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Abstract

Next-generation wireless networks are expected to achieve extremely high throughput, supporting diverse
bandwidth-intensive applications such as Meta-verse and digital twins. At the same time, artificial intelligence
(AI), especially deep learning methods, is going to play an indispensable role in future network designs. Given
the above urgent needs of pursuing high throughput and integrating Al into wireless networks, this dissertation
is dedicated to boosting network throughput with Al-assisted algorithms. The overall design framework consists
of three architectural levels, namely network infrastructure level, resource management level, and link level. At
each level, critical research problems are stated and Al-based approaches are designed to resolve them.

At the network infrastructure level, as deployment of radio sites becomes significantly denser, wireless
backhauling provides a more cost-effective and flexible solution than fiber-based wired backhauling. With
wireless backhauling, building high-throughput backhaul mesh networks is one of the most intriguing problems
to be studied, which is critical for ensuring broad coverage and connectivity of future networks. To maintain high
throughput, the architecture of a backhaul mesh network needs to be augmented by adding relays. However,
how to place relays at appropriate sites poses two challenges: 1) there lacks a theory to capture the relationship
between a certain change of network architecture and its throughput gain; 2) selecting the best sites for relays
is a complicated combinatorial problem. To tackle the first challenge, a clique-based bottleneck theory is first
established, through which a clique-based bottleneck structure of a given network architecture is constructed to
determine the network throughput. Based on this bottleneck structure, clique gradients are then computed to
quantify the impact of each clique on the overall network throughput. With the clique-based bottleneck theory,
the second challenge is resolved by embedding clique gradients into a deep reinforcement learning (DRL) scheme.
Specifically, the DRL actions are masked such that only the relay sites that match the highest clique gradients
are selected. This DRL-based relay placement (DeepRP) scheme is evaluated via extensive simulations, and
performance results show that it can boost network throughput by more than 50%, which is 10.4-32.1% higher
than those of baseline schemes.

At the resource management level, network slicing is considered as an indispensable technology for managing
resources for diverse network services within a shared physical network infrastructure. To realize network slicing
for radio access networks, one of the most intriguing tasks is slice enforcement over air interfaces across multiple
cells. The challenges lie in several aspects. First, resources allocated to different slices must achieve soft isolation
at the link level. Second, users’ diverse quality-of-service (QoS) requirements must be satisfied even when
communication links experience fading and interference. Third, long-term slicing policies must be conformed,
no matter how unbalanced they are. To address these challenges, link-level slice enforcement is first formulated
as a resource allocation problem that minimizes radio resource consumption while ensuring link-level soft slice
isolation, guaranteeing users’ diverse QoS requirements, and conforming to slicing policies. Next, this problem
is tackled via a DRL-based approach, through which LinkSlice is designed as an iterative two-stage algorithm.
The first stage determines transmission rates for each link based on DRL. It is embedded with a graph neural
network (GNN) to characterize link interference. Based on the transmission rates from the first stage, the
second stage allocates resources to each slice. Performance results show that LinkSlice converges quickly to
a near-optimal solution. It gracefully tackles the three challenges of link-level slice enforcement while further
improving throughput by 18.5%.

At the link level, designing neural-network-based wireless receivers (i.e., neural receiver) is one of the most

promising technologies in Al-native communications. An uplink neural receiver is usually pretrained offline and
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deployed online at a base station (BS). However, its performance can degrade in varying channel environments,
so the neural receiver must be retrained online to maintain high performance. Two aspects of online learning
are considered: 1) how to realize short-term fast adaptation; 2) how to improve long-term online generalization
ability of one neural receiver. Targeted at these two aspects, a short-term online adaptation scheme of a partially-
learned neural receiver (i.e., neural channel estimator) is first designed, and then a long-term collaborative online
training framework of multiple fully-learned neural receivers is developed, which are elaborated as follows.

First, short-term online adaptation of a neural channel estimator is considered. Conventional methods
demand ground-truth channel coefficients as supervised labels, but such labels are unavailable online. To this
end, a self-supervised task is introduced on top of the original channel-estimation task to facilitate label-free
adaptation of neural estimators. Specifically, this task randomly masks a fraction of resource elements in
each received frame and reconstructs such masked parts. To enable effective reconstruction, the task input
must incorporate two components: the unmasked parts and estimated data-symbols of masked parts. These
estimated symbols are obtained via an online symbol-recovery mechanism, so no additional pilot overhead
is incurred. To consolidate the self-supervised task with the original task, a two-branch masked auto-encoder
(MAE) model called ChannelMAE is developed, with each branch dedicated to one task. The two branches share
the same encoder but use separate decoders. During online adaptation, the encoder is updated by optimizing the
self-supervised branch, which learns channel statistical features and shares them with the channel-estimation
branch. Therefore, online channel-estimation accuracy is much improved. Extensive experiments show that
ChannelMAE reduces channel-estimation error by up to 71.8% and 87.1% compared with the pretrained model
and the state-of-the-art adaptation scheme, respectively.

Second, long-term collaborative learning among multiple neural receivers is indispensable for each of them to
acquire channel knowledge efficiently. To this end, a graph-based collaborative learning scheme called GraphRx
is developed to retrain uplink neural receiver collaboratively among BSs. First, considering a collaboration graph
among BSs, GraphRx is formulated as a personalized federated learning problem, wherein the graph weights and
neural receiver models are learned together so that generalization and personalization are jointly optimized. Sec-
ond, the problem is solved through an alternating approach under the federated learning paradigm. Particularly,
an approximate generalization bound is derived to enable graph optimization at the server without accessing
local data on BSs. To reduce the overhead of training pilots, data augmentation is employed. GraphRx is evalu-
ated via extensive simulation. Key parameters of GraphRx are first found through an ablation study. Next, the
effectiveness of the approximation in the generation bound is validated. Comparisons with the state-of-the-art
schemes are finally conducted. Results show that, given the same coded bit error rate, GraphRx achieves an
SNR gain of 0.4-0.9 dB and 0.5-2.1 dB for the cases without and with inter-cell interference, respectively.

In summary, this dissertation identifies four critical research problems at the network infrastructure level, re-
source management level, and link level, respectively. The Al-assisted approaches are developed correspondingly

to address each of these problems, where they function collectively to boost network throughput significantly.
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Set of edges in the interference graph
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T Network throughput
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CN Core network
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DL Deep learning
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OFDM Orthogonal frequency division multiplexing
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ReLU
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SLA

SNR

SSL

TDD
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Physical layer

Physical network operator

Proximal policy optimization
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Quadrature amplitude modulation

Quality of services
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Resource element

Rectified linear unit

Root mean squared
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Symbol error rate
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Signal-to-interference-and-noise ratio
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Service level agreement

Signal-to-noise ratio
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Chapter 1
Introduction

1.1 Al for Wireless Networks: Boosting Throughput at Three Archi-

tectural Levels

The sixth generation (6G) wireless networks are envisioned to be deployed and commercialized in the 2030s (6G
Flagship, 2025; Letaief et al., 2019). A wide range of research initiatives are proposed worldwide in academia
and industry to explore promising aspects of 6G (6G Flagship, 2025; Letaief et al., 2019; Wang et al., 2023).
It is expected that the next-generation wireless networks can achieve extremely high data rates exceeding 100
Gigabits per second (Gbps), low latency of less than 1 millisecond (ms), and ultra-enhanced connectivity. In
such future networks, a growing number of diverse applications has been proposed, such as Metaverse (Wang
et al., 2023), augmented reality /virtual reality (Giordani et al., 2020; Wang et al., 2023), and holographic
telepresence (Giordani et al., 2020). The above potential applications are bandwidth-intensive or throughput-
hungry: they require the network to sustain a high network throughput. For instance, vast amounts of data
such as complex 3D graphics must be transmitted to create a virtual environment in Metaverse. For truly
immersive remote interaction that stimulates all five human senses, these sensory data will further raise the
total throughput requirements of future networks. Therefore, to support these promising applications in future
wireless networks, boosting throughput is one of the most critical aspects, and it is the focus of this dissertation.

Artificial Intelligence (AI)-based methods will play a crucial role in future wireless networks (Zhang et al.,
2019; Liu et al., 2023; Giordani et al., 2020). 6G networks are envisioned to be Al-native (Letaief et al., 2019),
where AI will not only be an alternative tool but an indispensable component of wireless networks. This

is because future wireless networks will reach a level of complexity that renders the traditional model-based
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methodology insufficient (Zhang et al., 2019; Liu et al., 2023), and this motivates us to equip future wireless
networks with Al capabilities.

Therefore, this dissertation aims to develop Al-assisted algorithms for boosting network throughput instead
of conventional methods. However, this is a comprehensive research problem that must be carefully decomposed
into sub-problems, since network throughput is a complicated metric influenced by diverse designs at various
architectural levels. To fulfill such decomposition, we adopt a coarse-to-fine design paradigm, focusing sequen-
tially on three critical architectural levels: network infrastructure level, resource management level, and link

level at the physical layer (PHY). They are elaborated in detail as follows.

e Network infrastructure level: This foundational level provides the physical and logical structures
necessary for network operation, which can significantly impact the overall capacity. At this level, we
especially consider a backhaul network infrastructure with multi-hop wireless connectivity, which enjoys
lower deployment costs, higher flexibility, and better signal coverage than the wired counterpart. The
problem of how to augment a multi-hop backhaul network by placing backhaul relays into the network is
studied. By exploiting AI algorithms, an intelligent relay placement scheme can be obtained, which can

significantly boost the overall network throughput.

e Resource management level: A high-capacity network infrastructure provides the foundation for
deploying diverse services and optimizing their resources. This level is focused on how to optimize resource
management for diverse network services. At this level, we especially consider the design of radio access
network (RAN) slicing. By applying AI algorithms here, network resources can be dynamically allocated
in a way that maximizes resource utilization efficiency while satisfying service requirements, equivalent to

boosting network throughput with a given number of resources.

e Link level: Effective service-level management ensures that network traffic is efficiently allocated onto
the physical layer at the link level. This level is focused on designing advanced physical layer technologies
to improve link-level throughput by reducing bit errors. At this level, we especially investigate neural-
network-based wireless receivers. With an optimized infrastructure and effective service management
already in place, network throughput can be further boosted as each link of this network achieves a higher

link-level throughput.

In summary, leveraging Al-assisted algorithms, these three levels, i.e., network infrastructure level, resource
management level, and link level, are significantly advanced and optimized, operating in concert to boost overall

network throughput.
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Backhaul gateway
Backhaul node

Flow traffic
Candidate relay sites

Network bottlenecks

->End-to-end aggregate flow —Wireless backhaul link ---Potential relay link

Figure 1.1: Backhaul mesh network with network bottlenecks.

1.2 Research Problems and Challenges

As stated above, the objective of this dissertation is to boost network throughput at three different architectural
levels via Al-assisted methods. The research problems and their key challenges are presented for each level

respectively as follows.

1.2.1 Network Infrastructure Level: Relay Placement for Wireless Backhaul Net-

works
Research Problem

We especially consider a network infrastructure with multi-hop wireless connectivity, which enjoys lower deploy-
ment costs, higher flexibility, and better signal coverage than the wired counterpart. However, it is challenging
to design the infrastructure of a multi-hop wireless backhaul network (i.e., backhaul mesh) to achieve high
network throughput. This is because network bottlenecks arise in various congestion regions of the network
(Ros-Giralt et al., 2019) that interact with each other. As shown in Fig. 1.1, two regions are overloaded with
flow traffic such that they constitute the bottlenecks B; and Bs for these flows. In this case, if one tries to
resolve the bottleneck Bj, it is short-sighted to only focus on this single bottleneck without considering the
interaction between two bottlenecks. If the formation of By leads to By, there will be much more performance
gain by resolving By instead of By. Although some recent work (Ros-Giralt et al., 2019) studies this interaction
among bottlenecks in wired networks, there is no existing work studying the complicated relationship among
bottlenecks in wireless networks.

Therefore, at the network infrastructure level, we study the problem of how to design a backhaul mesh

network by considering interactions among bottlenecks. Instead of building an entire network from scratch, a
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network infrastructure augmentation problem is formulated where backhaul relay nodes are dynamically placed
in the currently deployed backhaul mesh. The process of network augmentation refers to relay placement in the
rest of this dissertation, whose design principle perfectly aligns with the developing trends of 6G networking, as
there exist various candidate relays that support flexible networking, such as mobile BS, vehicle mounted relays,
smart repeaters, and even intelligent reflective surfaces. The candidate location sites of relays are assumed to
be known in this problem (Yan et al., 2021; Li et al., 2023), and a set of relays are deployed at the selected
candidate sites. Relay placement is considered an online dynamic process where the number of relays and their
sites can be adjusted periodically or on demand during network operation. In this way, network throughput

can be significantly boosted.

Challenges

To augment the network architecture for higher network throughput by adding relays, challenges lie in three
aspects. First, the complicated interactions among network bottlenecks in 6G backhaul mesh must be captured,
from which the relationship between the network architecture and the network throughput is determined. In
wired networks, such interactions are captured via constructing a directed acyclic graph (DAG) named the
bottleneck structure and the quantitative theory of bottleneck structures (QTBS) is developed in (Ros-Giralt
et al., 2022, 2021) to quantify the interactions among bottleneck links, and it is named the link-based bottleneck
theory in the rest of the dissertation. However, this theory cannot be applied to the wireless case as it cannot
capture various scenarios of link resource conflicts, such as inter-link interference, time sharing due to beam
switching, and time division duplex (TDD) constraints (Wang and Wang, 2023). How to develop the bottleneck

theory for wireless networks remains an open problem.

Second, the impact of each bottleneck on the network throughput needs to be accurately quantified. As
the objective of relay placement is to boost network throughput with fewer relays, the bottlenecks with the
highest impact on the overall network throughput must be identified, which enables the placement of relays to

be specifically aimed at resolving these critical bottlenecks.

Third, after identifying the network bottlenecks with a significant impact on network throughput, the relays
need to be placed at the optimal sites that are selected from the candidate sites to resolve these bottlenecks.
Since network throughput is derived based on bottleneck theory in this dissertation, the objective of throughput
maximization cannot be expressed analytically as a differentiable function. Traditional optimization techniques

cannot address this problem, and thus a learning-based relay placement scheme is called for.
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1.2.2 Resource Management Level: Slice Enforcement for Multi-Cell Radio Ac-

cess Networks
Research Problem

At the resource management level, to meet diverse service demands of future networks, network slicing techniques
(Afolabi et al., 2018; Foukas et al., 2017; Zhang et al., 2017) have been proposed as a key enabler to provide
efficient network management. Network operators split a shared physical infrastructure into several virtual
networks, each of which consists of multiple network slices. As a building block of an end-to-end virtual
network, a network slice spans both core networks (CN) and radio access networks (RAN). Therefore, network
slicing falls into two main categories, CN slicing and RAN slicing (3GPP TS 28.542, 2018).

While CN slicing has already been specified by the 3GPP standards (3GPP TS 28.542, 2018), RAN slicing
is still in its early stages. In recent years, RAN slicing has attracted great attention from both academic
and industrial researchers (3GPP TR 38.801, 2017; 3GPP TS 28.541, 2024; D’Oro et al., 2020; Ferrus et al.,
2018). As shown in Fig. 1.2, virtual network operators (VNO) who own and manage network slices need to
form payment contracts with physical network operators (PNO) based on the amount of resources allocated to
network slices. Such payment contracts are termed service level agreement (SLA) as specified in (3GPP TS
28.542, 2018). Since the users who subscribe to a slice can be distributed across multiple cells, RAN slicing thus
involves multiple base stations(Sun et al., 2021; Tang et al., 2019; D’Oro et al., 2019).

RAN slicing mainly consists of two phases in sequence (D’Oro et al., 2019): slicing policy determination and
slice enforcement. In the phase of slicing policy determination, both VNOs and PNOs are involved in determining
slicing policies for admitted slices. A slicing policy is a type of SLA that prescribes the percentage of resources
reserved on base stations for each admitted slice (D’Oro et al., 2019). In the phase of slice enforcement, given
the predetermined slicing policy, physical resource blocks (PRBs) on the involved base stations are allocated
to each slice. The problem of slicing policy determination is well addressed by many schemes in the literature
(Hua et al., 2020; D’Oro et al., 2018; Sexton et al., 2020). Slice enforcement, however, remains under-explored.
Therefore, at the resource management level, we study the problem of how to perform slice enforcement in a

multi-cell RAN to boost network throughput.

Challenges

Slice enforcement needs to consider several requirements. First, slice isolation needs to be ensured so that
the behavior of one slice does not cause performance degradation in another slice (3GPP TR 38.801, 2017).

Thus, interference among different slices, i.e., inter-slice interference, needs to be avoided by resource separation
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Figure 1.2: RAN slicing framework in 5G scenarios.

between slices. Second, QoS of users in each slice must be satisfied even under the influence of channel fading
and interference. Third, the allocation of PRBs needs to conform to a predetermined slicing policy. This
requirement is nontrivial, as slicing policies are periodically determined on a much larger timescale than a radio

frame, thus requiring long-term conformance.

To satisfy these requirements, slice enforcement needs to be conducted at the link level rather than at the level
of a whole slice. The reason is two-fold. First, slice-level enforcement is focused on the aggregated performance
of the slice. It cannot guarantee fine-grained QoS performance of each user, while link-level enforcement can
satisfy each user’s demands via proper handling of fading and interference on the communication link of the
user. Thus, it is desired to allocate resources directly to a link. Second, the number of users served by a slice
varies from one cell to another, resulting in unbalanced slicing policies in different cells, as shown in Fig. 1.3.
If slice enforcement is carried out per slice (without link-level scheduling) under unbalanced slicing policies,
a great amount of resources will be wasted to ensure slice isolation. For example, in Fig. 1.3, if PRBs are
allocated to slice A conforming to its slicing policy in cell 1, then most of these PRB resources (i.e., interfering
resources in Fig. 1.3) cannot be reused in cells 2 and 3 to avoid inter-slice interference. To solve this problem,

slice enforcement at the link level is indispensable.

Link-level slice enforcement makes the requirements of slice enforcement even more challenging, particularly
in two aspects. First, slice isolation needs to be conducted at the link level. So far there exist two major types
of resource separation: hard isolation and soft isolation. Hard isolation allocates dedicated PRBs to each slice
in a network-wide manner but at a great sacrifice of spectral efficiency (Tang et al., 2019). Soft isolation (D’Oro
et al., 2019), however, only requires dedicated resources for a slice on interfering base stations. In other words,
different slices can reuse the same PRBs unless they are deployed on interfering base stations. Apparently,
soft, isolation is preferred because of its higher spectrum efficiency. However, how to ensure soft isolation at

the link level remains a challenging issue. Second, long-term conformance of slicing policies is closely related



=

0011=s-72

1.2 — Research Problems and Challenges 9

Time

() ()
Cell 1 A celliz Frequency

Slice A [IEI) slice A [l
Slice B | SliceB [0 ]

Resources

for Slice A Cell 1

Slice C . Slice C I i
Interfering
((( ,)) Slice-level enforcement tesolces for Cell2
Cell 3 Slice Band C
causes a waste of resources
Slice A I >
Slicing policy o Slice B | e
. 0, nterrering
S2C resources for Cell 3
Slice Band C

Total PRB resources: 100%

PRB resources

Figure 1.3: Slice-level enforcement with unbalanced slicing policies in multi-cell RAN slicing.

to short-term link-level behavior of slices in each radio frame. Thus, while evaluating long-term conformance
of a network slice, link-level performance in each radio frame needs to be characterized, which is still an open

problem.

1.2.3 Link Level: Online Learning of Uplink Neural Receivers

Machine learning (ML) and deep learning (DL)-based wireless PHY design serve as the cornerstone of 6G
networks (Honkala et al., 2021). Particularly, the neural network-based wireless receiver, named neural receiver,
is one of the most promising solutions for 6G receiver design (Honkala et al., 2021). In this dissertation, the
term “neural receiver” refers to a receiver that uses neural networks (NN) to replace specific function modules
or to completely substitute the entire receiver.

As shown in Fig. 1.4(a) and (b), for a fully-learned OFDM neural receiver, all the traditional OFDM receiver
modules are replaced by an end-to-end NN. As shown in Fig. 1.4, in a fully-learned neural receiver, the channel
estimator and detector are replaced by a neural network that takes the frequency-domain receive signals as
inputs and outputs the soft-detection bits. By contrast, for a neural receiver with a partially-learned design,
only specific modules are replaced by NN while the remaining ones are still traditionally designed. As shown in
Fig. 1.4(c), an NN-based channel estimator is named neural channel estimator. It only replaces the conventional
channel estimator by an NN, which takes pilot-based channel estimates as inputs and predicts full-frame channel
coefficients. This is also termed as a partially-learned neural receiver. A neural receiver, either fully-learned or
partially-learned, can significantly outperform traditional schemes without requiring explicit channel modeling
or knowledge of channel statistics in real-world scenarios (Honkala et al., 2021; Belgiovine et al., 2021). It can be
deployed at a base station (BS) for uplink communications or at a user terminal for downlink communications.

This dissertation is focused on OFDM uplink communications, but the designs can also be extended to downlink
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scenarios.

A neural receiver is pre-trained offline and then deployed online at a BS. It is usually impractical for an
offline pretraining dataset to cover all possible channel conditions (Fischer et al., 2022; Jiang et al., 2021), so
the performance of the pre-trained neural receiver can degrade in varying channel environments. Therefore, it is
indispensable for the neural receiver to conduct online adaptation to improve its performance. In other words,
neural receivers need to be retrained online.

There are two crucial design aspects for the online adaptation of neural receivers. The first involves con-
ducting efficient, short-term online adaptations to promptly respond to changes in the channel environment.
The second focuses on enhancing the long-term online generalization and robustness of neural receiver models.

In the following, two problems respectively focused on these two aspects, and their challenges are stated.

Research Problem and Challenges of Short-Term Adaptation

Regarding short-term online adaptation, we focus on studying partially-learned neural receivers, specifically
neural channel estimators as shown in Fig. 1.4. This is because the model size of a fully-learned neural
receiver is generally much larger than a partially-learned one, and thus retraining a partially-learned model
renders higher computation efficiency of short-term online adaptation. Existing solutions to online adaptation
of OFDM neural channel estimators (Wang et al., 2022; Luan and Thompson, 2023; Zhang et al., 2023; Kong
et al., 2025) still pose two challenges. First, conventional adaptation methods demand ground-truth channel
coefficients as supervised labels, but such labels are unavailable online (Wang et al., 2022). Some studies (Luan
and Thompson, 2023; Kong et al., 2025) obtain approximated channel coeflicients using prior channel statistics,

but acquiring such prior knowledge is also unrealistic. Second, how to avoid additional pilot overhead is crucial.
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Existing work either doubles pilot overhead (Luan and Thompson, 2023) or periodically populates an entire
OFDM frame with pilots for online adaptation (Wang et al., 2024, 2025a,b). Such schemes also incur control
signaling overhead, as signaling messages are required to trigger transmission of these additional pilots (Luan
and Thompson, 2023). To the best of our knowledge, there still lacks an online learning framework that can
fully resolve the above two challenges. To this end, a self-supervised task that does not require true channel
coefficients or additional pilots is introduced on top of the original channel-estimation task (i.e., main task).
The key insight is that this new task must learn the latent features that benefit the main task. As a result,
via online self-supervised learning (SSL) of this task alone, online features are captured and shared with the
main task, thereby improving the main-task performance. This design rationale is inspired by test-time training
(TTT) in machine learning (Sun et al., 2020; Gandelsman et al., 2022; Liu et al., 2021).

While designing the channel-estimation task is straightforward, there still exist three challenges: 1) how to
design an appropriate self-supervised task (also named SSL task) that aligns with the above design principles;
2) how to design a model architecture to consolidate the SSL task with the original task; 3) how to design an

effective and efficient training strategy.

Research Problem and Challenges of Long-Term Collaboration

Regarding long-term online generalization and robustness of neural receivers, single-BS learning is not suffi-
cient. Rather, collaborative online retraining among multiple BSs is considered (Mashhadi et al., 2021). In a
collaborative learning framework, each BS collaborates with other BSs to learn its neural receiver under the
coordination of a central server, such that the knowledge accumulated in the entire multi-cell network can be
exploited. Specifically, we study collaborative learning among multiple fully-learned neural receivers. Given
that training can span a relatively large period, there is sufficient time and computational resources for each
BS to train its fully-learned neural receiver effectively.

As shown in Fig. 1.5, multiple small BSs are connected to a central server via backhaul links (Wang
et al., 2022), and the central server coordinates the process of multi-cell collaborative learning for uplink neural
receivers. To assist online learning, each BS needs to build up a local labeled dataset based on pilot-based
training sequences. Multi-BS collaborative learning holds two key advantages as compared to single-BS local
learning. First, it overcomes the problem of limited observation of channel instances in local learning. Through
collaborative learning, the neural receiver in a cell enriches its online knowledge by learning data distributions
from other cells, so the model generalization ability is enhanced. Second, collaborative learning helps neural

receivers improve their capability of handling inter-cell interference. As such interference encodes other cells’
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channel information, a neural receiver with multi-cell channel knowledge can better grasp the statistical features
of interfered signals.

It is challenging to design an appropriate collaboration mechanism to fulfill online collaborative learning
among multiple cells. A straightforward one is to consider centralized learning where multi-cell data are gathered
in one server. However, this strategy is not always desirable for two main reasons. First, there exists a privacy
concern (Niknam et al., 2020), as physical layer data at a BS are not supposed to be exposed to an entity in the
cloud unless a cloud RAN is considered. Second, centralized learning demands a costly server with abundant
storage and computing resources. Therefore, it is more desirable to develop a distributed collaborative learning
scheme that keeps the data locally. A common framework that can be adopted is federated learning (FL)
(McMahan et al., 2017; Mashhadi et al., 2021), where a global model is learned with locally-held data. However,
due to data heterogeneity across cells, the unified global model may perform even worse than the local models,

which indicates a lack of personalization.

1.3 Related Work

1.3.1 Relay Placement for Multi-Hop Wireless Networks

Relay placement for wireless multi-hop backhaul networks is a critical problem that attracts much attention
from researchers (Hu and Blough, 2017; Chen et al., 2021; Ntontin et al., 2021). In (Hu and Blough, 2017),
multiple relays are deployed between a pair of BSs in an mmWave backhaul network to overcome severe path
loss and blockage issues. The placement of unmanned aerial vehicles (UAV) and reflective intelligent surfaces
(RIS) for wireless backhauling are studied respectively in (Chen et al., 2021) and (Ntontin et al., 2021) to
provide better alternative communication paths than the direct single-hop paths. However, the above work
does not aim to boost network-wide throughput. The optimal placement of multiple RISs in RIS-aided indoor
THz communications is studied in (Saqib et al., 2024). This scheme aims to maximize the coverage area and

only two-hop links (i.e., BS-RIS-user links) are considered. In (Diamanti et al., 2021), a resource management
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framework is designed for the IAB network. Although the framework can optimize the end-to-end data rate,
only one IAB node and one IAB donor is considered in (Diamanti et al., 2021), and thus only a single two-hop
backhaul link is formed. Such a system setup significantly simplifies the resource reuse scenario and directly
eliminates the network bottleneck problem. A practical heuristic relay placement scheme is designed for multi-
hop wireless networks in (Nikolov and Haas, 2016). It jointly optimizes relay node locations and traffic loads
to minimize the overall number of packet retransmissions. By contrast, we aim to maximize the network
saturation throughput. In (Minelli et al., 2014), a multi-stage relay placement scheme is designed to maximize
network connectivity, where the coarse relay sites are identified first and then the ideal sites are selected and
refined. However, the scheme is more focused on inter-node reachability, and it does not consider the flow
distribution and flow fairness regarding network throughput. The relay placement or relay selection algorithms
designed in (Magéan-Carrién et al., 2016; Chang et al., 2014; Yang et al., 2012) aim to improve the throughput
for relay-assisted cellular networks, but only two-hop transmission links between BS and users are taken into

account.

Relay placement problem has also been studied in wireless sensor networks (Magén-Carrién et al., 2016;
Liang et al., 2021), but their main objectives are to improve connectivity or reduce hop count for power-limited
sensor nodes. Relay nodes are placed to maximize data throughput received at sink nodes in (Flushing and
Caro, 2013). However, resource sharing and interference patterns are considered through the maximum number
of flows that can circulate within a disk of a fixed radius centered at each node. This method cannot capture
the interference pattern as accurately as the link conflict graph and cliques. Also, flow fairness is ignored in

(Flushing and Caro, 2013).

Deep reinforcement learning (DRL) has been demonstrated to be a promising approach to solving sequential
decision problems in many fields (Zhu et al., 2021; Ye et al., 2019; Shi et al., 2021; Liang et al., 2020; Zhao et al.,
2019; Li et al., 2020). Considering a wireless backhaul network, Abdelmoaty et al. (2022) designs a multi-level
hierarchical network architecture and determines which level each node is at to form the hierarchical topology
based on DRL. There also exists some work focusing on the high-frequency wireless backhaul networks, such
as mmWave backhaul. In (Huang and Wang, 2023), a Bayesian approach is designed to optimize the DAG
structure of an integrated access and backhaul (IAB) network in mmWave bands, such that bursty traffic can
be sustained with the highest probability. In (Simsek et al., 2021), a DRL-based topology formation approach
is designed for mmWave IAB networks to maximize the minimum link capacities on the paths from IAB donors
to IAB nodes. However, the above work does not consider the impact of inter-link interference, and their design

objectives are not fundamentally providing more network capacity.
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Compared to designing topologies based on the existing nodes, adding new nodes can provide much more
opportunities for resolving network bottlenecks. Therefore, on the network infrastructure level, this dissertation
is focused on the approach of relay placement to boost network throughput, and our novelty lies in the following
aspects: 1) we consider a general multi-hop and multi-flow wireless backhaul network, where the flow fairness and
flexible flow distribution are considered; 2) based on this set-up, we aim to maximize the fairness-based network
saturation throughput that is not considered thoroughly before; 3) to achieve the throughput-maximization
goal, the problem of relay placement is studied by considering the interactions among network bottlenecks for

the first time.

1.3.2 Network Slicing for Radio Access Networks

Due to its capability to enable efficient sharing of wireless network resources in 5G systems, RAN slicing has
attracted increasing attention in recent years(Tang et al., 2019; Mandelli et al., 2019; Guo and Suéarez, 2019; Hua
et al., 2020; Sun et al., 2021; D’Oro et al., 2018; Sexton et al., 2020; Ksentini and Nikaein, 2017). In (Ksentini and
Nikaein, 2017), a programmable, 3GPP-compliant network slicing architecture is designed, which spans from
CN to RAN. It is focused on the function block and architecture design. A slice-aware RAN framework proposed
in (Guo and Suéarez, 2019) includes a slice scheduler and a medium access control (MAC) scheduler per slice in
each cell. This work is focused on the framework design rather than detailed scheduling schemes. In (D’Oro
et al., 2018), RAN slicing is modeled as a congestion game and the slicing policy is determined for each slice in
a distributed manner. In (Zanzi et al., 2021), a multi-armed-bandit-based (MAB) inter-slice scheduler allocates
resources to multiple slices on a large timescale, which provides average latency and throughput guarantees for
each slice in a single cell.

The above work is mainly focused on framework design and high-level scheduling. As a crucial step to map
the logical planning of RAN slicing to the physical resources, the slice enforcement problem has also started to
gain researchers’ attention. In (Mandelli et al., 2019), frequency resources are allocated to the flows under the
slice constraints in terms of aggregate rate targets. However, only a single base station is considered, and the
algorithm cannot be directly extended to multi-cell scenarios. In (Tang et al., 2019), network-wide dedicated
bandwidths are allocated to slices under two specific modes, eMBB and URLLC, to maximize the network
operator’s revenue while guaranteeing QoS satisfaction. This method assumes hard isolation among slices, and
thus leaves a large space for spectral efficiency improvement. For multi-cell scenarios, a service provisioning
framework is provided for RAN slicing (Sun et al., 2021), which jointly optimizes user admission and bandwidth

allocation. However, this framework does not consider either the effect of slicing policies or slice isolation.
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In (D’Oro et al., 2019), slice-level enforcement is conducted to mitigate inter-slice interference. It is the first
work to ensure soft slice isolation. However, without link-level scheduling, this scheme cannot guarantee QoS

performance of each link or adapt to practical unbalanced slicing policies.

DRL is also applied in the field of network slicing in recent years (Mei et al., 2021; Wu et al., 2021; Xiang
et al., 2020; Dong et al., 2021; Addad et al., 2021; Hua et al., 2020; Chen et al., 2019; Liu et al., 2020; Azimi et al.,
2022). A joint network slicing and routing mechanism is introduced in (Dong et al., 2021). This work leverages
GCN-powered DRL to determine routing paths for each slice and conduct slice-level resource partitioning. In
(Xiang et al., 2020), a joint content caching and UE mode selection problem is tackled via DRL, which is
considered a critical problem in fog-RAN slicing. A slice-level resource allocation and workload distribution
algorithm is designed in (Wu et al., 2021) for delay-sensitive and delay-tolerant vehicular services. It leverages
two-layer constrained DRL to adapt to dynamic vehicle traffic density. A deep Q-network (DQN) is utilized to

intelligently conduct slice-level scheduling in a single cell in (Hua et al., 2020).

Although most of the existing work is focused on slice-level scheduling, some work applies DRL to fine-
grained slice enforcement. A hierarchical DRL framework is proposed to conduct slicing configuration adaption
and user-level radio resource allocation in (Mei et al., 2021). Radio resources are allocated on a small timescale
to optimize the QoS performance and spectrum efficiency in a single cell. In (Azimi et al., 2022), an energy-
efficient resource allocation algorithm is designed to jointly optimize slicing policy and slice enforcement. RB
resources are reserved for each slice on a large timescale, while slice admission, power, and RB allocation are
determined on a small timescale. However, only hard isolation is considered in (Azimi et al., 2022), and there
lacks interference management among links in both (Azimi et al., 2022) and (Mei et al., 2021). The channel
scheduling among multiple slices is modeled as a stochastic game in (Chen et al., 2019) where A DRL-assisted
online scheme is designed to conduct channel auction to maximize the network utility in multiple cells. Although
user-level scheduling is realized, this work does not consider either long-term resource guarantee for each slice

or users’ QoS satisfaction.

In spite of the above related work, there lacks fine-grained link-level interference management in multi-cell
RAN slicing. Such interference management is indispensable, as the existence of interference directly impacts
slice isolation and users’ QoS guarantee. Compared with the related work, our work is distinct in two aspects.
First, a comprehensive framework is designed for multi-cell RAN slicing on two timescales. This framework
jointly tackles long-term slicing policy conformance, short-term interference management, and link-level QoS
guarantee. Second, interference management is conducted with link-level granularity, where link interference is

captured via an interference-graph based GNN.
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1.3.3 Design of Neural Receivers
Neural Channel Estimators

In the following, the approaches of DL-based channel estimation are reviewed first, followed by some research
efforts on online adaptation of NN-aided channel estimators.

Neural channel estimators play a critical role in future wireless communications. Its objective is to learn the
non-linear mapping from channel estimates at pilot positions to channel coefficients of an entire frame based
on channel datasets. Such a data-driven channel estimator is first proposed in (Soltani et al., 2019, 2020),
where ChannelNet consisting of the super-resolution and restoration convolutional neural networks (CNN) is
employed to interpolate and denoise channel estimates. Residual learning is introduced to OFDM channel
estimation in (Li et al., 2020) and the designed model ReEsNet is built on ResNet blocks (He et al., 2016).
The above work is focused on CNN-based channel estimators. To improve model generalization ability and
enable parallel computing, CNN is further replaced by the attention-based transformer in OFDM channel
estimation (Vaswani et al., 2017; Luan and Thompson, 2022; Chen et al., 2020; Luan and Thompson, 2023). An
end-to-end transformer model is designed in (Chen et al., 2020), but it incurs significant computation cost by
applying attention on the non-pilot positions that are padded with zeros. To reduce computation cost, a hybrid
architecture is proposed in (Luan and Thompson, 2022, 2023), consisting of the transformer, the fully-connected
up-sampling layer, and the CNN.

To strike a balance between model performance and computation cost, our designed approach, Channel MAE,
adopts an MAE (He et al., 2022) architecture for the channel estimation task. This MAE has a transformer-based
encoder and a fully-convolutional ResNet-based decoder. Although it is also a hybrid model of transformer and
CNN, our designed model has two distinct advantages compared with the hybrid models in (Luan and Thompson,
2023). First, it is aware of the pilot layout by incorporating pilot-position information into the MAE decoder,
such that it is more robust to variations in pilot layouts. Second, it features a fully-convolutional decoder and
thus does not include any fully-connected layers, which makes the model adaptable to various OFDM frame
size (i.e., number of OFDM symbols and subcarriers).

The above research efforts are focused on optimizing neural channel estimators offline, where ground-truth
channel coefficients are used as labels for supervised learning. However, such labels are no longer available
online. In this case, how to adapt a neural channel estimator online is still challenging. Recently, online
adaptation of neural channel estimators has attracted growing research attention (Wang et al., 2022; Luan and
Thompson, 2023; Zhang et al., 2023; Kong et al., 2025). In (Wang et al., 2022), a few-shot learning scheme

is designed for channel estimators to fast adapt to new environments. However, it still assumes ground-truth
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channel coefficients can be obtained. In (Luan and Thompson, 2023), a new class of pilot signals, termed label
pilots, is introduced, and the channel estimates at these positions are treated as online training labels. Rather
than predicting the entire OFDM channel, this scheme uses the channel estimates at the standard-aligned pilot
positions as input and outputs the estimates at the label-pilot positions. These label-pilot estimates are then
bilinearly interpolated to recover the channel response for the entire frame. For the label pilots, either the
transmit power is substantially increased or prior channel statistics are assumed so that the resulting estimates
can approximate the true channel responses. This approach also incurs a considerable additional pilot overhead.
The online adaptation strategy in (Kong et al., 2025) adopts a similar methodology but focuses on continual
online learning of channel estimators.

Beyond these studies, (Zhang et al., 2023) proposes an SSL technique that dispenses with ground-truth
channel labels. It trains a denoising network (DnCNN) that takes received signals with additional synthetic
noise as input and the original received signals as output, and the resulting model is applied directly to channel
estimation. This method, however, is suitable only for narrow-band channels and cannot accommodate OFDM
channels, where frequency selectivity must be considered. Extending the approach to OFDM requires first
bilinearly interpolating the pilot-based channel estimates before passing them to DnCNN. Moreover, the CNN-

based model used in (Zhang et al., 2023) has a lower computation efficiency than transformer-based alternatives.

Fully-Learned Neural Receivers

Compared with traditional model-based receivers, neural receivers can: 1) reduce the overheads incurred by
reference signals to achieve a higher spectral efficiency (Aoudia and Hoydis, 2021); 2) adapt to highly-nonlinear
real-world channels without knowing underlying channel models (Aoudia and Hoydis, 2022; Honkala et al.,
2021); 3) learn to compensate for hardware-induced non-linear distortions (Pihlajasalo et al., 2023; Ye et al.,
2017). There exist various architectures for neural receivers. As an early study in this field, the OFDM neural
receiver is designed with a fully connected neural network in (Ye et al., 2017). Data-driven OFDM systems are
further developed in (Ye et al., 2020, 2021) to jointly learn the transmitter and receiver. Furthermore, recurrent
networks (Farsad and Goldsmith, 2018) and convolution networks (Honkala et al., 2021; Zhao et al., 2021) are
also employed in neural receivers. Since the model architecture in (Honkala et al., 2021) matches the physical
layer setup of this dissertation, it is adopted as a basic building block of neural receivers.

In parallel with the above work, some research efforts have been made to improve online performance of a
neural receiver (Jiang et al., 2021; Park et al., 2021; Fischer et al., 2022). In (Jiang et al., 2021), an online

model architecture named SwitchNet is proposed. In this architecture, the online model parameters consist
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Figure 1.6: Organization of this dissertation.

of a weighted linear combination of all sub-network parameters, with only the weights being retrained online.
This method implicitly assumes all online channels can be accurately modeled by linearly combining a limited
set of sub-networks, which is an overly optimistic assumption in practice (Fischer et al., 2022). To facilitate
on-the-fly retraining of neural receivers without ground-truth labels, online label recovery is designed via error-
correction channel coding in (Fischer et al., 2022). Specifically, the corrected transmission bits are treated as
pseudo-labels. However, this scheme suffers from erroneous labels under low SNRs. Meta-learning algorithms
are employed in (Park et al., 2021) to enable fast adaptation to a new channel environment, but meta-learning-
based models cannot retain offline environment knowledge after online adaptation. Furthermore, limited online
channel knowledge at a single receiver restrains model generalization ability, which calls for collaborative learning

among multiple receivers.

1.4 Developed Approaches and Organization of the Dissertation

To address the challenges stated in Section 1.2, this dissertation studies Al-assisted designs at three differ-
ent architectural levels, namely network infrastructure level, resource management level, and link level. The
organization of the dissertation is illustrated in Fig. 1.6, as elaborated in the following.

In Chapter 2, a DRL-based relay placement approach (DeepRP) is designed for this multi-step process of
relay placement. To tackle the above three challenges, the key designs are carried out as follows. First, to
capture the interactions among bottlenecks and determine the relationship between network architecture and

network throughput, the bottleneck theory named the clique-based bottleneck theory is developed for general
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wireless networks (with omnidirectional or directional links). The theory applies the notion of clique from
graph theory to capture link conflict among wireless links and constructs a structure of bottlenecks in the
unit of clique. With the clique-based bottleneck structure, the network throughput can be derived given a
network architecture. Second, based on the constructed bottleneck structure, the clique gradient is derived to
quantitatively determine how the perturbation of each bottleneck clique impacts the overall network throughput.
Third, the relay placement problem is decomposed into a multi-step, iterative process where one relay is placed
at each step, until the number of relays reaches the given requirement. DeepRP is designed for this multi-step
process of relay placement. It is guided by the clique-based bottleneck theory, and featured with three key
aspects: 1) the graph convolutional network (GCN) is employed to embed the node features in the network
topology; 2) the clique gradients are used in the action masking scheme to guide the agent to select the sites
in proximity to the most critical bottlenecks; 3) the clique-based bottleneck structure is constructed after each
decision step, based on which the reward is computed. As a result, DeepRP can achieve much higher throughputs

than the baselines.

In Chapter 3, a link-level slice enforcement scheme called LinkSlice is developed in this dissertation for
a multi-cell network. It achieves fully soft, fine-grained slice isolation via link-level scheduling of PRBs for
each slice. It satisfies QoS requirements demanded by different users. Moreover, LinkSlice cannot only ensure
long-term (i.e., a number of radio frames) slicing policy conformance, but can also adapt flexibly to different
patterns of slicing policy, either balanced or unbalanced. The design of LinkSlice is elaborated as follows.
In a multi-cell RAN, a central controller collects channel conditions and user demands from all the BSs, and
conducts link-level slice enforcement over multiple air interfaces. To determine PRBs for each slice at the link
level, an optimization problem is formulated as minimizing the amount of allocated resources over each period
of slicing policy, subject to the constraints that ensure soft slice isolation, QoS guarantee, and slicing policy
conformance under link interference among different cells. The optimization problem is hard to solve due to
extremely high computation complexity. However, by converting the constraint of slicing policy conformance
into a penalty term of the objective function, the optimization problem is transformed into a certain type of
optimization problem that can be effectively solved via a DRL-based approach (Zhu et al., 2021). By leveraging
the DRL-based approach, LinkSlice is then designed as an iterative two-stage slice enforcement scheme. More
specifically, in the first stage, transmission rates in communication links of different slices are determined via
DRL. Interference among links is encoded as an interference graph, and then a graph convolutional network
(GCN) is applied to capture the relationships among interfering links. A graph pooling mechanism is further

considered to generate a compact and informative state space for the DRL agent. In the second stage, after
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transmission rates are determined, PRB scheduling per radio frame is conducted for communication links of
each slice. It can be solved by a heuristic algorithm called greedy slice enforcement with masking mechanism
(G-SEM). The two stages work together iteratively until reaching convergence. By then, an effective link-level

slice enforcement tool is obtained.

In Chapter 4, an SSL-assisted online adaptation framework for neural channel estimators, named Channel-
MAFE, is designed. First, the SSL task is designed as first randomly masking a large fraction of resource elements
in each received frame and then reconstructing those masked parts, namely masked reconstruction (He et al.,
2022). The reason for this design lies in the fact that received signals inherently carry information of chan-
nel coefficients. Therefore, reconstructing different masked parts of received signals implicitly learns channel
statistical features in both time and frequency domains, and such features are also essential to the channel-
estimation task. To enable effective reconstruction, this task must also incorporate the estimated data symbols
as an input component besides the unmasked parts of the frame. These estimated symbols are obtained via an
online symbol-recovery mechanism, where data-symbols are recovered through symbol detection online. Thus,
no additional pilot overhead is incurred. Note that the recovered symbols cannot be used as pseudo-labels to
back-propagate through the whole receiver to train the channel estimator, because the traditionally-designed
detection modules can be non-differentiable (Raviv et al., 2023). In addition, the above task design results in
high correlation between the SSL and main tasks, because channel estimation can be interpreted as a special
case of masked reconstruction: it reconstructs channel coefficients from the noise-corrupted local observation at
pre-known pilot positions. Such correlation leads to synergetic learning of the two tasks. Second, to consolidate
the SSL task with the original task, a two-branch masked auto-encoder (MAE) model architecture called Chan-
nelMAE is developed, with each branch dedicated to one task. The two branches share a feature encoder but
have their task-specific decoders. The encoder is designed as a lightweight attention-based transformer (He et al.,
2022), which produces low-dimensional latent representations from the input. Via the self-attention mechanism,
it implicitly captures channel statistical features with high computation efficiency (Vaswani et al., 2017). Both
decoders have fully-convolutional architectures but with different model sizes, performing reconstruction from
the latent representations. Third, a two-phase training strategy is designed for ChannelMAE. In the offline
pretraining phase, all model parameters are pretrained by optimizing the main and SSL branches together. In
the online adaptation phase, only the shared encoder is updated online by optimizing the SSL branch. The
online-channel features learned by the encoder are also used in the main branch, thereby improving online
channel-estimation accuracy. In addition, it is crucial to reduce memory footprint during adaptation. Thus,

batch-wise online learning is enforced, where each adaptation step is conducted over a batch of online streaming



=

0011=s-72

1.4 — Developed Approaches and Organization of the Dissertation 21

samples that is immediately purged after use. To enrich data quantity and diversity, each online batch is further
augmented by masking the same received frame with different random masks when optimizing the SSL task.
With the above three key designs, our designed two-task learning framework holds several distinct features com-
pared with the existing TTT framework (Sun et al., 2020): 1) TTT sets classification as its main task, whereas
this chapter is focused on a regression problem; 2) TTT constructs a single-input multi-task problem by letting
two tasks process the same input, whereas in our case the two tasks can have diverse inputs, resulting in a
multi-input multi-task problem. 3) TTT performs per-sample adaptation before inference, while ChannelMAE
enforces per-batch adaptation on a relatively larger timescale after inference of this batch, which is better suited

to wireless communication applications.

In Chapter 5, a graph-based collaborative learning scheme, called GraphRz, is developed for uplink neural
receivers to achieve a proper tradeoff between generalization and personalization. First, GraphRx is formulated
as a personalized federated learning (PFL) problem, based on a weighted collaboration graph where a node on
the graph denotes a personalized model at a BS while a weighted edge represents the collaboration intensity
between a pair of models. Moreover, the graph weights and neural receiver models are jointly optimized so that
generalization and personalization are optimized together. Second, to solve the problem, a two-step alternating
method is applied: 1) update the personalized model at each BS, given a collaboration graph and an aggregated
model sent from the server; 2) determine the collaboration graph at the server, given the updated personalized
models from all BSs. The first step is simple, but there exists a challenge in the second step, as the server
has no access to local datasets on BSs, which prevents it from conducting graph optimization. Thus, the
graph optimization problem in the second step is transformed so that it does not rely on local data. The
key idea is to derive a generalization bound of the collaborative learning problem, approximate it empirically,
and then replace the objective function of collaborative learning by the approximate bound. In this way, the
collaboration graph can be determined at the server without using the local data of BSs. As compared to the
existing graph-based PFL algorithm (Ye et al., 2023), GraphRx is distinct in three aspects: 1) collaboration
intensity is captured with finer granularity rather than just model cosine similarity; 2) no regularization with
graph weights is necessary; 3) the collaboration graph is optimized by following the generalization bound of
multi-source domain adaptation. To support online training, pilot-free methods in (Fischer et al., 2022) can be
used where labels are directly retrieved from communication data, but their performance can be easily impacted
by erroneous labels. Thus, pilot-based training sequences (i.e., training pilots) are adopted to retrain the neural
receiver in this dissertation. To reduce overhead of training pilots, data augmentation is needed. (Fischer et al.,

2022). Specifically, two techniques, rotation and noise injection, are employed at each BS to enrich the quantity
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and diversity of online training data.
In Chapter 6, the conclusions of this dissertation are stated, and some interesting topics that worth future

investigation are then elaborated.
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Chapter 2

Relay Placement for Wireless Backhaul
Networks Based on Reinforcement

Learning

Backhaul mesh networks are critical for ensuring coverage and connectivity of high-frequency 6G networks. To
maintain high throughput, its architecture needs to be augmented by adding relays. However, how to place relays
at appropriate sites poses two challenges: 1) there lacks a theory to capture the relationship between a certain
change of network architecture and its throughput gain; 2) selecting the best sites for relays is a complicated
combinatorial problem. To tackle the first challenge, this chapter first establishes a clique-based bottleneck
theory, through which a clique-based bottleneck structure of a given network architecture is constructed to
determine the network throughput. Based on this bottleneck structure, clique gradients are then computed to
quantify the impact of each clique on the overall network throughput. With the clique-based bottleneck theory,
the second challenge is resolved by embedding clique gradients into a deep reinforcement learning (DRL) scheme.
Specifically, the DRL actions are masked such that only the relay sites that match the highest clique gradients
are selected. This DRL-based relay placement (DeepRP) scheme is evaluated via extensive simulations, and
performance results show that it can boost network throughput by more than 50%, which is 10.4 — 32.1% higher

than those of baseline schemes.
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2.1 System Model

2.1.1 Network Model

As shown in Fig. 1.1, a TDD-based backhaul mesh network with one mesh gateway and multiple deployed
mesh nodes is considered. There also exist multiple known candidate relay sites. The relays to be deployed are
dedicated relays as in Hu and Blough (2017), which do not serve as access points for users. The mesh gateway
can gather network-wide information and determine the sites for relay placement in a centralized way. As the
network is assumed to operate in high-frequency bands (e.g., THz bands), directional links are used among all
the network nodes. Let A, £, F be the set of network nodes, directed links, and flows, and n, I, f be the
indices that refer to the entities, respectively. The capacity of link [ is denoted as C;. The resources allocated
to each flow is represented in data rates (bps) instead of the physical time and frequency resources, which will
be elaborated in Section 2.2. Note that the feasibility on enforcing data rates into physical resources with a
certain MAC mechanism is outside the scope of this chapter. This issue is addressed in Li and Patras (2020);
Huang and Bensaou (2001); Jain et al. (2003).

There are multiple end-to-end aggregate flows in the backhaul network, either between the mesh node and the
mesh gateway, or between two mesh nodes. The single-path routing scheme is adopted, and D = {R4, ..., Rp} is
the set of routes with Ry as flow f’s routes. D is also referred to as flow distribution. A stable flow distribution
is assumed to be known at the beginning of relay placement (Li and Patras, 2020). For backhaul networks, the
source and destination of each aggregate flow change on a large timescale, which can be obtained by network
operators via traffic monitoring (Chao and Hsu, 2023). During one procedure of relay placement, the source-
destination pairs stay unchanged (Li and Patras, 2020), while the routing paths can be flexibly adjusted.

A three-sector analog beamforming architecture is adopted, and beam switching is applied for each sector
(only one link can be activated at one time in the same sector). The effective gain including antenna gain and
beamforming gain within the main-lobe beam is assumed to be constant as in Saha and Dhillon (2019). Let G,
and G, be the transmit effective gain and receive effective gain, and perfect beam alignment is assumed. To
model multi-path channel components, the Saleh-Valenzuela (S-V) model adopted (Lin and Li, 2015; Cho et al.,
2010). We only consider one ray within each cluster (Cho et al., 2010), as the finer details of each cluster’s
internal multi-path components are not critical in our problem. Therefore, the channel impulse response of the

S-V model is expressed as

M
h(t) = VL (fe; )X D B8 (t — Tp) (2.1)
m=0

where L (f.,d) is the path loss coefficient that will be elaborated later; X is a log-normal random variable
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Maximal clique #1:
{Link 2, 3, 4, 7}
Maximal clique #2:
{Link 7, 8, 9}

@ Communication link — The existence of link conflict
Figure 2.1: Link conflict graphs and maximal cliques.

with the standard deviation as ox for the shadowing effect; M is the number of non-negligible clusters within
time duration Tj; 0, is a random variable uniformly distributed over [0, 27); T}, is the arrival time of the m-th
cluster modeled by a Poisson process with an average arrival rate of A; 3, follows the Rayleigh distribution
f(Bm) = Q(Bm/@)e’ﬁm/E with 32, is the average power in the m -th cluster. The average power is given as
B2, = ﬂioe*Tm/W with ~ as the cluster decay constant and 673 =1

The path loss coefficient L( f., d) includes the free-space spreading loss L ( f., d) and the molecular absorption
loss Lgps (fe,d) in THz bands (Lin and Li, 2015), expressed as

L (fm d) = Ls(f, d)Labs(fa d)

C 2 d(] "
= - - —kaps(fe)d
GG (47chdo) ( d ) ‘ ’

where ¢ is the speed of light; f. is the carrier frequency; d is the propagation distance; dj is the reference

(2.2)

distance set as 1; kqps (fc) is frequency-dependent absorption coefficient; n is the path loss exponent.

2.1.2 Link Conflict Graph and Maximal Clique

The undirected link conflict graph (Wang et al., 2022) G. = (V.,&.) captures resource conflicts among links,
where the vertex set V. consists of all the transmission links, and the edge set & describes the conflicting
relationship of wireless resources between two transmission links. Note that the transmission link from node A
to B is considered as a different link than the transmission link from node B to A. Let e;; € & be the edge
between vertex i and vertex j. The edge exists if 1) there is cross-link interference between two links (i.e., the
receiver of one link is within the beam interference range of another link), or 2) the two links cannot be active
simultaneously due to the TDD constraint, or 3) beam switching is applied between the two links in the same
sector. The two links cannot use the same resources if there exists an edge between them.

Based on the link conflict graph, the notion of clique is utilized as a critical tool for capturing the interference
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and resource sharing pattern. Each clique is a complete subgraph of the link conflict graph, and a mazimal
clique is the clique that is not contained in any other cliques. Via the existing algorithm (Cheng et al., 2011)
of solving maximal clique cover of a graph, a set of maximal cliques K is obtained over the link conflict graph

Ge. Only one link in a maximal clique can be activated in one resource unit.

2.2 Clique-Based Bottleneck Theory

The clique-based bottleneck theory is established. In this theory, the clique-based bottleneck structure is
constructed to determine the relationship between the network architecture and the network throughput. Based
on the constructed structure, the clique gradients are computed to quantify the impact of each bottleneck clique

on the throughput.

2.2.1 Clique-Based Bottleneck Structure

The bottleneck structures are constructed in the unit of maximal cliques to capture the link resource conflicts
in wireless networks. To achieve this, the definition of a bottleneck clique is given, and then the algorithm of

constructing the structure is developed based on clique fair shares.

Definition of Bottleneck Clique

The resource share of flow rate r; on link [ is defined as r;/C;. Since any two links within a maximal clique
cannot be activated in the same resource unit, the sum of resource shares within each clique cannot exceed one.
Therefore, the resource sharing pattern within each clique must satisfy the following feasibility constraint (Wang
et al., 2008): Zleﬁk Zfefl ry/Cr < 1,Vk =1,2, ..., K, where Ly, is the set of links in clique k, and F; is the set
of flows traversing link [ € L. When the above feasibility constraint is satisfied, how to further enforce the flow
rates into physical resources by MAC mechanisms is another critical problem that has been addressed in Li and
Patras (2020); Wang et al. (2008). While the bottleneck clique can be defined under various fairness criteria
(Ros-Giralt et al., 2022), this chapter is focused on the widely-used max-min fairness among end-to-end flow
rates. The definition of bottleneck clique under max-min fairness extends the concept in Huang and Bensaou

(2001); Wang et al. (2008) for multi-hop flows, which is stated as follows.

Definition 2.1 (Bottleneck Clique). Clique k is a bottleneck clique for flow f if and only if the following
conditions are satisfied: a) clique k must be a saturated clique that satisfies the feasibility constraint and has no

remaining resource share for any flow, expressed as ), Lh > feF —I = 1; b) the flow f’s resource share under
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L&Y

@ > o Bottleneck clique
(W4, q5) (O End-to-end flow
— Directed edge

Figure 2.2: Clique-based bottleneck structure.

max-min fairness cannot be smaller than the fair shares of other flows on each link in clique k, expressed as

T

& Vle Ly, [ € F\{f}-

Tf
o2

The above definition indicates that if the flow can only obtain a resource share smaller than the fair share

obtained by other flows in clique k, this flow must be bottlenecked elsewhere other than clique k.

Algorithm of Constructing Clique-based Bottleneck Structures

From the above definition, multiple bottleneck cliques can be identified if the max-min fair flow rates {r¢|f € F}
are determined. However, there exist two questions: a) how to determine the max-min flow rate allocation for
a backhaul mesh network based on maximal cliques; b) how the identified bottleneck cliques exert influence
on each other. These two questions are merged and resolved by the construction of clique-based bottleneck
structures. With the constructed bottleneck structure, the interactions among bottlenecks are captured, and
the relationship between the network architecture and the network throughput is determined.

Before developing the algorithm for constructing a clique-based bottleneck structure, a critical metric named
clique fair share sy, is introduced for clique k to specify the fair rate that each unconverged flow can be allocated
in this clique. A flow is considered unconverged if it has not been allocated with the data rate of its fair share.
Let F7 and F}' denote the set of converged flows on link / and the set of unconverged flows on link ! respectively,

and F' = F; \ Ff. The definition of clique fair share is stated as follows.

Definition 2.2 (Clique Fair Share). The clique fair share for clique k is obtained by equally allocating the

remaining resource share among all the unconverged flows in this clique, expressed as

1= e, Zfe]-'f (rs/C1)
Zaee, (F1/C)

Sk = (2.3)

where the remaining resource share is obtained by deducting the converged flows’ shares from 1 as shown in the

nominator.
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Algorithm 1 Bottleneck structure construction

1: Input: The set of maximal cliques I, the set of flows F;

. Initialization: V, = & = F© = 0, ry =0VfeF, Fi (the flow set traversing clique k), Qy(the set of
cliques that are traversed by flow f), F€(the converged flow set).

3: repeat

4:  Compute clique fair shares sg, Vk ¢ Vy;

5 mk:min{5j|ﬁjﬂfk7€{@},Vj¢Vb},Vk¢Vb;

6: for k with s, = my do

7

8

9

N

forféfk,f¢]-'cdo

Ty =Sk
. FO=FOufsh
10: & =& U{(ap, wp)hs
11: gb:EbU{(Wfan)}vvj S Qf\{k}7
12: end for

13: Q = Q U {k},

14: Vy = QU FC;

15:  end for

16: until 7€ = F

17: Obtain the network throughput 7' = Zfe}‘ Tf;
18: Output: G, = W, &), T.

Based on the definition of clique fair share, Algorithm 1 is developed to construct a clique-based bottleneck
structure, i.e., a DAG Gy, = (W, &y). As shown in Fig. 2.2, the vertex set V, consists of all the bottleneck cliques
O and flows F in the network (ie., Vp = QUF ), while the edge set &, comprises of the directed edges between
bottleneck cliques and flows. Let (q,wys) and (wy,q;) denote the directed edge from clique k to flow f, and
the directed edge from flow f to clique k, respectively, where k € Q, f € F. The main procedure of Algorithm
1 is described as follows. In each iteration, the cliques that are not bottlenecks with the minimum clique fair
share value are chosen (Line 4-5), e.g., q; and g are chosen and added into the bottleneck structure in Fig.
2.2. Next, the flows traversing the chosen cliques are allocated with the clique fair share as their data rates,
and they are added into G, with the directed edges from the cliques (Line 8-10). For example, w4 traverses wa,
so the edge (qy,wy4) is added. Furthermore, the edges are added from these flows to other bottleneck cliques
they traverse (Line 11), such as (w4,q5). After the edge addition, the clique fair share values are recomputed
by excluding the converged flows (Line 4). The iteration continues until all the flows are converged, and thus

Gy, is established.

The time complexity of Algorithm 1 is analyzed as follows. Only Line 5 runs in non-constant time while
other lines of statements run in constant time. In Line 5, the sorting based on Min-Heap is adopted with the
heap size set to K at most, where K is the number of cliques. Each heap update runs in O(log K'). The number
of such updates is bounded by K1, where 5 is the maximum number of flows traversing a clique. Therefore, the

algorithm has the complexity of O(nK log K).
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The clique-based bottleneck structure is a non-trivial extension of the original link-based bottleneck structure
in Ros-Giralt et al. (2022) Similar to the original structure, the clique-based structure captures the interactions
among bottlenecks and flows via directed edges. However, there exists one distinct feature in the clique-based
case: the bottleneck cliques can be overlapped by including some common links. Therefore, the theorem in
Ros-Giralt et al. (2022) saying that the root vertices in the bottleneck structure have a higher impact on the
overall network than the leaf vertices cannot be applied to the clique-based case. To accurately quantify the
impact of each bottleneck cliques on the overall network, clique gradients need to be derived, as shown in the

following subsection.

2.2.2 Clique Gradient
Definition of Clique Equivalent Capacity

To quantitatively characterize the capability of a clique, the clique equivalent capacity is defined via a set of

virtual scheduling variables.

Definition 2.3 (Clique Equivalent Capacity). The clique equivalent capacity Ry, is defined as the weighted sum
of all the link capacities in clique k, Ry = ZlGﬁk P, 1C1, Yk € K, where {pi |l € L1} are the virtual scheduling

variables that satisfy two constraints: Zleck Prg < 1L,Vk € K ppy >0,V € Ly, ke K.

With the virtual scheduling variables {py |l € Lx}, the capacity of a clique is characterized based on its
link capacities and flow distribution. Analogous to how a link capacity is allocated among flows, the clique
equivalent capacity is allocated among its traversing flows, from which the equivalent set of max-min flow rates

as in Algorithm 1 can be obtained, as stated in the following theorem.

Theorem 2.1. There exists a unique solution of {pr|l € Li} for each clique in the bottleneck structure that

achieves the same flow rate results as those obtained by Algorithm 1.

The proof is given in Appendix A.

Derivation of Clique Gradients

The clique gradient g(j) is defined as the impact of an infinitely small perturbation in clique j’s equivalent

capacity on the overall network throughput T, expressed by

. oT az:fe]-'rf Brf
80)= 38 =~ ~or, 2 9R,
] J fer J
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From the above expression, g(j) can be also viewed as the sum of the clique j’s impacts on all the flow
rates. The key question is how to efficiently compute g(j) for each bottleneck clique j based on the constructed
bottleneck structure G,. Assume that an infinitely small perturbation is imposed on clique j (viewed as the
perturbation source), i.e., AR; is exerted on R;. For a bottleneck structure Gy, let Asy be the perturbation on
the clique fair share of bottleneck clique &k, and Ary be the perturbation on the rate of flow f, both of which
are caused by the perturbation source AR;. For each directed edge in Gy, the former(latter) vertex is called the
predecessor(successor) of the latter(former) one. Note that As, and Ary are normalized with AR; to remove
the physical dimension, and thus AR; is not included in the propagation. To figure out how this perturbation
ARj; propagates through the whole bottleneck structure and results in Asj and Ary, the propagation equations

must be derived.

First, the propagation equation for Asy is determined as follows. The variation of the remaining resource
in clique k consists of two parts: a) the variation of capacity caused by the perturbation source, expressed as
the ratio of common virtual scheduling variables in two cliques k and j, i.e., (Eleckmcj pk,l) / (Zle.cj pj,l);
b) the variation of consumed resources caused by Ary from all the predecessor flows of clique k, expressed as
-> FePy e LinR; (pk,Ary). By dividing the variation of remaining resources among all the successor flows

of this clique, Asy can be derived, as shown in the following propagation equation:

Zzeckmgj Pkl

Zleﬁj Pj B Zfepk Zle£kan (pk’lATf)

Asy = ,
g 1By ]

(2.5)

where Py and By, represent the predecessor and the successor vertices of clique k in Gy,.

Second, the propagation equation for Ary is obtained by taking the minimum of the clique fair share
perturbations on flow f’s predecessor cliques, as the flow is bottlenecked by the clique with the minimum fair

share. Therefore, the perturbation on the flow f’s rate is

Ary = min Asy, (2.6)
kePy

where 75f represents the predecessor vertices of flow f in Gy,.

After two perturbation equations are derived, the algorithm of computing clique gradients named Clique-
Grad can be developed: Starting from the perturbation source clique j, the two equations (2.5) and (2.6) are
sequentially computed to obtain As, for each clique and Ar; for each flow in the bottleneck structure. The

sequence of propagation is the sequence by which the clique or flow is added into Gy, in Algorithm 1. The time
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complexity of CliqueGrad is analyzed as follows. The two propagation equations, Eq. (2.5) and Eq. (2.6), run
in constant time. To propagate the perturbation from the roots of the bottleneck structure to the leaves, a
Min-Heap of size KF is built as in Ros-Giralt et al. (2022), where F is the number of flows. The operation of
heap updates runs at most K F times (Ros-Giralt et al., 2022), leading to O(K F'log(K F)).

It can be proved that the output of CliqueGrad by taking the sum of Ar(Vf € F) is equal to the clique j’s

gradient, as stated in the following theorem.

Theorem 2.2 (The correctness of clique gradient computation). Assume that an infinitely small perturbation

is imposed on clique j. By executing CliqueGrad, Asy, and Ary can be achieved as

8sk

Asp, = —2 ) 2.
Sk 8Rj’VkEQ’ (2.7)

Arp= vpeF (2.8)
f— aRJ’ . .

As a result, the algorithm output g(j) computed as Zfe]—‘ Ary is equal to the clique gradient g(j).

The proof is given in Appendix A.

2.3 DRL-based Relay Placement with Clique-based Bottleneck The-

ory

2.3.1 Relay Placement Problem

The problem of relay placement is placing a set of relay nodes R at the selected candidate relay location sites
to boost the network throughput. Let ﬁcan be the set of all the candidate sites, and N, be the number of relays
that can be deployed considering the total deployment cost. Rean and N, are considered as given information,
and R € Rean, |7A€| = N,.

With the clique-based bottleneck theory developed in Section 2.2, two critical theoretical results have been
drawn: 1) by constructing the bottleneck structure, the network throughput is determined given a network
architecture as in Algorithm 1; 2) the impact of each bottleneck clique on the overall throughput, i.e., the clique
gradient, is determined based on CliqueGrad. However, even with these theoretical tools, it is still challenging
to solve the relay placement problem. This is because the objective of relay placement in this chapter is unique:
it aims to maximize the fairness-based network saturation throughput. To derive such fairness-based network

throughput, one must rely on the algorithm of bottleneck structure construction (Algorithm 1) developed in
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Figure 2.3: DeepRP: DRL Design Framework

the bottleneck theory. However, the derivation of throughput via Algorithm 1 cannot be analytically expressed
as a differentiable function to be optimized. Therefore, this problem does not fall into traditional integer
programming (Belotti et al., 2013), and thus the traditional optimization techniques such as branch-and-bound
lose their effectiveness here (Belotti et al., 2013). This motivates us to develop a DRL-based method that does
not require the objective function to be differentiable.

Instead of selecting multiple candidate sites at one time that incurs high complexity in DRL search space,
we decompose the relay placement problem into a multi-step, iterative process where one relay is deployed at
each step. In each step, a clique-based bottleneck structure is first constructed and then the clique gradients
are computed based on the structure. The cliques with H highest gradients are named as H -highest-gradient
cliques, which are identified as high-impact cliques for the network. The best candidate relay site that is in
proximity of these cliques is selected. After deploying the new relay at the selected site by DRL, the flow
distribution is changed accordingly by rerouting, and the new network architecture is obtained. The bottleneck
structure can be then constructed again to start another iteration. The above DRL-based approach aims to

maximize network throughput over multi-step decisions.

2.3.2 Key Designs of DeepRP

As shown in Fig. 2.3, the DRL framework named Deep Relay Placement (DeepRP) is designed based on an
actor-critic architecture as elaborated in Section 2.3.3. The mesh gateway is considered as the centralized DRL
agent, which selects the action a; based on the current state s; at step t. Then, the agent collects the reward r;

from the environment and updates the learnable parameters of DRL agent. Before elaboration on key modules,
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the state, action, and reward are described as follows.

State Representation. Since the information on candidate relay sites is known by the agent, a full virtual
network topology Gy, = (Vy, &) is constructed, where the node set Vy, includes all the deployed mesh nodes and
candidate relay sites, and the edge set & includes all the potential communication links among nodes. Gy, is
considered as an undirected graph, and the edge weight is the estimated SNR of each undirected link normalized
into the range of (0, 1]. Each node’s feature has four elements: whether this node is deployed or not (represented
by a binary value), the number of incoming flows, the number of outgoing flows, and the connectivity degree of
this node in Gy. Let F denote the matrix of node features with the size [V | x 4. Thus, the state is represented
by s; = {Gyw,F}.

Action Representation. The action a; is selecting one site among all the candidate sites to place a
new relay. As a policy-based DRL method is adopted (Schulman et al., 2017), a; is sampled based on a
probability distribution vector generated by the DRL actor network (i.e., a DRL policy m(-|st)). Specifically,
the policy vector has the dimension of the number of candidate sites |7A€wn|, and each element of this vector is
the probability of choosing a specific site for relay deployment.

Reward Function. The reward assigned to step t is the network throughput gain after deploying the new
relay, i.e., 7(s¢,ar) = Typq1 — Tty where Tyyq is obtained under the new network architecture after action ay
is taken. By computing losses from rewards, the following learnable networks are updated: GCNs 6, actor
network 0, that generates policy 7(-|s;)), and critic network 8y that outputs a scalar (V7 (s)) based on the
current state. The details of loss computation and updating process are in Section 2.3.3.

As shown in Fig. 2.3, three key modules are designed for DeepRP to efficiently resolve the relay placement
problem: 1) GCN-based graph embedding; 2) clique-gradient-based action masking; 3) bottleneck-structure-
based reward computation. In the following, these module designs are elaborated.

GCN-Based Graph Embedding. The DRL agent conducts node embedding over the full virtual network
topology Gy,. Let A be the adjacency weight matrix of G,, with self-connections and D is a diagonal matrix
whose diagonal elements are D;; = > ;Aij. Considering a multi-layer GCN, the layer-wise propagation rule [1]

for layer £ to obtain the (¢ 4 1)-th layer embedding matrix X (“+1) is
X+ = g (p~1/24p12x 061}, (2.9)

where X(© = F is the input node feature matrix, and GS) denotes the parameters of ¢-th layer GCN, and
o(+) is the ReLU activation function. A single-layer GCN aggregates one-hop neighbor nodes’ states for each

node, and thus each node can obtain a node-level embedding vector that encodes multi-hop node states after
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multi-layer GCN embedding. As shown in Fig. 4, a graph-level embedding is then obtained by concatenating
all the embeddings of candidate relay nodes, and its dimension is \ﬁ’,can|dz with dy as the dimension of one
node embedding. Note that \ﬁ’,can| is the number of candidate sites. This concatenated embedding serves as
the input for both the actor and critic networks subsequently.

Clique-Gradient-Based Action Masking. To generate a DRL policy that enables efficient learning, the
logit-based action masking (Huang and Ontafion, 2020) is designed based on clique gradients, which includes
three steps. First, a set of valid actions Ayajiq is defined: the action of selecting an undeployed candidate site
that is in proximity to H-highest-gradient cliques is considered valid. More specifically, a site is in proximity of
one clique if it is in one-hop communication range of at least two nodes in the clique. In this way, the range of
site selection is significantly narrowed down to be aimed at resolving the high-impact bottlenecks. In addition,
if a candidate site is already selected in previous steps, it cannot be selected again, and it is excluded from the
valid action set. Second, a masking function f,, () is designed, and it is applied on the logits, [ (:|s;), generated
by the last layer of actor network @. Let M = \ﬁcan| for ease of notation, and let a* denote action i is taken
based on s;. The masking function is

. (a'ls), ifa’ € Avaia
fm (1(a’]5)) = , : (2.10)

n, if a* ¢ Avalia
where ¢ = 1,..., M, and the invalid actions are masked out by setting their logits to a large negative number
n = —1x10% (Huang and Ontafién, 2020). Third, Softmax activation is applied on the masked logits to generate

the final probability distribution over all the actions, i.e., DRL policy m(-|s), expressed by

m(|se) = [ (a']sy) ..., (aM|st)]

= softmax (fm (l (a1|3t)) B (l (‘1M|5t)))

where 7 (ai|st) is the probability of selecting action i. As a result, the probability of selecting non-critical relay
sites is reset to zero.

Bottleneck-Structure-Based Reward Computation. In this chapter, the network saturation through-
put is theoretically acquired via the construction of bottleneck structures. Specifically, a bottleneck structure
is rebuilt via the algorithm of bottleneck structure construction after taking one step of relay placement a; to
obtain throughput T;y;. The throughput gain (T;41 — T}) is then taken as the step reward r;.

Based on the design of the second and third key modules, the contributions of bottleneck theory for the DRL

design are summarized as follows. First, the clique gradients are used in the action masking scheme to guide
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the agent to select the sites in proximity to the most critical bottlenecks. Second, the clique-based bottleneck

structure is constructed after each decision step, based on which the reward is computed.

2.3.3 DRL Training and Inference
Offline Training Process

DeepRP is trained through the actor-critic algorithm Proximal Policy Optimization-Clip (PPO-Clip) (Schulman
et al., 2017). PPO-Clip has been guaranteed with convergence to the local minimum in recent research (Liu
et al., 2019; Huang et al., 2024). Especially, it can attain global optimality with over-parameterized neural

networks (Liu et al., 2019). The relay placement process of adding N, relays is viewed as one DRL episode.

In each step ¢ of an episode, as shown in Fig. 2.3, the DRL agent embeds the input states s; through a
multi-layer GCN to obtain a graph-level embedding. This embedding goes through the actor and critic network
respectively. The actor network outputs the logits for each potential action, and then the clique-gradient-based
action masking is applied to obtain a new probability distribution vector over all the actions. Based on the new
distribution, action a; is sampled, i.e., a valid relay site is determined and a new relay is added to the backhaul
mesh. Next, a heuristic flow rerouting algorithm named Fair-Share-based (FS-based) rerouting is designed as
follows. A new type of link cost ¢; for link [ is defined as ¢; = Zkeél 1/sy, where Q, is the set of cliques
containing link [, and s, is the clique k’s fair share with no flow converged. High-impact flows are identified as
the flows that traverse the high-impact cliques. Each of these high-impact flows are rerouted by the Dijkstra’s

algorithm to minimize the total link cost.

After flow rerouting, the clique-based bottleneck structure is constructed to obtain the reward of this step as
in Section 2.3.2. When one episode finishes, the episode reward is computed as rop, = Ei\[:‘ (T — Ty) = Ty,
which is the network throughput under the augmented architecture with N, relays. After collecting a set of
episodes, the neural network parameters are updated by stochastic gradient descent. Two loss functions are
specified. First, the actor loss is the standard PPO-Clip objective referred to equation (7) in Schulman et al.
(2017), where the advantage is estimated by time difference residual, i.e., AT = 7 + V™ (st41) — V™(s¢). The
gradient with respect to the actor loss is used to update 4, 804. Second, the critic loss is the mean-square error
between the reward-to-go and state values across this set of episodes as in Schulman et al. (2017). The gradient
with respect to the critic loss is used to update 84,0,. The DRL agent is continuously trained over episodes

until convergence.
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Online Inference Process

For online inference, network designers first need to determine a fixed set of candidate relay sites for the network
area of interest. Based on this given information, DeepRP is then run online for N, steps with the trained DRL
agent, and the selected relays are physically deployed in the backhaul network.

The online time complexity of DeepRP is analyzed as follows. The complexity of bottleneck structure
construction and clique gradient computation is analyzed in Section 2.2.1 and 2.2.2 respectively. For the neural
network inference, the time complexity depends on the number of weight multiplications. Through GCNs, the
number of multiplications is O(c; [V |); through the actor network, the number of multiplications is O(ca|Rcanl),
where c1,co are NN-related constants. In addition, the re-routing algorithm has the same time complexity as
Dijkstra’s algorithm, O(Llog N), where N, L are the number of deployed nodes and links respectively. As
DeepRP needs to be run online for N, times, the overall time complexity is O(N, K F'log(KF) + N,Llog N +
1 Ny [V | + 2Nt Reanl)-

2.4 Performance Evaluation

2.4.1 Simulation Setup
Network Setup

In this chapter, relay placement is conducted for each backhaul mesh topology within the 2D range 1kmx1km.
To generate these typologies, a real-world dataset is used in which 46050 BSs are densely deployed in an urban
environment (Zhang et al., 2021). 1000 different topologies each of 1kmx1lkm are sampled from this dataset,
and they are further divided into the training (70%) and test set (30%). In each sampled network topology, the
candidate relay sites are uniformly distributed over the area. For each topology, a THz backhaul mesh network
as in Section 2.1 is set up with the bandwidth as 1 GHz and carrier frequency as 0.1 THz. All the network
nodes including the relays have the total transmit power of 36 dBm. The noise power spectrum density is -168
dBm/Hz. The SNR threshold for communication links is set to 20 dB. The interference range is characterized
by the interfering distance and interfering angle, fixed at 300 m and /12 for each side of the main lobe. The
end-to-end aggregate flows are generated as follows: there exist one aggregate flow from each mesh node to the
mesh gateway, and multiple flows from each mesh node to a few other reachable mesh nodes. For each backhaul
topology, 100 different patterns of flow distribution are generated given a certain number of aggregate flows.

Before relay placement, the single-path routing is conducted for each flow.
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DRL Training Setup

The graph embedding network has three layers with 4, 64, 4 neurons in each layer respectively. With the number
of candidate relay sites fixed as 50, the actor network has five layers with 200, 128, 128, 128, 50 neurons in each
layer respectively. The critic network has four layers with 200, 256, 256, 1 neurons in each layer respectively.
Note that in the last layer of the actor network, Softmax activation is used; except that, in each layer of the
above three networks, ReLU activation is used. In summary, the total number of parameters is reported as
183,287. The learning rates for actor and critic networks are set to 0.0001 and 0.003 respectively, and the

discount factor is set to 0.99.

Baseline Approaches

Various baselines of relay placement are explained as follows. First, the random relay placement scheme (Ran-
domRP) uniformly samples N, sites from all the candidate sites in the topology to place relays. Second, the
heuristic relay placement scheme without clique gradients (HeurRP-wo-grad) (Magan-Carrion et al., 2016) is an
iterative approach which greedily chooses one relay site with the maximum connectivity degree to the deployed
nodes at each iteration, until N, relays are placed. If two relay sites have the same connectivity degree, this
scheme selects the relay site with better average link quality. Third, the heuristic relay placement scheme with
clique gradients (HeurRP-with-grad) follows the similar greedy approach as the second one, but it narrows down
the site selection range to the proximity of the H-highest-gradient cliques. Based on relay placement, several
flow rerouting schemes are compared as follows. These schemes can be viewed as the variants of Dijkstra’s
algorithm with different definitions of link costs: 1) in shortest-path rerouting, the link cost is constant as one;
2) in traffic-load-based (TL-based) rerouting (Gao and Zhang, 2006), the link cost is the number of traversed
flows on this link; 3) in link-capacity-based (LC-based) rerouting, the link cost is taken as the reciprocal of the
link capacity (Toh et al., 2009). For the above schemes, the rerouted paths should not be more than K hops,
which is exerted as the maximum-hop constraint for Dijkstra’s algorithm (Gao and Zhang, 2006). K is set to
the original path length plus two hops in this chapter.

Key simulation parameters are set as follows unless otherwise stated: f. = 0.1THz, G, = G; = 18dB,
absorption coefficient k,ps(f.) = 0.0033 m~!, time duration T, = 50ns, shadowing standard deviation ox =
7dB, cluster arrival rate A = 0.13 ns—!, cluster decay factor I' = 3.12ns, path loss exponent n = 2; the number
of relays to be deployed N, = 10; the uniform distribution density of candidate relay sites (also termed as
candidate site density) is 0.0001 per m?; the number of end-to-end flows is 200. The results are averaged over

the test topologies with the deployed node density around 0.5 x 10~% per m?, and each test topology is averaged
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Figure 2.4: Episode rewards of DRL training.

over 100 uniform relay distribution. Note that the episode rewards are normalized between -1 and 1 during

training.

2.4.2 Validation of DeepRP
Node Embedding Module

Three different cases are considered, where the numbers of GCN layers are 0, 2, and 4, respectively. The node
embedding module is removed in the first case. As shown in Fig. 2.4(a), the training of DRL agent can reach
convergence under all three cases, with the episode rewards stable after 1200 training episodes. However, the
converged rewards without node embedding is significantly lower than the other two. This difference is also
reflected in the network throughput obtained by three schemes, as shown in 2.5(a). Under various relay densities,
DeepRP with GCN-based node embedding achieves 7.88 —8.29% higher throughput than that without it, which
validates the necessity of node embedding. As 2-layer and 4-layer GCNs can achieve similar performance, the
2-layer GCN is selected for DeepRP to reduce computation complexity. This design also matches the physical

interference pattern, where the nodes within two hops may interfere with each other even with beamforming.

H-Highest-Gradient Cliques

As described in Section 2.3.3, H-highest-gradient cliques are identified and used in action masking. Different
values of H are considered, i.e., H = 1, 2, 4. The case without clique gradients is also considered, where an action

can be selected out of all the candidate sites. However, as shown in Fig. 2.4(b), the training without clique
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Figure 2.5: Network throughput achieved by DeepRP.
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Figure 2.6: Network throughput with different flow rerouting methods.

gradients cannot converge within 1400 episodes, which validates the necessity of embedding clique gradients into
DeepRP. With clique gradients, the agent is guided to place relays targeted at the most critical bottlenecks.
Thus, more useful actions can be generated during training, resulting in an efficient convergence. The remaining
cases are compared in Fig. 2.5(b). As the candidate site density increases, the performance with H = 1 increases
by 7.14%, while the case with H = 4 does not see much gain. This can be interpreted as follows: when the
candidate site density is low, there may not be enough relays near the highest-gradient clique, and in this case
setting H to a larger value brings the opportunity of exploring more relays; when the candidate site density is
high enough, setting a large H cannot bring much gain. Therefore, the value of H should be adjusted with the
candidate site density in practice. In the following evaluation, H is set to 2 for the site density of 0.0001 per
m? or above, and set to 4 otherwise. It should be noted that the trained agent is capable of adapting to new

network scenarios without retraining, as the DRL agent is trained with diverse backhaul topologies and flow

distributions.
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Figure 2.7: Impact of various path loss exponent values.

Flow Rerouting Schemes

Four flow rerouting schemes are compared with various numbers of flows in the network. As the number of
flows increases from 100 to 500, RS-based rerouting can achieve the throughput at most 5.53% higher than
TL-based rerouting, and 16.82% higher than the other two schemes. Therefore, RS-based rerouting is adopted

in the following evaluation.

Path Loss Exponent

The impact of various path loss exponent n is studied, specifically n = 2,2.5,3, where n = 2 means the free
space propagation and a larger n means a more lossy environment. The added simulations are shown below.
The number of added relays is fixed at 30. As the flow density in the network increases, the network throughput
reaches a stable level. As shown in Fig. 2.7. The throughputs when n = 2.5 and n = 3 are approximately
56.4% and 23.8% of that when n = 2. The reason for throughput decrease is straightforward: as n increases,

the path losses become larger, and thus the receive SNRs and link rates become lower.

2.4.3 Comparisons with Baseline Approaches
Global Optimality for Small-Scale Problems

To empirically evaluate the optimality of DeepRP, we compare it with the exhaustive search scheme for small-
scale problems (15 candidate sites in total and the number of added relays varying from 2 to 5). As shown in Fig.
2.8, DeepRP achieves the throughput that is 98.2%-99.6% of the optimal throughput obtained by exhaustive
search. The inference time consumption of DeepRP is below 1% of the time consumed by exhaustive search
when the number of added relays is 5. For large-scale problems, the time consumption of exhaustive search is

not tractable.
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Network Throughput
First, the network throughput with different numbers of added relays is compared as shown in Fig. 2.9. As

the number of added relays increases from 0 to 20, there exists a rapid increase in network throughput with

DeepRP, but the upward trend becomes much slower with the number of added relays above 20. This is due to
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Figure 2.11: Network throughput gain over the original network under various candidate relay site densities.

the fact that the relays at critical locations have been exploited. Furthermore, DeepRP outperforms HeurRP-
with-grad by a margin of 5.76 — 10.37% in network throughput when the number of added relay is larger than
10. Interestingly, HeurRP-with-grad can achieve 8.67 —10.11% higher throughput than HeurRP-wo-grad, which
indicates the effectiveness of clique gradients in guiding relay placement. Second, the network throughput with
various numbers of flows is evaluated as in Fig. 2.10. In this case, the number of added relays for four schemes
is fixed at 30. As the flow density in the network increases, the network throughput reaches a stable level, where
the throughput obtained by DeepRP is 10.42% higher than HeurRP-with-grad, and 21.51% and 32.11% higher
than HeurRP-wo-grad and RandomRP on average, respectively. Third, the throughput gain over the original
network without relays is evaluated under various relay densities, as shown in Fig. 2.11. In each topology, 20
relays are deployed. As the sites become denser especially over 0.0001 per m?2, the throughput gain achieved by
DeepRP becomes more significant, which is 40.65 — 50.84%. This is because a dense candidate site distribution
can increase the chance of finding relays near the most critical bottleneck. Furthermore, when the candidate
site density is above 0.0001 per m?, DeepRP can achieve a 13.36% larger gain than HeurRP-with-grad, and a

25.38% larger gain than HeurRP-wo-grad.

Depth of Bottleneck Structure

As proved in the original theory (Ros-Giralt et al., 2019), the smaller the depth of bottleneck structure is (i.e.,
the longest length of a directed path), the better the network congestion performance is, which also fits the
clique-based case. With 30 deployed relays and 200 flows, the comparison between the average depths of clique-
based bottleneck structures is shown in Fig. 2.12. As the site density increases, the gap between the depth of
the original network’s structure and the depth of augmented network’s structure by DeepRP becomes larger.
In all the cases, DeepRP achieves the shallowest structure, and it shrinks the structure depth by 41.67% than

the original one when the density reaches 0.0002 per m?2.
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Figure 2.13: Comparison of clique-based bottleneck structures.

Clique-Based Bottleneck Structure

The bottleneck structures of the original network and the augmented network by DeepRP are compared in
Fig. 2.13. To ease illustration, the number of flows is set to 50, and the number of added relays is 10. The
original bottleneck structure has 7 levels with the longest directed path length as 7. After relay placement
by DeepRP, the interactions among bottlenecks and flows are much simplified such that a 5-level structure
with fewer directed paths. DeepRP can achieve more simplified structures than the baseline methods, but such

results are omitted here due to space limit.
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2.5 Summary

The problem of augmenting 6G backhaul architecture with relays to boost network throughput was studied
in this chapter. Via developing the clique-based bottleneck theory, the interactions among bottlenecks in the
wireless case was captured, from which the relationship between network architecture and network throughput
was obtained. The clique gradients were then defined and computed based on the constructed structure, to
identify the critical bottlenecks in the network. By integrating the clique-based theory, a DRL-based relay
placement approach DeepRP was designed to accomplish relay placement. It is the first work that establishes

the bottleneck theory for wireless networks and performs relay placement based on this theory.
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Chapter 3

Network Slice Enforcement for Radio
Access Networks Based on Reinforcement

Learning

Considering network slicing in a cellular network, one of the most intriguing tasks is slice enforcement over air
interfaces across multiple cells. The challenges lie in several aspects. First, resources allocated to different slices
must achieve soft isolation at the link level. Second, users’ diverse QoS requirements must be satisfied even when
communication links experience fading and interference. Third, long-term slicing policies must be conformed,
no matter how unbalanced they are. To address these challenges, link-level slice enforcement is first formulated
as a resource allocation problem that minimizes radio resource consumption while ensuring link-level soft slice
isolation, guaranteeing users’ diverse QoS requirements, and conforming to slicing policies. Next, this problem
is tackled via a deep reinforcement learning (DRL) based approach, through which LinkSlice is designed as an
iterative two-stage algorithm. The first stage determines transmission rates for each link based on DRL. It is
embedded with a graph neural network (GNN) to characterize link interference. Based on the transmission
rates from the first stage, the second stage allocates resources to each slice. Performance results show that
LinkSlice converges quickly to a near-optimal solution. It gracefully tackles the three challenges of link-level

slice enforcement while further improving throughput by 18.5%.
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3.1 System Model

3.1.1 5G Multi-Cell RAN

A 5G multi-cell RAN is considered in this work. The network includes multiple distributed units (DU) and
one central unit (CU, i.e., the central controller of the RAN). All the DUs are connected with the CU via F1
interface (3GPP TR 38.801, 2017). In the rest of the chapter, the DU is referred to as the base station (BS), and
the CU is referred to as the central controller. Let B = {1,2,...B} denote the set of base stations. The central
controller takes centralized scheduling decisions and sends them to the base stations. All the base stations reuse

the radio resources in the RAN.

The set of admitted network slices in the RAN is denoted by M = {1,2,...M}. Let U be the set of users in
the RAN. Each user is assumed to be associated with only one BS. Let U}, ,,, denote the set of users associated
with BS b and slice m. The set of users associated with BS b is denoted as Uy = Upe mUs, . Based on the signal
strength, a user is predefined as a cell-edge user or cell-center user (Chang et al., 2009; Yu et al., 2013; Rahman
and Yanikomeroglu, 2010). Let Uy e, Uy . denote the sets of cell-edge users and cell-center users associated with
BS b respectively. The sets of all cell-edge and cell-center users are denoted by U, and U, respectively, where

Ue = Upesly e, Ue = Upeplp c.

Time and frequency scheduling is conducted given the predetermined power levels P, for user u. Cell-center

and cell-edge users are allocated with different power levels (Chang et al., 2009). Specifically,

P,, Yuel,,
P, = (3.1)
P., Yuel,,

and P. > P,. We focus on the downlink transmission that adopts orthogonal frequency division multiple access
(OFDMA). Let Ny denote the number of PRBs within one slot of a radio frame, and Tt denote the number of

time slots. Thus, the available resources in one radio frame are divided into Nprg PRBs with Nprg = Ny - Tt.

The wireless channel coefficient between the user © and BS b on PRB i is denoted by hgb,’im) (the user u is

associated with slice m). It is assumed that the channel remains the same within one PRB. Let Py denote the
noise power on each PRB. The actual transmission power of user u is denoted as p,, which depends on PRB
(b )

scheduling elaborated in Section 3.2.1. Thus, we derive the signal-to-interference-and-noise ratio (SINR) ~,,

of the user itself on each PRB:
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(bym) puhu,i
Vi ™ (3.2)
o PN"‘ZU;euveupvh( a
Let r(b ™) denote the transmission rate for user v on PRB 7. The transmission rate is chosen from a set

of discrete values according to 3GPP standards (3GPP TR 38.801, 2017). First, the SINR is mapped to the
channel quality indicator (CQI) based on the CQI table in 3GPP TR 38.801 (2017). Then, a modulation and
coding scheme (MCS) is decided based on CQI. The rate rfﬁgm) is finally calculated based on the MCS chosen
on this PRB. Let () denote SINR to CQI mapping, and f(-) denote CQI to MCS mapping. Both functions are

discrete step functions. Therefore, the transmission rate can be expressed as the function of SINR as follows:
bm b,m
rm = FAGEM)). (33)

To simplify interference modeling, the interfering links whose interference is below a certain threshold are
ignored. Under this assumption, the inter-cell interference experienced by cell-center users is negligible (Yu et al.,
2013; Chang et al., 2009). The cell-edge users, however, are prone to interference and performance degradation.

Moreover, SINR ’y(b )

in equation (3.3) can only be obtained based on the results of PRB scheduling, and it
cannot be measured in advance.

In the light of the above facts, nominal SNR is further defined as 63?;7”) according to (Eslami Rasekh et al.,

2020). It is expressed as the ratio of transmit signal strength and noise:

P, R™
5’l(Lb:£m) :%,VUEU,Z’:L...,N. (3.4)
' N

Thus, transmission rates for cell-center users are directly calculated using nominal SNR (Chang et al., 2009;
Lopez-Pérez et al., 2013):
i = FABL™)) Y € Uy eyi =1, N (3.5)

’LL’L

For cell-edge users, the SNR degradation caused by interference is expressed as a discrete value 5£b’m), which
is the number of levels below the nominal CQI level [ (6 (b, m)) Here, we assume that SNR degradation for one
user is homogeneous in interfering PRBs (Lopez-Pérez et al., 2013), while nominal SNR, for each PRB can still
be different and is dependent on time-varying channel conditions. Therefore, transmission rates for cell-edge
users are computed as follows (Chang et al., 2009; Lopez-Pérez et al., 2013):

rOm = paal™) — 6™ Yu € Uy eyi =1, ..., N. (3.6)

u,b
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Figure 3.1: BS deployment and interference graph in multi-cell RAN.

Since nominal SNR values can be directly measured by the receiver, the determination of transmission

rates for each user is converted to the determination of SNR degradation. Naturally, SNR degradation 63)’7”)

reflects the level of aggregated interference from other cells based on PRB scheduling. Furthermore, given the
(b;m) m)
u,t

transmission rate r assigned to user u, the SINR lower bound ’Nyfj; can be calculated. Let function F~1(:)

denote the reverse mapping process as follows:

;}‘/(b’m) — F—l(r(bv_m)). (3.7)

u,t U,

)

Based on the SINR lower bound, the maximum tolerance interference I ﬁ;m is derived as follows:

(bm) _ ﬁuhib,’im)

wi ~(om)

’yu,i

~ P (3.8)

3.1.2 Slice Service Model

The QoS requirement of slice m is considered to be the minimum data rate R,, for each radio frame. Let
W = UpesUs,m denote the set of users who are associated with slice m across all base stations. The users in

W, are assumed to be homogeneous in the QoS requirement R,,.

During slice enforcement, the long-term slicing policy pp ., needs to be ensured. The range of py , is [0, 1],
which prescribes the percentage of resources reserved on BS b for admitted slice m (D’Oro et al., 2019). Each
slice is deployed on multiple base stations according to this predetermined slicing policy. The slicing policies are
assigned periodically, where the slicing policy period is set as Ty radio frames and it can be much larger than the
timescale of slice enforcement (i.e., one radio frame). Each slice needs to conform to the slicing policy during
each slicing policy period Ty, i.e., the resource usage of the slice does not exceed the predetermined percentage
of total resources. By conforming to the slicing policy, the traffic load variation of one slice does not affect other

slices. Therefore, the slicing policy provides the quality of service on the slice level.
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3.1.3 Interference Graph Model

Interference graphs are effective models to capture the interference among links (Chang et al., 2009; Eisen and
Ribeiro, 2020; Lee et al., 2021), as shown in Fig. 3.1. Let the undirected interference graph be G = (W1, &),
where Vi denotes the set of nodes, and &£ denotes the set of edges. The node V,, in V| represents the downlink
communication link between user u and its associated BS. The edge between nodes V,, and V,, represents the
existence of interference between these two communication links. The estimated interference strength between
two communication links is represented as a weight w,, , on its corresponding edge. There is no edge among the
transmission links within the same cell, as no intra-cell interference is allowed. Let Vi(u) denote the neighboring
(i.e., interfering) links of user u’s link on the interference graph. Thus, the SINR is reformulated as follows:
5. pom)

(b, m) Pully ;
5 — (3.9)
w,i PN + ZUGVI ) puh(b )

where f)vhgj;") is related to w, , based on PRB scheduling. Note that equation (3.9) is evolved from equation
(3.2). Equation (3.2) is the general SINR expression that considers the potential interference from all the other
users in the network, while equation (3.9) only retains the potential interference from neighboring nodes on the

interference graph.

3.2 Problem Formulation and Transformation

3.2.1 Problem Formulation

The fine-grained, link-level slice enforcement problem is studied in a multi-cell network. Slice enforcement is
conducted for each radio frame ¢, which involves multiple types of entities, namely base stations, slices, and
users. Given the predetermined long-term slicing policy pp ., PRBs on the involved base stations are allocated
to each link. For the benefit of the physical network operator, once link-level QoS requirements are guaranteed,
precious radio resources need to be saved as much as possible.

Furthermore, the requirement on slice isolation is stated as follows: interfering links associated with different
slices are not allowed to use the same PRB resources for safety and privacy considerations (D’Oro et al., 2018).
Since soft slice isolation is conducted across multiple cells, the impact of inter-cell interference on the performance
of isolation needs to be considered. For two different slices, if they are allocated with the same set of PRB
resources across cells, there can be inter-slice interference caused by inter-cell interference. For a single slice,

if it is allocated with the same set of PRB resources across cells, there can also be intra-slice interference
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caused by inter-cell interference. Different approaches are taken to tackle inter-slice interference and intra-slice
interference. Inter-slice interference is avoided by link-level resource separation, which is indispensable due to
the slice isolation requirement. However, there is no isolation issue on the physical layer for the same slice. If
there exists intra-slice interference, one approach is allocating time/frequency resources to the interfering links
to guarantee the user demands, and the other one is performing power allocation among intra-slice links to
mitigate this interference. This chapter is focused on the former approach. Based on the above analysis, the
objective of slice enforcement is to minimize the long-term PRB usage over each slicing policy period Tg, i.e.,
the number of consumed PRBs, for the whole RAN. In the meantime, the long-term slicing policy, the QoS
requirement, and slice isolation have to be guaranteed. For the conformance of the slicing policy, the average
PRB usage of each slice is smaller than the threshold prescribed by the slicing policy py ., over each slicing
policy period Tg. For the QoS requirement, in each radio frame ¢, a user subscribing to the service of slice m has
the minimum data rate requirement denoted by R,,. Thus, the resources allocated to user u need to transmit
at least R,,o bits in one radio frame, where o denotes the time duration of one radio frame. Also, the intra-

(bv_m)

slice interference must be smaller than the maximum tolerance interference I, ;" in equation (3.8). For slice

isolation, the interfering links associated with different slices are not allowed to use the same PRB resources.
Moreover, to avoid intra-cell interference, the transmission links in the same cell must not reuse PRBs. Let
J:S)_”im) (t) denote the PRB allocation indicator for user u associated with BS b and slice m on PRB 4, during
the radio frame indexed by t. x(b m)(t) equals 1 when PRB i is allocated to user u, and 0 otherwise. Based
on the PRB allocation indicator, the actual transmit power can be expressed by p, = xgi’im)Pu, and the actual
interfering power based on the weight w, , on the interference graph can be denoted as ﬁvhg?;n) = xi"i{n)wuyv
(the user v is associated with BS d and slice n). To simplify the notation, the radio frame index ¢ is omitted

for the following formulation except for explicit explanation. The slice enforcement problem is formulated as

Problem 1 (P1):

T
min = — E
z(bnn) T =

u,t

Z Z (b,m) (t)] , (3.10)



200113572
3.2 — Problem Formulation and Transformation 51
s.t.:

iblm) 0m) > Rpno,Vu € Uy m,b e B,me M, (3.11)
Zmbm)<1Vb€Bzfl ,N, (3.12)
u€eUy,

2P Y e <l vueli=1,.N, (3.13)
veVI(u),
n#m,d#b
20T wal™ <10 Yueltyi=1,.N, (3.14)
veVI(u),d#b
1 N
2| 2 2wl W] < Nopw Ve Bme M, (3.15)
t=1 |u€Uy, m i=1

where objective (3.10) optimizes the network performance measured over each slicing policy period Ty; con-
straint (3.11) describes the QoS requirement; constraint (3.12) guarantees that there is no intra-cell interference;
constraint (3.13) ensures the link-level soft slice isolation; constraint (3.14) guarantees that the intra-slice inter-
ference is below the maximum tolerance interference; constraint (3.15) guarantees the long-term enforcement of

slicing policy over each slicing policy period Ts.

3.2.2 Problem Transformation

Slice enforcement is a decision-making problem over multiple time steps, i.e., radio frames, to maximize a long-
term performance metric. This problem is extremely hard to solve considering the following perspectives. First,
the objective function aims at minimizing the resource usage spanning multiple time steps, while resources
are allocated per time step. Second, there is a mixture of long-term constraints and short-term constraints.
Third, there is a coupling effect among the long-term objective, the long-term constraints, and the short-term
constraints. Last but not least, the computation complexity of even a sub-problem is NP-hard as we will
demonstrate in Section 3.3.

Deep reinforcement learning (DRL) is a perfect candidate to handle such a long-term optimization problem,
where the agent in DRL aims to maximize the long-term rewards received from the environment through multi-
step actions. Thus, DRL can tackle the coupling between the long-term objective and short-term decision in slice
enforcement problems. Furthermore, maximizing the long-term network performance requires future information

on time-varying channels and interference conditions, which needs complicated mathematical modeling. The
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model-free DRL algorithm does not require any prior information on the environment. The DRL agent adapts
to the dynamic environment and learns the optimal policy by interacting with the environment. Therefore,

mathematical modeling and prediction are avoided.

However, when DRL is applied to solve problem P1, one of the obstacles is that there is a long-term
constraint (3.15) on the slicing policy conformance. In this case, it is difficult to decompose problem P1 into

multiple separate time steps. To tackle this issue, we define the penalty term

N
Lym(t) = max{0, > e (t) — Npym}, (3.17)

u€Up,m 1=1
for frame t to transform the constraint (3.15) into the objective function. If there is no violation of the slicing
policy, the penalty term Ly ,,, equals zero. If slicing policy violation takes place, the corresponding penalty is
exerted on the objective function. Let A denote the penalty coefficient associated with this penalty term. We
thus present an approximate problem P2 to problem P1:

Problem 2 (P2):
T N
) Z ZZ (e O+ D Lim(®)], (3.18)
5‘ ’m) t:1 €U i=1 beEB MEM

s.t.:

Egs.(3.11) — (3.14), (3.16).

Although problem P2 is an approximated version of P1, it is obvious that the optimal solution to P1 is
also the optimal solution to P2. We can also prove that problem P2 can be guided by DRL reward design to
approach the optimal solution to P1. With a large enough penalty coefficient A, the DRL agent can always
receive larger rewards when the actions generated by DRL fall into the feasible region of P1 (the reward design

is elaborated in Section 3.4.1). This is shown as follows.

Theorem 3.1. When the local optimal solution to problem P2 falls out of the feasible region F of problem P1,

there exists A € R such that, the optimal objective value of P2 must be larger than that of P1.

The detailed proof is given in Appendix B.
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3.3 LinkSlice Overview

As discussed in Section 3.2, DRL can be utilized to handle multi-step optimization problems. However, if DRL
is directly applied to solve problem P2 by generating the PRB allocation indicators as the actions, it is difficult
for the DRL agent to learn the desired policy in practice. The reasons lie in two aspects: 1) since there exist
a large number of constraints in problem P2, guiding the DRL agent towards feasible actions through reward
engineering is notoriously difficult (Paternain et al., 2019); 2) even though DRL can reach feasible actions,
converging to a near-optimal solution is still challenging, as the combinatorial nature of P2 leads to a large
discrete action space (Bello et al., 2017). Therefore, the direct application of DRL is not practical.

To this end, we design a two-stage framework: DRL is applied to obtain the transmission rates in the first
stage, and slice enforcement is conducted in the second stage given the transmission rates. Especially, for the
second stage, the remaining PRB scheduling problem for each radio frame is still computationally hard. The
following sub-problem needs to be solved:

Problem 3 (P3):

1(1}}12) Z Z a:(b ™ A Z Z Ly m, (3.19)

Ty uel i=1 beB meM

s.t.:
Egs.(3.11) — (3.14), (3.16).

Problem P3 is an integer quadratic-constrained programming problem (IQCP). The variable space of P3
grows exponentially with the numbers of users and of PRBs. A brief proof of NP-hard property of P3 is given by
theorem 3.2. It is computationally expensive to obtain the optimal solution as the size of the network increases.
Therefore, a low-complexity heuristic algorithm named greedy slice enforcement with masking (G-SEM) is

proposed to solve problem P3.
Theorem 3.2. Problem P38 is NP-hard.

The detailed proof is given in Appendix B.

The two-stage framework of LinkSlice is shown in Fig. 3.2. The interference graphs, channel conditions, and
user demands are collected for the two stages. In the first stage, the DRL outputs the SNR degradation, which
is then transformed into transmission rates through the mapping function in Equation (3.6). In the second

stage, given the transmission rates for each link in each radio frame, a low-complexity greedy algorithm G-SEM
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Figure 3.2: LinkSlice overview: a DRL-based heuristic solution for slice enforcement.

is designed to obtain the near-optimal solution to problem P3. G-SEM conducts slice enforcement per radio
frame. The rewards are collected from the second stage and fed back into the first stage. The two stages work

together iteratively until reaching convergence.

3.4 Two-Stage Slice Enforcement: A DRL-Based Heuristic Solution

Compared with the standard DRL architecture, LinkSlice is unique in two aspects. First, the actor and critic
networks contain embedded GCNs to capture the interference among communication links. Then, a pooling
mechanism is leveraged to reduce the size of the action space. Second, the optimization algorithm G-SEM is
embedded into the DRL environment to conduct PRB scheduling. The detailed blocks are shown in Fig. 3.3.

The design of LinkSlice is elaborated in this section.

3.4.1 Stage I: A DRL Approach for Interference-Aware Rate Determination

A DRL problem is generally based on a Markov decision process (MDP) consisting of the state space, action
space, reward space, transition probability set, and initial state distribution, i.e., {S, A, R, P,po}. The overall
architecture and detailed design of DRL used in LinkSlice are presented in the following.

Overall Architecture of DRL. As illustrated in Fig. 3.3, an actor-critic architecture is utilized. Consid-
ering each radio frame as a time step in DRL, the global states s(¢), actions a(¢) and instantaneous rewards 7(¢)
are modeled for the task of SNR degradation estimation. The central controller in the RAN is viewed as the
global agent. At the start of each time step, the DRL agent (i.e., the actor and critic) observes the states s(t)
for each node (i.e., one communication link between a user and its associated BS) on the interference graph.
The states are then embedded by a two-layer GCN and sum-pooled. The pooled embeddings are fed into a
two-layer fully-connected neural network (FCNN), which outputs the probability distribution of actions after

SoftMax activation. The actor then samples the actions according to the probability distribution w(als) (i.e.,



=

0011=s-72

3.4 — Two-Stage Slice Enforcement: A DRI-Based Heuristic Solution 55

the policy). After interacting with the environment, the agent collects rewards to update both the actor and

critic networks.
In the following part, we present the design of the state, action, reward, and training algorithm of DRL.

State. The node state s,(t) in time step ¢ consists of three parts, including the channel condition, the
link data rate in the last time step, and the gap between this link data rate and QoS requirement. For clarity,
The channel condition is denoted by a vector of nominal SNR 3,(t). Each element of 3,(¢) is a nominal SNR
measured on one PRB’s bandwidth. The link data rate during the last frame R, (t — 1) can be computed by
adding the transmission bits on each PRB together. The gap between the link’s QoS requirement and the actual

data rate describes the level of QoS satisfaction, which is denoted as Ag ,,(t —1) = R, (t — 1) — R,,, (the user u

is associated with slice m). Based on these three parts, the node state is formulated as

- T
su(t) = [B, (1), Ru(t — 1), Ap.u(t — 1)} : (3.20)
where R, (t — 1) is formulated as
B N
Ru(t—1)=>"al™ - 1)r™ - 1). (3.21)
i=1

The state s(t) observed by the agent consists of all the node states, which is presented as
s(t) = [s1(t),s2(t), ... su(1)]" . (3.22)

State Aggregation and Pooling. Given all the node states in s(t), one straightforward way is to con-
catenate them to generate a long vector that is used as the input of the DRL networks. However, there are
two obvious drawbacks to this design. First, it is not scalable with increasing users. When the number of users
increases, the dimension of network inputs also increases. Second, this design ignores the relationships among

the interfering links encoded in the interference graph.

Graph neural networks (GNN) (Gao et al., 2018; Liu et al., 2010; Kipf and Welling, 2016; Jiang et al., 2020)
are proposed to provide representations for the graph data structure. The GNN embeds the node feature and its
structural information into the embedding space. In LinkSlice, an interference-aware DRL network is designed,
where GCNs are utilized to capture the relationships among nodes and embed the interference graphs into the
states of DRL. Let Hg) denote the parameters of ¢-th layer GCN. Let ds denote the dimension of the original

node state, and d; denote the dimension of the embedded node state. The aggregation weights w,, , and the
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neighboring set Vi(u) of each node u are provided by the given interference graph. Let g, denote the degree of
user v in the interference graph. Two GCN layers are stacked for generating state embeddings §,(¢) for each
node u, which captures the states of one-hop and two-hop neighboring nodes. The weighted aggregation process

in the two GCN layers is presented as follows:

- _ Wy, v Wy, v 1) (2)
Su()= Y —=or > or(su()T00) | 69 (3.23)
vEVi(w)U{u} V9ugo vevi(mufuy VIud
where ogr(-) is the ReLU activation function. During the state aggregation stage, the agent collects the states of
all the nodes on the interference graph and conducts state aggregation via GCNs. The aggregated embeddings
are represented by a matrix S (with time step ¢ omitted for simplicity of notation) with the dimension U X d;.

Each row of S corresponds to one node’s embedding.

A graph pooling mechanism is added after state aggregation. Each cell is uniformly divided into Ny sectors.
For example, the cell can be sectorized into six sectors, with 7/3 radians each. The total number of sectors is
denoted as Ky with Ky = NyB (B denotes the number of cells). In sector k, the aggregated embeddings are
further sum pooled to generate one representation for sector k. The pooled embeddings are denoted by Sp with

the dimension K x d; (with time step ¢ omitted). Each row of Sp corresponds to one sector’s embedding.

The “sector” in our design is a virtual concept for graph pooling, instead of “cell sector” from directional
antennas. The sector determines the range of sum pooling. It is practical to sum pool the node embeddings
in the same sector, as the cell-edge users in the same sector have similar interference topologies that lead to
similar SNR degradation. Although the sectorization scheme causes inaccuracy in the interference modeling that
will impact the network performance, it can shrink the size of action space significantly. Instead of outputting
actions for each node, the actor network can output actions for each sector, as elaborated in the following design

of action space. The impact of the sectorization scheme on LinkSlice is evaluated in Section 3.5.4.

Action. The pooled embeddings are then fed into a two-layer FCNN. Let d, denote the dimension of
output layer of FCNNS, i.e., the number of actions that can be chosen from. The two-layer FCNN parameters are
represented by two matrices WF(l)7 W}g) with the dimensions d; X dr, dr x d, (let dr denote the dimension of the
hidden layer). The action probability distribution output by the FCNNs is denoted as og |:O'R(S’P W}gl))WéZ) ,
with the dimension K x d, (let ogr(-) denote the ReLU activation function, and og(-) denote the SoftMax
activation function). This process should be noted with two features. First, the action is conducted for each
sector instead of each node, and all the nodes in the same sector share the selected action. Second, the

embeddings for each sector are stacked into Sp, and FCNN parameters are shared among all the sectors, as
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Figure 3.3: LinkSlice detailed design: two-stage slice enforcement.

revealed in the matrix multiplication in og [UR(SP ngl))WbEQ) where W}gl), Wb@ are operated on each row of
Sp. This design is similar to graph convolutional reinforcement learning proposed in Jiang et al. (2020).

Since the graph pooling based on the sectorization scheme is leveraged, the actions are sampled for each
sector instead of each node. Therefore, the joint action space is shrunk from (d,)V to (d,)¥, with K equal to
the number of sectors. The action taken by the agent a(t) consists of actions sampled for each sector. This is

presented as
a(t) = [a1(t),az2(t), ...,ax (t)], (3.24)

where ag(¢) is defined as the SNR degradation for sector k sampled from d,, possible discrete values. Originally,
the SNR degradation level 5§b’m) is defined on the link level, which describes the channel degradation for each

link between user u and its associated BS b. After the pooling mechanism is introduced, the SNR degradation
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level selected for each sector describes the average channel degradation for all the cell-edge links in this sector.

Given the SNR degradation level, the transmission rate is determined based on equation (3.6).

Reward. The long-term objective in problem P2 can be naturally mapped to the accumulated reward
in DRL design. However, during the learning stage, it is possible that the second stage is not feasible (i.e.,
the users’ QoS requirements cannot be satisfied) given the transmission rates from the first stage, as shown
in Section 3.4.2. To solve this problem, when the DRL agent falls in the infeasible status, an extremely large
negative reward is imposed on the agent. Thus, the infeasible status can be efficiently avoided during DRL

training.

The instantaneous reward 7(t) for each time step ¢ consists of two parts: the objective value in one step
of problem P2 (including network-wide PRB usage and slicing policy violation), and the negative reward for

infeasible status. Therefore, we have

F(t) = —1{H £ 0}W(t) — 1{H = O}y, (3.25)

Zxﬁf"’ (O +AD D Lum(t), (3.26)

ueY i=1 beB meM

N
STal™ @) + A Lum (D], (3.27)

u €U, i=1 meM

o
&

S

where H denotes the feasible set of the second stage (i.e., problem P3), —1{H = @} denotes the penalty for
the infeasibility of the second stage (the indicator function 1 of an event takes value 1 when the event is true

and value 0 otherwise). In practice, u is set as the maximum value of W (t) collected in the environment.

Training Algorithm. The DRL agent with stochastic policies is considered: a policy 7(als) : S — P(A)
represents the mapping from state space S to probability distributions over action space A. The policy is
parameterized by the actor and critic networks, denoted as 8 and v respectively. Both the actor and critic
networks contain two-layer GCNs for node embedding, and two layer FCNNs. Note that the output dimension
of the critic network is one. The actor and critic networks are trained separately. The action taken by the agent

leads to an instantaneous reward 7(t) € R.

The learning process of DRL is based on the policy gradient algorithm. The goal is to maximize the expected

long-term reward E [Z;‘ll f(t)} over one episode (i.e., Ty timesteps). Generalized advantage function (GAE)



=

0011=s-72

3.4 — Two-Stage Slice Enforcement: A DRI-Based Heuristic Solution 59

(Schulman et al., 2015) is estimated as

AT = i(s(t),a(t)) + V™ (s(t + 1)) — V™ (s(t)). (3.28)

The advantage function A™(¢) under policy 7 reveals how much the current action a(t) is better than average
given the current state s(t). The value function V™ (¢) is the discounted reward-to-go approximated by the critic
network as follows:

VT(s(t) =E

T
St s, a(t'»] , (3.29)

t=t/
where + is the discounted factor.
Once the advantage is estimated, the policy gradient algorithm is applied to update the actor network. The

objective of optimizing DRL’s policy is:

T
myx E [z po(a(®)ls(0) A7 (330)

where pg(a(t)|s(t)) is the probability of taking action a(t) based on the policy mg(als).

The gradient of the objective function is taken as follows:

VE =E

" polalt)ls(t) A7

> A?ng(pe(a(t)S(t)))] : (3.31)

t=1

In the first stage, the DRL module outputs the SNR degradation as actions, which are then converted to
transmission rates via equation (3.6). Given the transmission rates generated by the DRL module, a greedy
priority-based algorithm is designed to conduct slice enforcement per radio frame, which is elaborated in the

following part.

Theorem 3.3. The complexity of greedy multi-cell enforcement algorithm is O(Blog B + N? + Ulog% +
UNlog N + BN), where B, U, and N represent the number of BSs, users, and PRBs, respectively.

The proof is given in Appendix B.

3.4.2 Stage II: Slice Enforcement Through Link-Level Scheduling

When slice enforcement is conducted over multi-cell air interfaces, two base stations whose coverage regions do
not overlap with each other can enforce slices independently. The BS coverage, i.e., BS topology, is known in

advance (Zhou et al., 2016; Chang et al., 2009).
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Algorithm 2 G-SEM: Greedy slice enforcement with masking mechanism.

L: Input: The estimated transmission rates rl(f;m)

output by DRL, the interference graph Gr, long-term slicing

policies P, channel conditions of links hflb,’im), the BS topology.
2: Initialization:

3: Identify the sets of base stations {Bi, ..., Bc} that operate in parallel by applying Welsh-Powell algorithm
on the BS topology. Let {1,...,C'} denote the index of these sets.

4: for c=1to C do

5:  Conduct slice enforcement in parallel for base stations in the set B;

6: forbe B, do

7: for u € Uy eqpe do

8: Identify free PRBs for each user via the masking mechanism.

9: end for

10: end for
11: for b e B, do

12: Generate the scheduling priority for each user in the set Up;

13: for u € Uy do

14: Sort the free PRBs based on transmission rates ’I“(b ™) in the descendlng order;

15: Allocate free PRBs according to the above order untll each user’s QoS requirement is satisfied.
16: end for

17:  end for

18: end for

19: if this is the training stage of LinkSlice then

20:  Collect the results of slice enforcement and generate the instantaneous reward 7.
21: end if

22: Output: A PRB allocation scheme X for slice enforcement.

A greedy slice enforcement algorithm with masking mechanism (G-SEM) is designed with three main blocks.
The first block of G-SEM identifies the clusters of BSs that can enforce slices in parallel, which is achieved by
Welsh—Powell algorithm (Welsh and Powell, 1967). Welsh—Powell algorithm is a greedy graph coloring algorithm

based on the degrees of nodes.

For the BSs assigned with the same color, slice enforcement can be conducted in parallel. In the second
block, a priority-based algorithm is designed for slice enforcement in a single cell. The allocation priority of
users is determined by the following rule. First, the cell-edge users have a higher priority than the cell-center
users. Then, for both the cell-edge and cell-center users, those with higher QoS requirements are assigned higher
priorities. Last, for the users with the same QoS requirements, i.e., associated with the same slice, those with
larger degrees on the interference graph are assigned higher priorities. Once the user priorities are sorted, slice
enforcement is carried out sequentially. For each user, the PRBs that can be allocated are sorted based on
the transmission rates in the descending order, and PRBs are then allocated according to this order until each

user’s QoS requirement is satisfied.

The third block of G-SEM is a masking mechanism, which resolves the dependence among BSs with different

colors. Taking one cell as an example, we define free PRBs for each link between a user and its associated BS:
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Algorithm 3 : Two-stage slice enforcement algorithm.

1: Input: The interference graph Gr, the long-term slicing policies P.
2: Initialization: Initialize the actor parameters 64, the critic parameters 6y, the number of episodes Kep,
the number of time steps in each episode T5.

3: for k=1to K., do

4:  Clear the replay buffer for the critic;

5. for t=1to T, do

6: The actor network generates the action, i.e., the estimation of SNR degradation: a(t) < the action
sampled by log pg, (als);
Convert the SNR degradation into transmission rates according to equation (3.6);
Run the heuristic algorithm G-SEM to obtain PRB allocation results for the current time step;

9: Collect the instantaneous reward 7(t) from the environment according to equations (3.25)(3.26)(3.27);
10: Compute the state value v < V7 (s, Gr; Ov);

11: Store the tuple (logpe, (als),s, G, a,v,r) in the replay buffer;

12: Update the state s(t) to the next state s(t + 1);

13: Reset the gradients d@p < 0,dBOvy <+ 0.

14: end for .
15 Loss, =Y, AT logp(a(t)[s(t));

2
16 Loss, = X1, [0 2" R(E) = Vr(s(t)]
17:  Update 05 using gradients wrt. Lossg;
18:  Update Ov using gradients wrt. Loss,.
19: end for
20: if users’ QoS requirements cannot be satisfied then
21:  Conduct user admission control, i.e., discard the unsatisfied users and start a new round of learning.
22: end if
23: Output: A well-trained PRB allocation scheme for slice enforcement.

free PRBs are those that can be allocated to the user conforming to the predetermined transmission rates and
ensuring slice isolation at the same time. The key idea of the masking mechanism is to identify all the free
PRBs for each user. For cell-center users which are interference-free, all the PRBs are counted as free PRBs.
However, it is not the case with cell-edge users.

How to identify free PRBs for a particular cell-edge user is illustrated as follows. A cell-edge user’s link
is deemed as the central node for the following. The one-hop neighbors of the central node is traversed on
the interference graph. If the neighbors are associated with different slices from the central node, we mask
the PRBs that are already allocated to these neighbors, i.e., directly set the PRB indicators to zero. If the
neighbors are with the same slice as the central node, the masking mechanism is more delicate. We check the
interference level on each PRB for both the central node and its neighbors, to see whether the interference will
exceed the maximum tolerance interference (equation (3.8)) on that PRB. This is equivalent to ensuring that
there is no violation of the predetermined transmission rates. The PRB allocation indicator is masked to be
zero if the interference on that PRB is intolerable. The masking mechanism identifies all the free PRBs that
can be allocated in the second block of LinkSlice.

The whole procedure of G-SEM is shown in algorithm 2. The three blocks designed in G-SEM efficiently
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solve the multi-cell slice enforcement problem with a polynomial time complexity, which is analyzed in theorem
3.3. By prioritizing links and PRBs, G-SEM reduces the number of PRBs as much as possible for each slice,
and thus reduces the overall PRB usage and slicing policy violation. G-SEM achieves a near-optimal solution

to problem P3, which is evaluated in Section 3.5.

3.4.3 Overall Algorithm of LinkSlice

As shown in algorithm 3, the overall algorithm of two-stage slice enforcement is presented. The DRL agent is
trained with each episode equal to the slicing policy period T;, and the next episode is obtained by sliding the
entire policy period by one radio frame. During the training process of K., episodes, the actor observes the
states and generates actions sampled for each sector. The action, i.e., estimated SNR degradation, is converted
to transmission rates, which are the given inputs of the second stage. G-SEM algorithm is executed to obtain
PRB allocation schemes. Rewards are derived based on PRB scheduling for each frame. The DRL algorithm
collects the rewards to update actor and critic networks. After K., episodes of training, the two stages work
together iteratively until reaching convergence. By then, an effective link-level slice enforcement tool is obtained.

At the end of DRL training, if the QoS requirement of some users cannot be satisfied, then the network
is considered overloaded, and user admission needs to be taken into account. In this case, the algorithm will
automatically discard the users whose data rates are below their QoS requirements and start a new round of

slice enforcement. This admission control part is incorporated into algorithm 3 for the integrity of LinkSlice.

3.5 Performance Evaluation

3.5.1 Simulation Setup

In this section, the performance of LinkSlice is evaluated via extensive simulations. A multi-cell RAN aligning
with 3GPP standards (3GPP TR 38.801, 2017; 3GPP TR 38.802, 2017) is simulated. A frequency division
duplexing (FDD) system is considered, and this chapter is focused on downlink scenarios. In the simulation,
20 MHz bandwidth is divided into 612 subcarriers with the subcarrier spacing set as 30 kHz. The radio frame
size is 10 ms, consisting of 20 slots each with 0.5 ms. The total number of PRBs per slot is 51, and thus the
number of PRBs within each radio frame is 1020 (i.e., Npgp = 1020). Since a centralized scheduling scheme is
adopted, the interaction between the central controller and base stations incurs additional signaling overheads.
The detailed analysis of overheads requires further investigation, which is not included in this chapter.

For a downlink channel from a BS to its associated users, the large-scale fading follows the UMi-Street
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Figure 3.4: Convergence performance of LinkSlice in the first 120 episodes with a different number of BSs.

canyon model in 3GPP TR 38.802 (2017), and the small-scale fading is Rician fading. The coherence time is
assumed to be comparable with the length of one radio frame. There exists no frequency selectivity within one
PRB’s bandwidth. Modulation and coding schemes (MCS) are selected based on the standard link adaptation

mechanism, and the CQI table and MCS index tables are specified in TS 38.214 (3GPP TS 38.214, 2021).

Users are distributed over each cell following uniform distribution unless specified differently. Users are
differentiated by data rates (i.e., the metric of QoS requirement). In our simulations, four types of data rates,
i.e., 100 kbps, 500 kbps, 1 Mbps, and 5 Mbps, are considered to represent services with low, medium, and high
data rate requirements. User density is represented by the number of users per cell. By increasing user density,

the traffic load in the network increases.

There are four types of slices in the simulations, and without loss of generality, one slice instance is considered
in each type of slice. Within one slice instance, the user type is assumed to be homogeneous in data rates.
Based on the previous analysis in section 3.1, the slicing policy on a BS, e.g. BS b, is represented by a four-
dimension tuple, i.e., pb = [Pb,1, P2, Db,3, Pb,a]. Since slicing policies can be unbalanced, a parameter g, called
unbalance index is defined to quantify the level of unbalance as follows. Considering BS b as a central BS,
the sum of Euclidean distances between its slicing policy vector p, and that of its neighboring base stations is
determined and then normalized. Thus, gy, = 3_ e n(p,m) [IPb — pall/(V2|N(b,m)|), where (b, m) is the set of
neighboring base stations of BS b, and [N (b, m)| is the cardinality of the set. Apparently, a higher g, indicates
more unbalanced in slicing policies. Network-wide unbalance index is the average of all the base stations’
unbalance indices. In the simulations, six different levels of network-wide unbalance index are considered, i.e.,
0,0.2,0.4,0.6,0.8,1.0. The unbalance index is set to 0.8 if not specified explicitly. In subsection 3.5.5, the

performance under various unbalanced policies is evaluated.
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Figure 3.5: Comparisons with the optimal solutions to P1 and P2.

As explained in Section 3.4, the DRL agent is trained with each episode equal to the slicing policy period
Ty, and the next episode is obtained by sliding the entire policy period by one radio frame. In the training
process, T' = 10, i.e., each episode corresponds to 100 ms of physical time in the network. However, considering
two consecutive episodes, the overall time interval is only increased by 10 ms, i.e., one radio frame, because of

the sliding operation of the policy period.

The hyper-parameters for DRL training are summarized as follows. The maximal number of episodes in the
training process is set to 300. For the actor network design, the two-layer GCN that is used for state embedding
has an input dimension of 53 (51 neurons for channel states per PRB in one frame, and 2 neurons for link rate
and QoS satisfaction). The sizes of GCN layers are {53 x 64} and {64 x 128} respectively. The sizes of FCNN
layers are {128 x 64} and {64 x 16}. The final output dimension, i.e., action dimension d,, is set as 16, which
equals the number of SNR degradation levels. The reason is as follows. As stated in 3GPP specification TS
38.214 (3GPP TS 38.214, 2021), there are 16 CQI indices in all CQI tables, corresponding to 16 discrete SNR
levels. If the degraded SNR level of a link falls out of the range of CQI table, the lowest transmission rate
(i.e., MCS) is selected to serve that link. Finally, the SoftMax activation is used for generating the probability
distribution of actions. For the critic network design, the only change is to modify the output dimension of
FCNN as one. The learning rates for actor and critic networks are set as 0.0002 and 0.0001 respectively. The

discount factor for accumulated rewards is set as 0.98.

Performance Metrics. To evaluate performance of LinkSlice, several performance metrics are considered.
The first one is network throughput, which is defined as the total supported date rates of all users in the network.
When QoS satisfaction of users is ensured, a slice enforcement scheme is considered better if its achieved network
throughput is higher. A related performance metric is saturation throughput, which is obtained when the

network is saturated, i.e., no more users can be admitted into the network. The second one is QoS satisfaction
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Table 3.1: Key simulation parameters.

Parameter Value Parameter Value
Large-scale fading UMi-Street canyon Fast fading Rician
Carrier frequency 4 GHz Subcarrier spacing 30 kHz

Bandwidth 20 MHz The number of PRB  51/slot
MCS index table  (3GPP TS 38.214, 2021) Base station 4,6,9

Frame size 10 ms Slot size 0.5 ms
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Figure 3.6: Slicing policy conformance and network performance with various penalty coeflicients.

of users per slice, which is evaluated and compared between LinkSlice and other schemes. The third performance
metric is slicing policy conformance. It is measured over one slicing policy period (i.e., 10 radio frames), and
is then averaged over 1000 periods. The third metric is the number of reused PRBs across interfering links of
different slices (i.e., interfering PRBs), which is used to quantify the performance of slice isolation. The smaller
is this number, the better is slice isolation, and the best case is zero.

Other Schemes. To fully illustrate the performance of LinkSlice, it is compared with several other schemes.
The first one is the optimal scheme. Its results are obtained directly from P1 by an optimization solver. The
suboptimal scheme from P2 is also compared, and its results are also obtained from an optimization solver.
The next scheme is random enforcement in which the required number of PRBs is selected randomly from a
predetermined set. The users in the same cell are allocated resources sequentially. The state-of-the-art scheme
to compare is the Most-Linked-First (MLF) scheme in D’Oro et al. (2019). It is designed based on the linked
index that is defined as the amount of reused PRBs for a single slice across multiple cells. The slice-level

enforcement is conducted so that the sum of linked indices is maximized.

3.5.2 Convergence of LinkSlice

The convergence of two-stage slice enforcement is shown in Fig. 3.4. Note that the solid line represents the

mean value that is computed out of 500 runs, and the shaded area represents the standard deviation. For a
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4-BS network, the episode reward increases to reach a plateau that is close to one after 60 training episodes, as
shown in Fig. 3.4(a). Here the reward is normalized into the range [—1, 1], which is a common practice in DRL
(Henderson et al., 2018). Furthermore, as shown in Fig. 3.4(b), the policy loss decreases to reach a plateau
that is close to zero after 60 training episodes.

The DRL agent reaches convergence after 60 episodes of learning, where one episode represents 10 radio
frames. Thus, when the DRL algorithm runs online, it can converge within 0.69 s (i.e., 100 ms + 59 x 10
ms). In a cellular network, user mobility does not lead to a fast change in the interference pattern between
communication links. In other words, the interference graph remains unchanged for tens of seconds. Thus, the
training time of LinkSlice is much shorter than inference time during which LinkSlice is applied to conduct slice
enforcement. In addition, when the number of nodes increases (i.e., the number of base stations is set as 6 and
9 while the user density is fixed), the convergence time of LinkSlice is still around 60 to 65 episodes. As a result,

LinkSlice is highly adaptive to different interference graphs.

3.5.3 Performance Compared with Optimal Solutions

The performance of LinkSlice is compared with the optimal solution to problems P1 and P2. Both of the
optimization problems, P1 and P2, are IQCP problems, which can be solved by Gurobi Optimizer, a business
optimization solver designed for large-scale problems (Gurobi Optimization, LLC, 2021). For a 4-BS network,
there are millions of integer variables in both P1 and P2. Gurobi Optimizer can obtain the optimal solution to
such a problem but it takes several hours or even days. The minimal resource usage, i.e., the minimal number
of PRBs, is compared among LinkSlice and the optimal solutions to problems P1 and P2. The parameter ~y
is defined as the ratio of the performance gap (in the minimal resource usage) as compared to the optimal
objective value of problem P1.

For a 4-BS network, the comparison is conducted among the best solutions that can be achieved by tuning
the penalty coefficient and other parameters. As shown in Fig. 3.5, the optimal solution with the penalty (P2)
approaches the original optimal solution (P1) closely with a gap of less than 3%. Moreover, The largest gap for
LinkSlice and the original optimal solution is around 5.6%, while the smallest gap is around 3.4%. This result

indicates that LinkSlice can achieve a near-optimal result of slice enforcement.

3.5.4 Key Parameter Determination

Slicing Policy Conformance with Various Penalty Coefficients. Since LinkSlice is designed based on

the transformed optimization problem P2 instead of the original optimization problem P1, the performance of
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Figure 3.7: Tradeoff between network throughput and sample efficiency with various sector sizes.

slicing policy conformance is closely related to the penalty coefficient A in P2. To determine an appropriate value
of the penalty coefficient, slicing policy performance is evaluated with respect to various penalty coefficients
under a different number of BSs.

As the penalty coefficient varies from 10 to 10000, there is a tradeoff between slicing policy conformance
and system performance in terms of PRB resource usage, which is shown in Fig. 3.6(b) and Fig. 3.6(c). The
experiments are conducted in a 9-BS scenario with uniform user distribution, and the unbalance index is set
as 0.8. When the penalty coefficient A increases from 10 to 10000, the slicing policy conformance increases by
5.60% with the user density equal to 25. Especially, when the penalty coefficient reaches 5000 or above, 99.8%
conformance is guaranteed over 1000 periods of slicing policy. However, more PRB resources are needed to
fulfill the same user demands as the penalty coefficient increases. In other words, the spectrum efficiency is
compromised with a large penalty coefficient. When the penalty coefficient reaches 10000, the network needs
6.85% more PRB resources per cell on average than that with A = 10, and 2.68% more resources than that
with A = 5000. Furthermore, the impact of the number of users and base stations on the penalty coefficient
determination is evaluated. As shown in Fig. 3.6(a), as the number of base stations increases, the slicing policy
conformance with the same penalty coefficient varies within 1.2%. Thus, the impact of the number of base
stations is negligible. As the user density increases, there exists a gap in the slicing policy conformance caused
by various penalty coefficients, as shown in Fig. 3.6(b). Especially, when the user density is 25, the slicing
policy conformance increases 5.6% as the penalty coefficients increases from 10 to 10000. Thus, to guarantee
slicing policy conformance, a larger penalty coefficient needs to be used as the user density increases.

To balance the slicing policy conformance and system performance, the penalty coefficient is set to 5000

in the learning process*. In this case, the system ensures 99.8% slicing policy conformance, with a tolerable

*In practice, at first, we choose the penalty coefficient A so that the penalty term is 5 to 10 times larger than the average PRB
usage per cell. Afterward, if the slicing policy conformance does not increase during the learning process, the penalty coefficient is
tuned to a larger value, until the policy conformance is ensured.
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Figure 3.8: Network throughput in the uniform user distribution.
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Figure 3.9: Network throughput in the cell-center-biased user distribution.

decrease in the spectrum efficiency.

Graph Pooling with Various Sector Sizes. As mentioned in Section 3.4, GCNs are incorporated into
the DRL agent to perform state embedding. To reduce the action space, a graph pooling mechanism is used
to pool all embeddings within one sector as one. The sample efficiency of DRL algorithms is defined as the
reciprocal of the number of episodes needed for DRL agents to reach the same performance.

To evaluate the impact of the number of sectors per cell on the performance of LinkSlice, the tradeoff between
the sample efficiency and network performance in terms of throughput is analyzed. As the number of sectors
increases, the network throughput increases, while more episodes are needed for DRL convergence. Especially,
as shown in Fig. 3.7(a), when the number of sectors Ny per cell is six, the network throughput is 30.3% higher
than that with Ny = 1, and 4.2% lower than that with Ny = 9. As shown in Fig. 3.7(b), when the number of
sectors is larger than 6, at least 37.9% more episodes are needed to train the DRL agent, but the performance

improvement is limited. Therefore, in the following simulations, the number of sectors is set to 6.

3.5.5 Performance Compared with Existing Schemes

The performance of LinkSlice is evaluated and compared with other schemes in terms of network throughput,
QoS satisfaction, slicing conformance, and slice isolation.
Network Throughput. Since user distribution impacts inter-slice interference of LinkSlice, three different

user distribution scenarios are considered, i.e., uniform, cell-center-biased, and cell-edge-biased. In the uniform
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Figure 3.11: QoS satisfaction in the saturation scenario of LinkSlice.

scenario, users are uniformly distributed in the cell. For the cell-center-biased scenario, users are more densely

distributed in cell-center regions, while for the cell-edge-biased scenario, users are more densely distributed in

cell-edge regions.

We first consider the network throughput in the uniform user distribution scenario, with an unbalance index
of 0.8 in the slicing policies. The multi-cell network goes from the unsaturated to saturated state as the user
density increases from 5 to 25. The simulation results are illustrated in Figs. 3.8, 3.9, and 3.10 for the uniform,
center-biased, and edge-biased scenarios. In all scenarios, the network throughput increases with the user
density and reaches the plateau (i.e., saturation) at a certain user density. For ease of presentation, all curves
are extended via a flat dash line to cover the same range of user density. As shown in these results, LinkSlice
supports the highest user density when saturation starts, so it can achieve the highest saturation throughput
as compared to the existing schemes, but the performance gain depends on user distribution. More specifically,
in the uniform scenario, LinkSlice achieves a network throughput of 18.5% higher than the MLF scheme and
40.5% higher than the random enforcement. In the cell-center-biased scenario, however, the performance gain
of LinkSlice is not as significant as that in the uniform case. The reason is that LinkSlice is advantageous at

scheduling interfering links, but there exist few interfering links when most users are distributed in the cell-center
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Figure 3.13: Comparisons of slicing policy conformance.
region.

QoS Satisfaction. The QoS satisfaction is compared among these three schemes under the highest user
density that LinkSlice can support (i.e., saturation scenario). As shown in Fig. 3.11, the users’ QoS satisfaction
per slice is evaluated for four types of slices with the required data rates 100kbps, 500kbps, 1Mbps, and
5Mbps respectively (namely Slice A, B, C, and D). LinkSlice can well guarantee QoS requirements for the users
associated with four different slices. Especially, the empirical CDF is used to demonstrate the average link data
rate of users associated with slice C, as shown in Fig. 3.12.

Slicing Policy Conformance. Slicing policy conformance is evaluated when the network reaches satura-
tion. The long-term slicing policy conformance is compared among these three schemes. As is illustrated in Fig.
3.13, slicing policy conformance of LinkSlice reaches almost 99.8% conformance, while random enforcement can
only guarantee 91.8% conformance. Since the MLF scheme is tailored to ensure slicing policy at the slice level
instead of the link level, conformance to the slicing policies is not impacted by channel fading. Thus, it can

always achieve high slicing policy conformance.
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Figure 3.14: Number of interfering PRBs among different slices with various unbalance indices.
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Slice isolation. The relationship between slice isolation and the unbalance of slicing policies is revealed
in Fig. 3.14. As slicing policies become more unbalanced, LinkSlice can always maintain nearly perfect slice
isolation, i.e., the number of interfering PRBs among different slices is zero. However, for the random and the
MLF schemes, it is difficult for them to ensure slice isolation under unbalanced slicing policies. The significant
performance gain achieved by LinkSlice illustrates the advantage of link-level slice enforcement. As shown
in Fig. 3.14, the MLF scheme achieves better isolation than the random scheme at a low unbalance index.
However, when the unbalance index is higher than 0.8, the MLF scheme becomes worse and even the worst in
slice isolation among all schemes. This result shows that a slice-level enforcement scheme like MLF is ineffective

in ensuring slice isolation for unbalanced slicing policies.

Throughput under Unbalanced Slicing Policies Now the performance of LinkSlice under different
slicing policies, either balanced or unbalanced, is evaluated. As is shown in Fig. 3.15, in all three multi-cell
network scenarios, the MLF scheme cannot properly handle unbalanced slicing policies, while LinkSlice and
random algorithm remain stable (within a small fluctuation range). As the unbalance index increases from 0 to

1, saturation throughput drops by 18.5% in the MLF scheme.
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3.6 Summary

A link-level slice enforcement scheme called LinkSlice was developed for network slicing in a multi-cell radio
access network. It satisfies the key requirements of network slicing, i.e., slice isolation, QoS guarantees, long-term
conformance to slicing policies. As compared to the state-of-the-art, LinkSlice is distinct with the capability
of achieving high throughput and perfect slice isolation under unbalanced slicing policies. As link-level slice
enforcement needs to handle channel fading and interference between communication links; DRL and GCN were
leveraged to design LinkSlice. GCN helped capture the interactions among interfering links. By embedding GCN
into its agent and then working together with an optimization block, DRL accomplished resource allocation for
fine-grained slice enforcement through a training process. Since LinkSlice can be trained within a time interval
that is much shorter than the changing period of interference graph or user demands, it can be applied online

effectively.
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Chapter 4

Self-Supervised Learning Assisted Online

Adaptation of Neural Channel Estimators

A pretrained neural channel estimator cannot generalize to all channel environments, necessitating online adap-
tation. Conventional methods demand ground-truth channel coefficients as supervised labels, but such labels
are unavailable online. To this end, a self-supervised task is introduced on top of the original channel-estimation
task to facilitate label-free adaptation of neural estimators. Specifically, this task randomly masks a fraction of
resource elements in each received frame and reconstructs such masked parts. To enable effective reconstruction,
the task input must incorporate two components: the unmasked parts and estimated data-symbols of masked
parts. These estimated symbols are obtained via an online symbol-recovery mechanism, so no additional pi-
lot overhead is incurred. To consolidate the self-supervised task with the original task, a two-branch masked
auto-encoder (MAE) model called ChannelMAE is developed, with each branch dedicated to one task. The two
branches share the same encoder but use separate decoders. During online adaptation, the encoder is updated
by optimizing the self-supervised branch, which learns channel statistical features and shares them with the
channel-estimation branch. Therefore, online channel-estimation accuracy is much improved. Extensive experi-
ments show that ChannelMAE reduces channel-estimation error by up to 71.8% and 87.1% compared with the

pretrained model and the state-of-the-art adaptation scheme, respectively.
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4.1 System Model

The Single-Input Single-Output (SISO) OFDM communication is considered with one receive antenna and one
transmit antenna. One OFDM frame spans a transmission time interval (TTI) and includes Ny OFDM symbols
and N subcarriers. Each resource element (RE) has one symbol time and one subcarrier. Let Y, H,N € CNs*Nt
be the received signals, the channel coefficients, the zero-mean additive white Gaussian noise of one OFDM
frame, respectively. The transmit signal matrix is X € CNs*Nr_ The frequency-domain received signal at the
receive antenna during one TTIis Y = H® X + N, where N ~ CN(0,02) and o, is the standard deviation of
Gaussian noise. Let Ny, be the number of OFDM symbols carrying pilots (i.e., pilot symbol time) within one
frame. At each pilot symbol time, Ny, subcarriers carry pilots (i.e., pilot subcarriers). Thus, in total Ny, Ng,
REs are occupied with pilot symbols. With transmitted pilots X, € CNer*No | received pilots Y, € CNer*Nio
are obtained. Pilot-based Least-Square (LS) estimate I:IID € CNs»*Nw is computed as:

Y,

H,= argmin |Y,-H,oX,|* =<2,
Xp

Ng N.
H,eCNsp*Np

where the division between Y, and X, is element-wise.

Among conventional methods, linear Minimum Mean-Squared Error (LMMSE) channel estimator is widely
acknowledged as a strong baseline, which estimates channel coefficients by linearly filtering I:Ip with channel
cross- and auto-correlation matrices (Liu et al., 2014). But it is extremely challenging to obtain accurate channel
correlations in practice. By contrast, neural channel estimators aim to learn a non-linear mapping from ﬂp
to H using NNs in a purely data-driven fashion, without requiring prior channel statistics. This resolves the

challenge of LMMSE estimators.

4.2 Overview of Two-Task Learning Framework

4.2.1 Task Formulation

As depicted in Fig. 4.1, the SSL and channel-estimation tasks (i.e., main task) are consolidated to a two-branch
MAE model ChannelMAE, wherein they: 1) share one common feature encoder denoted by «, and have their
task-specific decoders (main-task decoder 3,, and SSL-task decoder 3;) and 2) they have different input-output
pairs. We denote the main branch as 6., = {a., 3,,} and the SSL branch as 05 = {a., 8.}
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Main-Task Formulation

The main branch takes pilot-based LS estimates ﬂp as the input and outputs full-frame estimated channel
coefficients H. By denoting the mapping function parameterized by 0y, as ¢g,, (-), the main task is formulated
as

H =g (H,). (4.2)

SSL-Task Formulation

The SSL task is formulated as reconstructing received frame Y from its randomly-masked version. Due to
the randomness of transmitted data-symbols X, directly reconstructing Y is infeasible. Thus, the estimated
data-symbols X must be incorporated into the task input as prior information to enable effective reconstruction.
X is obtained via an online symbol-recovery mechanism, as elaborated in Section 4.3.3.

Let M, € RMs*Nr denote a random binary mask, where 1 indicates an unmasked position and 0 indicates a

CNS ><Nf

masked position. Following the masked-reconstruction paradigm, let Y, € be the masked frame after

applying M,, i.e.;, Yo, =Y ©®M,. The SSL branch takes Y, and X as two raw inputs and reconstructs received

frame Y as the output. Letting ¢o.(+) be the mapping parameterized by 05, the SSL task is expressed by

Y = ¢o, (Yo, X) . (4.3)

4.2.2 Overview of Two Learning Phases

There exist two learning phases for ChannelMAE: offline pretraining and online adaptation. During offline

pretraining, labeled data for both the main and SSL tasks are generated, and all parameters {e., 3,,, 8} are
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optimized through jointly learning the two tasks. During online adaptation, only the shared feature encoder a,
is adapted through SSL-task training, while the other parts of ChannelMAE remain frozen. The main branch
is not trained as the supervised labels (i.e., true channel coeflicients) are not available online.

As illustrated in Fig. 4.1, Online adaptation is conducted step-by-step, with each step spanning AN TTIs.
At each TTI, the following procedures are performed: 1) the receiver obtains received frame Y and performs LS
estimation to obtain I:Ip based on Eq. (4.1), and feeds I:Ip into the main branch to output H; 2) the receiver then
recovers transmitted data-symbols X; 3) {Y, X} of the current TTI is stored in an online buffer. As AN TTIs
of data are buffered, they are augmented into one online batch, over which the SSL-branch loss is computed
and used to update . The buffer is then emptied, and the next adaptation step begins with a. re-initialized
to its updated parameters. Through this batch-wise online learning pattern, ChannelMAE is gradually adapted

to new channel distributions over time with a low memory footprint in terms of data storage.

4.3 Key Designs of ChannelMAE

4.3.1 Input Pre-Processing

The shared feature encoder is realized by a transformer encoder. Thus, before entering the encoder, the inputs
of the SSL task must be pre-processed and tokenized, while the input of the main task must be tokenized. Note
that the complex tensors are transformed to real-valued ones by stacking their real and imaginary parts, which
gives H, € RNsr*Nwx2 and Y, H, X € RV-*N1x2_ The last dimension of real tensors is termed ‘channel’ in this

chapter.

SSL-Task Pre-processing: Random Masking and Input Fusion

Before converting the input of the SSL task into a sequence of tokens, both random masking and input fusion
must be carefully designed. First, the random masking scheme, i.e., the procedure for generating M,, is
developed. As illustrated in Fig. 4.2(b), two variants are investigated: random-symbol masking and random-
RE masking. In random-symbol masking, N.,, OFDM symbols in each frame are masked, leaving an unmasked
part with dimensions (Ng — Ny, ) X Ni. By contrast, the random-RE masking scheme randomly masks N, REs
in a frame. Random-symbol masking better preserves inter-symbol temporal coherence and thus results in a
higher reconstruction accuracy, so it is employed in ChannelMAE.

Second, as the model simultaneously ingests Y, and X as defined in Eq. (4.3), an input fusion mechanism

is required to transform these raw inputs into a single composite input. We compare two fusion schemes as
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in Fig. 4.2(b). The first scheme, termed concatenation-based fusion, concatenates the two inputs channel-
wise, leading to [Yo; X] The second scheme computes an element-wise Hadamard quotient, R, = Y, ® Xﬁl,
which is called termed ratio-based fusion. In practice, the ratio-based fusion reduces input dimensionality and
computational cost while delivering comparable performance to the other fusion scheme, so it is adopted in
ChannelMAE.

As depicted in Fig. 4.2(b), given the random-symbol masking and the ratio-based fusion schemes, the
resulting composite input R, € RN:*NtX2 ig then tokenized, which will be elaborated later. Note that only

Ng— Ny ) X Ne X2

its non-zero part denoted by R, € R( is tokenized and sent to the encoder, thereby reducing the

shared encoder’s computation cost.

Input Tokenization for Both Tasks

Main-task input I:Ip € RNse*Nwwx2 i5 converted into a sequence of tokens {Ty,}, letting Ty, be a single token
of main task. Two tokenization schemes are compared. The first one is symbol-wise tokenization: it treats
each pilot symbol time as one token, i.e., T, € R?Ntr | with Ny tokens in total. The other one is channel-wise
tokenization that aggregates all values belonging to the same complex channel into a single token, producing only
two tokens—one for the real part and one for the imaginary part—each of size T,,, € RVs»™>_ This tokenization
allows the attention layer to capture time—frequency patterns over the entire frame more effectively, and thus the
model performance outperforms the former one. Ablation studies further confirm that the channel-wise scheme
consistently outperforms the symbol-wise alternative. Therefore, ChannelMAE uses channel-wise tokenization
throughout its operation. Similar to the main-task tokenization, R, is converted into a sequence of two tokens,

each of size Ty € RWVs—Nem)Ni where T, represents a single SSL token.

4.3.2 Model Architecture: Two-Branch MAE

Both the main and SSL branches of ChannelMAE adopt an MAE architecture, as shown in Fig. 4.2. A trans-
former encoder is shared between two branches, and each branch ends in a ResNet-based decoder. Leveraging
self-attention, the transformer encoder can learn global latent representation that CNN-based encoders often
overlook (Vaswani et al., 2017). Moreover, the encoder in ChannelMAE only processes the non-zero parts of
each input. Then, through zero-padding, the positional information of the pilot layout and the random mask
is re-inserted into the main and SSL branches before entering the decoder, respectively, as shown in Fig. 4.2(a)
and (b). Insertion of such information explicitly informs the model which parts are missing, enabling accurate

reconstruction. The model components are detailed in the following.
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Figure 4.2: Detailed designs of two model branches.

Shared Encoder

As shown in Fig. 4.3(a), the encoder o, comprises N, transformer layers (Vaswani et al., 2017), each containing
a multi-head self-attention block and a two-layer MLP. Residual connections and layer normalization (LN)
follow both blocks. Within each layer, self-attention captures correlations among input tokens. Letting Q, K,V
be queries, keys, and values, we have Q = K = V. Throughout the encoder, their dimensions are kept as
RNseaXNm - where Nsoq is the token count in the input sequence and Ny, is the embedding dimension. Let
W?, WE WY € RVnxdr he the learnable parameters of each attention head i associated with queries, keys,
and values, respectively, where dj, is the key dimension (also the query and value dimension). The output
projection matrix WO € R *Nm where h is the number of attention heads. To this end, multi-head self-

attention layer (Vaswani et al., 2017) Att(Q, K, V) is computed as

Att(Q, K, V) = Concat(heady, ..., head;, ) W© (4.4)
Q K\T
head; = Softmax QWi (KW)” VWY, (4.5)
Vdy,
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where Softmax(-) denotes SoftMax function. The subsequent MLP has hidden size Nyiq and output size Ny,

with GeLu activation applied only after the first layer.

Note that tokens {Ty,} or {Ts} stated in Section 4.3.1 are linearly projected to R:ca*Nm and serve as the

initial Q, K, V. Since channel-wise tokenization is employed, Ns.q = 2 for both tasks.

Main-Task Decoder

The output sequence of the encoder denoted by Py, € R2*NseNto is reshaped to RVse XN X2 sing the pre-known
pilot pattern, non-pilot positions are padded with zeros to obtain a full-size representation P, € RN=*Ntx2 59
shown in Fig. 4.2(a). This tensor passes through the main-task decoder that consists of an input convolutional
layer, Ngm ResNet blocks (Lim et al., 2017), and an output convolutional layer, resulting in estimated channel

coefficients H € RNsxNex2,

SSL-Task Decoder

The encoder output for the SSL branch, denoted as Py € R2X(WNVe=Nem)Ne g reghaped to R(Vs—Nem)xNex2,
Then random-symbol mask M, is inserted back to this representation, which gives P, € RN=xNix2 The SSL-
task decoder follows the same design as that of main-task decoder, except that it has a different number of
ResNet blocks denoted by Ngs. Since only the SSL task is trained online to update the shared encoder, a more
lightweight SSL-decoder is designed to reduce the back-propagation cost online (i.e., Ngs < Ngm). At last,
as the ratio-based fusion is applied during pre-processing, the output of SSL-decoder denoted by R is further

post-processed to obtain reconstructed frame Y, ie., Y=Ro X, as depicted in Fig. 4.2(b).

4.3.3 Two-Phase Training Procedures

ChannelMAE is trained in two phases: offline pretraining and online adaptation. Let ¢;,(-) and £(-) represent
per-sample loss functions of the main and SSL tasks, respectively. We denote Y’ as the masked parts of Y and
Y’ as the reconstructed masked parts extracted from Y. The SSL-task loss computes the squared error only
on the masked parts of the frame, which is KS(YO,X,Y’) = HY’ — P, (YO,X)Hi,, where ¢ (-) further applies
the extraction of the masked parts upon ¢g_(-), i.e., Y’ = b5, (Yo, X), and || - || denotes the Frobenius norm.

The main-task loss is also the squared error, i.e., Em(I:Ip, H) = HH — Ye,, (I:]P)Hi“
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Figure 4.3: Model architecture of ChannelMAE.

Offline Pretraining

ChannelMAE is first optimized offline, where the trainable parameters are 8 = {a., B,,, 3} Both the ground-
truth channel coefficients and transmit symbols are available in offline simulations, so H and X are known.

Assuming N offline samples, the mean-squared error (MSE) loss is

N
Lo(0) = > j[zm (HD HO) 4 £,(YD, XDyl >)], (4.6)
=1

where i denotes the index of data sample. This loss is then minimized via multi-epoch training with respect to

0.

Online Adaptation

During online deployment, only the SSL task is learned to update the shared encoder. In each online adaptation
step mentioned in Section 4.2, estimated data-symbols X must be recovered after main-task inference. Let T
be the index of online adaptation step and ¢ be the index of TTI within each step. Thus a.(aT) represents the
encoder used in online adaptation step T', and Ol(mT ), 0£T) denote the main and SSL branch in the current step,
respectively.

The online symbol-recovery mechanism is stated as follows. As shown in Fig. 4.4, two optional schemes

are provided for recovering X, which are the uncoded and channel-coded recovery loops. First, in the uncoded

recovery loop, the data symbols are detected by the conventional LMMSE symbol detector, and the output is
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Figure 4.4: Uncoded and channel-coded online symbol-recovery schemes.

directly fed back as one of the input components of the SSL branch. This scheme conforms to the normal symbol-
detection procedure and thus does not incur extra computation cost to the detection pipeline. Specifically, at
TTI t, the main-task inference is performed through H® = P (H( )), where H(®), H( ) are the main-task

input and output at TTI ¢. Given H®, the LMMSE symbol detection is conducted via
X® — fdet(I:I(t)7Y(t)), (4.7)

where fget(-) characterizes the symbol detection process.
Second, in the channel-coded recovery loop, X is recovered by incorporating channel decoding/encoding
processes. In this scheme, we denote the detected bits of TTI ¢ output by the channel decoder as B®. Then

the process of acquiring estimated symbols X is:

B = guec (A0, YO), X0 = hop (BI), (18)
where gqec(-) abstracts the receiving process of symbol detection, symbol de-mapping, and channel decoding;
henc(+) abstracts the additional process of channel re-encoding and symbol remapping. It is evident that the
channel-coded recovery loop incurs extra high computation cost due to henc(-). As validated in Section 4.4.3,
both of the above schemes result in similar online adaptation performance. The online symbol-recovery mech-
anism adopts the uncoded loop because of its much lower computation cost.

At each TTI ¢, {Y(t), X(t)} is pushed in the online buffer. During one online adaptation step, a batch of
online samples {Y®), X(t)}tA:]\{ with size AN is buffered. By the end of each step, this batch is popped and
enlarged by an augmentation factor A. Specifically, for each Y®), A independent random masks are drawn and
applied to generate A masked frames. Each original pair {Y(t), 'X(t)} appears exactly A times in the augmented

batch denoted by Da,yg, yielding a total of AAN augmented training samples. D,y is the one-batch data for
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learning the SSL task online.
During online adaptation, the SSL decoder 3, is frozen and only the shared encoder a. is updated. Over

the online augmented-batch data, the MSE loss is

[Daug|

Z (YD, X0y’ @), (4.9)

Lon(0te) = ‘ Daugl

The encoder parameters in the current adaptation step T are updated via one-step gradient descent to obtain

new encoder parameters aE,TH), ie., agTH) = a§T> — 1 Va,Lon (aéT)), with learning rate p.

4.4 Performance Evaluation

4.4.1 Simulation Setup
Wireless System and Channel Datasets

Considering an SISO-OFDM uplink communication model, the system setup is as follows. The carrier frequency
is 3GHz with subcarrier frequency 30kHz. Each OFDM frame consists of 14 symbols and 72 subcarriers, i.e,
N¢ = 72, Ny = 14. Within each frame, a 3GPP-aligned pilot pattern (3GPP TS 38.211, 2024) is used: two OFDM
symbol times (the 3rd and 10th symbols) are selected as pilots, giving Ny, = 2, Ng, = 72. The modulation
scheme is fixed as 4-QAM. LDPC channel coding employs code rate 658,/1024.

Two categories of channel datasets are considered. First, 3GPP standard channel models, urban macro
(UMa) and urban micro (UMi) (3GPP TS 38.901, 2024), are simulated. To demonstrate offline-online channel
distribution shifts, UMa with low mobility (0-5 m/s) provides the offline distribution, whereas UMi with high
mobility (25-30 m/s) serves online. Second, ray-traced (RT) real-world channels are generated with Sionna
ray tracing tools (NVIDIA, 2025; Hoydis et al., 2023). RT-based channel datasets with mobility 0-10 m/s are
prepared using five real-world city scenes (OpenStreetMap contributors, 2025), namely generic street canyon,
Paris, Florence, Munich, and San Francisco, and they are labeled as Cityl-City5 for clarity. For a single
distribution shift, we specifically employ City5 as the offline channel environment and City3 as the online one,

and we also evaluate multiple online environment shifts.

Training Setup

During offline pretraining, 40,000 TTIs in the SNR range of 10-20 dB are generated for each offline channel

distribution, with the training/validation/test split as 0.8:0.1:0.1. After 80 training epochs using the Adam
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optimizer (with learning rate 0.001 and batch size 64). During online adaptation, the adaptation step contains
32 TTIs, and thus the original online batch size is also 32. The batch-wise online learning as stated in Section
4.3.3 is performed with learning rate 0.0005. In total 10,000 TTIs within SNR range 10-15 dB are simulated
online. With the ultimate online-adapted model, we evaluate the online channel estimation performance with
another separate test dataset. Unless otherwise specified, the key hyper-parameters are specified as follows:
ChannelMAE uses one encoder layer (N, = 1); Ngm = 4 and Ngs = 2 ResNet blocks in the main and SSL
decoders, respectively; Ny, = 12 masked symbols in the SSL branch; data augmentation A = 5 times; an MLP
hidden dimension of Np;q = 16; and an embedding dimension in the encoder ofN,, = 144. Both decoders
employ a kernel size of 5. All simulations are conducted with Sionna 1.0.1 (Hoydis et al., 2022) and TensorFlow

2.15.0 on an NVIDIA RTX 4090 and an Apple M4 CPU.

Baselines

Among conventional methods (Feriani et al., 2023), we include LS, ideal approximate-LMMSE (i.e., ALMMSE),
and ideal LMMSE (i.e., LMMSE). The last two are both ideal baselines, as ALMMSE estimates channel statistics
from true channel coefficients and LMMSE uses noiseless pilot estimates and perfect channel statistics for its
implementation. For DL-based methods we compare ChannelMAE with a CNN-based benchmark ChannelNet
(Soltani et al., 2019), the state-of-the-art transformer-based HA02 (Luan and Thompson, 2022, 2023), the self-
supervised denoiser DnCNN (Zhang et al., 2023), the state-of-the-art model that supports online adaptation
HAO03 (Luan and Thompson, 2023; Kong et al., 2025). During online adaptation, only the last two models are
considered as they can be adapted online without true channel coefficients. We also consider using ground-truth
channel coefficients to train the main branch of ChannelMAE in a supervised manner, which serves as the upper

bound for ChannelMAE if no data augmentation is applied.

To evaluate channel estimators, standard Monte-Carlo simulations are conducted at the selected SNR points,
computing the MSE between estimated and ground-truth channel coefficients. The MSE gain (in dB) of scheme
2 over scheme 1 is defined as 10log,,(MSE;/MSE;), where MSE; and MSE; are MSEs of scheme 1 and 2,
respectively. Computation cost is measured by TensorFlow Profiler in terms of floating-point operations in

millions (MFLOPs).
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Figure 4.5: Performance degradation of the pretrained model encountering the offline-online distribution shift.
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Figure 4.6: Online losses of ChannelMAE versus online batch index (both losses are running-averaged for 30
batches).

4.4.2 Validation of Online Performance Degradation and Online Model Conver-

gence

ChannelMAE is pretrained in the offline RT channel and then evaluated in both the offline and online RT
channels. As shown in Fig. 4.5(a), the pretrained model outperforms ALMMSE across 0-20 dB SNR and even
achieves performance comparable to LMMSE. However, it witnesses a drastic performance degradation online,
as shown in Fig. 4.5(b), which validates the necessity of online adaptation. The convergence behavior of online
adaptation is depicted in Fig. 4.6, where the SSL task alone is trained to update the shared encoder. As more
online batches are observed, the SSL-task loss decreases to a plateau, driving down the main-task loss as well.

This indicates a clear synergy between the learning processes of the two tasks.
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Figure 4.8: Ablation studies of input pre-processing.

4.4.3 Ablation Studies

The following ablation studies are conducted using 3GPP channels and the determined designs are also applied

to RT channels.

Model Architecture

The impact of various model architectures on ChannelMAE is studied in two aspects. First, the number of

encoder layers (i.e., N,) and the numbers of ResNet blocks in the main-decoder and SSL-decoder (i.e., Nam, Nas)

are varied. The offline-pretrained and online-adapted models with various model structures are evaluated at an

SNR of 15 dB, respectively. As shown in Fig. 4.7(a), the model with N, = 1, Ngy, = 4, Ngs = 2 outperforms

all others in both the offline and online phases. A relatively smaller SSL-decoder is designed to reduce online

backpropagation cost through the SSL branch. Second, an end-to-end transformer-based MAE is compared with

ChannelMAE. Specifically, the main and SSL decoders in ChannelMAE are replaced by transformer decoders
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Figure 4.9: Comparison of two online symbol-recovery schemes in terms of channel estimation performance
and computation cost.

(He et al., 2022) with L4y, and Lgs layers, respectively, while retaining the original encoder. This variant
achieves a similar channel-estimation MSE to ChannelMAE when L4, = Lgs = 1, but its performance degrades
significantly during online adaptation as in Fig. 4.7(b). Based on these two analyses, the two-branch MAE is
determined with N, = 1, Ngm = 4, and Ngg = 2.

Input Pre-Processing

As stated in Section 4.3.1, the following design aspects must be studied: 1) the random masking scheme and
the input fusion scheme for the SSL-task; 2) the tokenization scheme for both tasks. We first compare two
fusion schemes, ratio-based and concatenation-based fusion, in the pretraining phase. As shown in Fig. 4.8(a),
the ratio-based fusion scheme achieves a slightly lower MSE than the concatenation-based scheme in the high-
SNR region (i.e., 20 dB). Meanwhile, the latter one increases computation cost by around 80.5% in terms
of FLOPs. Therefore, the ratio-based fusion scheme is adopted. Next, the random-symbol and random-RE
masking schemes are compared. During online adaptation, random-RE masking fails to converge, producing a
flat MSE curve, as seen in Fig. 4.8(b). Thus, random-symbol masking must be set for the SSL task. Last, two
tokenization methods are compared in Fig. 4.8(c). The online-adapted model using channel-wise tokenization
achieves an MSE gain of around 5.4 dB than the symbol-wise approach at 20 dB SNR, so the channel-wise

tokenization is adopted.
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Figure 4.10: Comparison of various data augmentation times and online-adaptation SNR values.
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Figure 4.11: Comparison of online model updating strategies.

Online Symbol-Recovery Mechanism

Two schemes for obtaining estimated data-symbols are compared, as described in Section 4.3.3, depending on
whether the channel coding procedures are included. As shown in Fig. 4.9, both schemes (channel-coded and
uncoded loops) yield nearly identical performance across 0-20 dB SNR, indicating that the inclusion of channel
coding does not benefit SSL-task learning. Moreover, using the channel-coded loop increases the number of
FLOPs per online sample by 151.8%. Therefore, throughout the online adaptation process, we use the online

symbol-recovery scheme with the uncoded loop.

Online-Adaptation SNR and Data Augmentation

The impact of online-adaptation SNR (i.e., the SNR condition of online batches) on model performance is studied
as in Fig. 4.10(a). When the online-adaptation SNR falls to a low SNR (i.e., 0 dB), adaptation proves ineffective,
and the adapted model performs even much worse than the pretrained model. This degradation is attributed to
the higher symbol-error rate in X and increased noise in Y, both of which negatively affect SSL-task learning.

If all online data are collected at a high SNR (e.g., 20 dB), the adapted model exhibits poor performance in
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Table 4.1: Comparison of model parameter counts (in millions).

Model Total params(M)  Online-trainable params(M)
HAO03 0.147 0.147
ChannelMAE 0.206 0.126
DnCNN 0.228 0.227
HA02 0.272 N/A
ChannelNet 0.686 N/A
-B-HA02
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Figure 4.12: Evaluation of offline-pretrained models and conventional baselines in offline channel environments.

low-SNR regions while attaining the best MSE in high-SNR regions. Therefore, it is advantageous to include a
range of online-adaptation SNRs above 5 dB. Online data augmentation is also studied shown in Fig. 4.10(b).
Compared with the no-augmentation case (A=1), the five-fold augmentation scheme (A=5) achieves the overall

largest performance gain, drastically outperforming the 7-fold one (A=7) at 20 dB. Thus, we adopt A=5.

Online Model Updating

Two update schemes are compared: updating the full SSL branch versus updating only the shared encoder. As
shown in Fig. 4.11, the MSE gain of the adapted model over the pretrained one is computed, and the encoder-
only update scheme results in a higher MSE gain compared with the full-branch update scheme, which justifies
the design of adapting the shared encoder online. Meanwhile, the encoder contains 0.126M parameters while
the full SSL branch has 0.153M parameters, and thus the encoder-only update scheme reduces model updating

cost by roughly 18%.
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Figure 4.13: Evaluation of online-adapted models and conventional baselines in online channel environments.

4.4.4 Comparison with Baselines

Table 4.1 compares the parameter counts of each model. Memory consumption scales with parameter count
under a given floating-point quantization. Among the three architectures that support online adaptation, HA03
has the smallest overall footprint (0.147M parameters), whereas ChannelMAE requires the fewest trainable
parameters during adaptation (0.126M). In the following, we elaborate the performance of both offline-pretrained

and online-adapted models in 3GPP-aligned and RT channel scenarios.

Offline-Pretrained Model Performance

In offline 3GPP channels shown in Fig. 4.12(a), ChannelMAE reduces the channel-estimation MSE by 15.2—
29.0% compared with HA02 across the whole SNR range. Also, its MSE is up to 95.1% lower than LS and
up to 59.5% lower than ALMMSE. Although ChannelNet attains a slightly lower MSE at high SNR values of
15-20 dB than ChannelMAE, its performance significantly drops at 0 dB SNR. In offline RT channels shown
in Fig. 4.12(b), ChannelMAE nearly matches the performance of LMMSE and has a lower MSE than HA02 by
6.52-47.9%. Despite ChannelNet yields comparable results to ChannelMAE, its model size is over three times
larger than ChannelMAE. These results demonstrate that ChannelMAE achieves the state-of-the-art offline

channel-estimation performance, while maintaining a smaller model size than its competing counterpart.
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Figure 4.15: Re-evaluation of online-adapted ChannelMAE in offline channels.

Online-Adapted Model Performance

For online adaptation, models pretrained in offline 3GPP channels undergo adaptation in online 3GPP channels,
while those pretrained in offline RT channels are adapted in online RT channels. These adapted models are
evaluated online as seen in Fig. 4.13. The online-adapted ChannelMAE significantly achieves lower MSEs by
3.55-47.9% and 21.7-71.8% than the pretrained one in 3GPP and RT channels, respectively. In both chan-
nel environments, it reaches close to the performance of the supervised scheme using ground-truth channel
coefficients, and even slightly outperforms the supervised scheme in RT channels thanks to online data aug-
mentation. Compared with the state-of-the-art online model HA03, ChannelMAE reduces MSEs by 21.4-63.7%
and 44.0-87.1% in 3GPP and RT channels, respectively.
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Continual Adaptation and Forgetting Issues

A continual online adaptation process with four environmental shifts is studied, where ChannelMAE is pre-
trained in Cityl and then adapted online throughout City4, City2, City5, and City3 sequentially. As shown in
Fig. 4.14, for the first two shifts, ChannelMAE witnesses significant MSE gains evaluated at 15 dB SNR, while
the model remains a low MSE for the last two shifts as channel knowledge accumulates. Throughout the adap-
tation process, ChannelMAE reaches close to the supervised-learning scheme. However, as ChannelMAE does
not incorporate continual learning techniques to retain long-term model knowledge, forgetting issues cannot be
avoided.

As depicted in Fig. 4.15, we evaluate the severity of forgetting issues. The online-adapted ChannelMAE is
re-evaluated in offline environments and compared with its pretrained model. Specifically, the forgetting issue
is ignorable in the 3GPP channels as shown in Fig. 4.15. However, the adapted model exhibits a noticeable
performance degradation compared with the pretrained ChannelMAE in the RT channels, particularly at higher
SNR values. Despite this, the adapted model still surpasses LS and ALMMSE over the whole SNR range. Future

research is required to further mitigate forgetting.

4.5 Summary

To enable label-free online adaptation of pretrained neural channel estimators, an SSL task was designed on
top of the original channel-estimation task. It effectively reconstructed the masked parts of randomly-masked
received frames, by leveraging estimated data-symbols recovered from the online symbol-recovery mechanism.
The SSL and channel-estimation tasks were then consolidated into a two-branch MAE model named Chan-
nelMAE, where each branch was dedicated to one task and two branches shared the same encoder but used
separate decoders. By online adapting this shared encoder through optimizing the SSL-task branch, the online
channel-estimation performance was improved. Batch-wise online learning and online data augmentation tech-
niques were further incorporated to reduce memory footprint in terms of data storage. ChannelMAE achieved
significant performance gains over the baselines. It is the first approach that realizes online adaptation of neural
channel estimators without ground-truth channel coefficients, prior channel statistics, or additional pilot over-
head. The proposed two-task framework shows great promise for label-free adaptation across a broad range of

wireless applications.
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Chapter 5

Online Collaborative Learning among

Multiple Cells for Uplink Neural Receivers

A pre-trained neural receiver does not perform well in all channel environments, so online retraining is necessary.
To acquire channel knowledge efficiently, collaborative learning among multiple neural receivers is indispens-
able. To this end, a graph-based collaborative learning scheme called GraphRx is developed to retrain uplink
neural receivers collaboratively among base stations (BSs). First, considering a collaboration graph among BSs,
GraphRx is formulated as a personalized federated learning problem, wherein the graph weights and neural
receiver models are learned together so that generalization and personalization are jointly optimized. Second,
the problem is solved through an alternating approach under the federated learning paradigm. Particularly, an
approximate generalization bound is derived to enable graph optimization at the server without accessing local
data on BSs. To reduce overhead of training pilots, data augmentation is employed. GraphRx is evaluated via
extensive simulation. Key parameters of GraphRx are first found through ablation study. Next, the effectiveness
of the approximation in the generation bound is validated. Comparisons with the state-of-the-art schemes are
finally conducted. Results show that, given the same coded bit error rate, GraphRx achieves a SNR gain of

0.4 ~ 0.9 dB and 0.5 ~ 2.1 dB for the cases without and with inter-cell interference, respectively.
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Figure 5.1: Fully convolutional network architecture of neural receiver.

5.1 System Model

5.1.1 SIMO-OFDM Communications

The uplink SIMO OFDM communication is considered with NV, receive antennas at the BS and one transmit
antenna at the user. One OFDM frame spans a transmission time interval (TTI) and includes Ny OFDM symbols
and Ny subcarriers. Each resource element (RE) has one symbol time and one subcarrier. Let Y, H,N, G €
CNrxNsxNt he the received signals, the channel coefficients, the additive white Gaussian noise, and the inter-cell
interference of one OFDM frame, respectively. The transmit signal matrix is X € CNs*¥t Let k be the index
of OFDM symbol and [ be the index of subcarriers. We define the following vectors yx; = Y[:, k,1], hy, = H]:
Jk A, ng = N[ k1), g = GI:, k, 1] and they all have the dimension of N,. The frequency-domain received
signal on each RE during one TTT is

Vi = hy@g + gr + nyy, (5.1)

where zy; € X,Vk=1,..., Ng, 7 =1, ..., Nt.

5.1.2 Design of Neural Receiver

As shown in Fig. 5.1, for the model architecture of the neural receiver, a fully convolutional neural network
(CNN) consisting of multiple preactivation ResNet blocks (Honkala et al., 2021) is employed. The input of
neural receiver has two parts: received OFDM frame Y € CN-*NeXNt and transmitted demodulation reference
symbols (DMRS) configuration matrix Xg € CV=*Nt. Aligned with standards (3GPP TS 38.211, 2024), DMRS
occupies selected subcarriers in one or two symbol times within each TTI. To match the dimension of Ng x Ng,
zeros are inserted in non-DMRS positions within the frame to form Xg. By stacking Y and Xy, we have
T € REN:e+2)xNexNe 1y treating their real and imaginary parts as two separate channels. The output he(T) €
RNsXNexNo jg the log-likelihood ratios (LLR) with Nrg symbols in DMRS positions ignored, where Ngg is the

number of DMRS symbols within one TTI and Ny, is the number of bits per symbol.
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Figure 5.2: Working process of each BS in collaborative learning.

For model inference, Y contains received uplink data except REs in DMRS positions. The model output
(i.e., LLR of data bits) is directly fed into an LDPC channel decoder to obtain detected bits. For model training,
Y contains received training pilots that are transmitted in place of uplink data. Since bit detection is a binary
classification problem for each bit, the model output hg(T) is compared against label L to compute the binary
cross-entropy (BCE) loss after Sigmoid activation (Honkala et al., 2021), where L is the preknown training pilot
bits of length (NgNf — Nrs)Ny. In this chapter, transmission and reception of training pilots specially serve for
model retraining, while system-configured DMRS are kept for a neural receiver to implicitly perform channel

estimation by using Xg and received DMRS symbols in the corresponding positions of Y (Honkala et al., 2021).

5.1.3 Elements of Supervised Learning Problem

There are M base stations and one central server in a multi-cell network shown in Fig. 5.2. The set of BS indices
is denoted by M = {1,..., M}. An OFDM frame carrying training pilots is named training pilot frame while a
normal frame carrying communication data is named data frame. BS m builds up an online dataset Z,,, locally
via periodic reception of training pilot frames (Honkala et al., 2021). Local dataset Z,, {( L )}z % has
N,, data instances, where TS,? and LS,") are the input and label of the i-th data instance. Let p = [p1, ..., D]

be the data quantity vector, i.e., p,, = , where N = Z N,, denotes the total number of data instances.

m=1

Empirical risk function F() over local dataset Z,, is defined as

>

1< .
F(0:2) = > (ho (T) L), (5.2)

Lo

<.

where hg is a mapping function parameterized by model parameters 8, and £(-) is the BCE loss stated previously.

In this chapter, each BS has a personalized neural receiver denoted by 8,,,Vm € M.
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5.2 Problem Formulation and Analysis

The overall working procedure of each BS is illustrated in Fig. 5.2. During online deployment, each BS collects
a local dataset via periodic reception of training pilot frames within a fixed time interval named collaboration
period. To avoid disrupting normal communications, training pilot frames are sparsely inserted among data
frames, such as at a ratio of one training pilot frame for every 1000 data frames. This local dataset is further
augmented to enrich its quantity and diversity, as elaborated in Section 5.4.3.

Based on the collected data, each BS participates in multi-cell collaborative learning coordinated by the cloud
server, such that it learns data distributions from other cells. It is emphasized that collaborative learning is a
large-timescale task (Polese et al., 2023) running in the background, as sufficient online data must be collected
for a neural receiver to learn statistical features of online channels effectively. In addition, collaborative learning
will not disrupt online inference of the currently deployed neural receiver. Once a new neural receiver is learned
via collaborative learning, it replaces the old one in operation. Local real-time adaptation of neural receiver
(Fischer et al., 2022) may be incorporated in the framework to temporarily enhance performance, but it is not

the focus of this chapter. Next, the graph-based collaborative learning problem is formulated.

5.2.1 Collaboration-Graph-Based Learning

To reveal the pair-wise collaboration formed among BSs, a directed collaboration graph weights G = {V, £} is
defined: node set V = {0, }me is the set of local models, and edge set € = {(j, m)|wy; > 0,YVm,j € M},
where wp,; is the edge weight on the directed edge from node j to node m. This edge weight also indicates on
what level node m should learn from the data distribution of node j. There is no collaboration between two
nodes if wy,; = 0. Let W be the directed graph weight matrix with w,,; as its element. Let w,, = [Wim1, - Wi r]
be the collaboration vector of BS m, and N,, = {j|j # m, w.,; > 0,j € M} be the neighbor set of BS m.

Collaboration graph weights W is unknown and thus must to be optimized along with personalized model
parameters {0;};ca. The existing graph-based PFL formulation (Ye et al., 2023) embeds the graph weights
into both the aggregated model term and the graph regularization term, which has two problems: 1) the second
term is redundant when the first term already exists; 2) the second term based on cosine similarity only measures
the angular difference between model vectors but ignores their magnitude difference.

To this end, a new formulation for graph-based learning is designed to explicitly capture the data-level
collaboration from the perspective of each BS: BS m trains its personalized model 8, by learning from local
data Z,, and diverse data from its neighbors Z;,j € N,,, such that the learned personalized model enjoys

better generalization ability; meanwhile, collaboration weight w,,; controls how much diverse data distributions
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Figure 5.3: GraphRx: graph-based collaborative learning scheme.
contribute to the model learning such that collaboration will not cause local performance degradation.

Based on the above design rational, the graph-based collaborative learning of personalized model 8,,,Vm &€

M is formulated as Problem 1 (P1):

0, Wy, = arg grflvivl}n > weiF(6;Z)) (5.3)
JE{MIUN,,
M
> wmj =L wm; >0,V €M, (5.4)
j=1

where the sum of non-negative weights in a collaboration vector is normalized to 1 in (5.4). The collaboration
graph can flexibly balance the contribution of local knowledge and collaborative knowledge to capture the
personalization-generalization tradeoff. If the collaborative-knowledge term denoted by 3.\, Wi F(0; Z;) is
excluded from the objective (5.3), P1 degenerates to a local learning problem without inter-BS collaboration.
On the other hand, if the collaboration graph W is set to be fully-connected with w,, = pmf and there exists

only one universal model, P1 falls to a conventional FL problem (McMahan et al., 2017).

5.2.2 Problem Analysis

Assuming a centralized setting where all the data and models are collected to the server, the server can directly
solve P1 for each BS in parallel. However, the FL setting in our problem imposes two critical constraints
(McMahan et al., 2017): 1) only models are communicated between the server and BSs; 2) there is no peer-
to-peer communication between BSs. These constraints render solving P1 for each BS much more challenging.
Following the principle of optimization decomposition, P1 is decomposed into two alternative steps: 1) at each
BS m, optimizing local model ,,, with collaboration graph W fixed; 2) at the server, optimizing collaboration
graph W given all the collected local models {0} ;e .

For the first step, to fulfill collaboration while preserving data locality, local model update is combined with
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weighted model aggregation. Note that model aggregation is performed based on W at the server side. As
shown in Fig. 5.3, each BS m first fetches an aggregated model denoted as ¢,, from the server as local model
initialization. Each BS then runs local gradient descent to update its local model. The details will be elaborated
in Section 5.4.1.

For the second step, however, it stills remains a critical challenge to determine the collaboration graph.
The server can only access models {6, }meaq while it cannot access local data to evaluate empirical risks F(-).
Therefore, objective (5.3) cannot be optimized directly. In the following section, a new methodology derived

from the generalization bound theory is designed.

5.3 Collaboration Graph Optimization

To optimize the collaboration graph, the theoretical generalization bound of {0, }merq is first derived. It is
expressed by a function of collaboration graph weights W. Next, the bound is approximated empirically given
the current personalized models, and the approximate bound is used as an empirical objective for optimizing

graph weights W.

5.3.1 Derivation of Generalization Bound

In the rest of the chapter, let F),,(h) = F(h; Z,,) for ease of notation. In preparation for theoretical derivation,
let a hypothesis function, denoted by h € H, be a general mapping from the model’s input to its output, where
‘H is the hypothesis space quantified by finite Vapnik-Chervonenkis (VC) dimension ¢ Ben-David et al. (2010).

Let F,,(h) be the expected risk of a hypothesis h over true data distribution D,,, at BS m, which is

Fo(h) = Exop,, [¢(h(T),L)], (5.5)

m

where T is sampled from D,,.

The fundamental goal of collaborative learning is to improve the generalization ability of each hypothesis
to unseen data instances, which is equivalent to minimizing the expected risk denoted by F,,(-). However, in
practice, true data distribution D,, cannot be known. Therefore, each node has to minimize the empirical risk
(i.e., objective (5.3)) over limited data instances from a variety of data sources. Given any collaboration vector
W, that satisfies constraint (5.4), the objective of each BS m in (5.3) is expressed as minimizing the empirical
W-weighted risk Fy, (h):

b, = in Fy. (h), )
m = AIgIin w(R) (5.6)
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where Fy, (h) = Z]M:1 Wi Fj(h) and hy, is the optimal minimizer. Note that the corresponding expected
w,-weighted risk is Fy,  (h) = Zjle Wi Fj(R).

To evaluate how ime generalizes over the true data distribution, the generalization bound of me is expressed
as the upper bound of the expected risk, i.e., Fm(fzwm). This generalization bound is derived in the following

theorem.

Theorem 5.1. H is a hypothesis space of VC dimension c. For each j € M, N -p; data points are drawn from

distribution Dj. For any 6 € (0,1), with probability at least 1 — 0, there exists

M
+ Z Winj (A3 ar (D, Dj) + 2Am;5)

j=1

~ wm
P (fw,,) <Fm(hy,) +2, > —2 N

l (clog(QN) logé)
pj

j=1

where h}, = argminpey Fy,(h) is the optimal minimizer of expected risk, and dyar(Dm,D;) is the HAH-

divergence (Ben-David et al., 2010), and \p,; = minpey (Fp,(h) + F;(h)).

The proof is given in Appendix C.

For ease of notation, let dy,,; = dyaw (D, Dj)+2Ap;, and D is defined as the distribution divergence matrix
whose element at the m-th row and the j-th column is pair-wise divergence d,,;. Inspired by multi-source DA,
for each node on the collaboration graph, it can be considered in a target domain with its neighbor nodes in
source domains. Thus, a graph-based learning problem can be decomposed into the parallel multi-source DA
processes shown in Fig. 5.3. The generalization bound in Theorem 1 is derived for each BS m, and thus the

total generalization bound is obtained via the summation of all the upper bounds:

M M
ZFm Wi SZFm +2Q(W p7 9 )+ Z [WGD]mja (57)
m=1 m=1 m,jeEM
where
M | M
w?,. /clog (2N) — log o
W,p) = -~ :
AW =30\ 5% (PR, 6.9
M M
> WoD],=> > wndn (5.9)
m,jeEM m=1 j=1
The total generalization bound shown in Eq. (5.7) contains three terms: 1) the first term, Z F,.(hE),

is deemed as a constant value irrelevant to the graph weights; 2) the second term, Q(W,p, N, ¢), is a quantity-

aware term that depends on data quantity vector p, graph weights W, total number of data instances N, and VC
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dimension ¢ of the hypothesis space; 3) the third term, > [W o D], _ ., is the distribution-divergence-aware

m,jeEM mj?

term depending on collaboration weights W and distribution divergence matrix D.

When the theoretical generalization bound (right-hand-side of Eq. (5.7)) is minimized, the total expected
risk of all the hypothesis functions has the lowest upper bound, leading to the best generalization ability.
Therefore, the fundamental insight is to find a collaboration graph that minimizes the generalization bound
in Eq. (5.7), and thus the obtained graph can achieve the best generalization ability for personalized models.
Specifically, within the bound, the quantity-aware term and the distribution-divergence-aware term (both are
dependent on W) need to be minimized. However, due to the difficulty of computing these two theoretical
terms without data, they must be approximated such that an empirical objective of bound minimization can

be formed at the server side.

5.3.2 Empirical Objective for Optimizing Collaboration Graph

To find an empirical objective for optimizing the collaboration graph, three steps are taken. First, the quantity-

aware term in Eq. (5.8) is approximated. Complexity indicator is defined as C = 2,/(clog(2N) — logd)/2N. It

is treated as a hyper-parameter embedded in the quantity-aware term.

Second, the distribution-divergence-aware term in Eq. (5.9) is approximated. Pair-wise divergence d,,; is
approximated by the distance between the two models, cZ(Om, 0;). Note that this approximation of distribution
divergence is adaptively adjusted as the model parameters are iteratively updated. The positive correlations
between the distribution divergence and the model difference are observed in Ye et al. (2023); Zantedeschi
et al. (2020), and it is also proved in Zhao et al. (2018) that the statistical distance between two distributions
directly causes model parameter difference. In Section 5.5.3, this approximation is validated by comparing

model difference with estimated distribution divergence.

Third, combining the above approximate terms, an empirical optimization objective regarding W is formed

as

Z Uing Z Zwmj (6m, 0;). (5.10)

m=1 j=1

By minimizing (5.10), the optimal collaboration graph is obtained, leading to the lowest approximate general-

ization bound.
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5.4 Graph-Based Collaborative Learning

Two alternating steps stated in Section 5.2 are elaborated. In addition, the data augmentation mechanism is

adopted to enrich training data.

5.4.1 Alternating Optimization

The designed collaborative learning process consists of the alternation of two steps: 1) at each BS m, optimizing
the local model 6, with the collaboration graph W fixed; 2) at the server, optimizing the collaboration graph
W given all the local models {0,,}mer. Let t denote the index of communication round.

Optimizing Local Model at Each BS

The distributed model updating process follows a widely-used protocol in distributed learning. Each BS first
fetches the aggregated model denoted by g?):n from the server. Each BS then uses it to initialize the local model
as

0.0 + &' | (5.11)

where 0;’10 is the initial model. Suppose Hf,’f is the model after the i-th mini-batch gradient descent, then it is

updated by minimizing local empirical risk Fm() in the next step as
efvqu A 0:;: - nvpm(afv’zl)a (512)

with 7 as the learning rate. After s steps starting from 9 , each BS sends the updated local model Bf ° to the

server.

Optimizing Collaboration Graph at the Server

As stated in Section 5.3, the empirical objective (5.10) guided by the generalization bound is minimized:

w! :argr%ivné(w, o) (5.13)
M
Y Wiy = Lwm > 0,¥j,m € M. (5.14)
j=1

The above problem is a convex optimization, and thus its global optimum is solved by conventional solvers

oyd an andenberghe, . Once the current collaboration graph or  rmem 18 obtained, the
Boyd and Vandenberghe, 2004). O i llaborati h W1 f Hf,f is obtained, th
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Algorithm 4 GraphRx

Inputs: Total number of rounds T, initial local models 09n =), Vm € M, collaboration graph weights W9,

&)Sn = 0, number of steps s.
for each communication round t =1,...,7 do
/*Optimize local models at BS side:*/
for each BS m € M in parallel do
Initialize the local model by Eq. (5.11);
Run s steps of local gradient descent by Eq. (5.12);
Send the updated local model 8% to the server;
end for
/*Optimize collaboration graph at server side:*/

The server obtains W' by solving Eq. (5.13-5.14);

t+1

The server aggregates models for each BS m: ¢,, Zje{m}uN wt .0Y° ¥Ym e M,

mjrg
The server sends the aggregated model ¢)m to each BS m.

end for

Outputs: {O%}m.gM,WT.

server computes the aggregated model for each BS m, which is expressed by

=y 0 ¥m e M, (5.15)

m m] J
JE{MIUN,

<

which will be sent to each BS m in the next round.

Based on the above two steps, such T, communication rounds of training are performed until each BS m
obtains a well-learned personalized neural receiver Hﬁ with multi-cell collaborative knowledge and the learned

collaboration graph is W7,

5.4.2 Algorithm Design

The designed PFL algorithm GraphRx is stated in Algorithm 4.The shared pretrained neural receiver 1 is
deployed at each BS as the initial model, i.e., 021 = ,¥Ym € M. The collaboration graph weights WY is
initialized as a fully-connected graph with w,, = p,, 1. At the beginning of each communication round ¢, for
each BS, it first initializes its local model using the aggregated model as in Eq. (5.11), and then performs s steps
of local mini-batch gradient descent. Each BS sends the local model to the server. At the server side, with all
the local models collected, the server solves the optimal collaboration graph weights W. Based on the obtained
W, the server performs weighted model aggregation for each BS. the server sends the aggregated model q?)in_l
to each BS m. Such T communication rounds of training are performed until each BS m obtains a well-learned

personalized neural receiver 0% with multi-cell collaborative knowledge.
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5.4.3 Mechanism of Data Augmentation

To achieve high spectral efficiency, each BS must keep the overhead of training pilots low. Thus, the overall
quantity of training pilots may not be sufficient to produce satisfying retraining results within a relatively short
collaboration period. To this end, two data augmentation techniques, rotation and noise injection, are employed
at each BS to enrich the quantity and diversity of online training data.

Specifically, we adopt the design in Fischer et al. (2022): 1) a rotating angle ¢ is uniformly sampled from

[0,27), and each symbol in received training pilot frame Y is applied such a rotation to obtain e/?Y; 2) an

2

additive noise N, (with the same dimension as N) is injected to each symbol, where N, ~ CAN(0,02). o2

is uniformly sampled from (0, %2] (02 is the noise variance of N). Thus, the augmented frame (denoted as
Y.) is obtained: Y, = ¢/*Y + N,. A new instance can be created by replacing Y with Y, during training
with the label unchanged, and Y, will not be stored. Thus, no additional storage cost is incurred. If the above
augmentation is applied A—1 times for each original instance, the augmented training data quantity is increased

by A times (i.e., augmentation time).

5.5 Performance Evaluation

In this section, the simulation set-up is first presented, followed by the results of ablation study, design verifi-

cation, and comparisons with several baselines.

5.5.1 Simulation Setup

For uplink SIMO communications, we assume one antenna at the user terminal and two receive antennas at the
BS. The number of BSs in multi-cell collaboration is set to 6, i.e., M = 6. Heterogeneous channel environments
are assumed for these six cells. Specifically, the standard tapped delay line (TDL) channel models (3GPP
TS 38.901, 2024) are adopted. Four diverse channel models (i.e., TDL-A/B/C/E) each with a unique power
delay profile (PDP) are used. Based on the existing evaluations (Fischer et al., 2022), diverse distributions of
channel coefficient matrix H can be constructed with different channel profiles and different values of fast-fading
parameters, such as root-mean-squared (RMS) delay spread o4 and terminal velocity interval v. Regarding
training data generation, the training pilots are random binary sequences and DMRS is configured at the
second and eleventh symbol times within each TTI (3GPP TS 38.211, 2024). The batch size is set to 32, i.e.,
32 TTIs/batch.

The offline channel distribution is specified as the TDL-A profile in the RMS delay spread interval of 0-50 ns
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Table 5.1: Heterogeneous multi-cell environments

BS ID Hetero-1 Hetero-2
PDP og4s(ns) v(m/s) PDP oqs(ns) wv(m/s)

500-600  0-5 B 0-50  0-5,15-20
450-550  0-5 C  450-500 0-5,15-20
200-300 15-20 B 0-50 0-5
150-250 15-20 C  150-200 0-5

E

E

400-600 15-20 0-50  0-5,15-20
450-550 15-20 200-400 0-5,15-20

[S ST
OgEHQQ@mwW

and the velocity interval of 0-5 m/s over the SNR range [-4,15] dB. The neural receiver is pretrained over 2,000
batches offline and then deployed online (the initial model for GraphRx). To generate each channel instance,
the exact values of tqs, v, and SNR are uniformly sampled from the given intervals, and the channel coefficients
are decided accordingly.

For online multi-cell channel generation, there are two types of online heterogeneous channel distributions
among six cells as shown in Table 5.1, namely heterogeneous data distributions 1 and 2 (i.e., Hetero-1 and
Hetero-2). In the first type, within each of these three pairs (BSs 1 and 2, BSs 3 and 4, BSs 5 and 6), two
BSs exhibit similar channel distributions. Each BS holds the same training data quantity, i.e., 200 batches.
In the second type, a more complicated heterogeneity is presented, and the training data quantity ratio of six
BSs is 3:3:1:1:2:4. The total number of training data batches is 1,400. The online SNR range is set to [0,10]
dB. During training, 20% of training data batches are used for validation, where a single-point BER (validation
BER) is evaluated over validation data. To test the performance of a trained neural receiver, the standard
Monte Carlo simulation (3GPP TS 38.211, 2024) is performed across the SNR range of [-4,15] dB, where each
channel instance is randomly generated based on Table 5.1.

In addition, inter-cell interference is generated by letting another signal propagate through an interfering
channel and reach the interfered BS (Honkala et al., 2021). For each uplink of BS m, the interfering PDP is
randomly selected among all the other BSs’ channel profiles, and RMS delay spread of interfering channel has
a deviation of +20 ns from that of uplink channel. The interference power is on average 5 dB lower than the
noise power (3GPP TS 38.133, 2024). Note that the above interfering channel information is not known by the
receiver.

The critical simulation parameters are as follows. In each cell, the system carrier frequency is 4 GHz with
subcarrier frequency 15kHz and OFDM symbol duration 71us, and Ny = 72, Ny = 14, Ngs = 48. The test
modulation scheme is 16-QAM and LDPC channel coding with the code rate as 658/1024 is adopted. Unless
otherwise specified, the hyper-parameters of GraphRx are as follows: the number of epochs for local gradient

descent set as 2; initial collaboration graph WY = 1; complexity indicator C' = 0.6, data augmentation time

1
6
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Figure 5.4: Average validation BER at various communication rounds.

A = 4, number of communication rounds 7. = 20, which are confirmed via ablation study. The fs-norm is
adopted as the model distance metric stated in Section 5.3.2, i.e., d(6,,, 0;) = |0, — 0,]|2. Each distance value

is scaled into [0, 1]. For the training of neural receiver, the Adam optimizer with the learning rate n = 0.001 is

adopted.

The main performance metric for evaluating receiver performance is coded bit-error rate (BER). Our method
GraphRx is compared with the following baselines: 1) practical LMMSE receiver (Honkala et al., 2021); 2) the
locally-trained neural receivers with no collaboration; 3) the FedAvg-trained globally-unified neural receiver
(McMahan et al., 2017); 4) the neural receivers trained by the state-of-the-art PFL algorithms. Specifically,
three representative PFL algorithms are selected: Ditto (Li et al., 2021), FedRep (Collins et al., 2021), and
pFedGraph (Ye et al., 2023). Furthermore, the genie-aided LMMSE receiver with full and perfect channel

coefficients is considered to achieve the upper-bound BER performance in the interference-free case.

5.5.2 Ablation Study
Impact of Communication Round

The number of communication rounds for GraphRx to converge is explored. During training, the validation
BER is evaluated at 4 dB for each neural receiver. As shown in Fig. 5.4, in both interference-free and
interference-included scenarios, GraphRx reaches convergence at the 20-th communication round, where the
average validation BER of all the BSs remains stable in the following rounds. The existence of training data

quantity imbalance and inter-cell interference does not affect the convergence of GraphRx.
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Figure 5.6: Average validation BER with directed /undirected graphs.

Impact of Model Distance Metrics and Complexity Indicator Values

As stated in Section 5.3.2, model distances d(em,ej) are computed to approximate distribution divergences.
Four distance metrics (i.e., £1 /¢-norm, inner product, and cosine similarity) are evaluated for two heterogeneous
distributions, respectively. As shown in Fig. 5.5(a), £3-norm achieves the lowest validation BER under two types
of heterogeneity, and thus fs-norm is selected as the desired metric. In addition, the complexity indicator C in
the objective (5.10) is varied from 0.2 to 0.8, which means the importance of quantity-aware term increases. As
shown in 5.5(b), for Hetero-1, C' needs to be between 0.6 and 0.8, while for Hetero-2, low BERs are achieved

with C varying from 0.2 to 0.8. Therefore, this complexity indicator is set to 0.6.

Impact of Collaboration Graph Directivity and Visualization of Learned Graphs

Since the collaboration relationship is not necessarily reciprocal, a directed collaboration graph is learned in

GraphRx. To validate this point, the performance of GraphRx with directed and undirected graphs are compared
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Figure 5.7: Visualization of directed collaboration graphs.

in Fig. 5.6. Note that graph weight matrix W must be symmetric in an undirected graph, which is added as
a constraint in solving (5.13)-(5.14). For Hetero-1 where all BSs hold the same quantity of data, the graph
directivity has little impact on validation BER, while the BER drops by 9.13% for Hetero-2 if a directed graph
is learned instead of an undirected one. This is because for Hetero-2 each BS has various data quantities: the
contribution from BSs with large data quantities to those with smaller quantities is more significant than the
reverse, which is also validated by the following graph visualization.

The learned collaboration weights w,,; of directed graphs with GraphRx are shown in Fig. 5.7 for two
heterogeneous distributions. Specifically, w,,; is the value at the m-th row and the j-th column, which indicates
how much BS m learns form BS j. In Fig. 5.7(a), there exist three pairs of BSs (1,2), (3,4), (5,6) exhibiting
strong collaboration weights. This is well aligned with the characteristics of their true data distributions shown
in Table 5.1. In Fig. 5.7(b), BS 2 does not need to collaborate with others based on the learned graph, as it
holds an enough quantity of data and may not benefit from learning other BSs’ data. BS 5 benefits much more
by learning from BS 6 than the reverse. Also, strong uni-directional collaboration is established in each BS pair

of (3,1) and (4,1).

Validation of Data Augmentation Mechanism

The evaluation results of the data augmentation mechanism is presented for Hetero-1 in both interference-free
and interference-included cases. Specifically, through extensive trials, a quantity of around 200 unaugmented

data batches is required at each BS to guarantee convergence of GraphRx. As the training pilot overhead is
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Figure 5.8: Coded BER of GraphRx tested under various augmentation times.

controlled as low as 0.1%, one training pilot frame is inserted among 1,000 transmitted OFDM frames. In this
case, it requires around 1-2 hours (collaboration period) for each BS to collect 200 unaugmented batches (6,400
TTIs). As previously stated in Sec. 5.2, during the collaboration period, the currently deployed neural receiver
operates normally.

To achieve better performance without increasing pilot overhead or storage cost, data augmentation is
conducted for each local dataset. As shown in Fig. 5.8(a), when the augmentation time A =4 (i.e., expanding
the dataset from 200 to 800 batches at each BS), the average test BER of all neural receivers achieves 1
dB gain at BER = 107 compared with that in the unaugmented case. However, when the augmentation
time increases to 8, the BER performance drops as intensive augmentation may cause the overfitting problem.
Similar patterns can also be observed in Fig. 5.8(b) where inter-cell interference is considered, and a significant
gain of around 3 dB is achieved at BER = 102 compared with the unaugmented case. Therefore, in GraphRx,
data augmentation with A = 4 is adopted to enrich each local dataset, which reduces the pilot overhead by 75%

compared with collecting four times the current quantity of data.

5.5.3 Effectiveness of Divergence Approximation

Due to the unavailability of theoretical bound in practice, £ model distance is used to approximate pairwise
divergence d,,; that incorporates HAH-divergence and Aj, i.e., dnj = dyau(Dm,D;) + 2X\p;. In domain
adaptation tasks, A,,; is generally small and thus can be ignored. Following the common method in Ben-David
et al. (2010), HAH-divergence is empirically estimated by training a non-linear classifier to discriminate between
any pair of local datasets. The classification accuracy between [0,1] is deemed as the estimated divergence

between two datasets. Therefore, (Z;[ ) classifiers in total are trained to obtain the estimated divergence between
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Figure 5.9: Correlations between model distance and estimated divergence.

each pair among M BSs. As shown in Fig. 5.9, the distances between converged models are compared with the
empirical HAH-divergence between datasets of all BSs. There exists a strong positive correlation between each
BS pair’s model distance and distribution divergence under both Hetero-1 and Hetero-2. Taking BS 1 shown
in Fig. 5.9(a) and 5.9(b) as an example, BS pair (1,2) has both the smallest distance and divergence at the
same time, and BS 1 exhibits large distances and divergences simultaneously from BSs 3 and 4. Such positive

correlations are observed by comparing each row of the distance matrix and divergence matrix in Fig. 5.9.
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5.5.4 Comparison with Baselines

The test performance of GraphRx is evaluated and compared with other baseline receivers. For neural receivers,
data augmentation with A = 4 is adopted for all the learning algorithms for fair comparison. The SNR gain is
measured in dB at BER = 10~° unless stated otherwise.

First, we consider the scenario without inter-cell interference as shown in Fig. 5.10 for Hetero-1 and Hetero-
2. As observed in both figures, the genie-aided LMMSE receiver serves as the performance upper bound in the
interference-free case, outperforming GraphRx by 0.4 dB for Hetero-1 and 0.2 dB for Hetero-2. Our GraphRx
achieves the best BER performance among all the other baselines under these two heterogeneous distributions.
Specifically, for Hetero-1, GraphRx exceeds both pFedGraph and FedRep by around 0.4 dB and it outperforms

FedAvg by 0.9 dB. Note that the performance of Ditto is very close to GraphRx for Hetero-1, while Ditto
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Figure 5.12: Standard deviation of coded BER tested for Hetero-2.

performs 0.4 dB worse than GraphRx for Hetero-2 shown in Fig. 5.10(b). In addition, under both Hetero-1
and Hetero-2, FedAvg is inferior to local learning by around 0.2 dB, which reflects that learning a unified global
model is not optimal for improving local performance when data are heterogeneously distributed. It is also
worth noting that all the methods based on neural receivers can outperform the practical LMMSE receiver by

a significant margin of over 4 dB.

Next, we consider the scenario with inter-cell interference shown in Fig. 5.11. Under both Hetero-1 and
Hetero-2, the genie-aided LMMSE receiver is no longer the performance upper bound since it does not have any
knowledge of the interfering channels. Under Hetero-1 illustrated in Fig. 5.11(a), GraphRx achieves notable
performance gains over all the listed baselines. Specifically, it outperforms three other PFL algorithms (i.e.,
Ditto, pFedGraph, and FedRep) by 0.5 dB, 1.5 dB, and 2.1 dB, respectively. Interestingly, the performance
of FedAvg is 1.6 dB better than that of local learning, which suggests that even a non-personalized aggregate
model can achieve a substantial gain when inter-cell interference exists. Under Hetero-2 shown in Fig. 5.11(b),
GraphRx performs equally well as Ditto, but outperforms all other baselines. Two additional insights are drawn:
1) GraphRx is robust to interference, while the performance of FedRep varies significantly; 2) when interference
exists, collaboration learning seems more challenging under Hetero-2 than Hetero-1, as Hetero-2 has a higher
heterogeneity level in both local distributions and data quantities than Hetero-1. This issue is subject to future

research.

Finally, the fairness among six BSs is presented in Fig. 5.12, which is quantified by the standard deviation
(SD) of test BERs of all the neural receivers. The SD is evaluated at SNR = 5dB for Hetero-2 that has a higher
heterogeneity level. As shown in Fig. 5.12, GraphRx achieves the lowest BER SD whether interference exists
or not, which means the best fairness can be guaranteed among all collaborators. In addition, with inter-cell

interference, the variation in the performance of neural receivers becomes larger.
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5.6 Summary

A multi-cell collaborative learning scheme named GraphRx was developed in this chapter. With a weighted
graph capturing collaboration relationships among BSs, GraphRx was formulated as a personalized federated
learning problem. To solve this problem, the personalized models were updated locally at each BS and the
collaboration graph was optimized centrally at the server by minimizing an approximate generalization bound,
and these two steps were performed alternatively. Data augmentation techniques were further incorporated into
GraphRx to reduce overhead of training pilot signals. GraphRx achieved significant performance gains over the

baselines.
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Chapter 6
Conclusions and Future Work

6.1 Conclusions

The dissertation focused on developing Al-assisted algorithms to boost network throughput in future 6G wireless
networks, by addressing critical problems at three architectural levels: the network infrastructure level, resource

management level, and link level. The key contributions of this dissertation are elaborated in the following.

At the network infrastructure level, the problem of augmenting multi-hop backhaul architecture with relays
to boost network throughput was studied. A clique-based bottleneck theory was developed for general wireless
networks. In this theory, the clique-based bottleneck structures were constructed to identify the complicated in-
teractions among bottlenecks and determine the relationship between the network architecture and the network
throughput. A clique-gradient computation algorithm was designed based on the constructed bottleneck struc-
ture to quantify how the perturbation of each clique impacted the overall network throughput. A DRL-based
relay placement approach named DeepRP was designed by incorporating the clique-based bottleneck theory,
to augment the 6G backhaul architecture for higher network throughput. This approach significantly boosted

network throughput as compared with the baselines.

At the resource management level, the problem of RAN slice enforcement was studied. Fine-grained slice
enforcement was conducted at the link level. It was formulated as an optimization problem that satisfied three
key requirements of RAN slicing, i.e., soft isolation under both balanced and unbalanced slicing policies, users’
QoS guarantee, and long-term conformance of slicing policies. The interference management with link-level
granularity was conducted in multi-cell RAN slicing. To tackle the coupling between the long-term objective

and short-term scheduling, a DRL-based heuristic approach was developed for the slice enforcement problem.
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Without depending on the prior knowledge of the time-varying channels and interference conditions, the DRL-
based heuristic approach adapted to the dynamic environment and achieved a near-optimal solution via online
learning. Following the DRL-based heuristic approach, LinkSlice was designed as an iterative slice enforcement
algorithm consisting of two stages. The first stage determined the transmission rates by capturing link inter-
ference via an interference-graph-based GNN. Given the transmission rates, the second stage allocated PRBs
for each slice by considering QoS requirements and soft slice isolation. LinkSlice highly outperformed existing

schemes.

At the link level, two critical problems regarding online learning of neural receivers were thoroughly inves-
tigated. The developed approaches at this level provided high link-level throughput, which directly leads to

improvement of network throughput.

First, the problem of efficient short-term online adaptation for neural channel estimators was addressed.
An SSL task was introduced on top of the original channel-estimation task to facilitate label-free adaptation of
neural channel estimators. It was designed as reconstructing the randomly-masked portions of received radio
frames. An online symbol-recovery mechanism was designed to provide estimated data-symbols as the task input
component, without incurring extra pilot overhead. A two-branch MAE model architecture named Channel MAE
was designed to consolidate the SSL task with the channel-estimation task. With each branch dedicated to one
task, the two branches shared a feature encoder but had their task-specific decoders. An offline-online two-
phase training strategy was designed for ChannelMAE. Particularly in the online adaptation phase, the shared
encoder was adapted by optimizing the SSL branch with batch-wise online learning. The adapted encoder
improved online channel-estimation performance by implicitly capturing channel statistical features. Extensive
experiments were carried out to validate key parameters and mechanisms of ChannelMAE. Performance results

showed that ChannelMAE significantly outperformed the state-of-the-art adaptation schemes.

Second, the problem of long-term multi-cell collaborative learning for end-to-end neural receivers was studied.
A collaborative learning scheme, called GraphRz, was proposed based on a collaboration graph among BSs
to retrain uplink neural receivers in multiple cells together. It acquired channel knowledge in multiple cells
collaboratively and handled multi-cell interference effectively. GraphRx was formulated as a PFL problem,
wherein the personalized models of neural receivers and the collaboration graph were optimized jointly to
achieve tradeoff between generalization and personalization. The solution to the PFL problem was derived
and was mapped to the federated learning paradigm as an iterative algorithm alternating between the server
and BSs. Particularly, an approximate generalization bound was derived so that the server could determine the

collaboration graph without relying on local data of BSs. Performance results showed that GraphRx significantly
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outperformed the state-of-the-art schemes.

In conclusion, this dissertation pushed forward the research frontier, by providing a comprehensive view of
developing Al algorithms in wireless networking at different architectural levels. It investigated four critical but
under-explored research problems, where diverse machine learning paradigms such as SL, SSL, and DRL were
adopted.

The innovation and impact of this dissertation were further concluded in the aspects of theory and algorithms.
From the theory aspect, this dissertation presented two key theoretical contributions. First, a novel clique-
based bottleneck theory framework was first developed to systematically identify network bottlenecks and
derive fairness-optimized network throughput. This framework served as both a versatile analytical tool and a
fundamental design guideline for next-generation wireless network planning. Second, a theoretical framework
was developed to leverage generalization bounds for designing personalized federated learning systems. The
theoretical frameworks developed in this dissertation contributed to both wireless networking and machine
learning. From the algorithm aspect, this dissertation developed a variety of Al-assisted algorithms. Specifically,
the following innovative algorithms were designed: 1) a DRL-based relay placement algorithm (DeepRP) to
optimize backhaul network infrastructure; 2) a DRL-based network slice enforcement algorithm (LinkSlice) for
management resources in a multi-cell RAN; 3) an SSL-based online adaptation algorithm (ChannelMAE) for
facilitating efficient online adaptation of neural channel estimators; 4) a graph-based PFL algorithm (GraphRx)
for improving the generalization ability of neural receivers in a multi-cell network. These Al-assisted algorithms
were developed to boost network throughput for next-generation wireless networks. Meanwhile, there also exists
great potential that they can be adapted to other problems, such as network planning, resource scheduling, and

many other network optimization tasks.

6.2 Future Work

This dissertation presented comprehensive studies across three architectural levels, yet several avenues remain
open for deeper exploration.

For Chapter 2, two aspects of DeepRP require further investigation. First, the performance guarantee of
DeepRP relied on the clique-based bottleneck theory. More theoretical analysis on the connection between
the developed theory and DeepRP will be pursued in future work. Second, for general wireless mesh networks
beyond backhaul settings, deterministic flow states may be difficult to capture. Relay placement should therefore
target statistical flow states with random source—destination pairs, and how to achieve higher throughput in

such scenarios remains an important open problem.
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For Chapter 3, three interesting topics need to be further investigated. First, how to construct interfer-
ence graphs was not studied in this work. Although related literature exists, obtaining an interference graph
accurately and promptly remains challenging. Second, spatial reuse was not considered. In beyond-5G net-
works, beamforming and multi-user MIMO are common physical-layer techniques, and integrating LinkSlice
with these technologies requires further research. Third, joint optimization of user admission, power allocation,
and time/frequency allocation was not addressed. While LinkSlice incorporated a simple admission control
scheme, it did not guarantee fairness among users. Designing a unified framework for fair admission and power
allocation within LinkSlice is thus a meaningful future direction.

For Chapter 4, the designed MAE model architecture of ChannelMAE requires further studies to support
multi-antenna communications. Model pruning techniques can be applied to reduce model size, and continual
learning can be incorporated to mitigate catastrophic forgetting issues. Furthermore, extending the SSL-assisted
two-task framework to a broader range of wireless applications represents another important research direction.

For Chapter 5, GraphRx was built on an existing neural receiver architecture, which itself requires further
improvement. First, an architecture that eliminates the need for DMRS signals is highly desirable. Second, how
to extend neural receivers to support MIMO communications remains an open question. In addition, handling
scenarios with both inter-cell interference and high cell heterogeneity requires further exploration.

Taken together, the four research works highlight two overarching directions for future investigation. First,
optimizing the three architectural levels in isolation may lead to suboptimal performance. Coordinating and
jointly optimizing designs across different levels to exploit cross-layer synergies remains a key challenge. Sec-
ond, throughput alone cannot fully characterize the performance of next-generation networks. Extending the
proposed approaches to incorporate other critical metrics, such as end-to-end latency and reliability, will be

essential to meet the stringent requirements of future wireless networks.
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Appendix A

Proof of Theorems in Chapter 2

Proof of Theorem 2.1

First, consider one clique k on the first (root) level of bottleneck structure that has no predecessor flow. The

flow rates in this clique are the same and can be computed by Eq. (2.3) in Algorithm 1, which is

1

sk="Tf= =5 " €Fi, (A.1)
Zleﬁk C;
where b, = |F}'| = |Fi|. By using its equivalent capacity, these flow rates can also be computed by allocating

the clique equivalent capacity among all the unconverged flows, which is

ry= otk Zien PG (A.2)

Zzez:,c by Zzeck by

where the clique equivalent throughput Ry is referred to Definition 2.3. Based on the max-min rate allocation

in Algorithm 1, the unconverged flows are allocated with equal resource shares, that is,

Pkl _ Pk2 Pkl
= ===, A3
b= b b P (A.3)
where b; is an positive integer and [ is the positive ratio of resource share. The case of by = 0 is naturally

excluded here, since p,; = 0 if b = 0. Considering Eq. (A.1), (A.2), and (A.3), the virtual scheduling variables
can be derived as
by Zleck bi

by
Zzeck [en} Zleﬁk bCy
by

Specially, if all the links in clique k have the same capacity, then Eq. (A.4) is simplified as py; = and
lecy,

P = V1€ Ly (A4)

the clique equivalent capacity in this case is a convex combination of link capacities.

In the following, we prove that the uniquely derived pj; satisfies the constraints in Definition 2.3. Obviously,
Pk, is non-negative. Based on Eq. (A.3) and (A.4), the problem of proving Zle/;k Pri = 521@5;@ by <1is
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transformed into proving the following inequality:

1 D, b < 1
Zleﬁk %ll Zleﬁk bC Zleﬁk bi

The above inequality is reformed as

<Z bl> Z b ZblCh (A.6)

LeLy, lEﬁk lELk

and further as

S>> > | —+— ;. (A.7)

1€LY JEL,jFHL i€EL ]El:]“j;ﬁl

Since we have C;/C; + C;/C; > 2,YC;,C; > 0, the inequality (A.7) always holds true and the equality is
obtained with C; = C;,Vi,j € L. Therefore, the uniquely derived virtual scheduling variables {py;, Vi € Ly}
satisfy the constraints in Definition 2.3. With this, the proof for the cliques on the root level is completed.

Next, consider one clique k on the remaining levels of the bottleneck structure that has a set of predecessor

flows with the same converged rates r. Let a; = |F7|, di = b —a; = |F}*|, and the flow rates for the unconverged
flows is derived by in Algorithm 1 as
1-> ar
s = e CL (A.8)
Zlé[,k lel}

Similarly, they can also be computed by allocating the remaining clique equivalent capacity among the uncon-

verged flows, which is

o — B — X ier, Praar _ 2iec, Pra(Ci— a”)_ (A9)

Zzeck dy Zzeck d

Based on the max-min rate allocation in Algorithm 1, the unconverged flows are allocated with equal resource

share, which follows

Pk Dk,2 Pk,
Pel _ Pk2 PRl g Al
dq do d; ’ (A.10)

where d; and 6 are positive numbers. Considering Eq. (A.8), (A.9), and (A.10), the virtual scheduling variables
can be derived as

d; (1 —lec, %) Dier,
Zleﬁk % Zle/:k dl(cl —ar)

Dkl = (A.11)
Similar to the derivation for the first case, we prove that the uniquely derived pj; satisfies the constraints
in Definition 2.3. Obviously, p,; is non-negative. The problem of proving Zle/;k Dk = QZleLk dr < 1is

transformed into proving the following inequality:

_ 1 - Zleﬁk %T Zleﬁk d
Dec, %’l Yer, WCr—air)

(A.12)

<=
ZlGCk dl
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To prove the above inequality, the following transformation is conducted:
0— Zleﬁk di[l —r Zleﬁk %Lz]
- d X d
Zleﬁk ﬁl, Zleﬁk diCp—r Zleﬁk ﬁl, Zleﬁk diay
_ Zleﬁk di[1 - rzlel:k %ll]
- d T El r dla[
ZlGﬁk ﬁll Zleﬁk Gyl — Zzeez:kkdzcl ] (A.13)
< Zleﬁk dl
= d
2iecy ron 2, WG
< 1
N Zleﬁk dl

With this, we prove that {px;, V] € L;} satisfies the constraints in Definition 2.3.

Finally, consider one clique k that has a set of predecessor flows with various converged rates 7,,,m =
1,2,..., M in the bottleneck structure. Let a;n, = Ff,,, di = [Fi| — Zm 1 175 |- Following the similar method-

ology of combining two ways of flow rate computation, the virtual scheduling variables can be derived as

M ~ ar,m
dl Zleﬁk dl[l - Zm:l 'm Zleﬁk ITZ}

Dk, = - , (A.14)
’ d M Tm e, di@im
Zleﬁk ﬁll Zleﬁk dlCl[l - sz:l Zl;:d,,c,, ]
and
Dkl Dk2 Dk,
2 = 2 = ... = > = 07 A15
dy do di ( )
where d; and 6 are positive. Similar to the previous case, to prove Zleﬂk Dkl = QZleLk d; < 1, the key
inequality below is proved as follows:
411 M ~ ap,m
0 — Zleﬁk l[ - Zm:l m Zle/;k C, ]
B d M PmYcr, digim
Zleﬁk ﬁll Zlel:k dlCl[l - Zm:l Ezeeﬁ:dlcz ]
< Diec, (A.16)
= d
Zleﬁk ron ZlECk d1Cy
< 1
B ZlGﬁk dl .

Therefore, the uniquely derived virtual scheduling variables satisfy the constraints in Definition 2.3, and

thus Theorem 2.1 is proved to be true.
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Proof of Theorem 2.2

The clique perturbation is obtained by imposing an infinitely small perturbation  on each of clique j’s link

capacities, i.e., AR; = Zleﬁk pr,10. To prove Eq. (2.7) and (2.8), it is equivalent to prove

S = sk + Dsk(0 Y pja)Vk € Q, (A.17)
ZEEJ-

Fp=rp+Arp(6Y  pi),VfeF, (A.18)
le[,j

where 55, 77 are new values after perturbation.

An induction approach applied in the wired network (Ros-Giralt et al., 2022) is followed to prove Eq. (A.18)
and (A.17). Similar to Definition 5 in Ros-Giralt et al. (2022), clique z or flow f is said to be in the clique k’s
influence region, provided that the clique fair share s, of clique x or the flow rate ry can be impacted by the
change of the clique equivalent throughput Ry of clique k. Let Z(j) be the influence region set. Consider any
vertex y € V, in the constructed bottleneck structure, where it can be a flow or a clique. If it is not in the
influence region of clique j, i.e., y ¢ Z(j), it is evident that Ar, = 0,Vy € F or As, = 0,Vy € Q. Thus, Eq.
(A.18) and (A.17) hold true. For any vertex y € Z(j), the following proof is given by induction.

To start with, consider vertex y as the the root node in Z(j). Vertex y must be a clique and it has no
predecessor vertex. Hence, we replace the notation y by k. The only impact on clique k’s fair share must
directly come from the perturbation source clique j. Let My ; = L, N L;, representing the common links of

two cliques. Then the new fair share value for clique k can be derived as follows:

_ Re _ Rp+ AR
|Bk| B

Sk

(A.19)

Ditemy, Pri/ e, Pil
By 4 Z Py,

= sk + Ask(6 > pja),
leﬁj

lel;

where By, represent the successor vertices of clique k in the bottleneck structure. The above shows Eq. (A.17)
holds true.

Next, following the methodology of induction, we assume y is any vertex in Z(j) except the root node, and
each predecessor vertex of y in Z(j) satisfies Eq. (A.18) if it is a flow, or Eq. (A.17) if it is a clique. In the

following, it is proved that vertex y itself satisfies one of the two equations, which completes the induction.

Consider the first case that vertex y is a flow, i.e., y € F, and the index y is replaced by f. It is assumed by
induction that the predecessor cliques of flow f satisfies Eq. (A.17). Combined with the propagation equation
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(2.6), it is shown that:
Ty = min S
kePy
= min | si + Asid Dj,
(A.20)
= 0 i in A
Tr+ Z Dj, (;271)1]1‘ Sk)
lel;

=r¢+ Ary 6ij7l ,
lel;
where 75f represents the predecessor vertices of flow f in the bottleneck structure. This states that Eq. (A.18)
holds true.
Consider the second case that vertex y is a bottleneck clique, i.e., y € Q, and thus the index y is replaced

by k. Based on the max-min allocation of clique y’s available throughput, we have

Ry = X rep, 2ier, ; PriTs
| Br| ’

S = (A.21)

where Ry, = Rj, + ARy, and Py, represents the predecessor flows of clique k in the bottleneck structure. Since
77 satisfies Eq. (A.18) based on induction, we have 7y = ry + Ary(d Zlecj pj1). Also, si is expressed as

Sp = (Rk. =2 feps Zleﬁk7‘f pk,lrf) /|Bk|. Therefore, Eq. (A.21) is further transformed into

Ry — ZfePk Zlez:kmzf pr AT AR

Sk = S +

| By
ARy,/AR; — A
— s+ k/ J Zfelgck%leﬁkfﬂif P87 AR] (A22)
= sk + Ask(0 Y pi)

lel;

which states that Eq. (A.18) holds true. Note that based on the proof in Ros-Giralt et al. (2022), it suffices to
use the original bottleneck structure with the imposed perturbation.
To this end, for any vertex in the bottleneck structure, either Eq. (2.7) or Eq. (2.8) is proved to hold true.
The algorithm output of CliqueGrad is g(j) = > fe FAry =3 feF %, which is exactly the clique gradient
g(7). With that, the proof of Theorem 2.2 is completed.
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Appendix B

Proof of Theorems in Chapter 3

Proof of Theorem 3.1

It is shown in (Yeniay, 2005) that problems P1 and P2 must be equivalent when the coefficients of the penalty
function go to infinity. The optimal objective values of P1 and P2 are denoted by f(x*) and g(y*) respectively,
where x* and y* are the optimal solutions. Let F and H denote the feasible region of P1 and P2. Obviously,
x* € F leads to x* € H. When y* € H and y* € F are simultaneously satisfied, problems P1 and P2 have the
same optimal solution x* = y*.

There exists an upper bound for the optimal value f(x*), which is the total number of PRB resources in
multiple cells BN (B is the number of cells, and N is the number of PRBs in one radio frame).

When y* falls out of the feasible region F, the penalty term », s> -\ Ly,m must be at least one. Here,
if A takes on values larger than BN, it is guaranteed that g(y*) must be larger than f(x*). Since the reward is
set to be the negative of objective values, the DRL agent always receives smaller rewards if the sampled actions

fall out of the feasible region F of problem P1.

Proof of Theorem 3.2

.. bm
If transmission rates ri ; )

are assumed to be uniformly distributed over all the PRBs and the constraint (3.14)
is removed in P3, graph coloring that optimizes the chromatic number can be reduced to problem P3. Since it

is NP-hard to compute the chromatic number, problem P3 is proven to be NP-hard.

Proof of Theorem 3.3

Let B denote the number of BSs, U denote the number of users, and N denote the number of PRBs. For the
following analysis, we assume that each BS has % users.

The complexity of Welsh-Powell algorithm can be divided into two parts: calculate the degree of nodes
O(Blog B) and sort nodes by degrees O(N?). The masking mechanism is checking the neighbors of each cell-
edge user, which is described by the complexity O( N For the greedy allocation part, the priority order of
users can be obtained in O(% log E)' Then PRBs are sorted by rates and allocated sequentially, which has the
complexity O(U log % + UNlog N + BN). Therefore, the second stage algorithm has the order of complexity
of O(Blog B+ N%?+Ulog % + UNlog N + BN).
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Appendix C

Proof of Theorem in Chapter 5

Proof of Theorem 5.1

As stated in the main text, the proof of generalization bound requires two major components: 1) the upper

bound of the difference between weighted expected risk Fy, (-) and single-domain expected risk Fy,(-), i.e.,
= 1
|Fav,, () = Frn()| <3 wim; (Qde (D, Dj) + Amlj) VheH, (C.1)
j=1

and 2) the probabilistic upper bound of the difference between empirical weighted risk me(-) and expected
weighted risk Fy,, (-), i.e., for any ¢ € (0, 1), with probability at least 1 — ¢,

M 2
) w2,/ clog(2N) — log 6
FWm(h)—me(h)]sJZ pji( 520~ g ),Vhefﬂ. (€2)

Jj=1
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With these two major components, the upper bound of F,(hy,, ) can be derived as follows. For any ¢ € (0, 1),
with probability at least 1 — §, there exists

Fo (b, ) < Py (i, ) + zwm (3sre (P 23) + 2y (©3)
<P, (ﬁwm) . i UZ;U ((’log(QN logé) iw”“ (;dHAH (D, D) + )\mj) (C.4)

o
<R eya iq;,jj (clog(?N log5> iww (;de (pm,pj)Hmj) (C.5)

j=1 &
< Fu (h) 42 f:u;n;] (clog(2]2\7 log5> f:wm]< dunr (D, D; )+Amj> (C.6)

j=1

P (5,) +2 g i ((clos2) e +§1me» (dusn (Do D)+ 20y). (O

Note that in the above proof, we have Fy (h*) < Fy, (h*). This is because hy, is the optimal minimizer of

m

Fy,, (h), that is hy,, = argminycy Fu,, (h).
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