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Sammanfattning

Tradlosa kommunikations- och berdkningssystem, som omfattar tradlésa mo-
bilnét, edge infrastrukturer (dven kénd som utkanten av nétverket) och satellit-
nitverk, blir alltmer heterogena, dynamiska och dataintensiva. Trots skillnader
i teknologier och tillimpningsscenarier delar dessa system en grundliggande
utmaning: behovet av att tillhandahélla en mangfald av tjénster med begrin-
sade systemresurser. Denna avhandling behandlar denna utmaning genom att
utveckla resursallokeringsstrategier for att mojliggora forbéttrade tjanster samt
stodja nya framvixande tjdnster, ndmligen: 1) allokering av radioresurser i
tradlosa mobilnit, 2) cachelagring, rekommendation och generering av medie
innehall nitverksutkant, samt 3) allokering av modeller, berdkningsresurser
och kapacitet for inter-satellitlinkar for federerad inldrning (FL) i satellit-
nétverk.

Den andra delen av denna avhandling bestér av sex artiklar. Den forsta ar-
tikeln studerar problemet av radioresursallokering under begrinsat spektrum.
Inledningsvis genomférs en komplexitetsanalys. Direfter hirleds ett antal
heltalsprogrammeringsmodeller for problemet, inklusive savil kompakta som
icke-kompakta modeller. Vidare presenteras en studie av deras linjdrprogram-
mering (LP) relaxationer for att klarlagga relationerna mellan formuleringarna
ur hur starka dvre grinser de leder till. Numeriska resultat avseende denna as-
pekt samt LP-assisterad problemldsning redovisas. Studien utgdr en grund
for nésta steg, ndmligen utvecklingen av modellbaserade och skridddarsydda
schemaldggningsalgoritmer pa millisekundniva.

Den andra artikeln behandlar tekniken icke-ortogonal multipel atkomst (non-
orthogonal multiple access, NOMA) och trafikavlastning i syfte att forbittra
genomstromningen for anvindare vid cellkanten i ett mobilt nét. Vi formulerar
ett problem for maximering av genomstromning, dir resursblockstilldelning,
effektilldelning, anviindarparning och avlastning optimeras med beaktande av
interferens. Dérefter utvecklas en iterativ algoritm baserad pa problemuppdel-
ning och strukturell analys. Numeriska resultat visar att det féreslagna meto-
den avsevirt forbittrar genomstromningen for cellkantsanvidndare jamfort med
konventionella metoder.

Den tredje artikeln behandlar optimering av cachelagring och innehalls rek-
ommendation. Optimeringen tar hiansyn till sa kallade incument, so anser
det medieinnehall medie som anvindaren for niarvarande konsumerar, vilket
aterspeglar anvindarens intresse. Vi undersoker samspelet mellan cachela-
gring och rekommendation genom innehallspopularitet. Optimeringsprob-
lemet handlar om maximering av cacheeffektivitet med krav pa anvindarn;jd-
het bevisas att vara NP-svart, och en heltalsprogrameerings-formulering samt



tre polynomiska algoritmer har framtagits. De tva forsta algoritmerna byg-
ger pa submodularitet och erbjuder approximationsgarantier under milda vil-
lkor, medan den tredje dr en alternerande algoritm med snabb konvergens.
Numeriska resultat visar att de foreslagna algoritmerna uppnar nira-optimala
resultat.

Den fjirde artikeln optimerar tilldelning av kommunikationsresurser, berdkn-
ingsresurser samt val av leveranssitt for Al-genererade medieinnehall (kidnd
som AIGC). AIGC-innehall kan cachelagras vid nétverks utkant, eller gener-
eras dr, eller genereras pa anvindarenheten. Vi betraktar avvigningarna mel-
lan innehallskvalitet och resursférbrukning och utvecklar en effektiv 16sning
smetod baserad pa konvex optimering och Lagrangerelaxation, med nira-opti-
mal problemldsningar.

Den femte artikeln undersoker klienturval (client selection, CS) och rutt-
planering for federerad inlidrning i ett satellitkommunikationssystem med syfte
att uppna snabb konvergens. Vi tar fram och minimerar en 6vre grins for
den globala empiriska forlusten som var malfunktion. Den begridnsade ka-
paiteten i ruttplaneringsproblemet modelleras och behandlas med hjilp av
tidsvarierande grafer och nétverksflodesoptimering. Bade exakta och approxi-
mativa losningar foreslas for optimeringsproblemet som innehaller bade klien-
turval och ruttplanering. Vidare formaliseras och bevisas konvergensegenskap-
erna hos den foreslagna metoden. Slutligen visas effektiviteten och dver-
lagsenheten av det foreslagna metoden i realistiska satellitnitverksscenarier
via simuleringar.

Den sjitte artikeln, som &r en vidareutveckling av den femte artikeln, tar
ytterligare ett steg framat, och behandlar heterogena inldrnings modeller och
kunskapsdestillering (knowledge distillation, KD) for energieffektivitet och
snabb konvergens for federerad inldrning. Vi utvecklar ett KD-assisterat dual-
FL-ramverk med konvergensanalys, hirleder 6vre grinser for den globala em-
piriska forlusten for bada modellerna samt optimerar bade klienturval och rut-
toptimering. Simuleringar baserade pa verkliga satellitkonstellationer visar
att dual-modell-inldrning med KD avsevirt forbattrar effektiviteten. Samman-
taget visar avhandlingen att resurstilldelning, med hjilp av optimeringsme-
toder, utgér en sammanhéllande ground som f6renar tradlosa kommunika-
tion, samt intelligence pa nitverksutkant och satellitsystem for att forbattra
nuvarande tjanster och mojliggora nya tjanster i framtiden.
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1. Introduction

1.1 Background

To meet the demands of low latency and high reliability, seamless connectivity,
and data-intensive applications, technologies of wireless communication [1]
and edge computing [2] are evolving toward intelligence and integration.

Wireless Communication: It refers to the technology of transmitting infor-
mation via electromagnetic waves without physical cables. For beyond-5G
wireless communication, ultra-reliable low latency communication (uURLLC)
[3], enhanced mobile broadband (eMBB) [4], and massive machine type com-
munications (mMTC) [5] are three key scenarios. URLLC networks with
millisecond-level latency can support mission-critical applications. For such
networks, the requirement on radio resource scheduling has to be ultra-fast.
Among the technologies enabling mMTC networks, non-orthogonal multiple
access (NOMA) [6] is an advanced one that enhances spectral efficiency, con-
nection capacity, and user fairness. For eMBB networks aiming at large and
stable capacity, satellite networks [7] can provides wide-area and seamless
broadband coverage, filling the gaps of terrestrial networks.

Edge Computing: The exponential growth of data traffic in communication
networks has fundamentally challenged the traditional cloud-centric comput-
ing paradigm [8] and further catalyzed the emergence of the concept of edge
computing. It refers to a distributed architecture that brings computational re-
sources and data storage closer (e.g., in a base station) to users. By processing
data at the network edge, this paradigm significantly reduces delivery latency
and backhaul resource consumption. Some paradigms spurred by edge com-
puting include edge caching [9], content recommendation [10], Al generated
content (AIGC) [11], federated learning (FL) [12], and knowledge distillation
(KD) [13].

The integration of evolving wireless communication and edge computing
systems stimulates novel applications such as on-edge production of AIGC
and FL in satellite networks, but also brings a fundamental challenge of ac-
commodating a variety of services using multiple, limited, heterogeneous, and
dynamic system resources. Here the types of resource include communication
resource, computing resource, storage resource.

1.2 Motivation

This dissertation addresses how to perform resource allocation to support en-
hanced and emerging services. While the research papers included in this
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dissertation explore a diversity of scenarios and problem settings of resource
allocation, they share the following common aspects. First, the systems all
process and accommodate “something" — whether it is user traffic in wireless
networks, content to be cached or generated at the edge, or machine learning
(ML) models distributed across satellites. Second, each system requires effi-
cient resource allocation mechanisms to manage limited bandwidth, storage,
or computational capacity.

To address this challenge, all studies in this dissertation employ optimization-
based approaches. Optimization provides a systematic framework for design-
ing algorithms that determine how to allocate system resources — such as time-
frequency blocks in wireless networks, storage and computation resource at
the edge, or communication capacity in satellite networks — so that service
performance is maximized while system constraints are respected. Although
the specific types of resources and system models differ across domains, the
underlying principle of optimizing resource allocation to support service de-
livery remains the common theme.

In the domain of wireless mobile networks, the research has focused on
both macro-level and micro-level network models, optimizing the allocation
of radio resources to deliver user data traffic efficiently. For edge computing
systems, the studies have investigated resource allocation for content caching,
recommendation, and generation, including scenarios where Al-generated con-
tents impose additional demands on computing resources. In satellite net-
works, the research addresses the distribution and collection of FL. models,
optimizing resource usage to ensure effective communication and computa-
tion among satellites. Taken together, the dissertation aims at demonstrat-
ing that resource allocation, guided by optimization techniques, is a unifying
thread connecting wireless, edge, and satellite systems, to deliver enhanced
and emerging services.

1.3 Organization

This dissertation is structured into two parts. Part I, offers an overview of the
fundamental concepts, core technologies, and key optimization methodologies
that underpin the research conducted in this thesis. It is designed to provide the
necessary preliminaries for the works presented in Part II. In the remainder of
Part I, Chapter 2 delves into the key application scenarios and technologies in
wireless communications and edge computing. Chapter 3 provides a detailed
survey of the optimization methodologies employed throughout the research.
The papers in Part II are along three research lines: Papers I and II for radio
resource scheduling, Papers III and IV for content caching, computing, rec-
ommendation, and delivery, and Papers V and VI for FL in satellite networks.
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2. Scenarios and Technologies

2.1 Mobile Communications

2.1.1 uRLLC and Ultra-Fast Scheduling

As one of the three main service categories defined for beyond 5G (B5G) sys-
tems, uRLLC is characterized by its stringent performance targets of provid-
ing extremely high reliability (typically 99.999% or higher), coupled with very
low user-plane radio latency (as low as 1 ms), for small data packet transmis-
sions [3]. It supports mission-critical applications such as industrial automa-
tion [14], intelligent vehicle systems [15], remote control and teleoperation
[16], etc. The key technologies enabling to achieve the stringent targets in-
clude flexible numerology [17], mini-slots [18], finite blocklength coding [19],
packet duplication [20], grant-free transmission [21], preemptive scheduling
[22], network slicing [23], edge computing, and cross-layer optimization.

The core challenge of uRLLC lies in jointly guaranteeing ultra-high relia-
bility and ultra-low latency. These dual constraints fundamentally elevate the
role of resource scheduling from a mere efficiency-oriented task to a critical
determinant of system feasibility. Unlike eMBB, where scheduling aims to
maximize throughput or fairness over time, uRLLC scheduling must ensure
that every packet is assigned the necessary radio resources (such as time, fre-
quency, and power) within an extremely short time window, typically on the
order of milliseconds or even sub-milliseconds. If the scheduling decision
itself is slow — due to complex algorithms, excessive signaling, or process-
ing delays — the total latency budget will be consumed before transmission
even starts, rendering the physical-layer enhancements futile. Therefore, the
scheduling mechanism must itself be ultra-fast, with execution times com-
parable to or shorter than the transmission time intervals (TTIs), which can
be as low as one mini-slot (e.g., 0.125 ms) [24, 25]. This necessitates low-
complexity, ultra-fast scheduling algorithms that can make reliable decisions,
under complicated factors including traffic diversity, heterogeneous quality-
of-service (QoS) requirements, etc.

As an investigated instance of the above class of resource scheduling prob-
lems, Paper I studies radio resource allocation optimization, where frequency
channels allocated to a user have to share a common transmission rate, with
QoS guaranteed. We design low-complexity LP-based approximations to ad-
dress this NP-hard problem, which allows further parallelization enabling sche-
duling solution at milli-second level in the future.
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2.1.2 mMTC and NOMA

It is designed to support the connectivity of an extremely large number of low-
power devices that typically transmit small data payloads sporadically and
asynchronously [5]. The key challenge lies in the efficient management of
massive access with infrequent activity, while minimizing signaling overhead
and power consumption to enable long battery life. mMTC is the foundational
enabler for large-scale Internet of Things (IoT) [26] deployments, with rep-
resentative application scenarios including smart cities [27], smart metering
[28], environmental monitoring [29], etc. To address the massive connectivity
challenge, the key technologies include narrowband transmission (e.g., NB-
IoT) [30], repetition and robust modulation and coding [31], NOMA, massive
multiple-input multiple-output (MIMO) [32], grant-free access, network slic-
ing, lightweight core network protocols, and cross-layer optimization.

It is a multiple access technique that allows multiple users to transmit simul-
taneously over the same time-frequency resources through power-domain or
code-domain superposition, with receivers employing successive interference
cancellation to separate the signals [6]. For mMTC, NOMA is particularly
important because it efficiently supports massive connectivity by enabling nu-
merous devices to share the same resource block without strict orthogonality,
thereby significantly improving spectral efficiency and access capacity while
reducing signaling overhead and latency, which are the key requirements for
mMTC. Moreover, NOMA naturally supports user fairness and differentiated
QoS through power-domain multiplexing. However, when NOMA is deployed
across multiple cells, the non-orthogonal transmissions inherently cause both
intra-cell and inter-cell interference. The complex interference environment
implies that the allocation of user pairing, power allocation, and decoding
order in one cell directly impact the performance in neighboring cells. There-
fore, performing cross-cell wireless resource optimization becomes critical to
ensure system-wide fairness, reliability, and energy efficiency.

As a specific instance of the above class of NOMA-based resource schedul-
ing problems, Paper II investigates a multi-cell resource allocation problem,
to improve the performance of cell-edge users, leveraging traffic offloading.
The user paring, user-cell association, resource blocks (RBs), and power con-
trol are optimized via an iterative algorithm based on structural analysis and
problem decomposition.

2.1.3 eMBB and Satellite Networks

It is characterized by the pursuit of gigabit-level peak data rates, massive net-
work capacity, and seamless user experience to support data-intensive appli-
cations [4]. It is the primary driver for consumer-centric services such as
ultra-high-definition (4K/8K) video streaming, immersive virtual/augmented
reality (VR/AR) [33], and mobile cloud computing. The key enabling tech-
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nologies for eMBB include millimeter-wave [34], MIMO, flexible numerol-
ogy, advanced channel coding, and network densification [35].

While terrestrial networks form the backbone for eMBB, satellite networks
are increasingly recognized as a vital complementary technology to achieve
truly ubiquitous and resilient broadband coverage [36]. Their inherent capa-
bility to serve vast geographical areas, including remote, maritime, and aerial
domains, addresses the coverage limitations of terrestrial infrastructure, en-
suring service continuity for eMBB applications. Furthermore, the integration
of satellite networks with edge computing gives rise to the concept of in-orbit
edge computing [37], utilizing the computing, communication, and storage re-
source on satellites. This enables faster content delivery to globally distributed
users and alleviates backhaul burdens. The dynamic satellite networks, inher-
ent heterogeneous characteristics, and limited energy supply, however, pose
challenges to resource allocation for cross-satellite cooperation. One exam-
ple is in-orbit FL [38], where satellites collaboratively trains a model without
sharing local data.

For satellite networks with edge computing, we look into one type of cross-
satellite collaboration — FL (see more details in Section 2.2.4). In Papers V
and VI, we model the network dynamics, and address the routing optimization
problem for parameter transmission of FL via inter-satellite links, for single
model and dual models, respectively.

2.2 Edge Computing

Edge computing [2] refers to a distributed computing paradigm where data
is processed at network’s edge, instead of in centralized cloud data centers.
The evolution from cloud computing [8] to edge computing has been driven
by the massive devices and data for real-time applications. The advantages
of edge computing include low latency, alleviation of backhaul burden, and
enhanced privacy and security, making itself a crucial enabling technology for
B5G typical scenarios:

e For uRLLC, edge computing helps meet the stringent millisecond-level
service requirement, avoiding the unpredictable delay inherent in send-
ing data back and forth to a remote cloud [39].

e For mMTC, edge computing performs local data filtering, aggregation,
and preliminary analysis, thus sending only crucial information upstream.
This prevents network congestion caused by transmitting all the raw data
from IoT devices to the cloud.

e For eMBB, edge computing caches contents such as videos and game
data, allowing users to access services with high bandwidth and low
latency.

Despite of the potential, edge computing faces some challenges, such as
limited resource at network edge, and efficient cooperation with cloud com-
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puting. Next, we introduce some application scenarios in edge computing,
including edge caching, recommendation, AIGC, FL, and KD, which are rel-
evant to the thesis. Note that except for caching, the other four scenarios are
not exclusive to edge computing (as they can also be implemented in cloud
environments), this paper specifically addresses the challenge of resource al-
location when deploying them within edge computing architectures.

2.2.1 Edge Caching

Edge caching [9] is a key technology in edge computing and content delivery
networks (CDNs) [40], designed to bring popular contents (e.g. videos, games,
and apps) closer to end-users by proactively storing them at the network edge
such as BSs. The fundamental principle is to exploit the temporal and spatial
locality of content requests — a phenomenon where a small subset of contents
accounts for a large fraction of requests over a certain period and within a
specific geographical area. By caching these popular contents at the edge,
subsequent requests can be served directly from the local cache, significantly
reducing data access latency, alleviating the burden on backhaul links, and
improving the overall quality of experience (QoE) for users. Two examples
of edge caching for practical use are 1) fast and high-quality streaming of
Netflix© and YouTube®© with their own CDNs [41, 42], and 2) caching of
road safety information, map updates, and popular entertainment at roadside
units for vehicular network, in project 5G-CARMEN [43].

The core optimization problem of edge caching at a single BS typically
involves deciding which contents to cache, given the limited and often costly
storage capacity. This can be formulated as a knapsack problem, aiming to
maximize a utility function (e.g., cache hit rate) subject to the storage capacity
constraint. A classic formulation is given below:

max X 2.1a
2ie{0.1) ,-GZ] qiXi ( )
) sxi<C (2.1b)

i€y

where .# is the set of contents, C is the cache capacity, and s;, g;, and x; repre-
sent the size, popularity, and caching decision variable for content i. Although
beyond the scope of our research, it is worth pointing out that the problem in
(2.1) can also be extended to collaboratively caching in multiple BSs, and in
that case where to cache is also to be optimized.

For caching optimization, classical algorithms such as least recently used
(LRU) [44] and least frequently used (LFU) [45] serve as fundamental base-
lines; they rely on recency or frequency of user requests for caching up-
date decisions. More advanced approaches leverage content popularity pre-
diction [46], often using statistical or ML to proactively cache contents that
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are expected to be in high demand. In dynamic environments, reinforcement
learning-based algorithms [47] have gained prominence for their excellent per-
formance. Additionally, freshness-aware policies [48] are employed for time-
varying contents. The core trade-off lies in balancing cache hit rate, latency
reduction, and computational overhead under constrained resources.

There exist some challenges for caching optimization. First, even for the
single-BS problem, the optimization faces the dynamic and time-varying na-
ture of content popularity, leading to its online nature, i.e., placement and
replacement of contents along time. Second, the content popularity can be
reshaped by recommendation (see Section 2.2.2), which further affects the de-
cision of caching optimization. Third, for new types of contents like AIGC,
not only a content but also its prompts can be cached for use (see Section
2.2.3). Note that a content and its prompts differ a lot in their sizes, and ac-
cordingly cost different resource of storage, communication, and computing,
under several potential content delivery modes. This leads to the necessity of
joint optimization of caching, resource allocation, and content delivery mode.

As two research works within the above context, Paper III jointly opti-
mizes caching and recommendation to maximize the cache efficiency. We
prove the NP-hardness of the problem and develope approximation algorithms
with theoretical guarantees. Paper IV, in the context of AIGC, optimizes con-
tent delivery mode and allocation of computing and communication resources,
under given cached contents and prompts, via Lagrangian relaxation and con-
vex optimization.

2.2.2 Recommendation

Recommendation systems [10] are information filtering engines widely de-
ployed by online platforms to suggest relevant contents (e.g., videos, games,
and products) based on user preferences. The principle is to model and learn
the relevance between users and contents from their historical interactions,
such as clicks, ratings, or watch time, and other behavior patterns. With rec-
ommendation, information overload is alleviated and user engagement and
satisfaction are enhanced. Typical real-world applications include the per-
sonalized video feeds on video websites YouTube© and TikTok©, and “cus-
tomers who bought this also bought" recommendation panels on e-commerce
platforms Amazon.

The recommendation optimization problem is typically formulated as a pre-
diction task. Let % denote the set of users, and .# denote the set of contents.
The target is to predict the relevance score r,,; for user # and content i (denoted
by function f : Z x . — %), based on observed interactions, minimizing the
loss between predicted scores and observed feedback, i.e.:

min Y ZL(rui, f(u.i;0)) (2.2)
(u,i)eO
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where O is the set of observed interactions, ® represents model parameters,
Z is a loss function. The system ranks contents by their predicted scores to
generate a personalized recommendation list.

Conventional recommendation algorithms can be classified to collaborative
filtering (CF) methods [49], including matrix factorization [50] and neighbor-
hood-based approaches [51], content-based filtering [52] (based on video-
specific features like genre, creator, and thumbnail, etc.), and their hybrid
methods. In recent years, deep learning (DL) based sequential methodologies
[53, 54] have become dominant in modern video websites such as YouTube®©
and TikTok©, due to the capability to capture complex, non-linear relation-
ships. These DL models, often built upon architectures like recurrent neural
networks (RNNs) [53] or Transformers [54], treat a user’s watch history as a
temporal sequence to predict the next video of interest.

Recommendation systems face intrinsic challenges including the cold-start
problem, data sparsity, fairness, and explainability, etc. When integrated with
edge caching, additional complexity arises from the influence between the two
systems. The recommendation engine actively reshapes content popularity,
i.e., ¢; in Equation (2.1), by determining which contents are exposed to users.
For instance, a video recommended to a user will experience a sudden surge in
requests, thereby altering the underlying request distribution that the caching
policy has been designed for. If the cache is not updated in time to reflect this
recommendation-driven popularity change, it will contain outdated content,
leading to low cache hit rates and increased latency. Conversely, as contents
already stored at the edge can be delivered with very-low latency, caching af-
fects users’ QoE of recommendation. Consequently, the joint optimization of
caching and recommendation is necessary and requires a trade-off of recom-
mendation accuracy, cache hit rate, and user-perceived latency, under limited
resources at edge.

As one of the concrete cases of such trade-off, in Paper III, we jointly op-
timizes caching and recommendation, with objective of cache efficiency max-
imize, and constraints on QoE for recommendation. In particular, we consider
short-term user interests based recommendation, called incumbent-based rec-
ommendation.

2.2.3 AIGC

AIGC [11] refers to the paradigm of using advanced Al models, particularly
generative Al, to create digital contents, such as text, images, audio, and
videos, automatically based on user-provided instructions, a.k.a. prompts. The
role of AIGC is a productivity multiplier and creativity catalyst. The integra-
tion of AIGC with edge computing heralds a paradigm shift from the tradi-
tional model of storing and transmitting pre-created contents to a dynamic,
on-demand generation scheme. Within this new paradigm, the network can

22



also store compact prompts and deploy lightweight generative models at the
edge [55] or even on user devices [56], rather than solely caching the final
multimedia files. This new paradigm enables low-latency content generation
for real-time applications (e.g., instant AR filters [57] and live video synthe-
sis [58]), enhances data privacy, and reduces bandwidth consumption, as only
prompts of very small size need to be transmitted.

The AIGC process can be abstracted as a function G(M, P), where G is the
generative model, M represents the model parameters (which can be large, re-
quiring significant computational resources), and P is the input prompt. The
output is the generated content Cg., = G(M, P). Foundational technologies un-
derpinning AIGC include large language models (LLMs) like chat-GPT [59]
and generative diffusion models (GDMs) [60].

AIGC introduces challenges in terms of trade-offs between content quality,
resource consumption (for computation, storage, and communication), and la-
tency, in resource-constrained edge environments. First, caching strategies
become more complex, as the system can now cache a content or its prompts.
Second, on-device AIGC using small models save network bandwidth and
backhaul but lead to inferior quality of contents, while on-edge AIGC with
medium-size models produce higher-quality contents but consume significant
computational resources and require more time. Third, for each content re-
quest, the system has multiple options of delivery modes (original content,
cached content, on-edge AIGC, or on-device AIGC). All these characteristics
make the joint optimization of caching, content delivery mode, and resource
allocation for AIGC challenging.

For AIGC, in Paper IV, we investigate the joint optimization of content de-
livery mode and resource allocation, under given cached contents and prompts,
to maximize the caching utility.

2.2.4 Federated Learning

FL [12] is a distributed ML paradigm designed to train a shared global model
collaboratively across multiple decentralized devices without exchanging raw
data. Key advantages of FL include privacy protection and reduced commu-
nication overhead. FL is inherently synergistic with edge computing: edge
nodes (e.g., IoT devices, vehicles, and smartphones) serve as ideal partici-
pants of FL. Typical applications include personalized keyboard prediction on
smartphones, cross-hospital medical imaging diagnosis, traffic forecasting in
vehicular networks, etc.

The standard FL workflow, often coordinated by a central server, typically
involves the following iterative steps:

e [nitialization: The central server initializes a global model ///él(l)bal and
defines the training task.
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e Selection and Distribution: In each communication round ¢, the server
selects a subset of clients .%(*) and distributes the current global model
///g(ltgbal to them.

e Local Training: Each client k trains the model locally using its private
dataset Z, minimizing a local loss function F(w) to produce a local
model weight update w,(:+ 2

e Upload and Aggregation: The clients send their local updates to the

server, which aggregates the updates using the FedAvg algorithm [12]:

(t+1) ”k t
global = Z
ke )

where ny = |Z| and n =Y, _ () m.

e Global Model Update: The server updates the global model to .Z;
with the aggregated parameters, and the process repeats until conver-
gence.

Despite its promise, FL faces several challenges in practical deployment.
One is the statistical heterogeneity: Data across clients are typically not inde-
pendently and identically distributed (non-1ID), leading to model bias, conver-
gence difficulties, and performance degradation. To address this issue, client
selection (CS) [61] is a promising approach. It determines which devices par-
ticipate in each round of FL. Compared with random sampling, CS speeds
up the convergence rate by prioritizing the devices with high-quality updates
[61]. Common metrics for CS include data utility (e.g., dataset size and distri-
bution), model utility (e.g., loss and gradient norm), and system utility (e.g.,
computational frequency, memory, battery, and channel). The existing CS al-
gorithms can be classified into metric-based methods [62, 63] and mechanism-
based methods such as clustering [64], optimization [65], and ML [66].

On-orbit FL refers to the application of FL in satellite networks, enabling
edge intelligence in space. Here a client is a satellite that can undertake local
training with its own data, and the sever can typically be a ground station or
a satellite. Besides data heterogeneity, on-orbit FL faces unique challenges,
including dynamic network topology, limited energy supply, heterogeneous
hardware resource, and even heterogeneous models. Note that in this case, CS
is no longer device-independent, but coupled with routing for data transmis-
sion over inter-satellite links (ISLs).

To improve on-orbit FL efficiency, Papers V and VI model the network
dynamics, and jointly optimize CS and routing towards fast convergence.

(r+1)

2.2.5 Knowledge Distillation

KD [13] is a model compression and transfer learning technique that enables
a compact, efficient student model to learn the rich representations and gen-
eralized knowledge embedded within a larger, more complex teacher model.

24



The distilled student model can achieve an accuracy comparable to or even
surpassing that of its teacher, while being significantly smaller, faster, and
more energy-efficient. This makes KD exceptionally valuable for deploying
advanced Al on resource-constrained devices — a natural fit for edge comput-
ing scenarios. Furthermore, KD can be synergistically combined with FL to
address model heterogeneity and communication bottlenecks. An example of
the applications of KD is distilling LLMs for efficient on-device chatbots [67].
The standard KD process involves the following key steps [13]:

e Teacher Model Training: A high-capacity teacher model .Zr is pre-
trained.

e Knowledge Transfer via Soft Targets: The student model . is trained
using the teacher’s softened output probabilities (a.k.a. soft-decisions),
rather than solely using the ground-truth hard labels. This is achieved by
introducing a temperature parameter ¢ > 1 to the softmax function:

r_ exp(zi/t)

Pi= ¥ exp(z;/t)’

where z; is the ith logit from the teacher (or student). A higher ¢ produces
a softer probability distribution that reveals inter-class similarities.
o Student Model Training: The student is trained by minimizing a com-
posite loss function Zkp that combines:
— Distillation Loss (£pisiy): It measures the divergence between the
student’s softened output p§ and the teacher’s softened output pf.
— Student Loss (Lswuaent): The loss between the student’s output and
the true hard labels.
The total loss is: Zkp = & - Zpistin + (1 — &) - Lsudents Where o is a
balancing weight.
In Paper VI, we utilize KD to assist FLL with two heterogeneous models,
called dual FL, to speed up the model convergence.
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3. Optimization Methodologies

3.1 Convex Optimization

Convex optimization [68] is a major branch of mathematical optimization,
widely applied in practice due to its favorable property that a local optimum is
also the global optimum and the availability of efficient and reliable numerical
solvers.

A set C C R”" is called a convex set if the line segment between any two
points in C lies entirely in C. Formally, for any x,y € C and any scalar 6 €
[0,1], we have:

0x+(1—-0)yeC. 3.1

A function f : C — R defined on a convex set C is called a convex function
if for any two points on its graph, the line segment connecting them lies above
or on the graph. That is, for any x,y € C and any 6 € (0, 1), the following
inequality holds:

FOx+(1-0)y) <O0f(x)+(1—-0)f(y). (3.2)

If the inequality is strict for all x 2y and 0 € (0, 1), f(+) is said to be strictly
convex. A function f(-) is called concave if —f(-) is convex. A standard
convex optimization problem can be written in the following form:

min  fy(x) (3.3a)
X

st fi(x) <0, i=1,...,m, (3.3b)

aJT»x=bj, j=1,...,p, (3.3¢)

where the objective function fy : R” — R and the inequality constraint func-
tions f; : R” — R are convex, and the equality constraints are affine. The fea-
sible set defined by the constraints is convex, which guarantees the problem’s
key property: A locally optimal point is globally optimal.
Common types of convex optimization problems include [68, Chapter 4]:
e Linear Programs (LP): Both objective function and constraints are affine.
e Quadratic Programs (QP): Convex quadratic objective function with
affine constraints.
e Semidefinite Programs (SDP): Linear objective function over the inter-
section of the convex cone of positive semidefinite matrices with an
affine subspace.
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e Second-Order Cone Programs (SOCP): Linear objective function with
second-order cone constraints.

Several efficient algorithms [68, Chapters 9-11] exist for solving convex
optimization problems, including gradient descent and interior-point meth-
ods, often leveraging the theory of Lagrangian duality and the Karush-Kuhn-
Tucker (KKT) conditions for their derivation and analysis. Here the KKT con-
ditions provide necessary and sufficient optimality criteria for convex prob-
lems with differentiable objectives and constraints.

In Paper II, Lemma 2 proves the communication capacity function for a
single user is strictly convex in cell loads, which is one of the key proper-
ties that enable efficient fixed-point iterations for the sub-problem of radio re-
source consumption minimization. In Paper IV, the Lagrangian subproblem
is decomposed, with respect to each content and each delivery mode. The sub-
subproblems of resource allocation are proved to be convex, and closed-form
solutions are derived (in the Propositions and Corollaries 2-5).

3.2 Linear Optimization
32.1 LP

Linear programming (LP) [69] is a foundational mathematical optimization
paradigm that concerns a problem with a linear objective function subject to a
set of linear equality or inequality constraints.

Mathematically, an LP problem can be expressed in its standard inequality
form:

maximize ¢'x (3.4a)
subjectto Ax <b, (3.4b)
x € R" (3.4¢)

where x € R” is the vector of decision variables, ¢ € R" defines the coefficients
of the objective function, A € R™*" is the constraint matrix, and b € R™ is the
right-hand-side vector. A feasible region refers to the set of points satisfy-
ing all constraints, i.e., & = {x € R" : Ax < b}, and & is a convex polyhe-
dron. For theoretical analysis and algorithm design, there is also the standard
equality form of LP where all constraints are equalities. Any LP in standard
inequality form can be transformed into standard equality form through the
introduction of slack or surplus variables.
A fundamental theoretical result for LP is the theorem on existence of opti-
mal solution [69, Chapter 3.2]:
1. If & is bounded, then an optimal solution exists, and there exists at
least one optimal solution that is an extreme point (vertex) of &?. Here
an extreme point refers to a point in & that cannot be expressed as a
convex combination of any two distinct points in Z.
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2. If & is unbounded and the objective is bounded above (for maximiza-
tion) on 2, then an optimal solution exists at an extreme point.
3. If the objective is unbounded on &, the problem is unbounded.
This theorem is pivotal because it reduces the search for an optimum from an
infinite continuum to the finite set of extreme points. This enables the design
of the classical simplex method [69, Chapters 4] for LP solution. The simplex
method is efficient in practice, although it is not polynomial-time in theory.
More advanced polynomial-time algorithms to achieve LP optimality include
interior-point and ellipsoid methods [69, Chapters 5].
Duality is a key concept in LP that establishes a tight relationship between
a primal problem and its associated dual problem [69, Chapter 6]. For a pri-
mal LP in standard inequality form max{c'x : Ax < b,x > 0}, its dual is:
min{b'y: ATy >c,y > 0} where y represents the dual variables. The follow-
ing properties hold [69, Chapter 6]:
e Weak Duality: For any feasible primal solution x and dual solution y,
¢c'x<b' y.
e Strong Duality: If an LP has a finite optimal solution, then its dual also
has a finite optimal solution, and their optimal objective values are equal.
e Complementary Slackness: At an optimal primal-dual pair (x*,y*), we
have y; (b; —a/x*) = 0 and xj(ajTy* —c;j) =0 for all i, j. Complemen-
tary slackness, primal feasibility, and dual feasibility, together form the
KKT conditions, which are the necessary and sufficient conditions for
LP optimality.
These properties enables powerful tools for sensitivity analysis, certificate of
optimality, and bounding.
In Paper II, a theoretical comparison of the optimal objective values of LP
relaxations of multiple integer models are provided. In Paper II, the routing
subproblems with given sink and source nodes are modeled as LPs.

3.2.2 ILP and MILP

Integer linear programming (ILP) and mixed-integer linear programming (MI-
LP) [70] share the linear objective and constraints of LP but impose a critical
additional requirement: all (for ILP) or some (for MILP) decision variables
must take integer values. This discrete nature enables the modeling of discrete
decisions in real-world scheduling, routing, resource allocation, and network
design problems. However, this modeling power comes at a significant com-
putational cost. The introduction of integer constraints transforms the feasible
region from a convex polyhedron into a discrete set of points (a lattice within
the polyhedron), fundamentally altering the problem’s geometry and complex-
ity. Although not all, most non-trivial ILP/MILP problems are NP-hard [70,
Chapter 6]. A strict mathematical proof can be done via reduction, from a
NP-complete problem to the ILP/MILP problem (see [70, Chapter 6.3] for the
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definition and examples of reduction). NP-hardness implies that, assuming P
= NP, no algorithm exists that can solve all instances to optimality in time that
is polynomial in the problem size.

The LP relaxation [ 70, Chapter 2.2], is an important concept in solving ILP
or MILP problems. The LP relaxation is obtained by relaxing the integrality
constraints. Solving the LP relaxation, first, provides a bound on the opti-
mal integer solution value (an upper bound for maximization). Second, the
LP optimum is often used as benchmark to measure the quality of heuristic
solutions.

Interestingly, a combinatorial optimization problem can often be formulated
using different, yet equivalent, ILPs/MILPs (e.g., using different variable def-
initions or constraint aggregations). Although the integer optimum derived by
these models coincide, the tightness of their LP relaxations — how closely the
LP optimal values approximate the integer optimum — may vary a lot depend-
ing on the problem formulations. Comparing their LP bounds requires a solu-
tion mapping (a.k.a., projection analysis). Denote by LPy: max{clTx AIx <
b;} and LP;: max{csz : Apz < b, } the LP relaxations of two ILP/MILP for-
mulations of the same underlying problem, respectively. A solution mapping
is a (often linear) transformation ¢ : &, — &, or y : &, — | that maps
feasible solutions of one formulation to that of the other, preserving the objec-
tive value. Let 2] be the set of objective-preserving mapped solutions ¢ (x)
forall x € 2. If 27| C &, then LP; provides a bound that is at least as tight
as that of LP;. And vice versa.

For exact integer solution, the branch-and-bound (B&B) algorithm, cutting
plane algorithm, and heuristics are common options. The B&B algorithm [70,
Chapter 7], with the core of smart enumeration in a tree structure, consists of
three processes operating iteratively:

e Bounding: At each node, the LP relaxation is solved. Its optimal value
provides a local bound (upper bound for maximization) for that subtree.
e Branching: When the solution of the LP relaxation at a node is frac-
tional, the algorithm creates two or more child nodes by adding mutu-
ally exclusive constraints that force fractional variables towards integer
values (e.g., x; < | f]| and x; > [ f]| where f is the fractional value of
variable x;).
e Pruning: A node is pruned if 1) its LP is infeasible, 2) its bound is no
better than the value of the best known integer solution (incumbent), or
3) its LP solution is integer feasible.
The efficiency of B&B depends critically on the quality of the bounds ob-
tained from solving the LP relaxation and the speed of finding good integer
solutions. Cutting planes [70, Chapter 8], improve B&B by iteratively adding
valid inequalities to tighten the LP relaxation at B&B nodes, thereby provid-
ing stronger bounds. Commercial solvers deploying B&B and cutting plane
methods include CPLEX [71] and Gurobi [72].
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Understanding the principle of LP relaxation strength and the solution pro-
cess of the B&B algorithm is critical for designing efficient ILP/MILP models.
Some common empirical results are as follows.

e Compact vs. non-compact models: A compact model has a polyno-
mial number of variables and constraints in the input size, while a non-
compact model has a super-polynomial (often exponential) number of
variables or constraints. Considering model reformulation based on a
known model may result in tighter relaxation and more efficient algo-
rithms. Dantzig-Wolfe reformulation is a method that transforms a com-
pact model with decomposable structure into a non-compact one with
super-polynomial variables, which can be further solved by column gen-
eration [70, Chapter 11.2-11.3]. Benders reformulation, utilizing a so-
called staged decision structure, can transforms a compact model into a
non-compact one with super-polynomial constraints, which can be fur-
ther solved by row generation [70, Chapter 12]. However, there is no
systematic method for reformulating a non-compact model into a com-
pact one. Designing such a model relies mainly on a direct and problem-
specific insight.

o Symmetry: An ILP is symmetric if its variables can be permuted without
changing the structure of the problem. The presence of symmetry of-
ten leads to inefficient performance of B&B. Therefore, identifying and
breaking symmetry is a crucial step in modeling.

e Big-M constraints: It refers to constraints containing a big constant M
for modeling logical constraints. While valid for ensuring correctness
and a carefully selected value can mitigate the effect, the introduction of
M inherently weakens the LP relaxation, often leading to loose bound
and inefficient performance of solvers. This limitation motivates the use
of stronger M-free formulations (e.g., convex hull representations) when
applicable.

In Paper I, the resource optimization of channel and rate allocation prob-
lem is modeled as multiple ILPs (including compact and non-compact ones),
and the relationships between their LP relaxation bounds are analyzed, and
further heuristic-based integer solutions are derived. In Paper III, the joint
optimization problem of caching and recommendation is formulated as an ILP
via linearization and can be solved to optimum via solvers, serving as the
benchmark on small instances for performance comparison. In Papers V and
VI, the problems of joint CS and routing are modeled as MILPs, and can be
solved by solvers or designed heuristics.

3.3 Lagrangian Relaxation

Lagrangian relaxation [70, Chapter 10], is a widely used technique to obtain
tractable subproblems and useful bounds, often for ILPs and MILPs. The prin-
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ciple is to relax complicating constraints by incorporating them, weighted by
Lagrangian multipliers, into the objective function, yielding a relaxed problem
that is easier to solve, while iteratively adjusting the values of multipliers, to
get a tight bound of the optimum of the original problem.

Consider a general constrained maximization problem, often referred to as
the primal problem:

[Primal] max f(x) (3.5a)
st gi(x) <0, ie{l,...,m (3.5b)
xc 2, (3.5¢)

where 2" represents the set, possibly discrete, formed by the remaining con-
straints such that the structure is easy to handle. The constraints g;(x) < 0
are considered “complicating” in the sense that they make the problem hard to
solve directly.

The Lagrangian function, denoted by L(x,A), is formed by introducing
non-positive Lagrangian multipliers A; < 0 for the relaxed constraints and in-
corporating them into the original objective function:

L(x,A) = f(x) + ilig,-(x). (3.6)

The Lagrangian subproblem (SP) under given multipliers A, denoted by
0 (M), is defined as:
[SP] max L(x,A). 3.7
xeZ

Note that the SP is typically much easier to solve than the primal problem, and
decomposability is one of the features that worth to be utilized. Specifically,
if the feasible region and the objective and constraint functions are additively
separable with respect to a partition of the variable vector X = (Xj,...,Xy)
(where each x; is a sub-vector of variables), i.e., 2" = 2] x --- x 2y, f(x) =
Y fi(x;), gi(x) = ¥ ;gij(x;) for all i and j, the SP decomposes into N inde-
pendent subproblems.

To find the values of multipliers that result in the best possible upper bound,
the Lagrangian dual problem is defined as:

[Lagrangian-Dual] I)}liI(}GO»). (3.8)
<
Denote by OPTpimal, OPTsp(A) and OPTpy, the optimal objective values
of (3.5), (3.7), and (3.8), respectively, we have the following properties [70,
Chapter 10]:
e Weak Duality: Since A; < 0 and g;(x) < O for any feasible x in [Primal],

we have L(x,A) > f(x) for all primal feasible x and any A < 0. Conse-
quently, 0 (A ) provides an upper bound on the optimal objective value of
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[Primal] for any A, including the best one found by solving [Lagrangian-
Dual]. Hence, it always holds that

OPTLagrangian—Dual > OPTPrimal (39)

e Strong Duality: It means that OPTpy, = OPTpgimar, Which only holds
under certain cases, in particular convex optimization problems that sat-
isfy the Slater condition [68] and ILPs/MILPs with totally unimodular
matrices.

e More Stringent Bound than LP: If [Primal] is a MILP or ILP, another
common relaxation is LP relaxation. Denote by the OPTyp the optimal
bound achieved by solving the LP, it always holds that:

OPTLp > OPTLagrangian—Dual (3-10)

Equality holds, if the LP relaxation possesses the integer property, mean-
ing that at least one of its optimal extreme point solutions is integral.
For the solution of [Lagrangian-Dual], the subgradient method is one of
the standard approaches. The dual function 8 (A ) can be shown to be convex
but generally non-differentiable. Therefore, gradient-based methods cannot be
applied directly. A vector s € R™ is a subgradient of @ at A if for all A <0,
(L) >0 (A)+s" (A’ —A) holds. For [Lagrangian-Dual], a subgradient at A
is given by the constraint violation vector s(A ) = (g1 (x*), g2(X*), ..., gm(x*)) "
where x* € argmaxyc 2- L(X,A). The subgradient method iteratively updates
the multipliers as follows:

A+ = max <0, x"+ocks(x")), 3.11)

where oy, > 0 is the step size in iteration k. Common step size rules include
[70, Chapter 10.3]:
e Diminishing step size: 0y — 0, Y, 0 = oo, which guarantees conver-
gence to the optimal dual value.
o —o(A®)
s )2 *
(or an estimate of it) and 0 < y; < 2.
In Paper I, Lagrangian relaxation is used as a theoretical proof technique
to establish the equivalence between the LP relaxations of two ILP formula-
tions. In Paper IV, Lagrangian relaxation is applied to three resource limit
constraints. The resulting SP is decomposed with respect to each content and
further each content delivery mode. The subgradient method is adopted to
solve the Lagrangian dual problem, while SP is solved by the derived closed-
form solutions and bi-section search.

e Polyak’s step size: Oy = Yy where 0* is the optimal dual value
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3.4 Network Flows

Network flow problems [73] constitute an important class of combinatorial
optimization problems defined on graphs. Examples include maximum flow,
minimum cost flow, multi-commodity flows, and matching problems.

3.4.1 Maximum Flow

Given a directed graph G = (V,A) with node set V, arc set A, arc capacities
ujj > 0 for any arc (i, j) € A, a source node s € V, and a sink node 1 € V,
the maximum flow problem [73, Chapters 6-8], aims to send the maximum
possible amount of flow from s to ¢ while respecting arc capacities and flow
balance at all other nodes (i.e., inflow equals outflow). The problem admits a
natural LP:

max v (3.12a)
v, ifi=s
st. Y, xj— ), xp={-v ifi=t  VieV = (3.12b)
J(i.j)eA Jsri)ea 0, otherwise
OSX,‘jSM,’j V(l,]) €A (3.12¢)

where x;; is the variable representing the flow on arc (i, j) and v is the total flow
value. The first set of constraints enforces flow balance, and the second set is
the arc capacity constraints. Note that this LP has a very special structure: Its
constraint matrix is totally unimodular, and when capacities are integers, the
LP has integer property (i.e. at least one of its optimal extreme point solutions
is integral).

Besides, some algorithms [73, Chapters 6-8], exploit the combinatorial
structure of the problem rather than solving the LP generically.

e Ford-Fulkerson method: 1t iteratively augments flow along s-¢ paths in
the residual graph. Its complexity depends on the augmentation strat-
egy, with worst-case time complexity of O(JA| - Vimax ), where vyay is the
maximum flow value, making it pseudo-polynomial.

e Edmonds-Karp Algorithm: An implementation of Ford-Fulkerson that
uses breadth-first search to find the shortest augmenting path at each
iteration. This simple refinement guarantees termination in O(|V||A|?)
time, establishing polynomial complexity.

o Push-Relabel Algorithms (Preflow-Push): These algorithms use a local
strategy, maintaining a preflow and node height labels. Operations in-
volve pushing excess flow from higher to lower height neighbors and
relabeling nodes when necessary. Variants like the highest-label method
achieve efficient theoretical bounds (e.g., O(|V|*1/]A])).

The max-flow min-cut theorem [73, Chapters 6.3], is an important theorem
based on LP duality, stating that the maximum value of an s-t flow is equal
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to the minimum capacity of an s-f cut. Here an s-¢ cut is a partition of V into
sets S (containing s) and 7" (containing ¢); its capacity is the sum of capacities
of arcs from S to 7. The theorem not only provides a powerful structural
optimality condition but also inspires solution algorithms.

In Paper I, the max-flow min-cut theorem is utilized as an analytical tool
to establish an equivalence relationship between the LP relaxations of two ILP
formulations.

3.4.2 Minimum Cost Flow

Given a directed graph G = (V,A) with arc cost ¢;; and capacity u;; for any
arc (i, j), and b; representing the supply or demand of node i (depending on
whether b; > 0 or b; < 0), the minimum cost flow problem [73, Chapters 9-11],
seeks a feasible flow that satisfies all supplies/demands and arc capacities at
minimum total cost }.; jjca ¢ijxij- This problem can be formulated as an LP:

min Y cjx (3.13a)
(i,/)eA
st. Y xj— Y xji=b VieV (3.13b)
Ji(i,j)eA J:(j.i)€A
ng,-jgu,-j V(l,]) €A (3.13¢)

where . Note that the constraint matrix is also totally unimodular, hence if d
and capacities u;; are integers, the integer property of this LP holds.

The optimal conditions for minimum cost flows are the following [73, Chap-
ter 9.3]: Let &; be a potential (dual variable) for node i. The reduced cost of arc
(i,/) is cf; = ¢ij—m;+ ;. A feasible flow x* is optimal if and only if there ex-
ist node potentials 7 such that 1) if c?j > 0, then xl’fj =0,2)and if 0 < x;‘j < ujj,
then c?‘j =0, and 3) if cfj < 0, then x?j = u;j. Equivalently, c?j > 0 for all arcs
in the residual network of x*.

Algorithms for the minimum cost flow problem exploit this optimality con-
ditions [73, Chapters 9-11]:

e Negative Cycle Canceling: A negative cycle refers to a directed cycle
in the residual network whose sum of arc costs is negative. Based on
the optimality condition, the algorithm finds such cycles and sends flow
around them to reduce cost. The algorithm runs in polynomial time, if
specific cycle-selection strategy is deployed, such as always canceling
the cycle with the most negative average cost.

e Successive Shortest Path Algorithm: It incrementally satisfies node sup-
ply/demand by iteratively sending flow along shortest paths in the reduced-
cost residual network, using Dijkstra’s algorithm. It runs in polynomial
time, O(|V|*1og|V|+|V||E|) per augmentation.
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e Network Simplex Method: A empirically fast version of the simplex
method that operates on a spanning tree structure. While having ex-
ponential worst-case complexity, it is exceptionally efficient in practice.

In Paper I, the channel allocation subproblem under fixed user rate is proved
to be equivalent to a minimum-cost flow problem (with negative costs repre-
senting utility) on an acyclic graph. In Paper V, a routing subproblem with
given source and sink nodes in a time-varying graph (TVG) is modeled as a
minimum-cost flow problem and solved via LP solver.

3.4.3 Multi-Commodity Flows

In a multi-commodity flow problem, K distinct commodities share a network.
For each commodity k, denote by bi-‘ the supply or demand of node i (de-
pending on whether bf >0 or bi-‘ < 0). The goal is to route all commodities
simultaneously, respecting shared arc capacities, to maximize the total flow or
minimize the total cost. For cost minimization, this problem can be formulated
as the LP below:

K

min Y Y (3.14a)
k=1(i,j)eA

s.L. - Y Xi=b VievVk (3.14b)
J:(i.j)€A J:(J,)EA
Y i< V(i j)eA (3.14c)
k=1
x>0 V(i j) €AVk (3.14d)

While this problem can be solved by general-purpose LP algorithms, the
predominant classical approaches for large-scale instances are usually special-
ized techniques such as Lagrangian relaxation.

In Paper VI, the parameters of teacher and student FL. models correspond
to the two commodities. The routing sub-problem for them with given source
and sink nodes in a TVG is modeled as a minimum-cost multi-commodity
flow problem.

3.4.4 Matching

A matching in an undirected graph G = (V, E) is a subset of edges M C E such
that the edges in M do not have any common vertex. Matching problems [73,
Chapter 12], model pairwise assignment under exclusivity constraints. One of
its well studied branches is matching on bipartite graphs [74]. The key variants
of matching includes:
o Maximum Cardinality Matching: The task is to find a matching with the
greatest number of edges.
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o Perfect Matching: The task is to find a matching that covers all ver-
tices of the graph (|M| = |V|/2). A perfect matching is also a maximum
cardinality matching.

o Maximum-Weight Matching: Given edge weights w, for edge e € E, the
problem is to find a matching that maximizes the total weight } <y we.

e Complete Matching: Consider a bipartite graph G = (X,Y,E) where X
and Y are the two disjoint vertex sets. A matching is called a complete
matching with respect to X if each vertex in X is covered by an edge in
M.

For maximum cardinality matching in bipartite graphs, the Hopcroft-Karp
algorithm [75] achieves a time complexity of O(|E|/|V]). For maximum-
weight bipartite matching, the classic Hungarian algorithm [76] provides a
polynomial-time solution. For general graphs, Edmonds’ Blossom algorithm
[77] solves the maximum cardinality and maximum-weight matching prob-
lems in polynomial time. In addition, a maximum cardinality bipartite match-
ing can be solved by converting it into a maximum flow problem: We add
a source connected to all vertices in X and a sink from all vertices in Y, as-
sign unit capacity to all edges, and compute the maximum flow. Similarly,
the maximum-weight bipartite matching problem is equivalent to a minimum-
cost flow problem. This equivalence enables the design of network-flow-based
algorithms which is polynomial-time, for matching in bipartite graphs.

Hall’s marriage theorem provides a necessary and sufficient condition for
the existence of a complete matching from X to Y: For every subset S C X, the
number of its neighbors in Y, denoted by N(S), must satisfy |[N(S)| > |S].

In Paper I, the resource optimization problem under given rate allocation is
modeled as a bipartite complete matching problem. Hall’s theorem serves as
an analytical tool to prove the correctness of a non-compact model. In Paper
I1, a user pairing subproblem is modeled as the maximum-weight matching
problem on a generic graph, and solved via Edmonds’ Blossom algorithm.

3.5 Approximation Algorithms

In computational complexity theory, many optimization problems of practi-
cal importance are NP-hard, meaning that unless P = NP [78], there exists
no algorithm that can find an optimal solution for all instances of the prob-
lem in time polynomial in the input size. In some cases, approximation algo-
rithms [79] provide a viable alternative for computationally intractable prob-
lems. Such an algorithm runs in polynomial time and guarantees that the ob-
jective value of its solution is within a provable approximation ratio range of
the optimum.

Formally, for a minimization problem, an algorithm .27 is said to be a p-
approximation algorithm (for p > 1) if for any instance / of the problem, the
algorithm runs in polynomial time and produces a solution whose objective
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function value f,, (1) satisfies:

for(I)
OPT(I)

<p, (3.15)

where OPT (I) denotes the optimal objective value for instance /.

For a maximization problem, an algorithm .o/ is a p-approximation (for
O0<p < )if:

Jar (1)

OPT(I)
The value p is called the approximation ratio or approximation factor. A
polynomial-time approximation scheme (PTAS) [79, Chapter 8], is a family
of algorithms that, for any fixed € > 0, provides a (1 + €)-approximation (for
minimization) or (1 — €)-approximation (for maximization) in time polyno-
mial in the input size (though the running time may depend exponentially on
1/¢).

Submodularity [79, Chapter 23], is one of the key characteristics that en-
able the design of approximation algorithms. It refers to the property of set
functions with the notion of diminishing returns. A set function f:2" — R
is submodular if for all subsets A C B C S and any element e € S\ B, it holds
that:

>0p. (3.16)

fAU{e}) = f(A) = f(BU{e}) — f(B).
If additionally f(0) =0 and f(A) < f(B), then f is monotone non-decreasing.
These properties enable the design of algorithms with approximation guaran-
tees, under different constraints:

e Cardinality Constraint (i.e., set |S| has at most K elements): The greedy
algorithm [80] starts with S = 0 and iteratively adds the element e max-
imizing the marginal gain Ar(e|S) = f(SU {e}) — f(S), until |S| = K,
yielding a (1 — 1/e) approximation ratio.

e Knapsack Constraint (i.e., the sum weight of items in set |S| is at most
C): A modified greedy algorithm combined with partial enumeration
[81] yields a (1 — 1/e)-approximation guarantee.

In Paper I, the optimal cache-hit-ratio via optimizing recommendation de-
cision under given caching is proved to be monotone and submodular with
respect to the set of cached contents. Hence the optimal recommendation al-
gorithm is embedded into the modified greedy algorithms in [80] and [81] to
achieve a (1 — 1/e)-approximation guarantee for the overall joint optimization
of caching and recommendation.

3.6 Greedy Heuristics

Greedy heuristics are a class of iterative algorithms for combinatorial opti-
mization. The principle is to construct a solution step-by-step, making locally
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optimal choices at each stage without reconsidering previous decisions. At
every iteration, the algorithm selects the element that appears most benefi-
cial according to a myopic criterion — such as the highest immediate gain or
the best value-to-cost ratio — and adds it to the solution set. This process re-
peats until a complete feasible solution is formed. Known for their simplicity,
efficiency, and ease of implementation, greedy heuristics are widely used in
practice. Although greedy strategies sometimes reach approximation guaran-
tee, e.g., the submodularity-based one in Section 3.5, in most cases, there is
no guarantee on solution quality.

In Paper I, simple rounding and iterative rounding strategies represent
greedy heuristics for constructing integer feasible solutions from the fractional
LP solutions. In Paper 11, the traffic offloading decisions are made via greedy
heuristic based on channel gain information. In Paper III, the caching sub-
problem within an algorithm is solved via greedy heuristic. In Paper IV,
greedy heuristic is applied in a repairing algorithm in searching for feasible
solutions. In Papers V and VI, greedy heuristics are used for low-complexity
solution of CS along with feasibility check of routing.
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4. Scope and Contributions

4.1 Scope

This thesis, composed of six papers, explores a set of optimization problems
for resource allocation in mobile communications and edge computing. These
problems share the common characteristics that 1) the systems need to pro-
cess and accommodate “something" — whether it is user traffic in wireless net-
works, content to be cached or generated at the edge, or ML models distributed
across satellites, and 2) the systems require efficient resource allocation mech-
anisms to manage limited bandwidth, storage, or computational capacity. For
an overview, please see Table 4.1.

Table 4.1. Summary of the papers involved in this thesis.

Paper Mobile Communications Edge Computing
uRLLC and Ultra- | mMTC and eMBB and Edge Recomme- AIGC | FL | KD
Fast Scheduling NOMA Satellite Networks | Caching ndation
1 v
I v
11 v v
v v v
\ v v
VI v v |V

A summary of the optimization methodologies utilized in this thesis are
provided in Table 4.2.

Table 4.2. Summary of the optimization methodologies utilized in this thesis.

Convex Lagr i LP and ILP Network Flow Approximation | Greedy-based
Paper Optimization | Relaxation Flow Algorithms Heuristic
LP | ILP | MILP Matching
Problems
1 v v v v v v
I v v v
il v v v
v v v v
v v v v v
VI v v v

4.2 Contributions

The papers in Part II are along three research lines: Papers I and II on radio
resource scheduling, Papers III and I'V on content caching, computing, recom-
mendation, and delivery, and Papers V and VI on FL in satellite networks.
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Paper I: On Optimization Formulations for Radio Resource Allocation
Subject to Common Transmission Rate

This paper studies the radio resource allocation problem under common
transmission rate constraints. We first provide a complexity analysis. Next,
several ILP formulations for the problem, including compact as well as non-
compact models, are derived. We then provide a rigorous comparative study
of their LP relaxations, to reveal the relationship between the formulations in
terms of bounding. Numerical results in LP bounding and LP-assisted problem
solving are presented. This study sets a ground for the next step of developing
model-based and tailored millisecond-level scheduling algorithm.

Personal contributions: Investigation of related work, conceptualization of
model formulations, formal analysis (partial), algorithm design, simulation
and visualization, writing of the original draft (partial), and revision according
to the review comments.

Paper II: Delivering More to Cell Edge via Joint Multi-Cell NOMA
and Traffic Offloading

This paper leverges NOMA and traffic offloading to benefit the through-
put of cell-edge users. We formulate the throughput maximization problem,
with RB allocation, power allocation, user paring, and offloading decision to
be optimized, accounting for the impact of inter-cell interference. We then
develop an iterative algorithm based on problem decomposition and structural
analysis to address this problem. Numerical results show that the proposed
scheme considerably improves the cell-edge throughput, compared with the
conventional schemes.

Personal contributions: Investigation of related work, formal analysis and
algorithm design, simulation and visualization, writing of the original draft,
and revision according to the review comments.

Paper III: Caching with Personalized and Incumbent-Aware Recom-
mendation: Modeling and Optimization

This paper addresses the joint optimization of caching and incumbent-aware
recommendation. The incumbent content refers to the content that a user is
currently browsing, resulted by the user’s short-term interest. We investigate
the influence between caching and recommendation through content popular-
ity. For the proposed cache efficiency maximization problem subject to user
satisfaction requirements, we prove its NP-hardness, and derive an ILP for-
mulation and three polynomial-time algorithms. Among them, the first two
are based on sub-modularity, with approximation guarantee under mild con-
ditions, while the last one is an alternation-based algorithm with fast con-
vergence. Numerical results show the close-to-optimal performance of the
proposed algorithms.

Personal contributions: Proposal of the research topic, conceptualization
of the problem under study, investigation of related work, formal formulation
and analysis, algorithm design, simulation and visualization, writing of the
original draft, and revision according to the review comments.
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Paper IV: What to Deliver? When Resource Allocation Meets AIGC
on Network Edge and User Device

This paper optimizes communication resource allocation, computing re-
source allocation, and delivery mode selection for AIGC. AIGC can be cached
at edge, generated at edge, or generated on device. We account for the trade-
offs between content quality and resource consumption, and develop an effi-
cient solution based on convex optimization and Lagrangian relaxation, with
near-optimal performance in simulation.

Personal contributions: Proposal of the research topic, conceptualization of
problem and formulations, theoretical proof (partial), algorithm design (par-
tial), simulation and visualization, writing of the original draft (partial), revi-
sion according to the review comments, and presentation.

Paper V: Orchestrating in the Sky: Joint Routing and Client Selection
for Federated Learning in LEO Networks

This paper investigates CS and inter-satellite routing for on-orbit FL to-
wards fast convergence. We derive and minimize an upper bound of the global
empirical loss as the objective function, to speed up the convergence. We
model the constraints of inter-satellite routing via TVGs and network flow
theory. We propose both exact and approximate solutions for the joint opti-
mization problem of CS and routing. In addition, we formalize and prove the
convergence property of our approach. Last, by simulation we demonstrate
the efficiency and superiority of the proposed scheme for realistic satellite net-
working scenarios.

Personal contributions: Proposal of the research topic, conceptualization
of the problem under study, investigation of related work, formal formulation
and analysis, algorithm design, simulation and visualization, writing of the
original draft, revision according to the review comments, and presentation.

Paper VI: Distilling Intelligence in Space: Optimized Dual Federated
Learning amid Orbital Dynamics

As an extended work of Paper V, this paper further considers heteroge-
neous models and KD, for smart energy utilization and fast convergence of
on-orbit FL. We develop a KD-assisted dual-FL framework with dedicated
convergence analysis, derive upper bounds on both models’ global empiri-
cal loss, and jointly optimize CS and inter-satellite routing. Simulations on
real-world satellite constellations showcase a significant performance edge of
dual-model FL with KD in pushing the boundaries of on-orbit intelligence.

Personal contributions: Proposal of the research topic, conceptualization
of the problem under study, investigation of related work, formal formulation
and analysis, algorithm design, simulation and visualization, and writing of
the original draft.
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