adaptive model partitioning algorithm reduce

the energy consumption of resource-constrained devices without violating

real-time latency constraints in a heterogeneous edge-cloud network?”

The specific method chosen within experimental research for this study

was a quantitative physical testbed experiment. This involved creating a

real-world, controlled hardware environment to measure system perfor-

mance on different AI task partitioning strategies. It was chosen because

the research question requires measurable evidence of energy consump-

tion, communication delay, and end-to-end latency under real hardware

conditions. It also provides enough experimental control to compare static

and adaptive partitioning fairly using the same models, devices, and con-

ditions. Therefore, this method offers the best balance between realism,

control, reproducibility, and direct performance measurement.
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4.1.1 Alternative methods considered within experiment

When deciding on the specific type of experiment methodology to use,

there were two other choices that were considered. Firstly, a pure software

simulation, and on the other hand, a fielded experiment. Software simu-

lation was rejected because it cannot accurately account for real-world en-

vironmental variables, as well as there already existing extensive research

done using this approach. For example, Raspberry Pi experiences real ther-

mal throttling when running a heavy AI workload, which drastically im-

pacts both latency and power consumption. In simulation, these environ-

mental variables are optimised and would not provide accurate real world

measurements. On the other hand, a fielded experiment would need a de-

ployment of the system in a production environment such as autonomous

vehicle or system. This was deemed to be unnecessary, overly complicated

and time-consuming within the scope of a master’s thesis. Since the focus

of this study was system performance metrics such as latency and energy

consumption rather than AI model’s accuracy, introducing unpredictable

real-world variables would be hard to isolate and measure the performance

of the partitioning algorithm itself.

Therefore, a physical testbed evaluation was found to be the most suitable

and justified choice to address the research question. using real devices

in a controlled environment, we could feed the DNN models dummy data

and precisely isolate how the partitioning algorithm impacts latency and

energy consumption. This methodology is widely accepted and utilised in

similar Edge-Cloud computing research. For example, the authors of the

DeepThings framework [14] and EdgeCI [9] successfully employed physical

testbeds using Raspberry Pi devices to evaluate latency and energy perfor-

mance for their distributed inference frameworks.

4.1.2 Alternative primary methods considered

Alternative research methodologies such as Design Science Research Method-

ology (DSRM) [41] [42], and case study research [41] [43] were considered

but not used as the primary methodology. DSRM [42] was considered be-

cause this thesis develops a technical artifact, REAP: an adaptive partition-

ing and offloading framework; however, it was not selected as the main

methodology because the central aim of the thesis was not only to design

an artifact, but to quantitatively measure its performance against a static

baseline using energy consumption and latency as evaluation metrics.
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A case study [43] was also considered because the framework was eval-

uated in a specific three-node edge–cloud continuum, but this method

was less suitable because the research required controlled comparison, re-

peated measurements, and numerical performance analysis rather than

an in-depth descriptive investigation of one deployment context. There-

fore, although elements of design science are present in the construction

of the proposed framework, the thesis mainly follows a quantitative phys-

ical testbed experimental methodology, as this best supports the objective

of measuring whether adaptive partitioning reduces energy consumption

without violating latency constraints in a physical heterogeneous edge–cloud

testbed.

4.1.3 Data collection

To gather results, the data collection methods involved a hybrid approach.

For energy consumption measurement, the use of USB electricity was con-

sidered for edge devices. However, this approach was later considered in-

convenient. As a result, software-based OS-level monitoring tools were ap-

plied to measure CPU and GPU data, as well as to log the exact execution

latency for each inference task. This aspect is discussed further in detail in

the next sections below.

4.2 Research Experiment Design and Setup

To properly evaluate the adaptive partitioning algorithm, a heterogeneous

computing environment was established. This setup was designed to re-

flect a realistic Cloud-Edge-End continuum, utilising different tiers of hard-

ware.

4.2.1 Hardware Environment

The physical testbed included 3 computing tiers, representing the different

levels of resource availability in a typical IoT network:

• End Device (Raspberry Pi): This represented a resource-constrained

IoT edge device. It acted as a data source and the primary initiator

of the inference tasks. It is strictly limited by thermal throttling and

power capacity.

• Edge Node (standard laptop): This represented the local edge server,

providing a significant boost to the computational power over the
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Raspberry Pi while also maintaining low network latency via a local

network connection.

• Cloud Node (high-performance Desktop PC (RTX 4070 TI)): This rep-

resented the centralised cloud server, offering the highest computa-

tional capabilities for completing the heaviest inference tasks.

The hardware specifications of the nodes mentioned above are shown in

the table below. Server 2 (GPU cloud is the most computationally capable,

while Raspberry Pi is the least. The table shows the processor type and

speeds of each node device, along with the RAM memory type, speed, and

capacity.

Table 4.1: Hardware specifications of the devices in the end-edge-cloud
nodes

Node Processor RAM Memory

Raspberry Pi
(End)

CPU: 4-core Arm Cortex-A76, 2.4
GHz

8 GB LPDDR4X

Server 1 (Edge) CPU: 4-core Intel Core i7-10510U,
1.80–4.90 GHz

16 GB DDR4, 2667 MT/s

Server 2 (Cloud) GPU: NVIDIA GeForce RTX 4070
Ti, 7680 CUDA cores, 40.09 FP32
TFLOPS

32 GB DDR5, 5600 MHz;
12 GB GDDR6 VRAM

4.2.2 Software and Platform

The experimental framework and the adaptive partitioning algorithm were

developed using Python. The neural network models chosen are imple-

mented using standard deep learning libraries such as PyTorch. To mon-

itor system health and resource bottlenecks during the experiment, stan-

dard OS-level monitoring software was utilised to track real-time Central

Processing Unit (CPU) and GPU utilisation percentages.

For the distributed network connection across all the nodes, Tailscale, a

secure private networking system, was used along with ZeroMQ, an open

source asynchronous messaging library for messaging and sending the pack-

ets across one node to another. Tailscale was also used to introduce throt-

tle, bottleneck and network traffic constraints across the network.

4.2.2.1 Energy consumption measurement

Raspberry Pi
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On the Raspberry Pi, energy was estimated using the Pi’s internal clock to

track compute time.

EPi = PPi × tPi (4.1)

where EPi denotes the estimated energy consumed by the Raspberry Pi

during execution of its assigned model segment, PPi is the assumed con-

stant Raspberry Pi power in watts which is 12W in this case, and tPi is the

measured computation time in seconds for the Raspberry Pi segment. The

Raspberry PI constant of 12 W is multiplied by the measured computation

time to give us the estimated energy consumption during the inference ex-

ecution.

Laptop

For the laptop node, energy was measured using Intel RAPL via the Linux

powercap, which is considered the most accurate estimation of energy us-

age on an Intel-based Linux system such as ours.

Elaptop = e1 − e0 (4.2)

where Elaptop denotes the energy consumed by the laptop during execution

of its assigned model segment, e0 is the RAPL cumulative energy counter

reading taken immediately before computation, and e1 is the RAPL cumu-

lative energy counter reading taken immediately after computation.

PC

On the GPU server, energy consumption was estimated using NVIDIA NVML

through pynvml, which returns an instantaneous GPU power in milliwatts.

EPC =
P0 + P1

2
tcompute (4.3)

where EPC denotes the estimated energy consumed by the PC during exe-

cution of its assigned model segment

P0 is the GPU power measured at the start of computation, P1 is the GPU

power measured at the end of computation, and tcompute is the PC compu-

tation time in seconds.
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4.2.3 DNN Model Selection

The primary objective of this experiment was to evaluate system perfor-

mance metrics, specifically latency and energy consumption. Because of

that, the predictive accuracy of image recognition was outside the scope.

Therefore, instead of using real images, the system used randomly gener-

ated dummy data that match the input dimensions of the respective mod-

els. This approach isolates the computational workload and eliminates un-

necessary variables related to dataset loading or image pre-processing. For

the experiments, we chose models such as VGG, AlexNet, and MobileNet,

which have been used time and time again in most of the recent related

literature [15] [16] [9].

The table below shows the three models that were chosen for the experi-

ment based on their differences in terms of parameters, number of blocks,

and size. Among other models that were considered, such as NiN, ResNet-

34 and others. We choose VGG16 due to its high parameters, blocks and

size, AlexNet for its medium parameters, blocks and size and MobileNetV2

for its low parameters and size. These three represent the full range of com-

plexity in terms of parameters, blocks and size. Two stand at the ends of the

spectrum in terms of size and complexity, while AlexNet sits in the middle.

Table 4.2: DNN Models Used
Model Parameters Blocks Size (MB)
MobileNetV2 2,236,682 21 8.8
AlexNet 61,100,840 21 234
VGG16 138,357,544 39 528

4.2.3.1 VGG-16

The model consists of 13 convolutional layers organised into five blocks,

each block ending with a 2 x 2 max-pooling layer that halves the spatial

resolution. The convolutional stack is followed by three fully-connected

layers and a softmax classifier. All convolutions use a fixed 3 x 3 kernel size

with stride 1 and padding 1, which makes the architecture conceptually

simple but computationally expensive: VGG-16 has 138 million parameters

and requires approximately 15.5 GFLOPs per inference. The model was in-

cluded as a representative of large, dense convolutional architectures that

are difficult to run on resource-constrained devices.
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4.2.3.2 AlexNet

The architecture consists of five convolutional layers, three of which are fol-

lowed by max-pooling, and three fully-connected layers ending in a 1000-

way softmax classifier. The first convolutional layer uses an 11 x 11 kernel

with a stride of 4, which aggressively downsamples the input and produces

a much smaller intermediate activation tensor than VGG-16. AlexNet has

approximately 61 million parameters and requires 0.7 GFLOPs per infer-

ence, making it considerably less computationally demanding than VGG-

16 despite having a comparable number of parameters. The model was

included as a representative of mid-sized convolutional architectures with

classical layer composition.

4.2.3.3 MobileNetV2

The architecture replaces the standard convolutions used in VGG-16 and

AlexNet with inverted residual blocks that combine depthwise separable

convolutions and linear bottlenecks. A depthwise separable convolution

factorises a standard convolution into a depthwise convolution that oper-

ates on each input channel independently, followed by a 1 x 1 pointwise

convolution that combines channels. This factorisation reduces compu-

tation by roughly a factor of k2, where k is the kernel size, at the cost of a

small accuracy reduction. Each inverted residual block also contains a skip

connection between its input and output, which means the block must be

treated as atomic for partitioning purposes - splitting inside a block would

break the residual addition. MobileNetV2 has approximately 2.2 million

parameters and requires 0.3 GFLOPs per inference. The model was in-

cluded as a representative of architectures explicitly designed for edge de-

ployment.

4.3 Experimental Procedure

To ensure that this study is reproducible, the experiment was divided into

three distinct phases. Baseline, the execution of the proposed adaptive par-

titioning algorithm, performance evaluation and comparison.

4.3.1 Baseline

Before introducing the partitioning algorithm, it was necessary to estab-

lish the baseline performance limits of hardware. In this phase, the chosen
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deep learning models were executed on a single device without any task of-

floading. The models were each executed entirely on Raspberry Pi to check

how long it took, as well as how much energy was consumed. Similarly,

they were also executed on both the laptop and a PC to observe and record

the performance data before partitioning. The recorded performance data

were significant for later comparison and evaluations. These baseline exe-

cutions were performed ten times on each device as mentioned previously,

then averaged to achieve more consistent measurements of both energy

and latency.

In the next phase, the distributed network was set up, using a systemati-

cally chosen static partition on each model, each of the three models were

ran on the heterogeneous network to give us the baseline data for a static

partitioning approach. The static partition execution approach was also

run ten times on each model to give us consistent baseline data. The static

split chosen were aimed to ensure that each node of the distributed net-

work does at most a third of the model’s total workload. We chose this ap-

proach to create a baseline where the workload is spread roughly evenly.

This ensured that no single node ended up executing a significantly high

percentage of the computation. This also reflected the kind of split a devel-

oper might reasonably pick when setting up a distributed pipeline without

any runtime profiling, hence making it a practical reference point to com-

pare our adaptive method against. For example, for VGG-16, we chose the

split of (10,30), which means that the Raspberry Pi executes the first ten

blocks of the feature extraction layer, the laptop finishes the remaining 11-

30, while the PC completes the other pooling and classifier layers.

4.3.2 Partitioned Execution

After baseline executions, using the same models (VGG-16, AlexNet and

MobileNetV2) and dummy input tensors, we executed similar inference

runs on the heterogeneous environment, along with REAP: the proposed

adaptive partitioning algorithm. In this phase, the inference task is no

longer statically partitioned and distributed on the heterogeneous network,

but the algorithm dynamically determines where to split the model’s archi-

tecture. The Raspberry Pi executes the initial layers of the model, and based

on where the algorithm determines to cut it, it will send the remaining lay-

ers to either the edge node or cloud node, depending on how complex it

is.
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Just as in the baseline runs, the software tools continuously monitor Rasp-

berry Pi’s energy draw, computational load, and the total time taken to

complete the split task.

4.3.3 Performance Evaluation and Comparison

The final phase of the experiment included a direct quantitative compari-

son between data collected in Phase 1 (baseline) and Phase 2 (partitioned

execution), specifically between the static partition results and the adap-

tive partitioning results.

Evaluation metrics

The evaluation focused on two primary metrics:

• Total End-to-End Latency : Measured in milliseconds (ms). For both

static and adaptive partition execution, this total time includes local

computation time on the Pi, the network transmission time to send

the intermediate features, and the remote computation time on the

Edge/Cloud server.

• Energy Consumption : Measured in Joules (J). The total physical power

drawn by the Raspberry Pi, laptop and PC during the inference task,

as recorded through the previously explained calculations, both for

static and adaptive partition approaches.

By comparing the partitioned results to the baseline, the evaluation deter-

mined if the adaptive algorithm has successfully reduced the energy con-

sumption on resource-constrained devices while maintaining or even im-

proving overall latency. This will, as a result, answer the question of the

extent to which the adaptive model partitioning algorithm has reduced the

energy consumption without violating real-time latency constraints in our

heterogeneous edge-cloud network.

4.4 REAP: Runtime Energy-aware Adaptive Partition-
ing and Offloading Framework

As described in the previous sections, the main architecture of our solution

is a 3-tier system made up of end(Raspberry Pi), edge (CPU-Laptop), and

cloud (GPU-PC). In this architecture, the inference begins on the Pi, inter-

mediate activations are forwarded to the laptop, then the rest to the PC,

which produces the final results. The chosen split is represented as (i, j)
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The partitioning scheme is defined as follows:

• The Raspberry Pi executes feature layers 0 . . . i

• The laptop executes feature layers i+ 1 . . . j

• The PC executes feature layers j+1 . . . N−1, followed by the classifier

head

where;

0 ≤ i < j < Nfeatures

REAP determines at runtime how the CNN model inference workload should

be partitioned across end, edge, and cloud nodes to reduce the energy con-

sumption while maintaining an acceptable latency. During runtime, the

framework is designed to periodically evaluate if the current split is still

the most optimal choice given the resources at that particular time. Based

on runtime measurements of computation and communication cost, the

framework only changes the current partition if it predicts a better choice

than the current one.

Similar to many recent solutions from related literature, our solution was

designed and implemented in Python, as shown in the pseudocode from

Algorithms 1 2 3 4 5 6 in the sections below.

The framework has five major algorithmic stages.

• Stage 1: Offline profiler shown in Algorithm 1

• Stage 2: Two-point link probe, Algorithm 2

• Stage 3: Candidate split latency and energy estimator as shown in Al-

gorithm 3

• Stage 4: Best candidate split search happen in Algorithm 4

• Stage 5: Run-time inference scheduler execution probe will perform

according to Algorithm 5

4.4.1 Offline profiler

Before we could determine where to partition the workload in an adaptive

runtime manner, we used the offline profiler, which profiles the model in

use. The profiling phase results in two main tables: the activation size table

and the relative compute weight table.
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The activation size table stores the size of the activation tensor in bytes.

This implies that, if the model is cut after layer i , the Pi must transmit a

certain number of bytes to the laptop; similarly, if we cut after layer j, the

laptop must transmit a certain number of bytes to the PC. This lets the al-

gorithm know the size of bytes to be transmitted from one node to another,

if we split at a candidate point (i, j).

The profiler also measures the execution time of each layer once and then

normalises the time. This weight is stored in the relative compute weight

table. In this part, each layer is assigned a fraction of the total model work.

Later, runtime measurements from a few partitions can be scaled to esti-

mate unseen partitions using the profiled baselines as a reference for the

estimation calculations.

The offline profiling phase records the activation sizes at every feature bound-

ary, then assigns each layer a normalised compute weight. The algorithm

is shown in the pseudocode below.

Algorithm 1 Offline profiling of a neural networkN
Require: Pretrained network N with ordered feature children F =

(f0, f1, . . . , fN−1) and classifier head H

Ensure: Per-layer activation sizes B and relative compute weights W

1: x← randn(1, 3, 224, 224)

2: for k ← 1 to 3 do ▷ warmup

3: x′ ← H(F(x))
4: end for
5: x← randn(1, 3, 224, 224)

6: for i← 0 to N − 1 do
7: t0 ← now()

8: x← fi(x)

9: T [i]← now()− t0

10: B[i]← numel(x) · elementSize(x)

11: end for
12: t0 ← now(); _← H(x); T [N ]← now()− t0

13: W [k]← T [k] /
∑

j T [j] for all k ∈ {0, . . . , N}
14: return B,W

4.4.2 Two-point link probe

After measuring the activation sizes in bytes, we need to estimate the com-

munication cost between our nodes. For this, we use the two-point link
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probe to measure the round-trip time of sending two payloads of different

sizes (one large, one small), denoted as s1 and s2. We transmit each pay-

load multiple times, and the average round-trip time is computed for each

in order to reduce the effect of short-term timing noise. This is denoted as;

rtth(s) = ω +
s

β
(4.4)

where rtth(s) is the round-trip for payload size s on hop h, w is the fixed

communication overhead, and β is the effective throughput in bytes per

second.

after obtaining the average round-trip times τ [s1] and τ [s2] , the throughput

is estimated as shown in Eq.(4.5).

β =
s2 − s1

τ [s2]− τ [s1]
(4.5)

and the fixed overhead as;

ω = max

(
0, τ [s1]−

s1
β

)
(4.6)

The resulting pair (ω, β) provides a concrete model of the link between two

nodes, which can later be used to estimate the transfer time of any activa-

tion tensor resulting from a chosen split pair. This part of the algorithm is

shown in the pseudocode illustration below.
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Algorithm 2 Two-point link probe
Require: Hop h with round-trip function rtth(s); sizes s1 ≪ s2; repeat

count r

Ensure: Link model (ω, β) where ω is fixed overhead and β is throughput

in bytes/second

1: for s ∈ {s1, s2} do
2: τ [s]← mean

(
{rtth(s) : k = 1, . . . , r}

)
3: end for
4: if τ [s2] ≤ τ [s1] then return previous model ▷ malformed probe; keep

stale values

5: end if
6: compute β using Eq.(4.5)

7: ω ← max
(
0, τ [s1]− s1/β

)
8: return (ω, β)

4.4.3 Candidate split latency and energy estimator

As previously described, a candidate split is described by a pair of indices

(i, j), where i is the index of the last feature layer executed on the Raspberry

Pi, and j is the index of the last feature layer on the laptop. The PC always

executes the remaining feature layers and the classifier head. Algorithm 3

takes this candidate together with the per-layer compute weights from al-

gorithm 1, the per-node compute speeds and energy rates measured dur-

ing execution, the link models from algorithm 2, and the activation byte

sizes from each cut point. It returns predicted end-to-end latency, the pre-

dicted Raspberry Pi energy, and the predicted total system energy for that

candidate.

The latency prediction is the sum of three computation times, one per node

and two transfer times, one per link. The Raspberry Pi energy prediction

is its compute time multiplied by the constant 12 W power model. The

laptop and PC energy predictions multiply each node’s compute time by

the empirical energy rate measured from previous runs. The total energy

is the sum of all three. These predictions are estimates rather than mea-

surements; the actual values will be observed once the candidate is run in

production, and any discrepancy between the estimate and the measure-

ment informs the next re-evaluation cycle. This part of the framework is

illustrated through the pseudocode below.
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Algorithm 3 Estimate latency and energy of a candidate split (i, j)
Require: Candidate (i, j); per-layer compute weights W ; per-node

speeds (σPi, σLap, σPC); per-node energy rates (ρLap, ρPC); link models

(ωpl, βpl) and (ωlp, βlp); payload table B

1: wPi ←
∑i

k=0W [k]

2: wLap ←
∑j

k=i+1W [k]

3: wPC ←
∑N

k=j+1W [k]

4: tPi ← σPi · wPi; tLap ← σLap · wLap; tPC ← σPC · wPC

5: tpl ← ωpl +B[i]/βpl

6: tlp ← ωlp +B[j]/βlp

7: L̂← tPi + tLap + tPC + tpl + tlp

8: ÊPi ← PPi · tPi ▷ PPi: fixed Pi power model (12 W)

9: ÊLap ← ρLap · tLap; ÊPC ← ρPC · tPC

10: Êtot ← ÊPi + ÊLap + ÊPC

11: return (L̂, ÊPi, Êtot)

4.4.4 Best candidate split search

Algorithm 4 evaluates every valid partition point and returns the one that

minimises the score function defined below. A partition (i, j) is considered

valid if the Raspberry Pi runs at least the minimum of 1 layer, and the laptop

runs at least one layer as well.

For each valid candidate, Algorithm 4 first calls Algorithm 3 to obtain the

predicted latency and energies. Then two filters are applied. The first filter

rejects candidates whose predicted latency exceeds the deadline, ensuring

that no candidate with an unacceptable latency can be selected, regardless

of how energy-efficient it might be. The second filter rejects candidates

whose normalised score exceeds the score of the static baseline split; this

ensures that the adaptive framework can never produce a result worse than

the static baseline that it is intended to improve upon. Candidates who

pass both filters are scored using the weighted sum

S = wPi ·
ÊPi

nPi
+ wtot ·

Êtot

ntot
+ wlat ·

L̂

nlat
(4.7)

where the weights are chosen by the user, and the normalisation anchors

are average measured values from a set of probe splits run at startup. Nor-

malisation makes the score dimensionless and ensures that each weight
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Algorithm 4 Find best candidate split
Require: Rates and link models (as in Alg. 3); weights w = (wPi, wtot, wlat);

normalization anchors n = (nPi, ntot, nlat); baseline score S⋆; deadline
Lmax; minimum Pi layers m; current split c

1: (s⋆best, Sbest)← (NONE, +∞)
2: for (i, j) ∈ {(i, j) : m−1 ≤ i < j < N} do
3: if (i, j) = c then continue ▷ exclude currently-running split
4: end if
5: (L̂, ÊPi, Êtot)← ESTIMATE(i, j, . . .) ▷ Alg. 3
6: if Lmax > 0 and L̂ > Lmax then continue ▷ deadline pre-filter
7: end if

8: S ← wPi ·
ÊPi

nPi
+ wtot ·

Êtot

ntot
+ wlat ·

L̂

nlat
9: if S > S⋆ then continue ▷ must beat static baseline

10: end if
11: if S < Sbest then
12: (s⋆best, Sbest)← ((i, j), S)
13: end if
14: end for
15: return s⋆best

has a comparable influence on the results regardless of the absolute magni-

tudes of the underlying quantities. This part of the framework is illustrated

in the pseudocode shown below in algorithm 4.

All the phases of the framework algorithm described through algorithm 1,

2 & 3 are clearly illustrated in diagram 4.1 above. The diagram shows the

process flow from all three and how we proceed from one to the other.

4.4.5 Adaptive distributed inference scheduler

The adaptive scheduler is designed and implemented in two main phases

• phase 1a: Measures the initial split and defines the baseline threshold

to achieve the improvements to.
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• phase 1b: Run three additional probe splits, which are chosen auto-

matically from the network’s layer count.

• phase 1c: Use the measured data to estimate all possible splits and

choose the best starting one

• phase 2: Run, re-evaluate the resource availability and environmental

conditions in the network and switch only when a new split that beats

the current one by more than 3% is found.

In phase 1a of the scheduler, the algorithm starts with a user-defined ini-

tial split. It then runs the split for the first few inferences to compute and

record the nodes’ latency and energy consumption. These data are used as

the baseline reference point threshold to be beaten. This part is important

because it allows the scheduler to record and learn from actual runs of the

model in use. The two main outcomes from this phase are the algorithm’s

reference operating point and a clear threshold to beat, which subsequent

estimated candidates are compared against as we later adaptively improve

the partitioning and offloading processes.

In phase 1b, after measuring the baseline, we probe three new splits: a PC-

heavy, a balanced, and a PI-heavy split to expose different workload distri-

butions to the scheduler. The layer count per node is calculated automati-

cally based on the model’s layer count. The purpose is to help the estima-

tor infer device-specific execution rate parameters across a wide operating

range. This phase is important because the splits are used to identify sys-

tem behaviour when under different workload weights. Both phase 1a and

1b as described above can be seen clearly illustrated and simplified in fig-

ure 4.1

In phase 1c, armed with the baseline and probe data, the scheduler com-

putes a normalised objective scaling factor, which is the main scheduler’s

decision policy.

S(i, j) = wπ
Êπ(i, j)

Nπ
+ wtot

Êtot(i, j)

Ntot
+ wlat

L̂(i, j)

Nlat
(4.8)

where: λπ, λtot, λlat are user defined weights.

• λπ weight for the PI energy

• λtot weight for the total system energy

• λlat weight for the latency
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By calculating the estimated latency and energy consumption of each can-

didate split, and their corresponding objective weight as shown in figure

4.1, we can compare whether the new split can better meet the optimisa-

tion objective, which is to reduce the energy consumption without violat-

ing the latency deadline window. On the objective scale, we give both pi

and overall energy more weight compared to latency. In most instances,

the default weight for pi energy was set at the range of 0.9 to 0.6, while that

of total energy cost was at 0.2 to 0.3. The latency weight always ranges be-

tween 0.1 and 0.3 at most.

In phase 2, the scheduler enters steady-state operation and runs the se-

lected split for Rsteady inferences at a time. At the end of each window, it

refits the per-layer compute speeds using both the phase 1 data and the

most recent window combined, re-probes both network links using Algo-

rithm 2, and re-runs the candidate search of Algorithm 4 with the updated

parameters. If the new candidate’s score improves on the current split by

at least the threshold (set to 3%), the scheduler switches to it. If the cur-

rent split had violated the latency deadline Lmax during the window, the

switch is forced regardless of the improvement margin. If the deadline is

violated but no better candidate exists, the scheduler falls back to the static

baseline c0 as the safest known configuration. This periodic re-evaluation

is what makes the framework adaptive: changes in network bandwidth or

node compute load are captured by the re-probing and re-fitting steps and

reflected in the next candidate selection. This logic and process is what we

called the flow state and can be seen as illustrated in figure 4.2.

The 3% threshold was chosen to prevent the scheduler from repeatedly

switching between splits that only differ marginally in score. Since the pro-

filing measurements for energy and latency carry some natural run-to-run

variance, a very small improvement could simply reflect noise rather than

a genuinely better configuration. Setting the bar at 3% filters out these fluc-

tuations while still being low enough to let the system react when network

or device conditions change in a meaningful way. This phase of the frame-

work is shown in the pseudocode illustrations in Alg 5 showing the first

initialisation part and Alg 6 showing the steady flow state part which has

the periodic re-evaluation.
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Algorithm 5 Adaptive distributed inference scheduler – Initialisation
Require: Model N ; initial split c0; weights w; deadline Lmax; Rprofile

baseline runs; Rprobe runs per probe split; Rsteady runs per re-
evaluation window; warmup kwarm; switch improvement threshold θ
Phase 1a: baseline run (defines threshold to beat)

1: (B,W )← PROFILE(N ) ▷ Alg. 1
2: Dbase ← ∅; c← c0
3: for r ← 1 to Rprofile do
4: s← RUNINFERENCE(c)
5: if r > kwarm thenDbase ← Dbase ∪ {s}
6: end if
7: end for
8: (bPi, btot, blat)← mean energies and latency overDbase

Phase 1b: probe reference splits to ground per-layer rates
9: P ← PROBESPLITS(N,m) ▷ 3 splits at fifths of the feature range

10: Dprobe ← ∅
11: for all p ∈ P \ {c0} do
12: for r ← 1 to Rprobe do
13: s← RUNINFERENCE(p)
14: if r > kwarm thenDprobe ← Dprobe ∪ {s}
15: end if
16: end for
17: end for

Phase 1c: fit rates, probe links, choose starting split
18: n← mean energies and latency overDprobe ▷ normalization

independent of c0
19: S⋆ ← wPi(bPi/nPi) + wtot(btot/ntot) + wlat(blat/nlat)
20: σ, ρ← FITRATES(Dbase ∪ Dprobe, W )
21: (ωpl, βpl), (ωlp, βlp)← LINKPROBE() ▷ Alg. 2
22: c← FINDBEST(σ, ρ, ω, β,w,n, S⋆, Lmax,m, NONE) ▷ Alg. 4
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Algorithm 6 Adaptive distributed inference scheduler – Steady state
Require: Current split c; baseline split c0; weights w; deadline Lmax;

Rsteady runs per re-evaluation window; warmup kwarm; switch im-
provement threshold θ; Phase-1 dataDphase1 = Dbase ∪ Dprobe
Phase 2: steady state with periodic re-evaluation

1: while budget not exhausted do
2: W ← ∅
3: for r ← 1 to Rsteady do
4: s← RUNINFERENCE(c)
5: if r > kwarm then W ←W ∪ {s}
6: end if
7: end for
8: L̄← mean latency overW
9: σ, ρ← FITRATES(Dphase1 ∪W, W ) ▷ Phase-1 data keeps rates

grounded
10: (ω, β)← LINKPROBE()
11: c′ ← FINDBEST(σ, ρ, ω, β,w,n, S⋆, Lmax,m, c)
12: Sc, Sc′ ← SCORE(c, . . .), SCORE(c′, . . .)
13: ∆← (Sc − Sc′)/Sc ▷ relative improvement

14: deadlineHit← (Lmax > 0 ∧ L̄ > Lmax)
15: if deadlineHit ∧ c′ ̸= c then
16: c← c′ ▷ FORCED switch (deadline violation)
17: else if c′ ̸= c ∧∆ ≥ θ then
18: c← c′ ▷ NORMAL switch
19: else if deadlineHit ∧ c ̸= c0 then
20: c← c0 ▷ fall back to static baseline
21: end if
22: end while
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5

Results

This chapter presents the quantitative data collected during the experi-

mental phase described in Chapter 4. The evaluation consisted of three

sets of measurements. First, single-device baselines recorded for each of

the three models running entirely on the Raspberry Pi, on the laptop CPU,

and on the PC GPU. Second, the same models executed using a three-node

static partitioning scheme in which split points are fixed before the run be-

gins. Third, the models executed using the adaptive partitioning frame-

work, in which the scheduler selects split points at runtime. All measure-

ments used 500 inference passes with a dummy input tensor of shape 1 x 3

x 224 x 224, and were repeated 10 times to obtain a more accurate average.

Energy consumption was recorded using the in-process instrumentation

where the Raspberry Pi used a constant 12 W power model multiplied by

measured compute time, laptop used Intel RAPL interface and PC through

the NVIDIA NVML library as described in the experimental procedure. La-

tency was measured using the Python time library.

5.1 Single-Device Baselines

Tables 5.1, 5.2, and 5.3 report the average per-inference latency and energy

consumption when each model were executed entirely on a single device,

with no network transfers.

The three devices differ by roughly two orders of magnitude in both latency

and energy cost. The PC GPU completes VGG-16 in 1.16 ms and AlexNet in
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Table 5.1: PC (GPU) baseline results
Model Average

Latency (ms)
Average

Energy (J)

VGG 1.164 0.03686

AlexNet 0.83 0.0240

MobileNetV2 4.175 0.0923

Table 5.2: Laptop (CPU) baseline results

Model Average Average

Latency (ms) Energy (J)

VGG 169.908 2.5486

AlexNet 20.988 0.3150

MobileNetV2 15.954 0.2394

0.83 ms, while the Raspberry Pi requires 666.87 ms and 132.40 ms, respec-

tively. MobileNetV2 shows a smaller gap because the model is specifically

designed for mobile inference: the Pi completed it in 71.90 ms and the GPU

in 4.18 ms, a difference of 17 times rather than the 570 times observed for

VGG-16. The laptop CPU sits between the two extremes, with per-inference

latency of 169.91 ms for VGG-16, 20.99 ms for AlexNet, and 15.95 ms for

MobileNetV2. The same ordering holds for energy consumption: the Rasp-

berry Pi consumes between 0.86 J (MobileNetV2) and 8.00 J (VGG-16) per

inference, the laptop between 0.24 J and 2.55 J, and the GPU between 0.024

J and 0.0092 J.

5.2 Static Partitioning Baseline

Table 5.4 reports the per-inference results when the three models were ex-

ecuted across the three-node chain using a fixed partitioning scheme. For

VGG-16, the Raspberry Pi executed feature layers 0 through 10, the lap-

top executed feature layers 11 through 30, and the PC executed the classi-

fier head. For AlexNet, the Raspberry Pi executed feature layers 0 through

9, and the laptop executed feature layers 10 through 12 together with the

adaptive average pooling module, and the PC executed the classifier. For

MobileNetV2, the Raspberry Pi executed the first 10 blocks of the feature

stack, the laptop executed the remaining 9 blocks, and the PC executed the
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Table 5.3: Raspberry Pi baseline results
Model Average

Latency (ms)
Average

Energy (J)

VGG 666.87 8.0024

AlexNet 132.40 1.5888

MobileNetV2 71.90 0.8628

Table 5.4: Total average performance data across static partitioning

Model Pipeline Edge (Pi) Fog (Laptop) Cloud (PC) Total

Latency Energy (J) Energy (J) Energy (J) Energy (J)

(ms)

VGG 525.142 2.297 2.491 0.905 5.693

AlexNet 78.148 0.237 0.082 0.356 0.675

MobileNetV2 98.457 0.624 0.268 0.027 0.919

pooling and classifier head. These specific cut points were chosen to place

roughly one-third of the feature extraction work on each node.

Relative to the Raspberry Pi single-device baseline, static partitioning re-

duced the end-to-end latency for VGG-16 by 21.2 percent (from 666.87 ms

to 525.14 ms) and for AlexNet by 41.0 percent (from 132.40 ms to 78.15 ms).

For MobileNetV2, the chain introduced additional latency overhead rather

than reducing it: the end-to-end time grew from 71.90 ms on the Pi alone

to 98.46 ms across the chain, an increase of 36.9 percent. The total sys-

tem energy for the chain is 5.69 J for VGG-16, 0.68 J for AlexNet, and 0.92 J

for MobileNetV2. The distribution of energy between the three nodes dif-

fered markedly between models. For VGG-16, the Raspberry Pi consumed

2.30 J, the laptop consumed 2.49 J, and the PC consumed the remaining

0.91 J. For AlexNet and MobileNetV2, the Raspberry Pi remained the largest

contributor per inference (0.24 J and 0.62 J, respectively), while the laptop

contribution was considerably smaller (0.08 J and 0.27 J).

5.3 Adaptive Partitioning

Table 5.5 reports the same per-inference metrics when the adaptive parti-

tioning scheduler controled the split points. For each model, the sched-

uler first ran a profiling phase consisting of 50 inferences at the initial static
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Table 5.5: Total performance average results from our proposed partition-
ing framework

Model Pipeline Edge (Pi) Fog (Laptop) Cloud (PC) Total

Latency Energy (J) Energy (J) Energy (J) Energy (J)

(ms)

VGG-16 491.855 1.489 1.235 0.930 3.654

AlexNet 60.233 0.078 0.097 0.259 0.434

MobileNetV2 84.479 0.494 0.078 0.099 0.670

split, followed by 15 inferences at each of three probe splits selected auto-

matically from the model’s layer count. The scheduler then computed the

per-layer compute rates and per-link bandwidth parameters, selected the

split that minimizes the weighted score function, and entered the steady

state phase with re-evaluation every 100 inferences.

Under adaptive partitioning using REAP, the total system energy was 3.65

J for VGG-16, 0.43 J for AlexNet, and 0.67 J for MobileNetV2. End-to-end

latency was 491.86 ms for VGG-16, 60.23 ms for AlexNet, and 84.48 ms for

MobileNetV2. For all three models, the REAP framework consumed less

energy and completed inference faster than the static partitioning baseline

reported in Table 5.4. The per-node energy distribution also changed be-

tween the two configurations. For VGG-16, the Raspberry Pi energy contri-

bution dropped from 2.30 J under static partitioning to 1.49 J under adap-

tive partitioning, and the laptop contribution dropped from 2.49 J to 1.24

J. For AlexNet, the Raspberry Pi contribution dropped from 0.24 J to 0.08

J. For MobileNetV2, the Raspberry Pi contribution dropped from 0.62 J to

0.49 J, while the PC contribution rose from 0.03 J to 0.10 J

5.4 Comparison of Static and Adaptive Partitioning

Table 5.6 shows the results of the adaptive framework as percentage reduc-

tions in latency and total system energy relative to the static partitioning

baseline.

The energy reduction ranges from 27.09 percent for MobileNetV2 to 35.82

percent for VGG-16, and the latency reduction ranges from 6.34 percent

for VGG-16 to 22.92 percent for AlexNet. For all three models, the energy

reduction is larger in magnitude than the latency reduction. Figure 5.1 and

Figure 5.2 show the absolute values for latency and total system energy side
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Table 5.6: overall percentage improvement achieved by adaptive partition-
ing over static partitioning

Model Latency Reduction (%) Energy Reduction (%)
VGG-16 6.34 35.82
AlexNet 22.92 35.70
MobileNetV2 14.20 27.09

VGG-16 AlexNet MobileNetV2
0

200

400

600
525.14

78.15
98.46

491.86

60.23
84.48P

ip
el

in
e

La
te

n
cy

(m
s)

Static Partitioning Adaptive Partitioning

Figure 5.1: Pipeline Latency Comparison: Static vs. Adaptive Partitioning

by side for the static and adaptive configurations, and Figure 5.3 shows the

relative reductions as percentages.

The three models differ in how the adaptive framework distributed the sav-

ings between energy and latency. VGG-16 shows the largest absolute en-

ergy reduction (2.04 J per inference) and the largest percentage energy re-

duction (35.82 percent), while also showing the smallest latency reduction

(33.28 ms, or 6.34 percent). AlexNet shows both a large energy reduction

(0.24 J, or 35.70 percent) and the largest latency reduction (17.92 ms, or

22.92 percent). MobileNetV2 shows the smallest percentage energy reduc-

tion of the three (27.09 percent) and a latency reduction of 14.20 percent.

Across all three models, the adaptive framework produces measurable re-

ductions in both metrics relative to the static chain baseline, with energy

reductions consistently exceeding latency reductions in percentage terms.
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Figure 5.2: Total System Energy Comparison: Static vs. Adaptive Partition-
ing

Table 5.7: Variability of results across experimental runs (mean± standard
deviation)

Model Approach Pipeline Latency (ms) Total Energy (J)
VGG-16 Static 525.142± 11.31 5.693± 0.158

Adaptive 491.855± 17.00 3.654± 0.202
AlexNet Static 78.148± 11.81 0.675± 0.091

Adaptive 60.233± 4.65 0.434± 0.082
MobileNetV2 Static 98.457± 1.65 0.919± 0.025

Adaptive 84.479± 2.05 0.670± 0.063

Table 5.7 above shows the standard deviation of the per-run averages across

the experimental repetitions for both the static and adaptive configura-

tions.
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6

Discussion

To answer our research question, to what extent can an adaptive model

partitioning algorithm reduce the energy consumption of resource-constrained

devices without violating real-time latency constraints in a heterogeneous

edge-cloud network? We will address it in two main parts: the energy-

related part first, followed by the latency part.

6.1 Energy reduction

To address the energy focus part of the research question, we needed to

answer the sub-question: to what extent can an adaptive model partition-

ing algorithm reduce the energy consumption of resource-constrained de-

vices? To fully cover this, in the results, we measured and compared the

energy consumption on each independent device (standalone), statically

and lastly on our adaptively partitioned framework. The results from the

experiment showed that our proposed adaptive framework resulted in a

significant energy reduction across all models: VGG16, AlexNet and Mo-

bileNetV2. Using REAP in comparison to the static partition baseline, the

energy was reduced by 35.82% in VGG16, 35.70% for AlexNet and by 27.09%

for MobileNetV2. This effectively shows that the adaptive framework ap-

proach is significantly better in preserving energy than other approaches,

such as static. The significance of this outcome is that it shows that the

employment of an adaptive partitioning and offloading approach across a

real-life heterogeneous network outside of a simulation environment can
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realistically reduce the energy consumption across the network despite the

unpredictability of such networks and systems. It also shows and implies

that an energy reduction of 27% to 35% on a larger scale can lead to a sig-

nificant energy reduction overall.

6.2 Latency reduction

To address the latency focus part of the research, we had to answer the sub-

question: Can energy reduction be achieved without violating real-time

latency? The results according to the previous table 5.6 showed that, not

only were we able to achieve energy reduction without violating the initial

real-time latency, but were also able to achieve a reduction of the network

latency. From the results, we observed that the network end-to-end latency

was reduced by 6.34% in VGG16, 22.92% in AlexNet and by 14.20% for Mo-

bileNetV2. This was significant because it clearly demonstrated that, even

though at times the process of task offloading may introduce additional

latency overhead, it is possible to achieve latency reduction while simul-

taneously reducing the energy consumption. This scenario was observed

when dealing with the MobileNetV2 model. When ran solely on Raspberry

Pi, the latency was 71.90ms, when statically partitioned across the three

nodes, the latency went up to 98.457ms, and when on the adaptively par-

titioned framework, it went back down to 84.479ms. This showed that the

process of offloading, along with the unique architecture of MobileNetV2,

led to the introduction of additional latency overhead. However, our adap-

tive framework reduced this overhead resulting from the static partition of

the model’s workload.

6.3 Model’s evaluation

The three models were different in a meaningful way in how they respond

to adaptive partitioning, and these differences are explained by the archi-

tectural properties of each network and the hardware characteristics of the

Raspberry Pi

• VGG-16

Showed the largest absolute energy saving (2.04 J) and smallest la-

tency reduction 6.34%. This is because VGG-16 was the most com-

putationally expensive network in this thesis, it took 666.82 ms and

consumed 8.00 J when executed entirely on the Raspberry Pi. The
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high cost in Raspberry Pi gave the scheduler substantial headroom

to reduce energy by offloading layers to faster nodes. However, VGG-

16’s activation tensors are large, the output of the first convolutional

block alone was 3.2 MB, which meant that pushing the cut point ear-

lier in the network increased the data that must be serialised and

transferred across the network link. The scheduler was therefore con-

strained in how aggressively it could offload. Moving too many layers

from raspberry Pi saved compute energy but introduced transfer la-

tency that partially offset the gain.

• AlexNet

Showed the highest latency reduction of 22.92% alongside strong en-

ergy reduction of 35.70%. AlexNet’s first convolutional layer uses an

11x11 kernel with a stride of 4, which aggressively downsamples the

input and produces activation tensors that are considerably smaller

than VGG-16’s at comparable cut points. This gave the scheduler

more freedom to place the cut point early in the network without pay-

ing a large transfer cost. The combination of meaningful raspberry

Pi compute savings and low transfer overhead resulted in improve-

ments on both metrics simultaneously rather than trading one for the

other.

• MobileNetV2

Showed the smallest energy reduction of 27.09% and latency slower

than raspberry Pi-alone (84.48 ms vs 71.9 ms). MobileNetV2 was specif-

ically designed for resource-constrained mobile devices and uses depth-

wise separable convolutions that are computationally cheap. Rasp-

berry PI could already execute the entire model inference in 71.90 ms

at 0.86 J, which left the scheduler with relatively little energy head-

room to exploit compared to VGG-16 or AlexNet. At the same time,

the overhead of serialising the intermediate activations, transferring

them across two network hops, and deserialising them on the receiv-

ing node exceeds the compute time saved by offloading. The adap-

tive framework reduced this overhead compared to the static base-

line (from 98.46 ms to 84.48 ms) by selecting splits that minimise the

transfer cost, but it could not fully eliminate the network overhead.

This result suggested that for lightweight models where end devices

such as raspberry Pi are already fast, the value of distributed inference

lies more in reducing the end devices’ energy than reducing latency.

57



6.4 Statistical consistency of the results

As shown in Table 5.7, for all three models, the energy distributions of the

static and adaptive configurations showed no overlap, confirming that the

reported energy reductions were not artifacts of measurement noise. For

latency, AlexNet and MobileNetV2 showed clear separation, while VGG-16

showed marginal overlap consistent with the modest 6.34 percent improve-

ment explained by the high transfer cost of its large activation tensors. A

secondary observation was that for AlexNet, the adaptive framework pro-

duced noticeably lower latency variance than the static baseline (4.65 ms vs

11.81 ms), which indicated that periodic re-evaluation not only improved

average performance but also increased consistency by reacting to runtime

fluctuations.

6.5 Adaptivity in edge cases

To test out how adaptive the algorithm was, during the experiment, net-

work throttling was introduced from the command line for Tailscale. It

was used on the laptop to artificially reduce the data transmission speed

to the PC node and see how well the adaptive framework would handle

it. Since most models’ partitioning started early, due to the high internet

speeds and PC’s ability to compute layers much faster when the laptop

node and PC node speed were reduced, the scheduler detected the band-

width drop through the link probe and migrated to splits with smaller WAN

payloads. when normal speed was restored, it migrated back to the origi-

nal splits. This was the strongest evidence of adaptivity that the framework

showcases. It was not only picking the best static split at startup, but also

reacted to environmental changes during operation.

Specifically, when the laptop-to-PC link was throttled to approximately 5

Mbit/s using the Linux traffic control utility, the scheduler shifted from a

split that sent 1.6 MB across the WAN to one that sent only 98 KB by keep-

ing more layers on the laptop and sending a smaller activation tensor to

the PC. When the throttle was removed, and the link returned to its normal

speed of approximately 40 MB/s, the scheduler detected the bandwidth re-

covery on the next re-evaluation cycle and migrated back to the original

split that utilised the PC more heavily. The transition in both directions oc-

curred within a single re-evaluation window of 100 inferences, which cor-

responds to approximately 50-60 seconds of wall-clock time depending on

the model. This demonstrated that the framework’s adaptation was not
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merely theoretical but operated on a timescale that is practical for real de-

ployments where network conditions fluctuate.

6.6 Ethical Considerations

This thesis did not involve human subjects, personal data, or privacy-sensitive

information, as all inference tasks were executed using randomly gener-

ated dummy input tensors. The primary ethical implication of this work

concerned energy consumption and environmental sustainability. As AI

inference workloads scale across large IoT deployments, the cumulative

energy cost becomes a meaningful concern, and the 27% to 35% energy

reductions demonstrated in this thesis suggest that adaptive partitioning

can contribute to more resource-efficient AI systems at scale. A secondary

consideration concerned reliability in safety-critical contexts. Although the

framework included safeguards such as a deadline pre-filter and fallback

mechanism to the static baseline, the system has only been validated in a

controlled testbed environment. So, deploying it in latency-critical appli-

cations such as autonomous driving or medical monitoring systems would

require additional validation beyond the scope of this thesis. No external

funding or conflicts of interest influenced the design or reporting of the

results.

6.7 Conclusion

Due to the limited research work focusing objectively on reducing energy

consumption in AI workload partitioning and offloading in a heterogeneous

edge-cloud network, and the dominating use of simulation approaches in

the available works. This thesis explored and investigated the extent to

which an adaptive model partitioning algorithm can reduce energy con-

sumption of resource-constrained devices without violating real-time la-

tency constraints in a heterogeneous edge-cloud network. The work fo-

cused on implementing and testing an adaptive partitioning framework in

a real-world experiment. To create a heterogeneous edge-cloud environ-

ment, we used a Raspberry Pi as an end node, a CPU laptop as an edge

node and a GPU server PC as the cloud node. Using models such as VGG16,

AlexNet and MobileNetV2, the adaptive partitioning and offloading frame-

work was tested and validated. The results showed that the algorithm achieved

up to 35% energy reduction for both VGG16 and AlexNet, and a 27% reduc-

tion in MobileNetV2. These results showed that an adaptive partitioning
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solution can significantly reduce energy consumption while successfully

reducing or maintaining the overall latency.

Despite the difference in the optimisation objective, in comparison to other

related works, these results aligned with some of the most recent proposed

solutions. Li et al. [16] adaptive model partitioning and pruning frame-

work achieved an average inference reduction of 27.313%. Similarly, Chen

et al. [9] EdgeCI achieved an inference latency improvement of 34.72% to

43.52%. In another energy-related work, Fang et al. [19] achieved sub-

stantial power efficiency using a Deep Reinforcement Learning (DRL) con-

tent offloading solution. Consequently, this makes our new framework

REAP one of the most recent solutions that focuses on energy consump-

tion instead of latency and was able to achieve similar percentage improve-

ments, hence addressing a very essential gap and contributing to the cur-

rent knowledge. Additionally, unlike other partitioning and offloading so-

lutions that use techniques such as RL, parallel inference mechanisms and

more, our solution used a single objective function as the main decision

policy and could be considered more adaptive due to its constant periodic

evaluation of the environmental conditions, factors, and resources at run-

time. This shows that, regardless of the optimisation objective, adaptive

partitioning and offloading can be a great solution for efficiently managing

computational load balance and resources in a heterogeneous edge-cloud

network.

6.8 Limitations

Despite the positive results from the experiment, some limitations are worth

mentioning. One of the potential limitations is that the partitioning and

offloading framework was tested only on CNN models and not on other ar-

chitectures such as transformers, RNN or Encoder-Decoder models. This,

as a result, only limits it to a specific category of DNN models and hence

cannot be fully considered generalised. Another limitation is that the per-

formance and results of our new framework have not been compared hand-

in-hand to other state-of-the-art partitioning and offloading frameworks

such as EdgeCI, DeepThing or any other that optimises energy consump-

tion. This would give our framework a good comparative analysis and a full

view of its performance when compared with other similar solutions.

Additionally, the energy measurement approaches and methods used for

both the Raspberry Pi and the CPU laptop can be considered as estimates
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rather than accurate and actual measures. Raspberry Pi energy consump-

tion was estimated using a fixed constant of 12 W instead of a direct mea-

surement with an external power meter. This was necessary because the

Raspberry Pi does not provide a built-in energy counter equivalent to Intel

RAPL on the laptop or NVIDIA NVML on the GPU. As a result, Pi energy

values should be interpreted as comparative estimates rather than as pre-

cise physical power measurements. However, because the same constant-

power model was applied consistently to both the static and adaptive par-

titioning experiments, the comparison between approaches remains valid,

any reduction in raspberry Pi execution time leads to a proportional reduc-

tion in estimated its energy. Nevertheless, future work should replace this

approximation with direct hardware-based power measurement, such as

an inline USB-C power meter or an external power sensor, to improve the

accuracy of the absolute energy values.

Lastly, for the inferences, we used dummy inputs instead of real image

inputs to the models. This choice was made because the primary objec-

tive of the thesis was to evaluate system-level performance metrics such

as latency, energy consumption, and partitioning behaviour instead of ac-

curacy. Since CNN inference cost is mainly determined by the model ar-

chitecture, layer operations, and input tensor dimensions, dummy tensors

with the correct shape still produce representative computational work-

loads and activation sizes for evaluating partitioning and offloading perfor-

mance. Therefore, using real images would introduce additional variables

such as dataset loading and preprocessing, which could make it harder to

isolate the direct impact of the adaptive partitioning algorithm. There-

fore, the use of dummy data was appropriate for measuring the runtime

behaviour of the proposed framework.

6.9 Future works

Having achieved the research goal to some extent, there is still considerate

room for improvement to improve the adaptability and efficiency of the

partitioning and offloading framework. Some of the future works and im-

provements would include attempting to extend and generalise the frame-

work to work on other DNN model architectures mentioned in the previ-

ous section. Additionally, in a large deployment environment and scale,

the energy measurement methods could be done using other approaches

that would provide more accurate real energy consumption data. Lastly, for

future work, we would attempt a multi-objective function approach rather
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than the current single objective function in our solution. This would en-

able us to measure more metrics, such as temperature, memory usage,

and current GPU/CPU load, determine how they influence the energy con-

sumption of the network and use them to objectively reduce it.

6.10 AI-Tools

In this research, AI tools like ChatGPT, Claude and Gemini were used mostly

for debugging Python scripts and fixing errors received during testing. Along

with other tools such as Grammarly, It was also used for grammar checks,

spell checks, and other minor errors.
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Appendix A — Implementation

For experimental reproducibility, the implementation of our proposed frame-

work has been documented and made openly available in the repository

below.

https://github.com/Akuien/Thesis-experiment

The paper has been submitted at the International Conference on Avail-

ability, Reliability and Security (ARES) in the Workshop on Security, Avail-

ability, and Fault-Tolerance in Edge AI Systems (SAFE-EDGE) and published

as a preprint in ArXiv.

https://arxiv.org/abs/2605.09623
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Appendix B — Reflections

Akuen Akoi Deng

How does your thesis align with the objectives of the thesis course? Why?
Focus on the objectives that were particularly well met and those that
were less well met.

Our thesis aligns well with the objectives of the thesis course because it

demonstrates the ability to independently carry out qualified academic work

within computer and systems sciences. Through the thesis, we were able

to identify a relevant research problem in adaptive AI task partitioning and

offloading, reviewed and built upon existing scientific literature, and devel-

oped a practical solution through a physical testbed experiment. The cho-

sen methodology was appropriate because the research question focused

on measurable system performance, especially energy consumption and

latency, which required real hardware evaluation rather than only simula-

tion. By designing, implementing, and evaluating an adaptive framework

across a Raspberry Pi, laptop, and GPU-enabled PC, our thesis contributed

to knowledge development in edge-cloud collaborative intelligence and

showed that adaptive partitioning can improve energy efficiency while main-

taining acceptable latency.

The objectives that were particularly well met were those related to in-

dependent research, correct application of scientific methods, literature-

based argumentation, and writing a structured academic report. The thesis

also supported oral presentation and defence because the problem, method,

results, and contribution were clearly defined. However, some objectives

were less strongly met, especially the reflection on ethical and societal as-

pects. This was because security and privacy were out of the thesis scope.
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How did the planning for the thesis work? What could have been done
better?

The planning for the thesis work generally went well. We were able to start

early and prioritised doing much of the work right from the beginning.

We made concrete plans and timelines for doing each phase of the thesis

meticulously. For example we design our own work flow, gantt chart and

internal deadlines to ensure we did not fall behind at any point. To work

more smoothly, we ensured constant open and frequent communication

with our supervisor. This approach was extremely helpful throughout the

whole thesis work. If we had to redo it again, we would probably put more

focus on starting the experimental setup and work early and also dedicate

some time for addressing feedback before they build up.

How does the thesis relate to your education? Which courses and areas
have been most relevant to the thesis?

The thesis work really depended and related to most of the prior courses

and experience. Courses such as Internet of Things (IoT), foundations of

data science and scientific communication and research methodology were

really relevant in the thesis work. Other prior knowledge such as research

methodology in software engineering and bachelor thesis course from my

previous studies also came handy. Having used experiment research method-

ology in my previous research project was valuable.

How valuable is the thesis for your future work and/or studies?

The thesis work and process is very important for my future career pur-

suits. I have always enjoyed research work and have plans of pursuing doc-

toral education, this with the fact that the thesis is my first published paper,

makes it really essential for the next career plans that I have. Additionally,

the technical development part of the thesis has given me more experience

working with distributed systems and AI systems in general. This is impor-

tant for my technical interest in systems AI engineering. It also gave me the

opportunity to apply my prior software engineering technical skills.

How satisfied are you with the execution and outcome of the thesis? Why?

I am very satisfied with the thesis process life-cycle, execution and the out-

come. Building the framework has made me learn more about distributed,

parallel and cluster computing, AI systems, Machine learning and systems

design. Meticulously applying the state-of-the-art research methodology

and practices has deepened my knowledge and experience in research in
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general. I can recognize that we have built something to be proud of, pub-

lished a paper that others can learn from and hopefully we will get the op-

portunity to present the work in the workshop conference which will be a

great experience.

Which AI tools or similar tools did you use in the thesis process, and how
did you use them? How well did the tools work? Please provide some ex-
amples.

We used AI tools such as ChatGPT, Claude, and Gemini. They were used

in generating automation scripts, troubleshooting the network, debugging

and fixing errors. Sometimes, they were helpful in small isolated imple-

mentations where the system design or context was not relevant or I could

not recall specific syntax or linux commands. For example, we used Chat-

GPT to compare and evaluate the most suitable method for energy con-

sumption measurement. It was also used to give us the commands for in-

troducing the network throttling via the linux terminal.

Eimantas Butkus

How does your thesis align with the objectives of the thesis course? Why?
Focus on the objectives that were particularly well met and those that
were less well met.

While looking back at the course objectives, I think the thesis met most of

them well. The objective of independently carrying out qualified academic

work was met strongly. My thesis partner and I designed, built, and tested a

complete adaptive partitioning framework from scratch on real hardware,

which required making independent technical and methodological deci-

sions throughout the process. Contributing to knowledge development

was also well met. Our work directly addresses a gap in literature where

most partitioning frameworks are evaluated in simulation rather than on

physical devices, and where energy consumption is often overlooked as

an optimization target. Selecting and applying relevant scientific meth-

ods was straightforward. We chose a quantitative physical testbed exper-

iment, justified why simulation and fielded experiments were not appro-

priate, and followed a clear three-phase experimental procedure. Search-

ing for and building upon scientific literature was also a strength – we re-

viewed many recent studies, categorized them into groups, and identified

the specific gaps our work addresses. The objectives that were less natu-

rally met were the ones related to ethical and societal reflection. Since our
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thesis does not involve human subjects or personal data, the ethical discus-

sion was limited to energy sustainability and the need for validation before

deploying the framework in safety-critical contexts. It is a valid discussion,

but it does not go as deep as it might in a thesis that directly involves people

or sensitive data.

How did the planning for the thesis work? What could have been done
better?

The overall planning worked reasonably well, but the implementation phase

took longer than expected. Setting up the distributed testbed across three

physical devices introduced problems that are hard to predict in advance

– network configuration with Tailscale, getting ZeroMQ messaging to work

reliably across all nodes, and debugging energy measurement inconsisten-

cies all consumed more time than planned. If I could do it again, I would

have started the hardware setup earlier, ideally in parallel with the litera-

ture review. I would also have set aside buffer time for writing – we under-

estimated how long it takes to write clear pseudocode, produce accurate

diagrams, and iterate on sections like the abstract.

How does the thesis relate to your education? Which courses and areas
have been most relevant to the thesis?

The thesis connects directly to several courses from my master’s programme.

Parallel and Distributed Programming was the most relevant – it gave me

the foundation for partitioning workloads across nodes, managing com-

munication between processes, and thinking about synchronization and

overhead. The IoT course was also highly relevant, as it covered edge de-

vices, resource constraints, and the kind of heterogeneous environments

our testbed represents. Machine Learning provided the background on

neural network architectures, which was essential for understanding how

CNN layers can be split and why MobileNetV2 behaves differently from

VGG-16 under partitioning. Data science helped with structuring experi-

mental evaluation and interpreting results statistically. And scientific com-

munication and research methodology helped with writing thesis as we

learned structuring and how to write well for the thesis format. My ear-

lier BSc in Computer Games Programming from the University of Derby

also played a role. Working with real-time systems in game engines taught

me to think about performance budgets and optimization under hardware

constraints, which transferred well to the problem of splitting inference

workloads across devices with different capabilities.
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How valuable is the thesis for your future work and/or studies?

Very valuable. I am targeting ML engineering and software development

roles, and this thesis gave me hands-on experience with the kind of work

these roles involve – not just training models but deploying them on real

hardware with real constraints. I think the experience of building some-

thing that runs across three physical devices and dealing with all the prob-

lems that come with that will be useful no matter what I end up working

on.

How satisfied are you with the execution and outcome of the thesis? Why?

I am satisfied with the outcome. The framework achieved energy reduc-

tions of 27-35% across all three models while also reducing latency, which

directly answers our research question. Validating this on real hardware

rather than in simulation makes the results more credible. I am also pleased

that we demonstrated adaptivity by throttling the network during experi-

ments and observing the scheduler react in real time. I wish we had time to

compare our framework against an existing solution like EdgeCI or DeepThings

more directly rather than only against a static baseline. But given the time

constraints, focusing on a thorough static baseline comparison and leaving

direct comparison for future work was the right call.

Which AI tools or similar tools did you use in the thesis process, and how
did you use them? How well did the tools work? Please provide some ex-
amples.

We used Claude, ChatGPT, and Gemini throughout the thesis, primarily for

debugging Python scripts and fixing errors during testing. For example,

when implementing the ZeroMQ communication layer, we used Claude to

help diagnose serialization issues with PyTorch tensors being sent across

nodes. It was also useful for writing LaTex pseudocode for the five algo-

rithms – getting the notation consistent across all of them required several

iterations. We also used them for grammar checks, spell checks and other

minor errors. The tools worked well for targeted tasks like these, but they

were not used to generate wholesale thesis content. All the actual research,

code, and analysis is our own work.
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