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Abstract

Integrated Sensing and Communications (ISAC) has emerged as a promising paradigm
for future Sixth-Generation (6G) wireless networks. In this paradigm, wireless networks
can have both Sensing and Communication (SAC) capabilities using shared network re-
sources. ISAC not only enables the provisioning of SAC services but also has the potential
to enhance their performance: end-user devices can offload sensing data collection tasks to
Access Points (APs) co-located with edge servers and upload raw or preprocessed sensing
data to powerful edge servers for high-performance processing; meanwhile, APs can lever-
age contextual information about communication tasks obtained through sensing, such as
the visibility of virtual content in mobile Augmented Reality (AR) streaming, to enhance
communication efficiency. The interesting issue is to efficiently utilize network resources
to optimize SAC service performance in the presence of high and spatiotemporally varying
service demands. However, the main technical challenges are: 1) how network resource allo-
cation and SAC task scheduling are proactively determined to enable efficient coordination
between APs and mobile end-user devices for achieving satisfactory service performance;
2) how an end-user device adaptively offloads computation-intensive Deep Neural Network
(DNN)-based sensing tasks to an edge server to optimize task performance, under dynamic
task arrival, task processing, and server workload statuses; and 3) how an AP efficiently
acquires contextual information about communication tasks through sensing individual
mobile AR users and dynamic environment for resource-efficient mobile AR streaming.

In this thesis, we develop efficient resource management schemes for ISAC, including
resource allocation and task scheduling, to address the above three technical challenges.
First, we investigate proactive resource management for ISAC, determining the reservation
of radio and computing resources, the active probability of mobile devices for communi-
cations, and the partitioning of sensing regions. To cope with the non-stationary spatial
distributions of mobile devices and sensing targets, which can result in the drift in model-
ing the distributions and ineffective resource management decisions, we construct Digital
Twins (DTs) of the network slices for individual SAC services. In each DT, a drift-adaptive
DNN-empowered statistical model and an emulation function are developed for the spa-
tial distributions in the corresponding slice, which facilitates closed-form decision-making
and efficient validation of a resource management decision, respectively. Numerical re-
sults demonstrate that the proposed scheme can significantly enhance service satisfaction
ratios and reduce resource consumption compared to benchmark schemes. Second, we
investigate task offloading for DNN-based sensing data processing. Particularly, we con-
sider that an end-user device stochastically generates and adaptively offloads DNN-based
sensing data processing tasks to an AP co-located with an edge server. To adapt to the
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dynamic on-device and edge server workload status, leveraging the multi-layer and multi-
exit architecture of the considered DNNs, an offloading decision for each sensing task is
made on whether and when to stop on-device task processing and offload the task to the
edge server to complete the processing. Two DTs are constructed to evaluate all potential
offloading decisions for each sensing task, which provides augmented training data for a
machine learning-assisted decision-making algorithm, and to estimate the task process-
ing status at the device, which avoids frequently fetching the status information from the
device and thus reduces the signaling overhead. Simulation results demonstrate the out-
standing performance of the proposed task offloading scheme in terms of balancing sensing
result accuracy, delay, and energy consumption. Third, we propose an efficient resource
allocation scheme in sensing-assisted mobile AR streaming. In specific, we consider that
the position and surrounding environment of an AR user can be captured via sensing to
extract contextual information for AR streaming, i.e., the visibility of virtual content. The
goal is to minimize the overall radio resource consumption for delivering virtual content
visible to the AR user by properly determining the radio resource allocation for user posi-
tioning and environment mapping. To this end, we first develop a mathematical model to
estimate the content visibility uncertainty and the content delivery resource consumption.
We then generate a reference resource allocation decision that guides a deep reinforcement
learning-based decision process to efficiently adapt to non-stationary user and environment
dynamics. Trace-driven simulations demonstrate that the proposed scheme significantly
reduces radio resource consumption for delivering virtual content visible to an individual
AR user, compared to benchmark schemes.

In summary, we have proposed efficient resource management schemes for ISAC that
optimize SAC service performance with efficient resource utilization and practical opera-
tional complexity. The research results from the thesis provide valuable insights into the
design of scalable and adaptive ISAC systems that seamlessly unify sensing, communica-
tions, and intelligence in the future 6G.
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Chapter 1

Introduction

Sensing refers to the process of acquiring information about the physical world, includ-
ing detecting and tracking physical objects and mapping a physical environment, which is
crucial in various Internet of Things (IoT) applications, such as smart factories. However,
efficiently satisfying the sensing demand is challenging since low-cost sensors often suffer
from limited reliability in complex environments, while high-end sensors incur significant
computational overhead and hardware costs. To address the challenge, wireless commu-
nication networks, with growing advantages in sensing, are expected to be leveraged. In
addition, sensing enables awareness of the communication user status and the propagation
environment, which can be leveraged to improve communication efficiency. These mutual
benefits motivate the development of Integrated Sensing and Communication (ISAC) as a
revolutionary paradigm in sixth-generation (6G) wireless communication networks. In this
chapter, we first provide an overview of the ISAC paradigm and highlight representative
use cases. We then examine the challenges of resource management for realizing the ISAC
paradigm, which motivates our research. Finally, we outline three key research problems
investigated in this thesis.

1.1 Overview of the Integration of Sensing and Com-
munications

As IoT systems evolve toward higher levels of automation and intelligence, they require
not only efficient data transmission but also autonomous acquisition of environmental in-
formation [1]. For example, for industrial automation, inspection robots can be deployed



to detect physical defects in infrastructure components and promptly relay the information
to a control center for a timely and effective response [2]. The process of obtaining envi-
ronmental information is known as sensing. Tasks in sensing can be broadly classified into
three types: detection, estimation, and recognition [3]|. Detection involves determining the
presence/absence of objects of interest; estimation refers to extracting the parameters of a
detected object, such as position and velocity; and recognition focuses on understanding
what the object is and what it is doing, including aspects such as its type, identity, physical
integrity, and activity.

Sensing is typically subject to strict requirements to guarantee the reliable operation
of IoT systems. For example, for human and vehicle detection in industrial environments,
an object positioning accuracy of 0.5 meters and a position update rate of 100 milliseconds
are required [4]. Fulfilling these strict requirements in a cost-effective and efficient manner
is challenging. In particular, low-cost sensors such as cameras and Inertial Measurement
Units (IMUs) may yield low-quality sensing data under adverse conditions, such as low-
light environments or rapid user motion [5]. Although high-end sensors, such as Light
Detection and Ranging (LiDAR) sensors, can produce high-quality sensing data under
adverse conditions, the resulting data is often voluminous, e.g., as high as 2.8 million data
points per second, and demands computationally intensive processing [6].

To address the issue, the ISAC paradigm, where wireless communication networks are
used to provide both Sensing and Communication (SAC) services, offers significant po-
tential [3]. Fundamentally, wireless signals interact with environmental objects during
propagation, which results in environmental information being encoded in the signals. Re-
cently, the advancements initially aimed at enhancing communication performance have
further improved the ability of wireless communication networks to acquire environmen-
tal information. Particularly, the use of large-scale antenna arrays and wide-band, high-
frequency spectrum provides signals with high resolution in the angle, delay, and Doppler
domains [7]. In addition, the integration of multi-tier computing resources into wireless
networks enables advanced computation-intensive Artificial Intelligence (AlI)-based pro-
cessing of sensing data [7]. Furthermore, the dense distribution of network infrastructure
and mobile devices improves sensing service accessibility and enables collaborative sensing
from multiple viewpoints [8].

Notably, in the ISAC paradigm, wireless communication networks not only support
sensing but also benefit from it [3]. First, by providing the new sensing service, network
infrastructure and radio spectrum can be more efficiently utilized, which increases the rev-
enue potential of network operators. Second, environmental information obtained through
sensing can help optimize the performance of communication services. For example, infor-
mation on the position and velocity of communication users can be used to steer beams



accurately toward the users [9]. In addition, information on user position and environmen-
tal objects can be used to identify virtual content within the user’s field of view (FoV),
which facilitates resource-efficient content delivery [10].

Beyond academia, standardization organizations and industry have also demonstrated
strong interest in the ISAC paradigm. The 3rd Generation Partnership Project (3GPP)
studied ISAC in Release 19, identifying key usage scenarios and service requirements [4].
In November 2023, the International Telecommunication Union (ITU) included ISAC as
one of the six key usage scenarios anticipated in 6G networks [11]. In February 2025,
the 3GPP SA2 working group proposed six work tasks for the standardization of ISAC
in the upcoming Release 20 [12]. The industry has conducted real-world experiments
to evaluate the performance of ISAC. In March 2022, Huawei launched an ISAC system
prototype demonstrating the feasibility of the ISAC paradigm [13]. In November 2024,
China Unicom and ZTE jointly conducted a real-world trial of ISAC systems to support
medical content delivery services [14].

Overall, ISAC is regarded as a promising paradigm for joint SAC service provision,
offering significant potential to bring substantial social and economic benefits in future 6G
wireless communication networks. This thesis focuses on developing efficient and adaptive
resource management schemes to realize the potential of the ISAC paradigm.

1.2 ISAC Use Cases in Future 6G

ISAC use cases in the future 6G can be broadly divided based on whether sensing or
communication functionality is the primary focus. For communication-assisted sensing,
3GPP Technical Report (TR) 22.837 examined how ISAC can enhance sensing capabilities
across various industry sectors, including smart homes, smart factories, and low-altitude
aerial operations [4]. For sensing-assisted communication, ISAC is expected to play a
crucial role in improving communication performance in the future 6G, where channel
conditions [9] and communication content [15] can be highly dependent on user mobility
and environmental dynamics. In this thesis, we focus on one representative use case from
each of these two types, including human-centric smart factory and Augmented Reality
(AR) streaming.

e ISAC for human-centric smart manufacturing: Smart manufacturing in the
Industry 5.0 era is expected to be human-centric, with machines assisting human
workers in collaborative decision-making and task execution [16, 17]. To achieve this



goal, sensing plays a crucial role. Particularly, the detection of human workers and
mobile robots is essential for maintaining safety and enabling coordinated interac-
tion in shared workspaces [4], while their identification and activity recognition are
essential for informed task execution [17]. However, relying solely on mobile robots
for sensing may lead to degraded performance due to their limited ability to col-
lect high-quality sensing data under adverse conditions and to process sensing data
using high-accuracy yet computation-intensive models. The ISAC paradigm can be
adopted to support sensing in this case. Particularly, sensing data collection tasks
can be distributed between mobile robots and wireless infrastructure such as Access
Points (APs), based on their respective sensing advantages. Additionally, sensing
data processing tasks can be partially or fully offloaded to APs co-located with Mo-
bile Edge Computing (MEC) servers to support high-performance processing.

e ISAC for AR streaming: Mobile AR allows users to engage with virtual content
that is seamlessly integrated into the physical world, which empowers immersive
experiences in applications such as gaming, learning, and manufacturing [18]. In AR
streaming, an AR device first collects sensing data and sensing results related to the
physical world, such as the user’s position, orientation, and environmental object
detection and recognition. Then, the corresponding raw or rendered virtual content
is delivered from a network server to the device, which is displayed to the user.
By offloading content storage and processing to the network, AR streaming reduces
the burden on AR devices but may incur considerable communication overhead.
Specifically, a single frame of high-fidelity point cloud content can reach 96 Mb,
requiring 2.9 Gbps to support 30-frames-per-second streaming [19]. Additionally,
on-device sensing can yield inaccurate results under adverse conditions, necessitating
the streaming of redundant virtual content [20, 21]. To tackle the challenge, the ISAC
paradigm can be leveraged, where wireless communication infrastructure collaborates
with AR devices to enable low-uncertainty environment sensing in complex scenarios,
thereby empowering communication-efficient AR streaming [15].

1.3 Resource Management for ISAC

Resource management in wireless networks mainly involves two parts: resource allocation
and task scheduling, which determine the capacity and performance of both SAC ser-
vices under the ISAC paradigm. Considering resource limitation and utilization overhead,
resource management is essential to efficiently meet the growing demands and stringent



performance requirements of SAC services. As follows, we introduce the two parts of
resource management under the ISAC paradigm in detail.

¢ Resource allocation: The quantity of allocated resources directly influences the
achievable capacity and performance of SAC services. First, in communication service
provision, radio resource allocation determines the data transmission rate, latency,
and reliability [22]. In sensing service provision, the allocation of multi-dimensional
radio resources impacts the sensing performance in different aspects. For example,
the spectrum bandwidth and time slots affect the resolution of range and velocity
estimation, respectively [23|, while the number of beams determines the maximum
number of targets that can be simultaneously monitored [24]. Additionally, the al-
location of edge computing resources determines the processing time of sensing data
and constrains the complexity and accuracy of the algorithms used for processing
the sensing data. For using radio resources for SAC service provision, there are pri-
marily two kinds of approaches: unified waveform design and orthogonal resource
allocation [3, 7, 25]. In the unified waveform design approach, the SAC functions
are implemented using a single signal waveform. This approach may achieve a high
resource utilization efficiency, but it introduces high complexity [7, 25]. In the or-
thogonal resource allocation approach, resources are individually allocated to trans-
mit sensing and communication signals separately. Although the resource utilization
efficiency may be lower, this approach is more straightforward to implement and thus
receives considerable attention [23, 25, 26, 27, 28].

e Task scheduling: In a wireless network adopting the ISAC paradigm for SAC ser-
vice provision, there exist three main types of tasks: communication tasks, sensing
data collection tasks, and sensing data processing tasks. First, communication task
scheduling determines the timing at which mobile devices and network infrastructure
to transmit or process communication data packets. Second, the scheduling of sens-
ing data collection tasks would additionally determine sensing task assignment to
mobile devices and infrastructure. Heuristically, the task corresponding to a target
can be assigned to the nearest device for minimal large-scale path loss in sensing sig-
nal propagation [29], while more sophisticated decision-making is required to jointly
account for available radio and computing resources [30, 31]. Third, the scheduling
of sensing data processing tasks can operate at a higher level of granularity by task
decomposition and configuration. For example, a multi-layer Deep Neural Network
(DNN)-based task can be decomposed into multiple subtasks, each involving data
processing by one or more DNN layers [32]. Additionally, a multi-exit DNN allows
for adaptive selection of the exit DNN layer to complete a task based on resource



status, such as channel conditions [33] and edge server workload [34].

In this thesis, we focus on investigating the above two key aspects of resource manage-
ment in wireless networks to efficiently support satisfactory SAC service provision under
the ISAC paradigm.

1.4 Research Motivation and Contributions

The ISAC paradigm holds significant promise for future 6G networks, where resource man-
agement plays a crucial role in optimizing the capacity and performance of SAC services,
as well as the resource utilization efficiency. However, achieving resource management
that satisfies service demands and performance requirements while minimizing resource
consumption is challenging, which motivates the research in this thesis. In this section,
we first identify the challenges of resource management for ISAC. Then, we introduce our
approaches that have the potential to address the challenges. After that, we present three
research contributions that address the challenges based on the approaches.

1.4.1 Challenges of Resource Management for ISAC
There are several critical challenges of resource management for ISAC, given as follows:

e Dynamic service demand: Time-varying and high-dimensional user and envi-
ronmental contexts jointly drive complex dynamics in SAC service demand. First,
spatial distributions of mobile devices and sensing targets, which request the ser-
vices, are time-varying due to their mobility. In addition, the resource demand of
individual devices or targets can be time-varying. In AR streaming, a device requests
the virtual content corresponding to the real-time surrounding environment, whose
data size is content-specific [18]; for monitoring a sensing target, the collection fre-
quency and processing complexity of sensing data depend on the predictability and
the complexity of the target’s motion [23, 35]. The dynamic service demand poses
challenges for efficient and effective resource management. Tractable mathemati-
cal models, such as Poisson processes, provide analytical characterizations of service
demand distributions. Then, resource management decisions with quantifiable con-
fidence regarding demand satisfaction can be efficiently derived. Nevertheless, such
tractability comes at the cost of limited modeling capacity, making it difficult to
capture high-dimensional and nonlinear dynamics in practice. Deep Learning (DL)
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models with a large number of parameters and flexible architectures can effectively
capture the joint effects of user context, environmental conditions on the temporal
variation of service demand. Deep Reinforcement Learning (DRL) models implicitly
characterize the effects for resource management and obtain the optimal policy in a
trial-and-error manner. However, these models typically produce deterministic pre-
dictions without quantifiable probabilistic information, which limits the reliability of
both the prediction results and the resource management decisions based on them. In
addition, these models are highly data-driven, requiring training on data with similar
statistical properties to those of the current input for accurate prediction. When data
drift occurs, i.e., the statistical properties change due to shifts in user behavior and
environmental conditions, the prediction accuracy will be degraded. Collecting suffi-
cient data for model update may take considerable time, during which the resulting
resource management decisions can be unreliable.

Limited network resources: Sensing services are typically subject to substantial
demand and stringent performance requirements, leading to considerable resource de-
mand. Nevertheless, wireless network resources, such as radio spectrum and comput-
ing, are inherently constrained. As a result, sensing service provision under the ISAC
paradigm would reduce the resource availability for communication service provision
and vice versa. For the satisfaction of both services, resource management should
achieve improved resource utilization efficiency. In addition, network resources are
associated with operational costs that scale with their utilization. Therefore, even
if resources are sufficient, the overall resource consumption needs to be minimized
for maximizing network operators’ revenues. The implementation of sensing function
can be beneficial in enhancing the resource utilization efficiency of communication
service provision, e.g., localizing the scatters/reflectors in user surrounding environ-
ment can provide alternative signal beamforming directions, and further enhances
data transmission efficiency [36]. However, the relation between the benefit and the
sensing resource consumption can be complex and dynamic due to the time-varying
user context, e.g., transmission data rate requirement, and environmental factors,
e.g., moving scatters/reflectors.

Complex decision making: Given the intrinsic coupling between sensing and
communication service provision under the ISAC paradigm, joint resource manage-
ment is beneficial for achieving optimal resource utilization efficiency and service
performance. However, executing either sensing or communication tasks involves
multi-dimensional resources available at diverse infrastructure and devices and is
associated with multiple performance metrics. Consequently, the joint resource man-



agement problem results in a high-dimensional optimization objective and a large set
of decision variables, which poses significant challenges for algorithm design. Further-
more, SAC tasks are typically generated asynchronously, leading to a multi-timescale
nature of the joint problem with further increased complexity. One potential solu-
tion is to decompose the joint optimization problem into subproblems across different
services and timescales. While this decomposition can reduce computational com-
plexity, it may come at the cost of degraded optimality. To mitigate this degradation,
it is essential to characterize and exploit the interdependence between subproblems
during the decomposition effectively. Nevertheless, capturing such coupling across
timescales often requires temporal prediction, which is particularly difficult when the
prediction window is long and the service demand is non-stationary. In addition, the
coupling among subproblems corresponding to different tasks is often complex and
difficult to express in a tractable form.

1.4.2 Proposed Approaches

To address the challenges, we develop resource management schemes for ISAC based on
the approaches given as follows:

e Slicing-Based two-stage scheme: With the virtualization of physical infrastruc-
ture and resources, network slicing allows for creating virtual networks, referred to as
network slices, that support different services [37]. Network slicing offers enhanced
flexibility in resource management to support ISAC. We propose a two-stage slicing-
based resource management scheme for ISAC. Over a large timescale, individual
network slices are configured for SAC services through proactive resource manage-
ment, aiming to statistically guarantee service satisfaction with minimal resource
consumption. Then, small-timescale resource management for individual users and
tasks corresponding to the SAC services can be performed separately or jointly to
optimize the balance between the management complexity, resource utilization effi-
ciency, and service performance.

e Digital twins for ISAC: Digital Twins (DTs) are envisioned as a promising paradigm
for characterizing service demand and service provisioning capabilities in future 6G
networks [38]. DTs can be created as configurable data representations and data
processing functions for individual network entities, including communication users,
sensing targets, infrastructure, network slices for SAC services, and SAC service pro-
visioning processes. Serving as repositories for both raw and processed data, includ-



ing real-time and historical records, DTs enhance data availability and enable data-
intensive, Al-based functions to characterize the information on the entities, such as
resource utilization status and SAC service demand. DTs also support emulation
functions that generate the information on the entities in hypothetical conditions,
e.g., users’ satisfaction of SAC services given a resource allocation decision, thereby
providing additional data to facilitate resource management. Moreover, by integrat-
ing both data and functional modules, DTs enable mutual coordination between
them to support resource management. Specifically, data requirements of functions
guide data collection and provisioning, while data dynamics, such as temporal drift,
trigger timely updates to the functions.

e Hybrid data/model approaches to resource management: Data- and model-
driven approaches can complement each other to enable more efficient resource man-
agement for ISAC. Particularly, data-driven approaches can support accurate predic-
tion of parameters in statistical models of SAC service demands, which facilitate the
derivation of closed-form resource management solutions. In addition, model-driven
approaches can support efficient evaluation of resource management decisions, such
as estimating user satisfaction with SAC services. With the evaluation, ineffective
and potentially optimal decisions can be identified to guide data-driven approaches
in achieving an effective decision-making policy, e.g., reducing the DRL action space.
As a result, the reliability and adaptability of data-driven approaches, especially
under non-stationary conditions, can be enhanced.

1.4.3 Research Problems and Contributions

In this thesis, we aim to develop resource management schemes for ISAC that optimize
SAC service performance with efficient utilization of network resources. To achieve this
objective, we focus on the following three research problems.

1) We investigate proactive resource management for ISAC, as shown in Problem 1 in
Fig. 1.1. In the considered industrial scenario, mobile devices, such as mobile robots,
have communication demand and sensing demand to monitor sensing targets, e.g.,
human workers, in their sensing Regions of Interest (Rols). Our objective is to effi-
ciently realize the collaboration between Access Points (APs) and mobile devices in
the provision of communication and sensing services, such that the minimum spec-
trum and edge computing resources are consumed in meeting the service demand.
To achieve this objective, we create and configure separate network slices to provide
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Fig. 1.1: The illustration of resource management for ISAC.

the communication and sensing services, respectively. Particularly, we determine
the active probability of communications for mobile devices, partition the sensing
Rol of each mobile device, and reserve network resources accordingly, empowering
low-complexity probabilistic task scheduling, distance-based sensing target assign-
ment, and resource allocation in small timescales. To cope with the non-stationary
spatial distributions of mobile devices and sensing targets, which can result in the
drift in modeling the distributions and ineffective resource management decisions, we
construct DTs of the slices. In each DT, a drift-adaptive statistical model and an
emulation function are developed for the spatial distributions in the corresponding
slice, which facilitates closed-form decision-making and efficient validation of a re-
source management decision, respectively. Simulation results show that the proposed
drift-adaptive slicing-based resource management scheme can increase the service sat-
isfaction ratio and reduce resource consumption, compared with benchmark schemes.

We investigate task offloading for DNN-based sensing data processing, as shown in
Problem 2 in Fig. 1.1. In the considered scenario, an end device stochastically gener-
ates DNN inference-based sensing data processing tasks. A full-size DNN is deployed
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at an edge server for high-accuracy inference, and a shallow DNN, which consists
of the first several layers of the full-size DNN concatenated by an exit branch, is
deployed at an end device for low-latency on-device inference. A network controller
makes the offloading decision for a sensing task, determining whether and when to
stop the inference at the device and offload intermediate results to complete the in-
ference at the edge server. Our objective is to optimize the performance of DNN
inference-based sensing tasks in terms of balancing inference accuracy, delay, and
energy consumption. To achieve this objective, a DT is constructed to estimate the
inference status at the device, empowering multi-step adaptive task offloading. In
addition, another DT is constructed to evaluate all potential scheduling decisions
for each DNN inference task, which provides augmented training data for a machine
learning-assisted task offloading algorithm. Leveraging mathematical model-based
analysis, we derive necessary conditions for optimal offloading decisions to reduce
the complexity of the offloading algorithm. Simulation results demonstrate the out-
standing performance of our DT-assisted approach in terms of balancing the inference
accuracy, delay, and energy consumption.

We investigate radio resource allocation in a sensing-assisted communication scenario,
as shown in Problem 3 in Fig. 1.1. In the considered scenario, an AR user navigates a
two-dimensional plane to view virtual content items associated with specific locations
on the plane. Fach item is presented as a volumetric video and cached at an edge
server co-located with an AP that provides wireless coverage over the plane. Due
to the limited FoV of the AR user and potentially large size of the content items,
the AP estimates and delivers only the parts of the content items visible to the user.
To reduce the uncertainty of content visibility, the AP transmits sensing signals to
position the user and the environmental reflectors around the user, with the latter
referred to as environment mapping. The objective is to minimize overall radio re-
source consumption for delivering virtual content items visible to the AR user by
optimizing radio resource allocation for user positioning and environment mapping.
To achieve this objective, we propose a novel model-assisted learning scheme for radio
resource allocation. In specific, we first develop a mathematical model to estimate
the content visibility uncertainty and the content delivery resource consumption. We
then generate a reference resource allocation decision that guides a DRL-based de-
cision process to efficiently adapt to non-stationary user and environment dynamics.
We conduct trace-driven simulations to evaluate the performance of the proposed
scheme, and the results demonstrate that the proposed scheme significantly reduces
radio resource consumption for delivering virtual content visible to an individual AR
user, compared to benchmark schemes.
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1.5 Thesis Outline

The remainder of the thesis is organized as follows: In Chapter 2, we provide a comprehen-
sive background and literature review of resource management for ISAC. In Chapter 3, we
develop a proactive resource management scheme to ensure statistical satisfaction of SAC
service requirements efficiently. The scheme captures the non-stationary spatial distribu-
tions of mobile devices and sensing targets, and adaptively optimizes resource reservation
and sensing region partitioning. In Chapter 4, we investigate the offloading of DNN-based
sensing data processing tasks and propose an adaptive approach to capturing task pro-
cessing status and task arrival dynamics for optimizing task performance. In Chapter 5,
we design a radio resource allocation scheme for adaptive user positioning and environ-
ment mapping that efficiently support content visibility-aware AR streaming. Finally, we
conclude the thesis and discuss future research directions in Chapter 6.
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Chapter 2

Background and Literature Review

In this chapter, we provide the background of ISAC, a survey of existing literature on the
resource management for ISAC, and an introduction of emerging techniques that have the
potential to empower efficient resource management for ISAC.

2.1 Integrated Sensing and Communications

SAC are two functionalities that both rely on signal transmission, yet serve fundamentally
different purposes. Specifically, sensing focuses on acquiring and interpreting environmen-
tal information, while communication involves the transmission of information between two
or more points. These two functionalities impose distinct requirements on signals, includ-
ing signal waveform, directionality, and spectrum usage. Due to the limited capabilities of
signal processing techniques, these distinct requirements could not be effectively fulfilled
by a single system. As a result, the two functionalities were traditionally separated into
distinct systems: radar and wireless communication networks.

The co-existence of SAC functionalities within a single system has gained significant
attention in recent years. This co-existence is made possible by significant advances in wire-
less signal processing techniques, particularly Multiple-Input Multiple-Output (MIMO) [3],
and is driven by increasing SAC demands from emerging applications. Due to the explosive
growth in communication data traffic, researchers have explored the use of radar spectrum
and infrastructure for communication, giving rise to the Dual-Function Radar Communi-
cations (DFRC) paradigm [39]. More recently, wireless communication networks have been
rapidly evolving through the dense deployment of powerful infrastructure [1], while sens-
ing demands have become increasingly prevalent across diverse and spatially distributed
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environments, and sensing requirements have become increasingly strict to ensure a high
level of automation in various Internet of Things (IoT) applications [40]. As a result,
increasing attention has been directed toward embedding the sensing functionality into
wireless communication networks, exemplified by the Perceptive Mobile Network (PMN)
paradigm [41].

Beyond the co-existence, further integration of SAC functionalities in wireless net-
works is expected to explore their mutual benefits and co-designs, giving rise to the ISAC
paradigm [3]. The two features of the ISAC paradigm, i.e., SAC mutual benefits and
co-designs, are introduced as follows.

e SAC mutual benefits: By sensing surrounding environments, wireless networks
may not only provide sensing services to fulfill ubiquitous sensing demands, but also
enhance the provision of communication services. The enhancement occurs in two
main aspects: better characterizing and fulfilling communication demands. Partic-
ularly, information about the physical environment helps identify the content that
should be delivered to users, while location information on communication users em-
powers directional transmission of communication signals, thereby improving com-
munication efficiency.

e SAC co-designs: Due to the mutual benefits and the sharing use of resources in
wireless networks, the SAC functionalities in the ISAC paradigm need to be co-
designed. Two common approaches to the co-design are unified waveform design
and orthogonal resource allocation [3, 7, 25]. In the former, a single waveform is
reused to simultaneously serve both functionalities, which achieves a high level of
SAC integration and promises efficient resource utilization. In the latter, orthogo-
nal resources are allocated to generate separate signals for the two functionalities,
respectively. This approach offers a low design complexity and a high flexibility in
signal waveform selection. In this thesis, we only focus on the orthogonal resource
allocation approach.

By exploring the SAC mutual benefits and co-designs, ISAC promises efficient resource
utilization of wireless networks to enhance sensing and communication performances. It
empowers the seamless integration of physical and digital worlds, enabling a wide range of
applications in 6G era, such as smart cities, industrial automation, and extended reality.
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2.2 Resource Management for ISAC

In this section, we provide a comprehensive review of the two key parts in resource man-
agement for ISAC, including resource allocation and task scheduling.

2.2.1 Resource Allocation

In resource allocation for ISAC, the objective is to determine the quantity of resources for
SAC functionalities, so that resources can be efficiently utilized to fulfill SAC demands and
performance requirements. We review existing works of resource allocation for ISAC from
the following different aspects.

Optimization problems with different structures have been studied under various con-
ditions. In the ideal case, it is desirable to use the minimum amount of resources to fulfill
the SAC demands with satisfactory performances [42, 43, 44] or efficiently leverage the
residual resources to improve further the SAC performances [23, 31, 45, 46]. In [43], Zhang
et al. investigated the configuration of beam resources to minimize the transmit power
of network infrastructure while satisfying the target localization accuracy and communi-
cation data rate requirements. In [31], Zhao et al. investigated the allocation of radio
and edge computing resources to individual users for optimizing SAC performances with
constrained sensing time cost, guaranteed sensing data quality, and communication data
rate. When there are substantial sensing or communication demands, resources in a wire-
less network may be insufficient to satisfy all the demands. In this case, optimization
problems with two structures have been investigated primarily. First, when communica-
tion serves as the primary functionality of a wireless network, resources can be allocated
to meet sensing demands on a best-effort basis, provided that communication demands
are satisfied [28]. Second, considering the different utilities associated with sensing and
communication services, e.g., their respective revenue contributions to network operators,
optimization problems are formulated to jointly maximize the overall utility under only
the resource constraint [47].

Sensing performances have been evaluated either indirectly or directly in the resource
allocation for ISAC. In indirect evaluation, features associated with the wireless signals,
such as signal-to-noise ratio [26, 42, 44], sampling rate [26, 27, 35], and mutual informa-
tion [3, 31], are calculated and used to reflect sensing performances. The strong correlation
between the features and various sensing performances guarantees a certain level of evalu-
ation accuracy [3, 48], and the efficient calculation of such fixed features ensures low com-
plexity and high generalization of resource allocation. In direct evaluation, closed-form
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mathematical formulas are developed to characterize the relationship between resources
and a specific sensing performance. To achieve this goal, estimation theory methods and
function-fitting methods have been primarily used. Specifically, for parameter estimation,
the Fisher information is calculated to evaluate the amount of information about certain
parameters, such as the target location, that is embedded in sensing signals. This infor-
mation is then used to derive a lower bound on the parameter estimation error, namely
the Cramér-Rao Lower Bound (CRLB) [49], which is incorporated in guiding the resource
allocation [23, 28, 31, 43, 45, 46]. For recognition tasks involving complex models such as
DNNs, mathematical estimation of sensing performances is often intractable. To this end,
fitting functions are usually used and optimized [50, 35, 51]. In [35], He et al. adopted a
non-decreasing fitting function to characterize the relationship between the signal sampling
rate and the classification accuracy of sensing target activities. In [50], Qu et al. devel-
oped a neural network-based fitting function to estimate object classification accuracy
given multi-dimensional features of sensing data.

Resource allocation decisions have been designed to operate at different timescales. To
adapt to dynamic service demand, such as task arrival [52], dynamic resource status such as
channel conditions of radio spectrum [23], and spatial distributions of users and devices [25],
it is beneficial to have a small timescale and high frequency to adjust resource allocation
decisions. Information on the real-time spatial distributions empowers small-timescale
resource allocation for ISAC, e.g., power control [28, 53] and spectrum allocation [23].
To reduce complexity, resource allocation decisions can be made at a large timescale. To
achieve this goal, statistical spatial point process models that are temporally stationary, i.e.,
those with constant parameters over time, are commonly used to characterize the spatial
distributions [54]. Accordingly, the formulas for estimating spatially averaged sensing and
communication performances, e.g., target detection probability and ergodic transmission
rate, can be derived for performance analysis and network planning [55, 56]. Spatial
information is even more critical for resource allocation in cooperative ISAC networks. In
cooperative ISAC networks, multiple devices can be used for monitoring individual sensing
targets. The information about their spatial distributions, along with that of the sensing
targets, determines the optimal coordination of the devices and the corresponding resource
allocation. Time allocation was optimized in time-division-based ISAC systems, where APs
and mobile devices cooperate in sensing service provision in a bi-static sensing mode [57].

Both short-term and long-term SAC performances have been considered in the resource
allocation for ISAC. Optimizing short-term performance, such as that of a real-time object
localization task, is usually more straightforward because the performance can be directly
characterized based on instantaneous observation of system dynamics. Then, model-driven
approaches can be developed for resource allocation, such as convex optimization [28,
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45, 46]. Optimizing long-term performance can be more beneficial due to the potential
correlation between consecutive tasks; for example, the previous localization results of an
object can be used as prior knowledge for future localization of the same object. For the
optimization, characterizing the future system dynamics is required, and model-driven or
data-driven approaches have been developed. In [23], Chen et al. proposed a Markov
model to characterize the state evolution of channel condition and develop a closed-form
formula of object localization accuracy over a large timescale. In [9], Liu et al. proposed
a deep learning model that implicitly captures the channel condition evolution from the
historical records for maximizing SAC performances over a large timescale.

2.2.2 Task Scheduling

Task scheduling for ISAC determines how individual SAC tasks are completed, given allo-
cated resources. For the scheduling of communication tasks, researchers have made signif-
icant efforts and contributions before the emergence of the ISAC paradigm [58, 59, 60, 61].
Particularly, in [58], Luan et al. analyzed the impact of vehicle mobility on the communica-
tion throughput and optimized the scheduling of communication packets. In [59, 60], Gao
et al. proposed a medium access control protocol and learning-based scheduling algorithm
to satisfy the diverse requirements of a massive number of devices with sporadic data traffic
in industrial IoT. In the following, we review the literature on scheduling sensing tasks,
including sensing data collection tasks and sensing data processing tasks.

Sensing data collection tasks

Sensing data collection plays a crucial role in obtaining and updating the information
about environmental objects. We review the scheduling of sensing tasks in terms of data
collection timing and data collector selection.

Typically, the information about the physical environment changes continuously and
needs to be updated periodically. To update the information, collecting new sensing data
from the environment is beneficial, but not strictly necessary. Particularly, the historical
estimates of information, such as the location of a target, and the pattern of change in that
information, including the velocity of the target, allow for the prediction of the information.
In [62], Chen et al. proposed a learning-based framework to adaptively determine the
timing of sensing data collection in ISAC systems, which balances sensing accuracy and
sensing data collection overhead. For optimizing the balance, when collecting sensing
data, choosing a proper sensing data sampling rate is also crucial [3, 35, 63]. In [63], Li
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et. al determined the sensing data sampling rate to optimize the tradeoff between object
recognition accuracy, sensing signal overhead, and communication throughput. Moreover,
the timing for collecting individual sensing data samples is also important since the channel
conditions of allocated radio spectrum resources are time-varying [26, 27]. In [26], Xie et
al. proposed to identify the timing when the channel conditions between communications
and the network infrastructure are adverse for scheduling sensing data sample collection,
such that the utilization efficiency of radio spectrum resources can be optimized.

In wireless networks adopting the ISAC paradigm, a dense distribution of devices, in-
cluding wireless devices and infrastructures, can be embedded with sensing functionalities.
Given the same spectrum resources, devices may obtain sensing data about a target with
varying quality due to differences in hardware capabilities, relative geometry to the target,
and wireless channel conditions [51, 64, 65]. This makes the selection of sensing data col-
lectors crucial for optimizing sensing performances. Since signal propagation loss increases
with propagation distance, a heuristic approach is to assign the sensing task corresponding
to a target to the nearest device [29]. More sophisticated selection approaches are required
to jointly account for radio and computing resource availability and condition [30, 31, 64].
In addition, the device selection for monitoring multiple sensing targets can be jointly con-
sidered since neighboring targets may be sensed with the same sensing signals with higher
resource utilization efficiency [64]. To further enhance sensing performance, multiple de-
vices can be selected to collect sensing signals from different viewpoints, which are jointly
processed to obtain the final sensing results [40, 50, 51, 64, 65, 66, 67, 68]. In [40], Li et al.
proposed a cooperative sensing scheme that evaluates the sensing data quality of individ-
ual devices, predicts the demand for collaborative sensing, and facilitates a threshold-based
scalable scheduling algorithm. In addition, statistical information of sensing demands, such
as the spatial distributions of sensing targets, was captured for optimizing network con-
figurations, such as the density of network infrastructures [69, 70] and the clustering of
infrastructures for interference management [29].

Sensing data processing tasks

The collected sensing data must be processed to obtain the sensing results. To fulfill the
computing demand in the processing, the MEC paradigm can be adopted. In this paradigm,
extensive research efforts were made on the collaboration of devices and edge servers in data
processing [71, 72, 73, 74, 75] and data caching [76, 77, 78] for efficient resource utilization
and satisfactory task performance. Notably, for recognition tasks such as classifying object
category [50], user satisfaction [79], and user contact [80], as well as downstream tasks
like vehicle path planning [81], DNN models have demonstrated outstanding performance.
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Nevertheless, DNN inference and training usually require substantial data volumes and
high computational cost, which requires efficient scheduling of DNN-based sensing data
processing tasks. In the following, we review task scheduling in terms of the offloading of
DNN inference tasks and the distributed execution of DNN training tasks.

Some existing works have optimized the number of DNN inference tasks offloaded from
mobile devices to the computing servers to minimize the overall delay in task comple-
tion [82, 83, 84]. Due to the limited computing capabilities, a lightweight DNN was exe-
cuted by AloT devices for task processing to reduce the delay of on-device DNN inference
at the cost of inference accuracy [83, 84, 85]. In such a case, the offloading decision was
made to optimize the tradeoff between DNN inference costs, in terms of delay, energy
consumption, etc., and inference accuracy. In addition, features of the input data of DNN
tasks, such as data quality [83, 86] and data similarity of consecutive DNN tasks [87], were
evaluated in determining the offloading decisions of the DNN tasks. Moreover, in [85],
Wu et al. jointly optimized the data sampling rate and DNN model selection to satisfy
the diverse accuracy requirements of sensing data processing tasks. In [68, 88], Qu et al.
investigated the offloading of multiple DNN inference tasks that are generated by mul-
tiple devices or consecutively generated by one device, to meet DNN inference accuracy
requirements efficiently.

Other works have investigated the partitioning of individual DNN inference tasks to
adapt to dynamic server workloads, leveraging the multi-layer architecture of a DNN
model [32, 34, 89]. In [32], Kang et al. proposed DNN partitioning-based task schedul-
ing scheme, where the partition layer to minimize the delay or energy consumption of
a DNN task was dynamically selected based on the real-time workload at a computing
server. Other works evaluated the on-device computing workload for DNN task partition-
ing [90, 91]. Specifically, considering periodical task generation at the device, Hu et al.
maximized the throughput of the DNN inference while preventing the DNN tasks from
experiencing on-device queuing delay [90]. For the case when the DNN task generation at
the device is non-periodical, Song et al. proposed a DRL-based algorithm to dynamically
select the partition layer [91]. The aforementioned works adapted to the network dynamics,
e.g., server workload [32], on-device workload [91], and dynamic channel condition [92], by
making offloading decisions for each DNN task upon its generation. To make the device-
edge collaboration more adaptive, the offloading decision of each DNN task was adjusted
during the on-device DNN inference based on the real-time estimation and the statistics
of channel conditions [33].

DNN models require training on continuously collected sensing data to ensure a high
inference accuracy. For efficient training and retraining, the federated learning scheme
has been proposed recently [93, 94, 95, 96|, where end devices utilize their local sensing
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data to obtain updates of a DNN model and then exchange and aggregate these updates
for completing the training. Considering the limited computing capabilities of mobile
devices, the split federated learning scheme has been proposed [97, 98, 99], where a DNN
model is partitioned into two parts that are respectively updated by mobile devices and
edge servers. When the data used for training a DNN model diverges from that recently
collected, the inference accuracy of the DNN model may decrease, requiring the retraining
of the model [100, 101, 102]. In [100], Mullapudi et al. developed an adaptive retraining
scheme that periodically uses a large DNN to label data and assess the small DNN’s
accuracy, triggering retraining when accuracy drops below a threshold. In [101], Khani et
al. proposed a dynamic DNN model placement scheme where only the parameters in the
model with gradients above a threshold were delivered to reduce communication overhead
while maintaining accuracy. In [102], we developed an adaptive sensing data offloading
and selection scheme to minimize the overall computation overhead of DNN inference and
DNN retraining while meeting the DNN inference accuracy requirements.

2.3 Resource Management for 6GG Wireless Networks

Outside the context of the ISAC paradigm, several advancements in resource management
for future 6G wireless networks have been made in recent years. In the following, we review
network slicing, digital twins, and hybrid data/model-driven approaches.

With the proliferation of user devices and application scenarios, it is expected that more
diverse services with different service requirements will be requested in wireless networks.
Network slicing has emerged as an efficient solution to the multi-service provision [37].
Empowered by software-defined networking and network function virtualization, network
slicing enables the creation of multiple logical networks on a single physical network to
support diverse services. In the slicing for core networks, extensive research efforts have
been made on the deployment and resource allocation of service function chains [103,
103]. In [104], Qu et al. proposed an adaptive learning-based resource allocation scheme,
where the change point of service traffic statistics is detected and a DRL-based algorithm
is developed for the adjustment of resource allocation. In the slicing for Radio Access
Networks (RANSs), extensive research efforts are made on resource reservation for individual
services and resource allocation to individual users. In [105, 106], learning-based dynamic
resource allocation schemes were proposed to achieve load balancing in consideration of
vehicle mobility. In [22, 107], RAN slicing in two-tier networks was investigated, where the
service regions and resource allocation were adaptively adjusted for the two-tier network
infrastructures with different capabilities. In [108], Li et al. proposed an Al-driven RAN
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slicing framework where data management was optimized for ensuring the performance of
data-hungry ATl algorithms. In [109], M. A. Hossain et al. proposed a RAN slicing scheme
for ISAC, where the latency of individual SAC tasks was modeled and jointly minimized
by adaptive resource allocation.

Network slicing empowers the provision of diverse services by the virtualization of re-
sources and functions in wireless networks. Nevertheless, the efficient service provision
requires accurately characterizing service provision status, including service demand, re-
source utilization, and user satisfaction. To achieve this goal, further virtualization of 6G
wireless networks is desired to provide valuable and sufficient data for monitoring, ana-
lyzing, and predicting the status of service provision, and adaptively managing wireless
resources [38, 110]. DTs are envisioned as a promising solution for the virtualization.
The concept of DT's was originally proposed for product life-cycle management to achieve
continuous monitoring and coordinated management of products [111]. In the context
of wireless network management, a DT can be constructed as an assembly of data and
data processing functions about individual network entities, including users, infrastruc-
ture, network slices, and the service provisioning process [38, 110]. Specifically, existing
works have investigated establishing (i) user-level DTs to characterize the real-time user
status and service demand, e.g., task arrival pattern in mobile edge computing applica-
tions [112], sensing devices’ data quality in collaborative sensing scenarios [40], sensing
demand of mobile users [73], channel condition variation [113], or (ii) network-level DT to
represent the real-time network-level status using proper data structures such as graphs,
and to evaluate service provision using network simulators [114, 115] or learning-based
algorithms [116, 117].

DTs ensure the provision of sufficient and valuable data to support adaptive resource
management, particularly the powerful data-driven DL approaches [38]. Nevertheless, due
to the large scale and high dynamics of wireless networks, large amounts of data need to
be collected and processed to maintain the effectiveness of data-driven approaches, which
compromises the efficiency of the approaches. To address this issue, mathematical mod-
els can be leveraged jointly. The benefits of mathematical model-driven approaches are
mainly twofold. First, mathematical models are typically characterized by coarse statis-
tical information, such as the arrival rate of SAC tasks, without requiring detailed infor-
mation, such as the fine-grained task arrival pattern. Obtaining such coarse information
requires a significantly smaller amount of data, and the resulting mathematical models
are robust to variations in the detailed information. Second, with mathematical models,
we can utilize probability theory to derive closed-form formulas for estimating and pre-
dicting network status, which can be used by mathematical optimization approaches to
find effective resource allocation decisions efficiently. In [38], several options for hybrid
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data/model-driven approaches were identified, including solution backup and refinement,
as well as task division. In [107], Zhou et al. leveraged unsupervised learning to identify
possibly effective resource allocation decisions from historical records, and evaluated the
decisions by mathematical models for selection. In [40], Li et al. developed a sensing data
quality threshold-based sensing demand prediction model and a threshold-based sensing
scheduling model, where both thresholds were determined with the assistance of learning-
based approaches. In [50], Qu et al. proposed a model-assisted learning framework for
resource allocation in cooperative sensing, where deep reinforcement learning was used to
make optimal cooperation decisions, and model-based optimization was used to obtain a
corresponding resource allocation decision efficiently.

2.4 Summary and Discussions

In this chapter, we have provided a background on ISAC and a comprehensive review of
the literature on resource management for wireless networks with and without the adoption
of the ISAC paradigm. However, several crucial resource management problems in ISAC
remain, which the approaches in existing works cannot efficiently address.

First, considering the large number of mobile devices and network infrastructures, co-
ordinating them for SAC service provision involves substantial signaling overhead and
computational complexity in real-time. This makes the proactive resource management,
such as sensing region partitioning and resource reservation, beneficial, and requires an
accurate spatial modeling of the devices along with the sensing targets.

Second, the generation of sensing data processing tasks and server workload can be
highly dynamic in real-time. To optimize task performance in such cases, there is a need
for flexible task execution models, efficient workload monitoring and emulation approaches,
and adaptive task scheduling algorithms.

Third, sensing can be used to map a communication user’s surrounding environment, fa-
cilitating the user’s positioning in Non-Line-of-Sight (NLoS) conditions within user location-
dependent AR streaming scenarios. Considering the non-stationary user mobility, adap-
tively balancing the trade-off between the resource overhead and communication efficiency
due to environment mapping remains a challenge and deserves further investigation.
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Chapter 3

Proactive Resource Management for
Integrated Sensing and
Communication

In this chapter, we propose a novel drift-adaptive proactive resource management scheme
for ISAC. Particularly, we establish two network slices to provide SAC services, respec-
tively. In the large-timescale planning for the slices, we determine the active probability
for communications of mobile devices, partition the sensing Rols of the devices, and reserve
network resources accordingly, such that minimum resources are consumed in statistically
guaranteeing SAC service performance. To cope with the non-stationary spatial distri-
butions of mobile devices and sensing targets, which can result in the drift in modeling
the distributions and ineffective resource management decisions, we construct DTs of the
slices. In each DT, a drift-adaptive statistical model and an emulation function are devel-
oped for the spatial distributions in the corresponding slice, which facilitates closed-form
decision-making and efficient validation of a resource management decision, respectively.
Numerical results demonstrate that the proposed scheme can significantly enhance the ser-
vice satisfaction ratio and reduce resource consumption compared to benchmark schemes.

3.1 Background and Motivation

ISAC is recognized as a transformative paradigm in the forthcoming 6G era [3]. How-
ever, the substantial resource demand and strict performance requirements of ISAC pose
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a challenge to its implementation. Cooperative ISAC [66, 118], also known as networked
ISAC [65, 119], is promising to tackle this challenge. In cooperative ISAC networks, multi-
ple devices, each equipped with both SAC functions, can be used for SAC service provision.
Particularly, multiple devices can be selected to monitor a sensing target, exploiting their
respective strengths, such as the proximity of mobile devices to the target or the abundant
resources available at APs. To handle the potential high complexity of multi-device and
multi-service coordination in cooperative ISAC networks, slicing-based resource manage-
ment, particularly, the two-stage slicing scheme [73, 106], can be exploited. Over large
timescales, referred to as planning windows, network slices for the individual services can
be proactively configured through network resource reservation, a process referred to as
network planning [73], which reduces the complexity of small-timescale resource manage-
ment for individual slices.

Despite the potential, the challenge of leveraging the slicing-based resource management
scheme for cooperative ISAC networks is to efficiently and accurately characterize the
random spatial distributions of mobile devices and targets. A statistical spatial model, such
as a spatial point process, is commonly adopted due to its capability to derive closed-form
estimation of the expected service demands and capacities for network planning [29, 57, 69,
70]. However, in temporally non-stationary environments, across planning windows, the
parameters in a statistical spatial model that best fit the actual spatial distributions would
change. If the change is drastic, the parameter prediction for the subsequent planning
window may suffer from severe accuracy degradation [120], which causes the drift of the
spatial model. Especially, a spatial model with finer granularity, defined as the level of
detail or spatial resolution at which spatial distribution information is captured, would
generally face a higher risk of the drift because the model is typically characterized by
more parameters. For example, a cluster point process can be used to characterize the
spatial correlation between mobile devices and targets [57], which makes it more accurate
in most cases but less robust to a sudden change of the spatial correlation, compared with
the use of two independent point processes [29, 69, 70].

DTs have received increasing attention for modeling and managing wireless networks.
DTs, as digital representations of individual network entities or network slices, can help
facilitate configurable collection and processing of their data and efficient and accurate
modeling of them [38]. Particularly, introducing DTs of SAC slices for spatial modeling in
cooperative ISAC networks has the following advantages to tackle the drift issue:

o Efficient Data Utilization: Through sensing service provision, the mobile devices and
APs continuously obtain sensing data of sensing targets. Such sensing data, along

with the location data of mobile devices, can be stored in the slice DTs and used for
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spatial modeling.

e Statistical Model Adaptation: The collected data in the DTs can be used to continu-
ously optimize the statistical modeling of the spatial distributions, such as the model
granularity determination and the model parameter prediction.

o Emulation-Based Model Validation: Due to temporal correlation, historical snapshots
of the spatial distributions can be used to emulate the distributions in the following
planning window. Such emulation can be used to validate whether a statistical spatial
model has adapted to the drift that occurred earlier.

In this chapter, we propose a drift-adaptive slicing-based resource management scheme
for cooperative ISAC networks. Our objective is to efficiently realize the collaboration of
APs and mobile devices in the SAC service provision, such that the minimum spectrum
and edge computing resource is consumed in meeting the service demands. To achieve
this objective, we propose a slicing-based resource management scheme, where separate
network slices are created and managed to provide the SAC services, respectively. In the
large-timescale planning of the slices, the sensing Rol of each mobile device is partitioned
for low-complexity distance-based sensing target assignment in small timescales. Then,
we formulate an optimization problem that minimizes the resource consumption in service
provision by properly determining the sensing Rol partitioning and the resource reservation
for the slices. By collecting and processing the historical spatial distributions of mobile
devices and targets, we construct DTs of the network slices to obtain drift-adaptive sta-
tistical models and emulation functions for their spatial distributions in individual slices.
Leveraging the statistical spatial models, we derive closed-form formulas in solving the op-
timization problem. In addition, via emulation, the reliability of a statistical spatial model
and the corresponding network planning decision are validated. The main contributions of
this paper are summarized as follows.

e We propose a slicing-based resource management scheme that enables low-complexity
coordination of mobile devices and APs within ISAC networks by large-timescale
network planning including sensing Rol partitioning and resource reservation.

e We construct DTs of network slices that provide drift-adaptive statistical models
and emulation functions for characterizing the spatial distributions of sensing targets
and mobile devices. Based on the DTs, we derive a closed-form and reliable network
planning solution.
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Fig. 3.1: The considered cooperative ISAC network.

The remainder of this chapter is organized as follows. In Chapter 3.2, we present the
considered scenario, our proposed slicing-based resource management scheme for cooper-
ative ISAC networks, and the network planning problem formulation. The establishment
of DTs of network slices is introduced in Chapter 3.3. The network planning algorithm
based on the slice DTs is introduced in Chapter 3.4. Simulation results are provided in
Chapter 3.5, followed by the conclusion of this paper in Chapter 3.6.

3.2 System Model and Problem Formulation

3.2.1 Considered Scenario

As shown in Fig. 3.1, we consider an industrial zone, which is segmented to L non-
overlapping service provision areas. Each area is a hexagon with a side length ry and
a size of Ay = 3\/57“(2) /2. In each area, there exist sensing targets, mobile devices, and an
AP. The service demands and capabilities of them are introduced as follows.

e Mobile Devices: such as load-carrying and inspection robots, that have sensing
and communication demands and capabilities within the ISAC paradigm [121]. Each
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mobile device monitors the targets in their sensing Rol which is a circle centered at
it with radius D. In addition, the mobile devices have on-device computing resources
that can be used for sensing data processing.

e Sensing Targets: such as human workers, that need to be detected to enhance
workspace safety and efficiency. In addition, their state, such as the location, velocity,
and activity, needs to be periodically tracked.

e AP: located in the center of the area, that has sensing and communication capabil-
ities and has access to edge computing resources that can be used for sensing data
processing.

We consider a cooperative ISAC network, where mobile devices and APs collaborate in
sensing and communication service provision. In this network, the respective advantages
of mobile devices and APs in sensing, such as closer proximity of mobile devices to sensing
targets and more abundant resources available at APs, are leveraged for effective target
assignment. In addition, the scheduling of mobile devices to perform either communication
or sensing is optimized under a time-division-based ISAC paradigm, which ensures that
the mobile devices can complete the sensing tasks for the assigned targets while completing
their data transmission tasks [26]. With such cooperation, the network resources can be
efficiently leveraged in the service provision.

3.2.2 Slicing Scheme for Cooperative ISAC

We propose the following two-stage slicing-based resource management scheme to efficiently
realize the cooperation of mobile device and APs in the cooperative ISAC network.

Rol Partitioning-Based Target Assignment and Mono-static Sensing

Each AP collaborates with each mobile device in its coverage for monitoring the targets in
the sensing Rol of the mobile device. First, the AP periodically detects targets that newly
arrive or become active within the Rol of each mobile device. Then, a detected target is
assigned to either an AP or a mobile device for tracking according to an Rol partitioning-
based rule. Specifically, as shown in Fig. 3.2, we draw a concentric inner circle with radius
DLV in the Rol of each mobile device and define it as the on-device sensing subregion.

Due to the proximity, we assign the targets in the on-device sensing subregions to mobile
devices and allocate shared spectrum resources for them to track the targets. Specifically,
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a target will be assigned to the mobile device if it is (i) in the on-device sensing subregion
of the mobile device and (ii) closest in distance to the mobile device than to any other
mobile devices. For each assigned target, mono-static sensing is conducted. Specifically, a
device or an AP transmits sensing signals towards the target, collects the signals that are
reflected by the target, and estimates the state of the target based on the reflected signals.

Two-Stage Slicing-Based Resource Management

To efficiently provide the SAC services, we propose a two-stage slicing-based resource
management scheme for ISAC. Particularly, two network slices are established by a global
controller to provide SAC services, respectively. As shown in Fig. 3.3, the management
of the network slices involves small-timescale network operation by local controllers at the
APs and large-timescale network planning by the global controller:

e Small-Timescale Network Operation: At the beginning of each sensing interval that
consists of T" time slots, the above-mentioned Rol partitioning-based target assign-
ment is carried out. At the beginning of each time slot that lasts 7 seconds, each
mobile device in the coverage of an AP is scheduled by the local controller at the AP
to perform either mono-static sensing or communication according to pre-determined
probabilities!, to be detailed in Section 3.2.4.

e Large-Timescale Network Planning: At the beginning of each planning window that
consists of M sensing intervals, the global controller makes a network planning de-
cision including resource reservation and Rol partitioning. Specifically, spectrum

!The scheduling can also incorporate the instantaneous channel conditions. For example, according
to [26, 122], the optimal communication scheduling based on channel conditions has a threshold property.
Given the active probability and the statistical property of the channel conditions, the threshold can be
adjusted to ensure that the proportion of slots when the device is active for communication is approximately
equal to the active probability.
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and edge computing resources are reserved, and the probabilities for a mobile device
to perform SAC in each time slot are determined. In addition, the radius of the
on-device sensing subregions is determined.
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Fig. 3.3: Two-stage slicing-based resource management scheme.

In the proposed two-stage resource management scheme, large-timescale network plan-
ning empowers low-complexity real-time sensing target assignment and resource alloca-
tion for individual devices, while small-timescale network operation incorporates real-time
network dynamics, such as instantaneous channel conditions, to further improve service
provision performance and resource utilization efficiency. In this paper, we focus on large-
timescale network planning, taking into account the varying spatial distributions of mobile
devices and targets across different planning windows. As shown in Fig. 3.1, the global
controller aggregates historical spatial distributions of mobile devices and targets in each
network slice to establish D'T's of the network slices. The DT's are used to achieve adaptive
spatial modeling and network emulation, to be detailed in Section 3.3. Based on the DTs,
a network planning algorithm is developed to efficiently and reliably make the network
planning decision, which will be detailed in Section 3.4.

3.2.3 Communication Model

The global controller reserves X € Zsq subcarriers for the communication of the mobile
devices in the coverage of each AP, where X2 is an optimization variable. The total amount
of spectrum resources reserved for the communication in the coverage of the L APs is thus

Zé* =L XCA - B.p, where B, is the bandwidth of each subcarrier in Hertz. We consider
the scenario where there exists at least one mobile device in the coverage of each AP. In
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addition, we consider homogeneity among different mobile devices and APs?. We focus
on one representative mobile device and one representative AP when deriving the service
demands and capacities, and refer to them as the mobile device and the AP, respectively.
The number of mobile devices in the coverage of the AP is denoted by N. At the beginning
of each time slot, with an active probability p. € (0, 1], which is an optimization variable,
each mobile device in the coverage of each AP is scheduled by the local controller at the AP
for communication. The number of all mobile devices that are scheduled for communication
in the time slot is denoted by N!. Conditioning on that N = n and the mobile device is
scheduled for communication, the probability mass function (PMF) of N! is

c 1 — _
POV = el =) = (7 )t g (3.)

where n. = 1,2,3,...,n, and n = 1,2, .... As a result, we have E [NCI| NY=1+(N'—=1)p..
The subcarriers are evenly allocated to the mobile devices scheduled for communication,
and the number of the subcarriers allocated to the mobile device is X! = X2 /NL

Proposition 1. Denote the transmission rate over each subcarrier (in bits per time slot)
by Ry and the transmission of the mobile device by R. A lower bound of the expectation of
transmaission rate R is

RoXA
E[N]+1/p. — 1

R= (3.2)

Proof. Please refer to Appendix A. n

The lower bound in (3.2), i.e., R, corresponds to the communication service capacity.
The average amount of data that each mobile device needs to upload per time slot, denoted
by }?i, corresponds to the communication service demand. With a lower active probability
for communication p, i.e., a higher active probability for sensing, the lower bound of the
transmission rate R decreases. The reason is that in such cases, the utilization efficiency
of the reserved spectrum resources for communication would be reduced. This reflects
a potential trade-off between the capacity of the communication service and that of the
sensing service, which should be optimized in the network planning.

2We consider homogeneous mobile devices in industrial scenarios, all with identical capabilities and
requirements for executing the same type of tasks. In the scenarios with heterogeneous mobile devices,
we can first cluster the mobile devices with similar capabilities and requirements. Then, mobile devices in
each cluster can be approximated as homogeneous, and the designs in this paper can be applied.
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3.2.4 Sensing Model

We consider two kinds of sensing tasks. The first kind is the target detection task. Par-
ticularly, in each sensing interval, the AP identifies the targets that have newly arrived or
become active within the Rols of the mobile devices in its coverage. At the end of each
sensing interval, based on the detection results, the local controller at the AP updates a
database that catalogs the targets within the Rols of the mobile devices in its coverage.
The second kind is the target tracking task. In particular, within a sensing interval, a
target from the database is assigned to either a mobile device or the AP for monitoring
across multiple time slots. At the end of each of the time slots, a sensing data sample is
collected for the target. At the end of the interval, the accumulated sensing data samples
for each target are processed to determine the state of the target. The tracking results are
recorded in the target database, providing prior information to facilitate target tracking in
subsequent sensing intervals.

Target Detection and Tracking by APs

The AP performs digital beamforming to simultaneously form multiple beams. To avoid
the inter-beam interference, different beams are allocated with orthogonal sensing spectrum
bands [28, 23], each having the bandwidth Byo. For the AP, a constant number of XA
spectrum bands are reserved to form )A(SA search beams for identifying the targets that have
newly arrived or become active within the Rols of the mobile devices in its coverage [24].
In addition, X2 spectrum bands are reserved for each AP to form X € Zs track beams,
where X2 is an optimization variable. Each reserved spectrum band can be used to track
one associated target [23, 24]. The total amount of spectrum resources reserved for target
detection and tracking by the L APs, denoted by Z2, is Z* = L+ (XA + X2) - By.

Target Tracking by Mobile Devices

For tracking the targets by the mobile devices in the coverage of the L APs, the global
controller reserves X! € Zs( spectrum bands, each having bandwidth By, where X! is
an optimization variable. As a result, the total amount of spectrum resources reserved for
target tracking by all the mobile devices is Z! = X! - B,y. At the beginning of a time
slot, a mobile device will enter the sensing mode if not scheduled by the local controller for
communication, the probability of which is 1 — p.. As shown in Fig. 3.4, similar to [123],
in each time slot, the mobile device in the sensing mode randomly chooses one of the X!
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Fig. 3.4: The considered beam pattern of mobile devices and an illustration of the scenario
where two mobile devices in the sensing mode interfere each other.

reserved spectrum bands with equal probability 1/X!, and forms a track beam towards
one assigned target [27].

As shown in Fig. 3.4, we consider the following beam pattern of mobile devices in the
sensing mode. The width of the beam is ¢;, and the antenna gain is G, = 2nGg /¢y in the
beam, and zero elsewhere [124]. The power of the signal reflected from a target received at
the mobile device, denoted by P,, can be calculated by P, = P,GiG.c*G/(47)3 f2D* [55],
where G and G! both equal Gy,; P, represents the transmit power of sensing signals; c
represents the speed of light; & represents the average value of radar cross section (RCS) of
the target; fs represents the centre frequency of the accessed spectrum band; D represents
the distance between the mobile device and the target. The mobile device in the sensing
mode will receive interference from any other mobile device that is also in the sensing mode
in the current time slot, accessing the same spectrum band for sensing, and residing within
each other’s beams. For tractability, we consider only the strongest interfering signal to
the mobile device, which is the signal from the nearest mobile device. The power of the
interference signal is denoted by I, and the signal-to-interference ratio (SIR) is denoted
by 75 and calculated as v, = P,/ ;.

Sensing Data Processing

At the end of each sensing interval, the accumulated sensing data samples for each target in
this interval are processed to update the target’s state. The total computational overhead
for processing the sensing data of one target is denoted by Cy in CPU cycles. The constant
computational capability of each mobile device in CPU cycles per second is denoted by
F!. For processing the sensing data collected by each AP, the amount of reserved edge
computing resources at the AP is denoted by F*, which is an optimization variable. The
total amount of edge computing resources reserved for the L APs is Z» = L - FA. The
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delay in processing the sensing data collected by the mobile device and the AP within a
sensing interval, denoted by T! and T, respectively, is calculated as T' = NVCy/F!, and
TA = NJYCo/F2. Here, Ny and NV represent the numbers of targets that are assigned to
the AP and the mobile device at the beginning of a sensing interval.

Sensing Requirements

Multi-dimensional requirements, including the quality, volume, and processing time of
sensing data, are considered for the sensing service.

Firstly, the sensing data should have a high quality to provide accurate information
of the targets. We use the SIR to assess the data quality, since it has been shown to
significantly influence the accuracy of target state estimation [8] and target activity recog-
nition [48]. Consider the randomness in the SIR across different sensing data samples, we
adopt the constraint in a probabilistic form [56]: P{ys > 75} > P, where 7, is the SIR
threshold, and P is the required minimum probability that the actual SIR meets or exceeds
the SIR threshold.

With an increasing distance between a mobile device and a target, the power of the
received sensing signal from the target decreases, which leads to a higher chance of violating
the SIR requirement. To satisfy the SIR requirement, the radius of the on-device sensing
subregion needs to be properly determined, and the expected number of targets that can
be assigned with the mobile device should satisfy the constraint:

E[N’] <P{D"W < Dy} E[N], (3.3)

where DYV represents the distance between a target to its closest mobile device; P{DVY <
DU 1 is the probability that the distance is smaller than the radius of the on-device sensing
subregion; E [fol] is the expected number of targets that are closer to the mobile device

than to any other mobile devices.

Secondly, the sensing data should have a large volume to provide sufficient information
of the targets. We require that the average number of times each target is tracked per
time slot should be higher than a threshold ps € (0,1] [26]. Note that in each time slot,
the expected number of tracking attempts that can be conducted by the mobile device
and by the AP is 1 — p. and X times, respectively. As a result, the sensing data volume

requirement constrains the number of targets that can be assigned to the mobile device
and the AP, as follows:

_ A
BN < = BIN] < 2 (3.4)
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Thirdly, the processing time of the sensing data should be low to ensure the freshness
of sensing results. We require that the expected time for the mobile device and the AP to
process the sensing data collected in each interval, i.e., E [Tg] and [E [TeA], should be less
than the duration of a sensing interval, or equivalently, T time slots:

E [NV E [NV
% <7TT; % <7rT. (3.5)

[¢]

Sensing Service Demand and Capacity

The number of the targets in the Rols in the coverage of the AP is denoted by NV. The
expectation of NV corresponds to the sensing service demand in the coverage of the AP.
The demand is calculated by multiplying the expected number of mobile devices with that
of the targets within the Rol for each mobile device:

E[NY) =B[N (P(D' < D}-E[NY]), (3.6)

where P{D'Y < ﬁ} is the probability that the distance between a target to the closest
mobile device is smaller than the radius of the Rol of the mobile device.

Combining the constraint on sensing data volume requirement in (3.4), the constraint
on sensing data processing time in (3.5), and the constraint due to the maximum number
of targets in the on-device sensing subregion in (3.3), we derive the maximum values of
E[N] and E[NY] as

— 1—p. 7T - F!
NP £ min {IF’ {DLU < D%ﬁgx} E [NIUJ ) Ap ) z . } ) (3.7a)
’ Ps CO
U A . [XA 7T FA
N. 2 s e 3.7b
A mm{ ,/O\s ) CO ; ( )

which correspond to the sensing service capacity of each mobile device and each AP, re-
spectively.

3.2.5 Problem Formulation

Our objective is to satisfy the demands for the SAC services in the upcoming planning
window with the minimal resource consumption. To achieve this objective, a decision
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® = {DLU p., XA XL X2 FA} is made, which consists of the radius of the on-device
sensing subregion, i.e., DLY © the active probability for communication of each mobile

max’

device, i.e., p., the amount of reserved spectrum resources, i.e., X*, X? and X! and

the amount of reserved edge computing resources, i.e., F*. An optimization problem is
formulated as follows:

(P1)imin Z =w (Z2+ 2+ 2 +¢2) (3.8a)
st 0<pe <1, (3.8h)

XA XU XA € 7, (3.8¢)

F2, Dy € R, (3.84)

R >R, (3.8¢)
Ny+E[N']-Ny >E [NY], (3.8f)

P{y. > 7.} > P, (3.8¢)

where Z is the overall resource consumption; w and £ are the cost of reserving each unit of
spectrum resources and edge computing resources, respectively; constraint (3.8e) ensures
that the expected transmission rate of each mobile device is greater than a threshold ]%;
constraint (3.8f) ensures that the expected number of targets that can be tracked with the
requirements on the sensing data quantity and processing time satisfied is greater than the
expected number of the targets in all the Rols in the coverage of the AP; (3.8g) ensures
that the requirement on sensing data quality evaluated by SIR is satisfied.

Solving Problem (P1) for network planning requires the spatial modeling of mobile
devices and targets. In particular, according to (3.2), calculating the communication ser-
vice capacity, i.e., R, requires the expected number of mobile devices in the coverage of
each AP, ie., E [N I]; According to (3.7a), the sensing capacity of each mobile device, i.e.,

NP, depends on the spatial distributions of targets; According to (3.6), the sensing service

demand in the coverage of each AP, i.e., NU, depends on the spatial distributions of the
mobile devices and the targets, respectively; Moreover, the sensing interference experienced
by each mobile device, impacting 75 in (3.8g), is affected by the spatial distribution of the
mobile devices. However, obtaining an accurate spatial model of the mobile devices and
targets is challenging. This is because their spatial distributions can be non-stationary.
For example, the safe separation distances between robots and human workers may change
dynamically based on factors such as human and robot velocities and specific task require-
ments [125]. Such non-stationarity can result in the drift of a spatial model for the spatial
distributions and degrade the effectiveness of a network planning decision based on the
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Fig. 3.5: The DT of the sensing slice.

spatial model.

3.3 Network Slice DT's for Spatial Modeling and Net-
work Planning

The DT of a network slice, hereafter referred to as the slice DT, is a digital representation
of a network slice that is established and updated by collecting and processing data from
the network slice for the service-specific prediction and control [38]. We establish network
slice DTs for adaptive spatial modeling and efficient and reliable network planning in
cooperative ISAC networks. Particularly, in the slice DT corresponding to the sensing
service, the spatial distributions of the mobile devices and targets are modeled, while in
the slice DT corresponding to the communication service, only the spatial distribution of
the mobile devices is modeled. Note that we do not construct digital twins (DTs) for
individual mobile devices and targets in spatial modeling, since it may incur significant
overhead due to the potentially large number of entities and result in high network planning
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complexity.

In Fig. 3.5, we show the main components in the slice DT corresponding to the sensing
service. In this section, we first introduce the collection of the spatial distribution data.
Then, we introduce a statistical spatial modeling function in the slice DTs based on two
statistical spatial models with different modeling granularity. The spatial modeling func-
tion detects and adapts to the drift of individual statistical spatial models. Moreover, to
ensure that a network planning decision can efficiently satisfy service demands, we propose
an network emulation function in the slice DTs to efficiently evaluate a network planning
decision.

3.3.1 Spatial Distribution Data Collection

To establish the slice DTs, each AP collects the spatial distribution data of the mobile
devices and targets, and uploads them to the global controller every Mj sensing intervals.
Specifically, the locations of the targets assigned to the AP for tracking in this interval
are obtained by processing the reflected sensing signals. In addition, the locations of the
mobile devices and the targets assigned to the mobile devices are obtained and uploaded
by the mobile devices to the AP. The spatial distribution data are used as the input for
the slice DT's.

3.3.2 Statistical Spatial Modeling Function

At the end of the k-th planning window, the collected spatial distribution data of mobile
devices and targets are processed for the statistical spatial modeling and network planning
in the (k + 1)-th planning window. To cope with the potential non-stationarity of the
spatial distributions across planning windows, we adopt temporally non-stationary point
processes [126]. Specifically, the model parameters are constant in each planning window
but can change across planning windows. To tackle the drift in predicting the model pa-
rameters, we synergize two statistical models with different numbers of model parameters.

Joint Spatial Modeling
In a joint spatial model, the spatial distributions of mobile devices and targets in the k-th

planning window are jointly modeled by a Thomas cluster process. Specifically, the spatial
distribution of mobile devices is characterized by a homogeneous Poisson point process
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Fig. 3.6: Values of the parameters iy and o} in the joint spatial modeling across planning
windows.

(PPP) with intensity A}. The relative two-dimensional locations of the targets clustering
around each mobile device follows two identical and independent normal distributions
with zero mean and standard deviation o} [127]. In addition, the number of targets in
the cluster of each mobile device follows a Poisson distribution with mean g} . At the end
of the k-th planning window, using the spatial distribution data collected in this planning
window, the reference values of the model parameters, i.e., A\, o7, and u}, are determined
based on the maximum likelihood estimation (MLE). The prediction values of the three
parameters for network planning in the (k+ 1)-th planning window, denoted by AL, 61,
and [LEH, are obtained by the long short-term memory (LSTM) neural networks based on

the reference values of the parameters in the previous Ky windows.

The joint spatial modeling characterizes the spatial correlation between mobile devices
and targets with the model parameters y;) and o). If the parameters can be accurately
predicted for the upcoming planning window, the joint spatial modeling would be accu-
rate. However, when the pattern of their spatial correlation changes, e.g., from attraction
to repulsion, the values of the parameters that best fit the actual spatial distributions may
exhibit a drastic change. In such a case, the accuracy of parameter prediction and that
of the joint spatial modeling can degrade, referred to as model drift. To illustrate this,
in Fig. 3.6, we show the reference and prediction values of the model parameters u) and
oy in the joint spatial modeling, which are derived by MLE and the LSTM neural net-
works, respectively. The simulation settings are detailed in Section 3.5. It can be observed
that after the 201-st planning window, the reference values of uy and o} exhibit a dras-
tic increase, and the prediction values show an increasing gap with the reference values,
indicating model drift.
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Fig. 3.7: Values of the parameters Al and A} in the independent spatial modeling across
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Independent Spatial Modeling

To cope with the model drift, a spatial model robust to change in the spatial correlation
of the mobile devices and targets is needed. We introduce the independent spatial model-
ing, which independently characterizes the spatial distributions of the mobile devices and
targets. In particular, the locations of the mobile devices and targets in the k-th planning
window are modeled by two independent homogeneous PPPs with intensities A} and A\,
respectively. Similar to the joint spatial modeling, using the collected data in the k-th
planning window, the reference values of the intensity parameters in the two homogeneous
PPPs, i.e., AL and )\, are determined based on the MLE. The prediction values of the two
parameters for the (k + 1)-th planning window, i.e., }\}H—l? XEH, are obtained by LSTM
networks based on reference values of the parameters in the previous K, windows.

In Fig. 3.7, for the same spatial distribution data as the joint spatial modeling in
Fig. 3.6, we show the reference and prediction values of all the parameters in the inde-
pendent spatial modeling, i.e., AL and A!. Note that the reference values evolve over
planning windows in a manner similar to the absolute value of a cosine function, which
makes the prediction at the lowest points of the reference values challenging and results
in large discrepancies at those points. Nevertheless, it can be observed that there is no
drastic parameter value change and parameter prediction accuracy degradation since the
201-st planning window. This observation suggests that the independent spatial modeling
is more robust to model drift than the joint spatial modeling. However, it is important
to note that in scenarios without model drift, the independent spatial modeling would
yield lower accuracy than the joint spatial modeling due to its inability to characterize the
spatial correlation between mobile devices and targets.
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Model Drift Detection

This function monitors the prediction errors in the parameters of the spatial models to
detect model drift. We develop a prediction error-based approach for model drift detec-
tion [120]. Specifically, the errors in predicting {\;, AV, u, o'} are evaluated by the mean
absolute percentage error (MAPE). Let HY and HP € {0,1} indicate whether the inde-
pendent spatial modeling and the joint spatial modeling, respectively, experience model
drift. At the end of the k-th planning window, the following three cases are considered
for model drift detection. First, if the prediction of the parameter AL, which is shared by
both spatial modelings, exhibits drastic accuracy degradation, we set Hy = 1 and HP = 1.
Second, if the prediction of the parameter A\Y, which is unique to the independent spatial
modeling, exhibits drastic accuracy degradation, we set Hy = 1. Third, if parameters p
and o}/, which are unique to the joint spatial modeling, exhibit exhibits drastic accuracy
degradation, we set HP = 1.

Model Drift Adaptation

In this function, the following two approaches are designed to adapt to any model drift
that is detected: (i) Model Update: when model drift is detected, LSTM neural networks
for predicting the parameters corresponding to the model drift are updated. In particular,
in the planning windows after the detection, the reference values of the parameters will
be collected and used to retrain the neural networks; (ii) Model Ensemble: when model
drift is detected, the ensemble learning technique is exploited, and an ensemble spatial
model that incorporates both the independent and the joint spatial models, is output by
the model drift adaptation function. In the absence of model drift, only the joint spatial
model is output, since it offers potentially higher accuracy compared to the independent
model and lower complexity for network planning compared to the ensemble model.

3.3.3 Network Emulation Function

It is infeasible to directly fuse the joint and independent spatial models in the ensemble
spatial model for network planning. Instead, we can evaluate and select from the two
candidate network planning decisions that are respectively obtained using the two spatial
models. For the evaluation, we introduce a network emulation function that consists of the
following two steps: (i) Instance Construction: multiple instances of both the SAC slices
are created. Each instance of a communication slice involves deterministically distributed
APs and mobile devices, while each instance of a sensing slice involves deterministically
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distributed APs, mobile devices, and targets. For example, the locations of all the mobile
devices and targets in the Rols of the mobile devices at the end of the Mjy-th sensing
interval in the k-th planning window, along with the locations of the APs, are used to
create one instance of the sensing slice; (ii) Decision Evaluation: a candidate network
planning decision is implemented on each of the instances. Then, the service demand and
capacity of each instance are measured to evaluate the corresponding candidate decision.
The measurement approach and the evaluation metric for a network planning decision are
described in Section 3.4.2.

3.4 DT-Based Network Planning Algorithm

In this section, based on the statistical spatial models and the network emulation functions
in the slice DTs, we propose a network planning algorithm.

3.4.1 Statistical Spatial Modeling-Based Decision Making

In this subsection, we first derive the formulas for estimating the service demands and
capacities in Problem (P1). Then, we analyze Problem (P1) for transforming the problem
and developing an efficient algorithm to obtain a candidate network planning decision for
the (k 4+ 1)-th planning window. For brevity, we omit the subscript k£ 4+ 1 in the notation
of the parameters that are predicted by LSTM neural networks.

Estimation of the Communication Service Capacity

In both independent and joint spatial models, the mobile devices are modeled by a ho-
mogeneous PPP with the intensity Al. Given that at least one mobile device exists, the
expected number of mobile devices in the coverage of the AP with the area A, is given
by E[N'] = MAy/(1 — e *'4). By substituting E [N'] in (3.2) with this expression, the
communication service capacity R in (3.2) can be calculated as

pcR())(éA

. V .
1+((1_§—Aj\(1)140)_1>pc

(3.9)
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Estimation of the Sensing Service Demand and Capacity

According to (3.6), estimating the sensing demand in the coverage of each AP, i.e., E [N U] ,
requires (i) the probability that a target is located in the Rol of the nearest mobile device,
ie., P{D < lA)}, and (ii) the expected number of targets closest to the mobile device,
ie, E [NHJ.

First, the cumulative distribution function of the distance between a target to the
closest mobile device, i.e., DYV, is denoted by P{D"Y < d“V} and approximated as follows.
Given the independent spatial model, according to the contact distance distribution of

a homogeneous PPP in [128], we have P{D"Y < @V} = 1—exp [— (dLU)QW}\I]. Given
the joint spatial model, according to the distribution of the distance in any cluster of a
Thomas cluster process in [127], we have P{D"Y < d"V} = 1—exp [—(dI’U)Q/(Z(éU)Z)]
Accordingly, P{D"V < D} can be calculated.

Second, the expected number of targets closest to the mobile device, i.e., E [NIEJJ, is
approximated as follows. Given the independent spatial model, E [Nfﬂ is approximated
as E [NIEJJ —= AU/AL which is the ratio of the intensity of the targets to that of the mobile
devices, due to the identical randomness across different mobile devices. Given the joint
spatial model, £ [NHJ, is approximated as [E [NI[,Jl] = 1Y, which is the expected number
of targets in the cluster formed by the mobile device. According to (3.7a), estimating the
sensing capacity of each mobile device, i.e., NP, requires P {D"Y < DLV 1 and E [N{]],
which have been derived. The sensing capacity of each AP, i.e., NE, is not affected by the
spatial model, and has been derived in (3.7b).

Problem Analysis

We analyze the properties of Problem (P1) as follows.

N

Proposition 2. In at least one optimal solution of Problem (P1), the radius of the on-
device sensing subregion, i.e., D:V is given by
—~ 1 XI %
DLy :<g.<_1nﬁ>. ) ( : ) , (3.10)
Vs le?)\l 1 - pc

max’
which is also the maximum distance between a target and an mobile device for satisfying
the sensing SIR requirement in (3.8g).
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Proof. Please refer to Appendix B. m

Based on Proposition 2, we can transform constraint (3.8g) equivalently using (3.10). To
make Problem (P1) more tractable, we relax the integer decision variables, i.e., X, X2, XA,
to real-valued variables. Then, to efficiently solve the problem, we derive necessary condi-
tions for optimality as follows.

Proposition 3. Proposition 3: The optimal solution of Problem (P1) must satisfy the
following three conditions:

1—pe , vy 1T FI}
—— <minqE N, <0 3.11a
= < win {8 V). 7 3110
1 —pe
ﬁ‘p —P{D"W <DLV .E[NY]; (3.11b)
) XA o7 FA
e T e (3.11c)
Ps CO
Proof. Please refer to Appendix C. ]

Condition (3.11a) specifies a minimum value of p,. since the right-hand side is indepen-
dent of any decision variable in Problem (P1); (3.11b) gives the relation between p. and
X! since P {DI’U < DLV } is a function of only these two decision variables; (3.11c) gives

max

the relation between X2 and FA.

Problem Transformation and Solution

Based on Proposition 2 and Proposition 3, given the value of the decision variable p.,
the optimal values of the other four decision variables can be determined in closed forms.
First, the minimum spectrum reservation for communication, X*, can be obtained by
converting the inequality constraint (3.8e) to an equality constraint. Second, the optimal
amount of spectrum resources reserved for sensing by mobile devices, X!, can be found by
solving (3.11b). Third, the optimal spectrum reservation for sensing by APs, X2, can be
obtained by converting the inequality constraint (3.8f) to an equality constraint. Given the
optimal XA, the optimal edge computing network planning, F*, can be obtained based on
(3.11c). As a result, the original multi-variable optimization problem can be transformed
into a single-variable problem concerning p.. The transformed problem can be solved by a
brute-force search. Then, the real values in the decision are rounded up to integers. Given
the joint spatial model or the independent spatial model, a candidate network planning

decision can be respectively obtained.
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3.4.2 Network Emulation-Based Decision Evaluation

Based on the network emulation function of the slice DTs in Section 3.3.3, a candidate
network planning decision, denoted by ®, can be evaluated in the following way.

Evaluation under Communication Service Provision

Evaluating the average transmission rate of mobile devices requires network emulation over
a long period. To reduce the complexity, we use the expectation of the transmission rate
derived in (3.9). Given the spatial distribution data of mobile devices in all the constructed
instances, the intensity of mobile devices is determined by MLE and used to replace the one
predicted by an LSTM network, i.e., Al in (3.9). Then, given the value of p. in a network
planning decision ®, the lower bound of the expected achievable transmission rate, i.e.,
R, is calculated as the network emulation-based estimation of the communication service
capacity. The evaluation metric chosen here is the relative difference between the service
demands and capacities. Specifically, for the communication service, the relative difference
is denoted by A (®) and calculated as: Ac(®) = |R — R|/R, which can reflect both the
resource over-provision, where the communication capacity exceeds the communication
demand, i.e., R > R, and resource under-provision, i.e., R < R.

Evaluation under Sensing Service Provision

Similarly, given the candidate network planning decision ®, the number of the mobile
devices, the number of targets that can be monitored by the mobile devices, and the
number of targets that reside in the Rols of all the mobile devices in the network instances

are obtained and averaged as the network emulation-based estimation of E[N], NP, and

NU, respectively. The relative difference between the sensing demand and sensing capacity

is denoted by Ag(®) and calculated as Ay(P) = )NU - (NE +E [N] NP) ‘/WU
Overall Evaluation of a Network Planning Decision

Given a candidate network planning decision ®, the average difference between the de-
mands and capacities for the SAC services is denoted by A(®) and calculated as A(P) =

(Ac(P) + Ag(P))/2, which is used for the overall evaluation of the network planning deci-
sion.
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3.4.3 Overall DT-Based Network Planning Algorithm

Based on the proposed closed-form candidate network planning decision making and the
network emulation-based decision evaluation approaches, we propose a network planning
algorithm that can adapt to the drift of individual spatial models as follows: (i) Case 1
(Model Drift Not Detected): When model drift is not detected, i.e., Hy = 0 and HP = 0,
only the joint spatial model is output from the slice DT. The network planning decision
based on the joint spatial model, denoted by ®P, is obtained according to Section 3.4.1,
and adopted for the (k+1)-th planning window. (i) Case 2 (Model Drift Detected): When
model drift is detected for the joint modeling, i.e., Hy = 1 or HP = 1, the slice DTs would
output an ensemble spatial model consisting of both the joint and the independent spatial
models. In this case, the two candidate network planning decisions are respectively derived
as ®5 and ®P. Then, the two candidate decisions are respectively evaluated by the network
emulation function according to Section 3.4.2, and the evaluation results A(®%) and A(®P),
reflecting the respective discrepancies between service demands and service capacities, are
obtained. The candidate decision with a smaller demand-capacity discrepancy is selected
as the final network planning decision for the (k£ + 1)-th planning window.

3.5 Simulation Results

In this section, we demonstrate by simulations the performance of our proposed DT-based
network planning algorithm for cooperative ISAC networks.

3.5.1 Simulation Settings and Benchmarks

The synthetic spatial distributions of the mobile devices and targets in the simulations are
generated in the following way. The locations of mobile devices are generated following a
homogeneous PPP, while the locations of targets are generated in two steps. In the first
step, the number of targets in the Rol of each mobile device is determined by sampling from
a Poisson distribution. In the second step, targets are randomly and uniformly generated
within the Rol of each mobile device. A thinning approach is then used to determine
whether to retain each target based on a probability, until the predetermined number
of targets for each mobile device is reached. Specifically, two types of mobile devices are
considered, with devices set to type I and type II with probabilities v and 1—v, respectively.
The probabilities to retain a generated target for type I and type II mobile devices are given
by DV /D and 1— D"V /D, respectively, where DY is the distance between the target and
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Table 3.1: Main simulation settings of the ISAC network

Parameter Value
Beamwidth of mobile devices for sensing, ¢r /6
Bandwidth of a communication subcarrier, B, o 0.015 MHz
Transmit power for sensing, P 20 dBm
Bandwidth of a sensing band, B 1 MHz
Average radar cross section, & 0.5 m?
Side length of each AP’s coverage, 7 500 m
Duration of a time slot, 7 1 ms
Number of time slots in a sensing interval, T’ 1000
Number of sensing intervals in a planning window, M 500
Location data collection period in sensing intervals, M, 10
Number of APs in the cluster, L 3
CPU cycles for sensing one target, Cy 1 x 10® cycles
CPU frequency of each mobile device, F! 2 GHz
SIR requirement for sensing, 7 R 20 dB
Threshold for SIR requirement satisfaction, P 0.95
Communication throughput requirement, R 1 kb/slot
Sensing frequency requirement for each target, ps 0.05
Radius of the Rol for each mobile device, D 10 m
Cost of reserving a unit of spectrum resources, w 1
Cost of reserving a unit of edge computing resources, & 1x1073

the mobile device, and D is the radius of the Rol. The spatial correlation pattern between
the mobile devices and the sensing targets around them differs for the two types of mobile
devices. When the value of v changes, the proportions of the two types of the mobile
devices and the overall spatial correlation pattern will be changed, which may result in
the drift of joint spatial model which characterizes the spatial correlation. The other main
simulation settings are given in Table 3.1.

To generate the spatial distribution data across planning windows, the parameters of the
homogeneous PPP and the Poisson distribution are changed based on the absolute values
of cosine functions with the angular frequency /8. Each simulation run includes 400
consecutive planning windows, and for each simulation setting, we conduct 5 simulation
runs and evaluate the average performances. The following three performance metrics
are adopted: (i) Actual Service Satisfaction Ratio: this metric represents the average
satisfaction ratios for the sensing and communication services as observed at the end of
each planning window. FEach service’s satisfaction ratio is calculated as the minimum
between 1 and the ratio of the service capacity to the service demand; (ii) Overall Resource
Consumption: this metric represents the overall cost of reserving the spectrum resources
and edge computing resources for the SAC services, as defined in (5.8a); (iii) Modeling
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Fig. 3.8: Performance evaluation with varying number of mobile devices per square kilo-
meter.

Error: this metric represents the average prediction error of the parameters in a spatial
model. A sliding average approach is used with the width of 20 planning windows.

We compare our proposed algorithm with the following benchmarks: (i) Independent
Modeling (Ideal Case): use the independent spatial modeling with perfect parameter pre-
diction; (ii) Independent Modeling: use the independent spatial modeling with LSTM
neural networks to predict model parameters, while the proposed model drift detection
and the model update approaches are not implemented; (iii) Joint Modeling (Ideal Case):
use the joint spatial modeling with perfect parameter prediction; (iv) Joint Modeling: use
the joint spatial modeling with LSTM neural networks to predict model parameters, while
the proposed model drift detection and model update approaches are not implemented.

3.5.2 Effectiveness of DT-Based Network Planning Algorithm

In this subsection, we demonstrate the performance of the DT-based network planning
algorithm. In each simulation, the value of v is set to 0.1 and 0.7 before and after the
201-st planning window. The average number of targets in the Rol of each mobile device
is set to be 5.5 and that of the mobile devices varies from 15 to 30 per square kilometre.
In Fig. 3.8(a), we show the actual service satisfaction ratio, and in Fig. 3.8(b), we show
the overall resource consumption.

First, in the two ideal cases where parameter predictions are perfect, we compare the
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performances of the joint modeling and independent modeling. It can be observed from
Fig. 3.8(a) that the use of a single model in the ideal cases result in similarly high service
satisfaction ratios. From Fig. 3.8(b), it can be observed that the use of the joint modeling
in the ideal case results in the network planning decisions that consume less resources
than the use of independent spatial modeling in the ideal case. This is because, even
when the independent modeling may accurately estimate the expected number of targets
in the whole Rol of each mobile device, it underestimates the number in the on-device
sensing subregion, since the spatial attraction between mobile devices and targets is not
characterized. Consequently, the demand for sensing services can be accurately estimated,
whereas the sensing capacity of mobile devices is under-estimated. As a result, although
the service demand can be satisfied, spectrum and edge computing resources would be
over-provisioned.

Second, in the non-ideal cases where model parameters are predicted by LSTM neural
networks, we compare the performances of the independent modeling, joint modeling, and
our proposed DT-based network planning algorithms. Unlike in the ideal cases where the
joint modeling outperforms the independent modeling, in the non-ideal cases, it can be
observed from Fig. 3.8(a) that, the joint modeling for network planning results in a much
lower actual service satisfaction ratio than the independent modeling. This is because,
as shown in Fig. 3.6, after the value of v changes in the 201-st planning window, the
joint spatial modeling exhibits model drift, while the independent spatial modeling does
not. Specifically, as shown in Fig. 3.6(a), the average number of targets clustering around
each mobile device is under-predicted by the joint modeling, which results in the under-
prediction of the sensing service demand. In addition, as shown in Fig. 3.6(b), the standard
derivation of the distance between a target and a mobile device is under-predicted by the
joint modeling, which results in the over-prediction of mobile devices’ sensing capability.
In addition, it can be observed from Fig. 3.8(a) that using the DT-based network planning
algorithm results in nearly the same service satisfaction ratio as the independent spatial
modeling-based network planning. Nevertheless, it can be observed from Fig. 3.8(b) that,
the use of the DT-based network planning algorithm results in lower resource consumption
compared with the independent spatial modeling-based network planning algorithm.

From the observations in the non-ideal cases, our proposed DT-based network planning
algorithm achieves the best performance. In the following subsections, we illustrate the
benefits of our proposed model update and model ensemble approaches, respectively, where
the average number of targets in the Rol of each mobile device is 5.5 and that of the mobile
devices is 15.

48



-----Joint Modeling ;

[|_,__Joint Modeling fr

(with Model Update)
——Independent Modeling

o
[

I
~

Modeling Error

o
o

o

50 100 150 200 250 300 350
Planning Window Index

Fig. 3.9: Modeling error across planning windows.

3.5.3 Effectiveness of Model Update

In Fig. 3.9, we show the modeling error across planning windows. From Fig. 3.9, it can be
observed that, after the value of v changes in the 201-st planning window, the modeling
error of the joint modeling drastically increases, while that of the independent modeling
does not. In contrast, with model drift detection and model update by retraining the
LSTM neural networks, the modeling error of the joint modeling quickly falls down after
the increase. This observation demonstrates that our model update approach can enable
the joint spatial modeling to tackle the model drift issue, making it suitable for network
planning in the presence of model drift.

3.5.4 Effectiveness of Model Ensemble

In this subsection, we demonstrate the performance with the model drift of the joint spatial
modeling occurring at different frequencies, which are defined as the total numbers of drift
occurrences that are uniformly distributed across consecutive 400 planning windows. To
simulate an occurrence of the model drift, the value of v alters between 0.1 and 0.7.

First, in Fig. 3.10, we show the per-window performances from the 200-th to the 230-th
planning window, where drift occurs 3 times in 400 windows. In Fig. 3.10(a), we show the
model drift detection result. From Fig. 3.10(a), it can be observed that the model drift,
occurring in the 201-st planning window, is successfully detected at the 204-th planning
window. In Fig. 3.10(b), we show the actual service satisfaction ratio. From the figure,
it can be observed that, after the model drift occurs, the actual service satisfaction ratio,
by using the joint modeling with the model update, first decreases, and then increases.
In addition, it can be observed that by using the model ensemble approach in the DT-
based adaptive modeling, a higher service satisfaction ratio can be achieved in multiple
planning windows. This is because, by using the model ensemble approach, when model
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Fig. 3.10: Performance evaluation in the early planning windows after model drift occurs.

drift is detected, both the joint and independent spatial models are output from the slice
DTs for network planning, and the network emulation function in the slice DTs evaluates
the network planning decisions derived from the two spatial models, and selects the better
decision. Similarly, from Fig. 3.10(c), it can be observed that, the model ensemble approach
demonstrates its effectiveness by preventing resource over-provision in the 205-th planning
windows, while avoiding under-provision in the remaining windows between the 206-th and
214-th.

Second, we show the average performance across planning windows when the model
drift frequency takes different values. Note that we only consider odd integer values for
the drift frequency because they result in equal proportions of the two types of mobile
devices. Consequently, although the service provisions differ between the two types, the
overall service provision performance in the ideal case remains the same across the different
drift frequencies. This consistency helps clearly reveal the impact of the drift frequency
on our proposed scheme and the benchmark schemes. In Fig. 3.11(a) and Fig. 3.11(b),
we show the actual service satisfaction ratio and the overall resource consumption, respec-
tively. From the two figures, it can be observed that compared with always using the joint
modeling, using the model ensemble approach in our proposed DT-based spatial modeling
function improves the actual service satisfaction ratio and decreases the overall resource
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consumption. In addition, with a higher model drift frequency, the advantage of DT-based
spatial modeling function, in terms of improving the actual service satisfaction and re-
ducing the resource consumption, increases. This is because, with the increase of drift
frequency, the joint modeling would result in degraded performance, i.e., reduced service
satisfaction ratio and increased resource consumption. Nevertheless, in our proposed DT-
based spatial modeling function, as shown in Fig. 3.11(c), the joint modeling utilization
ratio, defined by the percentage of the planning windows when the joint spatial modeling
is selected, decreases with the increase of the drift frequency. In this way, the service
provision performance becomes less invariant to the increase of drift frequency, similar to
ideal case as shown in Fig. 3.11(a) and Fig. 3.11(b).

The observations in this subsection demonstrate that it is not always beneficial to
characterize the spatial correlation between mobile devices and targets for resource man-
agement, especially when the spatial correlation can experience drastic variations. Instead,
by using our proposed DT-based spatial modeling and network emulation functions, the
spatial correlation can be properly characterized for effective resource management in co-
operative ISAC networks.

3.6 Conclusion

In this paper, we have proposed a novel drift-adaptive slicing-based resource management
scheme to support the efficient collaboration of mobile devices and APs in SAC service
provision. We have developed DT's of the SAC slices for drift-adaptive spatial modeling and
efficient network emulation, which empowers efficient and reliable slicing-based resource
management decision-making in non-stationary environments. In addition to network-level
spatial modeling and emulation, our proposed DT design can also be applied to adaptively
characterize the service demand and satisfaction of individual users.
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Chapter 4

Task Offloading for DNN-Based
Sensing Data Processing

In this chapter, we propose a novel DT-assisted approach to offloading DNN-based sensing
data processing tasks, referred to as DNN tasks. We consider a scenario where, in the
local processing of each DNN task, an end device adaptively determines whether and when
to offload the DNN task to the edge server, such that on-device and edge computing
resources can be efficiently leveraged for optimizing task performance. To enhance the
adaptivity, a DT is constructed to evaluate all potential offloading decisions for each DNN
task, which provides augmented training data for a machine learning-assisted decision-
making algorithm. Then, another DT is constructed to estimate the inference status at
the device to avoid frequently fetching the status information from the device, thus reducing
the signaling overhead. We also derive necessary conditions for optimal offloading decisions
to reduce the offloading decision space. Simulation results demonstrate the outstanding
performance of our DT-assisted approach in terms of balancing the tradeoff among inference
accuracy, delay, and energy consumption.

4.1 Background and Motivation

In recent years, DNNs, as a representative Al technique, have demonstrated powerful abil-
ities to automatically extract features for pattern recognition, making them advantageous
for sensing data processing in IoT applications [3] and empowering the Artificial Intelli-
gence of Things (AloT) paradigm [129]. To address the substantial computation overhead
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and demand for DNN-based sensing tasks, referred to as DNN tasks, a communication-
assisted sensing framework under the ISAC paradigm can be beneficial. First, by assigning
sensing targets to network infrastructure such as APs, the associated edge servers can be
utilized for processing the sensing data collected from the targets. In addition, an end
device with limited DNN inference capability, referred to as AloT device, can upload the
raw or processed sensing data to edge servers for completing the processing.

DNN partitioning is a promising solution for achieving adaptive offloading of DNN-
based sensing tasks from AlIoT devices to edge servers. In DNN partitioning, the inference
of a multi-layer DNN can be partitioned into two parts, i.e., on-device inference and edge
inference [32]. Specifically, an AloT device executes the layers before a partition layer,
i.e., on-device inference, and uploads the intermediate result, as the input to the partition
layer, to an edge server. The edge server then executes the remaining layers of the DNN;,
i.e., edge inference, to obtain the final inference result. The partition layer for a DNN task
determines computing load of on-device inference and edge inference, respectively, and the
size of data to be offloaded. Therefore, the partition layer should be properly chosen to
minimize the overall delay and energy consumption for task processing [130]. When the
edge server is heavily loaded, the overall delay to process a task can be high, even if the
optimal partition layer is chosen for the task. In this case, the DNN inference can be
early exited by AloT devices for some tasks instead of offloading them to the edge server
for completing the inference[131]. In this way, the overall delay of task processing can be
reduced at the cost of reduced inference accuracy [132]. By determining whether to offload
a DNN task to the edge server or not, such a tradeoff can be made as needed.

For the multi-layer and multi-exit DNNs, DNN task offloading decisions can be made on
whether and when an AloT device should stop on-device inference and upload intermediate
results to an edge server to complete the inference. Such decision-making should adapt
to the computing workload status at the device and the edge server, which is challenging
since the workload status can change dynamically due to stochastic task generation at
each AloT device covered by the edge server [133]. In particular, conventional approaches
that make the offloading decision for each DNN task only upon its generation is unlikely
to be optimal [33]. This is because on-device inference delay for a task can be as long as
hundreds of milliseconds for executing one convolutional layer [132], which can result in 7)
a drastic change of the instantaneous workload status between the generation of the task
and the completion of the on-device inference for the task, and i) difficulty in predicting
such a change especially when the dynamics of task arrival is unavailable [132, 91].

The DT paradigm, proposed as a promising next stage of network virtualization [38],
can be leveraged to facilitate adaptive device-edge collaboration on DNN inference. Through
data synchronization, DTs can be constructed as digital representations of physical objects

o4



or processes to manage network data [134], estimate network status (e.g., the running states
of IoT devices [135]), and predict network performance (e.g., the end-to-end delay of net-
work slices[116]). In addition, DTs can empower network emulations for efficient network
management [38], e.g., constructing a simulation environment for pre-training a machine
learning-assisted task offloading algorithm [136]. For the case of device-edge collaborative
DNN inference, DTs can empower machine learning-assisted offloading decision-making
by providing augmented training data. For example, after a DNN task is offloaded to an
edge server, DTs can be used to evaluate alternative offloading decisions of the task in
hypothetical scenarios, i.e., offloading the task later or locally completing the task.

In this chapter, we leverage DTs to facilitate adaptive ofHoading of DNN-based sensing
data processing tasks. We consider a scenario where a full-size DNN is deployed at an
edge server for high-accuracy inference, and a shallow DNN, which consists of the first
several layers of the full-size DNN concatenated by an exit branch, is deployed at an AloT
device for low-latency on-device inference. In addition, the on-device and edge server
computing workloads are dynamic due to stochastic task arrival. The objective is to
optimize the performance of DNN tasks in terms of balancing inference accuracy, delay,
and energy consumption by determining the offloading of DNN tasks generated by the
AloT device. To achieve this objective, we propose a DT-assisted approach to offloading
DNN-based sensing tasks, which determines whether to offload a DNN task each time when
the on-device inference status changes, i.e., when a layer of the shallow DNN is about to
be locally executed for the task. An offloading decision-making algorithm based on the
optimal stopping theorem and assisted by machine learning is developed. Moreover, DT's
are constructed in the proposed approach to play the following two roles:

1. Evaluating all potential offloading decisions of each DNN task to provide augmented
training data for the learning-assisted offloading decision-making algorithm.

2. Estimating the inference status at the device to avoid frequently fetching the status
information from the device, thus reducing the signaling overhead.

The main contributions of this paper are summarized as follows:

1. We propose an approach to offloading DNN-based sensing tasks that adapts to dy-
namic on-device and edge server workloads, enabling offloading decision-making to
optimize task performance.

2. We propose a learning-assisted algorithm, which generates effective offloading deci-
sions with unknown task arrival statistics. Empowered by DTs, the algorithm can
promptly attain an effective offloading solution with sufficient training data.
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3. We derive necessary conditions for optimal offloading decisions and accordingly use
them for decision space reduction, which reduces the complexity for adaptive offload-
ing of DNN-based sensing tasks.

The remainder of the chapter is organized as follows. In Chapter 4.2, we introduce the
system model. In Chapter 4.3, a DT-assisted approach to adaptive device-edge collabora-
tion on DNN inference is proposed. The problem is formulated and transformed in Chapter
4.4, and the DT and learning-assisted offloading decision-making algorithm is proposed in
Chapter 4.5. In Chapter 4.6, we investigate offloading decision space reduction. Simulation
results are provided in Chapter 4.7. Chapter 4.8 concludes the chapter.

4.2 System Model

In this section, we first introduce the models of DNN task generation, computing and
queuing. Then, we define the utility of a DNN task, which incorporates the delay, inference
accuracy, and energy consumption for processing a DNN task.

4.2.1 Task Generation Model

Consider an AloT device that connects to an edge computing server through an AP. The
AloT device collects sensing data of individual targets using the mono-static sensing mode
and generates computing tasks such as object recognition for processing the collected sens-
ing data. The time horizon is divided into slots with equal duration denoted by AT, and
the index of a time slot is denoted by ¢ € {1,2,...}. At the beginning of each time slot,
a task is probabilistically generated by the device with an unknown probability [91]. Let
AT, represent the interval between the time instants when the (n 4 1)-th and the n-th
tasks are generated, where n € {1,2,..., N}, and let ATj represent the time instant when
the first task is generated.

4.2.2 Task Computing Model

For processing the tasks, one full-size DNN with L consecutive layers (e.g., L = 7 in
Fig. 4.1) is deployed at the edge server, and one shallow DNN with fewer layers is deployed
at the AloT device. For DNNs that contain parallel layers or residual blocks, the layers in
each residual block or the layers with parallel execution can be abstracted as one logical
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Fig. 4.1: DNN-based sensing data processing model.

layer [137, 89]. In the design and training of the full-size and shallow DNNs, the BranchyNet
architecture [138] is used such that the first [, layers of the two DNNs are identical (e.g., the
three blue-colored layers in Fig. 4.1). The remaining part of the shallow DNN is referred
to as an exit branch, and the layers therein (e.g., the two orange-colored layers in Fig. 4.1)
are abstracted as one logical layer, i.e., the (I, + 1)-th layer of the shallow DNN.

Each time before the AIoT device executes the next layer in the shallow DNN, a network
controller decides whether the AloT device should stop locally processing the task at this
point and offload the task to the edge server instead. For the n-th task, when the task
is offloaded to the edge server or locally completed, the number of executed layers in
the shallow DNN for the task is determined, which is denoted by z,, € {0,1,...,1l. + 1}.
We define x,, as the offloading decision for the n-th task, which can result in three DNN
inference scenarios as illustrated in Fig. 4.1:

1. Edge-Only Inference: If x,, = 0, the n-th DNN task is offloaded to the edge server
without being processed by any layer of the shallow DNN by the device. In other
words, the task is completely processed by the full-size DNN at the edge server.

2. Device-FEdge Joint Inference: If 1 < x,, < [, the n-th DNN task is locally processed
by the first z,, layers of the shallow DNN (e.g., =, = 2 for the device-edge joint
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inference scenario in Fig. 4.1). Then, the output of the z,-th layer of the shallow
DNN, as the intermediate result, is uploaded to the edge server and processed by the
remaining layers of the full-size DNN.

3. Device-Only Inference: If x,, = l.+ 1, the n-th DNN task is not offloaded to the edge
server but completely processed by the shallow DNN at the device.

To assist in making offloading decisions of DNN tasks, as shown in Fig. 4.1, DTs
are constructed by the network controller. Specifically, the network controller collects the
network information, i.e., the per-layer on-device DNN inference delay and the information
on task arrivals at the AIoT device and the edge server. The collected information is
processed by DT models to estimate the status of the AloT device and the edge server for
assisting in making offloading decisions of DNN tasks. Detailed introduction of the DTs
will be presented in Section 4.3.

4.2.3 Task Queuing Model

As shown in Fig. 4.2, the task queuing model includes queuing at the device and queuing
at the edge server.

1) On-Device Task Queue: The device has one computing unit and one transmission
unit, which can respectively process and transmit only one task at any time instant. The
tasks that have been generated but not yet processed or offloaded are stored in an on-device
task queue following the First-Come-First-Serve (FCFS) rule. When the computing unit
becomes idle, the first task in the on-device task queue leaves the queue. If the transmission
unit is also idle, edge-only inference, i.e., the transmission unit offloads the task to the edge
server without any on-device processing, can be chosen for the task. Otherwise, the task
will be processed by the computing unit until the transmission unit is idle and a decision
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to offload the task is made. At the beginning of the (¢+1)-th time slot, the on-device
computing workload in terms of the number of tasks in the on-device queue, denoted by
QP (t+1), is updated as:

QP (t+1)= QP (t)+1(t+1)—O(t+1), (4.1)

where I(t) equals to 1 if one DNN task is generated in the (¢ — 1)-th time slot and 0
otherwise; O(t) equals to 1 if a DNN task leaves the on-device task queue at the beginning
of the t-th time slot and 0 otherwise.

2) Edge Server Queue: The edge server has one computing unit, which can process
only one task at any time instant, and maintains a computing queue for tasks yet to be
processed. The computing tasks arriving at the edge server in each time slot will either
start to be processed by the computing unit or enter the computing queue at the beginning
of the next time slot.! The edge server workload is the sum of CPU cycles required to
complete the processing of the task in the computing unit as well as all the tasks in the
computing queue. At the beginning of the (t+1)-th time slot, the edge server workload,
denoted by Q¥ (t+1), is updated as:

QF (t4+1) = max{QF (t)— fEAT, 03+ D(t) + W (t), (4.2)

where D(t) and W (t) represent the workload of the tasks from the considered device and
other devices connected to the edge server, respectively, in the t-th time slot; f¥ represents
the computation frequency of the edge server in the unit of CPU cycles per second.

4.2.4 Task Utility

In this subsection, we first derive the delay, inference accuracy, and energy consumption
of processing a DNN task. Then, we define the utility of a DNN task.

1) Delay: Depending on the task offloading decision, the processing of a DNN task
can incur i) on-device queuing delay, i7) on-device inference delay, i) transmission delay
from uploading the intermediate result, iv) queuing delay at the edge server, and v) edge
inference delay. The delay from delivering the task result to the device is neglected due to
the typically small size of the result.

IThe processing order of the computing tasks arriving at the edge server in a time slot is determined
by a task scheduling algorithm. For simplicity, we assume that the task offloaded by the considered device
will be first processed.
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i) On-Device Inference Delay: The on-device inference delay of the n-th task is the
sum of the execution delay of the first x,, layers in the shallow DNN, given by:

z D
l;ll dl 1 n > 17

4.3
0,x, =0, (43)

Trlzc(xn) = {

where dP represents the time to execute the [-th layer in the shallow DNN by the device,
Vi € {1,2,...,lc + 1}. The value of dP is rounded to an integer multiple of the time slot
duration AT

ii) On-Device Queuing Delay: The queuing delay of the n-th DNN task at the device
is determined by the offloading decisions for the DNN tasks generated earlier, which are
denoted as x,_1 = {1, 22, ..., 2,_1}. Let xog = 0 for consistency. The on-device queuing
delay for the n-th task, denoted by T'(x,_1), can be calculated by:

0, n=1,

a N (4.4)
max{7T,* (x,—2)+T° (xy_1)—AT,_1,0}, n>2.

T’rllq (Xn—1> = {

iii) Data Uploading Delay: 1f edge-only inference or device-edge joint inference is
adopted for the n-th DNN task, ie., 0 < =z, < [, the task processing will incur an
uploading delay denoted by T'"P. The data to be uploaded is the input to the (z, + 1)-th
layer of the shallow DNN, and the uploading delay can be calculated by:

an/ROaO S T S lea

4.5
0, xtp,=1.+1, (45)

TP (x,) = {

where s; represents the size of the data to the (I + 1)-th layer of the shallow DNN, VI €
{0,1,...,l.}; Ry is the uplink transmission rate between the device and the AP.

iv) Edge Queuing Delay: If the n-th DNN task is offloaded to the edge server, i.e.,
rn < ., the task processing can incur a queuing delay at the edge server, given by:

QE(tn,In)/fsE7 0 S T S le;

4.6
0, t,=1.+1, (4.6)

T3 (xn) = {

where t,, . is the index of the time slot when the n-th DNN task arrives at the edge server.?

2 Assuming a high data transmission rate, the data uploading for a DNN task can be completed within
one time slot.
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v) Edge Inference Delay: If x, < l., the task processing will incur an inference delay
at the edge server from executing the remaining layers of the full-size DNN, given by:

L E
Zl:szrl dl ) 0 S Tn S lev

4.7
0, z,=1.+1, (4.7)

Tﬁc(ﬂfn) = {

where dF represents the execution time in the [-th layer of the full-size DNN by the edge
server.

Summarizing the delay in equations (4.3) to (4.7), the overall delay of the n-th DNN
task, denoted by T,,(x,), can be calculated by:

T (%xn) = TUxp_y) + T2(2) + TP () + T4 (%) + TC(2,). (4.8)

2) Inference Accuracy: The accuracy of the task result is denoted by A, (z,), which
equals n¥ if the task is offloaded to the edge server for processing by the full-size DNN,
i.e., 1<z, <l., and n” if the result is derived by the shallow DNN, i.e., z,, = . + 1. The
accuracy of the task result derived by the full-size DNN is higher than that derived by the
shallow DNN, i.e., n¥ >nP.

3) Energy Consumption: The energy consumption for processing the n-th DNN task,
denoted by E,(x,), includes two parts, i.e., the energy consumption for DNN inference
and that for task data uploading. The overall energy consumption can be calculated by:

En(zn) = 6P(fO)T + 65(£5) T + TP, (4.9)

where kP and k¥ are the energy efficiency coefficients of the device and the edge server,
respectively [82]; p"P is the transmit power of the device.

4) Task Utility: We define the utility of the n-th DNN task, denoted by U, (x,), as a
weighted sum of the overall delay, inference accuracy, and energy consumption of the task:

Un(x,) = =Th(x,) + aAp(z,) — BE,(x,), (4.10)

where o and 8 are positive weights for the inference accuracy and energy consumption,
respectively.
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4.3 DT-Assisted Adaptive Device-Edge Collaboration
on DNN Inference

In this section, we first introduce the data required to establish the DTs of two processes,
i.e., a DT of the on-device DNN inference and a DT of the computing workload evolution.
Then, we introduce how the DT of on-device inference can be established to estimate
the on-device inference status, and how the DT of computing workload evolution can
be established to emulate the on-device workload and edge server workload, respectively.
Finally, assisted by the two DTs, an approach to adaptive device-edge collaboration on
DNN inference is proposed.

4.3.1 Data for Establishing DTs

The following information for establishing the DT's is estimated or collected by the network
controller:

e Per-Layer On-Device Inference Delay: The delay for executing each layer of the shal-
low DNN by the device, i.e., {d”,l = 1,2,...,1. + 1}, is estimated by the network
controller. Specifically, the estimation can be based on i) the number of FLOPs
required for each layer and the computing capability of the device [139]; or i) regres-
sion models given the configuration of each layer such as the input and output data
sizes [34].

e Task Generation and Arrival: At the beginning of each time slot, the controller
collects information on i) whether a DNN task is generated by the AloT device at
the beginning of each time slot, i.e., {I(t),t = 1,2,...}; i) the workload of computing
tasks arriving at the edge server not from the considered device in the time slot, i.e.,

{W(t),t=1,2,...}.

4.3.2 DT of On-Device DNN Inference

For each DNN task, the network controller determines whether to continue the on-device
inference before the device executes each layer in the shallow DNN. As a result, the change
of on-device DNN inference status, i.e., a layer is about to be locally executed, needs to
be known by the network controller. Instead of acquiring the on-device inference status
from the device in real-time, which can result in large signaling overhead, the network
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controller establishes a DT to emulate the on-device inference and estimate the on-device
inference status. Denote the index of the time slot right before the on-device execution
of the (I + 1)-th layer for the n-th DNN task by ¢,,,VI € {0,1,....l.}. Then, t,; can be
estimated based on the time instant when the n-th DNN task is generated, the on-device
queuing delay of the n-th DNN task, and the on-device inference delay before executing
the (I + 1)-th layer:

n—1 l
bt (Xn1) = é((ZATi) Tk, ) + Zd?). (4.11)

In addition, ¢, 4+1(x,-1) is also calculated, which represents the index of the next time
slot if the task were completed by device-only inference.

4.3.3 DT of Computing Workload Evolution

The evolution of the computing workload on the AloT device and the edge server affects
the average utility of the DNN tasks. To capture the evolution with unknown statistics,
a learning algorithm can be applied when determining whether to continue the on-device
inference for a DNN task. Such an algorithm can be trained based on the utility of the
tasks and the decisions made for the tasks. However, if a decision to offload a task is made,
options of continuing the on-device inference for the task cannot be evaluated for training
the algorithm. This is because offloading the task would affect the workload evolution,
which makes the workload evolution if the on-device inference continued unobservable.

To estimate the on-device and edge server computing workload status under each can-
didate offloading decision for a DNN task, the DT of computing workload evolution is
established. Specifically, for each task, the DT emulates the workload evolution in a hy-
pothetical case, i.e., if the task processing were completed by the shallow DNN at the
device. The time slots to execute the shallow DNN for the n-th task are denoted by
t € {tno,tno +1,....tns.+1 — 1}, and the emulated on-device workload and edge server
workload, denoted by QP (t) and QF (t), respectively, are calculated by:

9 QD(t)7t:tnOv
D = k]
¢ (t)_{QD (t—1)+1(t), otherwise, (4.12a)
) QE(t)7t:tn07
E pr— k]
Q (t)_{maX{QE(t— 1) —fEAT, 0}+W (t), otherwise. (4.12b)
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The difference between the actual computing workloads in (4.1) and (4.2) and the
emulated computing workloads in (4.12) is that the former are calculated based on the
actual offloading decision of a DNN task while the latter are calculated in the hypothetical
case that the task processing were locally completed. In such a hypothetical case, the
decrease of the computation workload at the device due to the offloading of the task, i.e.,
O(t) in (4.1), and the increase of the computation workload at the edge server due to the
offloading of the task, i.e., D(¢) in (4.2), both equal zero. Correspondingly, equation (4.12)
for calculating the emulated workloads in the hypothetical case omits O(t) and D(t), which
is the major difference with (4.1) and (4.2).

4.3.4 Analysis of DTs’ Overheads

The data collection and processing for D'T's can result in a delay and resource consumption.
Nevertheless, such a delay and resource consumption are relatively low. This is because,
first, the data collected for DTs as described in subsection 4.3.1 have a small size. Second,
the processing of the collected data, following (4.11) and (4.12), only involves several
addition operations. Third, only the recently collected data, i.e., the information on tasks
that arrive at the AIoT device and the edge server during the on-device processing of the
current DNN task, are required for data processing. As a result, the outdated data, such
as the information on tasks that arrive during the on-device processing of the preceding
DNN tasks, can be discarded to minimize the cost of storing the DTs.

4.3.5 DT-Assisted Approach to Adaptive Device-Edge Collabo-
ration

As shown in Fig. 4.3, with the DT of on-device inference and the DT of computing workload
evolution, we propose an approach to adaptive device-edge collaboration on DNN inference,
which involves the following four steps.

o Step 1 (Task Information Gathering): In the beginning of each time slot, the device
sends the DNN task generation indicator I(t) to the controller, which then calculates
the gaps of task generations {AT,,n = 0,1,...,(>_, I(t))—1}. After the controller
determines the offloading decision for the (n—1)-th DNN task, i.e., x, 1, the on-
device queuing delay of the n-th DNN task, i.e., T'9(x,,_1), is calculated. Then, the
controller utilizes the DT of on-device inference and (4.11) to estimate the indices of
the time slots when the device would execute each layer of the shallow DNN for the
n-th task, i.e., {tn,l(xn)}f‘;o, assuming the task continues to be processed locally.
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Fig. 4.3: DT-Assisted approach to adaptive device-edge collaboration on DNN inference.

e Step 2 (Learning-Assisted Offloading Decision-Making): After the transmission unit
is idle, i.e., t > ¢, 3., at the beginning of any time slot ¢ € {tml(xn,l)}f;in, leveraging
a learning-assisted algorithm, the controller determines whether the device should
continue the on-device execution of the (I 4 1)-th layer of the shallow DNN or upload
the intermediate result to the edge server.

e Step 8 (Signaling of Task Offloading): If the controller determines to stop the on-
device inference for the n-th DNN task in the beginning of the ¢-th time slot, it sends
a signal to the device, corresponding to setting O(t) = 1, to the device. The device
then uploads the intermediate result to the edge server for executing the remaining
layers of the full-size DNN. Without receiving this signal, the device will continue
executing the next layer of the shallow DNN.

e Step 4 (Training of Learning-Assisted Offloading Algorithm): After the time slot
t=tn1,+1(Xn—1), the workload evolution if the n-th DNN task were locally completed
by the shallow DNN, is generated using the DT of computing workload evolution
and (4.12). Then, a learning-assisted offloading algorithm will be trained with the
data augmented by the emulated workload evolution.
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4.4 Problem Formulation and Transformation

In this section, we formulate the problem of maximizing the average utility of DNN tasks
generated by the considered AloT device. Due to the stochastic DNN task generation, we
transform the problem into multiple sub-problems, which are solved sequentially to make
the offloading decision for each task given the decisions for its preceding tasks.

4.4.1 Problem Formulation

We aim to maximize the average utility of DNN tasks generated at the considered device
by optimizing the offloading decisions for the tasks. The problem is given by:

1
(P1) max lim szj:l U, (%) (4.13a)

xN N—oo

s.t. 0<uz, <l +1, (4.13D)
(IR AT + Tyt (%) + T (x0) > Tyl (%n1)
+T(2) + T (), Vm € {1,...,n —1},n € {1,2,...,N},

where (4.13c) ensures that the n-th DNN task can be offloaded to the edge server only when
the offloading of preceding DNN tasks, if any, has been completed and the transmission
unit is idle. Note that 7'°(z,) monotonically increases with z,,. As a result, given any
X,_1, we can find for the n-th task a minimum number of layers in the shallow DNN,
denoted by Z,(x,-1), which should be locally executed to satisfy (4.13c). An equivalent
form of constraints (4.13b) and (4.13c) is:

(4.13c)

Tp(Xp-1) <z, <l.+1,¥ne{l,2..,N}. (4.14)

4.4.2 Problem Transformation

Solving (P1) requires the joint optimization of offloading decisions for all the DNN tasks,
which is challenging due to the stochastic task generation at the device with unknown
statistics [91]. In this subsection, we first define the long-term utility of one task, which
incorporates the main impact of the ofloading decision of the task on the other tasks, i.e.,
the on-device queuing delay of the other tasks resulting from the on-device inference of
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Fig. 4.4: Decomposition of the on-device queuing delay 7.

the task.> Then, we transform (P1) into the online optimization of the offloading decision
for each DNN task given the offloading decisions of the preceding DNN tasks, with the
objective to maximize the expected long-term utility of each DNN task.

1) Long-Term Utility of DNN Task: The on-device queuing delay of a DNN task results
from the on-device inference for its preceding tasks. As shown by the red lines in Fig. 4.4,
we first decompose the on-device queuing delay of a task as the summation of the queuing
delay resulting from each of its preceding tasks. Then, we define the long-term on-device
queuing delay for processing each task, which is the sum on-device queuing delay of sub-
sequent tasks resulting from the on-device processing of the task. For brevity, we omit the
parentheses and the offloading decision variables in notations.

First, define D9 _  as the on-device queuing delay of the n-th DNN task directly re-

m—n
sulting from the on-device inference of the m-th DNN task, calculated by:
) 0, m>n,
Dryn = P . 1 (4.15)
max{min {7} =>""" AT, 0}+T,,0}, m<n.

When m >n, D!, equals to zero since tasks leave the on-device task queue following the

FCFS rule; when m <n, the maximum D9 , is the on-device inference delay of the m-th

task, i.e., T (e.g., Dy, = Ti¢ in Fig. 4.4). Given the offloading decision of the m-th
DNN task, D4 , = decreases with the increase of the gap between the generation instants

of the m-th and the n-th tasks (e.g., D%, decreases with the increase of AT} or AT} in
Fig. 4.4).

Proposition 4. The on-device queuing delay of the n-th DNN task is the sum of the

3Although the edge queuing delay of a DNN task from the considered device can be affected by the
offloading decisions of its preceding DNN tasks, such effect is relatively small as the edge queuing delay is
affected by the computing tasks offloaded to the edge server from the other devices.
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on-device queuing delay resulting from all the N DNN tasks generated by the device:

T =3, D (4.16)

m—n’

Proof. See Appendix D. n

Proposition 5. Define the queuing delay of all N DNN tasks due to the on-device infer-
ence for the n-th DNN task, i.e., D! = Zaﬂ Dl as the long-term on-device queuing

n—sm?’

delay of the n-th DNN task, which can be calculated as follows:
Dla — {O’ T =0, (4.17)
" EQ?;O(T’ITC/ AT=LOP(H)AT, otherwise.
Proof. See Appendix E. O

Equation (4.17) can be interpreted as follows. First, if a DNN task is directly offloaded
to the edge server without any on-device inference, i.e., T = 0, the on-device queuing
delay of the other tasks would not be increased, i.e., D4 = 0. Otherwise, if the device is
processing the task in the ¢-th time slot, the on-device queuing delay of each task in the
on-device task queue will be increased by the time duration of a time slot, i.e., AT. As
a result, the sum of the increased on-device queuing delay for the tasks in the on-device
queue in the ¢-th time slot is QP (¢t)AT. The increased queuing delay of the subsequent
tasks due to the on-device inference for the n-th task is thus the summation term in (4.17).

By substituting 719(x,,) in the overall delay (4.8) with D!M(x,,), we define the time cost
of the n-th task as:

Ch(x,) = le‘(xn) + T#”(:}:n) + TP () + TN (%) + T (2n), (4.18)
where Di? is a function of x,, since ¢, and T,lf in (4.17) are functions of x,,_; and z,,

respectively.

By substituting 7,,(x,) in (4.10) with C,(x,), we define the long-term utility of the
n-th DNN task by:
U (%) = —Ch(xn) + ady(3,) — BE, (). (4.19)

Compared with the original utility of a DNN task in (4.10), which incorporates the

on-device queuing delay of the task, the long-term utility in (4.19) incorporates the on-
device queuing delay of subsequent tasks due to the on-device inference for the task. As a
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result, when sequentially and individually maximizing the long-term utility of each task,
the on-device queuing delay of subsequent tasks can be minimized accordingly.

Based on Proposition 4, the sum of the on-device queuing delay of all the N DNN tasks

can be calculated by:
ZnN:1 Dy = ZQ;(ZZ:l DiL,,.)

= 25:1(22:1 D;T%—)n) (4-20)
= ZnN:I T111q'
Thus, we have:
25:1 Un(Xn) = 27]1\7:1 UrlLt (%n), (4.21)

which indicates that the average utility of the N DNN tasks, as the objective in (P1),
equals to the average long-term utility of the N DNN tasks.

2) Problem Transformation: Due to the stochastic DNN task generation at the consid-
ered device and the task arrival at the edge server, we transform (P1) into the sequential
and individual maximization of the expected long-term utility of a task given the offloading
decisions of all preceding tasks:

(P2) max E [U)(x,)] - (4.22)

fn(xn—l)g$n§le+1

4.5 DT and Learning-Assisted Algorithm for Offload-
ing decision-making

In this section, to solve the transformed problem (P2), we propose an algorithm for DNN
task offloading decision-making, assisted by DTs and machine learning techniques as shown
in Fig. 4.5. In this algorithm, we use the optimal stopping theorem and a neural network
to make offloading decisions, and propose DT-assisted training for the neural network.

For brevity, we denote D!(z, =[x, 1), T (z, =1|x,_1) and UM(z, = l|x,_1) by D),
T7* and U/, which respectively represent the long-term on-device queuing delay, the edge
queuing delay and the long-term task utility if the offloading decision of the n-th DNN
task is [, i.e., x,, = [, given that the offloading decisions of the first n—1 DNN tasks are
X,_1. To emphasize the impact of the long-term on-device queuing delay and the edge
queuing delay on the long-term utility of a DNN task, we represent U} as U(D,% T7%).
In addition, we define D = { Dy, D)%, ..., D%} and T{* = {T59, T79, ..., T7}.
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Fig. 4.5: DT and learning-assisted algorithm for DNN task offloading decision-making.

4.5.1 DT and Learning-Assisted Offloading Decision-Making

1) Continuation Value-based Offloading Decision-Making: Define V;(D}?, T¢) as the maz-
imum expected long-term utility of a DNN task when [ layers of the shallow DNN have
been executed for the task, where € {0,1,...,l. + 1}. Such a value satisfies a recursion
rule:

max { U (D}, T7), Cu(DY, T5) L1 < L,

VDT = L (4.23)
Uni(D o, Ti) D=1+ 1,
where VI € {0,1,...,l.}, we have
CUDY, T}) = E Vi Dy, T3 IDY, T (4.24)

referred to as the continuation value[140].

Proposition 6. Based on optimal stopping theorem [141], the optimal offloading decision
for mazximizing the expected long-term utility of the n-th DNN task is:

min{ W}, if U # 0,

4.25
lo + 1, otherwise, ( 2)

TL:

where

U= {z | 2, <1< L, UMD, T2 > 0y(D'9, qu)}. (4.25b)

The continuation value-based offloading decision-making given in (4.25) is explained as
follows. For the n-th DNN task, after the device executes [ layers of the shallow DNN,
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where | € {Z,,, T, + 1, ..., .}, if the long-term utility of offloading the DNN task now, i.e.,

Ullt(D;q, T7%), is no less than the continuation value, i.e., CZ(D}q, T;"), the on-device 1nfer—
ence for the task should be stopped for offloading the task to the edge server. Otherwise,
the device should continue executing the (I + 1)-th layer of the shallow DNN.

2) DT and Learning-Assisted Offloading Decision-Making: The continuation value for
each layer of the shallow DNN can be obtained using backward induction [141], which
however requires the prior statistics of the workload evolution and introduces computing
overhead [142]. Inspired by [140], our approach is to construct a neural network referred
to as ContValueNet to generate an approximated continuation value Cy(l + 1, DA, TrY)
given the input {l + 1, D;q, 174}, where 6 represents the parameters in ContValueNet. By
substituting the continuation value in (4.25b) with the approximated continuation value, a
learning-assisted offloading algorithm is obtained. Specifically, as shown in the green blocks
in Fig. 4.5, through the DT of on-device DNN inference given in (4.11), the controller is
informed when a layer of the shallow DNN is about to be executed at the device. Before
the on-device execution of the (/4 1)-th layer by the device, the controller calculates i) the
queuing delay D;* and T7%; i) calculates the long-term utility of the task U(D,% T7%);
and i) approximates the continuation value by the ContValueNet, i.e. Oe(l +1 D;q, 7).
If the continuation value is greater than the utility, the controller lets the device execute
the next layer for the task. Otherwise, the network controller lets the device upload the
input data of the (I + 1)-th layer in the full-size DNN to the edge server.

4.5.2 DT-Assisted Training of ContValueNet

As shown in the blue blocks in Fig. 4.5, DTs are leveraged to assist in training ContVal-
ueNet, which involves three steps, i.e., DT-assisted data augmentation, reference continu-
ation value construction, and online ContValueNet training.

1) DT-Assisted Data Augmentation: If the n-th DNN task is determined to offload to
the edge server, i.e., x,, < [, the controller emulates the long-term on-device queuing delay

and the edge queuing delay given the remaining potential offloading decisions for the task,

ie., {qu}ﬁ‘”;l oy and {79} using the DT of workload evolution and (4.12). Specif-

ically, { D%} ¢ .41 are calculated by substituting QP (¢) in (4.17) with QP(t) in (4.12a),
and {7;9}"! || are calculated by substituting the on-device workload in (4.6) with the
emulated on-device workload in (4.12b). Then, the controller calculates the approximated
continuation values {Cy(l + 1, DY, TFY) ! | using ContValueNet. Combining the above

values with {D;3}2 {179}, and {Cy(l + 1, D, TP }en which are collected during the
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decision-making for the n-th DNN task, the controller obtains {D}q}fjgl, {T7Y 4! and

{Co(1+1, D, TP Mt which will be used to construct the reference continuation values.

2) Reference Continuation Value Construction: To optimize the parameters 6 of Cont-
ValueNet, reference continuation values of evaluating the approximation error of ContVal-
ueNet should be constructed [140].

First, for any [ € {0,1,2,..., .}, we calculate ‘Z(D}q, T7) by substituting the continua-
tion value in (4.23) with the approximated continuation value:

VDI, 1) = max {U]"(D}*, 1), Co(1 + 1, DI, T }. (4.26)
Then, the reference continuation value can be obtained according to (4.24):

CUDI i) = E |V (DI, T IDF, ). (4.27)
Due to the unknown statistics, we use the single-sample estimation method [143] to ap-
proximate the expectation term in (4.27):

IE[XZH(Dlq T

1 e > 1 e
1413 l+1)|quaTzq] ~ l+1(D111,7}f1)- (4.28)

Finally, by combining (4.27) and (4.28), and calculating ‘ZH(D;LJ}TO in (4.28) ac-
cording to (4.26), the reference continuation value is obtained by:

Cu(D}, Tr) =max { UL, (Dl T ). Coll + 2, DIy T | (4.29)

Remark 1: To calculate the reference continuation value Cj(D)%, Tr9) in (4.29), D;jlrl
and T}, are required. As a result, with {D}en, and {T79}, collected in the offloading
decision-making for the n-th task, reference continuation values before executing each of
the first x,, layers of the shallow DNN can be obtained, where z, <[.+ 1. By contrast, with
DT-assisted data augmentation, which generates {D}q}fgi Ly and {T79}t! | reference
continuation values before executing each of the [, + 1 layers in the shallow DNN can be

obtained. In this way, the data for training ContValueNet is augmented.

3) Online ContValueNet Training: To mitigate the impact of the one-sample estimation
method in (4.28), ContValueNet is trained in an online manner with a carefully designed
loss function. Specifically, the loss function for training ContValueNet after processing the
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first 7 DNN tasks, where 1 <7 < M, is denoted by LNN(0,7) and defined by:

no e _ 9
LSS G o -cooi )] s

n=0 [=0

LN, 1) =

which is the mean squared error of the continuation value approximation. Then, the gradi-
ent descent method is applied to optimize the parameters # in ContValueNet to minimize
the loss function. Specifically, the update rule of 0 is:

0 =0 — Vo LNN(0,7), (4.31)

where 7 is the learning rate; VoLNN(0,7) is the first-order derivative of the loss function
with respect to 6.

4.6 OfHoading Decision Space Reduction

The complexity of the approach to adaptive device-edge collaboration on DNN inference in
Section 4.5.1 can be high due to the potentially large number of layers in the DNN. In this
section, from two aspects, we will derive necessary conditions for an offloading decision to
be optimal in maximizing the expected long-term utility. Correspondingly, we investigate
decision space reduction to reduce the complexity.

4.6.1 DNN Layers with Negligible Execution Time

The execution time of some layers in a DNN, e.g., pooling layers in a convolutional neural
network (CNN), is negligible due to relatively simple operations [144]. As a result, such
a layer has a negligible impact on the long-term on-device queuing delay and the edge
queuing delay of a DNN task. By contrast, the data size before and after the execution
of such layers can be drastically changed. For example, a max-pooling layer downsamples
input data to learn spatially robust features for image recognition tasks, while a max-
unpooling layer upsamples the input data to restore the original data size for semantic
segmentation tasks.

Remark 2: If a layer in a DNN has negligible execution time and outputs data with
reduced (increased) size, offloading the DNN task before (after) the on-device execution
of the layer cannot be optimal for maximizing the expected long-term utility of the DNN
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task. This is because offloading a DNN task after the data size is increased or before the
data size is reduced would result in a higher data uploading delay. Based on this necessary
condition, we can treat each max-pooling layer and its preceding layer as one logical layer
and each max-unpooling layer and its succeeding layer as one logical layer in the offloading
decision-making for a DNN task.

4.6.2 Properties of Workload Evolution

Based on the properties in the evolution of the on-device workload and the edge server
workload over time, properties in the evolution of long-term on-device queuing delay and
edge queuing delay (as the on-device inference continues) can be derived, respectively.

Property 1. During the on-device inference for a DNN task, the on-device workload QP (t)
is non-decreasing with t. In addition, the on-device inference delay T increases with x,,.
As a result, when x, increases, the long-term on-device quewing delay DM(x,), calculated
by (4.17), is non-decreasing with x,. The increase of D'(x,,) is minimized if no DNN tasks
are generated after the controller starts to make the offloading decision for the n-th DNN
task, i.e., QP(t) = QP (tnz,),Vt > tnz,. The minimum increase is equal to the product of
QP (tnz,) and the increase of on-device inference delay T.¢(x,,).

Property 2. The edge server workload can decrease or increase during the extended on-
device inference for the n-th task due to the increase of x,,. The decrease of the workload is
mazximized if no tasks arrive at the edge server during the extended on-device inference, and
the maximum decrease 1s equal to the workload that the edge server can process during the
extended on-device inference. As a result, given the increase of x,, the marimum decrease
of the edge queuing delay TSV (x,), calculated by dividing the edge server workload by the
edge server processing capability, equals to the increase of the on-device inference delay
T(z,).

Using the above properties, a necessary condition for an offloading decision z, €
{Zp, ..., L.} to be optimal can be derived.

Lemma 1. Define a deterministic part in the long-term wutility of the n-th DNN task as

UPt(x,,) = —T¥P(z,) =T (2y) — BE, (). If 2}, <l mazimizes E [UY(x,)], then for any

Ty € {Zy, ..., x}}, it holds:
UR(xy) > URt(n) + QP (t=tnz, ) (T (2) — To(2n)), (4.32)

where t,,z, is the index of the time slot from which the n-th DNN task can be offloaded to
the edge server.
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Proof. Note that U(z,) = UP'(z,) — T°(x,) — DM(z,,) — T%x,) + aAn(z,). If 27 <1,
maximizes E [Uf(x,)], then for any z,, € {Z,,...,2}}, we have:

UR (@) =T () —E [ D) | - B [T39(),)] + A, (27)

n

> UPt () =T, (2) —E [qu(xn)} —E [T3%(@n)]+ A ().

n

(4.33)

When z, <[, (including the case when 2z} <I[.), the n-th DNN task is offloaded to the
edge server for processing by the full-size DNN. The inference accuracy is thus the same
under the two cases:

Ap(x)) = An(zy). (4.34)
According to Property 1, we have:

Dy(x}) = Dilwa) + QP (t = tuz, ) (T, (2}) — T, (wn))- (4.35)

According to Property 2, we have:

T(wy) = T (2n) 2 Tpt(wn) — Tr(a)- (4.36)
Combining (4.33), (4.34), (4.35) and (4.36), (4.32) is obtained. O

In addition, we derive a necessary condition of the device-only inference, i.e., z,, = [.+1,
to be optimal in maximizing the long-term utility U (x,).*

Lemma 2. If device-only inference, i.e., x, = l. + 1, maximizes the long-term task utility
Ut(z,,), then, U,(lo + 1), i.e., the task utility under the device-only inference, must satisfy
the following condition:

Un(le + 1) = Un(Tn) + QP (t=tnz, ) (T (le + 1) — T,(Z0)). (4.37)
Proof. Since w,, = I, + 1 maximizes the long-term task utility U (z,,), we have:

UMl +1) > UM (Z). (4.38)

4The long-term utility of a task by device-only inference would not be affected by the dynamic
workload at the edge server, while the utility by the other inference scenarios would be affected. Due to
the unknown statistics of the dynamic workload, we cannot derive any necessary condition for device-only
inference to be optimal in maximizing the expected long-term utility.
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According to Property 1, we have:

Di(le +1)> DN (Z) + QP (t = tnz, ) (T (le + 1) — Ty (Tn))- (4.39)
Note that:
Ul + 1)+ DM, + 1) = Uy (I, + 1) + Tx,_1), (4.40a)
UMz, + DZ,) = Up(Zn) + T (x,-1). (4.40b)
Combining (4.38) and (4.39), (4.37) is obtained. O

Based on Lemma 1 and Lemma 2, an algorithm for reducing the offloading decision
space is proposed in Algorithm 1. Specifically, when the n-th DNN task can be offloaded
to the edge server, the potential offloading decisions x,, € {Z,,, T, +1, ..., .} will be checked,
and only the decisions satisfying the condition given in Lemma 1 will be considered in the
learning-assisted offloading decision-making. In addition, if all the possible offloading deci-
sions z,, € {Z,, + 1, ..., [} violate the necessary condition given in Lemma I, the condition
in Lemma 2 will be checked to determine whether device-only inference, i.e., x, = [, + 1,
can be optimal for maximizing the long-term task utility. If not, x, = [, + 1 will not be
considered. Finally, only the remaining decisions, i.e, L,, will be considered.

Algorithm 1: Decision Space Reduction

Input: z,;

Output: L,;

Initialization: £, = {Z,, 7, +1,...,lc + 1};

forl € {z,,z,+1,...,l.} do

Given z = [, for any z,, € {Z,,...,2}}, if (4.32) is violated, delete [ in the set
Ln;

[ N

end
if £, ={%,,l. + 1} then
if (4.37) is violated then
‘ delete [, + 1 in the set L,;
10 end

© 0w N O
o

11 end
12 return £,
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Fig. 4.6: Full-size DNN and shallow DNN.

4.7 Simulation Results

In this section, through simulations, we evaluate the performance of the DT-assisted ap-
proach to adaptive device-edge collaboration on DNN inference.

4.7.1 Simulation Settings and Benchmarks

The main parameters used in the simulations are given in Table 4.1, and the detailed
configurations of the full-size and shallow DNNs are shown in Fig. 4.6, where Alexnet
is chosen as the full-size DNN. Based on Remark 2, we consider each pooling layer and
its preceding layer as one logical layer. The execution time for the layers of the shallow
DNN by the device, i.e., {dP}%! and that for the layers of the full-size DNN by the edge
server, i.e., {dF}L |, are estimated based on the number of FLOPs for the layers and the
computation frequency of the AloT device and the edge server[139].

The neural network for approximating the continuation values, i.e., ContValueNet,
consists of three fully-connected layers with 200, 100 and 20 neurons, respectively. For
optimizing the parameters therein, the learning rate 7 is set to be 1 x 1072 and the Adam
optimizer is chosen. In the processing of the first 2000 DNN tasks, ContValueNet for
continuation value approximation is trained, i.e., M = 2000. The average DNN task
utility, inference delay, accuracy and energy consumption are derived by applying the
trained ContValueNet to assist making offloading decisions of 8000 DNN tasks. The DNN
task generation at the considered device follows a Bernoulli distribution with probability
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p and task arrival from the other devices to the edge server follows a Poisson distribution
with arrival rate A\. The CPU cycles required for processing a computing task follows
uniform distribution U(0, U™), with the value of U™ set as 8 x 10°. The DNN task
generation rate in the unit of tasks per second can be calculated by p/A. In addition,
the edge processing load can be calculated by \U™*/2fF. As a unitless ratio, the edge
processing load is not tied to a specific system parameter such as computing capability, task
arrival rate, and task computation cost. As a result, using this metric allows our simulation
results to offer findings that are applicable across various AloT network settings.

Table 4.1: Main simulation settings in DNN-based sensing data processing

Parameters Symbol | Value
Time duration of a time slot AT 10 ms
Exit Tayer index l. 2
Computation frequency of the edge server fr 50 GHz
Computation frequency of the AloT device fP 1 GHz
Accuracy of full-size DNN n¥ 0.9
Accuracy of shallow DNN nP 0.6
Uplink transmission rate Ry 126 Mbps
Transmit power of the AloT device p"P 20 dBm
Energy coefficient kY, kP 10739
Weight for accuracy & 1.0
Weight for energy consumption Jé] 0.2

In the simulations, the following three benchmarks are used:

e One-Time Ideal Case: The offloading decision of a DNN task is made only once
(upon task generation) to maximize the long-term utility of the task, assuming perfect
knowledge of the future on-device workload and edge server workload.

¢ One-Time Long-term: The offloading decision of a DNN task is made only once
(upon task generation) to maximize the long-term utility of the DNN task based on
the current on-device workload and edge server workload.

e One-Time Greedy: Similar to [32], the offloading decision of a DNN task is made
only once (upon task generation) to maximize the utility of the DNN task based on
the current on-device workload and edge server workload.

In addition, we will compare the performance of the learning-assisted task offloading al-

gorithm ¢) with and without the DT-assisted training data augmentation; 4i) with and
without the offloading decision space reduction, respectively.
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4.7.2 Adaptiveness to Dynamic Computing Workload

In Fig. 4.7(a), the average utility of DNN tasks under varying DNN task generation rate is
shown, where the edge processing load is 0.9. It can be observed that the proposed approach
outperforms the one-time greedy benchmark. This is because the proposed approach makes
the offloading decision of a DNN task while considering the on-device queuing delay of
subsequent DNN tasks. In addition, the proposed approach outperforms the one-time long-
term benchmark, since instead of making task offloading decision upon the task generation,
our approach continuously monitors the on-device workload during the on-device inference
for each task and adaptively makes the offloading decision.

In Fig. 4.7(a), it can be observed that the performance gain compared to the one-time
long-term benchmark increases with DNN task generation rate. This is because the increase
of the task generation rate results from the increase of the task generation probability,
which in turn increases the variance of the Bernoulli distribution and the dynamics of the
on-device workload. Since the performance gain comes from better adaptiveness to the
dynamics, it increases with the dynamics. In Fig. 4.7(b), the average DNN task utility
under varying edge processing load is shown, where the DNN task generation rate is 1.0.
Similarly, the proposed approach outperforms the one-time long-term and one-time greedy
benchmarks and the performance gain increases with the edge processing load.

In Fig. 4.8, the average inference delay, accuracy and energy consumption under varying
DNN task generation rate are shown, where the edge processing load is 0.9. Compared
with the benchmarks, the proposed approach achieves lower delay and higher inference
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Fig. 4.8: (a) Average delay; (b) Average accuracy; (¢) Average energy consumption versus
DNN task generation rate.

accuracy at the cost of higher energy consumption. This results from the weights for the
delay, inference accuracy and the energy consumption in the task utility, which are set as
1.0,1.0, and 0.002, respectively. Combining the ranges of the three metrics shown in Fig.
4.8, it can be seen that the delay and the accuracy contribute significantly more than the
energy consumption in determining the task utility. Since the proposed approach does not
assume perfect knowledge of the workload evolution, it can conservatively offload a task
to the edge server for reducing the on-device queuing delay of the tasks in the on-device
queue and increasing the inference accuracy.

4.7.3 Effectiveness of DT-Assisted Training Data Augmentation

In Fig. 4.9, the number of training samples collected during the training of ContValueNet
is shown, where the edge processing load is 0.9, and the DNN task generation rate is 0.4 and
0.8 in Fig. 4.9(a) and Fig. 4.9(b), respectively. It can be observed that with DT-assisted
training data augmentation, the number of training samples linearly grows as the training
continues. This is because the DT of workload evolution is used by the network controller
to emulate the on-device and edge server workload under every possible ofloading scenario
so that, for each DNN task, we can obtain [, + 1 training samples, where [, is 2 based
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tation.

on the configuration of the shallow DNN in Fig. 4.6. In contrast, without DT-assisted
training data augmentation, very limited training samples can be obtained since only the
workload evolution before the offloading of a DNN task can be used to construct training
samples.

In Fig. 4.10, the average DNN task utility versus the task generation rate, with and
without DT-assisted training data augmentation, is shown, where the edge processing load
is 0.9. With DT-assisted training data augmentation, the average task utility increases.
In addition, as the task generation rate increases, the performance gain increases. This
is because the dynamics of the on-device workload increase with the task generation rate,
which in turn requires a larger amount of and more diverse training data. The performance
gain due to the DT-assisted data augmentation can also be explained by analyzing the
training loss during the training of ContValueNet. In Fig. 4.11, with the same simulation
settings as those used to generate Fig. 4.9, we can observe that without DT-assisted data
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augmentation, the training loss fluctuates more due to overfitting caused by insufficient
training data. In contrast, with D'T-assisted data augmentation, the training loss decreases
more steadily to a lower level at the end of the training.

4.7.4 Complexity Reduction by Decision Space Reduction

In Fig. 4.12, the performance of the proposed device-edge collaborative DNN inference with
and without decision space reduction in Algorithm 1 is shown, where the edge processing
load is 0.9. As shown in Fig. 4.12(a), with the decision space reduction, the proposed
approach can be implemented with reduced complexity in terms of the average number of
times when the controller determines whether to continue on-device inference for a DNN
task based on (4.25). This is because with the decision space reduction, the on-device DNN
inference continues if the corresponding offloading decision violates the necessary condition
given in Lemma 1. In addition, in Fig. 4.12(b), it can be observed that with the decision
space reduction, the average task utility is nearly unaffected and even improved in the high
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regime of DNN task generation rate. This is because the necessary conditions sometimes
prevent the controller from choosing non-optimal offloading decisions that could have been
chosen due to the imperfect continuation value approximation by ContValueNet.

4.8 Conclusion

In this paper, we have proposed a DT-assisted approach to device-edge collaboration on
DNN inference, which can adapt to dynamic computing workloads at AloT devices and
edge servers with low signaling overhead. The proposed approach can be applied to sup-
port AloT scenarios where densely deployed AloT devices dynamically generate AT model
inference tasks.
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Chapter 5

Resource Allocation in
Sensing-Assisted AR Streaming

In this chapter, we present a novel model-assisted learning scheme for resource allocation
in sensing-assisted mobile AR streaming. In our considered scenario, sensing is performed
by the wireless network infrastructure for user positioning and environment mapping to
assist in resource-efficient content visibility-aware virtual content delivery. The goal is to
minimize the long-term radio resource consumption for mobile AR streaming by optimizing
the radio resource allocation for user positioning and environment mapping. In specific, we
first develop a mathematical model to estimate the content visibility uncertainty and the
content delivery resource consumption. We then generate a reference resource allocation
decision that guides a DRL-based decision process to efficiently adapt to non-stationary
user and environment dynamics. Trace-driven simulations demonstrate that, the proposed
scheme significantly reduces radio resource consumption for delivering virtual content vis-
ible to an individual AR user, compared to benchmark schemes.

5.1 Introduction

As a key form of immersive communications in future 6G wireless networks, mobile AR
enables users to move freely and view virtual content overlaid on their surrounding physical
environment [18, 110, 145]. Due to the large data size of high-fidelity virtual content and
limited FoV of AR users, it is resource-efficient to deliver only the portion of the virtual
content that is visible to a user according to the real-time user position [10, 146]. However,
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the virtual content delivery is challenged by the high uncertainty of user positioning in
certain cases, such as low-light conditions, rapid user motion, and NLoS scenarios.

Environment mapping by wireless devices and infrastructures under the ISAC paradigm
is receiving increasing attention in enhancing communication service provision [147]. Par-
ticularly, given an environment map that contains the positions of environment elements
such as reflectors and scatters, the NLoS radio signal paths can be characterized to en-
hance user positioning [148]. As a result, the uncertainty in virtual content visibility can be
reduced, which is beneficial to resource-efficient content delivery. Nevertheless, balancing
resource consumption among environment mapping, user positioning, and virtual content
delivery is challenging. This is because the user’s surrounding environment changes dy-
namically due to user mobility, and the benefit provided by the current environment for
resource-efficient content delivery also varies with time. The temporal non-stationarity
poses challenges in efficiently learning the optimal resource allocation policy [149].

In this chapter, we investigate the resource allocation for environment-aware content
delivery in mobile AR. We aim to minimize the long-term radio resource consumption
for delivering virtual content visible to an individual AR user by optimizing the radio
resource allocation for user positioning and environment mapping. To this end, we first
develop a mathematical model to estimate the uncertainty in virtual content visibility and
the resource consumption for virtual content delivery. Second, we propose a model-assisted
learning scheme to efficiently obtain the optimal resource allocation decision-making policy
under non-stationary user mobility and environment dynamics. Specifically, we generate
a reference decision using the mathematical model-based optimization, and analyze the
relation between the reference decision and the optimal decision to reduce the action space
of DRL-based decision making. Simulation experiments using real-world AR user traces
demonstrate that the proposed scheme significantly reduces resource consumption com-
pared to benchmark schemes.

5.2 System Model

5.2.1 AR Content Delivery Model

As shown in Fig. 5.1, we consider a physical area covered by an AP, where a set of virtual
content items, denoted by U = {1,2,...,U}, are positioned in the virtual space overlaid
on the physical area. Time is divided into time intervals indexed by t € T = {1,2,...,T}.
Each virtual content item is a volumetric video partitioned into segments, with each cor-
responding to a time interval. An AR user, equipped with a head-mounted AR device,
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Fig. 5.1: Sensing-assisted mobile AR streaming model.

moves within the physical area in all the considered time intervals. When the user is within
the viewing region of an item, the AP will deliver the corresponding volumetric video seg-
ments to the user. For simplicity, we assume that the viewing regions of different items do
not overlap, and the user views the items one by one. At the beginning of the ¢-th time
interval, the index of the virtual content item that is viewed by the user is denoted by
u(t) € YU U {0}, with u(t) = 0 indicating that the user is not viewing any virtual content
item.

In the ¢-th time interval, the AP proactively delivers the video segment of the wu(t)-
th virtual content item in the (¢ + 1)-th time interval to the user. For communication
efficiency, the AP determines and delivers only the visible portion of the video segment
that probably falls into the FoV of the user. The content visibility is estimated based on
the user position, denoted by p® = [p; ., piy]T, the user orientation denoted by «, and the
center position of the u(t)-th virtual content item, denoted by o) = [0u(t) 2> Out) 4] - For
simplicity, we assume that the user is oriented towards the center of the virtual content
item, whose position is fixed and known. For user positioning, the downlink bi-static
sensing is implemented when the on-device sensors (such as cameras) are error-prone,
indicated by n® = 1, and otherwise, we have 7 = 0. The indicator n® is considered as
a random variable, whose value is revealed when the ¢-th time interval begins.

5.2.2 Sensing Model

In this system, the bi-static sensing mode is employed for user positioning and environment
mapping. Specifically, the AP transmits signals that are received by the AR device and
used to extract information about the user’s position and environment.
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Propagation Model

As shown in Fig. 5.2, for the signal propagation from the AP to the AR device, we consider
the line-of-sight (LoS) path, and the NLoS paths where signals are reflected by smooth
surfaces and then arrive at the AR device. Signals towards the AR device within the
viewing region of the u-th virtual content item are considered to be reflected by the same
set of smooth surfaces, whose number is denoted by K™, Let k € K™ = {0,1,2, ..., K}
denote the path index in the signal propagation, where k = 0 represents the LoS path,
and k € {1,2,.., K (“)} represents the NLoS path corresponding to the k-th smooth surface
and the u-th virtual content item. Each path may be blocked within a given time interval.
We denote the blockage indicator for the k-th path in the ¢-th time interval by & ,Ef), where

f,(:) = 0 to indicate that the k-th path is not blocked in the ¢-th time interval, and 51(:) =1

otherwise. The indicator f,gt) is considered as a random variable, whose value is revealed
after signals are transmitted in the time interval.

Environment Map Model

As shown in Fig. 5.2, by mirroring the position of the AP across the K smooth surfaces,
we obtain K™ virtual anchors (VAs). As a result, the signals that are reflected by the
k-th surface can be treated as if they were emitted directly from the k-th VA to the user,
even when user mobility results in time-varying reflection points on the surfaces. The
location information of the AP and the VAs jointly constitute an environment map. The
environment map corresponding to the u-th virtual content item is denoted by Q® =
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{q,iu),Vk € KW}, where q(()u) = [qox, Qoy]" represents the position of the AP, and q,iu) =
[q,(ig, q,(f)]T, Vk € {1,2,..., K™} represents the position of the k-th VA, corresponding the
u-th virtual content item, which is fixed but needs to be estimated.

At the beginning of the {-th time interval, the AP has a global estimate of the en-
vironment map corresponding to the u(t)-th virtual content item, denoted by Q) —
{q,iu(t)’t) | Yk € K@M} which is obtained by fusing the one-interval estimates of the en-

vironment map in preceding time intervals. Here, q,g“(t)’t) represents the global estimate

of qz(t) at the beginning of the t-th time interval, which has an uncertainty of é((;,:(t)’t) in

terms of squared positioning error. Specially, 5@35“)” = 0 for £k = 0 since the location of
AP, ie., qq, is perfectly known. The uncertainty of the environment map, denoted by
E@®D is defined as the set of the uncertainties in the global estimates of all the VAs,
ie., E@® = {£0DD |y ¢ @O}, Both the global estimate and the uncertainty of the
environment map at the beginning of the t-th time interval, i.e., Q"1 and @M can
be used for user positioning in the ¢-th time interval, and will be updated if subsequent
one-interval estimate of the environment map is obtained during this interval.

Sensing Signal Transmission

In the t-th time interval when n® = 1, the AP sequentially transmits sensing signals
lasting ml(f) time slot towards the previously estimated direction of the k-th path for all
k € K“®) Due to the lack of information on the real-time signal attenuation in different
NLoS paths, the sensing signals over all the NLoS paths are allocated with the same number
of time slots. The time slot allocation decisions are thus re-written as m,(f) = ml(i))s, k=
0, and m,(f) = ml(\fios for all k¥ € K®® \ {0}. We consider an Orthogonal Frequency
Division Multiplexing (OFDM) system, and define a radio Resource Element (RE) as the
resource unit that occupies one OFDM symbol in the time domain and one subcarrier
in the frequency domain. The overall number of REs allocated to the sensing signals, for
user positioning and environment mapping, can be calculated as ;) — f_%“” mg) N Nsn,
where NV; is the number of OFDM symbols that each time slot contains, and N represents
the number of subcarriers that each sensing signal occupies.

5.3 Analysis and Problem Formulation

We develop a mathematical model to estimate the uncertainties associated with user po-
sitioning, environment mapping, and content visibility, as well as the radio resource con-
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sumption involved in virtual content delivery. Then, we formulate the resource allocation
problem.

5.3.1 User Positioning and Environment Map Uncertainties

Channel Parameter Estimation
Define a vector of the channel parameters corresponding to k-th path as @,(f) = [T,St), Hg’)k]T

where r,ﬁ“ represents the path delay and Hg)k represents the angle of arrival. The Equivalent

Y

Fisher Information Matrix (EFIM) of the parameter vector is denoted by J . According
to [150, Equation 14], J,(C) is calculated as
22 ((IVE°r)?—1) 0
max 272
J,(f) _ F](Ct) B(Ngax)2 T
0

(5.1)

7r2(NF2{—1) cos2(91({>k) )
6

where N™* and T} represent the total number of subcarriers and the sampling interval
for an OFDM system respectlvelg/ NpR is the number of antennas at the AR device; and
" 2 (1 — ¢MSNRYNgNz=mm? . Here, SNRIY 2 PrGr|y\"|2/(NyB), where Py is the
transmit power of the AP; G is the transmit array gain; Py,gt) is the complex channel gain
for the k-th path in the ¢-th time interval; Ny is the one-side noise power spectral density
(PSD); B is the total bandwidth of the OFDM system. According to the information

inequality, the Cramér-Rao lower bounds of the estimation errors for Tlgt) and Gg?k, denoted

by & and 69 , are calculated as £\ = [J,Et)]ﬂl and é((,g,k =[J ,Et)];zl.

AR User Positioning

The ehannel parameters correspondmg to the k-th path, Vk € IC(t), can be determined

as 7 = | 0 — " |, /es and Oy = 7+ o — arceos((pr — 5”)/ | P — @ ).
Here c is the syeed of light. Accordmgly, leveraging the estimates of channel parameters
ie. Tk ) and HR .» and the estimates of the VAs’ positions, i.e., q,(gu(t the user position p®

can be estimated as p{*).

Proposition 7. The uncertainty of the user position estimate p*), in terms of the avem?
of the squared positioning error bounds along the two coordinate azes, is denoted by 5t
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and calculated as:

& = (T M @) Mol + i (wl)Tw) 1) 2, (52)
where we have:
AD = 1/ (& &9 4 ) (5.3a)
ﬁﬁﬁ—w(np g V15, + ) (5:30)
v,(:) [cos HTk,sm 9T k] ; (5.3¢)
w,(:) = [—sin QT > COS HT k]T (5.3d)

Here, O(Tt)k =T+a— 91(& represents the angle of departure.

Proof. Please refer to Appendix F. m

Environment Map Update

Given the channel parameter estimation, the AR device obtains new one-interval position
estimates of all the VAs, denoted by {cjli“(t)’t) | Vk € K*®}, which is then used to update
the global environment map estimate. For tractability, we use only the estimate of the
channel parameters corresponding the 0-th path and the k-th path to approximate the
uncertainty of g, 500

(t)’t), can be approrimated as

)/2. (5.4)

Proposition 8. The uncertainty of cj,(cu(t)’t), denoted by &

<(u(t),

u(t
" = (Ceom &8 + 199 — g |32

eR W

Proof. Please refer to Appendix G. O]
Based on the inverse-variance weighting principle, the global estimate of the k-th VA’s

position can be updated as q _(“(t) 1) , and its uncertainty is updated as

-1

gl (Zt o L@ =unn )(é(zq;f(t)’t))*l) , (5.5)

where 1g,1)—u()} is an indicator function representing whether the virtual content item

that is viewed in the #’-th interval is the same as that in the current ¢-th interval; 551;‘“)’0)
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represents the uncertainty of the initial estimate of the k-th VA’s position by beam sweeping
when the AR user enters the viewing region of the u(t)-th virtual content item.

5.3.2 Content Visibility Uncertainty

Given the estimate of the AR user’s position and its associated uncertainty, the AP esti-
mates the virtual content visibility and the uncertainty of the visibility.

As shown in Fig. 5.3(a), each virtual content item is enclosed in a cube with height
hg®* and length [** in meters. The region of the probably visible virtual content in the
t-th time interval is denoted by R(*) = Rét) U Rgt) U R(;), where Rét) represents the region
that is visible to the AR user according to the position estimate of the AR user, which is
shown in black in Fig. 5.3(a); Rgt) and Rgt) represent the additional regions prepared for
the visibility uncertainty due to the user positioning uncertainty, which is shown in green
in Fig. 5.3(a). Given the geometry relation shown in Fig. 5.3(b) and Fig. 5.3(c), the height
and width of the region R®, denoted by h® and i), respectively, can be calculated as

hgt) = min{h,, d® . tan(eF;VV )} + min{hd™ — hy, dv- tan(&FO%)}’ (56)
Jmax 0 °
l((f) —9. min{ c2 ,d(t) -tan(%) + 1 /51(:)}, (5.7)

where Op,y, and Op,y, represent the vertical and horizontal FoVs of the AR device, re-
spectively; h, represents the height of the AR device; and d® represents the distance

91



between the position estimate of the AR user to the virtual content, which is calculated as
d® =|| pt — o) ||,

5.3.3 Content Delivery Resource Consumption

The area of the probably visible region of the virtual content, denoted by ‘R(t) , is calcu-

lated as |R(t)| = AP, Denote by Dy the average data size of each virtual content item
per area and time interval. The data size of the content to be delivered to the AR user in
the ¢-th time interval is denoted by D® and calculated as D® = ‘R(t)} Dy. In addition,
the average transmission rate (in bits per second) of each RE in the ¢-th time interval is
denoted by R®). The number of REs required for virtual content delivery in the ¢-th time

interval, denoted by zéf))m, is calculated as zéf))m = {L-‘, where N7} is the time

NsmaxTSR(t)
duration of each RE.

5.3.4 Problem Formulation

)

The radio resource consumption in the ¢-th time interval for the AR user, denoted by zt(ot,

is calculated as zf?t =2 + 28, Our objective is to minimize the overall radio resource
consumption in all the considered time intervals, denoted by 7" = {t|t € T,n® = 1,u(t) €

U}, for the AR user through the decision making on the slot allocation for sensing, denoted

by M = {mggs, ml(\%JoS |Vt e T’ } An optimization problem is formulated as

Py :rr}/iln Z 2o (5.8a)
teT’

st mi € {0,1,2, ..., My}, (5.8b)

ml(\g‘os € {07 17 27 cey MNLOS}) (58C)

where Mg and Myros are the maximum number of time slots for sensing towards the
previously estimated direction of the LoS path and each NLoS path in a time interval,
respectively.

We reformulate the original problem P as a Markov Decision Process (MDP) problem
as follows.

e State: The state at the beginning of the t-th time interval, denoted by s®, incorpo-

rates the state of the user s\’ and the state of the environment s\ Specifically, s

92



includes the estimate and uncertainty of the AR user’s position in the (¢ — 1)-th time
interval, é;til), ie., s = {ﬁ(t_l),éz(f*l)}; and s includes the global estimate and

the uncertainty of the u(t)-th environment map, i.e., s = Q1) |y Eu®t-1),

e Action: The action, denoted by a®¥ = {m(Lth, ml(\%os}, is the slot allocation for sensing
in the ¢-th time interval.

e State Transition: The index of the next time interval, when sensing-based user posi-
tioning is required, is denoted by ¢'. The probability of the next state s*) given the
current state s() and the action a® is denoted by P(s®)|s®) a®).

e Reward: The reward function in the ¢-th time interval, denoted by ) is the ne( ative
t

number of REs consumed for the AR user in this time interval, i.e., r) = —z;.

The MDP problem can be solved using learning-based approaches, e.g., DRL, which find

an optimal decision-making policy through a trial-and-error manner without mathemati-

cally modeling the state transition probability or the reward function. However, since the

transition probability distribution can be non-stationary due to time-varying user mobility
pattern, promptly finding the optimal policy is challenging.

5.4 Model-Assisted Learning for Resource Allocation

In this section, we generate a reference decision that maximizes the reward in each time
interval, whose mathematical estimation model is obtained in Section 5.2. By analyzing
the relation of the reference decision and the optimal decision, we reduce the action space
of the MDP problem. After that, we introduce the DRL algorithm that is adopted to solve
the MDP problem with the reduced action space.

5.4.1 Action Space Reduction

By increasing the value of ml(é)LOS, i.e., allocating more time slots for sensing along the
NLoS paths, we can reduce the uncertainty in the global estimate of the environment
map. Further, the uncertainty of user positioning in any time interval, i.e., éz(f ), is non-

increasing, and the resource consumption for AR content delivery, i.e., zéé}il, vt e T \{t},
is also non-increasing. As a result, we have:

02, /Omi s < 0,9t € T\ {t}. (5.9)
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Based on (5.9), it can be proven that given all the other slot allocation decisions in all

the considered time intervals, the value of ml(éios that minimizes the accumulated resource
consumption is larger than the value that minimizes the resource consumption only in the

t-th time interval, i.e.,
argmin ) . zt(ét) > argmin zt(f))t, 510
0 0 (5.10)
MNLos MNLos
which can be intuitively explained by the long-term benefit of increasing the value of ml(\?Los

in reducing the resource consumption, as characterized by (5.9).

Similar to the right-hand-side expression of (5.10), we generate one reference decision
for slot allocation that minimizes the resource consumption only in the current interval,

ie.,
(el Oty romin 2
LoS ™MNLoS S = g tot 5.11
) (1) : :
M1,68"MNLoS

According to (5.10), the minimum value of ml(\%os is changed to ml(éigesf, ie., ml(\fios €

{mOrF mUr 41 Mypes}. Since increasing the number of slots for sensing along the
NLoS paths generally reduces the need to sensing along the LoS path, the maximum value

of mgs is changed to m}fg’sref, ie., m(Lth € {0,1,2, ...,m(Ltggef

Compared to the original action space A given by (5.8b) and (5.8¢), the new action
space A® obtained above has a smaller size since mﬁ’Lg‘gf >0 and mg())’sref < Mnros, Which

reduces the difficulty in solving the MDP problem.

5.4.2 DRL Algorithm

We adopt the deep @-learning algorithm to solve the MDP problem. A deep neural network
(DNN), characterized by parameters @, is constructed to approximate the ¢ value of each
state-action pair, denoted by Q(s® a®]@). At the beginning of the t-th time interval, with
a probability 1 — ¢, the action corresponding to the maximal approximated ) value is se-
lected, i.e., a®* = argmax, 1 40 Q(5,a®|0), and otherwise, a®* is randomly selected.
After taking the action a®* and observing the next state and the instantaneous reward,
the approximation of the @ value, corresponding to the state-action pair (s®, a®), is
updated. The parameters in the DNN, i.e., 8, are adjusted to minimize the difference
between the () values before and after the update.
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5.5 Simulation Results

We consider a 1000 m x 1000 m area, where one AP is located in the center of the area, and
60 virtual content items are randomly positioned in the correspondm% virtual space. In
each time interval, the blockages of the signal propagation paths, i.e. f for all k € K®)
follow independent and identical Bernoulli distributions, with the mean referred to as the
path blockage probability. The initial location of an AR user and the order in which the
virtual content items are viewed by the AR user are randomly determined. In viewing each
virtual content item, the user trajectory is generated by randomly selecting from the public
AR user trace dataset (https://github.com/Yong-Chen94/6DoF_Video_FoV_Dataset).
We generate light intensities, ranging from 0 to 1, for all the locations within the area.
In the t-th time interval, if the user is at a location where the light intensity is below a
threshold, set as 0.4, the on-device user positioning is considered to malfunction, and the
sensing-based user positioning is required, i.e., n® = 1, and otherwise, we have n® = 0.
The DNN for @) value approximation consists of four fully-connected hidden layers with
400, 200, 100, and 20 neurons, respectively. The other main simulation settings are given
in Table 5.1.

Table 5.1: Main simulation settings in sensing-assisted mobile AR streaming

Parameter Value
Total Bandwidth, B 150 MHz
Total subcarrier number, N"* 1 x 10*
Sensing subcarrier number N sen 1x 103
Number of OFDM symbols per slot, V¢ 14
Total effective isotropic radiated power PrGr 30 dBm
Receive antenna number, Ng 4
Number of VAs, K, VYu e U 10
Power spectral density of noise, N 4 x 1072 W/Hz
Vertical and Horizontal FoV, {HFO\/V, Orov, {45°, 45°}
Height of the AR device, hy, 1.7m
Length and Height of AR contents, { A, [ {2.0 m 2.0 m}

We compare our proposed scheme with the following two schemes: 1) LoS-Prone
Greedy: the reference decision in (5.11), which minimizes the resource consumption in
only the current time interval, is used. Due to the generally greater signal attenuation
and the position uncertainty of VAs corresponding to NLoS paths, it is prone to transmit
sensing signals only along the LoS path; 2) Vanilla DRL: a deep @-learning algorithm
with the same setting to our proposed scheme is used to solve the MDP problem with the
original action space.
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Fig. 5.4: Average resource consumption per time interval.

In Fig. 5.4(a), under varying path blockage probabilities, we show the average resource
consumption in communication REs for service provision to the AR user per time interval.
It can be observed that our proposed scheme results in lower resource consumption com-
pared to the LoS-prone greedy scheme. In addition, the reduction in resource consumption
increases with the path blockage probability. This is because the LoS-prone greedy scheme
mainly leverages the LoS path while the proposed scheme is prone to update the envi-
ronment map so that the multiple NLoS paths can be additionally used for accurate user
positioning. With more accurate user positioning, the uncertainty of the visible AR con-
tent is reduced, and a smaller region of AR content needs to be delivered to the user for a
satisfactory viewing experience. In Fig. 5.4(b), we show the average resource consumption
under varying maximum numbers of slots for sensing along the LoS path, i.e., My.s. It
can be observed that the proposed scheme results in lower resource consumption compared
to the vanilla DRL scheme, and the reduction in the resource consumption increases with
Mi,s in most cases. This is because the proposed scheme captures the long-term benefit
of environment mapping for user positioning to effectively reduce the action space, and a
larger value of Mp,g indicates a larger size of the original action space.

5.6 Conclusion

In this chapter, we have proposed a model-assisted learning scheme for resource allocation
in environment-aware mobile AR content delivery. The proposed scheme adaptively strikes
the balance between the benefit and overhead of environment mapping for resource-efficient
content delivery to an individual AR user. This scheme introduces a novel approach that
leverages both mathematical modeling and deep reinforcement learning for resource allo-
cation in complex scenarios.
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Chapter 6

Conclusions and Future Works

In this chapter, we provide a summary of the research contributions of this thesis and
identify several future research directions.

6.1 Main Research Contributions

In this thesis, we have studied the resource allocation and task scheduling for ISAC in
future 6G networks, exploring the co-design and mutual benefits of SAC functionalities
for efficiently satisfying the SAC demands. Specifically, we have identified three research
problems and developed efficient solutions. First, a proactive resource management scheme
has been designed to efficiently coordinate mobile devices and network infrastructures in
SAC service provision. Second, an approach to offloading DNN inference-based sensing
tasks has been proposed to cope with highly dynamic task arrivals and server workload.
Third, a resource allocation scheme has been designed for adaptive environment mapping
and user positioning in user-position-dependent AR streaming. The main contributions of
this thesis can be summarized as follows.

1) A proactive resource management scheme has been developed for the efficient coordi-
nation of mobile devices and network infrastructures in SAC service provision. In the
proposed scheme, individual network slices have been constructed to provide SAC
services, and DTs of these network slices have been established to predict the non-
stationary spatial distributions of devices and sensing targets. Based on the DTs,
we have developed a closed-form and reliable decision-making strategy for proactive
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resource management, including sensing region partitioning and radio and comput-
ing resource reservation. The work empowers the efficient implementation of ISAC
in large-scale and non-stationary wireless networks.

2) An adaptive approach to offloading DNN-based sensing data processing tasks to edge
computing servers has been proposed. This approach has incorporated the multi-
layer and multi-exit architecture of the considered DNNs to enable the adaptive
partitioning and offloading of individual sensing tasks. We have established DTs to
monitor and emulate the task processing status and on-device and edge workload for
providing sufficient data to a learning-based task offloading algorithm. This work
presents an effective solution for optimizing sensing task performances by accurately
characterizing task dynamics and efficiently leveraging the computing resources in
wireless networks.

3) A radio resource allocation scheme was designed for efficient sensing-assisted AR
streaming. In this scheme, the benefits of environment mapping for user positioning
and content visibility in non-line-of-sight conditions have been mathematically char-
acterized. With the characterization, a reference decision-making strategy has been
identified and used to guide a learning-based decision-making strategy for environ-
ment mapping, user positioning, and content delivery. The work provided valuable
insights for efficiently acquiring information on users and the surrounding environ-
ment through sensing to optimize communication service provision.

In summary, this thesis has explored the co-designs and mutual benefits of SAC functional-
ities for efficient resource management, optimizing SAC task performance. To achieve this
goal, the three research works have been built upon a slicing-based resource management
framework, where proactive and real-time resource allocation and task scheduling can be
adaptively determined. In addition, data-driven approaches for resource management in
ISAC have been proposed, which are empowered by the collected and augmented data
from DTs of network entities and the guidance from mathematical model-based resource
allocation decisions. This thesis offers insights and practical guidelines for the efficient
implementation of ISAC in 6G and beyond.

6.2 Future Research Directions

The integration of physical and virtual worlds is expected to be increasingly seamless
and pervasive in the future, which poses stricter and more diverse requirements on SAC
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functionalities. To this end, future research should focus on augmenting SAC functionalities
and realizing personalized SAC service provision. To achieve the goals, we identify the
potential of Generative Artificial Intelligence (GAI) and user Quality of Experience (QoE)-
oriented resource management, respectively.

e GAl-empowered SAC: In recent years, GAI has emerged as an evolutionary
paradigm shift in Al techniques. Typically, GAI models concatenate a large number
of transformers that excel in temporal sequence-to-sequence prediction and capture
complex data distributions through training with a massive amount of data. As a
result, based on user input, such as texts, audio, and images, GAI models can accu-
rately predict the outcome that the user desires in an auto-regressive manner. The
content generation capability of GAI can be beneficial for both SAC functionalities.
In particular, in the sensing task of obtaining a map of the physical or propagation
environment, typically only partial environment measurements from specific loca-
tions in the map can be obtained. As a result, generating a high-resolution and
high-quality map from the noisy and partial observations is necessary yet challeng-
ing. To address this challenge, GAI, particularly diffusion models, has been studied
and demonstrated its outstanding performance [151, 152, 153|. The performance of
communication tasks can also be enhanced by the generation capability of GAI. Par-
ticularly, the semantic communication paradigm has been recently proposed, where
only the intended meaning or information, rather than just the exact bits or symbols,
is transmitted to reduce communication overhead. Nevertheless, the efficient extrac-
tion and reconstruction of semantic information is challenging [154]. To address this
challenge, GAI trained on large-scale multi-modal corpora can be employed to extract
shared semantic features across different modalities and facilitate robust reconstruc-
tion of the intended content [155]. Despite the potential, the implementation of GAI
requires a substantial amount of computing and storage resources. Optimizing the
GAI model design to facilitate efficient inference and training in wireless networks
deserves further investigation. Moreover, balancing the computing overhead and the
gain of GAI in enhancing SAC service provision requires an accurate characterization
of the gain and efficient scheduling of GAI model inference.

e User QoE-oriented resource management for ISAC: The SAC demands are
expected to be increasingly pervasive and substantial with the proliferation and di-
versification of environment-aware mobile applications. Such demands may not be
efficiently satisfied by the conventional Quality of Service (QoS)-oriented resource
management schemes. This is because in the schemes, quality guarantees are pro-
vided for each service, such as those corresponding to data rate, delay, and packet
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loss, rather than individual users’ experience of the service. Characterizing users’
QoE can help accurately identify the resources for the user to have a satisfactory
experience, which further guides the efficient resource allocation to the users. Never-
theless, QoE-oriented resource management for ISAC is challenging from mainly three
perspectives. First, the metrics that represent user QoE should be accurately identi-
fied. Those metrics could be performance metrics of the user application-level tasks
that leverage the information gathered by SAC functionalities. However, identifying
the tasks and measuring task performance can be challenging, since such information
is usually not explicitly shared by users in wireless networks. Second, the relation
between the QoE metrics and the resource allocation is difficult to characterize, since
the dynamic user and device context in the specific application scenarios would also
affect the QoE. Third, the models to estimate various QoE metrics can have complex
and diverse mathematical expressions, which prevent efficient resource management.
Addressing these challenges requires the synergy of the QoE metric identification,
QoE modeling, and QoE-oriented resource management schemes.
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Appendix A

Proof of Proposition 1

If the mobile device is scheduled for communication in the slot, we have R = X!Ry; and
otherwise, R = 0. As a result, the expected transmission rate for the device is

Ent [R] = pe - Em [ENCI [X§R0|NIH (A.la)
> e By | @ffwj (A1h)
A
> pe 77 (E}T%f]“_ TR (A.lc)
where (A.1b) holds since, based on Jensen’s inequality, we have
By (XN > e X¢ (A2)

~ En [MINT 14 (N =1)pe’

and (A.1lc) holds also due to the Jensen’s inequality.
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Appendix B

Proof of Proposition 2

Under both the independent modeling and the joint modeling, the targets are modeled to
be uniformly distributed in various directions around each mobile device. As a result, the
directions of the beams formed by mobile devices in the sensing mode are independently and
uniformly distributed in [0,27) [55, 56]. In addition, since mobile devices independently
access each spectrum band for the sensing with the probability (1 — p.)/X!, based on
the property of PPPs, the mobile devices that access the same spectrum band for sensing
form a thinned homogeneous PPP with the intensity A'- (1 — p.)/X!. According to [55,
Proposition 1], the CDF of the strongest interference I for the mobile device is :

\1 . _ 2 2 2
P{I, < i,} = exp (-% - ff—;r- (Zf}ﬂ” -z's_l) | (B.1)

Since v = P./I, we have 5 is P{ys > %} = P{; < %}, which should be greater than P
to satisfy the sensing quality requirement. Therefore, we have

N1 (21— pe) AL P.G? c?
P>4(-nP) (& L) Smm B.2
e—%( . ) ( AT X] ) (47 f,)2 (B-2)

The power received sensing signals, i.e., P, is negatively correlated with the distance
between the mobile device and the target, i.e., D. As a result, to satisfy (B.2), there exists
a maximum value of the distance. By substituting P, in (B.2) with its calculation formula,
the maximum distance can be calculated as the right-hand side of (3.10).

Consider ® = {p., X* XL X2 F2A DLU Y as one of the optimal solutions if there exist

max

more than one optimal solutions for Problem (P1). According to the proof in the first
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step, DLY should be equal to or smaller than the term on the right-hand side of (3.10) to

make constraint (3.8g) in Problem (P1) satisfied. As a result, we consider the following two

cases: (i) In Case 1, DLU_is equal to the term on the right-hand side of (3.10). In this case,

the considered optimal solution makes (3.10) satisfied; (ii) In Case 2, DLV is smaller than

max

the term on the right-hand side of (3.10). We can thus increase D:Y to equal the term on

max
the right-hand side of (3.10), which does not impact the overall resource consumption and
ensures that all constraints in Problem (P1) remain satisfied. Accordingly, the solution
after the increase of DLV is still optimal and makes (3.10) satisfied. If there exists one
unique optimal solution for Problem (P1), for the optimal solution, DLU must be equal

max

to the term on the right-hand side of (3.10), i.e., making (3.10) satisfied. This is because,
otherwise, according to Case 2, we can find another optimal solution for (P1).
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Appendix C

Proof of Proposition 3

We respectively prove the three necessary conditions in (3.11). First, defined in (3.7a), an
upper bound of the expected number of targets that can be sensed by the mobile device is

—_— . I
NY = min {P{DI’U < Dyaxt - E[N] Lo TTC e } , (C.1)
’ Ps 0

As aresult, if (1—pc)/ps is greater than E[N{] or 7T'- F} /Cy, we can find a greater p. which
decreases the amount of required spectrum resources, i.e., X, while keeping all the other

parts of Problem (P1), including NF, unaffected. Therefore, for the optimal solutions to
Problem (P1), p. should satisfy the condition in (3.11a):

1— pe _ U TT-FI}
e < min {E[NY], e L .2
= < win {E [5%), 7 ©2

Second, with the necessary condition, (C.1) reduces to

S

N — min {IP (D" < DU Y .E[NY], :pc} . (©3)

According to the expression derived in Section 3.4.1, P { D"V < DLU 1 increases with D%V

max max

which increases with X! and decreases with p., and E [NHJ is not affected by any decision
variables. As a result, first, if P { D"V < DDLU V-E [NF}] > (1—pc)/ps, we can find a smaller

X! while keeping all the other parts of Problem (P1) including NP unaffected. Second, if
P{D"W <DLV }-E[N{] < (1 —pc)/ps, we can find a greater p. which (i) increases Ny

121



such as to decrease the amount of spectrum and computing resources required for target
tracking by the APs; (ii) decreases the amount of required spectrum resources, i.e., X,
To conclude, for the optimal solutions, the condition in (3.11b) should be satisfied:

1—pec

== P{D"W <Dy .} -E[N]. (C.4)

Third, for the necessary condition (3.11c), if it is violated, we can find a smaller amount
of required spectrum resources, i.e., X2*, or computing resources, i.e., F*, without affecting
all the other parts of Problem (P1).
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Appendix D

Proof of Proposition 4

Case 1: If T | +T | < AT,_;, the on-device queuing delay of the n-th DNN task 774
equals to zero. Based on (4.15), D!, = max{min{T'%,— AT, ;,0}+T,,0} = 0.
Similarly, we have DM . = 0,Vm < n, we have D! , = 0,Ym > n. Therefore, T'4 =
Z7Nn:1 D717%~>n

Case 2: If T | +T'¢ | > AT,_y, T4 = T | +T' | — AT,_; > 0, which indicates that

one preceding DNN task (its index is denoted by mg) is in the computing unit upon the
generation of the n-th task. As a result, we have:

1 n—1 1 lc
T < YL AT < T 4T,

=m mo’

(D.1)

and for any m-th task, where mg+1<m<n —1, T},‘} > Z?:_nll AT;.
Based on (4.15), Dl

. can be calculated by:

T7£3+Trlz§_2?:_nlquﬂ’ m=my,
Dl — T,l,f, mo+1<m<n-—1, (D.2)

m—n

0, otherwise.
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Then, "N

Ig
Dm—>

,, can be calculated as:

Sy D,

= T’rlnqo T#L:O _Z’L mo AT _'_Zm mo—+1 Tlc

= (19 + T —ATmO)—ZZ ot AT+ T
1 c

= Trr?o—kl Zz =mo+1 AT +Zm mo+1 Tl
1 lc c

- Tn?o—&-l—{—Tmo-l-l Zz mo+1 AT +Zm mo—+2 T'rln

1 c
= an—l —‘I_T’:L—l —AT,
=Th.
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Appendix E

Proof of Proposition 5

When T = 0, D4, = 0,V1 < m < N. As a result, D4 = ZN D, = 0. When
Tl > AT for brevity, we denote QP (t,0) and QP (t,o + (TlC/AT) — 1) by qo and ¢,
which represent the number of tasks in the on-device task queue in the time slots when the
on-device inference for the n-th DNN task starts and completes, respectively. During the
on-device inference for the n-th task, the m-th task is in the on-device task queue, where
n<m<n+ q. We can derive the queuing delay of the m-th task that results from the

on-device inference of the n-th task as:

T n<m<n4+q,
D, = ne M= (E.1)
an—i_TnC_Z:i; AE7 n+q0+1§m§n+q17
and calculate on-device workload during the on-device inference of the n-th task by:
4 1 et
qo, tn70 < ATZ QOAT
1
D _ n-‘r m—1
t) = —n, =y AT < AT;, E.2
Q)= gm=n. X7 ATZ E2)
1 +q 1 1 1
PTRTAT, <t <tho+ —=T7°,
(9 AT 0+ AT
where gy +n< m< ¢ + n. Based on (E.1) and (E.2), we can calculate >.~_ D4, and

tn.o+ (T /AT)= "QP(t)AT using (E.3) and (E.4), respectively, and it can be observed from

ttnO

(E.3) and (E.4) that they are equal.
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D =3SN_ D9

n—m

= aTy + g (T + T = S TAT) (E3)
= (@ — )T+ Ty — (¢ - QO)Zn+qOAT 231;:;11+1(91 — i+ n)AT;

tn, +T1C AT)—
ot (/ADTLQP (1) AT

= qo(— w0 AT+ O AT) 43000 (m—n) AT+ @ (b o AT+T) — S0 AT
= qo(— T+ IO AT + 3 oh 0l (m—n) ATy 4 (T + T = S0 AT)

_ _ 1 lc n-+ 1+n—1 14+n—
= (1—q)T, + o T —(1—q0)> 1P AT+ S (M=) AT —q1 ZQZZOJranAE)

= (@ —q) T +a Ty - (Q1—QO)ZH+QOAT 231::+nl+1(q1 i +n)AT;
(E.4)
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Appendix F

Proof of Proposition 7

We divide the observations in ¢-th frame into two sets, and derive the EFIMs of the AR
device position given each set of observations, respectively.

The first set includes (i) the estimated channel parameters [?ét), : ,T[(<)] that are mod-

eled as Gaussian distribution with mean [Tét), (t)] and covariance matrix diag(\, ...,

55’;{) (i1) the position of the anchors in the global environment map that follow Gaus-

sian distribution with mean vector [qg,...,g%]" and covariance matrix dlag(sgo),egto),

g, EqK) According to [156, Theorem 1], the EFIM of AR device position given this set

of observations can be derived as S r A ,g)(v,?))%,@.

The second set includes (i) the estimated channel parameters [5((,'20, ...,5§2K]T that
are modeled as Gaussian distribution with mean vector [séli ,...,éégK]T

matrix diag(é%), .. 65—2)

and covariance

(71) the position of the anchors in the environment map that
follow Gaussian distribution with mean [q], ..., qx]" and covariance matrix diag(ég?, 6_((1?,
55125%{) Similarly, according to [156, Theorem 1], the EFIM of the AR device given
thls set of observations can be derived as ,u(t)( ,(:))T'w,(:).
Consider that the two sets of observations are independent. Due to the addition prop-
erty of Fisher information, the EFIM of the AR user position given the two sets of observa-
tions can be approximated as the addition of the two EFIMs given each set of observations.

The average squared positioning error in each coordinate axis is then obtained as (5.2).
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Appendix G

Proof of Proposition 8

Similar to [157], considering the independence between the channel parameters of the two
paths, ic., [, ©], Vk =1,2,..., K, the EFIM of them is denoted by Z\” and written

as ®
0 _ {Jo 0 } , (G.1)
k 0o J

where J (()t) and J ,(f) can be calculated according to (5.1). Given the channel parameters
from the two paths, i.e., [@ét), @,(:)], the EFIM of the position of the AR device and the
anchor, i.e., [py, gx], is denoted by IC,(f) and calculated as

T
KY =M TP MY, (G.2)
where M,(f) is the Jacobian matrix that is given by

00 se)

) _ | op dq
Opt gy,

and the submatrices, V&' € {0, k}, are defined as

87':,5) 87’23)

(®) (®) 24
a(-)k’ A ap%x apif’ a(-)k’ A aq%x 5%;,1; (G 4)
8pt 69%{,1« 89;,1« ’ 8qk aeé{,k’ 861(%,>k/ ‘ ‘
apt,z 8pt,y 8‘11@,9: 8Qk,y
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(t)
According to (5.3), the entries of the submatrices a?p’i’ ,VEK' € {0, k}, can be calculated as
37'5) 1 87’,9 1
= —cosOr, = —sin b, G.ha
apt,x c T apt,y & T ( )
00y i 0%y
Rk S11 QT,k’ RE COS QT,k’ (G 5b)
Opta Ipe—aw ll," Opee | oe—awlly '
. . o0
The entries of the submatrix aql,i can be calculated as
(97',5,1:) 1 87’,5” 1
= —— oS0y, = —sinfry, G.6a
O c Y gy, e Tt (G.6a)
065 i 00y
Rk S1n ‘9T,k Rk COS GT,k (G 6b)
ke | Pe—ailly Oare | Pe—anly’ '

0)
and the entries of the submatrix 6(;?1 — are all zeros since the channel parameters in the first

path do not depend on the position of the k-th VA.
The position error of the k-th VA, 5,(:), is bounded as

-1
agc) > tr <[7C,(f)] ) ) (G.7)

3:4,3:4

where the right-hand side can be calculated as the right-hand side of (5.4) through a
lengthy calculation.
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