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ABSTRACT OF THE DISSERTATION

Semantic Mobile Edge Computing Systems

By

Sharon Ladron de Guevara Contreras

Doctor of Philosophy in Networked Systems

University of California, Irvine, 2025

Professor Marco Levorato, Chair

Machine Learning (ML) tasks such as object detection and semantic segmentation are central

to autonomous navigation and Internet of Things applications. These tasks must operate

under constrained on-device compute and memory, limited energy budgets, and strict real-

time requirements. Mobile Edge Computing Systems (MECS) alleviate these constraints by

moving computation closer to data sources and distributing inference across a Mobile Edge

Device (MED) and a nearby Mobile Edge Server (MES). The MED to MES wireless link,

therefore, carries a continuous bidirectional exchange of data. Current inference pipelines

emphasize system-level metrics such as latency, buffer occupancy, and workload balance.

These approaches often overlook the semantics: task-relevant information and operational

context that directly shape both performance and the quality of transmitted data.

This dissertation develops a semantics approach to MECS and organizes resource control into

three logics: a Lower-Layered-Computing Control (computing) that allocates and schedules

execution across processor units and across the MED and MES with awareness of contention

and context switching; a Cross-Layered-Communication Control (communications) that con-

figures the wireless link, including MU MIMO parameters and retransmission policy, to pro-

tect task performance under packet loss and time varying channels; and a Higher-Layered-

Computing Control (computation) that selects inference modes and model complexity to

xiii



optimize task performance and resource efficiency, with safety as a primary objective in au-

tonomous systems. Using task requirements and environmental context, the system decides

what to compute, where to compute it, and how to adapt communication so that the most

useful information is delivered within real-time constraints. The work targets three chal-

lenges common in dynamic edge environments. First, devices often run multiple inference

task types, which introduces context switching overhead. Second, unreliable wireless links

produce incomplete or corrupted inputs in both line-of-sight and non-line-of-sight conditions.

Third, offloading choices should be guided by task-level performance metrics such as safety,

rather than only throughput or latency.

The dissertation offers three contributions that enable semantics in MECS.

1. Lower-Layered Computing Control: An Adaptive Multi-Task Computing Allocation in

MECS. The first framework reduces context switching delays that undermine real-time

performance on resource-constrained devices. The method co-optimizes model selection,

scheduling, and placement between edge devices and nearby servers using cues from scene

and task context. By avoiding repeated loading of models onto limited CPU and GPU

resources, and by matching model complexity to the importance of the performance require-

ments, the framework improves end-to-end latency and throughput while preserving task

accuracy.

2. Cross-Layered Control: Resilient Wireless Communication in MECS. The second frame-

work addresses wireless variability, which often dominates overall performance. Our frame-

work, SOAR, uses distributional deep reinforcement learning along with context-aware neural

networks to allocate Multi-User MIMO resources and to adapt to a task-specific performance

related to the packet loss ratio for vision workloads. Rather than treating all packets as equal,

the policy prioritizes information that carries higher task value. Evaluations in vehicular en-

vironments show that SOAR reduces resource usage and improves reliability when compared

with fixed antenna baselines, while preserving application-level quality.

xiv



3. Higher-Layered Control: CAMTEC: Context-aware adaptive inference for machine task

execution. The third framework fuses compute capacity, energy consumption, network state,

and machine learning performance with environmental and task semantics to select inference

modes and operating points dynamically. CAMTEC decides when to run models on the

device, when to offload, and when to change fidelity, and it tunes operating parameters to

meet performance and safety goals. Field experiments demonstrate that CAMTECmaintains

reliable autonomous navigation under limited bandwidth and tight energy budgets.

A testbed supports these contributions and grounds them in realistic conditions. The plat-

form spans heterogeneous device architectures and includes both WiFi 802.11 and 802.11ac

links. The experiments cover indoor and outdoor settings with and without obstacles, and

they include rover trajectory collection to measure responsiveness, channel reliability, and

closed-loop effects on control. The testbed enables end-to-end perception pipelines that

combine object detection with performance monitoring and control so that outcomes can be

measured at the task level rather than only through packet or computational metrics.

Results show that semantics is an approach that enables adaptiveness and task-level efficiency

in MECS. By aligning communication, computation, and control with the meaning of the

data and the needs of the task, the proposed frameworks deliver stronger resilience to wireless

disruptions, better support for concurrent inference, and more effective decision-making using

task-level metrics. The dissertation presents methods and empirical evidence indicating that

semantics-centered MECS can meet the demands of complex edge environments.

xv



Chapter 1

Introduction

Machine learning tasks such as object detection and semantic segmentation are key to the

functionality of complex applications, composed of connected modules (e.g., autonomous

navigation). These tasks typically are required to meet real-time guarantees despite operat-

ing on devices with constrained computational resources and limited energy budgets. Mobile

Edge Computing Systems (MECS) address these challenges by distributing inference work-

loads between a Mobile Edge Device (MED) and one or more Edge Servers (ESs) located

nearby. This system architecture enables expansion of the MEDs hardware capabilities, and

it introduces a wireless link that must support continuous, bilateral exchange of data.

The deployment of MECS that perform interference in real-world environments presents three

main challenges that have not been considered as part of the MECS design before. First,

wireless channel conditions fluctuate due to mobility, interference, and the propagation en-

vironment, which potentially reflects in incomplete or corrupted inputs and unpredictable

latency. Second, in real-world environments, tasks are heterogeneous; when such a work-

load runs on a resource-constrained device, compute availability fluctuates and significant

latency overheads arise, particularly from context-switching across processing units. Third,

1



on more complex tasks, when there is control involved, such as in an autonomous navigation

pipeline, the MECS do not consider the impact of the computing allocation on the overall

task performance.

Existing solutions typically employ system-level optimizations that allocate compute re-

sources based on load to minimize average latency, manage buffer occupancy, or balance

workloads. Although these strategies are effective in stable environments, they often de-

couple computation and communication as separate problems where aggregated metrics are

optimized, overlooking the task-level metrics.
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Figure 1.1: Semantic Modules in MECS

This dissertation develops a semantic approach to resource management in MECS. In this

work, semantics refers to the systematic awareness of the computation and communication

context relative to the resulting joint control of computing and communication resources

that ultimately affect task performance as shown in Fig.1.1. On this basis, MECS can make

intelligent decisions regarding what to compute, where to compute it, and how to adapt

communication parameters to time-varying channels, ensuring the most useful information
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is delivered within real-time constraints.

A novel three-tier hierarchical control architecture for MECS is proposed. This hierarchical

control jointly manages computation and communication resources with explicit attention to

task-level performance. The architecture decomposes the overall problem into three interde-

pendent logical layers. Each layer is governed by a semantic Deep Reinforcement Learning

(DRL) agent that observes continuous measurements of the system state—comprising com-

pute and communication resources—and issues control actions accordingly, as depicted in

Fig. 1.1.

Lower-Layered Computing Control. A semantic DRL agent allocates compute resources

(CPUs and GPUs) across the MED and the Edge Server ES in response to heterogeneous

task arrivals. The agent explicitly models context-switching latency, the overhead incurred

when swapping ML models on a processor, and incorporates this cost into its optimization

to meet per-task latency and performance objectives.

Cross-layered communications control. A second semantic DRL agent tunes wireless com-

munication parameters to mitigate packet loss on unreliable MECS links. It links task-level

performance to communication settings and packet-duplication strategies using observed

packet-loss behavior and the propagation environment, optimizing configurations with re-

spect to latency deadlines and energy expenditure.

Higher-Layered Computing Control. At the top layer, a semantic DRL agent selects inference

modalities and other high-level parameters based on the computing and communication

context. It optimizes the performance of complex tasks such as closed-loop applications

that execute inference-driven pipelines by coordinating the use of computation, energy, and

communication resources.

Control is distributed across MECS, with emphasis on MED given its constrained hardware

resources. We validate each semantic module on dedicated testbeds featuring heterogeneous
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hardware, Wi-Fi 802.11/802.11ac, a mobile rover on a fixed trajectory and a rover per-

forming dynamic obstacle avoidance. Across all testbeds, we execute end-to-end perception

pipelines that combine object detection, performance monitoring, and control, and we report

task-level outcomes, channel reliability, and closed-loop effects directly connecting network

and compute decisions to overall task performance.

The remainder of the dissertation is organized as follows.

• Chapter 2 reviews background on system-level optimization in MECS and the deep

reinforcement learning methods used in this work.

• Chapter 3 develops the Lower-Layered Computing Control framework to minimize

context-switching delay in multi-task inference; it details the dataset and a heteroge-

neous device testbed and reports results.

• Chapter 4 introduces the Cross-Layered Communications Control framework, which

adapts wireless MU-MIMO parameters to the propagation environment and task-level

objectives; it leverages the correlation between packet loss and task-level performance,

details the dataset and a wireless testbed, and reports results.

• Chapter 5 presents the Higher-Layered Computing Control framework, which optimizes

performance of complex, closed-loop tasks (e.g., autonomous navigation) under com-

putational and communication constraints; it details the dataset and a rover testbed

with obstacle avoidance and reports results.

• Chapter 6 concludes the dissertation.
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Chapter 2

Literature Review

This chapter reviews two core areas: mobile edge computing systems (MECS), which sup-

port the offloading of machine learning tasks, and deep reinforcement learning (DRL), which

enables online offloading and resource allocation. We emphasize the joint design of compu-

tation and communication to optimize the computational and energy resources of the mobile

edge device (MED).

2.1 Mobile Edge Computing Systems

Mobile edge computing systems (MECS) place edge servers (ESs) close to mobile edge devices

(MEDs) to augment local compute and memory while reducing task end to end latency and

relieving backhaul load [50, 27]. MEDs operate under tight power, memory, and processing

budgets, whereas machine learning models are compute and memory intensive; continuous

execution of inference can drain batteries and miss real-time deadlines on embedded plat-

forms [84, 76, 15]. These constraints motivate task offloading and model adaptation.

Task offloading strategies in MECS are typically defined by two dimensions: the portion of
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the computational pipeline transferred and the location of execution. A system can offload

an entire application or partition its computation graph, with execution occurring on the

MED, an ES, in the cloud, or distributed across these tiers [83, 40, 69]. For machine learning

inference, this leads to three primary execution models: local, full, and partial offloading.

Local inference contains the entire model on the MED, while full offloading transmits raw

sensor data to an ES for complete execution, a strategy often used to maximize accuracy

for workloads like video analysis or speech recognition [32, 30, 3, 1]. Partial offloading,

or split computing, partitions the model between the MED and ES, sending intermediate

features over the wireless link. Techniques for partial offloading include layer or subgraph

partitioning, using early-exit classifiers to stop inference when local confidence is high, and

applying compression to reduce data volume [54, 55, 51, 52, 46, 65, 8]. The goal across

these models is to dynamically balance accuracy, latency, and energy consumption as system

conditions evolve.

To achieve this balance, research has extensively addressed the challenge of computational

resource allocation through adaptive management strategies. At the task level, algorithms

manage complex dependencies, as Shu et al. [73] proposed a dependency-aware, latency-

optimal offloading scheduler. The scope of optimization frequently extends to other system

resources; for instance, Tran et al. [80] jointly optimized service caching and task offloading

to reduce both latency and operational costs. Many of these approaches employ multi-

objective optimization to navigate trade-offs. Bi et al. [11] focused on minimizing MED

energy consumption under strict delay constraints, while Lakew et al. [44] designed a work-

load balancing system for heterogeneous edge nodes. Enabling these dynamic policies at a

system level requires sophisticated orchestration, often implemented with technologies like

network function virtualization (NFV) and serverless computing to map tasks to physical re-

sources [12, 5]. While computational optimization is essential, the performance of any MECS

offloading policy is fundamentally governed by the quality of the wireless link. This critical

dependence necessitates policies that co-adapt communication and computation; Callegaro
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et al. [14], for example, developed a solution that adjusts the DNN split point in direct

response to fluctuating wireless channel quality. The reliability of this link is a primary

concern, as empirical studies show that channel noise can degrade the accuracy of offloaded

tasks—an effect that can be mitigated with computational pre-processing such as denois-

ing [39, 63]. Although modern standards like Wi-Fi and 5G New Radio provide features for

low-latency, reliable communication [72, 66], significant practical limitations remain. Field

measurements of emerging 5G-Advanced systems confirm that uplink bottlenecks continue

to pose a considerable challenge for the efficacy of computation offloading policies [29, 24].

A key finding in the literature on task offloading is that adaptive strategies, achieved through

dynamic resource allocation, consistently outperform the static modeling of individual sys-

tem components. This research emphasis illustrates a preference for managing a system’s

response to an unpredictable environment rather than attempting to model it completely,

a particularly relevant approach when machine learning tasks introduce real-world opera-

tional constraints. Current methodologies achieve this adaptiveness by concentrating on the

multi-objective optimization of measurable outcomes like latency, energy, and the stability

of control loops [26], which addresses environmental complexity by managing its effects.

While this approach is effective, it also exposes a gap in existing research, which has not yet

fully explored how adaptiveness could be improved by interconnecting the computational and

communication state with their respective control systems. The current use of continuous,

intelligent resource reallocation has proven superior for meeting performance objectives under

the variable conditions of MEC systems. However, some areas remain unexplored and could

yield significant efficiency gains, including the deeper integration of state awareness into

control logic, reasoning over the wireless propagation environment, and understanding the

correlation between task-level performance and resource allocations.
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2.2 Deep Reinforcement Learning Methods

Conventional optimization methods fail to adapt to the dynamic environments of Mobile

Edge Computing Systems (MECS), where network conditions, computational loads, and

user demands fluctuate and typically are unpredictable. This dissertation proposes a novel

semantic approach to MECS optimization, and to evaluate its performance, we employ a

suite of Deep Reinforcement Learning (DRL) methods. DRL extends the principles of op-

timal control to environments where an explicit system model is unknown or intractable.

This review outlines the model-free DRL algorithms leveraged in our contributions, from

foundational value-based methods to advanced policy-gradient techniques.

We evaluated our proposed approach with model-free DRL, which derives control policies

directly from high-dimensional state vectors through trial-and-error [58]. DRL uses deep

neural networks as function approximators to learn either a value function, which estimates

the long-term utility of an action in a given state, or an optimal policy, a direct mapping from

states to actions. A critical challenge in real-world systems like MECS is partial observability,

where an agent’s perception is an incomplete or noisy representation of the true state. We

addressed this using algorithms such as the Deep Q-Network (DQN), which approximates

the optimal action-value function, Q∗(s, a). DQN’s stability relies on two key mechanisms:

experience replay which breaks temporal correlations by sampling from a large data buffer,

and a target network, which provides stable Bellman targets. To correct for DQN’s optimistic

value bias, we also employ Double DQN (DDQN), which decouples action selection and

evaluation to achieve more accurate value estimates [82].

A limitation of both DQN and DDQN is their focus on the expected return (E[R(s, a)]).

By modeling only the mean of the return distribution (R), the agent becomes risk-neutral,

which is often undesirable. To evaluate the proposed system under more nuanced risk pro-

files, we explore using methods from Distributional RL [9]. These algorithms learn the entire
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probability distribution of returns instead of just its expectation. Specifically, we use C51,

which approximates the distribution as a categorical distribution over a discrete set of sup-

ports, and Quantile Regression DQN (QR-DQN), which models the distribution by learning

its quantiles directly, offering a more flexible representation [23]. This provides a richer and

more stable learning signal for evaluating our approach.

While value-based learning is effective, many MECS problems involve continuous or high-

dimensional action spaces where such methods are cumbersome. To address this, our evalua-

tion framework includes policy-gradient methods, which directly optimize the parameterized

policy πθ(a|s). We specifically leverage Proximal Policy Optimization (PPO) due to its

stability and sample efficiency [71]. Standard policy gradient algorithms can suffer from

performance drops from a single large, poorly chosen update. PPO mitigates this by op-

timizing a ‘clipped surrogate objective’ function, which effectively creates a trust region

to ensure that policy updates are not destructively large. This allows for more stable and

monotonic performance improvement, providing a robust benchmark for our semantic MECS

framework.
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Chapter 3

Lower-Layered-Computing Logic:

Adaptive Multi-Task Computing

Allocation in MECS

3.1 Introduction

Machine learning is becoming an increasingly crucial component of mobile applications.

Emerging applications, such as augmented reality (AR), often produce streams of data anal-

ysis tasks (e.g., image analysis or speech-to-text) that not only are computationally intense,

but also heterogeneous in nature. While the “local” execution of the tasks onboard mobile

platforms is inherently challenging due to the limitations of these platforms, emerging dis-

tributed computing strategies over layered systems - i.e., mobile-edge-cloud - suffer from the

need to transfer information-rich data and signals over wireless and wireline channels with

finite and time-varying capacity, as well as from the limitations of infrastructure-level servers

(and especially edge servers) and the inevitable need to share such resources across multiple
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mobile devices.

Figure 3.1: Illustration of system model considered in this chapter: a multi-layered mobile-
edge system collaborates toward the timely execution of a heterogeneous stream of computing
tasks. Each layer has multiple resources, e.g., CPUs and GPUs.

In this context, the allocation and optimization of computing resources across the layers of

articulate systems is an extremely important problem. Recent contributions present frame-

works that optimize performance metrics such as energy consumption [7], task performance

[90, 30, 32], and latency [13] individually. However, most existing work tends to base their

solutions on abstract models of the system’s operations that often fail to capture the intricate

behavior of real-world deployments, while also typically considering a homogeneous streams

of tasks (e.g., object detection).

The focus of this chapter is the management of streams of heterogeneous tasks over layered

systems composed of mobile devices (MD) and edge servers (ES) or ES and cloud servers

(CS), where each unit embeds multiple resources: i.e., Central Processing Units (CPUs) and

Graphical Processing Units (GPUs). The system is illustrated in Fig. 3.1. Different from

most prior work, we consider the influence on the system dynamics of context switching, task

accumulation, and the interdependence between communication layer timing and computing

performance, which all have a considerable impact on the system behavior and performance.
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In this context, we propose a predictive framework that controls in real-time (i) the routing

of individual tasks across the resources and layers of the system, and (2) the machine learning

model assigned to each task to minimize latency, energy consumption while maximizing task

performance.

The engine of the framework we propose takes the form of a deep reinforcement learning

algorithm (DRL), whose input features include multiple core system components such as

CPU, GPU, memory usage, and wireless channel statistics. In order to train and test the

framework, we developed a real-world system composed of a task generator, the DRL agent

that receives and allocates the input queue of tasks, and a dispatcher that routes the tasks

received based on the actions chosen by the DRL agent. Based on this setup, we collect a

comprehensive dataset, described in detail in Section 3.7.

To summarize, this chapter makes the following contributions:

(1) We develop a framework for the management of heterogeneous computing tasks’ flow

across multi-layered systems that accounts for real-world effects such as context switching,

task accumulation, and intricate interdependencies between communication and computing

components of the system.

(2) We build a multi-layer system empowered with the ability to dynamically route tasks

across layers and computing components. Notably, in contrast with contributions focusing

computing on one of the layers (e.g., edge computing), all the layers of the system collaborate

toward the efficient and timely completion of the incoming tasks. We perform dynamic

allocation of heterogeneous machine learning tasks. We leverage the allocation and model

decisions based on the status of each layer and implement a multi-objective performance

function that maximizes the resources of each layer.

(3) We design and train a deep reinforcement learning algorithm that controls task routing

and allocation taking as input statistics of computing and wireless resources, the queue of
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incoming tasks, the status of the models, and tasks dispatched. Training is performed on a

comprehensive dataset that we pledge to release to the community. The source code of our

framework and the dataset is in https://tinyurl.com/heterogeneousTaskScheduling

(4) We evaluate our solution and show empirically that different settings and characteristics

of the system (e.g. task arrival distribution, hardware configuration) result in different

decisions regarding the allocation policy. In a setting where the MD is an embedded platform

with relatively low computing capabilities (e.g., an NVIDIA Jetson Nano) the optimal policy

privileges allocation of tasks to the CPU to avoid a large delay penalty associated with

context switching – while also using low-complexity neural models to contain the increase in

execution time with respect to allocating the task to the GPU. If a more powerful embedded

platform is used (e.g., an NVIDIA Xavier AGX in our experiments) the controller expresses

a more pronounced preference toward using larger neural models and performing inference

locally on the GPU. We also show that fixed policies such as traditional edge computing

(that is, all tasks are routed to the edge server) incurs a degraded latency up to 5x times, in

the worst case, compared to a dynamic optimized policy.

The rest of this chapter is organized as follows. In section 3.2, we illustrate the impact of

context-switching on end-to-end delay when inference is performed in multiple processors and

platforms. Next, in section 3.3 we summarize relevant contributions to the tasks allocation

and routing in multi-layered systems and compare them with our work. We propose a system

model and its performance metrics in section 3.4. In section 3.5, we provide details about the

hardware setting and the software implementation of our system. We describe our solution

in Section 3.6. Sections 3.7 and 3.8 describe the dataset collected to perform experiments as

well as the results obtained using our proposed framework. Finally, Section 3.11 discusses

the particular results of this chapter.
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3.2 Preliminary Experiments:Context Switching Prob-

lem

In this section, we illustrate the impact of context switching - which to the best of our

knowledge is not considered in existing literature on task management in collaborative multi-

layered systems. In order to support heterogeneous tasks, unless sufficient resources (e.g.,

memory) are available, the system will need to switch context as the current task changes

over time. For instance, a neural network model needs to be loaded in the memory of a GPU

in order to be executed. This preparation phase may take a considerable amount of time

(e.g., a large fraction of a second), and may impair the continuity of execution of the stream

of tasks.

To illustrate the impact of model loading, we consider a setting where two platforms from

the NVIDIA Jetson family – particularly the Jetson Nano, and Xavier AGX – are used as

mobile devices. We note that they differ in terms of computing capabilities, the internal

configuration of resources, and energy consumption. The NVIDIA Jetson Nano (NVIDIA

JN) architecture has a shared physical memory between the CPU and GPU. The key ad-

vantage of this architecture is that data transfers are performed less frequently compared to

an architecture with separate discrete memory per processor (that is, CPU memory isolated

from GPU memory). However, the small size of the memory prevents the program from

opening multiple processes to decouple the loading from the inference in neural network

models. The latter architecture platform used as MD, the NVIDIA Xavier AGX (NVIDIA

JXA), has high memory bandwidth – the speed we can read or store data into the memory,

deep learning accelerators, and a cache coherence between CPU and GPU which helps reduce

latency overhead and bandwidth usage. The cache coherence [10] is important in our case

as a data tensor or neural model can be stored and retrieved directly from it instead of the

main memory through the CPU. Our framework automatically adapts the management of
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the computing tasks across the layers of the system and their components to these factors

without the need for the designer to hard-code a platform-specific policy.

We illustrate our observations by means of simple experiments over the setting we will

describe in detail later in the chapter. In these experiments, we generate a stream of 200 tasks

composed of two distinct classes, that is, image classification and image segmentation, each

associated with a neural model (SegFormer-B1 [86] and EfficientNet-B1 [77]). The number

of tasks of the same class is distributed uniformly such that when there are 2 context changes

in a stream of 200 tasks, we have 100 image classification tasks and 100 image segmentation

tasks. As shown in Fig. 3.3 and 3.2, context switching has a computing platform-dependent

impact on the execution timeline. In the figures, we can see that the CPU – a general-

purpose processing unit that fetches instructions out-of-order but executes them sequentially

– is not optimized to perform matrix operations associated, for instance, with the execution

of neural network models and tends to have a stabilized task delay even against context

switching. Conversely, the GPU, a specific purpose processing unit that performs parallel

thread execution, requires data transfer from the main memory at least once, and potentially

at every context switch. This can have a considerable impact on task delay when a new task

is allocated to a specific unit. In addition to the expected differences among processors, there

are some differences in the task delay dynamics which depend on the platform architecture.

As shown in the pictures, if the NVIDIA JN is used, the CPU inference delay increases

linearly as the frequency of context switching increases while the GPU inference increases

close to exponentially due to their memory architecture.

We note that context switching is influenced by the order of task arrivals into the system.

We also observe how the timing of task arrivals, which at a fine grain is also influenced by

the communication layer as well if tasks are allocated to the edge server – has an impact on

batch processing on the GPUs: a critical component of inference acceleration.
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Figure 3.2: Loading model and inference latency in NVIDIA Jetson Xavier AGX for different
context-change values across different ML tasks and processing units.

Figure 3.3: Model loading and inference latency in the Jetson Nano for different context-
change frequencies across different ML tasks and processing units.
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3.3 Related Work

To the best of our knowledge, there are no available studies on context-switching and in-

ference performance interdependence focused on multi-layered systems. The closest class of

contributions in the literature targets the optimization of inference performance by task of-

floading in one or more layers (e.g. mobile device to edge server or edge server to cloud). We

summarize this work and contrast it with the contributions of this chapter in the following.

Task offloading in the context of edge computing – often referred to as Mobile Edge Com-

puting Systems (MECS) – has been extensively studied [50]. We can categorize this problem

by the execution methodology: full offloading - where the whole computing task is offloaded

to the edge server, partial offloading - where portions of the computing task are offloaded

and others are executed locally on the mobile device. Guo et al. [32] and Fresa et al. [30] are

examples of full offloading where the objective is to maximize the accuracy of inference tasks.

Matsubara et al. [52] and Zhao et al. [92] perform partial offloading to optimize the balance

between end-to-end delay, energy consumption and task performance using techniques such

as split computing, early exit, and data compression [54].

Mobile-Edge-Cloud cooperation frameworks have been developed. For instance, Hong et

al. and Zhang et al. [36, 90] present methodologies to allocate data tasks on the available

resources optimizing customer performance metrics. These frameworks showed promising

results in simulated data and were controlled under the assumption of homogeneous tasks

and hardware setups.

Task scheduling and placement in MECS has been largely studied to optimize multiple perfor-

mance metrics such as end-to-end delay and available resources (e.g CPU, GPU) [78, 73, 80],

and [91] among others. In particular, Shu et al. [73] consider explicit task dependencies

and heterogeneous servers to reduce the overall task delay. Zhang et al. [91] also focuses on

task delay and tasks dependencies, however, the proposed solution is evaluated on real-world
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heterogeneous edge servers (i.e. multiple CPU, GPU, and network configurations).

3.4 System Model and Optimization Objectives

In this section, we first describe the model of the system we consider and then define per-

formance measures and optimization objectives.

3.4.1 System Model

We consider a multi-layered system where a MD and an ES collaborate to complete a stream

of tasks generated by the MD. Formally, we define the task arrival process T = {Ti}i=1,2,...,

where Ti=(ti, ci) is the i–th task arrival described by the arrival time ti and ci∈{1, . . . , K} is

the task class. The MD and ES are wirelessly connected and composed of multiple computing

resources - namely GPUs and CPUs - characterized by different computing power. We denote

resources at the MD as RMD
n , n={1, . . . , NMD} and at the ES as RES

n , n={1, . . . , NES}, and

group them in the set Rn, n={1, . . . , NMD +NES}.

At a high level, in this work, a task corresponds to a set of data to be analyzed using a deep

neural network. When a task arrives at the MD, it enters the finite queue QMD. Tasks are

then processed sequentially by the management function (ni,mi)=A(Ti), where ni points to

a resource in {1, . . . , NMD+NES}. The control variable mi determines the neural model used

for the execution of the task. Multiple queues in the MD are used to route the incoming

tasks to a particular resource queue (See Fig.3.1).

If ni corresponds to a resource on the MD, then the task is sent to that computing unit -

which has its internal task queue. Conversely, if ni is a resource on the ES, the task is sent

to the radio interface and will eventually enter the ES’ queue QES - where the entry will also
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contain the pair (ni,mi).

3.4.2 Performance Measures

We define a set of relevant performance measures that will guide our optimization rationale.

Task-Level: We define two key metrics at the task level: task performance and task latency.

The former is primarily associated with the selection of the model used to complete the

tasks. For instance, a more complex neural model will most likely achieve a better average

performance (where the average is over the data samples acquired by the MD) compared

to a lower complexity model. We then define pc(c,m) as the expected normalized task

performance associated with a task of class c when model m is used.

Moreover, we denote hi as the time at which task i is completed and define the task latency

as li = hi − ti. We note that latency is the sum of multiple components, including queueing

time, execution time, communication time (if the task is executed on the ES), and context

switching. While it is indeed possible to abstract these components, in real-world systems

they are determined by complex software-hardware effects and interdependencies that are

difficult to capture using available modeling strategies, also due to the influence of temporal

patterns of the system state.

System-Level: At the system level, we focus on power consumption at the MD. We define

the instantaneous - normalized - power consumption time τ as wτ . Intuitively, and similarly

to the latency, the power consumption also is the result of a rather complex definition of

system state and its pattern that makes it hard to use simple abstractions.
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3.4.3 Optimization Objectives

The objective of the framework we propose is to jointly maximize the expected task perfor-

mance

P = E

[∑
i

pci(ci,mi)

]
, (3.1)

while minimizing the expected task latency

L = E

[∑
i

li

]
(3.2)

and average power consumption

W = E

[∫
τ

w(τ)dτ

]
. (3.3)

The expectations are computed over realizations of the stochastic process describing the sys-

tem behavior. We remark that due to the complexity of the system we resort to optimization

and evaluation based on datasets collected experimentally.

3.5 System Architecture

In this section, we describe in detail the system we developed. An overview of the system

is provided in Fig. 3.4. The software we developed has a modular structure and includes

the following modules: task generator, dispatcher, and logger. Note that the latter is not

only used to evaluate performance, but also to compose the real-time state used by the DRL

agent to select the actions. Our task generator initiates a background process that generates a

stream of tasks according to a particular distribution. Our dispatcher manages the reception

of tasks and the execution of the tasks using torch libraries such as multiprocessing [59] and
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cuda [21], when tasks are allocated locally, the dispatcher is able to perform loading (when

required) and inference. If the tasks are allocated to the Edge, the dispatcher prepares and

sends the message to be transmitted using the wireless interface of the MD. Our loggers

are hardware customized, where we use the Tegra Utility [20] integrated within the Jetson

platforms to obtain the state of the hardware.

Figure 3.4: Schematics of the system implementation.

3.5.1 Computing Tasks

We developed a tasks generator module that defines a sequence of tasks to be dispatched.

This module creates distributions of tasks based on three parameters: (1) the set of tasks,

(2) the distribution of the time between tasks, and (3) the probability of switching from one

task to another in the arrival sequence.

For the sake of simplicity, we focus our attention on computer vision, specifically on im-

age classification and semantic segmentation. This choice is motivated by the availability

of families of models designed for resource-constrained systems providing performance pro-

portional to their complexity [86, 77]. We consider two families of models: EfficientNet
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(which we could identify as m0 and m1 for effficientnet-b0 and efficientnet-b1) [77] for image

classification and SegFormer (which we could identify as m2 and m3 for segformer-b0 and

segformer-b1) [86] semantic segmentation. We use pre-trained models from the HuggingFace

[19] repository.

In general, image classification models tend to have lower complexity compared to those

designed for the much more difficult image segmentation task. This leads to different memory

usage and, in general, task execution times for the two tasks. For instance, model m1 or

efficientnet-b1 has 19M parameters takes 0.3s in JN and 0.071s in JXA whilem3 or segformer-

b1 with 50.3M parameters takes 0.5s in JN and 0.075s in JXA.

3.5.2 Task Dispatching

We implement the task dispatching process using batches, where a batch is a minimum num-

ber of tasks needed to initiate the allocation process. We use the multiple producer-consumer

paradigms to establish communication between the task generator and the scheduler. The

input queue is a process-safe data structure that shares data between processes allowing the

tasks to be passed from the Task Generator module to the DRL agent. Once the tasks are

received by the DRL agent, we obtain the most recent network and computing features. The

computing and network logs are hardware-customized modules running in the background

to provide an accurate state of the mobile device.

3.5.3 Hardware-Software Setup

The MD and ES hardware setup differ in capacity, but also in the OS implementation, which

has implications for how we extract the real-time state of the hardware and the system

operations. Our framework is built to run on multiple NVIDIA boards as MD and multiple
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Desktop-Linux computers as ES (See Tables 3.1, 3.2).

The wireless antenna adapter used in the JN platform was used to transmit messages at

2.4GHz, the antenna gain is 5dbi. We use the same frequency to transmit messages from the

JXA platform, however, the antenna gain is slightly higher (6dBi). We empirically observed

a neglectable change in the RTT for the proposed scenarios.

Mobile Device Edge Server
NVIDIA Jetson Nano Laptop

CPU Quad-core ARM A57 @
1.43 GHz

11th Gen Intel(R) Core(TM)
i7-11800H @ 2.30GHz

GPU 128-core NVIDIA
Maxwell™

NVIDIA GeForce RTX 3050 Ti

Memory 4GB 64-bit LPDDR4
25.6GB/s

32 GB DDR4 at 3200 MHz (2 x 16
GB), dual channel

AI
Performance

472 GFLOPS 1.69TFLOPS

Network Wifi 802.11 ac Wifi 802.11 ac

Table 3.1: Hardware Settings I

Mobile Device Edge Server
Jetson Xavier AGX Jetson Orin

CPU 8-core NVIDIA Carmel
Armv8.2 64-bit

12-core Arm Cortex-A78AE v8.2
64-bit

GPU NVIDIA Volta architecture
with 512 NVIDIA cores

NVIDIA Ampere architecture with
2048 NVIDIA CUDA cores

Memory 64GB 256-bit, 136.5GB/s 32GB 256-bit, 204.8 GB/s
AI

Performance
22TOP 275 TOPS

Wifi Wifi 802.11 ac Wifi 802.11 ac

Table 3.2: Hardware Settings II

3.6 Deep Reinforcement Learning Framework

As mentioned earlier, we optimize task allocation across the layers and resources of the

system as well as the model used to complete the task. In the following, we define the
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structure of decision-making, how the state is composed, and how we transpose the abstract

performance measures we defined earlier into the real-world system we deployed.

We adopt a double deep Q network (DDQN) [82] algorithm as the core engine of our frame-

work because it is a sequential decision-making problem. DDQN is model-free DRL that

leverages the greedy policy implemented by deep Q Network (DQN) algorithms while reduc-

ing overestimation. In the DDQN algorithm, the greedy policy is evaluated using a second

neural network. We refer the interested reader to [82] for a thorough description of the

algorithm, which we summarize at a high level in Algorithm 1.

3.6.1 Decision Timing

We define a time step as the interval between a task arriving at the QMD (i.e. input queue) in

the DRL agent and the result of the inference being obtained. The input queue is separated

into a queue per resource available (QRi) which enables asynchronous inference execution

processes and consequently stores the individual real-time latency. This management of

tasks facilitates the differentiation between the delay of the task and the total time in the

time step. In fact, the time step is an upper bound of the latency.

3.6.2 State and Action space

The state space represents the available resources and interfaces in the MD, which is readily

observable by the agent without the need to exchange information over the wireless link. In

particular, we consider blocks of computing, task, model, and network features. We then

define the global state as S = {QMD, C, T,M,N} composed of 43 parameters, where QMD

is the number of tasks in the input queue, C is the state of the computing resources in

the MD, T , and M are the statistics of the recent tasks dispatched and the neural network
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models recently used, and N is a set of features from the IP, TCP, and wireless interface.

The specific variables used in the implementation are given in Section 3.7.

Actions are applied to batches of tasks, and the action space is A = {a0, .., aN}, where

ai = (mj, pk) is the pair composed of the neural model to be used to perform inference and

the resource (e.g. CPU, GPU) chosen to perform inference at the current batch of tasks.

Therefore N = M × P , where M is the maximum number of neural network models per

task and P is the maximum number of processors that can be used based on the hardware

specifications.

Algorithm 1 Multi-Layered System with Double DQN

Initialize Agent and Neural Network parameters: primary network Qθ, target
network Qθ′ , and replay bufferD
Initialize Framework parameters: dispatcher configuration, task generator, comput-
ing feature logger, network feature logger processes
Initialize Environment parameters: action space, size of the batch of tasks, number
of classes of tasks, the wireless connection configuration
for episode e = 1, N do

while (dispatched tasks < total tasks & size(input queue) > 0) do
Select a random action at with probability ε.
Otherwise, select at = argmaxaQ(st, a; θ)
Execute action at, collect reward rt+1 and observe next state st+1

Log the experience (timestamp, st, rt+ 1, st+1)
Store the transition (st, at, rt+1, st+1) in D
if s is terminal state then

break
end if

end while
end for
for each update state do

sample et = (st, at, rt+1, st+ 1) from D
Compute target Q value:
Q∗(st, at; θ) ≈ rt + γQθ (st+1, argmaxa′ Q

′(st, a
′))

Do gradient descent step on (Q∗(st, at)−Qθ(st, at))
2

Update target network parameters:
θ′ ← θ

end for
Terminate all processes initialized by the Framework
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3.6.3 Reward Function

As indicated in Section 3.4, we define a multi-objective optimization objective that includes

task delay, normalized task accuracy, and power consumption (measured over a time step).

Our reward function reflects the objectives using a sigmoid function that penalizes the per-

formance metrics to be outside a desired region. The overall performance is calculated as the

sum of the weighted average of the normalized optimization objectives. This implies that

the normalized accuracy is used as inverse since the more accurate, the smaller the value of

the overall performance is and consequently, the reward is higher.

We compute the expectation of the performance as the average normalized accuracy of the

task class based on the model selected. Since we use trained neural network models, we

consider the documented accuracy to normalize the values in an interval [0,1] such that

they are comparable. The latency is measured in real-time, we timestamp tasks at arrival

time and retrieve the total time when the results are available to the MD. This latency is

averaged among the tasks dispatched in each batch. Finally, power consumption is obtained

as an instantaneous measure from the kernel variables. We use the interval duration to

extract an approximate energy consumption within the time step. Energy consumption also

is normalized.

Then, the overall reward function is defined as follows:

Rt =


S if resources available at time t

−1 otherwise

, (3.4)

where S = 1/(1 + ex) and x =
∑N

i=1wiδ̇
∗ and δ represents the vector of the normalized

performance metrics, in our case: end-to-end delay, accuracy and power consumption.
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3.6.4 Architecture

The architecture of the proposed DDQN implementation relies on custom modules such as

the environment, task generator, dispatcher, and loggers. The main characteristic of the

DDQN algorithm is the experience replay and target network deployment to stabilize the

optimization. In our case, to build the online neural network model we adopted a sequential

structure starting with 3 layers of 1-dimensional convolutions and Relu as an activation

function, a flattened layer, and 2 lineal layers with Relu as an activation function. Our

inputs are state-action pairs, which is the 1-dimensional vector and the output is the Q-

value that corresponds to the selected action.

3.7 Dataset

In order to train the neural network embedded in the DDQN, we collected a dataset that

captures the experiences of our DRL agent in a complex environment with the aim to test

and evaluate schemes build to optimize computing resources.

We implemented two types of policies in the experiments, the baseline policies which are

CPU, GPU, and EDGE ONLY. The CPU policy refers to performing inference of all tasks

generated on the CPU regardless of the context change, the same rule applies to the GPU

ONLY and EDGE ONLY policies. The latter type of policy implemented is random which

provides a non-biased sample of the action space. We log the state of the MD in the

computer, network, tasks, and model features for the time the experiments ran. Finally,

we log the output or reward of our system implementation. As part of modeling a complex

environment, we use two scenarios composed of two hardware settings to show that variation

in computing and wireless capacities enables variation in the optimal allocation policy. The

hardware settings are listed in 3.1 and 3.2. The first setting uses an NVIDIA JN board as
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Figure 3.5: Experimental setup: Indoors space with a wall and a door between the Edge
Server and the Mobile Device. The mobile device was located in a hallway at different
distances from the Edge server.

Figure 3.6: End-to-end tasks delay vs. state features for NVIDIA Jetson Nano. The left
plots show mobile device features with the agents trained to adapt to the context changes.
The right plot shows the wireless representative feature with the agents trained to adapt to
the changes in distances
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Figure 3.7: End-to-end tasks delay vs. state features for Jetson Xavier AGX. The left plots
show mobile device features with the agents trained to adapt to the context changes. The
right plot shows the wireless representative feature with the agents trained to adapt to the
changes in distances

MD: an embedded computer with limited computing capabilities. This device is designed

for simple machine-learning models. Moreover, the CUDA memory is shared with the CPU,

which results in some limitations if we decouple the loading from the inference in machine

learning tasks. The wireless interface is not integrated into this board, we have added a

USB Wifi antenna adapter that facilitates wireless communication. In the first setting, we

use a Laptop - Linux as the ES. This latter platform not only possesses a larger computing

power but also uses a standard architecture. The second setting uses an NVIDIA JXA

board as MD: an embedded platform that reduces task latency and memory bandwidth due

to the zero-copy functionality active for the CUDA memory. For this board, we acquired

a Wifi antenna, with a larger antenna gain than the JN. As ES, we use an NVIDIA Orin

board, which has 10x the computing power and embeds inference accelerators [25]. We

define experiments based on the following parameters: a hardware setting, a specific distance

between the ES and the MD, a distribution of the heterogeneous tasks and a policy. We

recorded information from 9 experiments per hardware setting and per policy (see details

in Table 3.3). The dataset is composed of a collection of the DRL agent experiences per

experiment, an experience contains the timestamp, the state, the chosen action, and the

next state. The state is formed by the computing, tasks, model, and network features.
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Parameter Values
Hardware settings Table 3.1 and Table 3.2
ES-MD distance 3, 6, and 12 mts

Tasks distributions 4, 8, 20 context changes
Policies Random, EDGE ONLY, CPU ONLY, and GPU

ONLY
Actions configuration

(processors)
GPU, CPU and EDGE accordingly

Actions configuration (models) Semantic segmentation: SegFormer B0 and B1
[86]. Image Classification: EfficientNet B0 and

B1 [77]

Table 3.3: Experiment parameters

Figure 3.8: Ranking of actions per trained agent within scenario I

Figure 3.9: Ranking of actions per trained agent within scenario II

3.8 Results

Based on the dataset described in the previous section, we train the DRL agent and deploy

it on the considered scenarios. We name the scenarios in terms of MD, policy, and frequency

of context switching. For instance, the policy deployed by the agent in an environment

when the context changes 4 times and uses the information of the NVIDIA JN is defined as

nano-cc-4. The weights of latency, accuracy, and energy consumption we use in the training
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phase are [0.6, 0.3, 0.1], respectively.

In Fig. 3.6 and Fig 3.7, we show the average end-to-end task delay for selected state features

of each hardware setting. The % of CPU load, memory, and power consumption are features

of the state of the mobile device, while the % of lost WLAN packets corresponds to changes

in link quality. Policies that allocate all the tasks to one processor emphasize the impact

of context change, which tends to dominate the other delay components as we increase the

degree of heterogeneity of the tasks. For instance, under the CPU ONLY policy, the overall

latency in the various environments tends to saturate as the frequency of context switching

increases. The GPU ONLY policy tends to consume less power and more memory compared

to CPU ONLY policy in all environments. As expected, the EDGE ONLY policy suffers

from the impairments of the wireless channel, especially as the MD-ES distance increases.

The policy adopted from the environment where the MD has an NVIDIA JN hardware setting

is shown in Fig. 3.6 (nano-cc-4, nano-cc-8, and nano-cc-20). In Fig. 3.6, we observe that

the DRL agent achieves smaller delays than the baseline policies – CPU ONLY and GPU

ONLY – when the context change frequency is smaller than 20. This is because the DRL

agent policy is prioritizing delay over power consumption of the MD. Further, the number of

consecutive tasks of the same class is larger compared to the nano-cc-20 environment, and

then there is more room for adaptation. Consequently, the improvement of the end-to-end

delay when the context change is 8 is higher compared to 4. On the other hand, the DRL

agent deployed in the environments where the distance between the MD and ES varies (nano-

dis-3, nano-dis-6, nano-dis-12) show a superior reduction of the end-to-end delays ( 60% of

the time) as the DRL agent policy is choosing to perform some tasks locally.

The policy obtained from the environment where the NVIDIA JXA is the MD, showed in

table 3.2 (xavier-cc-4, xavier-cc-8, xavier-cc-20), only improves the end-to-end delay com-

pared to the baseline policies – CPU ONLY and GPU ONLY – for the scenario when the

context change occurs 20 times in a sequence of tasks. This is because the hardware is pow-
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erful enough to repeatedly use complex models, and therefore the policy is prioritizing local

computing with a stable delay for the low frequency context change scenario. Additionally,

we note that the end-to-end delay achieved by our policy is 2.5x times smaller compared to

the EDGE ONLY policy.

In figures 3.6 and 3.7, we show the relationship between the state of the MD and one of

the metrics used to optimize the trained agent (e.g. end-to-end delay). Importantly, the

actions are taken by the DRL agent to achieve such performance show that different policies

apply to different scenarios. To illustrate this effect, we show the ranking of actions used

in each of the policies adopted by the DRL agent (see Fig. 3.8 and Fig. 3.9). The most

selected actions for variations in context change frequency for the NVIDIA JXA setting are

a low complexity model in CPU for the image classification task and either high or low

complexity in ES for the segmentation task; which shows that diversification of resources

for tasks allocation enables performance improvements. This policy is reasonable due to the

convergence in delay that occurs when the model is placed in the CPU instead of the GPU.

The policy obtained from the environment that varies the hardware of the MD and ES

follows a pattern based on the context-change frequency; for instance, in the NVIDIA JN

setting the most selected action for the scenario with the least context-change frequency is

the same as the one with the highest context-change frequency (nano-cc-4 and nano-cc-20

respectively). This is the option with a high-complexity model for the image classification

tasks and a low-complexity model for the image segmentation tasks placed in the CPU. Only

the nano-cc-8 environment’s first choice places the models in the GPU and the ES with low

and high complexity respectively.

The policy obtained from the environment that varies in MD to ES distance (e.g. nano-dis-

3, nano-dis-6, nano-dis-12) in NVIDIA JXA and NVIDIA JN implements different actions.

NVIDIA JXA agents privilege actions that select resources onboard the ES. For instance, the

second in the ranking of actions chosen in the NVIDIA JXA environment includes dispatching
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all image classification tasks to the ES, where the high complexity is preferred in the closest

distance and the low complexity is preferred when the distance between the mobile device

and the ES increases. Conversely, the second choice in the ranking of the choices in the

NVIDIA JN setting shows a preference for dispatching tasks locally where the GPU is used

at the same time as the CPU. For actions 1, 24, and 6 (See Fig. 3.9) the image segmentation

tasks are always dispatched to the GPU. This empirically shows that the policy is adapting

to the changes in hardware in each scenario as well as to the changes in the environment.

3.8.1 Deep Learning Problem Formulation

We propose to use DDQN to optimize the tasks allocation. A model-free Deep RL that

leverages the greedy policy implemented in DQN while reducing overestimation. In the

DDQN algorithm, the greedy policy is evaluated using a network different from the one that

estimates its value. Consequently the Q value given a state s, an action a and the parameters

of the network θ is calculated as follows:

Q(s, a; θ) = R + γQ(s′, argmaxa′Q(s′, a′; θ); θ′) (3.5)

The action space is A = {a0, .., an} where ai = (mj, pk) which represents the model and the

processor chosen to perform inference at the current batch of tasks. Therefore n = M × P ,

where M is the maximum number of models per tasks and P is the maximum number of

processors that can be used based on the hardware specifications. For instance, we consider

the Edge Server as one powerful processor.

The state space S = {C, T,N} represents the device condition in a time-step as a function

of its computational capabilities, tasks features and network status. The reward function is
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defined as follows:

Rt =


S if resources available at time t

−1 otherwise

(3.6)

Where S = 1/(1+ ex) and x =
∑N

i=1wiδ̇
∗, which represents the sum of the weighted average

of the normalized optimization objectives (e.g. end-to-end delay, energy cost, and accuracy)

during the time step.

3.8.2 Task Characterization

Two tasks belong to the same type only when the data that carries and the models needed

to perform inference are valid e.g. the image classification tasks arrive in average every

3 seconds, the frame resolution is the same and the valid models are EfficientNet-B0 and

EfficientNet-B4.

We model the tasks generation as distributions based on the number of new model load-

ings that can occur in a period of time. A new model loading occurs when the new tasks

coming is different from the one that was just dispatched.

We considered tasks patterns of 200 tasks, in which we vary the frequency of the context

change. For instance, if we have 4 context changes in a series of 200 tasks, we generate a

different type of tasks every 50 tasks.
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3.8.3 Environment

Our environment relies on the measurement of three independent set of features which are:

(1) network features e.g. RTT, dropped packets, (2) computing features e.g. CPU usage,

CPU-memory usage, and (3) tasks features e.g. size of the data carried, size of the model

needed for each task. Additionally, restrictions in the computing capabilities availability as

well as of the machine learning models are considered.

3.8.4 Framework Pipeline

We developed a framework to test our scheduler on scenarios in real-time for multiple plat-

forms. The scheduler receives a queue of tasks as input and a trained RL agent uses a

dispatcher to allocate the tasks among the processing units. Task allocation is either se-

quentially or parallelly based on the capabilities of the hardware we are using. An overview

of the framework pipeline is shown in Fig 3.4.

We use the multiple producer-consumer paradigm to establish communication between the

tasks generator and the scheduler. Once the tasks are generated and received by the DRL

agent, we obtain the most recent network and computing features. The computing and

network logs are hardware customized modules running in the background to provide an

accurate state of the mobile device.

The type of tasks and models used to perform inference change based on the application

that the mobile device is running. Subsequently, we have decoupled the tasks allocation

decision-making from the execution of the tasks in the mobile device which facilitates the

incorporation of heterogeneous tasks into the pipeline. The dispatcher manages the model

allocation per processing unit as well as the inference per batch of tasks sent to the DRL

agent.
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Figure 3.10: End-to-end tasks delay vs. state features for NVIDIA Jetson Nano. Left plots
show mobile device features with the agents trained to adapt to the context changes. Right
plot shows the wireless representative feature with the agents trained to adapt to the changes
in distances

We use the dispatcher to load models and execute the respective inference based on the

processor that has been selected from the DRL agent. In this regard, the DRL agent receives

a queue of heterogeneous tasks and distributes a batch of tasks to one or multiple processing

units though the dispatcher. The Edge server communication is also part of the dispatcher.

We use a publisher-subscriber mechanism to send and receive messages from the Edge server

which provides scalability for the servers and the clients. Since each type of tasks and model

requires preprocessing data, the dispatcher also provides statistics per batch of tasks that

has been dispatched.

The DRL agent actions indicate which model is used to execute the inference in a batch of

tasks in the mobile device as well as in the Edge Server, therefore a Server object and an

instance of the dispatcher also works at the Server side.

3.9 Experimental Setup and Data Collection

We developed a experimental setup to test the interoperability of the proposed scheme among

servers and mobile devices. We used two scenarios with a set of servers and mobile devices
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Figure 3.11: End-to-end tasks delay vs. state features for Jetson Xavier AGX.Left plots
show mobile device features with the agents trained to adapt to the context changes. Right
plot shows the wireless representative feature with the agents trained to adapt to the changes
in distances

each (see Table 3.1 and 3.2). We located the mobile devices at different locations on a hall-

way indoors (see Fig. 3.5).

We collected a dataset based on computer vision tasks were we change the distribution od

the tasks, and the distances among the Edge server and the mobile device. We ran a series

of 200 tasks per experiment, tasks can be either image segmentation or image classification.

The distributions of the tasks are based on the context change explained in section III.B.

Our dataset has traces of 3 distributions of tasks for each context change in CC = {4, 8, 20}

and 3 different channel settings where the distance between the mobile device and the Edge

server is 3, 6 and 12 mts respectively. To collect our dataset we ran a random agent that

chooses actions from an action space made of 2 possible models, 2 possible type tasks and 3

potential processors.

3.10 Results

We investigate the tasks allocation problem for heterogeneous tasks in a multi-layered envi-

ronment through a set of experiments that incorporate heterogeneity in the type of tasks, as
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well as in the environment. We deployed our framework in two pairs of Edge Server - Mobile

device configurations as shown in Table 3.1 and Table 3.2.

For the DDQN implementation, we use a sequential model with linear and convolutional

layers with Relu activation functions. We have a state made of 43 input parameters where

11% belongs to the state of the mobile device, 18% are task related and the rest is part of

the network monitoring.

We trained our agents based on three aspects: (1) the hardware configuration, (2) tasks

distribution related to the frequency of context change and (3) the distance between the mo-

bile device and the server which shows different channel settings. We consider two hardware

configurations because one has better properties to perform multiprocessing which allows us

to implement parallelism when multiple tasks are sent to different processors. We trained a

total of 12 agents in an offline setting.

We evaluate our agents with the reward, accuracy achieved by the chosen actions and end-

to-end task delay. We compared them with plausible policies such as CPU only, GPU only

and EDGE only. The reward per batch of tasks dispatched reflects the priorities in the

optimization as a weighted average. In our study we emphasised the end-to-end delay how-

ever we also consider the accuracy and power consumption as part of the weights, they are

[0.6, 0.3, 0.1] respectively. In Fig. 3.6 and Fig 3.7 we show the average end-to-end task delay

for selected state features of each hardware setting. The % of CPU load, memory and power

consumption are features of the state that capture the status of the mobile device while

the % of the WLAN packets that are lost demonstrate the changes of the communication

between the mobile device and the Edge Server.

Policies to allocate all tasks in one processor show a tendency that changes based on the

metric that we use to measure performance. For instance all CPU ONLY policies tend to
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converge to a delay the more context changes are in the distribution of tasks, to have more

CPU usage while the all GPU ONLY policies tend to consume less power and more memory.

On the other hand, EDGE ONLY policies show that the farther the Edge Server is, the more

errors in the packets we find.

The trained agents for the NVIDIA JN hardware settings showed in table 3.1 (nano-cc-

4, nano-cc-8 and nano-cc-20) achieve better delays when the context change is less than 20.

The end-to-end delay improves from 0.9 seconds to 0.8 seconds when the context change is

8 and this gets higher for the distribution when the context changes 4 times. On the other

hand, the agents trained to adapt to the changes in distance between the mobile device

and the edge server (nano-dis-3, nano-dis-6, nano-dis-12) show a superior reduction of the

end-to-end delays ( 60% of the time). The trained agents for the NVIDIA JXA hardware

settings showed in table 3.2 (xavier-cc-4, xavier-cc-8, xavier-cc-20) only achieve an efficiency

in delays for the scenario when the context change occurs 20 times in a sequence of tasks.

However, some costs are reduced such as the % of CPU Load and Power Consumption for

the case when the context changes 8 times. Additionally, the end-to-end delays are better

( 2.5x times) for each of the trained agents xavier-dis-3, xavier-dis-6, xavier-dis-12) compared

to the EDGE ONLY policy.

In figures 3.6 and 3.7 we show the relationship between the state of the mobile device and

one of the metrics used to optimize the trained agent (e.g. end-to-end delay). However, the

actions taken from the trained agents to achieve such performance also show that different

policies apply to different scenarios.

We show the ranking of actions used in each of the trained agents (see Fig. 3.8 and Fig.

3.9). The actions preferred in first place for variations in the context change for the NVIDIA

JXA setting are a low resolution model in CPU for the image classification task with either

high or low resolution model in EDGE for the segmentation task; which shows that GPU is
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not preferred for this setting as a first option which seems reasonable due to the convergence

in delay that occurs when the model is placed in the CPU instead of the GPU.

The policy chosen by the Xavier agents is similar when we change the hardware; in the

NVIDIA JN setting the preferred action for the scenario with the least changes of context is

the same of the one with the most changes of context (nano-cc-4 and nano-cc-20 respectively)

is the one with high resolution model for the image classification tasks and low resolution

model for the image segmentation tasks placed in the CPU. Only the nano-cc-8 agent first

choice places the models in the GPU and the EDGE with low and high resolution respectively.

The actions preferred by the agents trained to adapt to the distance changes (e.g. nano-

dis-3, nano-dis-6, nano-dis-12) in Xavier and Nano differ from each other. Xavier agents

prefer actions that include the EDGE, for instance the second in the ranking of actions cho-

sen by the Xavier agents (35,14,8) include dispatching all image classification tasks at the

EDGE, where the high resolution is preferred in the closest distance and the low resolution

is preferred when the distance between the mobile device and the Edge server increases.

On the contrary, the second choices in the ranking of the Nano agents show a preference

of dispatching tasks locally where the GPU is used at the same time as the CPU. For the

actions 1, 24, and 6 the image segmentation tasks are always dispatched at the GPU. This

empirically shows that the policy is adapting to the changes of hardware in each scenario as

well as to the changes in the environment.

3.11 Discussion

In this chapter, we presented a framework for the control of task routing across the layers

and computing units of edge computing systems. Different from most prior work, we resort
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to the use of a real-world deployment to capture important effects, such as context switching,

that greatly impact performance in systems characterized by streams of heterogeneous tasks.

We train a DRL agent to control the allocation of tasks to the system devices and computing

units in response to a complex definition of the state that incorporates features observable

by the mobile device and demonstrate that the agent applies different policies to different

hardware settings, task arrival settings, and other general features of the system.

A mobile device is equipped with processing units such as CPU and GPU as well as with

wireless interfaces. Such device is required to perform inference either locally or by offloading

the inference to a nearby Edge Server. We propose to optimize task allocation using the

DDQN algorithm with a multi-objective function that considers the the end-to-end delay,

energy cost in the mobile device and accuracy achieved with the selected model.

We consider on-device tasks generation with heterogeneous and computationally high-intensive

which is common for complex applications such as AR. Therefore the selection between per-

forming inference on-device or on the Edge server is non-stationary. We have formulated

the tasks allocation optimization as a Deep RL problem. Deep RL algorithms are used to

optimize sequence of decisions for high-dimensional states. This technique maximizes the

expected reward of the sampled states given a sequence of decisions chosen. The interac-

tion between the agent and the environment is trained to learn the MDP (Markov Decision

Process) that characterizes our scenario.
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Chapter 4

Cross-Layered-Communication Logic:

Resilient Wireless Communication in

MECS

4.1 Introduction

Future mobile applications are expected to rely heavily on machine learning algorithms for

their operations, typically in complex deep neural networks (DNN). To make some examples,

AR or autonomous navigation rely on computer vision tasks such as image segmentation,

object detection, and classification, which are computation-intensive and delay-sensitive [3].

Due to the limited computing capabilities that are typically available to mobile devices

(MED), in MECS the tasks are offloaded to a remote device, the ES [33, 48, 17]. Although

offloading can decrease MED’s energy consumption, as well as the execution time, the offload-

ing process requires the transmission of the input data to the ES. In the case of computer

vision, the input data often have a large size, and their timely and reliable transfer over
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Figure 4.1: Packet loss using 40MHz and 80MHz within two outdoor scenarios: with and
without obstacles.

wireless channels poses considerable challenges to communication and network systems.

The above issue is further exacerbated in applications where MEDs operate in challenging

propagation environments, such as ground rovers autonomously processing visual informa-

tion to autonomously navigate in urban and indoor settings, or airborne drones with extreme

mobility characteristics [18]. In such scenarios, unreliable communications degrade core

performance metrics, and make data rate erratic [47], consequently gravely affecting task

performance. We note how these applications impose fine-grain performance constraints

connected to individual data points (e.g., a bound on per-image latency or quality), rather

than requirements on average performance metrics such as throughput.

Current literature adopts two main approaches in MECS to address this challenge. Both are

based on limiting the amount of data to be transmitted from MED to the ES.

Approach one: partial offloading [33, 1, 89, 44, 11] is one of the approaches for maintaining

the required QoS in challenging channel condition. Partial offloading involves dividing the

data processing and task execution between ESs and the MEDs. In poor channel conditions,

the MEDs choose to partially rather than fully offload the data to the ES.
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Approach two: Some solutions propose to compress input data and or intermediate features

[55, 46, 65], for instance in the context of “split” CNN architectures. This results in a smaller

amount of data transmitted over the wireless channel, and thus a reduced sensitivity to poor

or highly erratic channel conditions.

The above approaches focus on the modification of the computing pipeline, leaving the

transmission layer unaltered. Conversely, many communication centered approaches focus

on traditional traffic and network-based perspectives ignoring the important challenges and

opportunities connected to the semantic structure of the data and computing tasks.

Focusing on modern MU-MIMO communication technologies, our rationale takes as a start-

ing point fine grain characteristics of task-level performance. We first illustrate the charac-

teristics of the problem at hand with some preliminary tests on a real-world system (see the

detailed description in Section 4.4. Fig. 4.1 show patterns of per-image packet loss for dif-

ferent transmission configurations (number of parallel data streams and channel bandwidth)

both in LoS and NLoS settings. The erratic nature of these fine-grain patterns is apparent,

as well as their dependency on the specific environment and transmission configuration. On

the one hand, larger resource usage – a larger number of streams and bandwidth – can reduce

both average and variance of per-image PDR (as illustrated in Fig. 4.2). On the other hand,

a larger amount of resources used by one user can impair the ability of the system to support

a large number of users operating in the same region.

In the context of perception for robotic platforms, our overarching objective is to create a

context- and task-aware predictive logic capable to dynamically and semantically control

MU-MIMO resource usage to achieve task specific objectives. The proposed framework –

SOAR – reasons at the granularity of individual data points to be delivered to the ES. Specif-

ically, SOAR selects transmission configurations predicted to achieve a per-image packet loss

– corresponding to a task specific performance – in a window of future images while mini-

mizing resource usage based on observable features drawn from system components such as
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Figure 4.2: SOAR vs traditional task offloading approaches. Here, Nc: no. of the transmit
antenna, Nr: no. of the receive stream, BW: bandwidth, PDR: packet delivery ratio, and S:
data rate of the wireless channel.

telemetry, network interface and application.

The engine of SOAR is an innovative context-aware distributional deep reinforcement learn-

ing (DDRL) agent [22] that embeds a multi-branched neural network. A first neural selector

processes general features to detect the context and select a context-specific model (branch)

in a pre-trained set. The branch process a specialized set of features to output the distribu-

tion of a value function based on a composite performance/resource usage cost function. We

remark how traditional DRL agents focus on the estimation of the expectation of a value

function conditioned on an action, without consideration for its variance. In the context of

mission-critical systems, this may lead to catastrophic outcomes. Conversely, DDRL focuses

on the distribution of the value function given the action, thus allowing more sophisticated

reasoning – together with more robust learning.
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Summary of Novel Contributions

• In the context of robotic applications offloading computer vision tasks over MU-MIMO

Wi-Fi (IEEE 802.11ac) channels, we perform an in-depth analysis of the relationship be-

tween system-level features of MECS from logical blocks such as application, network, and

telemetry, the characteristics of image transfer at the fine-grain temporal scale, and task

performance.

• We develop a novel semantic, predictive and context-aware controller – SOAR – that dy-

namically configures MU-MIMO transmission parameters to meet packet loss ratio objectives

set at the granularity of individual image/task while minimizing channel resource usage. The

controller is task aware, meaning that the packet loss threshold is set to the specific computer

vision task. To make an example, as demonstrated in our results, a satisfactory performance

in image classification can be achieved with a larger loss of information compared to semantic

segmentation, where individual pixels are classified. The SOAR framework is context-specific

as the controller and its input features are dynamically adapted to the operating context –

e.g., a rover navigating in a line-of-sight (rural open space) or non line-of-sight (urban with

buildings) environments – to boost control effectiveness.

• At the core of the SOAR framework, we explore the use of an innovative multi-branch

distributional deep reinforcement learning agent. The core idea is to create context-specific

agents, that process specialized set of features maximizing their performance in the environ-

ment their are trained for. A low-complexity neural selector analyzes a small set of features

to extract the context and select the agent. We show that such an approach considerably

improves the ability of the agents to predict patterns of per-image packet loss compared

to an non-specific predictor. The agents take the form of distributional deep reinforcement

learning algorithms, that evaluate the distribution of aggregate rewards rather than their

expectation. This approach, which to the best of our knowledge is almost completely unex-
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plored in communication systems, boosts the robustness of the controller.

• We perform an extensive data collection campaign to inform both the construction and

the evaluation of SOAR with a Linux workstation as ES and a rover as MED in 2 different

environments with 4 different communication setups. We consider data offloading at different

FPS– 1, 5, 15, and 30 FPS for each of the setups. Additionally, we develop a framework to

synchronously capture the features from network, application and MED telemetry blocks.

• We present results that evidence SOAR’s framework context adaptation based on real-

world dynamics represented by the application, network, and telemetry features. SOAR’s

DDRL context agent achieves a state-of-the-art level performance for two types of tasks:

instance segmentation and object (image) classification, while reducing the resources utiliza-

tion by 35% for NLoS and 40% LoS within an offloading deadline constraint of 20ms. We

incorporated various strategic policies to out DDRL agent, including short-sighted (myopic)

and long-term approaches, to assess the predictability of the LoS context relative to the

NLoS context. Our findings indicate that the myopic policy yields superior performance in

LoS context compared to NLoS context.

4.2 Related Work

As discussed earlier, task offloading in MEC systems suffers from the volatile nature of wire-

less channels, as well as time-varying workload patterns. To mitigate this issue, approaches

explored in the literature include resource allocation frameworks, distributed computing so-

lutions and the dynamic reconfiguration of computing pipelines between MED and ES. The

reader is referred to excellent survey papers on this topic such as [70, 83, 40, 2]. In the

literature, the task execution in ES is often referred to as full offloading, while distributing

the task execution among MEDs and ESs is termed as partial offloading. One of the key
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metrics to consider is the amount of data that needs to be transferred over the wireless

channel, which is influenced by the computing component deployed at the mobile side, as

well as application-dependent characteristics (e.g., input data size).

Most recent literature in MECS focuses on optimizing fundamental metrics such as energy

consumption, bandwidth usage, and computational resources used in reliable channel con-

ditions. To mention a few, Guo et al. [32]. Xiao et al. [85], and Fresa et al. [30] developed

frameworks to maximize task accuracy in full offloading settings. Other contributions, such

as Matsubara et al. [52], Lakew et al. [45], and Zhao et al. [92] explore partial offloading

solutions to optimize the balance between end-to-end delay, energy consumption, and task

performance using techniques such as split computing, early exit, and data compression [54].

To make a example, dynamic pipeline configuration has been studied in [13], where the au-

thors propose to use a mixture of features such as telemetry, network, and application to

predict the ESs that maximize the probability of successful task execution. The proposed

approach consists of learning a task offloading policy based on a model-free Markov Decision

Process that estimates the cardinal number of each ES that reliably performs the offloaded

task. The impact of wireless channel conditions in MECS has been studied by [39], and [63].

Specifically, in [39], authors analyze how the noise in a LTE wireless communication sys-

tem impacts the performance of offloading image segmentation tasks. Additionally, in [63],

authors propose a denoising step that takes the transmitted image as input and returns a

denoised image processed by the trained computer vision algorithm at the ES. The denoising

step consists of a transformer-based multi-stage denoiser network trained for 5G communi-

cations noise with a UAV as the MED, improving the performance in object detection and

segmentation within multiple changes in the 5G wireless communication parameters.

We then note how most task-aware algorithms mostly focus on the computing workload,

while communication-oriented contributions are primarily centered on traditional traffic-

based reasoning. In stark contrast, our contribution uniquely connects the semantic of
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Figure 4.3: Example of a 4×3 MU-MIMO system.

the tasks and their fine-grain performance to the dynamic adaptation of communication

parameters.

4.3 Preliminary Experiments: MU-MIMO in MECS

4.3.1 A Walkthrough of MU-MIMO Wi-Fi Systems

Wi-Fi is the technology of choice for plug-and-play connectivity [64]. As it is currently one

of the most pervasive and widely adopted wireless technologies, it is also a viable choice for

reliable task offloading [61, 5]. The AP integrated within MED enables MD to communicate

simultaneously with multiple stations (STAs) attached to one or more ESs or to parallelize

multiple streams to the same stations (STAs), reliably and efficiently leveraging beamforming

through steering multiple transmission streams[34]. Wi-Fi adopts OFDM to allow transmis-

sion in K partially overlapping orthogonal sub-channels. The input bits are organized into

groups–termed as OFDM samples, each group containing a certain number of bits. K of

such OFDM samples ak are grouped into OFDM symbols a = [a−k/2, ....., a(k/2)−1] [37, 38].
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The digitally modulated symbols are simultaneously transmitted over K sub-channels.

stx(t) = ej2πfct
(K/2)−1∑
−K/2

ake
j2πkt/T (4.1)

Equation (4.1) expresses the transmitted signal whereas fc is the carrier frequency and

T = 1/(∆f) is the symbol time with ∆f being the sub-channel spacing. To improve the signal

quality, the transmitter performs beamforming to steer the transmission streams toward the

intended receiver. To perform beamforming, multiple signal streams are combined at the

transmitter by steering the weights W. W is derived from the CFR matrix H, which is

estimated for every OFDM sub-channels. The obtained H is of dimension K×M×N, where

M and N are the number of transmit and receive antennas. At the receiver (beamformee),

the beamformed signals are retrieved from the fact that [H]l,i × [W]l,i = 0 where l ̸= l or

i ̸= i. Fig. 4.3 presents a 4× 3 MU-MIMO system where AP (beamformer) with 4 antennas

transmitting to two different stations (STAs): STA A and STA B, having two and one

receive antennas enabled respectively. The transmission signal stx(t) from the beamformer

bounces off different physical objects of the environment, and P different copies of the signal

are received by the beamformees (STA A and STA B). If the signal is transmitted from

m ∈ {0, 1, ...M−1} antennas and received by n ∈ {0, 1, ...N−1} antennas the CFR matrix

H is represented equation 4.2 where Ap and τp are the attenuation and delay experienced

by path P.

Hk(n) = Ak(n)e
jϕk(n)

=
P−1∑
P=0

Ap(n)e
−j2π(fc+k/T )τp(n)

(4.2)
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The beamformer (AP) derives W from the H matrix to steer the transmission streams to
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Figure 4.4: Data rate and latency at different antenna configurations and bandwidths.

enhance the power towards single or multiple beamformees (STA) simultaneously. This helps

to improve the signal strength, resulting in improving the data rate and the transmission

delay. Another benefit of MU-MIMO offloading is that the limited capacity of any individual

streams does not degrade the overall network performance significantly.

The overall link quality, including transmission data rate, packet drop, and transmission la-

tency, depends on the number of transmissions and reception streams, available bandwidth,
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and the number of stations (STAs) [88]. We present preliminary results showing variations

in data rates and latency given different antenna configurations and channel bandwidths

in Fig. 4.4. From the results, we can see higher data rates and lower latency with higher

antenna configurations and bandwidth usage – which establishes an expected direct propor-

tionality between resource usage and average performance. However, we note how average

performance is just one aspect of the problem, as task offloading in mission-critical systems

necessarily requires guarantees on individual data point (an image in our setting) latency.

Importantly, a higher number of transmission streams and larger bandwidth usage increase

power consumption significantly, which causes the system to drain out faster, while also

impairing the ability of the system to support multiple users [74]. Thus, it is essential to

configure the MU-MIMO system to maintain task-level reliable communication links and op-

timize resource and energy consumption simultaneously. However, both (i) the, potentially

extremely, erratic behavior of the channel in the context of robotics and vehicular applica-

tions, and (ii) the extreme requirements of such applications, it very challenging to find a

transmission configuration that is effective. On the contrary, providing robust task offload-

ing while minimizing resource usage requires predictively, dynamically, and opportunistically

adapting transmission parameters at the level of individual tasks, in a task-aware fashion.

This leads to the formulation of the control problem and resolution engine as detailed in the

next sections.

(a) True labels and masks (b) Predicted labels and masks

Figure 4.5: True labels and masks and Predicted labels and masks (YOLOv8) for datasets
with 70% packet loss.
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Figure 4.6: Object (Image) classification accuracy at different percentages of packet losses
with CIFAR 100 dataset.

4.3.2 Computer Vision Task Performance with Packet Loss

We now demonstrate the how the relationship between task semantics, task performance and

packet loss considering two popular ML based computer vision tasks– (i) object classification

and (ii) instance segmentation. From the results, it is clear that due to the different semantic

targets of the tasks and structure of the models the tolerable amount of packet loss per image

is a function of the specific task, as well as of the neural model used. This consideration can

be used to tune resource utilization to the task.

Object (Image) classification with packet loss

In object (or image) classification, a neural model categorizes an image into a particular

label. A set of numerical features such as edges and corners are considered in the training

phase to determine the performance of a class prediction. The accuracy measures the ratio of

correct prediction where true positives and true negatives are considered in the numerator.

In a well-balanced dataset, a score near 1 corresponds to a better performance. Fig. 4.6
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Figure 4.7: mAP@0.5 performance of instance segmentation at different percentages of
packet losses.

shows object classification accuracy obtained using the VGG16 [75] and ResNet9 [35] models

trained and tested on the CIFAR 100 dataset [43] as a function of the packet loss affecting

the input image. The performance of both models decays drastically when the percentage of

packet loss in an image is above 30%. The VGG16 architecture [75] is composed of a uniform

arrangement of convolution layers, this differs from the ResNet9 architecture [35], which is

reflected in the performance variation, for instance, an image with 10% of loss downgrades

the accuracy by half compared to the performance with no losses.

Instance segmentation with packet loss

In instance segmentation, a model identifies objects of interest and classifies each object’s

individual pixels. The intersection over the union (IoU) measures the extent of overlap

between the predicted bounding boxes and the ground truth bounding boxes. An IoU of 0.5

indicates that there is at least a 50% overlap between the predicted, ground truth, bounding

boxes and the pixel-level segmentation. mAP at 0.5 IoU (mAP@0.5) computes the AP for

each class of the object and then takes the mean across all classes. AP accounts for both
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precision (how many of the predicted objects are correct) and recall (how many of the actual

objects were detected). A higher mAP@0.5 score indicates better performance, with scores

approaching 1 indicating near-perfect localization and categorization. It reflects the model’s

ability to detect object boundaries and accurate pixel-wise labeling.

Fig. 4.7 and Fig. 4.8 depict the mAP@0.5 performance and PR curve respectively of instance

segmentation with coco [49] validation dataset for different percentages of packet loss in every

image with two SOTA models: YOLOv5 [42] and YOLOv8 [41]. mAP@0.5 performance is

0.67% when there is no packet loss in the images which degrades to 0.219% and 0.008% when

the packet losses are 50% and 100% respectively with YOLOv8. Fig 4.5 shows the true label,

true masks, and corresponding predicted labels (YOLOv8), predicted segmentation masks

(YOLOv8) for a sample of datasets with 70% of packet loss respectively.
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Figure 4.8: PR curve of instance segmentation for different percentages of packet loss with
YOLOv5 and YOLOv8
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Figure 4.9: Dataflow of the SOAR system: We process a set of features from a diversity of
context traces to optimize the wireless configuration based on the ML task requirements.

4.4 SOAR Task Offloading System

4.4.1 Problem Formulation

We consider a MECS composed of a MED and multiple ESs. The MED is connected to

the ESs through a IEEE 802.11ac [37] MU-MIMO network, where AP and stations (STAs)

correspond to the MED and ESs, respectively. We emulate a real-time task offloading system,

where the image frames from benchmark datasets are offloaded from MED (AP) to the

ESs (stations (STAs)) with a predefined frame rate. Our primary objective is to optimize

wireless resource usage subject to deadline and task performance constraints. We denote

the system control parameters as Xbi,pi,ri , a vector composed of three key variables: the

bandwidth bi ∈ B = {x1, . . . , xn} MHz, the number of parallel streams in the antenna

configuration pi ∈ A = {1 × 1, . . . , n × n}, and the packetization strategy used per device

ri ∈ Y = {y1, . . . , yn}. We define two packetization strategies, they are duplication and

parallelization; in duplication, a packet is duplicated as much as the number of streams in

the configuration such that a 4 × 4 antenna configuration has 4 copies of a packet whereas

parallelization implies that each stream transmits a unique packet. We define the task

performance requirements (Di) and map them to a target packet loss ratio per image as

Di ∈ F = {Ftype1 , ..., Ftypen}. Each task has a latency constraint corresponding to a deadline

T , which is the maximum time given to the system to complete the task and corresponds to
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a maximum time to deliver the information to the ES.

We, then, denote the objective function as the sum of the cost of the control variables using

the following resources consumption model adapted to MU-MIMO network configuration:

Et = f0 + f1(bt) + f2(pt) + f3(rt) (4.3)

In the above equation, each fi represents shape the raw resource usage to express the rele-

vance of each component and the relationship between the increase usage of each component

and the cost. We define the performance constraint as the probability of having the mini-

mum number of packets dj successfully received within the target time T . The probability

Mj, defined as

Mj = P (dj > Dj|κ), (4.4)

is set based on application reliability demands.

We define our optimization problem as follows:

min
n∑
i

Xbi,pi,ri

s.t.

Mj ∀j ∈ {type1, . . . , typen}

κ ≤ T

κ > 0

f0, f1, f2, f3 > 0

(4.5)
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4.4.2 System Overview and Algorithm

To solve the problem defined in the previous section, we propose the semantic control frame-

work SOAR. The SOAR framework is composed of four modules (see Fig. 4.9): (i) the Data

Collector, (ii) the Context Detector (iii) the Feature Selector, (iii) the control agent.

The Data Collector module merges state-related data from the MED, including sensor read-

ings, telemetry, wireless communication metrics, and application-specific features. The in-

puts for this model encompass telemetry data—such as accelerometer, gyroscope measure-

ments, network metrics – including transmitter and receiver signal strengths, data rates,

and application-specific parameters such as frames per second and task type. This data is

normalized and partitioned into 1-second intervals to form the foundation for subsequent

predictive analysis.

The Context Detector module takes the data coming from the Data Collector module and

outputs the context. We consider each context as a class and train a classifier to identify the

context from a subset of the raw data collected. The MLP model developed for this purpose

is composed of 5 sequential layers with a ReLU activation function at the last layer to map

to two different classes representing the contexts/scenario: LoS and NLoS in our testing as

explained later.

In the Feature Selector module, a random forest algorithm is utilized to discern a context-

specific subset of features that optimally predict future packet losses. The selection of these

features is contingent upon the context– differentiating between LoS and NLoS scenarios,

and is thus connected to the context detector module.

The Control Agent module integrates the contextual features and task requirements derived

from the Feature Selector. This module is responsible for choosing a configuration based on

the objective and constraints of the optimization problem. A specialized agent is trained for
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different contexts and task performances, customizing a QR-DQN algorithm (see Algorithm

2).

Algorithm 2 SOAR Framework Algorithm

Input: σ → data, ξ → task requirements, q → quantiles
Output: χb,p,r∀{b ∈ Bϕ,ξ, p ∈ Pϕ,ξ, r ∈ Rϕ,ξ}} → configs
1:

2: ϕ =ContextDetector(σ) # Context Classifier
3:

4: ft = GetFeatures(ϕ) # Feature Selector
5: m = Env(ft, ϕ, q, ξ, σ) # Initialize Environment
6: ag = load(ϕ, ξ) # Load the trained agent
7: for e in episodes do
8: st, ← reset(ag)
9: while True do
10: procedure Predict(ag) # QR DQN Prediction
11:

12: Q(st+1, at+1) =
∑

j qjθj(st+1, at+1)
13: a∗ ← argmaxat+1

Q(st, at+1)
14: Tθj ← r + γθj(st+1, a

∗), ∀j
15: return

∑q
i=1 Ej[H(Tθj − θi(st, a)]

16:

17: end procedure
18: st+1, r, done← m.step(a∗)
19:

20: end while
21: end for

4.4.3 Distributional Deep Reinforcement Learning

We instantiate our controller as a Distributional Deep reinforcement learning agent whose

reward combines the objective function and constraints of our optimization problem. As all

reinforcement learning algorithms, our solution formally refers to Markov Decision Processes,

defined by the tuple (S,A, R, P, γ), which are generally used to model complex environments

and dynamically optimize decisions conditioned on a perceived state. A and S are the action

and state spaces, R is the reward function associated with the state-action combination.

P (st+1|st, at) is the probability to transition from state st+1 from the current state st and an
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action chosen a. γ ∈ (0, 1] is a discount factor that represents the impact of future rewards

on the optimization. A policy π(·|s) associates each state s ∈ S to a distribution over the

action space A.

Although, standard RL algorithms successfully optimize the returns on policies defined as

Gπ =
∑∞

t=0 γ
tRt – the sum of discounted rewards over a trajectory following the policy π;

this approach leads to a general disregard of the rewards from states whose probability of

occurrence is low, as well as completely neglect the variance of the long-term reward given an

action. Moreover, directly learning the expectation of a long-term reward function generally

requires a large number of samples.

Herein, we propose to adopt a distributional reasoning, and specifically use distributional RL

algorithms, which explicitly consider the uncertainty in the long-term outcome of actions.

This class of algorithms has been shown to improve the performance of the controller in

many ways, from enabling faster learning to improving generalization. While DDRL has

seen a limited investigation in the context of robotic navigation, its use in the optimization

of wireless networks is almost completely unexplored.

We take as starting point the distributional DRL model-free algorithm called QR-DQN [22].

The QR-DQN algorithm is based on the DQN (Deep Q Network)[57], a standard DDRL

algorithm where the expected return is the q-value of a state-action combination for an

environment E and it is calculated as follows:

Q∗(s, a) = E
st+1∼E

[Rt + γmax
a+1

Q∗(st+1, at+1)|s, a] (4.6)

In QR-DQN, the q-value is expanded to a distribution of quantiles per action. The algo-

rithm defines a quantile distribution Z that maps each state-action pair (s, a) to a uniform
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probability distribution supported on θi(s, a) as follows:

Zθ(s, a) =
1

N

N∑
i=1

δθi(s, a) (4.7)

where δz denotes a Dirac at z ∈ R Then, following this formulation, in [22] it is proven that

given a quantile τ ∈ [0, 1] the minimizer for F−1
z (τ) is the quantile regression loss calculated

as follows:

Lτ (θ) = E
Z̃∼Z

[ρτ (Ẑ − θ)],where (4.8)

ρτ (u) = u(τ − δu<0)∀u ∈ R (4.9)

where δu denotes a Dirac in u.

To solve our optimization problem, we define our action space A = B × A× Y as the number

of possible wireless configurations for bandwidth, number of streams, and packetization

strategy. Our state space S is defined by the context which represents a subset of the

telemetry, network, and application features. The reward function is denoted as follows:

R =


∑n

i=0 λif(Xbt,ptp,rt) + λn+1dj +
1

1+ex
if dj > Dj∑n

i=0 λif(Xbt,ptp,rt) + λn+1dj otherwise

(4.10)

Different from any existing DDRL algorithm, we train a set of context-specific agents, and

use the context detector to select the agent, thus building the first multi-branched examplar

of DDRL. Notably, each agent will use a constext-specific set of features as input to maximize

its performance while minimizing its complexity.
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4.5 Dataset and Setup

We build a dataset focused on monitoring the state of the system composed by MED and

the ES within two different contexts for robotics applications. The dataset aims to provide

insights into the correlation between the controllable parameters of the wireless channel such

as the number of streams, the bandwidth used, the packetization strategy, and the inherent

characteristics of the environment and application.

Figure 4.10: NLoS and LoS contexts for SOAR framework.

We collected features from two different scenarios: LoS and NLoS. For the LoS scenario,

we have deployed our equipment in an isolated park area with no interference coming from

infrastructure or other mobile devices. Alternatively, for the NLoS scenario, we use an urban

environment with buildings and wireless infrastructure hindering packet transmission.

In both scenarios, the MED follows a circular trajectory (with a ∼ 12m radius, see Fig.

4.10). Each experiment is characterized by completing twice the same trajectory with specific

configuration parameters, for instance, a fixed number of streams used to transmit data, a

specific bandwidth, the transmitted frames per second, and the number of ES that the MED

transmits its images.
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We augmented our dataset through the implementation of multiple deadlines for the images,

which correspond to different packet loss patterns. We drop all packets received after the

deadline. We leverage the multiple streams of communication based on the packetization

strategy to extend the dataset.

The hardware employed for the MED includes a custom-designed rover equipped with a Pix-

hawk [56] processor with Ardupilot as a ground control system. Within the rover’s onboard

control system, a Jetson Nano[16] microcomputer is deployed to oversee the execution of

critical tasks, including telemetry management, network operations, and packet logging. To

facilitate the telemetry logging process, we integrated the functionalities of the DroneKit

library, which enables the recording of sensor measurements for subsequent analysis. The

hardware used for the ES is a laptop with a GPU that could process the transmitted image

at their end.

In the pursuit of performing 5G data transmission, particularly for utilizing MU-MIMO tech-

nology, we established a LAN infrastructure by interconnecting multiple NetGear routers.

Each MED and ES has its NetGear router to transmit images. To modify wireless configura-

tion for our experimental objectives, we installed a Linux-based operating system designed

for embedded devices, known as OpenWRT which enables us to change the bandwidth used

as well as the number of streams for the wireless transmission. Our network configuration is

comprised of a mobile AP which is our MED attached to the rover, alongside two station-

ary stations (STAs) which are our ESs that transmit a rate of images per second using a

non-reliable network protocol (UDP).
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Figure 4.11: DNN-filtered, telemetry, network and application features vs accuracy for seg-
mentation task

4.6 Training and Evaluation

We implement custom machine learning models in multiple components of the SOAR frame-

work, particularly in the Feature Selector and Context Detector modules. In the following,

we describe the implementation details, the evaluation of our approach, and an analysis of

the DDRL approached used in the SOAR algorithm.

To build the Feature Selection module, we train a random forest classifier to select the useful

features as it is mentioned in section 4.4.2. Our tests show that the optimal set of features

is heavily dependent on the context; for instance, in the LoS context: fps, Xaccel, Yaccel,

distance, and signal strength are the relevant features while in the NLoS context: Xgyro,

Ygyro, Xaccel, Yaccel, distance and Rx bitrate perform better toward packet loss prediction.

Additionally, we test the efficiency of the selected features compared to the network, ap-

plication, and telemetry feature blocks used individually by implementing binary classifiers.

These classifiers predict whether a percentage of packet loss exceeds a threshold within a

time window (in seconds). Figures 4.11a - 4.12b show how the features selected by the ran-

dom forest classifier outperform individual features for a packet loss prediction in windows
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Figure 4.12: DNN-filtered, telemetry, network and application features vs accuracy for clas-
sification task

of 1, 3, and 5 seconds respectively.

In the Context Detector module, we train a sequential 5-layer model with ReLU and Softmax

activation functions and binary cross entropy loss to identify the two contexts based on our

dataset number of contexts. We use 10% of our data and a 5 cross-validation split to avoid

overfitting, after training we achieve 91.43% of accuracy.

We implement a DDRL-based algorithm to solve the optimal wireless configuration dynami-

cally over a MED trajectory considering the erratic channel behavior observed in a real-world

environment. We developed our environment to support the selected features per context

as well as the possible actions based on the real-world wireless configurations available in

our hardware setup. Concretely, the deployment of the QR-DQN agent was using Stable-

Baselines 3 framework [67]. We train an agent per context with 100 quantiles as a tuned

parameter. We use our collected dataset as the state space, and showcase the performance

of the agents for two computer vision tasks relevant to robotics applications: instance seg-

mentation and image classification. As shown in section 4.3 the performance of a task is

downgraded as a function of a portion of the image received or the packet loss. Similarly,

the wireless configuration and the application deadline requirement play a role in the packet

65



25 50 75 100
Resources Usage (%)

0.2

0.4

0.6

Ac
cu

ra
cy

 (%
)

LoS

Dist RL Agent -  = 0.05
Dist RL Agent -  = 0.95 
 Hierarchical Search - 2x2 

 Hierarchical Search - 3x3 
 Hierarchical Search - 4x4 

25 50 75 100
Resources Usage (%)

0.2

0.4

0.6
NLoS

10ms 15ms 20ms

Dist RL Agent -  = 0.05
Dist RL Agent -  = 0.95 
 Hierarchical Search - 2x2 

 Hierarchical Search - 3x3 
 Hierarchical Search - 4x4 

Figure 4.13: Image Classification performance within LoS and NLoS contexts
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Figure 4.14: Instance Segmentation performance within LoS and NLoS contexts
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loss.

As part of the evaluation of the DDRL agents, we train agents for two types of strategies:

myopic and long-term. These policies are differentiated by the values assigned to the discount

factor γ. The myopic policy corresponds to γ = 0.05, indicating a short-sighted approach

where immediate rewards are prioritized over future gains. Contrarily, a higher γ value of 0.95

emphasizes future rewards. To evaluate the performance of these strategies, we implement

a hierarchical search algorithm, which assumes that the antenna configuration is fixed, e.g.

2× 2 within the trajectory followed by the MED. The search finds the minimum amount of

resources (determined by the bandwidth and packetization strategy) that the MED can use

to get the minimal number of packet loss per second. We repeat the experiment for 2×2, 3×3,

and 4×4 antenna configurations and 3 different deadline requirements: 10, 15 and 20 ms. The

resource usage calculation is based on the components of the possible wireless configuration

which are the bandwidth, number of streams, and packetization strategy. Each component

spends a percentage of the resources, in this way, the maximum resources expenditure in a

wireless configuration is done by the 4 × 4 antenna configuration, 80 MHz bandwidth, and

duplication as packetization strategy. From these variables the prioritization goes as the

hierarchical search, being the antenna configuration the parameter that is more influential

in the resource utilization, followed by the bandwidth and the packetization.

The classification task results for LoS and NLoS are shown in Fig. 4.13. We calculate

the accuracy obtained from the relationship between the packet loss and the performance

observed in 4.6 for the ResNet9 [35] model. From Fig. 4.13 we notice that within a 20 ms

deadline, 3 × 3 and 4 × 4 fixed wireless configurations achieve the maximum accuracy of

the ResNet9 [35] model in both contexts with their respective costs in the resources usage

when the hierarchical search is implemented. Regarding the strategies of each agent, the

long-term policy outperforms the accuracy of the myopic policy for both contexts while

the latter maintains a lower resource usage. The myopic policies compared among contexts
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demonstrated a better performance in the LoS context – our intuition is that this is due

to the lower complexity environment compared to the NLoS. Additionally, we observe that

the LoS agent reaches its best performance using 35% less resources than the fixed wireless

configuration, and the NLoS agent reaches its best performance using 40% less resources

than the fixed configuration.

Segmentation task results for LoS and NLoS are shown in Fig 4.14. We calculate the per-

formance of the mAP@0.5 given the packet loss based on the numbers obtained in Fig. 4.7,

specifically using the function for the YOLOv8 [41] model. Further, in Fig. 4.14 the maxi-

mum accuracy of the YOLOv8 [41] model is reached – similarly to the classification task –

within the 20 ms deadline and using a 3 and 4 streams fixed configuration. Contrary to the

classification task, the myopic policy achieves a better mAP as the performance degrades

gradually with the packet loss compared to the classification task. We also observe that the

mAP remains above 0.5 for the 15ms deadline. Resources usage is reduced in both contexts,

moreover for a certain number of resources 60%, SOAR can use smaller deadlines (thus

decrasing the overall latency) without drastically degrading the performance of the tasks.
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Figure 4.15: Action distribution for 20ms for different γ parameters in NLoS context. Dup
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Our QR-DQN algorithm produces policies that optimize the reward distribution; this is
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reflected in the distribution of the action. We run experiments of 500 episodes to obtain Fig.

4.16 and 4.15 that illustrate the action distribution of the DDRL agents per context. In both

contexts, the myopic policy produces a broader range of actions, the duplication of packets

is used more often in the NLoS scenario which implies an increased resource consumption in

this context. This aligns with the increased complexity associated with the NLoS context

as compared to the LoS one. In terms of bandwidth preferences, there is a clear distinction:

the 80 MHz bandwidth is predominantly selected in NLoS contexts, whereas the 40 MHz

bandwidth is more frequently utilized in LoS situations.

4.7 Discussion

Our research delved into the task offloading problem within the scope of implementing robotic

applications where the mobility of the MED, the communication channel, and the ML tasks

requirements in real-time play an important role. The primary objective of our study was

to provide reliable communications through understanding the semantics among contexts

in the real-world to minimize the resource utilization associated with the parameters of the
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multiple-input multiple-output wireless configurations for specialized tasks.

To address this challenge, we introduced the SOAR framework, which is a reliable context-

aware wireless configuration solution tailored for resource optimization in MECS. To rigor-

ously assess the performance of SOAR, we assembled a comprehensive dataset comprising

transmitted images through a MU-MIMO channel within a context (NLoS and LoS) trajec-

tory. This dataset was generated using a lightweight, non-reliable data protocol (UDP), and

it encompassed various features including application, telemetry, and wireless configuration.

Our analysis involved the implementation and development of multiple data gates and mod-

ules to extract features with predictive capabilities, and to identify the context to which

the features belong. Furthermore, we extended our dataset by incorporating diverse packe-

tization strategies and imposing task deadlines feasible in the real-time robotic applications

realm.

The results demonstrated that SOAR can identify contexts using real-world data through

feature selection and context detector gate implemented within its design. SOAR’s DDRL

context agent maximizes the reward distribution in a horizon which is reflected in the adapt-

ability of its policy to the tasks performance while reducing the resources utilization over

the MED trajectory. Specifically, SOAR achieves a state-of-the-art level of task performance

using 35-40% of resources when compared to a fixed MU-MIMO wireless configuration

optimization for an offloading deadline of 20ms within both contexts.
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Chapter 5

Higher-Layered-Computing Logic:

Adaptive Inference for Modular

Pipelines in MECS

5.1 Introduction

The proliferation of machine-type communications (MTC) has been driven by the advance-

ment of AI in areas such as connected vehicles [81], industrial automation [6], smart cities [4],

and agriculture [60]. Traditionally, the applications for MTC like object detection, seg-

mentation, etc., have been executed locally on end devices through local inference. It [84]

offers real-time response, but also requires high computational requirements and increased

power consumption, leading to higher capital expenditure (CAPEX) and reduced device

runtime. This may not be scalable in size, weight, power, and cost (SWaP-C) constrained

environments, such as factories, defense, and aerospace. Recent studies have explored re-

mote inferencing/full offloading [15] to address these drawbacks, where resource-constrained
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devices offload sensor data to remote servers equipped with high computational capabilities

for inference operations. However, this requires high bandwidth utilization, hindering scala-

bility in limited spectrum scenarios and potentially increasing CAPEX for access to a larger

spectrum. Split inference [51, 8, 53] has been proposed as an alternative solution aiming to

achieve a middle ground between local and remote inferencing by partitioning the neural net-

work model and executing different parts on the end device (the head model) and the server

(the tail model). Split inferencing can be beneficial for autonomous devices constrained by
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Figure 5.2: Example scenario for quantifying the vision-based collision avoidance (CA) qual-
ity of service threshold in terms of identified object-to-image frame area ratio
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SWaP-C in dynamic network conditions, since it requires lower computational complexity

on the end devices compared to local inferencing, and lower bandwidth compared to full

offloading.

• Motivation and novelty: Existing MTC applications [87] lack the intelligent logic

that understands the effect on the machine task performance of robots and UGVs due

to local/remote/split inferencing decision in dynamic network conditions. Our work ad-

dresses these drawbacks by proposing the Context-aware Adaptive Inference for Machine

Task Execution in Complex Environments (CAMTEC). As shown in Fig. 5.1, CAMTEC

orchestrates the activation of the most beneficial inferencing method (local/remote/split)

for any off-the-shelf ML model for jobs such as object detection and recommends to any

off-the-shelf object detection based navigation controller, the UGV speed to ensure a zero

collision trajectory and maintain the UGV navigation (machine task) precision. To enable

this orchestration, CAMTEC learns the effect of wireless network, computation, and energy

on machine task precision from the context of the environment conditions, network per-

formance, the available compute and energy thresholds, and the ML model precision (e.g.,

inference confidence level).

• Proposed Work: In the considered scenario, the camera-equipped UGV with SWaP-C

constraints runs CAMTEC on top of off-the-shelf object detection AI/ML models and nav-

igation controller algorithms, to execute vision-based obstacle avoidance and reach a target

destination in dynamic network conditions. While capable of performing some level of local

inference for immediate tasks, the UGV strategically offloads computationally demanding

AI/ML tasks to a nearby edge server based on CAMTEC’s understanding of the environ-

ment, compute, and wireless performance. This approach balances the need for real-time

responsiveness with the ability to handle complex computations. The edge server, upon

receiving the sensor/tensor data, executes remote inference or collaborates with the UGV

on split inference tasks and returns crucial inference feedback. This feedback influences the
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vehicle navigation controller, which, in conjunction with CAMTEC, determines the optimal

speed of the vehicle to safely navigate obstacles and reach its target destination. This ensures

that the UGV optimizes resource utilization and adapts to changing environmental and/or

operational demands to successfully execute a machine task in constrained environments.

The main contributions of this chapter are as follows:

• We implement an off-the-shelf machine learning model (YOLOx) trained to do vision-

based object detection and classification for local, remote, and split inferencing on a

commercial off-the-shelf (COTS) UGV and remote server, for navigation in a cluttered

environment as the machine task. Through empirical experiments we showcase the

performance limitations of local, remote and split inferencing, individually.

• We design and implement a DRL-based adaptive inference and UGV speed controller

process at the heart of CAMTEC, using multi-modal sensor data from the UGV. For

this purpose, we modify and use a Proximal Policy Optimization (PPO) agent that

learns from the compute, energy, network, and the YOLOx inference performance

metrics and generates the updated decision for inference modality in real-time, along

with the updated speed of the UGV, for the execution of the machine task with de-

sired precision. We set the machine task precision threshold as zero collisions during

navigation.

• We explain the building blocks of CAMTEC, and through extensive experiments we

showcase its performance in a cluttered environment in dynamic network and UGV

system conditions. We show how our proposed approach ensures the machine task

precision through better resource management, compared to the baseline ideal scenar-

ios.

74



Depth Camera

NVIDIA Jetson
Orin Nano

Obstacle

Wi-Fi router

Mobile robot

NVIDIA AGX
Orin server

Monitoring
device

collision
avoidance path

Figure 5.3: The UGV equipped with a stereo depth camera sensor and NVIDIA Jetson Orin
Nano local compute module interacts with the NVIDIA AGX Orin remote server via a WiFi
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5.2 Problem Statement and Optimization

5.2.1 Problem Statement

We consider a scenario where the UGV follows a predefined trajectory that includes obstacles

along its path. In this context, a collision is defined as the point at which the distance

between the UGV and an obstacle approaches zero. The proposed vision-based navigation

system estimates obstacle distance by leveraging the inverse relationship between distance

and bounding box size, conditioned on the obstacle’s class. A potential collision, denoted by

φ, is defined to occur when the condition |pi − th| < do is satisfied, where pi represents the

object-to-frame area ratio of the i-th object, th is the minimum area threshold for collision

avoidance, and do is the minimum detection distance required to ensure safe navigation.

To optimize the overall performance of the navigation to a target destination, we propose a

multi-objective cost function that drives the policy of the DRL algorithm by incorporating
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trajectory speed optimization and collision avoidance while considering device and network

resource constraints. The cost function and its constraints are defined as follows:

min

α ∣∣∣∣∣Sn −
1

R

R∑
r=0

Sr

∣∣∣∣∣
2

+ β |pi − th|2


subject to |pi − th| < do,

ηcpu < CMAX , ηgpu < GMAX ,

κ < B, ζ < E.

(5.1)

where i ∈ C, the set of obstacle classes. Sn represents the target average speed of the robot

at interval n, and 1
R

∑R
r=0 Sr is the average speed observed on the trajectory up to time

T . The coefficient α determines the importance of minimizing deviations from the target

average speed. The second term quantifies the collision risk by measuring the difference

between the object-to-frame ratio pi of a detected object and the collision threshold th,

with β acting as a weighting factor for this risk. The constraints represent the operational

capacity of the system during the execution of navigation tasks, providing a framework

to ensure efficiency and safety. For example, |pi − th| < do ensures that object-to-frame

ratio pi, associated with an object of class i ∈ C (the set of all obstacle classes), remains

within a safe threshold distance do to avoid collision. The CPU utilization ηcpu must remain

below the maximum allowable limit CMAX to maintain system performance. Similarly, GPU

utilization, ηgpu, must not exceed GMAX . The total bandwidth usage κ must not exceed the

available network capacity B, and the energy consumption ζ is constrained by the device

energy capacity E.

5.2.2 Deep Reinforcement Learning Optimization

We propose a DRL framework that interfaces with off-the-shelf object detection and naviga-

tion algorithms for adaptive local/remote/split inferencing and speed control. This frame-

76



work employs Proximal Policy Optimization (PPO) algorithm [71] for sample-efficient and

stable policy updates. PPO improves upon Trust Region Policy Optimization (TRPO) by

constraining policy shifts using a clipping mechanism, ensuring balanced exploration and

stability. The DRL environment is composed of the state space S, which represents key

system metrics such as device battery level, CPU and GPU utilization due to inference or

navigation processes, available network bandwidth, and server workload. The action space,

A, is defined by the possible speeds and inference modes (local, remote, and split). The

PPO agent optimally learns a policy π(a|s)) to dynamically select actions based on the sys-

tem’s current state. The reward function r(s, a)is formulated to incentivize optimal system

behavior by balancing application performance metrics while accounting for system state

dynamics, including bandwidth constraints. It integrates the parameter f , which measures

the navigation performance, demonstrating the deviation of the current speed and threshold

from their respective targets, scaled by weights α and β, as in Equation 5.1. Our reward

function is computed as:

R =


− 1, if constraints in eq. 5.1 are not met,

wf · f + we ·∆E + wb ·∆B +
wl

lat
, otherwise,

(5.2)

where wf , we, wb, and wl are configurable weights for the deviation penalty, energy consump-

tion, bandwidth optimization, and latency minimization, respectively. This flexible design

allows the agent to prioritize different objectives based on the environment’s requirements.

Incorporating these weights alongside the optimization in Equation 5.1 facilitates conver-

gence toward feasible states constrained by our dataset, thereby improving convergence to

optimal performance. This approach is generalized for any reinforcement learning environ-

ment, enabling consistent application across diverse domains without environment-specific

modifications. We utilized the PPO implementation from Stable Baselines3 [67] to fine-tune

our optimization problem and developed a custom environment compatible with the OpenAI

Gym interface.
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5.3 Preliminary Experiments

5.3.1 Machine Task Precision (MTP)

For autonomous navigation in cluttered environments, we quantify MTP via the object-to-

image frame area ratio, denoted as p and illustrated in Fig. 5.2. This metric is calculated

as the ratio between the detected object’s bounding box area and the total image frame

area (width × height). The parameter p serves as a normalized, scale-invariant threshold for

vision-based collision avoidance, where higher values correspond to increased proximity and

collision risk. This normalization ensures consistent performance evaluation across diverse

camera resolutions and object dimensions while maintaining computational efficiency for

real-time navigation applications requiring immediate collision risk mitigation.

5.3.2 Experiment Setup

The testbed shown in Fig. 5.3 comprises four main COTS components: a Rosbot PRO

UGV [68] equipped with a camera, an NVIDIA Jetson AGX Orin [62] Edge Server, a dual-

band configurable WiFi router [79] for connecting the devices, and a remote monitoring

system. For local computation, the UGV is equipped with an NVIDIA Jetson Orin Nano

processing unit as local processor, a Wi-Fi Adapter Wireless Dual Band 5GHz 867Mbps

+ 2.4GHz 300Mbps to transmit/receive data, a stereo camera. The UGV also includes an

STM32F103RC microcontroller for UGV control, powered by a 22.2V 5000mAh battery.

5.3.3 Split Computing Models in Constrained Devices

Object detection models produce three primary outputs: bounding boxes for spatial local-

ization, confidence scores indicating detection reliability, and class labels for categorization.
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with Darkent-53 as backbone. Bottom: Inference Split Model implemented in the
CAMTEC framework.

Traditional methods such as R-CNNs, SSDs, and anchor-based approaches enhanced accu-

racy but introduced significant computational and memory demands, limiting their effective-

ness on resource-constrained devices. To address these limitations, the YOLO (You Only

Look Once) series [28] achieves real-time performance by framing bounding-box prediction as

a regression task rather than discrete classification. Specifically, YOLOv3 [28] integrates the

Darknet-53 neural network as its backbone, consolidating initial layers into a single stream-

lined feature extraction path (as depicted in Fig. 5.4). This architectural trait is particularly

suited to split inference, aligning with our goal of optimizing computational resources for

real-time applications. For this reason, we specifically utilize the Darknet-53 backbone from

YOLOX models [31], which further refine the YOLO framework by removing anchor boxes

and employing a decoupled head design for improved accuracy and efficiency.
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Figure 5.5: Cumulative Distribution Function (CDF) of key performance features: (a) In-
stant Power Consumption, (b) End-to-End Latency, (c) Bandwidth. Data were collected
from an autonomously navigated trajectory at multiple speeds.

5.3.4 Observation

In our preliminary experiments, we evaluated three metrics: power consumption of the UGV,

latency of the inference, and bandwidth usage during controlled robot trajectories with a

fixed obstacle. We utilized a YOLOx detection model fine-tuned on the COCO dataset

[49] with 47.7 mAP [31], processing 640×480 pixel frames. We identified the threshold

parameter p for successful obstacle avoidance in an indoor cluttered space at speeds of 0.05,

0.10, and 0.15 m/s across three inference modes. As shown in the cumulative distributions

in Fig. ??, split inference outperforms local inference by reducing power consumption, and

latency through partial offloading to servers. Although remote inference achieves the lowest

consumption of power and latency of the inference, it requires significantly higher bandwidth,

underscoring the trade-off between computational efficiency and network resource demands

in edge computing systems.

5.4 CAMTEC Framework Description

To enable context-aware adaptive inference, we built CAMTEC over a WiFi-based wireless

network, and it has the flexibility to be deployed over other network protocols as well (e.g.,

5G). We provide a detailed workflow of the CAMTEC framework, referring to Fig. 5.1.
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Step 1: A suite of multi-modal sensors provide the state space representation to the

DRL algorithm. The battery, CPU, GPU, and WiFi modules provide the real-time data

corresponding to the energy, compute, and network states. The camera captures the real-

time environment in front of the UGV. The captured images are stored in a Last-In-First-Out

(LIFO).

Step 2: The DRL module processes detection results alongside critical system metrics,

including latency, Collision Avoidance (CA) state, computing energy consumption, and net-

work performance. These inputs enable the agent to determine the optimal inference con-

figuration and the vehicle’s linear speed. The agent’s decision-making process is designed to

balance computational efficiency with adaptive responses to dynamic environmental condi-

tions while optimizing for reliable navigation and maintaining a target speed. This proactive

decision-making ensures that the vehicle follows its intended trajectory efficiently in the

absence of immediate obstacles, supporting seamless and adaptive navigation in complex

scenarios.

Step 3: The frames from the camera are processed by the YOLO object detection model,

in either remote, local, and split inference modes, as recommended by the DRL module.

Steps 4,5: For instances where the DRL module chooses remote or split inference, the

camera/tensor data are transmitted in the uplink to the remote server via WiFi.

Step 6: The inference results, which are provided as feedback to the UGV, include the

identified obstacles and their positions, the Object-to-Frame Area Ratio (p) and the Collision

Avoidance (CA) state. The CA state determines the UGV navigation commands, specifying

the required maneuver (e.g., turning left, right, or adjusting the trajectory) to ensure safe

and efficient obstacle avoidance.

Step 7: The Collision Avoidance logic processes the CA state to compute navigation com-

mands, determining the required linear and angular velocities for effective obstacle avoidance.
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The CA state is governed by two key parameters: (1) the p-value, which quantifies the dis-

tance to a predefined threshold based on the size of the object within the vehicle’s field of

view, and (2) the center position of the detected object. The system transitions between

states, such as executing a left-turn motion for a specific number of iterations with prede-

fined angular velocities, to a correct trajectory state. The correct trajectory state allows the

vehicle to replicate its pre-CA movements, ensuring smooth re-alignment with the planned

navigation path while maintaining overall operational efficiency and stability.

Step 8: The calculated velocities are transmitted to this node, which executes physical

motion commands for the UGV. This ensures real-time adjustments to navigate around

obstacles and maintain an efficient trajectory toward the target.

5.5 Performance Evaluation
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Figure 5.6: p-error for Optimal Trajectory vs. PPO Agent within battery and bandwidth
constraints

To evaluate CAMTEC, we calculated the optimal changes in inference execution required to

achieve an average trajectory speed while avoiding collisions. Battery level and bandwidth

constraints were established as baseline parameters to assess their impact on navigation

82



80 85 90 95
Energy Consumption Limit (%)

−0.030

−0.025

−0.020

−0.015

−0.010

−0.005

0.000

A
vg

.S
pe

ed
Er

ro
r

(m
/s

)

Optimal
PPO Agent

0 20 40 60 80 100
Bandwidth Limit (Mbps)

Optimal
PPO Agent

Figure 5.7: Average speed error for Optimal Trajectory vs. PPO Agent within battery and
bandwidth constraints.

performance and resource consumption. From the constructed dataset, the navigation per-

formance, denoted by f, was optimized under constraints ensuring a minimum battery level of

95%, 90%, 85%, and 80%, after reaching the target destination. We evaluate our PPO agent

using average speed error and p-error, comparing its decisions to an optimal trajectory that

selects the best speed and inference mode at each next interval, defined as longer than the

inference time. Average speed error measures the deviation in chosen speeds, while p-error

is the average p-value of detected objects per interval compared to a predefined threshold.

Fig. 5.6 and 5.7 illustrate the two primary factors contributing to application performance:

p, the object-to-frame area ratio, and the average speed. The results demonstrate that the

policy implemented by the PPO agent closely aligns with the optimal values under the de-

fined battery and bandwidth constraints. Notably, the PPO agent exhibits a conservative

approach to both metrics—speed and p—particularly when resources are limited. The DRL

agent chooses more remote/split inference modes based on network capacity, and the RTT

latency causes the p-error to increase slightly even with reduced vehicle speed (as seen in

Fig. 5.6). This behavior results in the PPO agent achieving performance closer to the opti-

mal solution when more resources are available. For example, with a maximum constrained

battery of 20%, allowing up to 80% utilization, and a bandwidth limit of 100Mbps, which ap-
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proximates an unlimited small network scenario, the agent performs more efficiently because

the PPO agent executes a lower speed to keep a safe distance to the obstacle.Moreover,

the optimal solution reveals that increased bandwidth availability leads to reduced UGV

speed. This is attributed to the latencies introduced by remote and split inference, which

may be the only viable options when battery levels are critically low or CPU/GPU loads

are high (as seen in Fig. 5.7). In contrast, higher battery levels enable faster trajectories, as

the system can afford higher energy expenditure for performance improvements. In Fig. 5.8,

we illustrate a representative sequence of actions taken by the PPO agent along a sample

trajectory.

5.6 Discussion

The proposed framework, CAMTEC, addresses the critical challenge of optimizing over-

all machine-task performance, moving beyond the isolated improvements of individual ML

models. Specifically designed for vision-based autonomous navigation, CAMTEC employs a
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context-aware approach that integrates real-time system state understanding based on the

computational resources, energy availability, and network conditions. Our PPO agent im-

plemented in the framework shows how the UGV dynamically transitions between speeds

as well as inference modes – local, remote, and split – effectively distributing the compu-

tational load. This distribution enhances autonomous navigation performance, particularly

under bandwidth and battery constraints. Experimental validation on a ground vehicle

testbed demonstrates CAMTEC’s ability to navigate environments, achieving robust perfor-

mance with an error range of 0% to 30% from the optimal expected trajectory. These results

demonstrate CAMTEC’s adaptability and practicality in managing machine-task execution

in resource-constrained environments.
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Chapter 6

Conclusions

This dissertation presents and validates a novel, semantics-driven framework for cross-layer

resource management in Mobile Edge Computing Systems (MECS). The main thesis is that

using semantic awareness, which we identify as the contextual value of information to task

outcomes, as part of the control and joint optimization of computation and communication

resources, can significantly improve end-to-end application performance. This approach

contrasts with conventional methods that rely on optimizing decoupled, system-level metrics

such as average latency or buffer occupancy.

The core contribution is a three-tier hierarchical control architecture where each layer is

governed by a semantic Deep Reinforcement Learning (DRL) agent. At the lower layers,

a computing controller allocates resources across the mobile device and edge server, explic-

itly modeling context switching overhead to meet per-task latency and performance goals.

A cross-layer communications controller tunes wireless parameters and packet duplication

strategies to mitigate packet loss, optimizing for reliability under strict latency and task-level

performance. At the higher layers, a coordination controller selects inference modalities and

other complex task parameters, unifying the management of computation and communica-
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tion to ensure robust performance for complex, closed-loop tasks.

The efficacy of these frameworks was demonstrated on dedicated hardware testbeds using

mobile platforms. The integrated systems consistently achieved superior task-level accuracy

or precision for real-time deadlines set below 30 milliseconds of inference for the lower-layered

and cross-layered work, and enhanced communication reliability under mobility, thereby

confirming the direct link between semantic resource allocation and task-level performance.

This work establishes a vertically integrated control paradigm where semantics unifies the

management of computation, communication, and task-level performance. It proposes a refo-

cusing from optimizing isolated metrics to the goal of ensuring the timely and reliable delivery

of task-critical information. Future research directions include extending these frameworks

to multi-server topologies, incorporating formal safety guarantees, developing aware schedul-

ing, and designing semantics compression schemes. These developments further articulate

the underlying principle of this dissertation: semantics as the unifying foundation for intel-

ligent, cross-layer control.
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