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Abstract

Federated learning (FL) is a promising distributed learning paradigm for protecting
data privacy. In FL, edge devices collaboratively train machine learning (ML) models
under the orchestration of a parameter server (PS), which only requires exchanging local
learning models/gradients among devices and the PS instead of local private data. How-
ever, implementing FL in real-world wireless networks faces several challenges, e.g., data
heterogeneity, device heterogeneity, limited wireless resources, and unreliable wireless
channels. This thesis presents four original contributions to address these challenges by

jointly designing the learning mechanism and wireless networks.

Firstly, a joint representativity and latency-aware device scheduling scheme is proposed
to address the limited wireless resources for FL. Specifically, we theoretically revealed
that the learning performance is degraded by the difference between the aggregated
gradient of scheduled devices and the full participation gradient. Based on this, the
proposed scheme aims to find a subset of representative devices and their corresponding
pre-device stepsizes to approximate the full participation gradient while capturing the
trade-off between learning performance and latency for FL. Compared to existing device
scheduling algorithms, the proposed representativity-aware device scheduling algorithm
improves 6.7% and 4.02% accuracies on two typical datasets under heterogeneous local
data distributions, i.e., MNIST and CIFAR-10, respectively. In addition, the proposed
latency- and representativity-aware scheduling algorithm saves over 16% and 12% train-
ing time for MNIST and CIFAR-10 datasets than the scheduling algorithms based on

either latency or representativity individually.

Secondly, a novel knowledge-aided FL. (KFL) framework is proposed to address the data
heterogeneity and reduce the communication costs, which aggregates light high-level data

features, namely knowledge, in the per-round learning process. This framework allows

ii



devices to design their machine-learning models independently and reduces the commu-
nication overhead in the training process. We theoretically revealed that allocating more
resources in the early rounds achieves better learning performance when the total avail-
able resources are fixed during the entire learning course. Based on this, a joint device
scheduling, bandwidth allocation, and power control approach is developed to optimize
the learning performance of FL under limited energy budgets of devices. Experimental
results on two typical datasets (i.e., MNIST and CIFAR-10) under highly heterogeneous
local data distributions show that the proposed KFL is capable of reducing over 99%
communication overhead while achieving better learning performance than the conven-
tional model aggregation-based algorithms. In addition, the proposed device scheduling

algorithm converges faster than the benchmark scheduling schemes.

Thirdly, a novel FL framework, namely FL with gradient recycling (FL-GR), is proposed
to tackle the negative effects of unreliable wireless channels and constrained resources
on FL. FL-GR recycles the historical gradients of unscheduled and transmission-failure
devices to improve the learning performance of FL. We theoretically revealed that min-
imizing the average square of local gradients’ staleness (AS-GS) helps improve learning
performance. Based on this, a joint device scheduling, resource allocation and power
control approach is proposed to minimize the AS-GS for global loss minimization. Com-
pared to the FL algorithm without gradient recycling, FL-GR achieves over 4% accuracy
improvement. In addition, the proposed device scheduling algorithm outperforms the

benchmarks in convergence speed and test accuracy.

Finally, a novel adaptive model pruning-based FL. (AMP-FL) framework is proposed
to address the device heterogeneity, where the edge server dynamically generates sub-
models by pruning the global model for devices’ local training to adapt their heteroge-
neous computation capabilities and time-varying channel conditions. We introduced an
age of information (Aol) metric to characterize the staleness of local gradients and theo-
retically analyzed the convergence behaviour of AMP-FL. The convergence bound shows

that scheduling devices with large Aol of gradients and pruning the model regions with
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small Aol for devices can improve learning performance. Inspired by this, a joint device
scheduling, model pruning, and resource allocation scheme is developed to enhance the
learning performance of FL. Experimental results show that the proposed AMP-FL is
capable of achieving 1.9x and 1.6x speed up for FL. on MNIST and CIFAR-10 datasets

in comparison with the FL schemes with homogeneous model settings.

v



Table of Contents

Acknowledgments i
Abstract ii
Table of Contents v
List of Figures xi
List of Tables xiii
List of Abbreviations XV
List of Notation xviil
1 Introduction 2
1.1 Overview . . . . . . . e 2
1.1.1 Motivation of Federated Learning . . . . . . . ... ... ... ... 2

1.1.2 A Typical Federated Learning Framework . . . . . .. .. .. ... 3

1.1.3 Research Challenges . . . . .. ... ... ... ... ........ 4

1.2 Outline and Contributions . . . . . . . . . . . . . .. o 6

1.3 Author’s Publications . . . . . . . . . . .. 10

2 Literature Review and Mathematical Preliminaries 12
2.1 Review of Related Works . . . . . . . . . . . . ... 12
2.1.1  Device Scheduling and Resource Allocaton . . . . ... ... ... 12



2.1.2  FL Framework to Address Model Heterogeneity . . . . . . . . . .. 14

2.1.3 FL Algorithms for Tackling Unreliable Communication . . . . . . . 15
2.1.4 Model Pruning-Based FL. Algorithms. . . . ... ... ... .... 16
2.2 Mathematical Preliminaries . . . . . . . . ... ... ... .. 18
2.2.1  Smooth Functions . . . . . . .. ... ... 18
2.2.2  Strongly Convex Functions . . . . . . . ... ... ... ... ... 21
2.2.3 Important Inequalities . . . . . . . . ... oL 23
Exploring Representativity in Device Scheduling 26
3.1 Imtroduction . . . . . . . . . . .. 26
3.2 System Model . . . . . . . .. 28
3.2.1 Federated Learning Algorithm . . . . . . ... ... ... ..... 30
3.2.2 Latency Model . . . . .. . ... ... 31
3.3 Convergence Analysis and Problem Formulation . . ... ... ... ... 33
3.3.1 Convergence Analysis . . . . . . .. .. ... 33
3.3.2  Device Representativity Measurement . . . . . . .. ... ... .. 35
3.3.3 Problem Formulation . . ... ... ... ... .. .. ..., 37
3.4 Device Scheduling Policies for Federate Learning . . . . . . ... ... .. 38
3.4.1 Optimal Wireless Bandwidth Allocation . . . . . .. ... ... .. 39
3.4.2 Latency-aware Device Scheduling Policy . . . . . ... ... .. .. 41
3.4.3 Device Representativity-aware Scheduling Policy . . . .. ... .. 43
3.4.4 Latency and Representativity-aware Scheduling Policy . . . . . . . 45
3.5 Numerical Results . . . . .. .. .. . 47
3.5.1 Experiment Setting . . . . . .. ... oo 47
3.5.2  Gradient Continuity . . . . . . . . ... ... ... .. 49
3.5.3 Performance of Representativity-aware Device Scheduling . . . . . 50
3.5.4 Performance of Latency and Representativity-aware Device Schedul-
INg . ..o 53
3.6 Summary . . ... e e 55

vi



4 Knowledge-aided Federated Learning over Wireless Networks
4.1 Introduction . . . . . . . .. L
4.2 System Model and Learning Mechanism . . . . .. .. ... ... .....
4.2.1 Knowledge-aided Loss Function for Local Training . . . . . .. ..
4.2.2 Knowledge-aided Federated Learning Mechanism . . . . . . .. ..
4.2.3 Knowledge-aided Federated Learning Cost Model . . . . . . . . ..
4.2.4 Problem Formulation . .. .. ... ... ... ... ... .
4.3 Convergence Analysis and Problem Formulation . . ... ... ... ...
4.3.1 Convergence Analysis . . . . . . ... ... ... ..
4.3.2 Problem Transformation via Lyapunov Optimization Framework .
4.4 Online Device Scheduling and Wireless Resource Allocation . . . . . . ..
4.4.1 Optimal Power Control and Bandwidth Allocation . . . . ... ..
4.4.2 Device Scheduling . . . . ... ... 0oL
4.5 Numerical Results . . . . .. ... o
4.5.1 Performance Evaluation with Homogeneous Models . . . . . . . ..
4.5.2 Performance Evaluation with Heterogeneous Models . . . . . . ..
4.5.3 Performance of the Proposed Device Scheduling Algorithm

4.6 SUMMATY . . . o v v e e e e e e e e e

5 Robust Federated Learning for Unreliable and Resource-limited Net-

works

5.1 Introduction . . . . . . . . .. L e

5.2 System Model and Learning Mechanism . . . . .. ... .. ... ... ..
5.2.1 Federated Learning System . . . . ... .. .. ... ... .....
5.2.2 FL with Gradient Recycling . . . . . . ... ... .. ... .....
5.2.3 Computation model . . . . ... ... oo
5.2.4 Communication Model . . . . . . . .. .. ... L.
5.2.5  Successful Transmission Probability . . . . ... .. ... ... ..

5.2.6 Problem Formulation . . . . . .. .. ... ... .. ... .....

vii



5.3 Memory-friendly FL-GR and Convergence Analysis . . . . . . .. ... .. 98

5.3.1 Memory-friendly FL-GR . . . . . ... .. ... ... .. ...... 98
5.3.2 Convergence Analysis . . . . . . . .. ... ... 100
5.4  Optimal Device Scheduling, Resource Allocation, and Power Control . . . 104
5.4.1 Problem Transformation . . . . . . ... ... ... ... ...... 104
5.4.2 Optimal Power Control . . . .. ... .. ... ... .. ...... 105
5.4.3 Optimal Resource Block Allocation . . . . . .. ... ........ 106
5.5 Numerical Results . . . . .. .. .. . . 110
5.5.1 Simulation Settings. . . . . . . . .. ... Lo 110
5.5.2  Effectiveness of Gradient Recycling . . . . . . ... ... ... ... 112
5.5.3 Comparison of Device Scheduling Policies . . . . . .. ... .. .. 114
5.5.4 Impact of Wireless Parameters . . . . . . .. .. ... ... .... 117
5.6 SUMMATY . . . . . o oo e e e 118

Efficient Wireless Federated Learning with Adaptive Model Pruning 120

6.1 Introduction . . . . . . . . . . .. 120
6.2 System Model and Learning Mechanism . . . . .. ... .. ... ... .. 122
6.2.1 Federated Learning with Adaptive Model Pruning . . .. ... .. 123
6.2.2 Communication and Computation Load Model . . . . ... .. .. 125
6.2.3 Learning Latency Model . . . . . . . . .. .. ... ... ... ... 126
6.2.4 Problem Formulation . . ... ... ... ... ... ... ... 128
6.3 Convergence Analysis and Problem Transformation . . . . . ... ... .. 129
6.3.1 Convergence Analysis . . . . . .. .. . ... ... 129
6.3.2 Problem Transformation . . . . . . .. ... ... ... ... ... 133
6.4 Efficient Online Model Pruning and Resource Allocation . . . . . . .. .. 133
6.4.1 Optimal Model Pruning Policy . . . .. ... ... ... ...... 134
6.4.2 Optimal Resource Block Allocation . . . . . ... ... ....... 136
6.4.3 Complexity Analysis and Implementation . . . . . ... ... ... 137
6.5 Simulation Results . . . . . . .. ... o 141

viil



6.5.1 Comparison of Model Pruning Strategies . . ... ... ... ...
6.5.2 Comparison of Device Scheduling Policies . . . . . ... ... ...
6.5.3 Overall Effectiveness . . . . . . . ... ... 0.
6.5.4 Impact of Wireless Resource on Learning Performance . . . . . . .
6.6 Summary . . . ... e

7 Conclusion and Future Work

7.1 Conclusion . . . . . . . . e

7.2 Future Directions . . . . . . . . . . . e

7.2.1
7.2.2
7.2.3

Federated Split Learning . . . . . . . . . ... ... ... .. ....
Federated Multi-Modal Learning . . . . . ... ... ... .....

Federated Continue Learning . . . . . . . . . ... ... ... ...

Appendix A Proof in Chapter 2

A.1 Proofof Theorem 1. . . . . . . . . . .

A.1.1 Proofof Corollary 1 . . . . . . . .. ... ... ...

A.1.2 Proofof Lemma3 . .. ... . . . . . ...

A.1.3 Proofof Lemma4d . . . . . . . . . . ..

A14 Proofof Lemmab . ... . . . . . . ..

Appendix B Proof in Chapter 3

B.1 Proofof Lemma 6 . . . . . . . . . . . ...

B.2 Proof of Lemma 7 . . . . . . . . e

B.3 Proof of Theorem 2. . . . . . . . .« . .

B.4 Proof of Proposition 1 . . . . . .. .. ... .. ... ...

B.5 Proof of Lemma & . . . . . . . . e

B.6 Proof of Proposition 2 . . . . . . .. ...

Appendix C Proof in Chapter 4

C.1 Proof of Lemma 9 . . . . . . . . e

C.2 Proof of Lemma 10 . . . . . . . . . . . e

X

151
151
153
153
154
154

156
156
158
158
159
160

161
161
162
165
168
169
169



C.3 Proof of Theorem 4 . . . . . . . . . . . 174

C.4 Proof of Corollary 2 . . . . . . . . . .. 178
Appendix D Proof in Chapter 5 180
D.1 Proof of Lemma 11 . . . . . . .. .. ... 180
D.2 Proof of Lemma 12 . . . . . . . . .. L 181
D.3 Proof of Theorem 5. . . . . . . . . . . . . 182
D.4 Proof of Corollary 3 . . . . . . . . . .. 185
References . . . . . . . . e 186



List of Figures

1.1

3.1

3.2

3.3

3.4

3.5

3.6

4.1
4.2
4.3
4.4

5.1

The framework of FedAvg. . . . . . . . . ... ... 3

An implementation of FL via FDMA, where the scheduled devices perform
7 local iterations and upload gradients to the edge server. . . . . . . . .. 29
The ¢5 norm of the difference between the estimated gradient and the true
gradient of an arbitrary device k (k€ /C). . . .. . ... ... 49

Learning performance of different device scheduling algorithms on MNIST

Learning performance of different device scheduling algorithms on CIFAR-
10 dataset. . . . . .. 52
Learning performance of the latency and representativity-aware device
scheduling algorithms on MNIST dataset. . . . . ... ... ... ... ... 53

Learning performance of the latency and representativity-aware device

scheduling algorithms on CIFAR-10 dataset. . . . . . . . ... .. ... .. 55
The illustrated KFL over wireless networks . . . . . . ... ... ..... 59
Comparison of learning performance under homogeneous models. . . . . . 81
Comparison of learning performance under heterogeneous models. . . . . 83

Comparison of learning performance in different device scheduling algo-

rithms on the MNIST and CIFAR-10 datasets. . . . . . . . . ... .... 84

Illustration of conventional FL framework and the proposed FL-GR. . . . 89

X1



5.2
5.3

5.4

5.5

5.6

6.1

6.2

6.3

6.4

6.5

6.6

6.7
6.8

Comparison of learning performance of different FL algorithms. . . . . . . 113
Comparison of learning performance for different device scheduling algo-
rithms on the CIFAR-10 dataset. . . . . . . . . . .. ... ... .. .... 115
Comparison of learning performance for different device scheduling algo-
rithms on the CIFAR-100 dataset. . . . . . . ... ... ... ... .... 116
Impacts of energy and delay constraints on the learning performance on
CIFAR-100 dataset. . . . . . . . . . . . . . e 117

Impacts of wireless parameters on the learning performance. . . . . . . . . 118

Illustration of the considered wireless FL system with adaptive model
PIUNING. . . . . o o o o e e e e e e e e e e 122
Comparison of the learning performance of FL with different pruning
strategies on the MNIST dataset. . . . . . . . . ... ... ... ...... 143
Comparison of the learning performance of FL with different pruning
strategies on the CIFAR-10 dataset. . . . . . . .. ... ... ... .... 143
Comparison of learning performance for different device scheduling approaches
on MNIST dataset. . . . . . . . . .. . . 145
Comparison of learning performance for different device scheduling approaches
on CIFAR-10 dataset. . . . . . . . .. . . . . 145
Learning performance of different FL algorithms on the MNIST dataset. . 147
Learning performance for different FL algorithms on the CIFAR-10 dataset.147
Learning performance of the proposed AMP-FL under different number

of RBs. . . . . . 149

xii



List of Tables

1-A

4-A
4-B

5-A
5-B
5-C

6-A

Summary of challenges addressed by different solutions. . . . . .. .. .. 7
System Parameter Settings . . . . . .. .. .. .. ... .. .. ..., 48
Experimental Settings . . . . . . . ... o oL 78
Communication Overhead of Different FL. Algorithms . . . . ... .. .. 81
Network Architecture for the Classification Model . . . . . ... ... .. 110
Simulation Parameter Settings . . . . . . ... ... ... ... 111
Required Rounds to Reach a Target Accuracy . . . . . .. ... ... ... 112
System Parameters . . . . . . .. ... L 141

xiil



List of Algorithms

W

© oo N o Ot

11

Optimal Wireless Bandwidth Allocation . . . . . ... ... ... ..... 40
Greedy Algorithm for Latency-aware Device Scheduling . . . . . ... .. 43

Double Greedy Algorithm for Latency and Representativity-aware Device

Scheduling . . . . . . . . .. 47
Knowledge-aided Federated Learning Algorithm . . . . . . ... ... ... 64
Optimal Bandwidth Allocation Approach . . . .. ... ... ... .... 75
Energy-aware online Device scheduling . . . . . .. ... ... ... .... 7
Memory-friendly Implementation of FL-GR . . . . . ... ... ... ... 101
Optimal Device Scheduling, Power control, and RB allocation . . . . . . . 110
Adaptive Model Pruning Algorithm . . . . . ... ... ... ... .... 135

Efficient Device Scheduling, Model Pruning, and RB Allocation Algorithm 138
Memory-friendly AMP-FL . . . . . ... ... ... .. ... ... 140

Xiv



List of Abbreviations

6G
AMP-FL
Aol
APFL
AR
AS-GS
CNN
CPU
C-scheduling
DNN
E-MBG
E-PG
FC
FDMA
FedAvg
FL
FL-GR
FLOPs
FP-SG

sixth-Generation

Adaptive model pruning-based federated learning
Age of information

Adaptive personalized FL

Augmented reality

Average square of local gradients’ staleness
Convolutional neural network

Central processing unit

Channel gain-aware device scheduling
Deep neural network

Estimating by mini-batch gradient
Estimate by past gradient information
Fully connected

Frequency division multiple access
Federated averaging

Federated learning

Federated learning with gradient recycling
Float-point operations

Full-participation stochastic gradient

XV



GI-Scheduling
IoT

KD

KFL
L&R-aware
Max-GNS

MC

ML

MLP

NN

NNs

NP-Hard
non-IID
OFDMA

PC
PR-scheduling
RB

RBs

RHS

Gradient importance-aware scheduling
Internet-of-Things

Knowledge distillation

Knowledge-aided federated learning

latency- and representativity-aware device scheduling
Maximum gradient norm scheduling

Model compensation

Machine learning

Multi-layer perceptron

Neural network

Neural networks

Non-deterministic polynomial-time hard
Non-independent and identically distributed
Orthogonal frequency division multiple access
Power-of-Choice scheduling

Pruning ratio minimization-aware device scheduling
Resource block

Resource block

Right-hand-side

xXvi



RS

SGD

SINR
STP-Scheduling
SVM

VR

W/GR

Random scheduling

Stochastic gradient descent
Signal-to-interference-plus-noise ratio

Successful transmission probability-aware scheduling
Support vector machines

Virtual reality

Without gradient recycling

Xvii



List of Notation

5

Si;
At
Gkt
gt

gt

fr

Pk

Set of devices

Size of I

Local dataset of device k;

Size of Dy,

Overall dataset in the system

Size of D

Learning rate;

Local iteration number

Scheduling policy in round ¢, i.e., the set of scheduled devices
Scheduling indicator of device k in round ¢

Local gradient of device &k in round ¢

Aggregated gradient of devices in S;

Aggregated gradient of all devices in IC

Local batch size

CPU frequency of device k

Transmit power of device k

Number of elements of each local gradient;
Quantized bits of each gradient element

The proportion of B allocated to devices in round ¢
Computation time for device k in round ¢

Communication time for device k in round ¢

xviil



Wk
225

Uk

Fy(ug, vy)
F(W)

T

Pkt

Pk max

SRS

ax

Set of data classes

Size of C

Local dataset of ¢ class

Size of Dy ¢

Local model

Local feature extractor of device k
Local predictor of device k

All local models

Local empirical loss function of device k
Global empirical loss function
Learning rate for feature extractor
Learning rate for predictor

Local knowledge loss function
Knowledge loss weight

Device k’s knowledge about class ¢
Device k’s knowledge for all classes
Global knowledge about class ¢
Global knowledge about all classes
Local iteration number

Computation workload of one data sample at device k
Transmit power of device k in round ¢
Maximum transmit power of device k
Data size of local knowledge

Total energy budget of device k

Maximum completion time for each round

Xix



Gt

Dt

Local model of device k in the I-th iteration of round ¢

Global model in round ¢

Local loss function of device k

Global loss function

Local iteration number

Latest successfully transmitted gradient of device k in round t;
Power control policy of devices in round ¢

Computation workload of one data sample at device k

Data size of local gradient

Energy constraint of device k

Scheduling indicator of device k in round ¢

Set of resource blocks

Size of R

Set of global model regions

Size of

The i-th region of global model

The ¢-th region of local model of device k in the I-th iteration of round ¢
Local iteration number

Latest received gradient at the edge server from device k’s region i
Stochastic gradient of i-th region of device k

Computation load of one data sample

Number of global model parameters

Allocation indicator of RB r to device k

RB allocation policy for all devices

Pruning mask of i-th region of device k in round ¢

my = {ml(z :VieT}

Pruning ratio of device k in round ¢



Chapter 1

Introduction

1.1 Overview

In this section, the research motivation of federated learning (FL) is first introduced.
Then, a typical FL framework is illustrated, which is the basis of our developed FL
approaches. Finally, the research challenges of FL in practical wireless networks are

presented to inspire the research works in the thesis.

1.1.1 Motivation of Federated Learning

The explosive growth of data generated at edge devices motivated deploying advanced
machine learning (ML) techniques in sixth-generation (6G) wireless networks to exploit
the data for serving diverse applications, e.g., autonomous driving, intelligent industry,
augmented reality/virtual reality (AR/VR), and Internet-of-Things (IoT) applications
[1]. The conventional centralized ML approach requires centralizing the raw user data
on a single data center or cloud, which is inapplicable to support those emerging 6G
applications due to high communication costs and privacy concerns [2—1]. In addition,

in recent years, information privacy policies and laws such as GDPR [5] and CCPA [0]
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stipulate the sharing of data between companies to protect personal data from being

abused.

To address the problems in centralized ML, wireless FL. becomes a promising solution
since it enables 6G devices to learn a global shared model while preserving data locally.
In wireless FL, a parameter server orchestrates multiple devices via wireless channels
to engage in the training process that repeatedly performs the alternative optimization
process of device-local training and server-model aggregation. Instead of transmitting
raw user data, wireless FL only shares the local model parameters of users. This unique
property reduces the wireless communication load and simultaneously protects the users’

privacy.

1.1.2 A Typical Federated Learning Framework

Parameter Server (((! )))@ Global model
>

Aggregation
. ®)

@ v
= %:@ Local training =%:® — % @
iy Device l §
Figure 1.1: The framework of FedAvg.

In 2016, the authors in [7] proposed the first FL algorithm, namely Federated Aver-
aging (FedAvg), in which a server coordinates multiple devices to learn a global shared

model. The learning process involves periodically exchanging model parameters between
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devices and the server without exposing the raw user data, as shown in Fig. 1.1. The

learning process of FL is to repeat the following steps until the model is converged.

e Step 1: Device selection and global model broadcast: The server selects a set
of devices meeting the eligibility requirements to participate the current-round
training process. After device selection, the server broadcast the latest global

model to the selected devices.

e Step 2: Local training: After receiving the global model, each selected device
computes a local model update by executing the training program, which might

for example run stochastic gradient descent (SGD) on its local dataset.

e Step 3: Local model update upload: After the local training process, each selected

device uploads it local update to the server through wireless channels.

e Step 4: Global model aggregation: The server aggregates the local updates from
all the selected devices by performing a weighted average of them. Then, the global

model is updated based on the aggregated model update.

The above FL framework involves different components related to communication and
computation, i.e., device selection, local computation, communication between devices
and the server, and the global model update. In practical wireless networks, implement-
ing FL faces several challenges, e.g., data heterogeneity, device heterogeneity, scarce
wireless resources, and poor computation capabilities of devices. These challenges may
restrict the performance of the above FL approach. Existing research works focused on

jointly optimizing different components of FL to address these challenges.

1.1.3 Research Challenges

In practical wireless networks, implementing FL confronts several challenges. In the

following, we discuss the effects of these challenges on the learning performance of FL.
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1) Data Heterogeneity: In practical wireless networks, devices generate and collect
data in a highly non-identically distributed manner [2, 8]. For example, autonomous
vehicles run in rural and urban environments may collect different classes of road data
information. Thus, different devices have distinct local datasets, the data label distribu-
tions across devices are heterogeneous, i.e., non-independent and identically (non-11D).
Since the PS directly aggregates models learned from the different devices, the data het-
erogeneity presented on different devices may lead to weak generalization ability of the

trained global model, even resulting in an unstable training process of FL [9, 10].

2) Scarce Wireless Resources: In practical wireless networks, the wireless bandwidth
resources are usually limited, which only allow a small portion of devices to participate
the per-round learning process [11, 12]. Since the local datasets among devices are typ-
ically non-IID, the limited participating devices may lead to biased model aggregations

and greatly degrade the learning performance.

3) High Communication Overhead: In FL, the devices are required to transmit their
local models to the server for aggregation. The uploading of model/gradient parame-
ters is costly for devices since modern deep neural network (NN) architectures usually
possess massive parameters [13, 11]. For instance, the widely used MobileNet [15], a
convolutional NN (CNN) for on-device image processing, has 6.9 million parameters,
corresponding to 27.6 MB. Training such a model requires devices to upload 27.6 MB of
data per round. Considering hundreds of rounds and multiple devices, the communica-

tion overhead is heavy for wireless networks with limited spectrum and energy resources.

4) Heterogeneous Local Models: In practical wireless networks, devices are usually
equipped with different neural networks (NNs) in terms of architectures and model sizes
due to their heterogeneous computing capabilities and storage resources [16, 17]. In this
case, the traditional model aggregation-based FL approaches fail to coordinate devices

to perform the learning process.

5) Heterogenous Devices: In practice, edge devices are drastically different in com-
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putation and communication capabilities. Most existing wireless FL studies focused on
homogeneous model settings where all devices train identical models in each round. In
this setting, the devices with poor capabilities delay global aggregation and slow down
the learning convergence, as well as restrict the scale of the global model due to their
resource bottlenecks [12, 18, 19]. It is worth mentioning that although the personalized
FL approaches [12, 20] were developed to enable devices to train heterogeneous local
models, they aim to train a customized local model for each device based on their indi-
vidual local data distribution that may not generalize well on the classes out of their
local data classes. When a device predicts classes are not in its local data, the person-
alized model shows lower performance than the generalized global model. Thus, it is
essential to develop efficient methods for FL to train a generalized shared global model

while mitigating the straggler effect in the homogeneous local model setting.

6) Unreliable Commaunication: In addition, the conventional FL algorithms assume an
error-free wireless channel and ignore the unreliable nature of wireless communications
[21]. Due to devices’ constrained transmit power and bandwidth, it is hard to guarantee
all the scheduled devices successfully transmit their parameters to the edge server [22].
This brings a new challenge for FL to enhance the robustness of the training process and
mitigate the impact of erroneous transmission. An intuitive solution [23] is to discard the
devices’ parameter with errors, but it further reduces the number of participating devices
and exacerbates the performance loss of FL. Thus, it is essential to develop innovative

approaches for FL to address the unreliability of wireless transmissions.

1.2 Outline and Contributions

This thesis aims to develop several FL solutions to address the above challenges. Table
1-A summarizes the challenges addressed by each solution. The proposed solutions are
all focused on jointly designing the learning mechanism and wireless networks to improve

the learning performance of FL. In the following, the outline of this thesis is presented,
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Table 1-A: Summary of challenges addressed by different solutions (v:
Addressed, X: Not Addressed)

Chapter| Data Scarce High Heterogeneous Heterogenous | Unreliable
Hetero- | Wireless | Commu- | Local Mod- | Devices Commu-
geneity | Resources| nication | els nication

Over-
head

3 v v X X v X

4 v v v v v X

5 v v X X v v

6 v v v v v X

in which the key contributions of each chapter are briefly summarized.

Chapter 2 presents a comprehensive review of related literature, basic assump-
tions in the FL convergence analysis, and the main optimization techniques used in
this thesis. Specifically, the review of literature on addressing the challenges in Section
1.2 is presented, including the resources optimization approaches for improving com-
munication and computation efficiency, device scheduling approaches for coping with
limited wireless resources, knowledge distillation schemes on tackling data and model
heterogeneity, robust FL design under unreliable communication conditions, and model
pruning approaches on tackling device heterogeneity. Then, the basic assumptions and
corresponding illustrations for convergence analysis are provided. Finally, mathematical

preliminaries of optimization techniques used in the proposed algorithms are presented.

Chapter 3 proposes a joint representativity and latency-aware device scheduling
approach to improve the learning performance of FL in resource-limited wireless net-
works. Firstly, we theoretically characterize the convergence behaviour of the considered
FL system, finding that the learning performance is degraded by the difference between
the aggregated gradient of scheduled devices and the full participation gradient. Inspired
by this, we propose to find a subset of representative devices and the corresponding pre-
device stepsizes to approximate the full participation aggregated gradient. Considering
the limited wireless bandwidth, we formulate a problem to capture the trade-off between

representativity and latency by optimizing device scheduling and bandwidth allocation
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policies. Then, we derive the optimal bandwidth allocation policies for devices using
the convex optimization technique. By proving the non-monotone submodularity of the
problem, we develop a double greedy algorithm to solve the device scheduling policy.
In addition, to avoid the local training of unscheduled devices, we utilize the historical
gradient information of devices to estimate the current gradient for device scheduling
design. The experimental results verified the effectiveness of the proposed approach on

accelerating convergence speed and improving learning accuracy for FL.

Chapter 4 proposes a novel knowledge-aided FL (KFL) framework and an online
device scheduling approach to address the data and model heterogeneity issues and
reduce communication costs. In KFL, the server aggregates light high-level data features
of devices, namely knowledge, in the per-round learning process. This framework allows
devices to design their machine-learning models independently and reduces the commu-
nication overhead in the training process. We then theoretically analyze the convergence
bound of the KFL, revealing that scheduling more data volume in each round helps to
improve the learning performance. In addition, large data volume should be scheduled
in early rounds if the total scheduled data volume during the entire learning course is
fixed. Inspired by this, we define a new objective function, i.e., the weighted sched-
uled data sample volume, to transform the inexplicit global loss minimization problem
into a tractable one for device scheduling, bandwidth allocation, and power control. To
deal with unknown time-varying wireless channels, we transform the considered prob-
lem into a deterministic problem for each round with the assistance of the Lyapunov
optimization framework. Then, we derive the optimal bandwidth allocation and power
control solution by convex optimization techniques. We also develop an efficient online
device scheduling algorithm to achieve an energy-learning trade-off in the learning pro-
cess. Experimental results on two typical datasets (i.e., MNIST and CIFAR-10) under
highly heterogeneous local data distributions show that the proposed KFL is capable of
reducing over 99% communication overhead while achieving better learning performance

than the conventional model aggregation-based algorithms.
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Chapter 5 proposes a novel propose a novel FL. framework, namely FL with gra-
dient recycling (FL-GR), to tackle the unreliable communications and limited wireless
resources. In FL-GR, the server recycles the historical gradients of unscheduled and
transmission-failure devices to improve the learning performance of FL. In addition, to
reduce the hardware requirements for implementing FL-GR in the practical network, we
develop a memory-friendly FL-GR that is equivalent to FL-GR but requires low memory
of the edge server. We then theoretically analyze how the wireless network parameters
affect the convergence bound of FL-GR, revealing that minimizing the average square
of local gradients’ staleness (AS-GS) helps improve the learning performance. Based
on this, we formulate a joint device scheduling, resource allocation and power control
optimization problem to minimize the AS-GS for global loss minimization. To solve
the problem, we first derive the optimal power control policy for devices and transform
the AS-GS minimization problem into a bipartite graph matching problem. Through
detailed analysis, we further transform the bipartite matching problem into an equiva-
lent linear program which is convenient to solve. Extensive simulation results verified

the efficacy of the proposed methods.

Chapter 6 develops an adaptive model pruning-based FL. (AMP-FL) framework
to tackle the device heterogeneity. In AMP-FL, the edge server dynamically gener-
ates sub-models by pruning the global model for devices’ local training to adapt their
heterogeneous computation capabilities and time-varying channel conditions. Since the
involvement of diverse structures of devices’ sub-models in the global model updating
may negatively affect the training convergence, we propose compensating for the gradi-
ents of pruned model regions by devices’ historical gradients. We then introduce an age
of information (Aol) metric to characterize the staleness of local gradients and theoret-
ically analyze the convergence behaviour of AMP-FL. The convergence bound suggests
scheduling devices with large Aol of gradients and pruning the model regions with small
Aol for devices to improve the learning performance. Inspired by this, we develop a joint

device scheduling, model pruning, and resource block allocation approach to enhance the
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learning performance of FL in wireless networks. Experimental results demonstrate the

effectiveness and superiority of the proposed approaches.

Chapter 7 concludes this thesis and provide some thoughts for future work.
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Chapter 2

Literature Review and

Mathematical Preliminaries

2.1 Review of Related Works

In this section, the existing works in different aspects of FL that are related to this thesis
are presented, including device scheduling approaches, resource optimization methods,
aggregation mechanisms, transmission faults addressing schemes, and model pruning

techniques.

2.1.1 Device Scheduling and Resource Allocaton

In wireless FL, the main challenge is that the limited communication resource and strin-
gent training latency only allow a small proportion of devices to upload their local models
in each round for aggregation. Due to the few participant devices, the learning perfor-
mance of wireless FL. may be drastically degraded [12]. Thus, it is crucial to judiciously
design the device scheduling and wireless resource management policies that maximize

the learning performance of FL.

12
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Existing device scheduling works in FL mainly focused on channel-condition-aware

scheduling [24, 25], parameter-importance-aware scheduling [26—-30], as well as their joint
scheduling [31, 32]. Specifically, the joint device scheduling and bandwidth allocation
scheme in [21] that maximizes the scheduled data samples is efficient in improving learn-
ing performance. A probabilistic device scheduling policy has been developed in [25] to

minimize communication time. Although channel-condition-aware scheduling algorithms
increase the number of participating devices in the learning process, they may degrade
the learning performance due to the significant variance introduced in the device selec-
tion procedure. In the parameter-importance-aware scheduling schemes, the selected

probability of each device is determined proportionally to its importance measured by

the norm of gradients [26, 27], loss function values [28], test accuracy [29], or data
diversity [30]. By measuring the significance of devices with their gradient norm, a
parameter importance-aware user selection scheme has been developed in [27] to min-

imize the convergence time of FL. Allocating larger scheduling probabilities to devices
with higher gradient norms has been proposed in [20], which is capable of accelerating
the convergence for FL. It has been revealed in [28] that scheduling the devices with
higher local loss achieves faster convergence. Maximizing the scheduling probability of
clients with higher test accuracy in [29] has proven effective in stateful FL. However,
it is ineffective in stateless FL and requires pre-known testing accuracies of devices.
Although the above parameter-importance-aware scheduling schemes improve the learn-
ing performance, they need all devices to perform local training in each round. In [30],
prioritizing devices with rich and diverse datasets in the device scheduling policy has
achieved higher accuracy and lower learning costs than random device scheduling. To
accelerate the learning convergence of FL in practical wireless networks, several device
scheduling works considered both channel conditions and parameter importance. The
scheduling policy based on both devices’ channel conditions and gradient norms in [31]
provides a better learning performance than scheduling policies based on a single metric,
in which the norm of model update measures the model significance. By measuring the

clients’ potential contributions with the information entropy of their gradients, the joint
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channel and contribution-aware scheduling algorithm in [32] significantly improve the

model accuracy and convergence speed of FL.

In addition to the above device scheduling policies, the joint optimization of device
scheduling and wireless resource allocation [27, 33-38] helps further improve the learning
performance of FL. Specifically, the joint time allocation, power control, and computa-
tion frequency scaling approach in [33] can substantially reduce the energy consump-
tion of FL while satisfying latency requirements. In [34], a multi-dimensional control
policy, including bandwidth allocation and workload partitioning, has been studied to
improve the energy efficiency of FL. The joint device scheduling and resource manage-
ment approaches in [33] and [27] effectively reduced the energy consumption and con-
vergence time of wireless FL, respectively. In [35], the co-design of device selection and
wireless networks significantly improved the learning accuracy of wireless FL. A joint
communication and computation resource allocation scheme has been proposed in [30)]
to capture the trade-offs among convergence, wallclock time, and energy consumption.
In [37], a time-sharing communication scheme was proposed to maximize the scheduled

device number for improving the learning convergence of FL.

2.1.2 FL Framework to Address Model Heterogeneity

To allow devices equipped with heterogeneous models in FL, knowledge distillation (KD)-
based FL approaches were developed and attracted much attention. In practical wireless
networks, devices usually possess different computation capabilities and communica-
tion resources. Thus, requiring all the local models to be of the same architecture in
many application scenarios may be ineffective. KD is a teacher-student paradigm which
transfers the knowledge distilled from the teacher model to the student model [39, 10].
Integrating KD into FL allows devices to independently design their models according
to channel conditions and computation capabilities [11—13]. Specifically, the federated
KD approach in [11] effectively enabled federated training between heterogeneous models

by aggregating local models’ logits on a public dataset. In [15], an auxiliary distillation
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dataset generated by mixing local training data was adopted to empower the FL process,
effectively reducing convergence time. In [10], a lightweight generator was deployed at
the server to ensemble user information and broadcast to devices to regulate their local
training process. By deploying an unlabelled dataset on both the server and devices, a
global model was trained using the averaged outputs of local models on this dataset as
the supervision label [17, 18]. The adaptive mutual KD and dynamic gradient compres-
sion approach in [19] significantly reduced communication costs and achieved competitive
results with centralized model learning. The federated distillation method [50] regular-
ized local models to mitigate overfitting during training by treating the global model
as the teacher and the local models as the students. Besides enabling devices to design
their machine learning models independently, the KD-based FL substantially reduces
the transmitted data volume in the wireless channels because output logits are required
to upload in the learning process instead of heavy model/gradient parameters. However,
these KD-based FL approaches require an extra public dataset to align the student and
teacher models’ outputs, increasing the computation costs. Moreover, their performance
may significantly degrade with the increase in the distribution divergence between the

public and on-device datasets that are usually non-IID.

2.1.3 FL Algorithms for Tackling Unreliable Communication

To cope with unreliable communications between devices and the edge server, exist-

ing works focused on improving the successful transmission probabilities of devices by

resource management [35, 51-53] and retransmission mechanism design [51-50], as well as
compensate for the unsuccessful received devices’ models by the past models [57, 58]. The
device scheduling and resource allocation algorithm in [35] can maximize the expected

number of devices with successful transmissions. A joint wireless resources and quan-
tization bits allocation scheme has been developed in [51] to alleviate the effects of
quantization errors and transmission outages on FL convergence performance. The joint

device selection and resource allocation approach in [52] can effectively increase the suc-
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cessful information exchange probabilities over wireless networks and thus improve the
learning performance of FL. The power allocation and gradient quantization scheme in
[53] can improve the convergence speed of FL over a noisy wireless network. However, it
only schedules a single device per iteration based on the channel condition. The retrans-
mission protocol in [54] significantly increases the success probability of devices’ model
uploading, in which devices transmit their local model parameters multiple times, and
the edge server uses the received signal with the highest signal-to-interference-plus-noise
ratio (SINR) to recover the local models. Different from [54], the retransmission mech-
anism in [55] utilized the arithmetic mean of the received multiple-times signals from
devices to update the global model, effectively reducing global model aggregation errors
induced by channel fading in over-the-air FL.. While demonstrably effective, the above
approaches that maximize devices’ successful transmission probabilities only aggregate
the successfully uploaded devices’ models and thus reduce the number of participants.
In addition, the retransmission approaches may cause additional latency and energy
consumption for FL. In the presence of decentralized FL systems, by reusing past local
models, the robust decentralized SGD approach proposed in [57] under transmission error
situations can achieve the same asymptotic convergence rate as the vanilla decentralized
SGD with perfect communications. It has been proved in [58] that the FedAvg algo-
rithm replacing error models with past local models in case of devices’ model uploading
error converges to the same global model parameters as the perfect FedAvg (without
communication errors). However, the approaches in [57, 58] assumed that all devices
participate in the per-round learning process and did not consider the design of wireless

networks.

2.1.4 Model Pruning-Based FL Algorithms

To learn a generalized shared global model while allowing devices to train heteroge-
neous local models that adapted their communication and computation capabilities,

model pruning-based FL approaches were developed to reduce the resource demands
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for devices and achieve an approximate performance of the original models. Existing
model pruning works can be categorised into unstructured weight pruning [59-62] and
structured model pruning [63-68]. Specifically, the weight pruning approach prunes the
weight parameters in the fully connected (FC) layer of the deep neural network (NN) to
achieve both parameters and computation load reduction. The weight importance-aware
pruning method in [59] removed the unimportant weights in deep NN, which effectively
reduced the model size incurring only a small performance loss. The random pruning
mechanism in [60] significantly reduced device communication and computation over-
head and avoided model overfitting. In [(1], the pruning ratio and bandwidth allocation
scheme improved the convergence speed of FL. However, these unstructured weight prun-
ing approaches may be ineffective in reducing the computation load of the convolution
NN since the pruned weight connections are from the FC layers. In contrast, the compu-
tation overhead is mainly concentrated in convolution layers. For instance, in VGG-16,
the FC layers account for 90% of the total parameters but only occupy less than 1% of
the overall floating point operations [(9]. Moreover, the unstructured pruning approach
usually results in irregular weight matrixes in the pruned models that are difficult to
compress. Thus, unstructured pruning-based FL requires specialized hardware and soft-
ware libraries to accelerate the training speed, which may slow its implementation in

practical scenarios [70].

To effectively decrease computation and communication overhead, the structured
model pruning approach [63-05, 71, 72] was developed to prune both filters in con-
volution layers and neurons in FC layers to generate sub-models for devices to train.
Note that in centralized learning, pruning filters in convolution layers have been demon-
strated can effectively accelerate the learning speed without sacrificing too much accu-
racy [70, 73]. The random sub-model generation scheme in [63] effectively decreased
the server-to-client communication and device-side computation costs. The static model
pruning approach in [64, 71] or local model composition approach in [74] distributed

heterogeneous sub-models to devices for training and then aggregated them into a global
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inference model, which effectively reduced resource consumption for FL. The model
shrinking and gradient compression approach in [72] enabled the local model training
with elastic computation and communication overheads. The model pruning method in
[65] that dynamically adjusted the model size for resource-limited devices significantly
improved the cost-efficiency of FL and obtained an approximate accuracy as the orig-
inal model. Although these structured model pruning approaches effectively reduced
the communication and computation overhead for wireless FL, the different parts in the
global model may not be trained evenly across devices. This may induce the differ-
ent parts in the global model to drift toward different devices and degrade the learning

performance of FL.

2.2 Mathematical Preliminaries

For the sake of facilitating convergence analysis throughout this thesis, we introduce two
widely used assumptions, i.e., smooth and convexity, in the following. We also intro-
duce some commonly used equivalent conditions of these two assumptions and provide
their proof. In addition, some widely used inequalities in FL. convergence analysis are

presented.

2.2.1 Smooth Functions

Definition 1. (L-smooth [75]): A function F(-) is L-smooth function if it is continuously
differentiable and its gradient VF(-) is Lipschitz continuous with Lipschitz constant L,
1.e.,

IVf(w) = Vf()] < L|w -, (2.1)

holds for any w,v € R”.

For the L-smooth functions, we identify five conditions that can be implied by the

L-smooth in the following lemma. These conditions are usually used in the convergence
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analysis of FL.
Lemma 1. (Implication conditions of smooth): For a L-smooth function F(-) : R" — R,

the following conditions are all implied by the smooth with parameter L:
Condition (1): H(w) = L||w|>~F(w) is conver, Yw € R™.
Condition (2): F(w) < F(v) + (VF(v),w —v) + &||w — v||?, Yw,v € R"
Condition (3): F(u) > F(w) + (VF(w),u — w) + 5| VF(u) — VF(w)]?.

Condition (4): For all F that are L-smooth with domain R", if infy,ecrn F(w) 1=

F(w*), we have 5= |VF(w)|| < F(w) — F(w*).

Condition (5): (VF(w) — VF(v),w —v) < L||w — v||?, Vw,v € R™.

Proof. In the following, we prove the five conditions one by one from the definition of
L-smooth. Firstly, for Condition (1), the second-order partial derivative of H(w) =
§lw|*—F(w) is

02 H (w)
Ow?

828[15;”) > 0. Thus, H(w) = éH’sz—F(’w) is a convex

=L~ V?F(w). (2.2)

Based on the L-smooth of F(w),

function with respect to w. Thus, Condition (1) is proved.
Secondly, we prove Condition (2) as follows: From the first-order condition of convex
function H(w) = %HwHQ—F(w), we have
H(w)> H(v)+ (VH(v),w — v). (2.3)
Substituting H (w) = %||w||2—F('w) into the (2.3), we obtain the following inequality:
L
F(w) < F(v) + (VF(v),w - v) + Zlw - v|[* (2.4)
Thus, Condition (2) is proved.
Thirdly, we prove Condition (3) as follows: For the sake of proof, we define an

auxiliary function L., (v) = F(v) — (VF(w),v), which has a minimizer v* = w. In

addition, let E(v) = %H’UHQ — Ly(v) = %H’UHQ — F(v) + (VF(w),v). According to
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Condition (1), £ |v||* = F(v) is a convex function with respect to v. Thus, Z(v) is
a convex function with respect to v due to the convexity of (VF(w),v). Utilizing the

first-order condition of convex function, i.e., E(v) > Z(u) + (VE(u), v — u), we have
L
Luy(v) < Lup(w) + (VL (), v — ) + S l|v — ul” (2.5)
Taking minimization with v on the both sides of the above inequation,

i%fLw(v) = Ly(w) < iréf {Lw(u) + (VLy(u),v —u) + gHv — UHQ}

. . L

= jonL it {L“’(“) +y (Vi(w),2) + 2y2}

R (RN T\ o o] &

N Hz||£1 {Lw( ) 2L }

2
— Lo (u) — ”VL;"L(“)”. (2.6)
Substituting L., (w) and L, (w) into (2.6), we have

F(u) > F(w) + (VF(w),u —w) + %HVF(u) — VF(w)]. (2.7)

Thus, Condition (3) is proved.
Fourthly, we prove Condition (4) as follows: Let F(w*) denote the optimal value,
ie, F(w*) < F(w),Vw € R™. Based on the L-smooth of F(w), we have
1
F(w*) < F<w — LVF('w)>
1 1 )
< F(w) = ( VF(w), 7VF(w) ) + ——[|[VF(w)]|
L 2L
1 2
= F(w) = 57 [IVE(w)|". (2.8)
By rearranging the above inequality, F'(w) with L-smooth satisfies
IVE(w)|* < 2L (F(w) — F(w")). (2.9)
Thus, Condition (4) is proved.

Lastly, we prove Condition (5) as follows: According to the monotone gradient

condition for convexity of H(w) = L|w|>*~F(w), i.e., (VH(w) — VH(v),w —v) > 0,
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we have
(Lw — VF(w) — Lv + VF(v))! (w — v) > 0. (2.10)
By rearranging the above inequality, we have
L|jw — v||*> (VF(w) — VF(v),w — v). (2.11)

Thus, Condition (5) is proved. O

2.2.2 Strongly Convex Functions

Definition 2. (u-strongly convex [70]): A continuously differentiable function F : R™ —

R is called strongly convex if there is p > 0 such that
1
F(w) > F(v) + (VF(v),w - v) + Sp w — |3 (2.12)

holds for any w,v € R".

In the following lemma, we identify four conditions that can be implied by the u-
strongly convex condition. These conditions are commonly used in the convergence
analysis of FL.

Lemma 2. (Implication conditions of strongly convexity): For a strongly convex function
F:R™ — R, the following conditions are all implied by strongly convexity with parameter

I
Condition (1): H(w) = F(w) — 4||wl|]? is convez, Vw € R".
Condition (2): Flaw + (1 — a)v) < aF(w) + (1 — @) F(v) — 2150 |4y — y]|2,
Condition (3): (VF(w) — VF(v),w —v) > pu|w — v|3.

Condition (4): |VF(w)||*> 2u[F (w) — F*].

Proof. In the following, we prove the implication conditions of strongly convexity one by
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one. Firstly, to prove Condition (1), let w,v € R™, we have

H(w) = H(v) = F(w) - F(v) - g(IIwHZ—HvHQ)

—

a

1 p
> (VE(v),w —v) + Sllw - v||2—§(|!w\l2—||v\l2)

~

— (VF(v),w — ) — 1w, 0) + ulo]

= (VF(v) — pv,w — v)

= (VH(v),w —v), (2.13)
where (a) is due to the p-strongly convexity of F(-). Based on the first-order condition

of convex function, H(w) = F(w) — 4||wl||?* is convex. Thus, Condition (1) is proved.

Secondly, we prove Condition (2) as follows: According to the convexity of H(w) =
F(w) — &]jwl||?, we have H(aw + (1 — a)v) < aH(w) + (1 — o) H(v). Thus
H(ow+ (1 — a)v) = Flaw + (1 — a)v) — g law + (1 — a)v|?
<aH(w)+ (1 —-a)H(v)
= aF(w) — ag|lw|’+(1 —a)Fv) — (1 - a)Flol’. (214)
By rearranging the above inequality, we have
Flow+ (1 — a)v)
< aF(w) + (1= a)F(v) = o Jw|’~(1 = ) T [lo]*+ [low + (1~ a)o]
,u

= aF(w) + (1 - a)F (v) - Sa(l - a)l|w - v]® (2.15)

Thus, Condition (2) is proved.

Thirdly, we prove Condition (3) as follows: By using the monotone gradient condi-
tion for convexity of H(w) = F(w) — &|lw||?, we have (VH(w) — VH(v),w — v) > 0.
Thus,

(VH(w) — VH(v),w —v)
= (VF(w) — pw — VF(v) + pv,w — v)

= (VF(w) — VF(v) + pu(v —w),w — v)
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= (VF(w) - VF(v),w — v) — p|w — ||
> 0. (2.16)
By rearranging the above inequality, we have
(VF(w) — VF(v),w — v) > pl|lw — vl (2.17)
Thus, Condition (3) is proved.
Finally, we prove Condition (4) as follows: Taking minimization respect to w on

both sides of (2.12), Condition (4) can be proved. Specifically, for the left-hand-side of

(2.12), we have

min F(w) = F(v"). (2.18)

w

For the right-hand-side of (2.12), we have

0 (F(v) + (VF(),w —v) + bujw — v]2)

Ow?

=VF(v)+ p(w —v) =0. (2.19)

Thus, .
w="v-— ;VF(U). (2.20)

Substituting (2.18) and (2.20) into (2.12), the proof of Condition (4) is completed. [

2.2.3 Important Inequalities

In this subsection, some widely used inequalities in the FL convergence analysis are
presented.

Inequality 1. (Arithmetic mean-Geometric mean inequality: AM-GM inequality): For
positive real numbers x1,xo,- -+, Xy, the following inequality holds:

n

with equality if and only if xt1 = x9 = -+ = zy,.

There are many existing methods that can be used to prove the AM-GM inequality,
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e.g., forwardbackward induction method [77] and Lagrangian multipliers method [7].
Inequality 2. (Jensen’s inequality): If f is a convex function in [a,b], the following
inequality is true for all x; € [a,b] (i=1,2,---,n):

f<$1+$2+"‘+$n) Sf(w1)+f($2)+"'+f(wn)'

n n

(2.22)

Similarly, if f is concave in [a,b], the sign of the above inequality turns over. The proof

of Jensen’s inequality can be found in [79].

Note that, one special case of Jensen’s inequality that is widely used in the FL
convergence analysis is ||2 S0 | a;|[2< 2570 a2
Inequality 3. (Cauchy-Schwarz inequality): For any real numbers x;,y; (i = 1,2,---,n),

the following inequality holds:

n

> ai- Zn:yf > (zn: zii)?, (2.23)
=1 =1 =1

1 _— Z2

with equality if the sequences are proportional, i.e., = Ln

= =" For the proof
of Cauchy-Schwarz inequality, please refer to [S0)].

Inequality 4. (Young’s inequality for products): For any x > 0 and y > 0 are nonnega-
tive real numbers, if p > 1 and q > 1 are real numbers such that % —|—% =1, the following

inequality holds:
Ty < — + =, (2.24)
p

with equality if and only if P = y?. It can be found the proof of Young’s inequality for
products from [51].
Inequality 5. (Triangle inequality): Let @,y € R™ are two real vectors, then the triangle

inequality states that:
2+ yl|< [le]+[yl- (2.25)

The triangle inequality gets its name from a more geometric interpretation. Two addi-

tional widely used formats of triangle inequalities are given as follows:
o |y —z||*>> 3|ly — 2|*—||z — 2||*, where z,y, z € R"™ are n-dimensional vectors.

o ||z +yl|?< (14 1)||z|>+(1 + v)||y|]?, where z,y € R™ are n-dimensional vectors
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and v > 0 is a real number.

Inequality 6. For any real number x > —1 and x # 0, the following inequality holds:

In(1 . 2.2
(1 +2) > (2.26)
Proof. For the sake of proof, let f(z) = {7 — In(1 + z) as an auxiliary function. The
first-order derivative of f(x) is given by
d
fla) @ . (2.27)
dz (1+2x)

Thus, when x > 0, we have % < 0. That is, f(z) is a decreasing function for all > 0.

Hence, f(x) < f(0) = 0,Vz > 0. In addition, when —1 < x < 0, we have % > 0, i.e.,
f(z) is a increasing function for all —1 < 2 < 0. Hence, f(z) < f(0) =0,V —-1< 2z <0.

Based on the above analysis, we have:

f(@) =1 ji — —In(1+2) < f(0) =0,z >0. (2.28)

By rearranging the above inequality, we prove that inequality 6 holds when z > 0. [
Inequality 7. For any real number x > 0, the following inequality holds:

(1+2)7 <e, (2.29)
where e s Buler’s number.
Proof. For the sake of proof, we introduce f(x) = (1 + :E)% and g(z) = In f(z) =

%ln(l + ) as the auxiliary functions. We have f(z) = e9(*). The first-order derivative

of g(x) is given by

dg(x) 1 1 1 1 1
2 — " n(1 — -2 —-ZIn(1 . 2.30
dx x? n( +aj)+x(1+x) :r< xn( +gj)+1+x> (2:30)
According to inequality 6, we have d%—(;) < 0. Thus,
df (@) _ 4@dg(@)
=eI\® 0. 2.31
dx c dx < ( )

That is, f(x) is a decreasing function with respect to z when z > 0. Hence,

1

(14+2)r < lim(1 +x)
z—0

8=

—e. (2.32)

O]



Chapter 3

Exploring Representativity in

Device Scheduling

3.1 Introduction

In wireless FL, the main challenge is that the limited communication resource and strin-
gent training latency only allow a small proportion of devices to upload their local
models in each round for aggregation. Thus, it is essential to carefully design the device
scheduling policy for improving the learning performance of FL. However, traditional
device scheduling methods do not utilize computing resources efficiently. Although the
approaches in [27, 30, 31, 36] consider both device importance and communication condi-
tions for device scheduling policy design, they require all devices to perform local training
in each round and upload corresponding indicators, e.g., the gradient norm. This may
produce extra training costs. In addition, the existing scheduling policies that measure
device importance based on gradient norm [31, 30], inner product [27], or the diversity
of local dataset [30] trend to schedule devices with similar gradient information in each
round. This may exacerbate the global model bias toward the scheduled devices and

further degrade the learning performance in heterogeneous data distribution scenarios.

26
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To tackle the above issues, this chapter theoretically analyzes the convergence bound
of FL with partial device participation, revealing that device scheduling policy affects
the convergence through the difference between the aggregated gradient of scheduled
devices and the full participation gradient. Based on this, we attempts to select a
subset of devices to approximate the full devices’ aggregated gradient for accelerating
the FL. Considering the limited bandwidth resources in wireless networks, we propose a
novel latency- and representativity-aware device scheduling algorithm to accelerate the
learning process of FL, in which the heterogeneous communication, computation, and
representativity among devices are all taken into account. The main contributions of

this chapter are summarized as follows:

e To enable effective FL in bandwidth-limited wireless networks, this chapter theo-
retically characterize the convergence bound of the considered FL system under the
general non-convex loss function setting, finding a new metric, i.e., the difference
between the aggregated gradient of scheduled devices and the full participation
gradient, which negatively affect the convergence. By minimizing this metric, the

convergence speed of FL can be improved.

e To minimize the difference between the scheduled devices’ gradient and the full
participation gradient, this chapter aim to find a subset of devices and the cor-
responding pre-device step sizes to approximate the full participation aggregated
gradient. To this end, this chapter characterize the representativity of a device
set as the approximation error of its aggregated gradient for the full participation
gradient. The small approximation error contributes to strong representative. In
addition, this chapter utilize the past gradient information of devices to determine
the scheduling policy in each round, avoiding the unscheduled devices to perform

local training.

e To balance the representativity and latency for the device scheduling policy, this
chapter formulate a problem to minimize the weighted sum of gradient approx-

imation error and latency through jointly optimizing the device scheduling and
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bandwidth allocation policy, which is intractable to solve. The analysis reveals
that the optimal bandwidth allocation policy is optimal when all scheduled devices
have the same latency. Furthermore, by proving the submodularity of the problem,
a double-greedy algorithm is developed to obtain a sub-optimal device scheduling

policy.

e Experiments show that the proposed scheduling algorithm achieves faster con-
vergence speed and higher model accuracy than the benchmarks. Specifically,
compared to other benchmark algorithms, the proposed device representativity-
aware schedule algorithm is able to boost 6.7% and 4.02% accuracies on MNIST
and CIFAR-10 datasets, respectively. The proposed latency- and representativity-
aware scheduling algorithm saves over 16% and 12% training time for MNIST and
CIFAR-10 datasets than the scheduling algorithms based on either latency and

representativity individually.

The remainder of this chapter is organized as follows: Section 3.2 introduces the
FL system and the training latency model. The convergence analysis of the considered
FL algorithm and the problem formulation are illustrated In Section 3.2. Section 3.4
develops three device scheduling algorithms for FL. Section 3.5 verifies the effectiveness
of the proposed device scheduling algorithms by simulation. The summary is drawn in

Section 3.6.

3.2 System Model

We consider a typical wireless FL system, in which one edge server undertakes the role of
the parameter server to coordinate K devices for training a machine learning model. The
server and all devices communicate via bandwidth-limited wireless channels, as shown in
Fig. 3.1. In each global round, the selected devices first perform local training and then
upload their training model parameters to the edge server through the allocated wireless

channels for global model updating. The devices are indexed by K = {1,2,---, K}. Each
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Figure 3.1: An implementation of FL via FDMA, where the scheduled devices
perform 7 local iterations and upload gradients to the edge server.

device k (k € K) has a local dataset Dy, with Dy, = |Dy| data samples. Without loss of
generality, it is assumed that there is no overlapping for datasets from different devices,
i.e., D N Dy = 0, (Vk,h € K). Thus, the entire dataset is denoted by D = U{Dy}1_,

with the total number of samples D = Z,i(:l Dy,.

Let ( = (x,y) denote a data sample in D, where x € R? is the d-dimensional input
feature vector of the sample, and y € R is the corresponding ground-truth label. For a
machine learning model w, let f(w; () denote its sample-wise loss function on the data
sample ¢, which quantifies the error between the ground-truth label y and its predicted
output of . Thus, the local loss function of device k that measures the model error on
its local dataset Dy, can be defined as

Fiw) 2 5 3 f (wi). (3.1)

(€D

Accordingly, the global loss function associated with all distributed local datasets is given
by K
A
F(w) £ ppFi(w), (3.2)
k=1

where py is the weight of device k such that Zle pr = 1. Similar to many existing

works, e.g., [25, 34, 82], this chapter considers a balance device datasets scenario and

sets pr = %
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3.2.1 Federated Learning Algorithm

The goal of FL is to train a model w by leveraging the devices’ local datasets. To
preserve the data privacy of devices, the devices collaboratively learn w by only uploading
local gradients to the edge server for periodical aggregation, instead of transmitting the
raw training data. The edge server orchestrates the training process, by repeating the

following steps until the model converge:

1) The edge server selects a subset of devices from K to participate the training in
the current communication round, denoted by S;. Let oy € {0,1} denote the schedule
indicator of device k in round ¢, where aj; = 1 represents device k is scheduled, and

ait = 0 otherwise. Thus, Sy = {k: oy = 1,Vk € K}.

2) The edge server broadcasts the latest global model to the scheduled devices for local
training. It is worth mentioning that only the scheduled devices perform local training
and upload their local gradients to the edge server for the global model update. Thus,
in the FL process, the edge server only broadcasts the latest global model to scheduled
devices instead of all devices. After the FL process, the edge server broadcasts the

trained global model to all devices for serving them.

3) After receiving the global model, each selected device computes the local gradient

gk by running 7 steps SGD on its local dataset, according to

T—1
Grt =D VE(Wri; By, (3.3)
1=0
where
1
V (W1 Be,tg) = I > Vi (w; Q) (3.4)

CEBg 1.1

is the gradient in iteration I (0 <1 < 7 —1), By, is a local mini-batch data uniformly

sampled from Dy, with L, = |Bj ;| data samples.

4) After all selected devices accomplish local gradients computing, they upload their
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gradients to the edge server for aggregation as follows:

- 1 -
9t = a7 E Gk t- (3.5)
|54l keS,

Then, the edge server updates the global model as w1 = wy —ng:, where n denotes the
learning rate. For ease of comparison in the following discussion, let g; = % > ki kit
denote the aggregated gradient for all devices, namely the full-participation stochastic

gradient (FP-SG).

3.2.2 Latency Model

In the following, the one-round latency for the FL process is analyzed.

1) Computation latency: Denote C}, as the number of float-point operations (FLOPs)
required to process one data sample at device k. Let f; denote the central processing
unit (CPU) frequency of device k. Thus, the local gradient calculation latency of device

k can be expressed as

Try = V. (3.6)

2) Communication latency: Let @) denote the number of elements in each local gradi-
ent. Each element is quantized by ¢ bits. In this work, the frequency division multiple
access (FDMA) technique is deployed in the system with total B Hz wireless bandwidth
for devices to upload their local gradients. Note that, in practical systems using orthogo-
nal frequency-division multiple access (OFDMA), the number of sub-carriers is typically
very large (e.g., thousands in 5G systems), and the bandwidth splitting in an OFDMA-
based system can be considered continuous [33]. Thus, the bandwidth allocation solution
in this chapter based on FDMA can be directly generalised to OFDMA-based systems,
where the derived bandwidth allocation ratios by the proposed scheme can be regarded as
the ratios of sub-carrier numbers allocated to devices. Let p; denote the transmit power
of device k. We assume that the channel gain, including both small-scale fading and path

loss, between device k and the edge server, i.e., hy ¢, remains unchanged within one round
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but varies independently and identically over rounds. Let 6, € [0, 1] denote the fraction
of the overall bandwidth allocated to device k in round ¢, and 6; = (014,624, --,0K ).
The uplink rate of device k can be characterized by rj; = 0} Blog(1+ %), where o2

is the variance of Gaussian additive noise. Thus, the local gradient uploading latency of

device k is

70 _ Qq _ Qq
Tkt Oy Blog (1 + %)

(3.7)

,t

According to the above models, the completion time of each participating device
k(k € K) includes the local computation time TkLt and communication time Tk,ct, as

shown in Fig. 1. The one round latency determined by the slowest device is given by
Te(S:) = max {TF, + TS, } - (3.8)
keS: ’ ’

The above discussion ignored the global model broadcasting and updating latency,
because the broadcasting process occupies the entire bandwidth and the edge server
has large transmit power, the broadcasting latency is negligible. Moreover, the edge
server is usually computational powerful, and the global model update latency can be

ignored compared to the communication and computation latencies.

In addition, it is worth mentioning that the above-discussed latency is the training
latency for ML models instead of inference latency. In practical applications, the infer-
ence (i.e., data processing) latency requirements are usually stringent. For example, to
make the virtual reality (VR) world realistic, VR systems require a latency of less than
20 milliseconds, with an ideal target of under 7 milliseconds. Similarly, in the world of
autonomous driving, even a 100-millisecond delay can be critical, potentially being the
difference between life and death for a pedestrian or car passenger. The traditional cen-
tralized learning settings make it difficult to satisfy the low latency requirements as the
data processing of one device can affect the whole system in server-dependent systems.
To tackle this issue, FL. decouples the latency-sensitive applications from server to local
devices and is able to provide ultra-low latency for data processing. For instance, a self-

driving car (a local device) needs to act as soon as it detects a possible collision. As FL
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suggests, with a local model on a learner, the learner is decoupled from the server. Conse-
quently, the learner does not require the server’s decision, does not need to communicate,
and does not wait for a response from the server [21]. Compared to inference latency,
training latency is less critical in practical applications. However, it remains important
because lower training latency enables more frequent machine learning updates, which

improves adaptation to new environments [35].

3.3 Convergence Analysis and Problem Formulation

This section starts with the convergence analysis of the considered FL system under the
general non-convex loss function setting, finding a metric, i.e., device representativity, to
guide the device scheduling policy design. Then, we formulate an optimization problem

for device scheduling which balance the latency and representative ability in each round.

3.3.1 Convergence Analysis

To develop a concrete metric to evaluate the representativity of each local gradient, we
first analyze the convergence behavior of the FL system. To this end, we make the
following assumptions to the local loss function F(-):

Assumption 1. (Lipschitz gradient continuity): Each local loss functions Fy.(-)(k € K)

is continously differentiable, and its gradient V Fy(w) is L-Lipschitz continuous, that is
IVE(w) = VE(v)|| < Lfjw —vff. (3.9)
Assumption 2. (Unbiased stochastic gradient): For the mini-batch data samples By,

that uniformly sampled from Dy, on device k (k € KC), the resulting stochastic gradient is

unbiased and variance bounded, that is

E[VFy(wg; Brt)] = VFy (Wi ), (3.10)
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and
E ||V Fy(wg g5 Brt) — VEp(wy)|* < G2 (3.11)

Assumption 3. (Bounded stochastic gradient): The expected squared norm of stochastic

gradients is uniformly bounded, i.e., E ||V Fj(wg 4; Bk’t)HZ < x2.

Assumption 1, 2, and 3 are widely used in the convergence analysis of FL systems and
satisfied by loss functions for widely used learning models, e.g., support vector machines
(SVM), Logistic regression, and most neural networks [$6]. In particular, according to
[37], a deep neural network defined by a composition of functions is a Lipschitz neural
network if the functions in all layers are Lipschitz. It has been proved in [38] and
[29] that the convolution layer, linear layer, some nonlinear activation functions (e.g.,
Sigmoid, tanh, Leaky ReLU, and SoftPlus), and the widely used cross-entropy function
have Lipschitz smooth gradients. That is, the loss functions of most neural networks
that are consisted of Lipschitz layers and loss functions are Lipschitz continuous. Based
on this, we provide the one round convergence bound of the considered FL system in
Theorem 1, proved in Appendix A.1.

Theorem 1. Let Assumption 1, 2, and 3 hold, and the learning rate satisfy n < %, we

have
L
E [F(wit1) — F(w)] < — §U2E!\VF(wt)H2 + L (= 1)°x?

+ L2272 = 27 + 1)G? + L?||—g: + g4 (3.12)

According to Theorem 1, the expected gap of the loss function values between two
global round is bounded by four terms: 1) the squared norm of the ground-truth global
gradient ||VF(w;)||%; 2) the expected squared norm of stochastic gradients y2, 3) the
variance of stochastic gradient G2, 4) the difference between the aggregated gradient of
the scheduled devices and the FP-SG that aggregates all devices’ stochastic gradients,
ie., |—g:+g/>. The first three terms are independent with the device scheduling
decision. The last term is an explicit form related to the device scheduling policy. Thus,

the learning performance can be improved by minimizing the ||—g¢ +§tH2- Based on
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Theorem 1, we further characterize the convergence bound of the considered FL system
after T rounds training in Corollary 1, proved in Appendix A.1.1.
Corollary 1. Let Assumption 1, 2, and 3 hold, and the learning rate satisfy n < +, the
T-round convergence is upper-bounded by
E[F(wr) - F(w")] < (1 = L*p*)""E[F (wo) — F(w")]
1 L22 — (1 - L2p2)7

+ T (272 =27+ DG* + (1 — 1)*X%)
T-1

+ ) (1= L) L —gi + e *. (3.13)
t=1

Corollary 1 presents the expected gap between the global loss after T" rounds and the
optimal loss training, which is bounded by the expected gap between the initial global loss
and the optimal one, the variance of SGD, the bounded norm of stochastic gradient, and
the cumulative difference of gradient between full participation and partial participation.
By minimizing the difference in gradient between full and partial participation in each

round, the learning performance can be improved.

3.3.2 Device Representativity Measurement

The previous works, e.g., [31, 90], prone to select the devices with maximum gradient
norm to minimize ||—g¢ + g¢||>. To further minimize the ||—g; + g;||* and accelerate
the learning convergence, we aim to find a subset of devices (i.e., Sy C K) and the
corresponding pre-device stepsizes v, (Vk € S¢) in each global round ¢, such that the
aggregated gradient approximate the FP-SG (i.e., g;) that aggregated by all the K
devices. Toward this end, we define a mapping function ¢ : K — S;, which maps
each device k € K to a scheduled device ¢(k) € S; such that the gradient VFj(w)
from device k is approximated by the gradient from (k). For each device h € Sy, let
Ch = {k:keK,p(k)=h} denote the set of devices approximated by device h, and

Yn = |Ch|. Thus, we have
K

K
Z Gkt = Z (Grt — 9o(k)e T g«p(k),t)
k=1 k=1
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I
Mw

(Grt — Toeye) + > WGt (3.14)
1 keS:

i

By rearranging (3.14) and then taking the norm of both sides, the approximation

error of the gradient aggregated from S; (i.e., > ;cg, TkGkt) on the FP-SG satisfies

ngt—Z’Ykat Z Gkt — Q¢k)t)
k=1

keSt
K
Z ‘gkt
k=1

where the inequality follows from the triangle inequality. The upper-bound in (3.15)

i.t]] (3.15)

is minimized when ¢ maps each k € K to an device in S; with minimum Euclidean
distance between their gradient. That is, ¢(k) = argmingcg, ||gr: — gn,l|. Hence, the
approximation error in (3.15) satisfies

ngt — > WGk|| < Z}?égl Gkt — Gnill - (3.16)
t

keS: k=1

=

Thus, the approximation error can be minimized by minimizing the right-hand side
of (3.16). Substituting (3.16) into (3.12), the one-round convergence bound can be

expressed as:

E[Flwiin) ~ F(wy)] < —on?BIVE )| + L7 — 1%

K 2
+ Ln*(2r? = 27 + 1)G? + L | Y min |lges — Grall | - (3.17)
P heS:

The convergence bound in (3.17) shows how the device scheduling policy affects the con-
vergence bound. According to (3.17), the learning performance can be improved by min-

imizing the upper bound of the approximation error of the gradient aggregated from S,

on the FP-SG, i.e., Zle min ||gxt — gntl|. We define H(S;) = Ziil min || gkt — Gh.tl|
heS: heS:

to quantify the approximate error of a device scheduling decision S; C K.
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3.3.3 Problem Formulation

To accelerate the learning convergence, one should schedule the devices with the lowest
latency (implemented by good channel conditions and powerful computing capability) as
well as the smallest FP-SG approximation error. However, it rarely happens that a device
always has the lowest latency and smallest FP-SG approximation error simultaneously
in a practical system. Similar to many existing works, e.g., [36, 91], we aim to capture
the trade-offs between device representativity and latency for improving the learning
performance of FL. Towards this end, we define two weight factors p; > 0 and p > 0
to capture the Pareto-optimal trade-offs among the device representativity and latency,
the values of which depend on specific scenarios. A large p; and small py emphasis more
on device representativity, while a small p; and large p2 pay more attention to devices’
latency. In addition, similar to many existing works, e.g., [27, 30, 31, 30], we optimize the
FL performance in each round since the available bandwidth and devices are independent

among rounds, instead of optimizing the FL performance over all rounds under long-term

resource constraints as the existing paper [23, 24, 92]. Thus, we formulate the problem
as follows:
min  p1H(S;) + p2T (S) (3.18)
St,0¢
s.t. ogt €{0,1}, (3.18a)
> Oy <1, (3.18b)
keS,
0<0r <1. (3.18¢)

In problem (3.18), (3.18a) indicates which devices are scheduled in each round. (3.18b)
assures that the wireless bandwidth resource allocated to all devices would not exceed
the total available bandwidth resource. (3.18c) imposes restrictions on the wireless band-
width resource allocated to each device. Notably, similar to [30], we can adapt to the
problem with hard constraints on latency via setting “virtual devices”. According to
Lemma 3 in Section 3.4, the optimal bandwidth allocation policy is achieved when all

scheduled devices have the same latency. Thus, by setting a virtual device whose latency
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is the delay constraint into the scheduled device set, the latency of devices can satisfy
the delay constraint by adjusting the bandwidth allocation policy. There are two major

challenges in solving problem (3.18):

1) Unknown gradient information of devices: Problem (3.18) requires devices’
gradient information that can only be acquired after local gradient computing and
uploading. However, the device scheduling decision should be made before gradient

computation.

2) Non-deterministic polynomial-time hard (NP-Hard): Problem (3.18) involves
a combinatorial optimization over the multi-dimensional discrete and continuous space,
which is challenging to solve. In the following analysis, we show that two special cases of
problem (3.18), i.e., latency-aware device scheduling problem and representativity-aware
device scheduling problem are both submodular maximization problem, which has been

proven to be NP-Hard. Thus, Problem (3.18) is NP-Hard in fact.

3.4 Device Scheduling Policies for Federate Learning

In this section, we develop an efficient algorithm to solve the problem (3.18) within poly-
nomial time complexity. To facilitate the algorithm design, we first focus on analyzing
two special cases of problem (3.18): 1) p; = 0 and py = 1 for the latency aware device
scheduling problem, 2) p; = 1 and p2 = 0 for the device representativity aware scheduling
problem. Then, based on the obtained properties of these two special-case problems, we
prove that problem (3.18) is a non-monotone submodular minimization problem. Finally,
we develop an efficient double greedy algorithm to solve problem (3.18) and obtain the

joint latency and device representativity aware device scheduling policy.
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3.4.1 Optimal Wireless Bandwidth Allocation

In this subsection, we solve the optimal bandwidth allocation policy for any given device
scheduling policy S;. Given the scheduled device set S;, the optimal bandwidth alloca-

tion problem can be decomposed from (3.18) as follows:

i TL +T7C 3.19
n%ltn ﬁ%?t({ kit T k,t} ( )

s. t. (3.18b), (3.18c).

Problem (3.19) is a typical convex optimization problem [93], we obtain its optimal
solution by using Lemma 3, proved in Appendix A.1.2.
Lemma 3. The optimal wireless bandwidth allocation solution for problem (3.19) satis-

fies the following condition:

Qq
(7;*(575) - %) Blog (1 ¥ pkhk7t>

o2

Ort =

)

,Vk € S, (320)

where T;*(St) is the optimal latency for device scheduling decision Sy in round t, its value

1s determined by the equation Zkest O = 1.

In Lemma 3, there is still an unknown variable 7,*(S;) in the optimal expression of
bandwidth allocation policy. Since 6y +(7:(S;)) is a monotonically decreasing function
with respect to T¢(S:), the bisection method can be deployed to obtain the optimal
bandwidth allocation policy. To this end, we derive the lower bound and upper bound of
T (S;) in the following. To derive the lower bound of 7;(S;), we have the minimal fraction

of bandwidth allocated to devices in S; should less than ‘Tlt‘, i.e., mingeg, Ok +(T:(S:)) <

1

s Hence,
; Qq
e (3.21)
o g . )
max (Ty(Sy) — 2 ) 19
Thus, the lower bound of 7;(.S;) is
S LyC,
Ti1b(St) = min 15¢]Qa + min 2k (3.22)

keS: Blog <1+pk:2k,t) keS.  fr

Then, to derive the upper bound of T;(S;), we use maxges, Ox+(7:(St)) > 5. The
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Algorithm 1 Optimal Wireless Bandwidth Allocation
1: Inputs: The scheduled device set Sy, the CPU frequency, transmit power, and channel gain
of devices in S;.
2: Initialize the precision requirement £ > 0, compute the lower bound (7;1,(S:)) and upper
bound (7;,ub(S:)) of the latency based on (3.22) and (3.23), respectively.
3: repeat

4: Set T = (Te,p(St) + Te.un(St)) /2.
5: For each device k € S;, compute the required bandwidth allocation ratio 6y .(7) based on
(3.20).
6:  Compute the summation of required bandwidth allocation ratio ), g Ok¢(7T)-
7 if D cg, Oke(T) > 1 then
8: Halve the searching region by setting 7;15(S:) = T and T;ub(St) = Teub(St).
9: elseif 0< ), g Okt(T) <1—c then
10: Halve the searching region by setting 7y 1 (S:) = Tr1b(S:) and Ti,un(S:) = T.
11: else
12: Break the circulation.
13: end if

14: until |7§7ub(St) — ﬁylb(St)|< 15
15: return The optimal latency 7,*(S:) = T and the optimal bandwith allocation policy 6;

derivation of the upper bound is similar to that of lower bound, and thus omitted for

brevity. The upper bound of T;(.S;) is

ﬁ,ub(st) = max 15 Qq + max TLoC

—_— 3.23
keS; BlOg (1 + pkUth,t> keS: fk ( )

According to the lower and upper bounds above, the bisection method is deployed
to solve the optimal 7;*(S;). For clarity, we summarize the detailed steps for solving
the optimal bandwidth allocation policy in Algorithm 1. The bisection process will
halve the searching region in every iteration and terminate when the given precision

requirement (i.e., €) is satisfied. Thus, the time complexity of this bisection method is
O <log2 Tt,ub(Se)—T¢,1(St)

£

). Based on above analysis, we have the following remark.

Remark 1. From (3.20), the proportion of the wireless bandwidth allocated to device
k (k € K), ie., Oy, is monotonically decreasing with its CPU frequency fi, and its
channel gain hy . That is, more bandwidth should be allocated to the devices with low

computation capability and weak channel conditions.
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3.4.2 Latency-aware Device Scheduling Policy

In this subsection, we investigate a special case of problem (3.18), i.e., the latency-aware
device scheduling problem. By setting p; = 0 and p2 = 1 in problem (3.18), we formulate

the latency-aware device scheduling problem as follows:

min T(Se) (3.24)
s.t. |Si =N, (3.24a)

(3.18a), (3.18b), (3.18¢).

Note that, we add a constraint (3.24a) into problem (3.24) since the objective function is
monotone with respect to device set size (as shown in the following Lemma 4). Without
constraint (3.24a), the solution of problem (3.24) is trivial simply taking the empty device
scheduling set (i.e., Sy = ) as the solution. However, by adding constraint (3.24a), the

device scheduling problem (3.24) is non-trivial.

Problem (3.24) involving wireless bandwidth allocation and device scheduling is a
typical mixed-integer non-linear programming that is generally difficult to solve in poly-
nomial time. Based on the above analysis, the optimal bandwidth allocation policy for
any device scheduling set S; can be obtained by using Algorithm 1, the correspond-
ing optimal latency is denoted as 7,*(S;). Substituting 7,*(S¢) into problem (3.24), we

transform problem (3.24) into the following equivalent problem:
min 7, (St) (3.25)
t

s. t. (3.18c¢), (3.24a).

For problem (3.25), an intuitive method to obtain the optimal device scheduling
policy is to compute the optimal latency for all the possible device scheduling policies
and then select the one with minimal latency. However, there are total C’ﬁ possible device
scheduling policies. In the practical systems, the overall number of devices (i.e., K) is
large while the participating device number (i.e., N) in each round is small, inducing

a large number of possible scheduling device set. Thus, computing the latency for all
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possible device scheduling policies is impractical due to the high time complexity. In the
following, we prove that problem (3.25) is a submodular set cover problem. Based on
this, we find a near-optimal solution for problem (3.25) by using greedy algorithm with
polynomial time complexity. To this end, we first introduce the definition of submodular
function as follows:

Definition 3. (Submodular function)[9/]: A function ¢ : 2% — R is submodular if for
every S1 € Sy C K and h € K\Ss, it holds A(h|S1) > A(h|S2), where A(h|S1) =
d(S1U{h}) — ¢(S1) is the discrete derivative of ¢ at Sy with respect to h, also named

as marginal gain.

According to Definition 3, we have the following lemma for the optimal latency func-
tion 7;*(S:), proved in Appendix A.1.3.
Lemma 4. The optimal latency function T,*(S;) is monotonically increasing with respect
to the device set Sy, i.e., for device set S1 C Sz, we have T;*(S1) < T,;*(S2). Moreover,
the negative of T,*(St), i.e., =T (St), is a monotonically decreasing submodular function
with respect to the device set Sy. That is, for device set S1 C Sy C K and h € K\S2, we

have

T ({hy U S1) = T7(S1) < T ({h} U S2) — T, (S2). (3.26)

According to Lemma 4, problem (3.25) is a cardinality constraint submodular max-
imization problem, which is general NP-Hard. Below we find a near-optimal solu-
tion of problem (3.25) by using greedy algorithm [95], which starts from Sy = ), and
adds one client k£ € K\S; with the greatest marginal gain to S; in every step, i.e.
k = argmingci g, (77 (St U {k}) — T"(St)). For clarity, we summarize the detail steps
for latency-aware device scheduling algorithm in Algorithm 2. Note that Algorithm 2

performs optimal bandwidth allocation (i.e., Algorithm 1) at most KN times for select
Sz)*ﬁ,lb(st)).

)

N devices. Thus, the time complexity of Algorithm 2 is O(K N log, Te,ub

Based on the performance analysis in [95], the greedy device scheduling algorithm is able
to achieve a worst-case approximation factor of 1 — é for the optimal solution, where e

is the Euler’s number.
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Algorithm 2 Greedy Algorithm for Latency-aware Device Scheduling
1: Initialize S; + 0 and T;*(S;) = 0, the number of selected devices N.
2: while |S;|< N do
3:  for ke K\S; do
4: Compute the optimal latency for device set S;U{k} as T,*(S:U{k}) by using Algorithm
1.
end for
k* = argming o\ s, (77" (St U{k}) — T, (Sh))-
Sy + Sy U {k*}.
end while
return The device scheduling set S;.

3.4.3 Device Representativity-aware Scheduling Policy

In this subsection, we investigate another special case of problem (3.18), i.e., the device
representativity-aware scheduling problem which aims to find a subset of devices and the
corresponding pre-device stepsizes to approximate the FP-SG. By setting p; = 1 and
p2 = 0 in problem (3.18), the device representativity aware scheduling problem can be

formulated as follows:
min  H(S;) (3.27)
St

s.t. |S¢i =N. (3.27a)

Similar to the formulation of problem (3.24), we also add a scheduled device num-
ber constraint in problem (3.27) since its objective function is monotone with respect
to device set size. Without constraint (3.27a), problem (3.27) is trivial simply taking
all devices (i.e., S; = K) to the solution. However, problem (3.27) is still difficult to
solve since the edge server requires the gradient information of all devices. The gra-
dient information can only be obtained after local gradient computing and uploading
by devices. If the edge server collected all the gradient information for devices, it can
directly aggregate all local gradients to minimize the convergence bound in (3.12), and
the device scheduling is meaningless. To tackle this challenge, there are two heuristics

in the following to estimate the gradient information at the start of each global round.

1) Estimating by mini-batch gradient (E-MBG): Compute the gradient of devices with
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a smaller mini-batch data (the batch size is less than L;), and upload all local gradients
to the edge server. This method can only reduce part of the computation cost compared
to the method of uploading complete gradient information computed by L; data samples

at each device.

2) Estimate by past gradient information (E-PG): The edge server straightforwardly
uses the most recently received gradients from devices to approximate their current

gradients for solving the problem (3.27) for device scheduling.

In addition to the above two heuristics, there are some neural-network-based methods,
e.g., [27], to predict devices’ local gradients, which require collecting devices’ gradient
information to train extra machine learning models. This may produce extra training
time and energy consumption for the FL system. However, the two heuristics are con-
venient to implement. In particular, the E-PG method simply uses the past gradients
of devices to approximate the current one and does not require extra computation and
communication costs compared to the E-MBG and neural network-based methods. In
addition, the experimental results in Section 3.5 verify that the use of past gradients can

effectively approximate devices’ current gradients.

To evaluate the effectiveness of these two methods, we show in Fig. 3.2 in Section
3.5 the difference between the recently received gradients at the edge server and the
current one of an arbitrary device, under the considered datasets. It is observed that
E-MBG (L, € {4,8,16}) performs not well due to the high variance of the stochastic
gradients, while E-PG has a more accurate estimation of the current one. Note that,
similar to many existing works in [27, 30, 31, 36], the E-MBG method requires all devices
to compute their gradient with mini-bath data samples and upload their gradient to the
edge server. This produces extra computing and transmission costs since the estimated
gradients of devices are not used for the global model aggregation. In contrast, the E-PG
method only requires the edge server to save the past gradients information for devices
and does not require extra computation and transmission. Thus, E-PG is computation

and transmission-free compared to E-MBG.
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In fact, the past gradient information has been successfully used in FL to estimate
the current gradient of devices. For example, replacing the lost gradient (induced by
transmission error) in decentralized SGD with the past gradients is able to achieve the
same asymptotic convergence rate as the decentralized SGD with no transmission error
[57]. Using the most recent fo-norm of the local gradient to estimate the current one
at each device to decide the transmit power has proved to be effective in the over-the-
air FL system [92]. Motivated by this, we apply the most recent gradient information
of devices uploaded to the edge server to compute the device scheduling policy in the

problem (3.27).

For problem (3.27), we have the following lemma, proved in appendix A.1.4.
Lemma 5. The objective function of problem (3.27), i.e., H(S) is monotonically decreas-
ing with respect to the device set Sy, i.e., for device set S1 C S, we have H(S1) > H(S2).
The negative of H(St), i.e., —H(S:), is a monotonically increasing submodular function
with respect to the device set Sy, i.e., for device set S1 C Sy C K, and h € K\Ss, we

have

H(S1 U {hY) — H(S1) < H(S2 U {h}) — H(S). (3.28)

According to Lemma 5, problem (3.27) is also a cardinality constraint submodu-
lar maximization problem. Thus, the greedy algorithm [95] is deployed to obtain a
suboptimal solution in polynomial time complexity. Similarly, the greedy algorithm
starts from S; < (), and adds one device k with the maximum marginal gain, i.e.,
k = argming, i\ g, (H(S; U {h}) — H(S;)) in every iteration, until [S;|= N. The detailed
steps for finding the representativity-aware device scheduling policy are similar to Algo-

rithm 2, and thus omitted for brevity.

3.4.4 Latency and Representativity-aware Scheduling Policy

In the above subsections, we develop the latency-aware and representativity-aware device

scheduling policies. However, devices usually have different computing capabilities and
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channel conditions in the practical system, as well as different representativity in the dif-
ferent global rounds. Thus, the device scheduling policy should simultaneously consider
the devices’ latency and gradient representativity for accelerating the learning conver-
gence. In this subsection, by utilizing the properties of latency and device representativ-
ity obtained in the above discussions, we develop an efficient algorithm to solve problem

(3.18), which balances devices’ latency and gradient representativity.

According to Lemma 3, the optimal latency for any device scheduling set S; C K can
be obtained by using Algorithm 1, denoted as 7;*(S;). Substituting 7,*(.S;) into problem

(3.18), we transform (3.18) into the following equivalent problem:
min R(S;) = p1H(St) + p27/ (St) (3.29)
t
s. t. (3.18a).

For problem (3.29), we have the following remark:

Remark 2. According to Lemma 4 and Lemma 5, —T;*(S) is a monotonically decreasing
submodular function with respect to the device set Sy, while —H(S;) is a monotonically
increasing submodular function. Consequently, the negative of the objective function
of problem (3.29), i.e., —p1T,*(St) — p2H(St) is a non-monotone submodular function.
Thus, problem (3.29) is an unconstrained non-monotone submodular maximization prob-

lem, which is NP-Hard in general.

Base on Remark 2, we use the double greedy algorithm [96] to find a suboptimal
solution for problem (3.29). With regards to the implementation of the proposed algo-
rithm, the edge server requires to collect devices channel information for computing their
optimal bandwidth allocation policies and latency. After that, the edge server starts by
initializing two device sets, i.e., 1 = () and Sy = K, and then serially passes through the
devices in . When the algorithm passes device k (k € K), it determines online whether
to add k into S or remove k from Ss. This decision is based on a probability that trades
off the gains of adding device k to S1 and removing k from Ss. For clarity, we summarize

the detailed steps of the double greedy algorithm for solving problem (3.29) in Algorithm
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Algorithm 3 Double Greedy Algorithm for Latency and Representativity-aware Device

Scheduling
1: Initialize S; < 0 and Sy + K
2: for k € K do
3: Let ap + (rnaxR(Sl) — R(Sl U {k}), 0)
4:  Let by <+ (maxR(S2) — R(S2\{k}),0)
5: If ap, = b, =0, let akﬁ“bk =1
6:  With probability % do Sy +- 81U {k} and Sz + S>
7:  Otherwise S; «— S; and Sy + So\{k}
8: end for
9: Let S; = S (or S; = S5).

—
e

return The device scheduling set S;.

3, which requires solving 2K times bandwidth allocation problem for finding the device
St)*Tt,lb(St)).

€

scheduling set. Thus, the time complexity of Algorithm 3 is O(2K log, Teub

In addition, for any device ordering, many existing works, e.g., [96, 97], have proved
that the double greedy algorithm can achieve a tight 1/2 approximation of the optimal
solution. Note that, the achieved approximation ratio of the double greedy algorithm
is lower than the approximation ratio of Algorithm 2 (i.e., 1 — %) for the optimal solu-
tion of the two special-case problems, i.e., latency-aware device scheduling problem and

representativity-aware scheduling problem.

3.5 Numerical Results

In this section, we evaluate the proposed device scheduling algorithms for image classifi-
cation tasks. All codes are implemented in python 3.8 and Pytorch, running on a Linux

Server.

3.5.1 Experiment Setting

In this subsection, we present the simulation settings. Unless otherwise specified, the

default parameter settings are listed in Table 3-A.

Wireless setting: Unless specified, the default system settings are given as follows:
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Table 3-A: System Parameter Settings

Parameter Value Parameter Value

K 100 e (Vk € K) 10 dBm
B 10 MHz o? 10712 W
Lb 64 h() -30 dBm
q 16 bits n 0.05

T 8 m 2
Q(MLP) 550,256 Cx(MLP) 550,256
Q(CNN) 307,842 Cx(CNN) 28,206,904

We consider that K devices are randomly distributed within a 500m x 500m cell, and
the edge server is located at the centre of this cell. The channel gain of device k (Vk € K)
is modelled as hy; = hopk(t)d,;2 [98], where hg dBm is the path loss constant; dy is the
distance between device k and the PS; pi(t) ~ Exp(1) is exponentially distributed with
unit mean, which represents the small-scale fading channel power gain from the device
k to the PS in round t. The CPU frequency for all devices are random selected from

{0.8,1.0,1.2,1.4,1.6} GHz.

Datasets and Models: For the exposition, we evaluate the proposed device scheduling
policies under two classification learning tasks, i.e., the handwritten digits classification
task on the MNIST dataset and the image classification task on the CIFAR-10 dataset.
For the MNIST dataset, we train a multi-layer perceptron (MLP) model with a 784-units
input layer, three hidden layers with 512, 256, and 64 units, and a 10-unit softmax output
layer. The input layer and three hidden layers are all activated by the ReLLU function.
The MLP possesses 550346 parameters, which equals the number of FLOPs required for
one data sample for gradient calculation. For the CIFAR-10 dataset, we train a CNN with
the following structure: two 5 x 5 convolution layers each with 64 channels and followed
by a 2 x 2 max-pooling layer; three fully connected layers with 1600, 120, and 64 units,
respectively; and a 10-unit softmax output layer. FEach convolution or fully connected
layer is activated by the ReLLU function. The CNN possesses 307842 parameters, and the
number of FLOPs required for dealing one data sample is 28206904. For both MLP and
CNN, the learning rate 7 is set to 0.05, a momentum of 0.9 is adopted, and cross entropy

is adopted as the loss function. Besides, we first classify the training data samples



Chapter 3. FExploring Representativity in Device Scheduling 49

o
&

—E-MBG (batch s?zc:4) —E-MBG (batch size=4)
FH—E-MBG (batch s%ze:8) g 8 |[—E-MBG (batch size=8)
—E-MBG (batch size=16) —E-MBG (batch size=16)
Ll—E-PG . 7

o
IS

o
w
a

F—E-PG

o
] o
al w
o )
T

o

[N

E
T

Gt — Greell®
gk — Grell®

o
[
3
w

o
[
N

o
&

AR ]

50 100 150 200 0 50 100 150 200 250
Global Round Global Round

(a) (b)

o

300 350 400

o

Figure 3.2: The /2 norm of the difference between the estimated gradient and
the true gradient of an arbitrary device k (k € K): (a) on MNIST
dataset, (b) on CIFAR-10 dataset.

according to their labels, then randomly split each class of data samples into mK /10

shards, finally randomly distribute m shards of data samples to each device.

3.5.2 Gradient Continuity

In Fig. 3.2, we evaluate the E-MBG and E-PG methods proposed in Section 3.4.3 that
estimate the gradient information of arbitrary device k (k € K). Fig. 3.2 provides the
squared norm of the difference between the estimated gradient (gx.) by E-MBG/E-PG
and the true gradient of device k on MNIST and CIFAR-10 datasets, respectively. The
batch size used to compute the gradient for device k is L, = 64. In each round, device k
further computes and records its local gradient with smaller batch sizes Ly = 4, 8, and 16,
which is used for E-MBG to estimate its local gradient that is computed by L; = 64. The
E-PG method adapts the most recently received gradient at the edge server from device k
to estimate the current gradient information of device k. For both MNIST and CIFAR-
10 datasets, it is observed that E-PG outperforms the E-MBG method. In addition,
the gradient estimation errors of E-MBG with different batch sizes are highly varying,

and a smaller batch size produces a larger estimation error. Compared to E-MBG, the
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E-PG is able to achieve more accurate estimation, as well as no extra computation and
communication cost. Thus, the E-PG method is embedded in the device scheduling

algorithms in this work.

3.5.3 Performance of Representativity-aware Device Scheduling

To verify the effectiveness of the device representativity-aware scheduling policy pro-
posed in Section 3.4.3, we compare its performance with the following three benchmark
device scheduling schemes. Note that, we do not consider the computation latency and

communication latency in this subsection.

1) Random scheduling (RS): The edge server uniformly selects a subset of devices from

all devices to participate in the training in each round.

2) Power-of-Choice scheduling (PC) [28]: The edge server schedules a subset of devices
with larger local losses each round. Note that this scheme requires devices to compute
the local loss functions and upload them to the edge server in each round, thus may

result in extra computation and transmission costs.

3) Mazximum gradient norm scheduling (Max-GNS): The edge server schedules a sub-
set of devices with the maximum gradient norm in each round. The fs-norm of the
gradients have been widely used in existing works, e.g., [31, 90], to represent the sig-
nificance of local gradients. However, the existing works require all devices to perform
local training and then upload their gradient norm to the edge server for device schedul-
ing. This may result in the unnecessary energy consumption of the unscheduled devices.
Based on the above analysis, we use the past gradient norms of devices in this baseline

to decide which devices are scheduled.

Based on the MNIST dataset, Fig. 3.3 compares the learning performance of the
proposed algorithm with the above-listed three scheduling schemes under different data

heterogeneity and scheduling ratios. In Fig. 3.3(a), we distribute at most two classes of
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data samples to each device. The results show that our proposed algorithm outperforms
the three benchmarks, converges faster, and obtains higher accuracy. Specifically, when
10 devices participate in the learning process in each round, the proposed algorithm
achieves a 6.7% accuracy improvement compared with the random scheduling policy.
Although the proposed algorithm obtains a similar accuracy to the random scheduling

policy when 20 devices participate in each round, it has a faster convergence speed.

Fig. 3.3(b) distributes at most three classes of data samples to each device, in which
the data heterogeneity between devices is lower than Fig. 3.3(a). It is observed that the
learning accuracies of all the scheduling schemes improved compared with Fig. 3.3(a).
This is because high data heterogeneity can weak the generalisation ability of the learned
global model, further resulting in poor learning performance. In addition, it is also
observed that the proposed algorithm obtains high accuracies than the three benchmarks.
Compared with the random scheduling policy, the proposed algorithm obtains a 4.73%
accuracy improvement when |S;| = 10 and a 4.4% accuracy improvement when |S;| = 20.
In addition, compared to the centralized learning scheme, the proposed approach achieves
lower learning accuracy. The performance drop of the proposed approach is induced by
the partial device participation and data heterogeneity. Specifically, the performance gap
between the proposed approach and centralized learning is reduced from 4.1% (m = 2 in
Fig. 3.3(a)) to 3.4% (m = 3 in Fig. 3.3(b)) along with the decrease of data heterogeneity
degree. Thus, in practice, by increasing the device participation number in each round
and reducing the data heterogeneity among devices, the learning accuracy of the proposed

method can gradually approach centralized learning.

A similar evaluation is conducted on the CIFAR-10 dataset, as shown in Fig. 3.4.
In Fig. 3.4(a), we set the data heterogeneity related control parameter as m = 2.
Compared with the random scheduling policy, the proposed algorithm boosts 4.02%
accuracy when |S;| = 10 and improves 1.8% accuracy when |S;| = 20. In Fig. 3.4(b),
we set m = 3. A distinct accuracy improvement for all scheduling schemes is observed

compared with m = 2 on this more complicated dataset. In addition, the proposed
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Figure 3.3: Learning performance of different device scheduling algorithms on
MNIST dataset: (a) m =2, (b) m = 3.
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Figure 3.4: Learning performance of different device scheduling algorithms on
CIFAR-10 dataset: (a) m =2, (b) m = 3.

algorithm performs well compared to the three benchmarks, obtaining 2.06% and 1.44%

accuracy improvement when |S;| = 10 and |S;| = 20, respectively.
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Figure 3.5: Learning performance of the latency and representativity-aware
device scheduling algorithms on MNIST dataset, (a) m = 2, (b)
m = 3.

3.5.4 Performance of Latency and Representativity-aware Device Schedul-

ing

In this subsection, we evaluate the performance of the proposed device scheduling poli-
cies, i.e., 1) latency-aware device scheduling (in Section 3.4.2), 2) representativity-aware
device scheduling (in Section 3.4.3), 3) latency- and representativity-aware device schedul-
ing (L&R-aware) (in Section 3.4.4). Note that for both latency-aware scheduling and
representativity-aware scheduling policies, we test their performance on |S;| = 0.1K,0.2K,
-+, 1.0K and then plot the best two results. For the latency- and representativity-aware
device scheduling scheme, the number of participants is automatically decided by the
algorithm to adapt the parameters p; and p2. When p; is large and p9 is relatively
small, |S;| will increase to reduce the gradient approximation error (H(S;)) as much as
possible. In contrast, when p; is small while py is large, |S¢| would decrease to reduce
the latency (7(S:)). In addition, setting the values of p; and py will not make the L&R-
aware-aware solution converges to the representativity-aware solution or latency-aware

solution since the constraints are different.

Fig. 3.5 shows the performance of the proposed three device scheduling algorithms



Chapter 3. FExploring Representativity in Device Scheduling 54

on the MNIST dataset. For both m = 2 and m = 3, we serially select p; and ps from
{0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0} and plot the best and worst results. It is
observed that the proposed latency- and representativity-aware device algorithm always
performs better than the other two device scheduling algorithms. In addition, the pro-
posed latency- and representativity-aware device algorithm achieves better performance

by setting p; < pa.

Fig. 3.5 shows the performance of the proposed three device scheduling algorithms
on the MNIST dataset. For both m = 2 and m = 3, we set p; = 0.3 and p2 = 1. In
Fig. 3.5(a), we evaluate the test accuracy with m = 2 which indicates that each device
possesses at most two classes of the data samples. Specifically, given the target accu-
racy is 80%, the latency- and representativity-aware device scheduling algorithm only
spends 53 seconds for achieving the target, while the representativity-aware scheduling
algorithm takes 81 seconds. That is, compared with the representativity-aware schedul-
ing algorithm, the latency- and representativity-aware algorithm is able to save 34.5%
training time to obtain 80% test accuracy. In addition, when the target accuracy is 85%,
the latency- and representativity-aware algorithm is able to save at least 43% training

time in comparison with other device scheduling algorithms.

Fig. 3.5(b) evaluates the performance of the proposed device scheduling algorithms in
a less heterogeneous scenario, i.e., m = 3. It is observed that all the algorithms perform
well in this situation compared to that in m = 2. Similar to the evaluation in m = 2,
the latency- and representativity-aware algorithm obtains the best learning performance.
Compared to other device scheduling algorithms, the latency- and representativity-aware
algorithm saves 18.8% and 16.3% training time when the target accuracy is 80% and

85%, respectively.

Fig. 3.6 presents the learning performance of the proposed three device schedul-
ing algorithms on the CIFAR-10 dataset. For the latency- and representativity-aware
scheduling algorithm, we evaluate its performance by selecting p; from {0.01, 0.02, 0.03,
0.04, 0.05, 0.06, 0.07, 0.08, 0.09, 0.1} and py from {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8,
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Figure 3.6: Learning performance of the latency and representativity-aware
device scheduling algorithms on CIFAR-10 dataset: (a) m = 2,
(b) m = 3.
0.9, 1.0}, then plot the best and worst results. Similar to the results on the MNIST
dataset, the latency- and representativity-aware scheduling algorithm provides a better
learning performance than the other two scheduling policies based only on either of the
two metrics individually. Fig. 3.6(a) presents the learning performance of the device
scheduling algorithms with m = 2. Specifically, when the target accuracy is 60%, the
latency- and representativity-aware scheduling algorithm require at most 88% training
time of the other two scheduling schemes. In Fig. 3.6(b), the data heterogeneity param-
eter is set to m = 3. It is observed that all the scheduling algorithms converge faster in
this situation than that in m = 2. When the target accuracy is 60%, the latency- and
representativity-aware scheduling algorithm is able to reduce 18.5% of the training time
compared to the other two benchmarks and save 18.4% time when the target accuracy

is 65%.

3.6 Summary

In this chapter, we proposed a novel latency- and representativity-aware device schedul-

ing algorithm to accelerate the learning process for FL. We first revealed that the device
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scheduling policies affect learning convergence through the error between the scheduled
devices’ aggregated gradient and full participation aggregated gradient. Then, by prov-
ing the submodularity of both latency and representativity of the scheduled device set,
we developed a double greedy algorithm to capture the trade-off between latency and
representativity in each round. To mitigate the extra costs produced by local training
of unscheduled devices, we utilized the past gradient information to guide the device
scheduling policy design in each round. The experiments verified the effectiveness of
the proposed device scheduling algorithm and the use of past gradient information to

schedule devices.



Chapter 4

Knowledge-aided Federated

Learning over Wireless Networks

4.1 Introduction

The conventional model aggregation-based FL approach requires all local models to have
the same architecture, which fails to support practical scenarios with heterogeneous local
models. Moreover, the frequent model exchange is costly for resource-limited wireless
networks since modern deep neural networks usually have over a million parameters.
Existing works to address the model heterogeneity challenge mainly rely on knowledge
distillation, as illustrated in 2.1.2. Nevertheless, the knowledge distillation-based Feder-
ated Learning (FL) approaches usually necessitate that the edge server and all devices
possess an extra public dataset, which may not be practical for many scenarios. To tackle
these challenges, this chapter proposes a novel knowledge-aided FL (KFL) framework,
which aggregates light high-level data features, namely knowledge, in the per-round
learning process. This framework allows devices to design their learning models inde-
pendently and reduces the communication overhead in the training process. The main

contributions of this paper are summarized as follows:

57
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e We propose a novel KFL framework in which devices collaboratively train models
by uploading their knowledge of different data classes to the edge server for aggre-
gation. This design reduces the transmitted data volume in the wireless channels,
allowing devices to design their machine-learning models independently according

to their computation capabilities and communication conditions.

o We theoretically analyze the convergence bound of the proposed KFL framework
under the general non-convex loss function setting, which indicates that scheduling
more data samples in each round is able to improve the learning performance.
In addition, when the total number of scheduled data volume during the entire

learning course is fixed, more data volume should be scheduled in the early rounds.

e We formulate a long-term device scheduling, bandwidth allocation, and power con-
trol problem under limited devices’ energy budgets with the aid of the convergence
bound. To deal with unpredicted time-varying wireless channels and enable online
device scheduling, we first transform the original problem into a deterministic
problem in each round with the assistance of the Lyapunov optimization frame-
work. Then, we derive the optimal bandwidth allocation and power control through
convex optimization techniques. Finally, we develop an efficient polynomial-time
algorithm to solve the device scheduling policy with O(v/V,1/V) energy-learning

trade-off guarantee, where V' is an algorithm-specific parameter.

e We experimentally verify the correctness of our theoretical results, i.e., more data
samples should be scheduled in the early rounds when the total scheduled data
volume in the entire learning course are fixed. Compared with benchmark FL
algorithms, the proposed KFL framework saves 99% communication overhead and
boosts 2.1% and 6.65% accuracy on MNIST and CIFAR-10 datasets, respectively.
In addition, The proposed online device scheduling algorithm achieves a faster

convergence speed than benchmark scheduling approaches.
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Figure 4.1: The illustrated KFL over wireless networks: (a) Federated learn-
ing with knowledge aggregation mechanism, where devices have
different local models, (b) Local training process with the pro-
posed knowledge-aided loss.

The remainder of this chapter is organized as follows: Section 4.2 introduces the

proposed KFL system, learning cost and the global loss minimization problem. The

convergence analysis and problem transformation are illustrated in Section 4.3. The joint

device scheduling, bandwidth allocation, and power control algorithm are developed in

4.4. Section 4.5 verifies the effectiveness of the proposed scheme by simulation. The

conclusion is drawn in Section 4.6.
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4.2 System Model and Learning Mechanism

In the considered KFL system, as shown in Fig. 4.1(a), an edge server coordinates
K different devices to train machine learning models for classification or recognition
tasks. Unlike the conventional FL that requires all devices’ models to be of the same
architecture, the KFL in this work allows devices to be equipped with heterogeneous
models. The devices are indexed by £ = {1,2,---, K}. For the dataset at devices,
the number of data classes in the classification or recognition task is C, indexed by
C =1{1,2,---,C}. Each device k (k € K) has a local dataset Dy with Dy = |Dy| data
samples, in which the data samples belong to c-th class (c € C) is denoted as Dy, . with
Dy, . = | Dy | data samples. Thus, Dy = U {Dk,c}le- The entire dataset, D = U {Dk}le,
is with total number of samples D = Zszl D;.. For ease of presentation, we use D, to
represent all data samples belonging to class ¢ in D. That is, D, = U{Dk,c}szl with

D, = Zle Dy, . data samples.

4.2.1 Knowledge-aided Loss Function for Local Training

Let ¢ = (x,y) denote a data sample in D, where € R is the d-dimensional input
feature vector, y € R is the corresponding ground-truth label. Let z € R? be the latent
feature vector. As shown in Fig. 4.1(b), the machine learning model parameterized by
w = [u,v] consists of two components: a feature extractor h : @ — z parameterized by
u, and a label predictor g : z — ¢ parameterized by v. Before discussing the knowledge-
aided loss function, we introduce two fundamental loss functions, i.e., empirical loss and
knowledge loss. The empirical loss supervises the local models’ training to minimize the

prediction error, while the knowledge loss achieves knowledge sharing among devices.

1) Empirical loss function for local model update: Let f(x,y;w) denote the
sample-wise empirical loss function, which quantifies the error between the ground-truth
label, y, and the predicted output, g, based on model w. Thus, the local empirical loss

function at device k, which measures the model error on its local dataset Dy, is defined
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as

A 1

Fi(wg) = Fi(ug, vg) Dy

Z f(wvy;wk)v (41)

where wy, denotes the machine learning model of device k; u; and vy correspond to its
feature extractor and label predictor parts, respectively. For ease of presentation, we use
W = (w;,ws, -, wg) to denote all the devices’ models throughout this paper. The

global loss function associated with all distributed local datasets is given by

1>

K
F(W) = F(w,ws, -, wic) % S DeFi(wy). (4.2)

k=1
The federated learning process is done by solving the following problem:

min F(W). (4.3)

W=(w1,wz, W)

To preserve the data privacy of devices, the devices collaboratively learn W without
transmitting the raw training data. Note that the conventional FL algorithms, e.g.,
FedAvg [7], aim to find an optimal shared global model w* = w} = --- = wj to
minimize the global loss F'(W'). However, this work aims to develop a personalized FL
algorithm which trains personalized models for each device to solve the problem (4.3),
where different local models are used to fit user-specific data and capture the common

knowledge distilled from data of other devices.

2) Knowledge loss function for local feature extractor update: When devices
are equipped with heterogeneous models, the conventional FL algorithms fail to coor-
dinate devices to train models collaboratively. To tackle this issue, we introduce the
knowledge loss function to regularize devices’ feature extractors in the training process,
achieving knowledge sharing between devices. It is worth mentioning that the knowledge
of different devices and classes has the same dimensionality that equals the dimension
of feature extractors’ output, i.e., p. Let €} . denote device k’s knowledge about data
class ¢, which is defined as the average output of its feature extractor based on the data

samples in Dy, ., that is

1
Qk,c - Dk . Z hk(wa uk,t): (44)
’ (zvy)epk,c
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where hy(-) denote the feature extractor of device k. Let £2. denote the global knowledge

about class ¢ that aggregates all devices’ knowledge of class ¢, i.e.,

K
1
Q=5 ; Dy, Q. (4.5)

We use Q = (21,9, --,¢) to denote the aggregated global knowledge. For each data
sample (x,y) € Dy (Vk € K,c € C), we define the knowledge loss of device k’s feature
extractor as I (@; ug) = || he(; uy) — .|, which quantifies the difference between the
extracted feature of device k on data sample (x,y) and the global feature of class c.
Thus, the knowledge loss of device k is

C
1 1
L) = —3 Y L) - a2 (46)
Dk c=1 (mvy)EDk,c 2

which measures the difference between local knowledge and global knowledge. According
to (4.6), devices only learn the knowledge of their local data types instead of all the data
types. However, it fits devices’ local models to their specific data and improves the
learning performance on heterogeneous local data scenarios. In addition, devices can
use global knowledge to regularize the local training process when new data classes are

generated and rapidly adapt their local models to these new class data.

In this work, we define a knowledge-aided loss function based on the empirical
and knowledge loss functions, i.e., Fi(ug, vr) + ALk (ug), to guide the feature extractor
training for device k (Vk € K), where A is a hyperparameter to balance the empirical loss
and knowledge loss for device k. For the label predictor, we still use the conventional

empirical loss function.

4.2.2 Knowledge-aided Federated Learning Mechanism

The conventional FL approaches rely on aggregating devices’ model /gradient parameters
in each round, which induces remarkable communication overhead for wireless networks
and requires all the local models to be of the same architecture. To tackle these issues,

we propose a novel KFL algorithm to enable collaborative training between heteroge-
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neous local models. Specifically, devices upload their lightweight knowledge to the server
for aggregation in the per-round training process instead of the heavy model/gradient
parameters. The learning process repeats the following steps until the devices’ models

converge, as shown in Fig. 4.1(a).

1) Device selection: The edge server selects a subset of devices from K to participate
in the training process in the current round. Let oz, € {0,1} denote the scheduling
indicator of device k£ in round ¢, where ay,; = 1 indicates that device k is scheduled in
round ¢, a s = 0 otherwise. Thus, the scheduled device set in round ¢ is S; = {k : ap; =

1,Vk € K}.

2) Knowledge broadcast: In each round ¢, the edge server broadcasts the latest
global knowledge, i.e., & = (Q14,Qa4,---,R2c;), to all scheduled devices to regularize
their local training process, where .; is the c-th class knowledge in round ¢ that is

computed in (4.5).

3) Local training: All scheduled devices update their local models after receiving
the global knowledge, €2, by performing 7 steps gradient descent on its local dataset, as
shown in Fig. 4.1(b). For device k, its local feature extractor in ¢-th round is updated

as
Wt it1 = Wht] — Nu <Vqu(uk,tﬁl, Vt1) + )\VLk(uki,l)),Vl €e{0,1,---,7—1}, (4.7
and its predictor is updated by
Vktit1l = ksl — Mo VoFr (Ui, V), V0 € {0,1,---, 7 — 1}, (4.8)

where 7,, and 7, are the learning rate of feature extractor and predictor, respectively, A

is a hyperparameter to balance the empirical loss and knowledge loss for devices k.

4) Knowledge computing: After finishing the local iterations, all scheduled devices

compute their knowledge for each class ¢ (c € C) as Qp ¢ 4+1 = Di > hp(urgyr; ).
“ (:l:,y)EDk,,c
The knowledge of device k for all classes is denoted by Q111 = (R 1441, L0 t41)-

5) Knowledge aggregation: After finishing the local knowledge computing, all
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Algorithm 4 Knowledge-aided Federated Learning Algorithm

1: Initialization: ¢ = 0, training round 7', and each device initials its local model wy ;

2: Server side:

3: fort=0,1,---,T—1do

4:  Select a subset of devices (S;) and broadcasts the latest global knowledge, i.e., Q;, to
them.

5. if Receive the knowledge from the selected devices then

6: Aggregate the global knowledge according to (4.9).

7. end if

8: end for

9: Device side:

10: if Device k is scheduled then
11:  Receive the global knowledge, €2;, from the edge server;
12 forl=0,1,---,7—1do

13: Update the local feature extractor, w41, based on (4.7);
14: Update the local predictor, vy ;+1, based on (4.8);
15:  end for

16:  Compute their knowledge for each class ¢ (¢ € C) as Qpcit =
Ti,c Z(m,y)GDk)c (W t415 ).

17:  Upload the local knowledge € 1+1 = (k1,041 Qk,2.041, - -, Qk,ce+1) to the edge server.

18: end if

scheduled devices upload their knowledge to the edge server through wireless channels
for aggregation. Specifically, the edge server computes the global shared knowledge of

c-th class as
Z Dk,cﬂk,c,tJrl
keS:

Qc t+1 —
' Z ch
keS;

(4.9)
The aggregated global knowledge in round (¢ +1) is 241 = (Q1¢41, L241, -+, Qer1)-

To better illustrate the proposed KFL, we summarize the detailed steps of its training
process in Algorithm 4. It is worth mentioning that the proposed KFL requires devices
to upload the knowledge to the edge server for aggregation instead of the entire local
models. Devices’ knowledge is generated by averaging the output of their local feature
extractor on the data samples from the same class, and the process is irreversible [99].
Thus, KFL is more beneficial for privacy preservation than the model aggregation-based
FL algorithms exchanging local models between devices and the edge server. The reason
is that the local models are updated according to the devices’ private data, whose pattern
is encoded into the model parameters. Therefore, if a corresponding decoder could be

constructed, the private data or statistics would be recovered inversely [100].
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4.2.3 Knowledge-aided Federated Learning Cost Model

In the following, we characterize the learning cost model in each KFL round, including

computation cost and communication cost.

1) Computation Cost: We consider the CPU adopted to perform training on each
device. Denote the CPU clock frequency of device k by fi (cycles per second). The
number of FLOPs per cycle is represented by ng. Let C denote the required number of
FLOPs to process one data sample at device k. Consequently, the local training latency

of device k is given by

7D, CY

T = : 4.10
Jrng (4.10)
The corresponding energy consumption of device k is
DyCrf?
EL = w7 (4.11)
ng

where k is the power coefficient, depending on the chip architecture.

2) Communication Cost: We consider that the frequency division multiple access is
employed for devices to upload their knowledge. The total available wireless bandwidth
is BHz. Let pj; denote the transmit power of device k, its maximum value is pg max. The
channel gain between device k and the edge server is represented by hy ¢, which considers
the path loss and Rayleigh fading. In addition, the channel remains unchangeable within
one round but varies independently over rounds. Let 65, € [0,1] denote the proportion

of the overall bandwidth allocated to device k in round ¢, and 6; = (014,624, -, 0K +).

Pr,thi e
Or,: BNo

The uplink rate of device k can be described as ry; = 0y Blogy(1+ ), where Ny is
the power density of noise. Note that the proposed KFL requires that the knowledge of
different devices and classes has the same dimensionality. Thus, the number of parame-

ters in the knowledge of different devices is the same, denoted as (). Each parameter is

quantized by ¢ bits. Thus, the local knowledge uploading latency of device k is
Tt = th N A hiee \
) ek,tB logy (1 + ;’::Bi]cvto)

(4.12)
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The corresponding energy consumption is

U
BB (5 1),
Pt

E,&{t = pkﬁtn‘;{f = (4.13)

According to above modes, the energy consumption of device k in round ¢ is Fj; =
E};}t + E}C{t. Note that we ignore the global knowledge broadcasting and aggregation
latency in the above discussion because the broadcasting process occupies the entire
bandwidth. The edge server has large transmit power, so the broadcasting latency is
negligible. Moreover, the edge server is usually computationally powerful, and the global
knowledge aggregation latency can be ignored compared to the above computation and

communication latencies.

4.2.4 Problem Formulation

In this work, we aim to improve the learning performance by minimizing the global loss
after T rounds, i.e., F(Wr), under the energy budget constraint of devices, where Wp
denote the local models in T-th round. Towards this end, we jointly optimize the device

scheduling, bandwidth allocation, and power control policies. The optimization problem

is given by
min F(Wr) (4.14)
{St79tapt};:51

T—1
s. t. Z Eps < By, Vk €K, (4.14a)

t=0
Toi + Tip < Tnax, Yk € K, VA, (4.14b)

K
> Oy < 1,V (4.14c)

k=1
0< 0, <1,Vk € K, V1, (4.14d)
ai: € {0,1},Vk € K, Vt, (4.14e)

0 < pi < Prymax, Vk € K. (4.14f)
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In problem (4.14), (4.14a) imposes restrictions on the energy consumption of each device
k cannot exceed its budget Ejy. (4.14b) stipulates that the completion time of each
round cannot exceed its maximum allowable delay. (4.14c) indicates that the wireless
bandwidth allocated to all devices cannot exceed the total available bandwidth resource.
(4.14d) restricts the wireless bandwidth resource allocated to each device. (4.14e) indi-

cates which devices are scheduled in each round.

Solving problem (4.14) requires the explicit form about how device scheduling policy
affects the final global loss function. Since it is almost impossible to find an exact
analytical expression of F(Wr) with respect to S; (t € {0,1,---,T — 1}), we turn to
find an upper bound of F(Wp) and minimize it for the global loss minimization in
Section 4.3.1. Moreover, the optimal solution to problem (4.14) requires the system
state information of all rounds at the beginning of training. However, such information
is unavailable in the practical systems due to the unpredictable time-varying channel
condition. To enable online device scheduling, the device scheduling decision should
be made at the beginning of each round with only the current state. To this end, we
transform the long-term decision problem into a deterministic one with the assistance of

the Lyapunov optimization approach in Section 4.3.2.

4.3 Convergence Analysis and Problem Formulation

In this section, we theoretically analyze the convergence bound of the proposed KFL
under a non-convex loss function setting. The convergence bound reveals that the sched-
uled data volume in each round and different learning rounds significantly affect the
learning performance. Motivated by this, we define a new metric, i.e., the weighted
scheduled data volume, to guide the device scheduling design. Then, we transfer the
original problem to maximize this metric for minimizing the gap between the global loss
function and the optimal loss. To enable the online dynamic device scheduling under

long-term energy budgets constraint, we further transform the problem into a determin-
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istic problem in each round with the assistance of the Lyapunov optimization approach.

4.3.1 Convergence Analysis

In this subsection, we investigate the convergence behavior of the proposed KFL algo-
rithm. To facilitate the analysis, we make the following assumptions on each local loss
function Fj(-).

Assumption 4. All empirical loss functions Fi(ug,vi) (k € KC) are continuously differ-
entiable with respect to uy and vy, and there exist constants Ly, Ly, Lyy, and Ly, such

that for each Fy(uy,vg):

o VyuFyi(uk,vy) is Ly-Lipschitz continuous with wy and Ly,-Lipschitz continuous

with vy, that is,
HVqu(uk,vk)—Vqu(u;ﬂ,vk)H < Lu Huk—qu s (4.15)
and

HVqu(uk,vk)—Vqu(uk,'v,'c)H SLUU H’vk—’U]{CH . (4.16)

o VyFi(ug,vy) is Ly-Lipschitz continuous with vy and Ly, -Lipschitz continuous with
u.
Assumption 5. The squared norm of gradients is uniformly bounded, i.e., |V Fr (g ¢, Vg ) ||*<
G2 and ||V Fr(ugt, vie) |’ < G3.
Assumption 6. For each local feature extractor hi(-) (Vk € K), its gradient norm
is bounded by 9%, i.e., |[Vhi(ug)||?< 92, and the squared norm of its output vector is

bounded by ||hi,(ur; x)||*< ¢2.

Assumption 4 is satisfied by most deep NNs. The modern NNs are usually composed
of multiple layers. Based on [37], a deep NN defined by a composition of functions
is a Lipschitz NN if the functions in all layers are Lipschitz. It has been proved in
[37, 88] that the convolution layer, linear layer, and some nonlinear activation functions

(e.g., Sigmoid and tanh) are Lipschitz functions. Thus, most deep NNs have Lipschitz
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continuous gradients. For a Lipschitz NN in which all layers are Lipschitz functions, both
the feature extractor and predictor composed of Lipschitz layers are Lipschitz functions.
Thus, Assumption 4 is satisfied by assuming the whole NN to be Lipschitz continuous. In
addition, according to Proposition 1 in [87], one can derive that Fj(uk,vy) is (L, X Ly)-
smooth based on Assumption 4. Assumption 5 is widely used in the existing convergence
analysis works, e.g., [23, 59, 61, 101]. Assumption 6 is inherently satisfied by Assumption
5 since the gradient of a NN is a function of its output vector. To begin with, we first
derive a key lemma to assist our analysis as follows:

Lemma 6. Let Assumption 4 holds, we have

1-|-X

Fr(up, v},) — Fr(ug, v) < (Vo Fp(ug, vg), uf — ) + —= Loy ||uj, UkH2

1+xL H ol —

+ <Vka(uk,vk),v;€ — 'vk> + (4.17)

where x = max{Lyy, Lyy} /v LuLy, which measures the relative cross-sensitivity of

VuFi(ug, vg) with respect to vy, and Vo, Fi,(ug, v) with respect to wy,.
Proof. See Appendix B.1. O

Lemma 6 reveals the gradient relationships of a NN between its feature extractor
and label predictor part. According to Lemma 6, we derive the one-round convergence
bound of any device k (k € K) in Lemma 7, in which devices utilize the proposed
knowledge-aided loss to update their local models.

Lemma 7. Let Assumption 4, 5, and 6 hold. The learning rates satisfy n, < m

and my the one-round convergence bound of device k (k € K) is given by

1
< 505y

1
Fr(ug 41, V1) — Fr(ug, vge) < <2(1 +X)Lynir? — 277u7'> IV wFi (s, vpt) ||

1 5 T—1
+ <<1 ) Lur? = 2W> 90 Fi (s 0 )2 + A+ S\ Z IV L ()

T7—1
+ 202 N2 (3 L2 + 200X LuLy) Y (7 = 1) [V Lg () |”, (4.18)
=0

where Ay = 7(1 +1)(27 + 1) (P3G L2 + In3G3L2 + (2nuG? + 310G3)nunuXx?LuLy).
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Proof. See Appendix B.2. O

Based on Lemma 7, we further analyze the convergence behaviour of the proposed
KFL algorithm after T' rounds in Theorem 2, which takes into account the knowledge

aggregation between devices.

Theorem 2. Let Assumption 4, 5, and 6 hold, n, < the

1
= 47(14+x) L and 17“ — 2T(1+X)Lv

gap between the global loss function after T rounds and the optimal loss is bounded by

F(Wr) — F(W*) < AJ(F(W,) — F(W™))
B AT CK T— K C D2 K
+ 58 (4 + Ay) +A2—Z Y 5 ZD%,C
1-4; D = oo PeDr i
1 1 T-2
—A ATT2EN "y D (4.19)
2l)f((T— 1) maxy<ip<K Dk ; Z kit =k
where Ay = 10n, \279%6% + 802 A\29%6% (30, L2 + 20, X* Ly Ly) T(7 +1), 40202 +

Lvnv)(l + X)TQ - (nuLu + nva)T~
Proof. See Appendix B.3. O

Theorem 2 reveals how the device scheduling policy affects the convergence bound of
KFL without characterizing the impact of non-IID degrees on the convergence bound. In
general, the non-IID degree is characterized by the difference between the optimal global
loss and the weighted summation of optimal local losses [102]. However, the proposed
KFL is a personalized FL algorithm which trains a personalized model for each device.
Thus, one cannot characterize the impacts of non-IID degree on the convergence bound
in this way due to F(W*) — & o DiFi(w)) = 0. However, how to characterize
non-IID degrees’ effects on the convergence bound of personalized FL algorithms is a

promising research direction, which will be studied in our future works.

According to Theorem 2, the gap between the global loss after T' rounds and the
optimal loss is bounded by four terms, 1) the gap in the initial round, 2) two terms

related to hyperparameters of the learning system, 3) the scheduled data volume in all
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rounds. It is noted that A3 < 1 due to n, < m and n, < m As T
increases, Ag approaches to 0. Hence, the first term converges to 0, and the second and
the third terms converge to a constant. The first three terms decided by the system
hyperparameters and initial models of devices are not related to the device scheduling
policies. The last term is an explicit form related to device scheduling. For the last term,
we have the following remark:

Remark 3. Increasing the scheduled data samples in each round is able to narrow the gap
between global loss and optimal loss. In addition, as t increases, Ag_l_t also increases
due to Az < 1. This indicates that more devices should be scheduled in early rounds when

the total number of scheduled devices in the learning process is fixed.

Note that, it has been experimentally observed in [24] that scheduling more devices
in the later rounds is beneficial for the learning performance of the federated averaging
algorithm. However, the proposed KFL that only aggregates devices’ knowledge in each
round achieves better learning performance when scheduling more devices in the earlier
rounds, which is verified by the theoretical analysis in Remark 3 and experimental results

in Section 4.5.

4.3.2 Problem Transformation via Lyapunov Optimization Framework

According to Theorem 2, the gap between the global loss and the optimal loss can be
narrowed by minimizing the last term on the right-hand-side (RHS) of (4.19). However,
it is tractable to directly minimize this term since it involves some unknown parameters,
e.g., the Lipschitz constant L, and L,. Based on [38], the exact computation of the
Lipschitz constant of deep learning architectures is intractable, even for two-layer NNs.
Inspired by Remark 3, to enable tractable device scheduling design, we introduce a
variable v, (t = 0,1,---,T — 1) as the weight of scheduled data samples in round ¢ to
capture the varying significance of scheduling devices in different rounds. Based on this,
we define the weighted scheduled data volume as Z;‘F:_Ol Yt Zkkzl ay Dy, and maximize

it for the global loss minimization. Thus, we transform problem (4.14) as the following
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problem:

{S:.00.pi} " T

T-1 K
max Z V¢ Z ag Dy, (4.20)
t=0 k=1

s. t. (4.14a), (4.14b), (4.14c), (4.14d), (4.14e).

Problem (4.20) involves multi-dimension discrete and continuous variables is a typical
mixed-integer programming problem, which is generally NP-Hard. In addition, solving
the optimal solution of problem (4.20) offline requires optimally dividing the energy of
all devices in each round due to the long-term energy constraints, which is intractable.
The most critical challenge of directly solving problem (4.20) is that it requires channel
information of all devices over all rounds at the beginning of the FL process, which
may unfeasible in practical systems. To enable the online dynamic device scheduling,
we utilize the Lyapunov optimization framework to deal with the correlations among
rounds. To this end, we construct a virtual queue gi(t) for each device k (k € K), which

evolves as

E
qr(t + 1) = max {qk(t) + o1 By — ?k, 0}, (4.21)
with the initial value gx(t) = 0 for all devices. Inspired by the drift-plus-penalty algo-
rithm in [103], we transform problem (4.20) as the following problem to enable online

device scheduling
K K
min = Vy > arDp+ Y ar(t)a By (4.22)
{8t,01,pt}1—¢ k=1 k=1

s.t. (4.14Db), (4.14¢), (4.14d), (4.14e).

In problem (4.22), V' > 0 is a weight factor that balances the energy consumption
of devices and learning performance. A large V emphasises the learning performance
improvement by sacrificing the devices’ energy and vice versa. In addition, from the
objective function (4.22), the unscheduled devices in the former rounds have smaller
qr(t). These devices are encouraged to participate in the current round of training for
minimizing (4.22). Thus, problem (4.22) contributes to a fair scheduling scheme between

devices.
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4.4 Online Device Scheduling and Wireless Resource Allo-

cation

In this section, we propose an energy-aware device scheduling, bandwidth allocation,
and power control algorithm that solves problem (4.22) in an online fashion. We first
derive the optimal bandwidth allocation and power control policies using convex opti-
mization techniques. Then, we propose a polynomial-time algorithm to solve the device
scheduling decision with a O(\/V ,1/V) energy-learning trade-off guarantee, where V' is

an algorithm-related parameter.

4.4.1 Optimal Power Control and Bandwidth Allocation

For any given scheduled device set Sy € K, we decompose the bandwidth allocation and

power control problem from (4.22) as follows:

min Y qi(t) By (4.23)
{6:,pt} %
S

5. t. (4.14b), (4.14c), (4.14d).
For problem (4.23), we have the following proposition:

Proposition 1. The optimal solution of problem (4.23) satisfies 7;Ut = Tmax — T, and

the optimal transmit power of device k satisfies

0,.. BN. Q¢
pkjt _ k,]ik 0 (2 (Trnax*TkIj‘)Gk’tB _ 1) ) (424)
,t

Proof. See Appendix B.4. O

According to Proposition 1, we substitute (4.24) into problem (4.23), the optimal

bandwidth allocation problem can be formulated as

7L
i 3 P BN T = T

VAT 4.25
i e (Oh) (4.25)

keS:

s. t. (4.14¢), (4.14d),
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Pk maxhk: t Qq
OrsBlog | 14+ = =z > , 4.25a
it & < ek,tBNO > o (Tmax - EL) ( )
where
QqIn?2 >
T(0ps) = ex -1 4.26
000 = ex0 (2 (4.26)
For problem (4.25), we obtain its optimal solution by using the following lemma.
Lemma 8. The optimal bandwidth allocation of problem (4.25) satisfies
9}% = max {Qk,t(u), Qﬁn} , (4.27)
where
In2
s (1) = Qi (4.28)

(Tows = T (W (it — ) +1)

. K

and O7'" satisfies constraint (4.25a), p is the Lagrange multiplier which satisfies . O (") =
; k=1

1. W() is the principal branch of the Lambert function, defined as the solution of

W(x)e™®) =z, in which e is the Euler’s number.
Proof. See Appendix B.5. O

Although Lemma 8 provides the optimal condition of bandwidth allocation, there

is still an unknown variable . Below we develop a binary search method to solve the

. . - 1 Phi, _
optimal . Since the Lagrange multiplier i > 0, we have BNog () (T —TE)

Moreover, W(z) is a monotonically increasing function when z > —1. Thus, 6j,(n)

|

> _1
—_— e'

is a monotonically decreasing function with respect to pu. To deploy the binary search

method, we derive the lower and upper bound of p. Since u > 0, the lower bound of p

is pup, = 0. For the upper bound, we have maxg, {6k (1)} > ﬁ Let ¢ = %.
max = k
Based on the definition of Lambert function, we have
BNogy(t - Tk — 1)e¥k + 1
= g { P T D £ D)
keS; hk,t

Based on the lower bound py, and upper bound 1, the optimal Lagrange multiplier
can be obtained by the binary search method. For clarity, we summarize the detailed
steps for solving the optimal bandwidth allocation policy in Algorithm 5. The binary

search method halves the search region at every iteration and terminate when the given
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Algorithm 5 Optimal Bandwidth Allocation Approach
1: Initialize S, the precision requirement € > 0.
2: Initialize the upper bound of Lagrange multiplier p,1, based on (4.29), set the lower bound
to pp = 0.
3: repeat
4: Set p = (b + fun) /2.
5: For each device k € S}, compute the required bandwidth allocation ratio 0y (1) based on
(4.28).

6:  Compute the summation of required bandwidth allocation ratio ), g Ok.¢(12)-
7. if D e, Oki(p) > 1 then
8: Halve the searching region by setting iy, = @ and gy, = fub-
9: elseif 0 <}, g Okt(n) <1—¢ then
10: Halve the searching region by setting pun, = pp and pyp, = p.
11: else
12: Break the circulation.
13:  end if

14: until |y — pp|< €

15: Substituting p into (4.28) for get 0y +(n), then compute the optimal bandwidth allocation
policy based on (4.27).

16: Substitute the optimal bandwidth allocation policy into (4.24) for obtaining the optimal
power control policy.

17: return The optimal bandwith allocation policy 6, the optimal power control policy p;.

precision (i.e., €) requirement is satisfied. Thus, the time complexity of this method is

O (log2 Nubg#lb)'

4.4.2 Device Scheduling

Based on the above analysis, the optimal bandwidth allocation and power control pol-
icy for any device scheduling set S; can be obtained by using Algorithm 5. For device
scheduling design, an intuitive method is to compute the objective function value for all
possible device scheduling decisions, and select the one with minimal objective function
as the final scheduling decision. However, this intuitive method is infeasible in its imple-
mentation since there are fozo Cy = 2K possible scheduling decisions, inducing an
exponential time complexity with O (2K logs ““baﬂ). In the following part, we develop

an efficient algorithm to solve the device scheduling policy.

According to the objective function (4.22), it is desirable to select devices with small

qx(t) and Ej;, as well as large data samples. The small Ej; is achieved by strong
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channels and low computation energy consumption. To identify these devices, we first
allocate equal bandwidth to all devices (i.e., § = 1/K), and then substitute 7}}; =
Tmax — T into (4.13) to compute the estimated energy consumption Ej; = E,I;t +
Elgt. Based on the estimated energy consumption for all devices, we sort devices based
on Apy = —VyDye + qk(t)Ek,t (Vk € K) in the ascending order. Denote K as the
sorted device set. Many sorting algorithms, such as Heapsort or Mergesort, can be
used, with a worst-case complexity O(K log K). Then, we solve the device scheduling
policy by incrementally adding devices into the selection set S from the sorted device
set K. For each possible device scheduling set S, we perform Algorithm 5 to obtain the
optimal wireless bandwidth allocation 8;(.S), power control decisions pj(S), as well as
the optimal energy consumption Ej(S). Substituting E;(S) into (4.22), the drift-plus-
penalty value of device scheduling set S can be obtained, denoted as Y(S). Let H denote
the set of all possible device scheduling set S. Finally, we obtain the optimal device
scheduling policy through comparing the drift-plus-penalty value of all possible device
scheduling set S € H, i.e., S; = argmingc4, V(S). Note that, the energy consumption of
devices with gx(t) = 0 does not affect the objective function value, the minimal required
bandwidth should be allocated to them for saving more bandwidth for other users with
qr(t) > 0. For clarity, we summarize the detail steps of device scheduling algorithm in
Algorithm 6, which obtains the device scheduling policy by performing at most K times

Algorithm 5 and has a polynomial time complexity O (K log, Hub—#ib ),

For Algorithm 6, we analyze its performance by comparing it with its optimal offline
counterpart which is in fact problem (4.20). The offline algorithm has the channel infor-
mation of all rounds. Let Oé;;’t be the offline optimal device scheduling decision obtained
by solving the problem (4.20) with pre-known device information. The performance
guarantee of the proposed device scheduling algorithm is shown in Proposition 2.
Proposition 2. Compared to the offline optimal solution, the cumulative loss of Algo-

rithm 6 is bounded by

T-1 K K

TG T(T-1) 2
Z Ve ) tDye > vV T ey ZC’C +
=0 k=1 k=1 )

!
-

K
Y ajDye, (4.30)
k=1

Il
o
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Algorithm 6 Energy-aware online Device scheduling
1: Input the virtual queue length ¢ (t) (k € K) and -, initialize V.
2: Substituting 0, = 1/K and 77€Ut = Tax — 77} into (4.13) to compute the estimated energy
consumption of device k (Vk € K), i.e., By, = E,I;t + Elgt.
3: Sort devices based on Ay ;= fV’ytDk,C+qk(t)Ek7t in the ascending order to obtain the sorted

device set K. _ _
4: for k = K(1),K(2),---,K(K) do

5:  Update S = SU {k}
6:  Solve the optimal bandwidth allocation and power control policy by Algorithm 5, i.e.,
0; (S) and p; (S).

7:  Compute the drift-plus-penalty of S, i.e., Y(S) = =V > 1cq Dk + > pcg @(t) Er

8: if =V Dy, + qi(t)Ek, > 0 then

9: Break the circulation
10:  else
11: Add S into H, e, H=HUS
12:  end if
13: end for

14: Find the optimal device scheduling set S} = argming4, Y(S).
15: return The device scheduling set S, wireless bandwidth allocation 8;(S}), and power
control policy p;(S}).

and the total energy consumption of Algorithm 6 is bounded by

T-1 K K T_1
SN B <> B+ \/ 2K (Tgo +Vy . %D) : (4.31)
t=0 k=1 k=1

1 K E
where (y = 5 Zk:l C,% and (j = maxy {‘ak,tEk,t — =

Proof. See Appendix B.6. O

Proposition 2 characterizes the performance of the proposed device scheduling algo-
rithm, which shows that 1) the energy constraints of devices are approximately satis-
fied with the O(v/V')-bounded factor, and 2) the proposed device algorithm is O(1/V)-
optimal with respect to the performance of its optimal offline counterpart solution. Thus,
the proposed device scheduling algorithm demonstrates an O(v/V,1/V) energy-learning
trade-off. The worst-case performance of Algorithm 6 can be improved by reducing the
upper bound of energy usage bias (p. In addition, adjusting the weight parameter V is
able to achieve the balance between the learning performance and energy consumption of

devices. Specifically, with larger V', more emphasis is put on the scheduled data samples



Chapter 4. Knowledge-aided Federated Learning over Wireless Networks

78

Table 4-A: Experimental Settings

Parameter Value Parameter Value

K 100 Pk.max (Vk € K) | 30 dBm

B 5 MHz Ny —174 dBm
q 32 bits h() -30 dBm
Nu 0.05 No 0.05

T 5 m 2

do 1m v 2

dMLP 256 dCNN 128

E, (MLP) 01xTJ Timax (MLP) 1s

Ei (CNN) 05 xTJ Timax (CNN) 2s

to improve the learning performance while more energy is consumed at devices, and vice
versa. In practical systems, one should carefully select the value of V' to optimize the
learning performance with energy limits and use the energy in a balanced manner to

avoid large (.

4.5 Numerical Results

In this section, we verify the effectiveness of the proposed KFL algorithm. If not spec-
ified, the simulation settings are listed in Table 4-A. We consider K devices randomly
distributed in a cell with a radius of 500m, and the server is located at the centre of the
cell. Similar to [98], the channel gain is modelled as hy; = hopy(t)(do/dy)?, where hodBm
is the path loss constant; dj is the distance between device k and the edge server; dym
is the reference distance; p(t) ~ Exp(1) is exponentially distributed with unit mean,
which represents the small-scale fading channel power gain from the device k to the edge
server in round t; dy/dj represents the large-scale path loss with v being the path loss
exponent. For all devices in the system, their CPU frequency are randomly selected from

{0.85, 1.12, 1.2, 1.3} GHz [104, 107].

We evaluate the proposed KFL algorithm on two image classification tasks using
MNIST and CIFAR-10 datasets, both of them have 10 classes of data samples. For the

MNIST dataset, we train five-layer MLP models with the following architecture: four



Chapter 4. Knowledge-aided Federated Learning over Wireless Networks 79

fully connected layers with 784, 512, dyi,p, 64 units, each of these layers is activated by
the ReLLU function; and a 10-unit softmax output layer. For the CIFAR-10 dataset, we
train five-layer CNN models with the following structure: two 5 x 5 convolution layers
followed by a 2 x 2 max-pooling layer, in which the first convolution layer possesses
6 channels and the second layer with 16 channels; three fully connected layers with
400, denn, and 64 units, respectively; and a 10-unit softmax output layer. The ReLLU
function activates each convolution or fully connected layer. When devices are equipped
with homogeneous models, we set dypp = 256 and donyy = 128. The number of FLOPs
and parameters of these machine learning models can be estimated using the method in
[106]. Specifically, the MLP with dyp = 256 possesses 553406 parameters which equal
the FLOPs required to process one data sample. The CNN with dony = 128 has 63106
parameters and requires 1245834 FLOPs to process one data sample. When devices have
heterogeneous models, the value of dy,p and donn for all devices are randomly selected
from {128,192, 256, 320, 384}. For both MLP and CNN, a momentum of 0.9 is adopted,
and cross-entropy is adopted as the loss function. In addition, we first classify the training
data samples according to their labels, then split each class of data samples into mK /10
shards, and finally randomly distribute two shards of data samples to each device. That
is, each client has a data distribution corresponding to at most m classes. The data
distributions among devices are more skewed for smaller m. In the simulations, each
device first computes the number of correct predicted data samples on its test dataset
by its local model. Note that the deployed trained models on devices are the same in
FedAvg, while each device has a personalized local model in the proposed KFL. Then,
the test accuracy is computed as the total number of correct predicted test data samples

on all devices divided by the total number of test data samples on all devices.

In the following sections, we verify the theoretical results in Remark 3 on MNIST
and CIFAR-10 datasets by comparing the learning performance of the following three
temporal device scheduling patterns. 1) Uniform Scheduling: Ten devices are randomly

scheduled in each round to participate in the learning process. 2) Ascend Scheduling:
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The number of scheduled devices increases from 1 to 20, with an average number of
10 devices scheduled in each round. 3) Descend Scheduling: The number of scheduled

devices decreases from 20 to 1, with an average number of 10 devices per round.

4.5.1 Performance Evaluation with Homogeneous Models

We evaluate the performance of the proposed KFL algorithm by comparing it with the
following benchmarks. Note that, devices are equipped with homogeneous local models,
and we do not consider the energy and bandwidth limitation in this subsection. 1)
FedAvg [7]: In each round, the scheduled devices upload their model parameters to the
edge server for aggregation. 2) FedRep [107]: The scheduled devices sequentially train the
feature extractor and label predictor parts of their models in each round. Particularly,
the scheduled devices only upload feature extractor part of their models to the edge
server for aggregation. 3) APFL [108]: In each round, each scheduled device trains
its own local model and the received global model from the edge server. Then APFL
incorporates the devices’ locally trained model and the updated global model to achieve a
device-specific model. It is worth mentioning that the proposed KFL algorithm requires
fewer parameters transmission in each round than the benchmarks and thus reduces
the communication cost, as shown in Table 4-B. Specifically, for the MNIST dataset,
the proposed algorithm only requires devices to upload the knowledge of 10 classes,
including 64 x 10 = 640 parameters, accounting for 0.1% of the transmitted parameters
by FedAvg or by APFL. For the CIFAR-10 dataset, the KFL algorithm only requires
devices to upload 640 parameters in each round, comprising 1.0% of the total model

parameters.

Fig. 4.2 shows the learning performance of the proposed KFL algorithm and two
benchmarks on MNIST and CIFAR-10 datasets. From Fig. 4.2(a), compared to the
state-of-art FedRep, it is observed that the proposed algorithm achieves 0.96% accuracy
improvement when 50 devices participate in each round learning process and obtains a

2.1% accuracy gain when scheduling 10 devices in each round. In addition, the proposed
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Table 4-B: Communication Overhead of Different FL. Algorithms

Dataset Algorithm Number of Transmitted | Saved Communication
Parameters Overhead
Proposed 640 99.9%
FedRep [107] | 533248 3.6%
MNIST FedAvg [7] 553406 0%
APFL [105] | 553406 0%
Proposed 640 99%
FedRep [107] | 54200 14.1%
CIFAR-10 FedAvg [7] 63106 0%
APFL [108] 63106 0%
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Figure 4.2: Comparison of learning performance under homogeneous models:
(a) different algorithms on the MNIST dataset; (b) different algo-
rithms on the CIFAR-10 dataset; (c) different scheduling patterns
on MNIST and CIFAR-10 datasets.
algorithm converges faster than the benchmarks. A similar experiment conducted on
the CIFAR-10 dataset is shown in Fig. 4.2(b). Similar to the results on the MINIST
dataset, the proposed algorithm outperforms the benchmarks. Specifically, it improves
6.65% accuracy when 10 devices are scheduled in each round. Although the proposed

algorithm has similar accuracy to the FedRep when scheduling 50 devices in each round,

it converges faster than the latter.

Fig. 4.2(c) presents the test accuracy of the proposed KFL algorithm with different
device scheduling patterns on MNIST and CIFAR-10 datasets. It is observed that the
descend scheduling pattern converges faster than the other two scheduling patterns on
these two datasets. This experimental result verifies the theoretical results in Remark 3,

which indicates that more scheduled data volume should bias to the early rounds if the



Chapter 4. Knowledge-aided Federated Learning over Wireless Networks 82

entire scheduled data volume are fixed.

4.5.2 Performance Evaluation with Heterogeneous Models

In this subsection, we verify the effectiveness of the proposed KFL algorithm by com-
paring it with the FedKD [109], which is a knowledge distillation-based FL algorithm.
Note that in this subsection, devices are equipped with heterogeneous local models, and
do not consider the energy and bandwidth limitations. Since the knowledge distillation
process requires aggregating devices’ model output logits on an additional proxy dataset,
we sample 50 data samples from each class (for both MNIST and CIFAR-10) to construct
the proxy dataset with 500 data samples. Note that as stated in the experimental setting,
our proposed algorithm only requires devices to upload 640 parameters in each round,
reducing 87% of transmission costs compared with the knowledge distillation-based algo-
rithm because the latter requires devices to upload 500 x 10 = 5000 parameters in each

round.

Fig. 4.3 presents the test accuracy of the proposed KFL algorithm and the knowledge
distillation-based FL algorithm under heterogeneous devices’ models. Fig. 4.3(a) shows
the results of the MNIST dataset. Compared to the FedKD algorithm, the proposed KFL
algorithm achieves a slight test accuracy improvement, i.e., 0.61% when 10 devices and
0.59% when 50 devices participate in the per-round training. In addition, the proposed
KFL algorithm convergences faster than the FedKD algorithm. Fig. 4.3(b) presents
the results of the CIFAR-10 dataset which is more complex than the MNIST dataset.
The proposed KFL algorithm obtains a more distinct learning performance gain on the
CIFAR-10 dataset, i.e., compared to FedKD, improving 4% and 9.35% accuracy when
10 and 50 devices participate in per-round training, respectively. In fact, the learning
performance of FedKD or other knowledge distillation-based FL algorithms heavily relies
on the quality of the proxy dataset. In practical applications, the additional proxy
dataset may not always be available, and its quality is usually not very high. Thus, the

proposed KFL algorithm is flexible for practical scenarios. Fig. 4.3(c) shows a similar
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Figure 4.3: Comparison of learning performance under heterogeneous models
(a) different algorithms on the MNIST dataset; (b) different algo-
rithms on the CIFAR-10 dataset; (c) different scheduling patterns
on MNIST and CIFAR-10 datasets.
result to the experiment under homogeneous models, indicating that more data sample

volume should be scheduled in the earlier rounds when the total scheduled data volume

in the entire learning course are fixed.

4.5.3 Performance of the Proposed Device Scheduling Algorithm

This subsection evaluates the proposed device scheduling algorithm in the wireless net-
work by comparing it with two benchmarks. Note that devices in this subsection are
equipped with heterogeneous models. 1) Round Robin Scheduling Policy [110]: In each
round, the round robin policy selects a set of devices with the size of 5 (for both MNIST
and CIFAR-10 dataset) that have sufficient energy to support its current local training
and knowledge uploading to participate in the training process. This policy contributes
a fairness scheduling among devices. The size of the scheduled device set of the round
robin is determined by the maximum overall scheduled devices of other scheduling algo-
rithms divided by the number of rounds. 2) Myopic Scheduling Policy [111]: For each

device k, the available energy in round ¢ is given by the remaining energy divided by

-1
Ek—Zﬁ/:O ag o By g
T—t+1

the remaining number of rounds, i.e., . Note that, in this subsection,

devices are equipped with heterogeneous models. For the proposed algorithm, we set
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algorithms on the MNIST and CIFAR-10 datasets.

Ve = % (Vt € {0,1,---,T —1}). In addition, to compare the energy usage in the training

process, we define the normalized cumulative energy usage as the maximal value of the

proportion of consumed energy to the overall energy across devices till ¢-th round, i.e.,

maxgeic

t
thzl ak,t’Ek,t’

Ey

Fig. 4.4(a) and Fig. 4.4(b) compare the test accuracy and normalized cumulative

energy usage of the scheduling algorithms on the MNIST dataset. It is observed from

Fig. 4.4(a) that the proposed algorithm obtains a faster convergence speed and higher

test accuracy than the benchmarks. From Fig. 4.4(b), we can see that the proposed
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scheduling algorithm with V' = 0.01 and V = 0.1 have higher energy usage in the
beginning 30 rounds than benchmarks. This induces a faster convergence speed of the
proposed algorithm. Particularly, the proposed algorithm with V' = 0.01 has the same
energy usage as the Adaptive Myopic algorithm. Both satisfy the energy constraints of
devices (at the end of the training process, the normalized cumulative energy usage is
smaller than 1). However, the proposed algorithm with V' = 0.01 achieves better learning
performance. This performance gain comes from the proposed algorithm enabling devices

to use energy more flexibly, thus improving the training performance.

Similar comparison is made on CIFAR-10 dataset in Fig. 4.4(c) and Fig. 4.4(d).
It is also observed that the proposed online device scheduling algorithm outperforms
the baselines in accuracy and convergence speed. From Fig. 4.4(d), we can see that
the proposed algorithm enables devices to consume more energy in the earlier rounds
compared to the baselines, which indicates that the proposed algorithm schedules more
data samples in the early rounds. Thus, based on Remark 3, the proposed algorithm
obtains better learning performance than the baselines. Particularly, the proposed algo-
rithm with V' = 0.1 enables devices to exhaust their energy in the former 100 rounds
and achieve the best learning performance. The round robin algorithm enables devices
to consume energy uniformly throughout the process. While for the Adaptive Myopic
algorithm, the energy consumption at the former rounds exceeds the budget, and thus no
devices are scheduled. In fact, the proposed algorithm schedules devices in the descend
scheduling pattern, while Adaptive Myopic schedules devices in the ascend scheduling
pattern and Round Robin schedules devices in the uniform scheduling pattern. Thus,
the result in Fig. 4.4(a) and 4.4(c) also verified the correctness of our theoretical analy-
sis in Remark 3, i.e., more data samples should be scheduled in the early rounds under

restricted resources budgets.
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4.6 Summary

In this chapter, we have developed a novel KFL framework which aggregates devices’
knowledge to enable collaborative training between devices. The benefits of this frame-
work are three folds: 1) Allowing devices with heterogeneous models to train machine
learning models collaboratively. 2) Significantly reducing the communication overhead
of devices compared to conventional model aggregation-based FL approaches. 3) Miti-
gating the impact of non-IID data distribution among devices on learning performance.
Experimental results show that compared to conventional model aggregation-based FL
algorithms, the proposed KFL framework is able to reduce 99% communication load
while boosting 2.1% and 6.65% accuracy on MNIST and CIFAR-10 datasets, respec-
tively. In addition, we have theoretically and experimentally revealed that more sched-
uled data samples should be biased to the early rounds if the scheduled data samples
of the entire learning process are fixed. With this insight, we have developed an effi-
cient online device scheduling and resource allocation algorithm to improve learning
performance under devices’ limited energy budgets. Experimental results show that the
proposed online device scheduling algorithm converges faster than the benchmark device
scheduling algorithms. In the future work, we will optimize the local models’ design
according to the devices’ computing capabilities and datasets for further improving the

learning performance of KFL.



Chapter 5

Robust Federated Learning for
Unreliable and Resource-limited

Networks

5.1 Introduction

Most existing FL algorithms assume an error-free wireless channel and ignore the unreli-
able nature of wireless communications [21]. Due to devices’ constrained transmit power
and bandwidth, it is hard to guarantee all the scheduled devices successfully transmit
their parameters to the edge server [22]. This brings a new challenge for FL to enhance
the robustness of the training process and mitigate the impact of erroneous transmission.
An intuitive solution [23] is to discard the devices’ parameter with errors, but it further
reduces the number of participating devices and exacerbates the performance loss of FL.
Thus, it is essential to develop innovative approaches for FL to address the scarcity of

radio resources and the unreliability of wireless transmissions.

To mitigate the adverse impact of unreliable wireless channels and limited resources

87
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on FL, this work aims to jointly design the wireless network and learning mechanism to
enhance the robustness of the training process and improve the learning performance of
FL. Inspired by the success of using stale model parameters to accelerate the training
process in asynchronous FL [104], we propose a novel FL framework which recycles the
latest historical local gradients received at the edge server to update the global model in
each round. It is worth mentioning that unlike [57, 58] that utilize the past local models to
replace the transmission-failure devices’ model for global aggregation, this work recycles
devices’ gradients to update the global model and achieves a better learning performance
which verified in our simulations. In addition, we investigate the effect of partial device
participation and the staleness of local gradients on the convergence bound. The main

contributions of this work are summarized as follows:

e To cope with limited resources and unreliable channels in wireless networks, we
propose a novel FL framework, i.e., FL with gradient recycling (FL-GR), which
recycles the historical gradients of unscheduled and transmission-failure devices for
global model updates. This framework can achieve faster convergence speed and
higher accuracy than the conventional FL that only aggregates the successfully
received local models. In addition, we formulate a joint device scheduling, resource
block (RB) allocation, and power control problem to minimize the global loss, in

which training latency and devices’ energy consumption are considered.

e For the convenience of implementation in practical wireless networks, we propose
a memory-friendly FL-GR that is equivalent to FL-FR, but with low memory
space requirement of the edge server. Then, we theoretically analyze how the
wireless network parameters affect the convergence bound of FL-GR. Based on the
convergence bound, we define a new objective function, i.e., the average staleness of
local gradients, and transform the global loss minimization problem into an explicit

one for device scheduling, RB allocation, and power control.

e To solve the transformed problem, we first find the devices’ optimal transmit power

control policy under any given RB allocation policy. Then, we transform the orig-
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Figure 5.1: Illustration of conventional FL framework and the proposed FL-
GR: (a) Conventional FL only uses the current successfully
received gradients from scheduled devices to update the global
model. (b) The proposed FL-GR recycles the latest historical
successful transmitted gradients of unscheduled and transmission-
failure devices for the global model update. (¢) Memory-friendly
FL-GR.

inal global loss minimization problem into a perfect bipartite matching problem.

Through detailed analysis, we further transform the bipartite matching problem

into equivalent linear programming whose optimal solution can be effectively solved

with polynomial time complexity.

e We provide extensive experimental results on real-world datasets (i.e., MNIST,
CIFAR-10, and CIFAR-100) to demonstrate the effectiveness of the proposed FL-
GR and device scheduling algorithm. Compared to the FL algorithm without gra-
dient recycling, FL-GR achieves over 4% accuracy improvement. In addition, the
proposed device scheduling algorithm outperforms the benchmarks in convergence

speed and test accuracy.

This rest of this chapter is organized as follows: Section 5.2 introduces the pro-
posed FL-GR and system model, then formulate a global loss minimization problem. A
memory-friendly implementation of the proposed FL-GR and the convergence analysis
are illustrated in Section 5.3. Section 5.4 illustrates the proposed device scheduling, RB
allocation, and power control algorithm that solves the global loss minimization prob-
lem. Section 5.5 verifies the effectiveness of FL-GR and the proposed device scheduling

algorithm by simulations. The conclusion is drawn in Section 5.6.
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5.2 System Model and Learning Mechanism

In this work, we investigate an FL system under a noisy and resource-limited wireless
network, where the unreliable property of the wireless uplinks, i.e., transmission error, is
considered. To tackle the transmission error effect on FL performance, we propose a new
FL framework in which the edge server recycles the historical latest received gradients
of unscheduled and transmission-failure devices to accelerate the learning process. In
addition, we characterize the learning costs of the proposed FL framework and formulate

an optimization problem to minimize the global loss function.

5.2.1 Federated Learning System

The considered FL system consisting of one edge server and K devices indexed by K =
{1,2,---,K}. Each device k (k € K) has a local dataset Dy with Dy = |Dj| data
samples. Without loss of generality, we assume that there is no overlapping between
local datasets from different devices, i.e., Dy N Dy, = O (Vk,h € K). Thus, the entire
dataset is denoted by D = U{Dj} , with a total number of samples D = Zszl Dy,.
Given a data sample (x,y) € D, where € R? is the d-dimensional input data vector,
y € R is the corresponding ground-truth label. Let f(x,y;w) denote the sample-wise
loss function, which captures the error of the model parameter w on the input-output
data pair (x,y). Thus, the local loss function of device k that measures the model error
on its local dataset is given by

F(w)= 7 Y feyw), (1)

k

Accordingly, the global loss function associated with all distributed local datasets is given

by
K
F(w) = ppFi(w), (52)
k=1

where pj, is the weight of device k such that py > 0 and Zszl pr = 1. Similar to many

existing works, e.g., [25] and [34], we consider a balance size for local datasets and set
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Pk = 7,k € K.

The objective of the FL system is to train a global model, w, so as to minimize
the global loss, F(w), on the whole dataset, D. The optimization objective of FL
can be expressed as min F'(w). To preserve the data privacy of devices, the devices

w

collaboratively train w by periodically uploading local models or gradient information

to the edge server for aggregation instead of transmitting the raw training data.

5.2.2 FL with Gradient Recycling

To address the unreliable transmissions and limited resources in the FL system, we
propose a new FL framework, namely FL with gradient recycling (FL-GR), in which the
edge server maintains a gradient array {Gy : Vk € K} that caches the latest successfully
received gradients for all devices and uses them for the global model update. Note that,
at the beginning of The FL process, the gradient array is initialized as G+ = 0 (Vk € K).
The learning process consists of T' global rounds and performs the following steps in each

round ¢t (t € {0,1,---,T —1}.

e Step 1 (Global model broadcast): The edge server selects a subset of devices to
participate in the current round training process and then broadcasts the latest global
model, wy, to the selected devices. Let oy € {0,1} to denote the scheduling indicator
of device k, where a;; = 1 indicates that device k is scheduled in round ¢, oy, = 0
otherwise. We use Sy = {k : ag; = 1,Vk € K} to represent the device scheduling

decision in round ¢.

e Step 2 (Local model training): After receiving the global model from the edge
server, each scheduled device updates its local model by running A steps SGD on its

local dataset, according to

ot =l Bl W =0, A1, 53
@

where wy ., is the local model of device k in the [-th local iteration in round t with
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w’(gog = wy, and ) > 0 is the learning rate. In (5.3), the stochastic gradient @Fk(w&) is
given by
= ! 1 !
VE(wiy) = >, Vi@ ywp), (5.4)
(z,y)eB),

where B,(Cl)t is a mini-batch data uniformly sampled from Dy, with L, = |B,(€l1\ data samples.
e Step 3 (Local gradient uploading): After accomplishing local model training,

each scheduled device k (k € K) uploads its cumulative local stochastic gradient g ; to

the edge server. gj; is given by

A—1

- = l 1 A

Gri= VFk(w,i;) = (wt - wl(c,t)) : (5.5)
=0

Due to the unreliable wireless channels, the local gradient may not be successfully trans-

mitted to the edge server. Let s;; € {0,1} denote the successful transmission indicator

of device k in round ¢, where s;; = 1 represents the uploaded information of device k is

successfully received at the edge server, s;; = 0 otherwise.

e Step 4 (Global model update): After the edge server receives the local gradients

from the scheduled devices, the edge server updates the gradient array as

Gk, A agespe =1,
G = Vk e K. (5.6)
G i1, otherwise,
In (5.6), the edge server only refreshes the scheduled and successfully transmitted devices’
gradient and maintains the latest historical successfully received gradients for unsched-
uled or transmission-failure devices. Then, the edge server updates the global model
as
1 X
W1 = Wt — 7]? Z Gk,t

k=1
K

1 -
=w; — nKkZ1 (ak,tsk,tgk,t + (1_ak,t8k,t)Gk,t—1)- (5.7)
Note that, in (5.7), the edge server utilizes the successfully received gradient from sched-

uled devices in the current round and the historical latest received gradients of unsched-

uled or transmission-failure devices to update the global model. This differs from the
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existing works in [35, 51-55] that only aggregate the scheduled and successfully trans-

K ~
Zk:1 QL tSk,t9k,t

mitted devices’ gradient to update the global model, i.e., w1 = wy — 7 SR s
k=1 %k, tSk,t

For the proposed FL-GR, we have the following remark:
Remark 4. The recycling of historical local gradients in FL-GR has lower model aggre-
gation error than the approaches in [57, 58] that reusing of historical models. For ease of
comparison, we define the perfect updated global model based on all devices’ local models
as wy | = % Zle W 41 = wt—n% Zle gkt Note that, in [57, 55], the updated global
model in round (t+1) is wi | = % Zszl(ak,tsk,twk,tH+(1—ak,tsk,t)wm_mtﬂ), where
Trt 45 the interval between the current round t and the last round that device k received
global model. Thus, the aggregation model error of reusing local models in [57, 55] is

given by

A = ||y — wit
2

1 K
- ? Zkzl(l - ak»tsk7t> (wk,t+1 - wk‘,t*Tk,t+1)
2
1 K R )
K Zkzl(l — Qg Sk ) (W — NGkt — Wht—my,, T NGk t—7,,)

The aggregation model error of reusing gradients is given by

2
1

K ~ ~
Bg = (N3 Zk:l(l — Ok t5kt) (Ght—ryr — Ghot)

Based on the triangle inequality, we have Ay, > Ay, i.e., the proposed approach that recy-
cles historical local gradients has a smaller model aggregation error than the approaches
in [57, 58] that reuse past local models. Thus, the proposed FL-GR outperforms the

approaches in [57, 58], which is also verified in our simulations in Section 5.5.

In addition, it is worth mentioning that without gradient recycling, our FL-GR

degrades to the FedAvg algorithm [7]. For illustrating this, we rearrange the model
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update rule in (5.7) as
K

K
1 1
Wil = Wi — U Z Gt = K Z (wi — nGy)
k=1 k=1
1K K
e (Z ap Skt (wy —NGry) + Z 1 — o tSkt) nGk,t))
k=1

@ (Zak Skt Wht+1 + Z 1 — apsp)w > (5.8)

where (a) is due to without gradient recychng, the unsuccessful participating devices’
gradients are 0. From (5.8), without gradient recycling, the global model is updated
as averaging all devices’ models, which includes the successful participating devices’
updated models and the unsuccessful participating devices’ models that are replaced
with the current global model. Thus, without gradient recycling, FL-GR will degrade to
FedAvg.

To better explain FL-GR, we illustrate the conventional FL framework and FL-GR in
Fig. 5.1. Assume that one edge server and four devices are in the system to perform three
rounds of the FL process. At the beginning of the FL, the edge server initials the global
model wg and the gradient array for all devices to 0. Take round 2 as an example, in
which devices 1, 3, and 4 are scheduled to participate in the learning process, and device
1 cannot successfully transmit its gradient. The conventional FL in Fig. 5.1(a) only
aggregates the successfully transmitted devices’ gradients (gz 2 and gs2) to update the
global model, i.e., w3 = w9 — %77(@3,2 +ga42). However, the FL-GR in Fig. 5.1(b) utilizes
the successfully received gradients (gs2 and gs42) and the historical received gradient
of unscheduled or transmission failure devices (G2 = g1,1 and G22 = g2) to update
the global model, i.e., wes = wy — in(gm + g2.0 + g32 + ga2). It is worth mentioning
that although FL-GR recycles the historical local gradients to update the global model,
it differs from the asynchronous FL [104]. The asynchronous FL broadcasts the global
model to all devices at the beginning of FL, while FL-GR only broadcasts the global
to the scheduled devices. In addition, the global model update rule in (5.7) also differs

from the asynchronous FL [104].
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5.2.3 Computation model

Let C) denotes the number of CPU cycles required for device k (k € K) to process one
data sample, which can be measured offline as a priori knowledge. Let fj, represents the
computation capability (CPU cycles per second) of device k. Thus, the computational

time of local training is given by

TS, = . (5.9)
The corresponding energy consumption of device k is
c _ 2

By = kALyCr(fr), (5.10)

where & is the energy coefficient of devices, which depends on the chip architecture.

Note that we have ignored the computation cost of global model update at the edge
server and focused on resource-limited edge devices since the edge server usually has

strong computation capabilities and is supplied by the grid power.

5.2.4 Communication Model

In this work, we consider the orthogonal frequency division multiple access (OFDMA)
with R RBs indexed by R = {1,2,-- -, R} for devices to upload their local gradients. Each
device can occupy one uplink RB in a communication round to upload its local gradient.
Let z; = (z,(clt), z,(fg o ,z,(j)) denote the RB allocation vector for device k& in round ¢,
where z,grz € {0,1}, z,grz = 1 indicates that the m-th resource block is allocated to device
k, and z,(;:g = 0 otherwise. For ease of representation, we use Z; = (214,224, , 2K.t)
denote the RB allocation decision for all devices in round ¢. Denote pj,; as the transmit
power of device k in round ¢, its maximum value iS ppmax. The channel gain from
device k to the edge server is modelled as hy; = pi.(t)d, ”, where py(t) is the small-scale
fading gain between device k and the edge server, dj, is the distance between device k

and the edge server, and v being the path loss exponent. We consider Rayleigh fading,

ie., pr(t) ~ exp(l), and it is independent and identically distributed across devices and
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rounds. Thus, the achievable transmit rate of device k in round ¢ is

R
Dk,thi,

e =S (e 2 )
T

r=1

where B is the bandwidth of each resource block, Ny is the noise power spectral density,
I, is the interference caused by the devices that are located in other service areas and
use the same RB [35]. It is noted that each device can only occupy at most one resource
block, and each resource block can be accessed by at most one device. Thus, the RB

allocation policy for devices should satisfy Zle z,(:t) <1 and Zszl zl(:t) <1

Let @ denote the size of each gradient, i.e., the number of bits used to quantify the
gradients. If device k is scheduled to participate in the training process of round ¢, its

transmission time is given by

Ty = @ (5.12)

Tk,t(zk,h pk,t) '

The corresponding energy consumption of device k for transmission is

EY, = piaTiy- (5.13)

5.2.5 Successful Transmission Probability

In this work, we consider characterizing the unreliability of uplink transmissions of
devices by the successful transmission probability. Before studying the uplink success
probability, we assume the downlink transmission is always successful, i.e., devices suc-
cessfully receive the global model. It is worth mentioning that this assumption is valid
since the edge server usually has more transmit power and can occupy more RBs for the

global model broadcasting compared to devices.

Let 74, denotes the signal to interference plus noise ratio (SINR) threshold for suc-

cessful data decoding. The successful transmission indicator of device k in round ¢ is

ske = 0Ly 201 (SINRY) = 7 ), where SINR{) = P55 is the SINR of device & in

m-th RB. The successful transmission probability of device k& through m-th channel in
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round ¢ is given by

h
pe (S0 2 ) = e (5 2 )
T

I, + BN,
= Pr (Pk(t) > W)
pk,tdk
_ %nUr+BNg)
= € pk,tdl;v ; (514)

where e refers to the Euler’s number.

5.2.6 Problem Formulation

In this work, we aim to minimize the global loss function after 7' training rounds in
the resource-limited and unreliable wireless network. To this end, we formulate an
optimization problem to jointly optimize device scheduling, RB allocation, and power

control as follows:

min E[F(wr)] (5.15)
{8¢Ze,pe )4
s.t. Epy+ Efy < Epmax, Vk € K, V4, (5.15a)
T, + Ty < Thnax, Vk € K, V8, (5.15b)
2} € {0,1} Yk € K,Vm € R, ¥, (5.15¢)
R
Sl <1,Vk e kv (5.15d)
r=1
K
Sl <1, e RV, (5.15¢)
k=1
0 < Dkt < pk,maX7Vk S ]C7Vt7 (515f)
okt €{0,1},Vk € K, Vt, (5.15g)

where (5.15a) stipulates that the energy consumption for each participating device k
(k € K) in each round cannot exceed its budget Ek max. Tmax in (5.15b) is the maximum
delay of one-round FL training. (5.15¢), (5.15d) and (5.15e) correspond to the RB
allocation restrictions, indicating that one device can occupy at most one RB for uplink

transmission, and one RB can only be allocated to one device. (5.15f) is the devices’
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transmit power constraint. (5.15g) indicates which devices are scheduled in each round.

Solving problem (5.15) requires the explicit form of the global loss function related to
the device scheduling, power control, and RB allocation policy. However, the evolution of
machine learning models in the learning process is very complex. It is almost impossible
to find an exact analytical expression of E[F (wr)] with respect to Sy, Z;, and p;. Thus,
we turn to find an upper bound of E[F(wr)] in Section 5.3.2 and minimize it for the

global loss minimization.

5.3 Memory-friendly FL-GR and Convergence Analysis

In this section, to improve the implementation feasibility of the proposed FL-GR in
practical wireless networks, we first propose a memory-friendly FL-GR that is equiva-
lent to the proposed FL-GR in Section 5.2.2 but with low memory requirements of the
edge server. Then, we theoretically analyze the convergence bound of FL-GR to reveal
how the device scheduling, RB allocation, and power control policies affect its learning
performance. Motivated by this, we define a new objective function, i.e., the average
staleness of local gradients, to transform problem (5.15) into a tractable one for guiding

the wireless network design.

5.3.1 Memory-friendly FL-GR

It is worth mentioning that implementing the proposed FL-GR in Section 5.2.2 requires
the edge server to maintain a huge array to cache the latest gradient information for
each device. Thus, the cache size requirement of the edge server in FL-GR scales with
the model size and the number of devices. This may restrict the scale of the wireless
FL system since the server’s memory may be exhausted when the number of devices is
very large. To address this issue, we propose a memory-friendly FL-GR in which
each device k£ maintains a gradient array G} to cache its previous latest gradient,

and the edge server maintains a gradient array Gy to cache local gradients’ aggregation
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information. Then we replace step 3 and step 4 in Section 5.2.2 with the following steps:

e Replace Step 3 in Section 5.2.2 with: After all selected devices accomplish local
model training, they upload the difference between their current and the previous

latest cumulative gradient, i.e., gp s — Gk -1, to the edge server.

e Replace Step 4 in Section 5.2.2 with: The edge server updates G; as Gy = Gy_1 +
% Zszl a5kt (Grt — Gre—1), and all devices update their gradient array Gy .
according to (5.6). Then, the edge server updates the global model as w1 =

we — nét

By replacing step 3 and step 4 in Section 5.2.2 with the above two steps, the edge
server distribute the memory requirement to the devices and form a memory-friendly
FL-GR algorithm, as shown in Fig. 5.1(c). For this memory-friendly FL-GR algorithm,

we have the following theorem.
Theorem 3. The memory-friendly FL-GR which formed by replacing step 3 and step 4

in Section 5.2.2 with the above two steps is equivalent to the proposed FL-GR in Section
5.2.2.
Proof. We prove Theorem 3 by Mathematical induction. Firstly, the maintained gradient

array G at the edge server satisfies:

K
_ _ 1 ~
G =G+ e ; Oék,tsk,t(gk,t - Gk,t—l)

K
_ 1
=G+ Ve ; (Gk,t — Gk,t—l) . (5.16)

Note that at the beginning of the learning process, the devices’ gradient array G, 1 and

the server’s gradient array G_; are all initialized with 0. Thus, when ¢ = 0, we have
| X
Go=G_1+ 174 (Gro— Gg-1)

k=1

1

When t =1,
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1« 1 &
ZEZGmﬂLGo—EZGk,O
k=1 k=1

K

1
=% > G (5.18)
k=1

Similarly, we can conclude that for any ¢, Gy = % Zle G is established. Thus, the
updated global model by this memory-friendly FL-GR is w41 = wy — nGy = w; —
?7% Zszl G|+, which is equivalent to update rule of the global model in (5.7) in Section
5.2.2. O

According to Theorem 3, one can implement the above memory-friendly FL-GR
to achieve an equivalent learning process with the proposed FL-GR in Section 5.2 in
practical wireless networks. It is worth mentioning that the computation costs, com-
munication costs, and the learned global model of these two algorithms are the same.
The memory-friendly FL-GR only reduces the edge server’s memory requirement com-
pared to FL-GR. For clarity, we summarize the detailed steps of this memory-friendly
implementation of FL-GR in Algorithm 7. In the following, we focus on analyzing the
convergence performance of FL-GR and transform problem (5.15) into an tractable one

for device scheduling, RB allocation, and power control.

5.3.2 Convergence Analysis

For the simplicity of notation, we define the local full gradient on device k in the I-th local
iteration of the ¢-th round as VFk('w,(ﬁli) = Dik >wen, V(@ y; 'w,(glzf) Let F(w*) denote
the loss function of the optimal global model w*, and 7 = nA as an auxiliary variable.
In addition, it is worth mentioning that we recycle the latest historical gradients of the
unscheduled and transmission-failure devices to update the global model. To identify the

time information of devices’ gradients, we define the staleness of device k’s local gradient

as Ty,t, which evolves as

Thi—1 + 1, if agsks =0,
Tht = vk e K. (5.19)

0, if ak,tsk,t = 17
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Algorithm 7 Memory-friendly Implementation of FL-GR

1: Initialization: The edge server initials its gradient array G_; = 0 and the global model
wy, each device k (k € K) initial their gradient array as G, —1 =0

2: Server side:

3: fort=0,1,---, 7 —1do

4:  Select a subset of devices and broadcast the latest global model w; to them.

5.  if Receive the gradient information from the selected devices then

6: Update the gradient array Gy as Gy = Gy_1 + % Zszl 0 5kt (Gt — Grt—1)
7: Update the global model according to w1 = wy — nGy.

8 else

9: W41 = Wy
10:  end if
11: end for

12: Device side:

13: if Device k is scheduled then

14:  Receive the global model w; from the edge server and initial w,(ft) = wy;
15: forl=0,1,---,A—1do ’

16: Update the local model according (5.3)

17:  end for

18: Compute the cumulative stochastic gradient gy, = % ('wt — w,(:‘t) )

19: Upload the g+ — G,t—1 to the edge server.
20:  Update the gradient array G ¢ according to (5.6).
21: end if

Before starting the convergence analysis of FL-GR, we make the following standard
assumptions for the local loss functions, i.e., F}(w), Fo(w), -, Fx(w).
Assumption 7. All the local loss functions, Fi(w) (Vk € K), are L-smooth. That is,

for all v and w,
L
Fi(v) < Fie(w) + (Fic(w), v — ) + 5 o — w]*. (5.20)

Assumption 8. The stochastic gradient VFj,(w;) (Vk € K) is an unbiased estimator
of the full gradient VFy(w;), i.e., E[VFy(wy)] = VFi(w;), and its variance is upper
bounded by a constant o2, i.e., ||V F(w;) — VE(wy)|?< o2

Assumption 9. The expected squared norm of devices’ gradients is uniformly bounded

by G2, ice., |VEu(w)|* < G2, forallk=1,2,--- K and t =0,1,---, T — 1.

Assumption 7, 8, and 9 are standard and widely used in the FL literature for conver-
gence analysis, e.g., [27, 31, |. These assumptions are satisfied by the loss functions
of widely used learning models, e.g., SVM, Logistic regression, and most neural net-
works [29]. Particularly, a deep neural network defined by a composition of functions is

a Lipschitz neural network if the functions in all layers are Lipschitz [37]. It has been
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proved in [87] and [38] that the convolution layer, linear layer, some nonlinear activation
functions (e.g., Sigmoid, tanh, Leaky ReLU, and SoftPlus), and the widely used cross-
entropy function have Lipschitz smooth gradients. That is, the loss functions of most

neural networks that are consisted of Lipschitz layers are Lipschitz continuous.

Before illustrating the details of convergence bound, we introduce two lemmas based

on the above assumptions to assist our convergence analysis.
Lemma 9. Let Assumption 7, 8, and 9 hold, the learning rate satisfy n < ﬁ, the drift

of the local model from the global model after | iterations is bounded as

2 _ 4N -1D)i? 2
E[wf)) - w| < AAZ D (g2 . (5.21)

' A A
Proof. See Appendix C.1. O
Lemma 10. Let Assumption 7, 8, and 9 hold, the learning rate satisfy n < ﬁ, the

difference between the global models in two different rounds, i.e., t and t' (t > t'), is

bounded as

2L\ — 1 472 L2 (N — 1
EHwt—wt/HQ§3ﬁ2(t—t’)2<<1+8n i )>GQ+<1+” A(’Z )>02>

(5.22)
Proof. See Appendix C.2. O

Based on Lemma 9 and Lemma 10, we derive the one-round convergence bound of
the proposed FL-GR in Theorem 4 as follows:
Theorem 4. Let Assumption 7, 8, and 9 hold, the learning rate satisfy n < 2)\%, the

one-round convergence bound is given by

E [F(wiy1) — F(wy)]

= ez _ o2 54 1)g2
< (- i+ amn) VP P+ IR (g2 4 ) 4 (DT

K

R
1 ) )
+oge ;(Tk,t—l +1)? (1 — oy Z_; 2\ Pr(SINRY) > %h)>, (5.23)

where ¢ = (7] + 1) ((1 + @)G2 +(1+ (/\/\_21))02).

Proof. See Appendix C.3. O
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According to Theorem 4, the summation of the square of local gradients’ staleness,
i.e., the last term on the RHS of (5.23), is a critical factor that negatively affects the
learning convergence rate. By increasing the number of scheduled devices and their
successful transmission probabilities, the expected staleness of local gradients would be
reduced and thus accelerate the learning process. Due to the limited wireless resources,
one should carefully design the device scheduling, RB allocation, and power control to
improve the number of devices with successful transmission while satisfying their energy

and delay constraints.

Based on Theorem 4, the convergence performance of FL-GR after T training rounds
is given by the following corollary.
Corollary 2. Let the assumptions in Theorem 4 hold, the expected gap between the global
loss after T training rounds and the optimal loss is bounded by

1—(1—7L +67L%)T
AL — 67L2

Constant term

T— K R
Zl_m“”lt S (i 12 <1_ak,tzz;fgprSINR;gz >>,
t=1 k=1 r=1

Cumulative staleness of local gradients

E[F(wr) — F(w*)] < (1 = 7L + 67L*)"E [F(wo) — F(w")] +¢;

Initial gap

(5.24)
where ¢ = (77+3771’1)( )(2G2 )+ (n+1)

Proof. See Appendix C.4. O

From Corollary 2, the expected gap between the global loss after T rounds and the
optimal loss is bounded by three terms: 1) the initial gap between the global loss and
the optimal loss. 2) a constant term related to the system hyperparameters caused
by multiple local iterations (A > 1) and stochastic gradient error. 3) the cumulative
staleness of local gradients over T training rounds. The first two terms determined
by the system hyperparameters and the initial global model are unrelated to device
scheduling, RB allocation, and power control policies. The last term is highly related

to the wireless network design, which indicates that an out-of-date local gradient may
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degrade the learning performance. To minimize the global loss function and improve the
learning performance, one should carefully design the device scheduling, RB allocation,
and power control policy to minimize the average staleness of local gradients (last term
on the RHS of (5.24)) for preventing the over stale local gradients. For the global loss
optimization, we have the following remark:

Remark 5. It is worth mentioning that similar to many ezisting works, e.g., [30, 92],
the available devices and wireless resources in problem (5.15) are independent across dif-
ferent rounds. Thus, the convergence bound in (24) can be minimized by directly mini-

K
mizing the average staleness of local gradients in each round, i.e., % > (k-1 + 1)2 (1 —
k=1
R
it Y z,(fz Pr(SINR,(Jz > fyth)>. Inspired by this, we define a new objective function
:1 b b
T S ) (r)
based on Theorem 2 and Corollary 1, i.e., & > (Tg—1+1)? <1—ak7t >z, Pr(SINR;, >
k=1 r=1 ’

’Yth)), which directly minimizes the upper bound on E[F (wi4+1) — F(wy)] in each round

and achieves the minimization of the T-rounds convergence bound in (5.24).

5.4 Optimal Device Scheduling, Resource Allocation, and

Power Control

In this section, we propose an effective device scheduling, RB allocation, and power con-
trol algorithm that solves problem (5.15). Towards this end, we first transform problem
(5.15) into a tractable one based on the convergence analysis in Section 5.3.2. Then, we

solve the optimal power control and RB allocation policies in an effective manner.

5.4.1 Problem Transformation

The convergence analysis results in Theorem 4 and Corollary 2 reveal how the wireless

network design affects the learning performance of FL-GR. According to Remark 5, we
K R

transform problem (5.15) into minimize & > (7¢—1 +1)* (1 — Qg ) z,(;g Pr(SINRI(:z >
k=1 r=1 ’
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’Yth)> in each round through device scheduling, RB allocation, and power control poli-

cies. Since ay; = Zr:1 2

R _(r
it

) ¢ {0,1}, we have ayj; Zil z,grz Pr(SINR,(Jz > ) =
Zﬁ:l z,(;t) Pr(SINR](:,z > ~n). That is, when the RB allocation decision is given, the
device scheduling policy can be directly computed by oy, = Ele z,(ft) (Vk € K). There-

fore, we transform problem (5.15) into minimizing the average square of local gradients’

staleness in each round as follows:

K R
1 \ .
min k§:1(rk,t1 +1)? <1 ~ " 27 Pr(SINRY) > 'yth)> (5.25)

s. t. (5.15a) — (5.15f).

Problem (5.25) is a non-convex optimization problem which is difficult to solve. In the
following, we derive the optimal power control policy for each device under any given RB
allocation decision and transform problem (5.25) into an equivalent linear programming

problem that can be effectively addressed.

5.4.2 Optimal Power Control

For any given RB allocation policy Z;, it is straightforward to see that the power control
policies of devices do not affect each other and independently contribute to the objective
function. Therefore, the power control policy for each device can be solely optimized by
itself. With given RB allocation policy Z;, we decompose the power control optimization

problem for each device k (k € K) as follows:

min Ay (pr.) (5.26)

Pkt

s. t. (5.15a), (5.15f).

where
_ Y¢h (Ir+BNp)

hi(Prg) = —(Thp—1 + 1) Zz,(:t)e Pradp” (5.27)

r=1
Problem (5.26) is a non-convex optimization problem. To solve the optimal power

control policy, below we analyze the properties of the objective function and constraints

of problem (5.26). Firstly, the first-order partial derivative of the objective function with
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respect to py; is given by

Ohy(pr.t) 9 d (r) o P Yn (I + BNg)
= —(Tpee1 + 1 2 e Pt —,Vk: e kK. 5.28
8pk7t ( t—1 ) ; k,t pk td v ( )
Oh (pr,t)

It is straightforward to see that “oee | < 0 since pg; > 0. That is, the objective
function hy(pk) is a monotonically decreasing function with the transmit power py
(Vk € K). Thus, the optimal transmit power for each device is its maximum available
power. According to constraint (5.15a), the energy consumption of gradient informa-
tion uploading should satisfy E,gt < By max — E,gt. In addition, the first-order partial
derivative of E,Et with respect to py; satisfies

7”) pk,thk,t Pk, thk t o pk,thk,t
aE}g QZ ktB(1+Pkthkt)1n2(<l+IT-+BN0>1 (1+I+BN0> I7.+BN0>
,t

r=1 I, +BN,

Opk 1 B h 2
(5 atimom (1+ 2295 ) )

r=1

> 0,

(5.29)
where the inequality is because In(1+ x) > 7, for z > 0. Therefore, EY, is monotoni-

cally increases with py, ;. Hence, the transmit power of device k should satisfies py, ; < pE}t,

P ,Q
T‘k,t(zk,tvp]]at)

where pgt satisfy = B max — KALyC}, f,? Combining with constraint (5.15f),

the optimal power control policy for device k is

plt,t = min{pg,tapk,max}aVk € IC, (5.30)

P, Q
Tk,t(zk,up];at)

where pEt satisfy = Ef max — /f)\LbC’kf,?.

5.4.3 Optimal Resource Block Allocation

Up to now, we can compute the optimal power control policy for each device k (k € K)
with any allocated RB m (m € R) based on (5.30), denoted by pj, (7). Thus, we compute
the optimal power control policy for all devices in all RBs (i.e., {p’,;t(r) :Vm € R,Vk €
K}) and substitute them into problem P to simplify it as the following RB allocation

problem.

_ Yh(Ir+BNgp)

K R
]. * —v
max — E g z,@ (Thio1 +1)%e  Pht% (5.31)
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5.t (5.15¢), (5.15d), (5.15¢),
ALC, n Q
e Tt 2kt Dk (7))

< T max, Vk € K, Ym € R. (5.31a)

Problem (5.31) is a typical non-linear integer programming problem which is difficult
to solve. Below we transform it into a maximum weight perfect bipartite matching

problem and find its optimal solution within polynomial time.

To transform (5.31) into a bipartite matching problem, we construct a complete and
balanced bipartite graph G = (V, £), where V = K UR is the vertex set, and & is the set
of edges that connect the vertices in K and R. In G, each vertex k in K corresponds a
device k. R = RUR, is an extended set of R, where each vertex r in R corresponds to
RB r. R, is the virtual vertex set used to construct a balanced bipartite graph G, which
makes the size of R equal to the size of K, i.e., |R|= |K|. The weight of edges in G is

given by:
_ 2 Ur+BNg)

2 Py (T)di’u : )\LbCk Q
(Theaa 1% Pt A S e < Thmao k€K €R,

0, else.
(5.32)
Note that this work assumes that the number of devices exceeds the number of RBs.
When the number of RBs exceeds the number of devices, we can introduce a virtual
device set K, such that the |KC|+|/Cy|= |R|, and construct a similar graph to the case of
IK|> |R].

According to the above-defined bipartite graph G, we transform (5.31) into a maxi-
mum weight perfect bipartite matching problem, which aims to find a perfect matching
H of G maximizing ) .4 Agr. Let O, € {0,1} be the edge connecting vertex k (k € K)
and vertex r (r € R), where 0, = 1 denote that RB r is allocated to device k, and
O = 0 otherwise. For the sake of presentation, we use 8y = {0y 1,02, '79k,|ﬁ|} to

denote the connection indicator of device k to all the RBs. Hence, we formulate the
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bipartite matching problem as the following optimization problem.
K IR|

max Z Z O Ag (5.33)

i o=

R
st Y Opp=1VEkeK, (5.33a)
r=1
K
Y Orr=1YreR, (5.33b)
k=1
O, € {0,1},Vk € K,Vr € R. (5.33¢)

It is worth mentioning that any solution to problem (5.33) corresponds to a perfect
matching of graph G. However, problem (5.33) is a linear integer programming, which is
still difficult to solve. By relaxing the integrality constraint (5.33c), we can obtain the

following linear programming problem:
K [R|
max Z Z O Ay (5.34)
{0} k=1r=1
s. t. (5.33a), (5.33b),
0 <6, <1,VkeK,¥reR. (5.34a)

Problem (5.34) is the linear programming relaxation of problem (5.33), which can be
solved by using the current matrix multiplication time algorithm [113] with time com-
plexity of O((K?*1/6)2) since it has K? variables (i.e., 04, : k € K,r € R). Note that
in problem (5.34), each row in the coefficient matrix corresponding to (5.33a) and con-
straint (5.33b) only contains a ‘1’. This implements that each square submatrix of this
coefficient matrix has a determinant equal to 0, +1, or -1. Thus, this coefficient matrix
is a totally unimodular matrix. Based on [111], the optimal solution of problem (5.34)
is an integer solution which is equal to the optimal solution of problem (5.33). That is,
the optimal solution of (5.33) can be obtained by directly solving problem (5.34). In the
above analysis, we first transform problem (5.25) into an equivalent maximum weight
perfect bipartite matching problem, i.e., problem (5.33). Then, we further transform
problem (5.33) into its equivalent linear programming (5.34). It is worth mentioning

that these are two equivalent transformations and do not change the optimality of prob-
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lem (5.25). Thus, the optimal solution of problem (5.25) can be addressed by first solving
the optimal solution of problem (5.34). When the optimal solution of problem (5.34)
is found, the optimal RB allocation is determined. Furthermore, the optimal device
scheduling policy can be computed by «aj , = Zf‘:l z,grt*) (Vk € K), and the optimal

transmit power of each device can be determined by (5.30).

According to the above analysis, we can solve problem (5.25) in an effective manner
to obtain the optimal device scheduling, power control, and RB allocation policies. For
clarity, we summarize the detailed steps of solving problem (5.25) in Algorithm 8. Firstly,
Algorithm 8 requires computing all devices’ optimal power control policies in all RBs
according to (5.30), which requires computing K x R times of power control policy and has
a time complexity of O(K R). Then, we construct a bipartite graph to transform problem
(5.25) into a maximum weight perfect bipartite matching problem, i.e., (5.33). This step
requires calculating the successful transmission probabilities for all devices in all RBs and
judging whether the devices’ delay satisfies the latency constraint. The time complexity
of this step is O(2KR). Finally, we transform problem (5.33) into equivalent linear
programming (i.e., (5.34)) and utilize the current matrix multiplication time algorithm
[113] to solve its optimal solution for obtaining the RB allocation policy. After that, we
find the optimal power control of scheduling devices based on the RB allocation policy
and compute the device scheduling policies as aj , = Zle z,(:;*) (Vk € K). Thus, the

overall time complexity of Algorithm 8 is O(3K R + (K?+1/6)2),

Algorithm 8 requires computing the optimal power control policy and successful trans-
mission probabilities for all devices in all RBs, which has a time complexity of O(2K R).
Then, we construct a bipartite graph and solve the corresponding linear programming,
and the time complexity is O((K2*1/6)2). Thus, the overall time complexity of Algorithm
8 is O(2KR + (K?t1/6)2),
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Algorithm 8 Optimal Device Scheduling, Power control, and RB allocation

1: Compute the optimal power control policy for each device in all RBs according to (5.30)
2: Compute the successful transmission probabilities for all devices with all RB, i.e.,

Pr(SINR{) > ~u) (Vk € K, Vr € R)

3: Construct a bipartite graph G = (V, £) and compute the weight of each edge in & according
to (5.32)

4: Construct the linear programming problem (5.34)

5: Solve problem (5.34) and obtain the optimal bipartite perfect matching {6},

6: Compute the optimal RB allocation policy Z; = {z,(:‘;*) :k € K,r € R}, where z,(:;*) =0k,

7. Compute the optimal device scheduling policy S} = {aj, = 1 : Vk € K}, where o, =
Ef:l ZI(CTZ*) (Vk € K)

8: Return the optimal device scheduling policy S}, RB allocation policy Z;, and power control
policy p;

Table 5-A: Network Architecture for the Classification Model

Dataset Model Name Model Architecture
MNIST MLP F: [784, 128, 10]
C: 6, M, 16, M]

CIFAR-10 CNN

F: [1600, 256, 64, 10]
C: VGG-11 feature extractor [69]
F: [512, 256, 100]

CIFAR-100 VGG-11

5.5 Numerical Results

In this section, we evaluate the performance of our proposed FL-GR and the device
scheduling algorithm. All the codes in the simulation are implemented in python 3.8
and Pytorch, running on a Linux server. We first present the evaluation setup and then

show experimental results.

5.5.1 Simulation Settings

For the simulations, we consider a cellular network with a coverage radius of 500m, in
which one base station is located at its centre and K devices are randomly distributed.
The CPU frequency of each device is randomly selected from {0.8,1.0,1.2,1.4} GHz.
We evaluate the proposed algorithm under three classification learning tasks, i.e., the
handwritten digits classification task on the MNIST dataset, as well as the image clas-
sification tasks on the CIFAR-10 and CIFAR-100 datasets. The network architectures

used for the learning tasks on these three datasets are summarized in Table 5-A, where
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Table 5-B: Simulation Parameter Settings

Parameter Value Parameter Value

K 100 R 10

B 1MHz Ny -174dBm
v 2 Y¢h 0dB

K 5 x 1027 n 0.05

T 5 Ly 64
Pk.max(Vk € K) 30mW I,(Ym € R) [10? BNy, 10° BN, |
Q(CNN) 1,962,016 Cx(CNN) 326,338,5
Q(VGG-11) 305,685,860 Cr(VGG-11) 76,421,465
Timax(CNN) 0.3s Tinax(VGG-11) 35s

Ek max(CNN) 1.0J Ek max(VGG-11) 230J

'’ denotes the fully connected module, ’C’ denotes the convolution module, "M’ denotes
the 2 x 2 max-pooling layer, and the number indicates the number of neurons in fully
connected layers or filters in convolution layers. Particularly, for the CNN used on the
CIFAR-10 dataset, the size of convolution kernels are all set to be 5 x 5. The input
and hidden layers in all the learning models are all activated by the ReLU function.
For all three datasets, we adopt a typical heterogeneous data-splitting method that is
widely used in the existing FL works, e.g., [30, 92]. We first classify the training data
samples according to their labels, then split the data samples in each class into 2K /N
shards (N = 10 on MNIST and CIFAR-10; N = 100 on CIFAR-100), and finally ran-
domly distribute two shards of data samples to each device. That is, each device has
a data distribution corresponding to at most 2 classes. That is, each device has a data
distribution corresponding to at most 2 classes. For all models, a momentum of 0.9 is
adopted and cross-entropy is adopted as the loss function. In addition, each parameter
of these models is quantitated as 16 bits [34]. For all devices in the system, each CPU
cycle can process 4 FLOPs. Thus, the required CPU cycles to process one data sample
are equal to the number of FLOPs of its model divided by 4. The parameters chosen
in the simulations are based on the parameter settings of a typical wireless FL system

[27, 33, 35, 98, ]. If not specified, the default system settings are listed in Table 5-B.
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Table 5-C: Required Rounds to Reach a Target Accuracy

Dataset S Target Accuracy Proposed | Best Baseline Saved Time
MNisT Do S % 25 M0 T
CIFAR10 |5 5o LT\
ctraron |5 60% L

5.5.2 Effectiveness of Gradient Recycling

To evaluate the effectiveness of the proposed FL-GR, we compare it with the following
benchmarks in terms of test accuracy under different numbers of successful transmission
devices (denoted as S) per round: 1) Without gradient recycling (W/GR): In each round,
the edge server only aggregates the successfully received gradients from the scheduled
devices to update the global model. This scheme is widely used in existing literature, e.g.,
[35, 52-55]. 2) FedProx [116]: FedProx utilizes a proximal term to limit the impact of
local updates for improving model performance under heterogeneous data distributions
among devices. 3) Model compensation (MC) [57, 58]: In each round, the edge server
uses the successfully received local models and the past local models of transmission-

failure or unscheduled devices for global model aggregation.

Fig. 5.2 presents the test accuracy of the proposed FL-GR and two benchmarks. It is
observed that FL-GR outperforms the benchmarks on all three datasets. In addition, the
learning performance of all three FL algorithms improved with the increasing number
of successful-transmission devices, i.e., the test accuracy of S = 10 is greater than that
of S = 5 for all three FL algorithms. Specifically, from the results on the MNIST
dataset in Fig. 5.2(a), when S = 5 devices successfully transmitted their gradients to
the edge server in each round, FL-GR achieved a 1.37% accuracy improvement compared
to the FL algorithms without gradient recycling. Although FL-GR only achieves a slight
performance gain (i.e., 0.89%) when S = 10, its learning process is more stable than the
benchmarks. Fig. 5.2(b) and Fig. 5.2(c) evaluate the learning performance of FL-GR
on CIFAR-10 and CIFAR-100, respectively, drawing a similar conclusion to the MNIST
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Figure 5.2: Comparison of learning performance of different FL algorithms:
(a) on MNIST dataset; (b) on CIFAR-10 dataset; (c) on CIFAR-
100 dataset.
dataset. In particular, we can observe a more distinct accuracy boosting of FL-GR on
these two complicated datasets than the MNIST dataset. From Fig. 5.2(b), FL-GR
obtains 3.41% and 2.83% accuracy improvement when S = 5 and S = 10, respectively.
Fig. 5.2(c) shows that FL-GR boosts 4.08% and 2.87% accuracy when S = 5 and S = 10,
respectively. In addition, from Fig. 5.2(c), when S = 5, FL-GR spends only 457 rounds
to achieve 65% accuracy, while wGR (the best benchmark) requires 640 rounds. That
is, FL-GR can reduce by 29% training time to obtain 65% test accuracy compared to

the benchmarks. When S = 10, FL-GR is able to save 33% training time to achieve 70%

test accuracy compared to the benchmarks.

In Table 5-C, we present the number of optimization rounds necessary to achieve a
target accuracy for both the proposed approach and the top-performing baseline algo-
rithm. Specifically, on the CIFAR-100 dataset, when S = 5, FL-GR spends only 457
rounds to achieve 65% accuracy, while W/GR (the best benchmark) requires 640 rounds.

That is, FL-GR can reduce by 28.6% training time to obtain 65% test accuracy com-
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pared to the benchmarks. When S = 10, FL-GR is able to save 33% training time to

achieve 70% test accuracy compared to the benchmarks.

It is worth mentioning that the simulation results in Fig. 5.2 show that the proposed
FL-GR outperforms the model compensation approach in [57, 58]. The latent reason is
that the historical gradients of devices are able to approximate their current gradients
with small approximation errors. In contrast, the past local models of devices may not
match their current local models well. In fact, some existing works on FL, e.g., [92, 1,
have shown that the gradients on one device have continuity. Specifically, its shown
in [92] that the ¢3-norm of the past gradient of a device can effectively approximate
the fo-norm of its current gradient. Moreover, our previous work [l 15] experimentally
demonstrated that for any device, its past gradient is able to approximate the current
gradient effectively. In addition, although the simulations in [57, 58] demonstrated that
the model compensation approach outperforms the W/GR method under full partici-
pation and small transmission error rates, our simulation results on the CIFAR-10 and
CIFAR-100 datasets show that it does not perform better than W/GR under small suc-
cessful participation ratios (i.e., S =5 and S = 10 correspond to 5% and 10% successful

participation ratio, respectively).

5.5.3 Comparison of Device Scheduling Policies

In this subsection, we compare the proposed device scheduling algorithm to the fol-
lowing scheduling policies: 1) Random scheduling: In each round, the edge server ran-
domly selects a subset of devices and their corresponding RBs that satisfy the constraint
(5.15a)-(5.15f). 2) Gradient importance-aware scheduling (GI-Scheduling): The edge
server selects a subset of devices with the maximum gradient norm and satisfies the
constraint (5.15a)-(5.15f) in each round. 3) Successful transmission probability-aware
scheduling (STP-Scheduling): The edge server selects a subset of devices with the max-
imum successful transmission probabilities and satisfies the constraint (5.15a)-(5.15f).

Note that all the device scheduling approaches in this subsection serve the proposed FL-
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Figure 5.3: Comparison of learning performance for different device scheduling
algorithms on the CIFAR-10 dataset.

GR to schedule devices instead of other learning frameworks. In fact, random scheduling
is equivalent to randomly selecting a perfect matching in the constructed bipartite graph
of the proposed device scheduling algorithm instead of the maximum weight perfect
matching to schedule devices. GI-Scheduling and STP-Scheduling both construct a sim-
ilar bipartite graph to the proposed scheduling algorithm and find the maximum weight
perfect matching corresponding to their device scheduling policy. In the graph of GI-
Scheduling, the weight of each edge is equal to the gradient norm times the successful
transmission probability. In the STP-Scheduling, the weight of each edge is the successful

transmission probability.

Fig. 5.3 shows the learning performance of different device scheduling algorithms on
the CIFAR-10 dataset. From Fig. 5.3(a), we can see that the proposed device scheduling
algorithm performs better than the other three device scheduling approaches in terms of
convergence speed and final test accuracy. Specifically, the proposed device scheduling
algorithm achieves around 3.5% accuracy improvement compare to the random schedul-
ing approach. Fig. 5.3(b) presents the average staleness of local gradients for all four
device scheduling algorithms. It is observed that the proposed algorithm possesses the

lowest staleness of local gradients. In addition, for the three benchmarks, the device
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Figure 5.4: Comparison of learning performance for different device scheduling
algorithms on the CIFAR-100 dataset.

scheduling algorithm with lower staleness obtains higher accuracy and faster conver-
gence speed. This verified our theoretical analysis results in Theorem 4 and Corollary 2,
which suggests scheduling the devices with large staleness to reduce the average square

staleness of local gradients in each round.

A similar comparison is made on the CIFAR-100 dataset in Fig. 5.4. We can observe
the same conclusion with the simulation on the CIFAR-10 dataset. Specifically, The
proposed device scheduling algorithm boosts 3.85% accuracy and possesses the lowest
staleness of local gradients compared to the three benchmarks. This simulation further
verifies the effectiveness of our convergence analysis in Theorem 4 and Corollary 2. In
addition, it is worth mentioning that the simulation results on both CIFAR-10 and
CIFAR-100 datasets show that random scheduling performs better than STP-scheduling
and Gl-scheduling when they serve FL-GR. This is because STP-scheduling and GI-
scheduling induce higher average staleness of local gradients, as shown in Fig. 5.3(b)
and Fig. 5.4(b). However, when these scheduling approaches serve for FedAvg, some
existing works, e.g., [31, 35], have shown that random scheduling performs worse than

STP-scheduling and GI-scheduling.
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Figure 5.5: Impacts of energy and delay constraints on the learning perfor-
mance on CIFAR-100 dataset.

5.5.4 Impact of Wireless Parameters

This section analyzes the impacts of wireless network parameters on the learning perfor-
mance of the proposed FL-GR, including energy constraint, delay constraint, the number
of RBs, and the successful decode threshold. Note that in this section, the test accuracy
on CIFAR-10 and CIFAR-100 is achieved after 150 and 3.5 x 10* seconds of training,
respectively. Based on our simulation results in Section 5.5.3, FL-GR can converge

within the pre-setting training time.

In Fig. 5.5, we test the impacts of energy and delay constraints on the final test accu-
racy of the proposed FL-GR on CIFAR-100 datasets. From Fig. 5.5(a), with the increase
in energy and delay budgets, we can see that FL-GR achieves higher test accuracy. The
reason is that the large energy and delay budgets can increase the number of successful
participating devices and reduce the average staleness of local gradients, as shown in
Fig. 5.5(b). When the energy and delay budgets are small, the devices with long time
delays and large energy consumption may not satisfy the delay and energy consumption
constraints or cannot successfully upload their gradient information to the edge server.
Thus, the number of successful participants has been restricted, which results in the high

average staleness of local gradients and low test accuracy.
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Figure 5.6: Impacts of wireless parameters on the learning performance: (a)
Successful decoding threshold; (b) Number of RBs.

Fig. 5.6 evaluates the impacts of wireless network parameters on the learning perfor-
mance of the proposed FL-GR on both CIFAR-10 and CIFAR-100 datasets. From Fig.
5.6(a), we can see the test accuracy of FL-GR on CIFAR-10 and CIFAR-100 decrease
with the increase of ~¢,. This is because the large 7y, reduces the successful transmis-
sion probabilities of devices, decreasing the number of successful participants. Hence, the
average staleness of local gradients increased. Based on our convergence analysis results,
the learning performance of FL-GR will decrease with the increase of ~y,. Fig. 5.6(b)
shows how the number of RBs affects the learning performance of FL-GR. It is observed
that the test accuracy on both CIFAR-10 and CIFAR-100 increases with the increase in
the number of RBs. The reason is the rise in RBs improves the number of successful

participants in each round and thus reduces the average staleness of local gradients.

5.6 Summary

In this chapter, we have developed a novel FL framework, namely FL-GR, that recycles
devices’ historical gradients to update the global model in the learning process. This
framework efficiently copes with the scarcity of radio resources and the unreliability of

wireless communications in practical wireless networks. To improve the learning perfor-
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mance of FL-GR, we have formulated an optimization problem to minimize global loss
through device scheduling, RB allocation, and power control. To solve this problem,
we have investigated the convergence bound of FL-GR and transformed the global loss
minimization problem into a tractable one. Then, we derived the optimal power control
for any given RB allocation policy and further transformed the global loss minimization
problem into an equivalent linear programming problem, which can be solved efficiently.
Simulation results on three real-world datasets (i.e., MNIST, CIFAR-10, and CIFAR-100)
have shown that the proposed FL-GR achieves over 4% accuracy gain compared to the
FL algorithms without gradient recycling. In addition, the proposed device scheduling

algorithm outperforms the existing algorithm in accuracy and convergence speed.



Chapter 6

Efficient Wireless Federated
Learning with Adaptive Model

Pruning

6.1 Introduction

Most existing wireless FL studies focused on homogeneous model settings where devices
train identical local models. In this setting, the devices with poor capabilities may delay
the global model update and degrade the learning performance of FL since devices are
usually drastically diverse in computation and communication capabilities. Moreover, in
the homogenous model settings, the scale of the global model is restricted by the device
with the lowest capability. To tackle these challenges, this work proposes an adaptive
model pruning-based FL (AMP-FL) framework, where the edge server dynamically gen-
erates sub-models by pruning the global model for devices’ local training to adapt their
heterogeneous computation capabilities and time-varying channel conditions. Since the
involvement of diverse structures of devices’ sub-models in the global model updating

may negatively affect the training convergence, we propose compensating for the gradi-

120



Chapter 6. Efficient Wireless Federated Learning with Adaptive Model Pruning 121

ents of pruned model regions by devices’ historical gradients. The main contributions of

this paper are listed as:

e We propose an adaptive model pruning-based FL. (AMP-FL) framework, which
dynamically prunes the global model to generate sub-models for adapting devices’
communication and computation capabilities in the learning process. This frame-
work effectively reduces communication and computation overhead for devices at
the same time, enabling efficient FL over heterogeneous devices. To prevent the
diverse sub-model structures from affecting the learning convergence, we propose
compensating for the gradients of pruned regions by devices’ historical gradients.
In addition, we theoretically analyze the relationship between the pruning ratio

and communication & computation load.

e We define an age of information (Aol) metric to characterize local gradients’ stale-
ness and theoretically analyze AMP-FL’s convergence bound. The bound indicates
that scheduling devices with large Aol and pruning the global model regions with
small Aol are able to improve learning performance. Based on this, we define a
new objective function, i.e., the average square of Aol of devices’ gradients, and
transform the inexplicit global loss minimization problem into a tractable one for

guiding device scheduling, model pruning, and resource block allocation design.

e To solve the transformed problem, we first find the optimal model pruning policies
for devices under a given RB allocation policy. On this basis, we transform it
into an equivalent linear programming problem that can be effectively solved with
polynomial time complexity. In addition, to improve the implementation feasibility
of AMP-FL in practical wireless networks, we propose a memory-friendly AMP-FL

equivalent to AMP-FL but with a low memory size requirement of the edge server.

e We conduct extensive simulations on two real-world datasets, i.e., MNIST and
CIFAR-10, to verify the effectiveness of AMP-FL. Specifically, compared to the

FL algorithms with the homogeneous local model settings, the proposed AMP-FL
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Figure 6.1: Illustration of the considered wireless FL system with adaptive
model pruning.

is able to provide 1.9x and 1.6x speed up on MNIST and CIFAR-10, respectively.
The proposed model pruning and device scheduling approach also obtains higher

learning accuracy and faster convergence speed than the benchmark schemes.

The remainder of this chapter is organized as follow: Section 6.2 introduces the
system model, the proposed AMP-FL framework, and the problem formulation. The
convergence analysis and global loss minimization problem transformation are presented
in Section 6.3. Section 6.4 illustrates the proposed model pruning, device scheduling,
and RB allocation algorithm. Section 6.5 evaluates the effectiveness of the proposed

approaches by simulations. The summary is presented in Section 6.6.

6.2 System Model and Learning Mechanism

This work considers a typical wireless FL system, as shown in Fig. 6.1, where K devices
are orchestrated by an edge server to collaboratively train a shared global machine learn-
ing model, w, by periodically uploading local gradient information to the edge server
for global model update instead of transmitting the raw training data. To mitigate the
negative effect of stragglers on learning performance, this work allows devices to train
heterogeneous local models adapted to their computation and communication capabil-

ities. The local models are obtained by pruning the global model using the proposed
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structured model pruning strategy (in Section 6.4.1) that dynamically adjusts the local
models during the learning process with respect to devices’ individual heterogeneous

computation capabilities and time-varying communication conditions.

We assume that the global model can be partitioned into I disjoint regions indexed
by Z = {1,2,---,1}, where each model region i is either one filter in convolution layers
or one neuron in the fully-connected layers. Let w® (i € T) denote the i-th region of
the global model. The devices are indexed by K = {1,2,---, K}. Each device k (k € K)
has a local dataset Dy with Dy = |Dy| data samples. The entire dataset is denoted by
D = UK Dy with D = Zle Dy, data samples. For any data sample ( = (x,y) € D,
a loss function f(x,y;w) is utilized to capture the fitting performance of model w on
the input-output data pair (x,y). Thus, the local loss function of device k (k € K),
ie., Fip(w), is given by Fi(w) = iz(m,y)eDk f(x,y; w). The global loss function is
given by F(w) = Zle apF(w), where ay is the weight of device k such that a; > 0
and Zszl ar = 1. Similar to many existing works, e.g., [59, , |, we consider a
balanced size of local datasets by setting ap = %, Vk € K. The goal of the FL system is
to train a shared global model w so as to minimize the global loss F'(w) on the whole

dataset D, i.e., min F'(w).
w

6.2.1 Federated Learning with Adaptive Model Pruning

To improve the communication and computation efficiency for wireless FL, this work
proposes a novel AMP-FL framework to adaptively generate sub-models for devices to
train, as shown in Fig. 6.1. In addition, to alleviate the adverse effects of diverse
structures of local models and partial participation in the learning performance, we
propose compensating the gradients of pruned model regions and unscheduled devices by
devices’ historical gradients. The effectiveness of this gradient compensation mechanism
is evaluated in Section 6.5. To this end, the edge server maintains a gradient array
{G : Vk € K} that caches the latest received gradients from devices. The learning

process consists of T' global rounds and running the following five steps in each round ¢
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(te{o,1,---, T —1}):

1) Device Selection and Model Pruning: The edge server selects a subset of
devices to engage in the current round. Denote oy, € {0,1} as the selection indicator
of device k in t-th round, where «aj; = 1 represents device k is selected, a; = 0
otherwise. For ease of presentation, let S; = {k : o+ = 1,Vk € K} denote the device
scheduling decision in round ¢. After device selection, the edge server prunes the global
model to generate sub-models for the scheduled devices according to their computing

and communication capabilities. Let my; = {m,(;)t :i=1,2,---, I} denote the pruning

mask of device k in round ¢, where mg = 1 represents that the i-th region of the global
model is preserved in device k’s sub-model, m,(;)t = 0 otherwise. Thus, the sub-model of

device k can be denoted as wy,; = w; © my ;, where © denote the element-wise product.

2) Local Model Downloading: Each selected device downloads its sub-model from

the edge server.

3) Local Model Training: Each selected device trains its sub-model by performing
A-steps SGD. Specifically, device k (k € S;) updates the i-th region (Vi € Z, mg)t =1)

of its model as

wl(cl,i)i,l—&-l = wl(cz,i)i,l B UVFk(wl(;;,l),l € {07 1,2, A= 1}7 (6-1)
where wg ; is the i-th region of device k’s local model in the [-th iteration in round ¢ with
w,(flo = wf), and 7 is the learning rate. In (6.1), the stochastic gradient Vﬁk('wgl)

is given by Vﬁk(w,(jil) = Lib ZCGBk,t,l Vf(w,g’l,ﬁ’), where By ;; is a mini-batch data

uniformly sampled from Dy with Ly = |By 4| data samples.

4) Local Gradient Uploading: After finishing local training, each scheduled device

k (k € S;) uploads its cumulative local gradient, i.e., gy = {g,(j)t Vi e, m,(;)t =1}, to

the edge server, where g,(jl is given by g,(ji = l>\:_01 Vﬁ’k(w,(ji )= %(w,@ - w,(;)t \)-

5) Global Model Update: After receiving the local gradients from the scheduled
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devices, the edge server updates the gradient array as follows:

(i) 0

Oy Qeamyy =1,

{ ot S vieT vk ek (6.2)
Gl owemiy =0,

. . K ,
Then, the edge server updates the global model as wgl = 'wgz) — 17% > G,(ﬁ,Vz' el
k=1

6.2.2 Communication and Computation Load Model

Let C represent the number of FLOPSs required to process one data sample on the global
model, and @ indicate the number of global model parameters. In each round, devices
train heterogeneous local models generated by pruning the global model to adapt to their
communication and computation capabilities. For any device k (k € K) in round ¢ with

pruning mask my s, its pruning ratio is given by

I

1 i

Bra=1-7 > m. (6.3)
=1

In fact, (6.3) indicates the ratio of pruned filters and neurons in the global model. To
avoid introducing layer-wise hyperparameters, the proposed AMP-FL uses the same
pruning ratio for every convolution or FC layer. Given the pruning ratio, AMP-FL
removes a corresponding ratio of filters and neurons in each convolutional layer and FC
layer to generate sub-models. In the following, we analyze the number of parameters

and FLOPs for device k’s sub-model from the perspective of convolution and FC layers.

1) For the I-th convolution layer in the global model with Cj filters, the number of
parameters in this layer is Q,; = (K2xCy_14+1)xC) which contains K2 x C;_1 x C) weight
parameters and () bias parameters; the number of FLOPs is Cy; = 2K2HWC)_1 x C,
where C)_1 is the number of filters in the (I —1)-th layer, K is the filter width (assumed
to be symmetric), H and W are the height and width of the input feature maps [118]. For
device k’s sub-model with pruning ratio ¢, the number of parameters contained in its
sub-model in this layer is Qp; = (1 —Bk,t)QKf XC1—1 xC1+(1-Prt) xCp = (1 —Bk,t)QQg,l,
and the number of FLOPs is C;,; = 2(1 — ,Bk,t)2Cl,1ClK3WH =(1- ﬁk’t)2Cg’l.
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2) For the [-th FC layer in the global model with N; neurons, the number of parameters
is Qg1 = (Ni—1 + 1) x N; which contains N;_; x N; weight parameters and N; bias
parameters; the number of FLOPs is C;; = 2N;_; x N, where N;_; is the number of
neurons in the (I —1)-th FC layer. For device k’s sub-model with pruning ratio 5y, the
number of parameters contained in its sub-model is Qy; = (1 — 5k,t)2 X Nj—1 X Ni+ (1 —
Brt) X Ny ~ (1— B.1)?Qqgu, and the number of FLOPs is C; = 2(1— Bg)? x Ni—1 X Nj =
(1 = Br,e)?Cy-

Note that in the above analysis, we approximate the number of parameters of both
convolution and FC layers in the sub-model to be the ratio, i.e., (1 — Bx;)?, of that
in the original global model. This is because the number of bias parameters is far less
than that of weight parameters [60]. According to the above analysis, for each device
k with pruning ratio 8, the number of parameters and FLOPs for its sub-model can
be approximately scaled by (1 — Bx;)? of the global model. That is, the number of

parameters of device k’s sub-model is
Qr = (1—Bre)?Q, (6.4)
and the corresponding number of FLOPs required to process one data sample is

Cr = (1— Bry)*C. (6.5)

6.2.3 Learning Latency Model

In the following, we characterize the per-round learning latency model for the proposed

AMP-FL, including computation and communication latency.

1) Computation Latency: We denote fj as the CPU frequency of device k. Each

CPU cycle can process ny FLOPs. Thus, the computation time of device k is

71 ALC _ ALp(1 = Bre)*C
k,t ’

L e Jrn (6.6)
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2) Communication Latency: This work considers the OFDMA is utilized with R
RBs for devices to transmit their gradient information. The RBs are indexed by R =
{1,2,---,R}. Let z,; = (z:,(~C t), z,(ft), . z,E/, t)) denote the RB allocation decision of device
k in round ¢, where z(r) € {0,1}, zkt = 1 represents that the r-th RB is allocated to
device k, z,grz = 0 otherwise. For ease of representation, we use Z; = (214, 224, ", ZK,t)
denote the RB allocation decisions for all devices in round t. Denote p; as the transmit
power of device k. Let hy; represent the channel gain between device k and the edge
server, and it remains unchangeable within one round but varies independently over
rounds. Thus, the transmit rate of device k is 71 4(25¢) = Zf 1 z,(C t)Blogg(l + Ipi’g“]\t,o)
where B is the bandwidth of each RB, Ny is the noise power spectral density. I, is the
interference caused by devices located in other service areas not participating in the FL
process and using the same resource block [27, 35]. We consider that each device can
only occupy at most one RB, and each RB can be accessed by at most one device. Thus,

Zf 1 ,z,(c ) <land Z el zk i < 1. Each parameter in devices’ local gradients is quantized

by ¢ bits. Thus, the transmit time of device k to upload its gradient information is

. 2
T - Qg _ (- Pr)"Qq 6.7)

T‘k,t(zk,t) Tk,t(zk,t)

Note that the above analysis ignored the model pruning and global model updating
latencies since the edge server is usually computationally powerful. The model pruning
and updating latencies are negligible in comparison with the above communication and
computation latency. In addition, we assume that the sub-model download latency
is negligible since the edge server usually has more transmit power for the sub-model
distribution compared to devices [13, 59]. The sub-model download latency is far smaller
than the discussed communication and computation latency. It is worth mentioning that
the proposed algorithm in Section 6.4 can be directly generalized in the case with non-
negligible sub-model download latency by simply adding the sub-model download latency

into the time constraint (6.8a).
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6.2.4 Problem Formulation

This work focuses on improving the performance of the proposed AMP-FL by minimizing
the global loss value after T' global training rounds, i.e., E[F(wr)], where wr is the
global model in round 7. Specifically, we jointly optimize the device scheduling, model
pruning, and RB allocation strategies under latency and wireless resource restrictions.

The optimizing problem is given by

min E[F(wr)] (6.8)
{St,Zt,mt}tT;Ol

s.t. Tay 4 it < Tmax, Yk € K, VA, (6.8a)

R
S ool <1vk e kv (6.8b)

r=1

K
2} <1V (6.8¢)

k=1
o) € {0,1},Vk € K, ¥, (6.8d)

1<~
Bra=1-7 S mi) vk € K, vt (6.8¢)
=1

0 < By < 1,Vk € K, Vt, (6.8f)
my, € {0,1},Vk € K, ¥, (6.8¢)
ag: € {0,1},Vk € K, (6.8h)

where (6.8a) stipulates that the per-round latency cannot surpass its maximum allowed
delay, Tmax- (6.8b), (6.8¢c), and (6.8d) impose restrictions on the RB allocation decisions,
indicating that one device can occupy at most one RB for uplink transmission and one
RB can only be allocated to one device. (6.8e) characterizes the relationship between
pruning policy and model pruning ratio for devices. (6.8f) prevents the model pruning
ratio from exceeding 1 or lessening 0 since the edge server can prune at most the entire
model or not prune for the global model. (6.8g) and (6.8h) correspond to the constraints

related to the model pruning and device scheduling indicator domains, respectively.

Problem (6.8) is a typical integer programming that involves multi-dimensional dis-
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crete variables and is intractable to solve. In addition, solving problem (6.8) requires an
explicit form of E[F(wr)] with respect to the device selection (S;), model pruning (m;),
and RB allocation (Z;) policies, which is almost impossible since the evolution of the
model vector is extremely complex during the training process. To this end, similar to
many existing works, e.g., [12, 27, 33, 35], we turn to find an upper bound of the global

loss function and optimize it for global loss minimization in Section 6.3.

6.3 Convergence Analysis and Problem Transformation

In this section, we theoretically characterize the convergence behaviour of AMP-FL
to explore how the device schedule, model pruning, and RB allocation policies affect
its learning performance. Based on the obtained convergence bound, we define a new
objective function, i.e., the Aol for local gradients, to transform problem (6.8) into a

tractable one for guiding the device selection, model pruning, and RB allocation design.

6.3.1 Convergence Analysis

This subsection analyzes the convergence behaviour of AMP-FL. For the sake of analysis,
we define VFy(wy ;) = Dik Z(m,y)GDk V£ (x,y;wke,) as the full gradient of device k in
the [-th iteration of round ¢, and 7 = n\ as an auxiliary variable. Denote F(w*) by
the loss function of the optimal global model w*. Note that we use the latest received
gradients of the pruned model regions of scheduled devices and unscheduled devices to
update the global model. The staleness of these historical gradients may significantly
affect the learning performance of the proposed AMP-FL. To characterize the impact of
the staleness of devices’ gradients on the learning performance, we define an Aol metric

to identify the staleness of devices’ gradients. Specifically, the Aol of the gradient in the
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(

i-th region of device k is denoted by Tkit), which evolves as

0 (0

. T — + 17 ak,tm = 07
R S ST YkekViel (6.9)
0, akim,(ﬁ =1,

To facilitate the analysis, we make the following standard assumptions which are widely

9 i ]'

Assumption 10. All the local loss functions, Fy(w) (Vk € K), are L-smooth. That is,

used in the existing FL literature, e.g., [23,

for allv and w, |VF(w) — VF,(v)| < L||lw —v]|.

Assumption 11. All the local loss functions, Fi(w) (Vk € K), are p-strongly convex.
That is, for all v and w, F(v) > Fi(w) + (Fp(w),v —w) + § [|v — w|?.
Assumption 12. For the mini-batch data samples By, that uniformly sampled from Dy,
on device k (k € K), the resulting stochastic gradient V Fj,(w;) is an unbiased estimation
of the full gradient V Fy(wy), i.c., B[V Fy(wy)] = VEu(wy), and its variance is bounded
by o2, i.e., E||@Fk(wt) — VEF(wy)|?°< o2

Assumption 13. The expected squared norm of devices’ gradients is uniformly bounded

by G2, i.e., |VEu(w)|* < G2, for allk=1,2,--- K and t =0,1,---, T — 1.

Before illustrating the convergence results of the proposed AMP-FL, we introduce

two lemmas in the following to assist our convergence analysis.

1

Lemma 11. Let Assumption 10, 12, and 13 hold, and the learning rate satisfies n < 557,

the averaged drift of the local models from the global model after [ iterations is bounded

as
IRete (i) o |
Ellw" o —w"” || <40\ =1)I2°\G? +n’o?). 6.10
KA ;;; H kel Phaai (A=DI( ) (6.10)
Proof. Please see Appendix D.1. ]

Lemma 12. Let Assumption 10, 12, and 13 hold, the averaged difference between the
global model parameters in two different rounds is bounded as

K I ) )
>3 el -ul,

—T,
k=1 i=1 k,

2
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K I
< 3n? <(/\2 + A =1DD)o?+ (A2 +2x(\ ) > Z (6.11)

k=1 i=1

Proof. Please see Appendix D.2. O

Based on the above two lemmas, the one-round convergence bound of AMP-FL is

derived as:
Theorem 5. Let Assumption 10, 12, and 13 hold, and the learning rate satisfies n < ﬁ,
the one-round convergence bound is given by
1
E[F(wirr) — F(w)] < (=50 + LiP A VF (wy)[[*+¢1
15 ’Le
n QZZ (1 — agemi ) (), +1)?, (6.12)

k=11=1
where ¢; =4n(A—1)IG?+ (4’ L(A—=1)I+3nX) 02, ca=N*(02+G?)+(A—1)I(c?+2XG?).

Proof. Please see Appendix D.3. O

According to Theorem 5, the summation of the square of each region’s Aol in the
local gradients, i.e., S0 ST (1 - ay, tml(ﬁb(Tk(;) +1)2, is a crucial factor that nega-
tively affects the one-round convergence bound of AMP-FL. Minimizing szl Zi[:l (1—
Qg tmé)t)( ,glz , +1)? through carefully designing the device scheduling and model prun-
ing strategies is capable of narrowing the convergence bound for improving the learning
performance. We have the following remark for the device scheduling and model pruning
design.

Remark 6. In practical wireless networks, only a small proportion of devices can be
scheduled in each round due to the limited bandwidth resources. For device scheduling,
one should schedule the devices that have a large summation of Aol over their model
regions, i.e., Z{ 1(7’,&2 |+ 1)2, since these devices are the main contributors for the
term of Zk 122 (1 —ayg tm(z))(ﬂngl + 1)2. In addition, for a scheduled device, one

should preserve the model regions with large Aol while pruning the regions with small

Aol
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Based on Theorem 5, we further analyze the convergence bound of AMP-FL after
T-rounds as follows:
Corollary 3. Let Assumption 10-13 hold, the T-rounds convergence bound of AMP-FL
18
E[F(wr) — F(w")]

1—(1—=n\ 2L N2 )T
< (1= g+ 2L N2 ) E[F (o) — Fuw®)] + L (L2l Ap)

C1

nAp — 2Ln2\2p
15 T—1 1 K I
+Z772LCQZ (1 —nAp + 2L N2 )T =1 ZZ 1—Oéktmkt ( ,i) +1)%. (6.13)
t=0 k::l =1
Proof. Please see Appendix D.4. ]

From Corollary 3, the expected gap between F(wr) and the optimal loss F(w*) is
bounded by three terms: 1) The initial gap between the global loss and the optimal
loss. 2) A constant term related to the system hyperparameters caused by multiple
local iterations (A > 1) and stochastic gradient error. 3) The cumulative Aol of local
gradients over 1" training rounds. The last term is highly related to model pruning, device
scheduling, and wireless resource allocation policies. To minimize the global loss function,
one can minimize the last term on the RHS of (6.13) through jointly designing the model
pruning, device scheduling, and wireless resource allocation strategies. However, directly
minimizing this term is impractical because it requires obtaining devices’ channel state
information during the entire learning course at the start of FL. To minimize the global
loss, we have:

Remark 7. Similar to many existing works, e.g., [27, 33, 35], the available wireless
resource and devices are independent across different rounds in problem (6.8). Based on
Theorem 5 and Corollary 3, we provide a reasonable objective function by decoupling the
long-term problem into the training round level, i.e., S 5, Zi[:l(1—ak7tm§€i1)(7éf271+1)2,
which directly minimizes the upper bound on E[F(wy1) — F(wy)] and achieves global loss

minimization.
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6.3.2 Problem Transformation

According to the convergence analysis results in Remark 6 and Remark 7, we transform
problem (6.8) into minimize S0, S37_ (1 - ak’tm,(;i)(ﬂgz_l +1)% in each round (which
is equivalent to maximize Zszl Zfil amm,(f; (715?71 +1)?) for device scheduling, model
pruning, and RB allocation policies design. Since oy, = Zle z,(;t) € {0,1}, we have
et Y O tmki(ﬁggq‘kly = e T T Zl(cfgml(q?:(Tlgg—l‘Fl)Q' In other words,

when the RB allocation policy is determined, the device scheduling policy can be directly

computed by aj; = Zf 1 z,(c ) Therefore, we transform problem (6.8) into the following
problem:
K I R "
max 23 My, ! 1 +1 6.14
m BES A o

s. t. (6.8a),(6.8b), (6.8¢c), (6.8d), (6.8¢), (6.8f), (6.8g).

Problem (6.14) is a typical integer programming that is challenging to solve. In the
following section, we develop an effective algorithm with polynomial time complexity to
address its optimal solution. Note that problem (6.14) is to maximize the overall Aol
across different devices and model regions. According to the evolution of Aol in Eq.
(6.9), the model regions or devices are less frequently updated in the previous rounds
have large Aol and thus tend to be selected to be updated in the current round. Thus,
problem (6.14) helps regulate the updating frequency of diverse regions across devices,
making each model region evenly trained on different devices and improving the learning

performance.

6.4 Efficient Online Model Pruning and Resource Alloca-

tion

In this section, we develop an effective model pruning and RB allocation algorithm that

solves problem (6.14). To this end, we first derive the optimal model pruning policy for
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devices under any given RB allocation policy. Based on the optimal pruning policy, we
transform problem (6.14) into an equivalent linear programming problem which can be
effectively solved. After that, to improve the implementation feasibility of AMP-FL in
practical wireless networks, we propose a memory-friendly AMP-FL that is equivalent
to the proposed AMP-FL in Section 6.2.1 but with a low memory requirement of the

edge server.

6.4.1 Optimal Model Pruning Policy

For any given RB allocation policy Z;, the model pruning policies of devices do not affect
each other and independently contribute to the objective function. That is, the model
pruning policy of each device can be solely optimized. Motivated by this, we decompose
the model pruning optimization problem for each scheduled device k (k € S;) from
problem (6.14) as follows:

R I
max Y2} Y mi (i +1)° (6.15)

r=1 i=1
s. t. (6.8e), (6.8f), (6.8g),

ALy(1— Bre)?C | (1— Brt)?Qq

< Tmax, 6.15a
frn Tei(zee) — ( )

where constraint (6.15a) is obtained by rewrite constraint (6.8a). Problem (6.15) is a

typical unweighted knapsack problem. Based on constraint (6.8e) and (6.15a), the prun-

. . . . 17 (@) AL, C Q

ing policy of device k should satisfy 73 ;_;m,;; < \/Tmax/(fkflk + rk,t(zqk,t))' More-
over, based on constraint (6.8f) and (6.8g), the number of preserved model regions, i.e.,
Zle mg)t, should be an integer and not exceed total number regions of the global model,
i.e.,, I. According to (6.15), one should preserve model regions as much as possible to

increase the objective function value. Thus, the optimal pruning policy of device k

satisfy

1 ! (i) T
jzmm:min \/ALbC+ 5| 1] (6.16)

femk Tkt (Zk,t)
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Algorithm 9 Adaptive Model Pruning Algorithm

1: Inputs: The Aol of device k’s gradients in all model regions, i.e., {T,gfg,w € Z}. The

RB allocation policy of device k, zj+, device k’'s CPU frequency fi, channel gain hy;, and
transmit power py.

2: Solve the optimal number of preserved model regions 3y ¢ = Zle mg)t based on (6.16).
3: for each layer in the global model do 4
Sort the regions in this layer according to their Aol (i.e., T,glg,w € 7) in an descending

order and then preserve the first Bk,t model regions and prune other regions.
5: end for

where |-] is the floor function which outputs the largest integer that does not exceed
its input. From (6.16), when the RB allocation policy is given, the number of preserved
regions for device k’s sub-model is fixed. For the optimal model pruning policy of device
k, we have the following remark:

Remark 8. The optimal pruning policy for device k (k € Si) is to preserve the model
regions with large Aol while pruning the model regions with small Aol for mazimizing

the objective function of problem (6.15).

Note that, similar to many existing works, e.g., [63—-05], this work adopts the width
scaling approach to prune the global model, which removes a certain number of filters or
neurons in each convolution layer or FC layer to generate a sub-model. To avoid intro-
ducing layer-wise hyperparameters, we use the same pruning ratio for every convolution
or fully-connected layer. For each convolution layer or FC layer, we sort the filters or
neurons based on their Aol in descending way, then gradually select the corresponding
ratio (computed as (6.16)) of regions and remove the remaining regions. Let £ denote
the set of layers in the global model. Here, for each layer. many sorting algorithms can
be utilized, e.g., Quicksort and Introsort, with a meagre time complexity of O(I;log I;),
where I; is the number of filters or neurons in [-th layer of the global model. Due to
Yueelilogly < 30 Iilog(maxiep I;) = Ilog(maxyer I;), the model pruning process
has a meagre time complexity of O([ log(max;ecr I;)). Thus, the proposed model prun-
ing approach is easy to implement in practical wireless networks. We summarize the

detailed steps of model pruning in Algorithm 9.
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6.4.2 Optimal Resource Block Allocation

According to the above analysis, the optimal pruning strategy for each device k (k €
KC) can be solved when it accesses any RB r (r € R) using Algorithm 9, denoted as
mp,, = {m,(jt*z : Vi € Z}. Based on this, we compute the optimal model pruning
policies for all devices when they access any RB (i.e., {m}, :Vr € R,Vk € K}) and
then substitute them into problem (6.14). Thus, problem (6.14) can be simplified as the
following equivalent RB allocation problem'

I
max ZZZT ngt*r ,gz +1)2 (6.17)

k=1r=1 i=1

5. t. (6.8b), (6.8¢), (6.8d).

Problem (6.17) is a typical integer programming which is difficult to solve. Below we
reformulate it as a maximum weight bipartite matching problem and find its optimal
solution. To this end, we construct a complete and balanced bipartite graph G = (V, €),
where V = K U R is the vertex set, and &€ is the set of edges that connect the vertices in
K and R. In graph G, each vertex k (k € K) corresponds to a device k. R = RUR,
is an extended set of R, where each vertex r (r € R) corresponds to r-th RB, R, is the
virtual vertex set used to construct a balanced bipartite graph. The weight of edges is
given by

Zmi’tZ( O 412 i keKreR,

Qpp = " (6.18)

)

0, else.
Based on the above defined bipartite graph G, problem (6.17) can be transformed to find
a maximum weight perfect matching of graph G. Let 6, € {0, 1} be the edge connecting
vertex k and vertex r, where 0, = 1 denotes RB 7 is assigned to device k, and 05, = 0
otherwise. Denote 6 = {0;1,0k 2, --,0k r} by the edge connection indicator of device

k to all RBs. The bipartite matching problem is given by:

K IR
91,1191213%9;( Zk:l Zr:l Orr k. r (6.19)
R
5t Z‘ —|1 Okr =1, (6.19a)
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. Op, =1 6.19b
Zk:l kor — 4, ( )

Ok € {0,1},Vk € K,Vr € R. (6.19¢)

Note that any solution of problem (6.19) corresponds to a perfect matching of graph
G. The constraints (6.19a), (6.19b), and (6.19¢) are corresponding to the constraints
(6.8b), (6.8¢c), and (6.8d), respectively. To find the optimal solution of problem (6.19),
an intuitive approach is to calculate the objective value of all perfect matching of graph
G, and let the matching with maximum objective value as the final RB allocation policy.
However, this approach may be infeasible in practice since there is a total of K! perfect
matching of graph G, which has an exponential time complexity since K!> V21K (%)K .
By relaxing the integrality constraint (6.19c¢), problem (6.19) can be relaxed as the

following linear programming:

K IR|
Bl,gzl,aX,BK Zk:l Z’r:l ekﬂ"kaT (620)
s. t. (6.19a), (6.19D),
0<0p, <1LVkeK,VreR. (6.20a)

It is worth mentioning that in problem (6.20), each row in the coefficient matrix corre-
sponding to (6.19a) and (6.19b) only contains a ‘1’. This implements that each square
submatrix of this coefficient has determinant equal to 0, 1, or -1. Thus, this coefficient
matrix is a totally unimodular matrix. Based on [114], the optimal solution of problem
(6.20) is an integer solution. That is, the optimal solution of problem (6.20) equals to
the optimal solution of problem (6.19). Therefore, we directly solve problem (6.20) to
obtain the optimal solution of (6.19). Since problem (6.20) is a linear programming,

we use the current matrix multiplication time algorithm [119] to solve it with a time

complexity of O((K?*+1/6)2),

6.4.3 Complexity Analysis and Implementation

In the above analysis, we first transform problem (6.14) into an equivalent maxi-

mum weight perfect bipartite matching problem, i.e., problem (6.19). Then, we further
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Algorithm 10 Efficient Device Scheduling, Model Pruning, and RB Allocation Algo-
rithm

1: Inputs: The Aol of devices’ gradients in all model regions, {TX;,VZ’ € I,Vk € K}. Device
k’s CPU frequency fy, channel gain hy;, and transmit power py.

2: Solve the optimal model pruning policy for each device k (k € K) at each RB r (r € R) using
Algorithm 9.

3: Construct the linear programming problem (6.20).

4: Solve (6.20) by the current matrix multiplication time algorithm [119] and obtain the optimal

solution {6} ,.,Vk € K,Vr € R}.

5: Compute the RB allocation policy for each device k (k € K) as 2} , = {z&*),‘w € R} where

(7,%) _ px*
2kt _ek,r'

6: Compute the device scheduling policy as S} = {aj, ; = 1,Vk € K} where o , = Zil zg;*).

7: Find the optimal model pruning policies for each scheduled device k € S}, denoted as
{m; ,,Vk € S;}

return The device scheduling policy S/, model pruning policy mj ,, and RB allocation
policy zj ;.

transform problem (6.19) into its equivalent linear programming (6.20). It is worth men-
tioning that these are two equivalent transformations and do not change the optimality
of problem (6.14). Thus, the optimal solution of problem (6.14) can be addressed by
first solving the optimal solution of problem (6.20). When the optimal solution of prob-
lem (6.20) is found, the optimal RB allocation is determined. Furthermore, the optimal
device scheduling policy can be computed by aj, , = Zle z,irz ™ (Vk € K), and the opti-
mal model pruning policy of each device can be determined by Algorithm 9. For clarity,
we summarize the detailed steps for solving problem (6.14) in Algorithm 10. In Algo-
rithm 10, constructing the linear programming problem (6.20) requires running K x R
times of Algorithm 9 to calculate the optimal model pruning policy for each device k
(k € K) at each RB r (r € R). Thus the overall time complexity to solve the problem
(6.14) is O (KRIlogI + (K*t1/6)2).

In practical wireless networks, implementing the proposed AMP-FL in Section 6.2.1
requires the edge server to maintain the gradient information for all devices. Thus, the
memory size requirement of the edge server scales with the model size and the number
of devices. With the increase in device number, the memory space of the edge server
may be exhausted and thus restrict the scale of the FL system and the global model. To

tackle this issue, we distribute the memory requirement to devices for forming a memory-
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friendly AMP-FL which is equivalent to the proposed AMP-FL in Section 6.2.1. As a
result, the edge server only need to maintain a single gradient array, Gy, to cache the
aggregated local gradient information, and each device maintains a gradient array Gy, ,
to cache its previous latest gradient. Then we replace step 4) and step 5) in Section 6.2.1

with the following steps:

e Replace step 4) in Section 6.2.1 with: After finishing the local training process,
each scheduled device k (k € S;) uploads the difference between its current and

)
0 =gt
t

previous gradient, i.e., G g G,(;Ll, to the edge server.

e Replace step 5) in Section 6.2.1 with: After receiving devices’ gradient infor-

(i) _

mation, the edge server updates the maintained gradient according to G

GEZ 1+ % Zk 1 G} Then, the edge server updates the global model as 'wg 421 =

wf® 9GP,

By replacing step 4) and step 5) in Section 6.2.1 with the above two steps, the edge
server distributes the memory requirement to the devices. We summarise the steps of

implementing this memory-friendly AMP-FL in Algorithm 11.

In the following theorem, we prove the equivalence of Algorithm 11 and the proposed
AMP-FL in Section 6.2.1.

Theorem 6. Algorithm 11 is equivalent to the proposed AMP-FL in Section 6.2.1.

Proof. We prove Theorem 6 by mathematical induction approach. Firstly, the main-

tained gradient array Gy at the edge server satisfies:

K
~(i ~(i 1 i) Al
G =G+ 2D anm Gy
k=1

=GV 4+ — Z(f G ). (6.21)

Note that at the beginning of the learning process, the devices’ gradient array G, —1 and
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Algorithm 11 Memory-friendly AMP-FL

1: Initialization: The edge server initials its gradient array G_; = 0 and the global model
wy, each device k (k € K) initial their gradient array as G, —1 =0
2: Server side:
3: fort=0,1,---, 7 —1do
4:  Determine the scheduled devices and generate a sub-model for each scheduled device
through model pruning.

5 if Receive the gradient information from the selected devices then
6: Update the gradlent array G, as
GEZ) = GE )1 +x Zk 1% tml(:)t(gk t Gé)t 1)
T Update the global model as 'wg_gl = w75 77G(Z
8: else
9: W41 = Wy
10:  end if
11: end for

12: Device side:

13: if Device k is scheduled then

14:  Download its corresponding sub-model from the edge server;
15: forl=0,1,---,A—1do

16: Perform local training according to (6.1);
17:  end for _
18:  Compute the cumulative stochastic gradient g,(j)t = %(w,g 9 wl(;)t \)

19: Upload the g+ — G,t—1 to the edge server.
20:  Update the gradient array Gy, according to (6.2).
21: end if

the server’s gradient array G_; are all initialized with 0. Thus, when ¢ = 0, we have

. . 1 K . . 1 K
G =6 X (el -al) = el (6:22)
=1 k=1
When t =1,
L0 _ @l LS (o) _
G =G+~ ; (6 -ci)
L) a1 g
=K ZGk,l +Gy — }ZGk,O
k=1 k=1
1 &
= 22 Gh. (6.23)
k=1
Similarly, for ¢ > 1, G(Z = Z 1 Thus, the updated global model through

Algorithm 11 is wt(fgl = wgl) Gi ) = g 2 N+ Zszl G,(jzf, which equals the updated

global model by the proposed AMP-FL in Section 6.2.1. Thus, Algorithm 11 is equivalent
to the AMP-FL algorithm in Section 6.2.1. O
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Table 6-A: System Parameters

Parameter Value Parameter Value

K 100 R 10

B 1 MHz Ny -174 dBm/Hz
ng (Vk € K) 4 ho -30 dBm

q 32 bits n 0.05

T 8 Ly 64

Q@ (CNN) 36,758 Ck (CNN) 782,816

Tmax (CNN) 0.1s Q (VGG-11) 9,287,434

Cr (VGG-11) 362,285,568 Tmax (VGG-11) 20 s

pr (Vk € K) 30 dBm 5 2

6.5 Simulation Results

In this section, simulations are conducted to evaluate the performance of the proposed
AMP-FL algorithm and device scheduling approach. If not specified, the default system
settings are given as Table 6-A. We consider an edge server situated at the centre of a
circular area with a radius of 500m serving K randomly distributed devices. The channel
gain is modelled as hy; = hophtdﬁ, where dj, is the distance from device k£ to the edge
server, pr ~ Exp(1) is the Rayleigh fading channel gain [12, 98]. For each device, its
CPU frequency is uniformly selected from {0.85,1.12,1.2,1.3}GHz. Similar to [27, 35],
we do not compute the exact value of the interference (I,,, Vr € R) since we mainly
focus on FL system instead of other service areas. The inter-cell interference at each RB
r, i.e., I, is randomly selected from the range of [102_BN0, 105BN0]. For each device,
its CPU frequency is uniformly selected from {0.85,1.12,1.2,1.3} GHz, and each CPU

cycle can process 4 FLOPs.

We evaluate the proposed approaches on two typical classification tasks using MNIST
and CIFAR-10 datasets. For the MNIST dataset, we train a CNN with the following
structure: two 5 x 5 convolution layers with 6 and 16 channels, respectively, and each
of them is followed by a 2 x 2 max-pooling layer; a 128-neuron FC layer; and a 10-unit
softmax output layer. For CIFAR-10, we train a VGG-11 model [09]. Note that the
original VGG-11 has 1000 output units. To adapt VGG-11 to the CIFAR-10 dataset, we

remove its last max-pooling layer, then replace its FC layers as the following structure:
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two FC layers with 512 and 128 neurons; a 10-unit softmax output layer. We utilize
a typical non-IID data partitioning method for both the above datasets as follows: we
sort all data samples according to the label, then divide them into sK/10 shards and
assign each device with s shard. By this means, each device obtains at most s types of
data in the dataset. If not specified, s = 2. For all the above-illustrated two models,

cross-entropy is used as the loss function.

6.5.1 Comparison of Model Pruning Strategies

In this subsection, we evaluate the proposed model pruning approach by comparing
it with the following approaches under different device schedule numbers and pruning
ratios: 1) The proposed model pruning without gradient compensation (Proposed-wGC):
The edge server utilizes the proposed model pruning approach (i.e., Algorithm 9) to
generate sub-models. However, the server only uses the received sub-model gradients
from devices for global model updating without compensating the pruned model regions’
gradients. The gradients of the pruned model regions of devices are set to zero for
aligning the model architecture. That is, all devices’ gradients have the same structure
as the global model. 2) Importance-aware model pruning: In each round, the edge
server removes the less important filters and neurons in the global model to generate
sub-models. The importance score of each filter in the convolution layers is computed
as the kernel weights summation. The importance score of each neuron in the FC layer
is calculated as its connected input weights summation [120]. 3) Random pruning [60]:
In each round, the server randomly prunes the global model to generate sub-models for

devices based on their pruning ratios.

Fig. 6.2 compares the learning performance of FL with different model pruning
policies on the MNIST dataset. By setting the pruning ratio of all devices to 0.1, Fig.
6.2(a) and Fig. 6.2(b) test the performance of all the model pruning policies under
|S¢|= 5 and |S¢|= 10, respectively. Compared to the benchmarks, the proposed approach

improves over 10.9% and 3.3% accuracy when |[Sy|= 5 and |S|= 10, respectively. In
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Figure 6.2: Comparison of the learning performance of FL with different prun-
ing strategies on the MNIST dataset: (a) Test accuracy, |S¢|= 5,
Bkt = 0.1, (b) Test accuracy, |S¢|= 10, S = 0.1, (c) Final test
accuracy of FL after 300 rounds of training.
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Figure 6.3: Comparison of the learning performance of FL. with different prun-
ing strategies on the CIFAR-10 dataset: (a) Test accuracy, |S¢|= 5,
Brt = 0.1, Test accuracy, |S;|= 10, B = 0.1, (c) Final test accu-
racy of FL after 1000 rounds of training..

addition, the proposed pruning approach with gradient compensation performs better
than that without gradient compensation. This demonstrates the effectiveness of the
proposed gradient compensation mechanism. Fig. 6.2(c) shows how the pruning ratio
affects the final accuracy of the global model trained under different pruning policies.
Note that all the accuracy results in Fig. 6.2(c) are obtained by training the global
model under corresponding pruning policies with 300 rounds. We can see that the
proposed pruning approach outperforms the benchmarks under different pruning ratios

and participant numbers. Moreover, for all pruning policies, the final accuracy under
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|S¢|= 10 is higher than that under |S;|= 5. This indicates scheduling more devices in
each round improves the learning performance of AMP-FL. In addition, the final model
accuracy under all pruning policies decreases with the increase in the pruning ratio. This
is because a larger pruning ratio induces that the sub-models have fewer parameters, and

more filters and neurons have been trained fewer times.

A similar comparison is conducted on the CIFAR-10 dataset in Fig. 6.3. It is also
observed that the proposed model pruning policy converges faster than the benchmarks.
When the pruning ratios of all approaches are set to be 0.1, the proposed approach is
capable of boosting 5.13% and 3.56% accuracy under |S¢|= 5 and |S|= 10, respectively.
It is worth mentioning that the proposed approach with gradient compensation outper-
forms that without gradient compensation. In addition, the proposed-wGC approach
remains performs better than the other two benchmarks. This demonstrated the effec-

tiveness of the proposed gradient compensation mechanism and model pruning approach.

6.5.2 Comparison of Device Scheduling Policies

In this section, we evaluate the effectiveness of the proposed device scheduling and
resource allocation approach by comparing it with: 1) Pruning ratio minimization-aware
device scheduling (PR-scheduling) [59, 61]: In each round, the edge server selects a subset
of devices that satisfies the latency constraint and has the minimal sum of the pruning
ratio. 2) Channel gain-aware device scheduling (C-scheduling) [35]: The edge server
schedules the devices with maximal channel gain and satisfies the latency constraint to
perform training in each round. 3) Random scheduling. In each round, the edge server
randomly selects a subset of devices and their corresponding RBs that satisfy the latency

constraint.

Fig. 6.4 compares the proposed scheduling approach with the above three approaches
on MNIST dataset. From Fig. 6.4(a), compared to the benchmarks, the proposed device

scheduling achieves higher accuracy and faster convergence speed. Specifically, the pro-
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Figure 6.4: Comparison of learning performance for different device scheduling
approaches on MNIST dataset.
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Figure 6.5: Comparison of learning performance for different device scheduling
approaches on CIFAR-10 dataset.

posed device scheduling approach boosts at least 3.97% accuracy than the benchmarks.
Given the target accuracy is 85%, the proposed device scheduling approach only takes
10.42 seconds to achieve the target, while the best benchmark, i.e., the PR-scheduling
scheme, requires 15.3 seconds. Compared to the benchmarks, the proposed approach is

able to save 31.9% training time to obtain 85% test accuracy. The latent reason why the



Chapter 6. Efficient Wireless Federated Learning with Adaptive Model Pruning 146

proposed device scheduling approach outperforms the benchmarks is illustrated in Fig.
6.4(b), which plots the average Aol of devices’ local gradients. We find that the pro-
posed method possesses the lowest average Aol of local gradients. In addition, for all the
device scheduling algorithms, the one with lower Aol obtains higher learning accuracy.
This phenomenon demonstrated the convergence results in Remark 6, which suggests

minimizing the average Aol of local gradients to enhance the learning performance.

Fig. 6.5 evaluates the learning performance of all the device scheduling approaches
on the CIFAR-10 dataset and shows the same conclusion as MNIST. From Fig. 6.5(a),
the proposed approach achieves 2.1% accuracy improvement after 3 x 10* seconds of
training. Given the target accuracy is 70%, the proposed device scheduling approach
saves at least 15.87% training time compared to the benchmarks. In addition, Fig.
6.5(b) shows that the proposed device scheduling approach has the lowest average Aol
of gradients compared to the benchmarks. This further demonstrated the correctness of

the convergence results in Remark 6.

6.5.3 Overall Effectiveness

This subsection evaluates AMP-FL by comparing it to three FL algorithms as follows:
1) Synchronous FL [27, 33, 35]: The scheduled devices train the entire global model and
upload the trained model to the edge server for aggregation. 2) Regularized FL [121]:
Regularized FL utilizes a weight-based proximal term to limit the impact of local updates
to tackle the data heterogeneity among devices. 3) Adaptive personalized FL (APFL)
[108]: The selected devices train their local models and the received global model. After
that, APFL integrates devices’ local models and global model to create a personalized

model for each device.

Fig. 6.6 shows the learning performance of AMP-FL and three benchmarks on
MNIST dataset. Fig. 6.6(a) sets the data heterogeneity-related parameter to s = 2, i.e.,

each device in the system has at most two types of data samples of the MNIST dataset.
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Figure 6.7: Learning performance for different FL algorithms on the CIFAR-
10 dataset: (a) s =2, (b) s = 3.

We can see that AMP-FL significantly outperforms Synchronous FL and Regularized
FL, i.e., it improves around 4.3% test accuracy compared to these two benchmarks.

Although AMP-FL only obtains a slight accuracy improvement to the APFL approach,

it converges fast than APFL. AMP-FL only takes 17.5s to achieve 90% accuracy, while
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APFL takes 29.5s. That is, AMP-FL provides a 1.7x speed up compared to APFL. Fig.
6.6(b) compares the learning performance of all the FL algorithms under s = 3, drawing
a similar conclusion to the setting of s = 2. Specifically, AMP-FL boosts 3.63% accuracy
compared to Synchronous FL. and Regularized FL. and achieves a 1.9x speed up when
the target accuracy is 90% compared to APFL. In addition, for all the FL algorithms,
their learning performance under s = 3 is better than that under s = 2. This is because
the high data heterogeneity would introduce higher variance in the global model update

and degrade the learning performance.

Fig. 6.7 conducts a similar comparison on the CIFAR-10 dataset. From Fig. 6.7(a)
with setting s = 2, when the target accuracy is 70% and 75%, the proposed AMP-FL is
capable of providing a 1.6x and 1.5x speed up compared to the benchmarks, respectively.
In Fig. 6.7(b), we set the data heterogeneity-related parameter to s = 3. It is observed
that AMP-FL achieves a 1.75x and 1.7x speed up when the target accuracy is 70% and
75%, respectively. Moreover, we can see that the learning process of the proposed AMP-
FL is more stable than that of the benchmarks since the shadow band of AMP-FL is
slim than the benchmarks. The benefits come from the proposed gradient compensation
mechanism and model pruning approach, which prevents the global model from being
biased toward devices with high communication and computation capabilities. From
the results in Fig. 6.6 and Fig. 6.7, dynamically adjusting the local models to adapt
devices’ computation and communication capabilities is an efficient approach to mitigate

the straggler effects in practical wireless FL systems.

6.5.4 Impact of Wireless Resource on Learning Performance

In this subsection, we evaluate the impacts of the number of RBs on the learning per-
formance of AMP-FL, including test accuracy and Average Aol of devices’ gradients.
Note that in this section, the results on MNIST and CIFAR-10 are achieved after 50 and

3 x 10* seconds of training, respectively.
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Figure 6.8: Learning performance of the proposed AMP-FL under different
number of RBs: (a) on MNIST dataset, (b) on CIFAR-10 dataset.

In Fig. 6.8, we evaluate the effects of the number of RBs on the test accuracy and
average Aol on the MNIST and CIFAR-10 datasets. From the results on MNIST dataset
in Fig. 6.8(a), it is observed that the test accuracy of AMP-FL keeps increasing along
with the increase in the number of RBs. This is because the increasing number of RBs
allows more devices to participate in the learning process in each round. In addition,
the average Aol of devices’ gradients decreases with the increase in the number of RBs.
According to the definition of Aol in (9), the Aol of a model region increases when the
corresponding device is not selected or the model region is pruned. Increasing the number
of resource blocks would increase the number of selected devices in each round, and thus
more model regions are selected in each round. Consequently, the average Aol across
devices would be reduced. The results on the CIFAR-10 dataset in Fig. 6.8(b) show a
similar conclusion to the results in Fig. 6.8(a), indicating that increasing the number
of RBs helps improve test accuracy of reducing the average Aol of devices’ gradients.
These simulation results further verifies our theoretical analysis results in Remark 6,
which suggests minimizing the average Aol of local gradients to enhance the learning

performance.
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6.6 Summary

In this chapter, we developed a novel AMP-FL framework which dynamically prunes
the global model to generate sub-models adapted to devices’ communication and com-
putation capabilities. This framework is capable of simultaneously reducing communica-
tion and computation overhead for devices to enable efficient FL among heterogeneous
devices. To prevent the diverse structures of pruned local models from affecting the
training convergence, we proposed a gradient compensation mechanism to compensate
for the gradients of pruned model regions by devices’ historical gradients. We introduced
an Aol metric to characterize the staleness of local gradients and analyzed the conver-
gence bound of AMP-FL. The convergence bound suggests scheduling devices with large
Aol and pruning the model regions with small Aol for devices in the per-round learning
process. Based on this, we develop an effective device scheduling, model pruning, and
RB allocation approach to enhance the learning performance of AMP-FL in wireless
networks. Experimental results show that compared to the benchmark FL algorithms,
the proposed AMP-FL is capable of achieving 1.9x and 1.6x speed up on MNIST and

CIFAR-10 datasets, respectively.



Chapter 7

Conclusion and Future Work

7.1 Conclusion

This thesis concentrates on the joint design of wireless networks and learning mecha-
nisms to address different challenges that emerged in wireless FL, aiming to improve the
learning performance and enhance the robustness of FL in practical wireless networks.
Specifically, six fundamental challenges under different scenarios are investigated, i.e.,
data heterogeneity, scarce wireless resources, high communication overhead, model het-
erogeneity, device heterogeneity, and unreliable communications. For these challenges,
this thesis proposes four schemes to address them and verifies the effectiveness of the

designed schemes in learning performance.

Chapter 3 started by investigating the origin of learning performance degradation
caused by partial device participation through convergence analysis, which revealed that
the learning convergence declined due to the error between the scheduled devices aggre-
gated gradient and full participation aggregated gradient. In addition, considering the
limited wireless bandwidth, we propose to schedule a subset of representative devices
and the corresponding pre-device stepsizes to approximate the full participation aggre-

gated gradient while capturing the trade-off between learning performance and latency

151
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for FL. Simulation results demonstrated the efficiency of the proposed scheme in terms

of convergence speed and learning accuracy.

Chapter 4 developed a novel KFL framework to address the data heterogeneity, high
communication overhead, and model heterogeneity in wireless FL. Unlike the conven-
tional FL algorithms that aggregate local models, KFL aggregates light high-level data
features, namely knowledge, in the per-round learning process. Compared to the con-
ventional model aggregation-based FL algorithms, KFL possesses three advantages, i.e.,
allowing devices to be equipped with heterogeneous local models, greatly reducing the
communication overhead, and mitigating the data heterogeneity problem. In addition,
when deploying KFL in wireless networks with energy-limited devices, we theoretically
and experimentally demonstrated that scheduling more devices in the early rounds helps

improve learning performance.

Chapter 5 proposed a gradient recycling-based FL framework, i.e., FL-GR, to address
the unreliable communication and scarce resources in wireless FL. FL-GR reuse the
historical gradients of unscheduled and transmission-failure devices to calibrate the global
update and improve the learning performance of FL. On this basis, we theoretically
revealed that minimizing the average square of local gradients staleness in the learning
process helps improve learning performance. Following that, we developed a joint device
scheduling, resource allocation and power control approach to enhance the performance
of FL. Extensive simulations verified the effectiveness of the developed approaches in

unreliable wireless networks.

Chapter 6 proposed an adaptive model pruning-based FL approach to tackle the
device heterogeneity, in which the edge server dynamically generates sub-models by prun-
ing the global model for devices local training to adapt their heterogeneous computation
capabilities and time-varying channel conditions. Since the model pruning produces
diverse structures of devices submodels and negatively affects the learning performance,
we propose compensating for the gradients of pruned model regions by devices historical

gradients. Following that, we introduced an Aol metric to characterize the staleness of
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local gradients and theoretically analyze the convergence behaviour of AMP-FL. Based
on the convergence bound, we further jointly optimized the device scheduling, model
pruning, and resource block (RB) allocation policies to enhance the learning efficiency

of FL.

7.2 Future Directions

In this section, some possible extensions of the current works in this thesis and future

research directions are summarized as follows:

7.2.1 Federated Split Learning

In FL, the devices undertake the overall training computations, and the server is only
responsible for aggregating the local updates uploaded from devices. However, train-
ing and transmitting model updates are prohibitively expensive for resource-constrained
devices, especially when training a large ML model. To relieve the computational bur-
den for devices, federated split learning (FSL) [122, 123] was developed to split the ML
model into two parts so that most computations are offloaded to the server, and devices
only train a small part of the learning model. With the development of machine learning
techniques, one generated insight is that scaling up model size can effectively improve
model accuracy. Under this scope, FSL is a promising technique to enable collaborative

training of large ML models at the wireless networks.

Although FSL is device-friendly, it still suffers from high communication costs due
to the back-and-forth transmission of smash data and gradients of every data sample
in each epoch. In addition, the existing FSL frameworks mainly focused on reducing
the communication cost of homogeneous client-based systems. Most of the practical
system limitations, e.g., device heterogeneity and data heterogeneity, have not been well

investigated. Thus, it is essential to develop innovative FSL frameworks to address
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practical challenges and improve learning efficiency.

7.2.2 Federated Multi-Modal Learning

With the advancement of data collection techniques, end users are interested in how
different types of data can collaborate to improve our life experiences. However, most
existing FL algorithms mainly focused on the single-modal data scenarios, e.g., computer

vision, audio, and natural language processing.

In practical systems, devices may have heterogeneous setups of sensors and their local
data consists of different combinations of modalities. The FL algorithm utilizing multi-
modal data sources remains in its infancy [124, ]. With the modality incongruity,
devices may solve different tasks on different parameter spaces, which escalates the dif-
ficulties in federated training. In addition, it would be hard to perform accurate model
aggregation across different types of clients. Considering these practical challenges and
applications, developing effective Federated multi-modal learning schemes is still an open

problem.

7.2.3 Federated Continue Learning

In practical systems, the local datasets at devices may dynamically change over time.
For example, a mobile phone user may delete some photos or take some new photos. In
addition, devices may join and depart the training without prior notice. These practi-
cal situations induced the time-varying local datasets in the federated training process.
However, the existing FL research mainly relies on fixed data distribution among devices
throughout the entire learning process, which may confront severe learning performance

degradation under the time-varying local datasets.

To tackle the time-varying data in FL, integrating continual learning [126] into FL is

a promising framework. In fact, continual learning approaches have been widely investi-
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gated in the centralized learning setting to avoid the problem of catastrophic forgetting
in time-varying data. The existing continual learning methods are mainly from the
perspective of regularization [127], experience memory [128], and dynamic architectures
[129]. Directly integrating these continual learning techniques into FL would increase the
memory and computation burdens for the resource-constrained devices. Thus, it is essen-
tial to design novel federated continual learning approaches to enable resource-efficient

learning under time-varying data scenarios.
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Proof in Chapter 2

A.1 Proof of Theorem 1

According to the L-Lipschitz continuous of loss gradients VFj(w) in Assumption 1, we

have
L 2
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+ Ly’El| =V F(w,) + gil* + L"E[~gc + g%, (A.2)

where (a) derived by Cauchy-Schwarz inequality and n < %, (b) follows the triangle-

inequality, (c) is due to the unbiased stochastic gradient in Assumption 2.

Below we first bound E |-V F(w;) + gq||*.
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where (a) follows Jensen’s inequality, (b) is due to the unbiased gradient in Assumption 2,

(c) follows the Assumption 2 and Assumption 3. In the following, we bound E||—g; + g¢||*

as follows:
1 K 71 2
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where (a) follows Jensen’s inequality, (b) is due to Assumption 2. Substituting (A.3)

and (A.4) into (A.2), the proof is completed.
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A.1.1 Proof of Corollary 1

By using the L-smooth of loss functions, we have
IVE(w) | < 2L (F(wy) — F(w")). (A.5)
By substracting F'(w*) for both F(w;41) and F(w;) in the one-round convergence bound
in (3.12),
E(F(wiy1) — F(w")) < E(F(w;) — F(w?)) — %IQE IVE (wy)]*
L2 (27 21+ 1) GP+ LP(r — A2 + L | —ge + e|* - (A6)
Substituting (A.5) into (A.6), we have

F(wi) — F(w*) < (1= L*n) (F(wy) — F(w"))
+Ln? (272 =21 + 1) G* + L*(m — 1% + L? || —g: + @l)> . (A7)

Telescoping the above equation, the convergence bound after T rounds can be derived

as Corollary 1. The proof is completed.

A.1.2 Proof of Lemma 3

From the definition of T; ,St in (3.7), it is straightforward to see that 7, ,St is a monotonically
decreasing function with respect to 6 ;. For any device that finished the local gradient
computing process earlier than other devices, we can reallocate some of its bandwidth
to other slower devices. As a result, the one-round latency determined by the slowest
device can be reduced. The bandwidth reallocation process will be performed until all
devices simultaneously finish the local gradient computing and uploading. Consequently,
the optimal solution of (3.19) is achieved when the entire bandwidth is allocated to
all scheduled devices to have the same finishing time. Thus, the optimal bandwidth
allocation policy satisfies

T+ T, = T (81),Vk € S,

ZkGSt ak = 1’
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where 7;*(S}) is the optimal latency in round ¢. By solving (A.8), the proof is completed.

A.1.3 Proof of Lemma 4

For ease of presentation, we first denote the minimal gradient uploading latency for device

k (k€ K) as ch,émin _ w%, which is derived when device k occupies the entire

bandwidth to upload its gradient. Below we first prove that the optimal latency function
7.5 (S) is a monotonically increasing function with the device set S. Based on Lemma

3, for device set S7 C S5 C K, we have
C,min TC,min
k.t k.t
E:*—:E:*’—Zla (A.9)
k€S T (S1) T k€S, T (S2) — Tl&t

which equivalent to
C,min TC min TC min

k,t k,t
) — + —* . (A.lO)
k;:l T5(S1) — T,gt k;: TA(Sy) — TL ke;\s T (S2) T,gt
By rearranging the above equation, we have
C, 1 C, 1 C: n

Z ( TC;min ) T ) _ Z L >0 (A.11)

k€S, T (S1) — T%:t Ti7(S2) = Tk{jt keS2\S1 T (S2) — Tlg,t
Thus, we have 7;*(S1) < 7,*(S2). That is, 7,*(S) is a monotonically increasing function

with the device set S. Similarly, for device h € K\ S5, we have

hes 7;* (51 + h) — Tl?,t 7;*(51) — T* (Sl —|— h)
By rearranging the above equation, we have
TC,min
T (S1+h) — T(8) = e (A13)
L+ 3 76 7T, TS h) T,

keSy
Since 7 (S1+h) < T (S2+h), based on (A.9), we have T,*(S1+h) — T,*(S1) <

T (S2+ h) — T;(S2), the proof is completed.
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A.1.4 Proof of Lemma 5

For ease of presentation, we define two device sets, S7 and S5, such that §1 C Sy C K,
and a device h € K\ Ss2. Based on the definition of H(S;), we have H(S1) > H(S2) and
H(S1 U{h}) > H(S2U{h}). Moreover, we have

H(S1U{h}) —H(S1)

K K

- > eegi.g}{h} |V Fy(wy) — VF(wy)| — ;gel}s% IV Fy(wy) — VE,(wy)]
K

= min (0, IVE(we) = VEn(we)|| — min [VE,(we) — VE,(wy)]] ) (A.14)
k=1 1

Since S1 C S, we have min ||V Fy(w) — VE,(wy)|| > min |V EF(w;) — VE,(wy)].
heS heS2

Thus, H(S1 U {h}) — H(S1) < H(S2 U{h}) — H(S2), the proof is completed.
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Proof in Chapter 3

B.1 Proof of Lemma 6

Using L, smooth of Fj,(-,vy,) and Ly-smooth of F(uy, ), we have
Fi(ul v}) — Fi (g, o) < (VB (o w)) o — ) + o o — g [*, (B)
and
Fy, (ug, v}) — Fr(ug, vg) < (Vo Fi(ug, o), v) — vg,) + % [ vf, — o[- (B.2)

Summarizing (B.1) and (B.2), we have

L
Fi(up, vy,) — Fi(ug, v) < (Vo Fy (ug,v},) , up — ug) + 7“ |y, — UkH2

L
+ (Vo Fi(ug, vg), v, — vg) + 7” v —vi|*. (B.3)

We now focus on bounding (Vo Fj, (ug,v},), u), — uy) as follows:

<Vqu(uk,'v,'€),u§€ — uk>

@ (Vi (g, vi), w), — wg) + (VaFy (wr, v;) — VaFi (ug, vr), wp — up,)

(b)
< (VaFr(ur, vg), wy, — ug) + || Vo Fr (wr, v)) — Vo Fi(wg, op) || ||ug, — w|

(¢)
< (VuFp(ug, o), up, — wp) + Luy || 0), — vi]| || uf, — w|
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(o) , 1 / 2 1 / 2
< <Vqu(uk,vk),uk - uk> + §XLUH1J,€ - ka + §XLuHuk - ukH , (B.4)

where (a) is derived by adding and substracting V Fj,(ug,v;) into Vi Fj(ug,vy), (b)
follows the Cauchy-Schwarz inequality, (c) comes from Assumption 4, (d) is due to the

definition of . Substituting (B.4) into (B.3), the proof completes.

B.2 Proof of Lemma 7

According to Lemma 6, we have

F(wp i1, V1) — Fr(Wpp, Vi)

14+ x
< VauFi(Ukt, Vit ), Wkt1 — Ukt) + 5 Lo wnis1 — kel
14y
+ (Vo Fi(Wk,t, Vi t), Vk 41 — Vkt) + —5 Lol|vg 1 — viel?. (B.5)

Below we focus on bounding the four terms on the RHS of (B.5). Firstly, we bound

(VuFi(up i, Vi), Uk +1 — Uke) as follows:

<Vqu(uk,ta vk,t), Uk t+1 — 'U'k,t>

7—1

= 1y Z (VauFi(wp i, Vit), VaFr(We e, Vke1) + AV L (wge))
1=0

(a)

< - HV Fr(up g, vpy) |

+ % Z IV P (1 0k, 1) = Ve Fie (Wi, 0k ) + AV L (ug0) |
=0

(b) T— 1
< —fHV Fi (g, v ) [I” + 10X Y IV L (g ) |
=0
T—1
0w Y IV Fr (0 ket) — VaFr(tn s, vre) |12, (B.6)
1=0

where (a) is derived by adding and substracting Ve Fj(wg ¢, Vg ¢) into Vo Fi(p 1, Vkt)
and using the triangle inequality, (b) follows the triangle inequality. For the second term
on the RHS of (B.5), we bound ||ug 41 — Uk,t||2 as

2

w1 — wp]® = Z (VauEp(Wpt, Oke) + AV Lg(ug,y))

=0
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(a) T—1
< e Y I VaFr(wk g, Orer) + AV Lg(ug )|
1=0
(b) T—1 T—1
<227 Y (VP (w0, vt 1”4 2027 S IV L (wier) ||
1=0 1=0
© 5 9 2 = 2
< A7 VP (wr g, vk )12 4+ 20070 Y [V Li (w1
1=0
T—1
A2 Y IV Fk (0 Vket) — VaFr(ur, vrg) |12, (B.7)
1=0

where (a) is due to Jensen’s inequality, (b) follows the triangle inequality, (c) is derived
by adding and substracting Ve Fi(u ¢, Vi) into Vo Fi(tgt1, V). We now focus on
bounding ZZTZ_OIHVqu(uk,U, Vg 1.1)—VauFi(ug +, vg ) ||* which appears in both (B.6) and
(B.7) as

T—1
D VP Wk, Vkt) — VaFe(wr g, o) ||
1=0

a
< 22 < \VuFr(we i1, V1) — VaFr (g, o) |

+ IV Fr(r, Vi) — VaFi (g, Uk,t)’2>

(b) ’T*l T*l
<2 Lilluggs — wie? +2 X’ LuLollvkes — vral’. (B.8)

1=0 =0
where (a) derived by adding and substracting Vo, Fj(wg+, Vi) and using the triangle

inequality, (b) follows Assumption 4 and the definition of .

For the last two terms on the RHS of (B.5), we have

14+ x
(VoI (Upt, Vkt), Uk t41 — V) + TLvHvk,tH — vp4|?

T—1 2
= =0 Y (Vo Fi(tny, V), Vo (W1, vk 1)) + 7Lv Un ZV Fre(Wk,t1, Ok 1)

1=0
(@ =t 1+
< =My Z (Vo Fi(wrt, Vit), Vo Fi(Wri, Vi) + TXLUT]?)T Z | Vo Fr (w11, ’Uk,t,z)H2

1=0 1=0
® 2 2 1 2
< (1 +x) Lompm — 57’117_)vaFk(uk,tavk,t)H

7—1
2 1 2

(L4 2) Loty + 510) > IV Fr(r 0 ki) = Vo Fr(uee veg) 1, (B.9)

=0
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where (a) is due to Jensen’s inequality, (b) is derived by adding and substracting
Vo Fr(ukt, V) into Vo Fy (g, Vi) and using the triangle inequality. In (B.9), we

bound 373 || —= Vo Fi(wk t, Vkt) + Vo Fi(wg i1, vp40)]% as
7—1

D Ve Fi(k 0, Uk i) = Vo Fi(wrt, vg ) |
1=0
7—1

<2 Vo (ks Vi) = VoFr(we, vp )l
1=0

T—1

2 Vo F(tn i, Ortt) = VoFr(we g, v
=0
T—1 1
<2 ; XZLuLUHu’k,t,l - uk,tHQ +2 Zl:O L?;”'Uk,t,l — 'Uk,tH2- (BlO)

Substituting (B.6), (B.7), (B.8), (B.9), and (B.10) into (B.5), and the learning rates

catia 1 1
batlbfy Nu < m and Ny < m, we have

1
Fi(up 1, Ok i41) — Fr(Wpp, vgy) < (2(1 + X)Lum2r? — ﬁuT) IV uFr (e, vie) ||

2
1 T—1
+ ((1+X)Lv7712ﬁ2 - 2?7UT) Vo e (wht, va,0)I” + (300 Lo+ 200 %> Lu L) Z kg — we]|?
1=0
T—1 5 71
+ BruX*LuLo + 20 L3) > [0k 0 — viell” + Zfiu)\2 D IVLe(urgn)|®. (B11)
=0 =0
T—1 T—1
Below we focus on bounding two terms in (B.11), i.e., Y ||vg¢i—vk]/? and 3 [lugi—
1=0 1=0
ug¢||?. Firstly, for 2172—01 [Vr.e0 — V]|, We have
2

-1
Z Vo Fi(Wktns Vktn)
n=0

7—1

T—1
D ok — vl =D i
=0 =0

((l) T7—1 -1
<> Y Ve Fr(wh i, vk )|
=0 n=0

(b) T(r+ 127 +1
< .G ( )6( ),

(B.12)

where (a) comes from the Jensen’s inequality, (b) follows the bounded gradient assump-

tion in Assumption 5. For leol [kt — wr ]|, we have

T—1
> Ntk s — wie]?
1=0
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7—1 -1
= Z 0’ Z (VaFk (ks Vktm) + AV Lk (wh )
7—1 -1
< ZU?JZHV Fio(Wht s Vktn) + AV Li(wr0) ||
[=0 n=0
b 7—1
2 Zn3122uv Fr(tp g, Vo) || +anzz 2||WLk Ut ||
Drr 4 DR+ by Alelll L -

where (a) is due to the Jensen’s inequality, (b) follows the triangle inequlity, (c) is due

to Assumption 5. Substituting (B.12) and (B.13) into (B.11), the proof is completed.

B.3 Proof of Theorem 2

By substituting (4.18) into (4.2), we have the one-round convergence bounded of the

global loss as follows:

K

Di, 1

F(Wi) - F(Wy) < E 7D Lynir® 577u7) HVqu(um,vk,t)HQ
k=1

X p 1 5 K D, =
k k
+ ; 6 (14 x)Lonar* — 5%7) Vo F (w1, 'Uk,t)H2 + Zﬁu)\Q ; D IZ; ||VLl~c(Uknf,l)||2

K 1
D
+ Ay 4 20222 (30u L2 + 20,2 Ly L) ;52 (7 = ) ||V Li(wp0) ||, (B.14)

Below we bound ||VLk(uk7t,l)H2. For ease of proof, we introduce an auxiliary variable

Q.= W, which aggregates all devices’s knowledge about class ¢ (Ve € C).
e ,C

2

= Z Z [ (wr,e 05 2) — Qell Vi (wp,05 )

c=1 (mvy)epk c

IV Li(

@ 1 &
< ﬁCsz,C > (s ) = Qedl I Vhk (g 2) |12
P

(mvy)epk,c

c
1
CY Dre D lhi(ppse) — Qe 0?
c=1

(w’y)EDk,c
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© 5
< 2302021}“ > ‘hk(uk,t,ﬁm)_Qc,tH2+2ﬁﬁ2CZDkCHQCt

k c=1 (mvy)epk,c c=1

(B.15)
where (a) follows Jensen’s inequality, (b) is due to Assumption 6, (¢) derived by adding

and substracting Qc7t into . and using the triangle inequality.

Below we focus on bounding the two terms on the RHS of (B.15), where the first

term is bounded as

C
1 —
2ﬁ1920 E Dy, . E ||k (w5 ) — Qc,tH2
k c=1

(wvy)epk,c
1 C K 2
=250°C) Dre ) Z (R (W 1. T) = o (w13 1))
k c=1 (mvy)epk,c ml,y1)€D
< 89%7, (B.16)

where the inequality is due to Jensen’s inequality and Assumption 6. For the second

term on the RHS of (B.15), we have

K K
> Yoo hp(ups ) D age—n Yo hi(upg ) o
= 2 k=1 (21,y1)€Dk,¢ k=1 (21,91)EDk,c
[ — Qe = D - X
‘ > 1Dy e
E—1
K 2
Y (I—agi—1) > hp(urgzr) (De Zakt 1Dk ) Zakt 1Y hg(ugs )
k=1 (21,91)€Dk,c k=1 (21,91)€Dk,
N D
‘ D, Z ak,t—le,c
k=1
K
Yo (I—ag—1) X |hk(ur s z1)l|  (De Zakt 1D.c) Eam 12 1 (wp ;1) |
k=1 (21,91)€Dk,c k=1 (1,y1)€Dk,c
< +
D D, Zkzl ak,t—lpk,c
(a) o K 2
2 4g2<Dc Zk:éak;,t—le,c> ’ (B.17)
C

where (a) is due to Assumption 6. Substituting (B.15), (B.16), and (B.17) into (B.14),
then substracting F(W™*) into both F(W;41) and F(W}), we have

F(Wi1)-F(WF)
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* 1 D
F(W)~F(W )+<2(1+X)Lu7712ﬂ'2 - 2w> 3 = |V Ptk 00|
k=1

1 D
e (et L) S v el
k=1

K
K 1 c D.— 3 ags—1Dp e
A+ A+ Ay —— D? k=1 B.1
+ A1+ A2 + 2;DDkC; k,c< D, , (B.18)

where Ay = 10m, A2 79262 + 8n2\2092¢2 (377UL3 + 277UX2LULU) (T +1).

By using the L-smooth of loss functions, we have
IV Fr (s viep) || < 2L0 (Fio(g e, vie) — Fio(uf,v})) (B.19)
and
IV F (W i) || < 2L (Fe(wgoy i) — Fie(uf, vf) - (B.20)

Substituting (B.19) and (B.20) into (B.18), we have

F(Wig) = F(W?7) < A3(F(Wy) — F(W7)) + A1 + Ap

11 De = Y py k1D
+AQZDDkCZDkC( D > , (B.21)

c=1

where A3 = 1+ (4L2n2 + 2L2n2)(1 + x)7% — (NuLy + nvLy) 7. By telescoping the above

inequality, we have

_ AT
1 —A3 (A1 + Az)

K 2
+AQZAT = tZDDkCZ D (DC—;ak,t_le,c> . (B.22)

F(Wr) — F(W*) < Aj (F(Wo) — F(W*)) +

c=1

Below we boundmg the last term on the RHS of (B.22) as

2
Aq Z AT 1=t Z D Dk Z ( Zle ak,tle,C>
T— . K 2
Z Z D Dk Z < Zk:l ak,tDk,c>

=0 c=1
K C D2 K

T—
EECS STy e S ek,
t=0 € k=

k=1 c=1

—
S
Nasg
:*

IN
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AQCK oy D, &
S ayy g

k=lc=1
A2K T—2—t
ZA ZCZ Dg;am R (B.23)
where (a) is due to Jensen’s inequality and (1 — ax)? = 1 — a;. For the last term on

the RHS of (B.23), we have
Z e Df e

AQKZAT 92— tZCZ
D?

(@ 1 — & Dy K ’
T-2—t

= epRT 1) (Z 4 2 /DD, 2 O‘kkavC)

2

t=0 c=1 k=1
1 1 T—2 C
> A AT=271N " D
=2 DK(T - 1) maxi<k<K Dy, ; 3 ; kot ; ke
1 1 T—2 K 2
=A AT=27EN Dy | B.24
*DEK(T — 1) maxy<p< i Dy (; 3 ; kit k (B.24)

where (a) follows Jensen’s inequality. Substituting (B.23) and (B.24) into (B.22), the

proof is completed.

B.4 Proof of Proposition 1

The first-order and second-order derivatives of the objective function (4.23) with respect
to 7,5, are

9 (ZkESt Qk(t)Ek,t) . gktBNOnt — NoQqIn2 ek’t(%qr,}{t _ qx(t)0k,+ BNo
37;}1 hy, tT P ¢ ’

(B.25)

and
& (Cres, ) Ert)  ar(t)Q%*¢* No(In 2)?
U\2 - 3
k) s Bl (T5)

thBTkt > 0. (B.26)

O Xkes, () Eryz) | . . . . . . dEY
( < c’;TU ) is an increasing function with respect to ’Eﬂ Since lim b=
kot )

n?t—mo
I Xres, k() Ek, . I . .
( ke?ﬂlj kt) < 0. That is, the objective function (4.23) is an non-
k.t

Thus,

0, we have

increasing function with respect to the communication time 7;Ut The optimal completion

time of device k is ’EUt = Tmax —EL. Thus, the optimal transmit power of device k satisfy
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(4.24).

B.5 Proof of Lemma 8§

Problem (4.25) is a typical convex optimization problem, its proof is similar to the proof
of Proposition 1, and thus omitted for brevity. By using KKT conditions, the Lagrange
function of problem (4.25) is

O+ BNy (Tonax — T K
£l0n) = Y anlty 2P0 T =T )Iwk,t)w(zek,t—l), (B.27)

keS; k=1

where p is the Lagrange multiplier associated with constraint (4.14c). The first-order

derivative of L(6;, u) is

OL(0y, 1)  BNoq(t)(Tmax — TF)

- (e 0., I'(0 i B.2
0O ¢ R (Z(Ok,t) + Okt T (Ors)) + 1 (B.28)

Let 9Lbnp) _ 0, we have
89;6,,5 ’

—th,t
BNOQk( )(Tmax - 77}) '

Its inverse function is shown to be (4.28). Given constraint (4.25a), the optimal band-

Z(Okt) + Ok, L' (O) = (B.29)

width allocation policy is given as (4.27). In addition, similar to the proof of Proposition
1, one can prove that the objective function (4.25) is a decreasing function of ) ;. Thus,

szl 0;:7t = 1 always holds for the optimal solution.

B.6 Proof of Proposition 2

For the ease of presentation, we define the Lyapunov function as V(t) = Zszl %q,% ;> the
Lyapunov drift of round ¢ as Ay (t) = V(t + 1) — V(¢). According to the evolution of the
virtual queue defined in (4.21), we have qk i1 S (th + g By — @) . For Aq(t), we

have

1K K B, 1
k
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K E
<o+ Z k.t (ak tErt — ;) ) (B.30)
k=1

}. By adding —V~; Zszl ay Dy on

both sides of (B.30), an upper bound of the one-round drift-plus-penalty function is

1 K E
where (o = 5 Zkzl C;fj Cr = maxy {‘ak,tEk,t -7

given by
K K

Aq(t) = Vy ; gDy < (o + ; Qe (g By — 7 -V ; a1 Dy (B.31)

The drift-plus-penalty algorithm of Lyapunov optimization aims to minimize the upper
bound of Ay (t) — vV Zle ay, Dy Define the T-round drift as Ap = V(T'—1) = V(0) =
Zle %q,% 7_1- Then, the T-round drift-plus-penalty function can be bounded by

AT—VZ’YtZOéka<TC0+Z<Zth aktEkt_ET V’YtzaktDk>
t=0 = t=0 —

(B.32)
Based on the above analysis, we first prove the feasibility of the proposed algorithm. We

use superscript * to denote the optimal offline solution of problem (4.22), superscript
T to represent the solution of the proposed drift-plus-penalty algorithm. For a feasible

solution with ay; = 0 and Ej; = 0, we have

K 1
Ap = Z ~qip, < T§0+VZ : (B.33)

Thus, we have

K 2 T-1
(Z Qk,T—1> <K Z Ger—1 < 2K (TC() +V Z %D) (B.34)
k=1

k=1 t=0
where the first inequation comes from Jensen’s inequality. According to the evolution of

the virtual queue defined in (4.21), we have oy Ey s — % < Qk,t+1 — Gk, sSumming this
inequation over T rounds, we have

T-1 K T-1 K T-1
ZZ(% Bt — > DY (Grat1 — Gra) < 2K<TC0 + VZ%D>- (B.35)

t=0k=1 t=0 k=1 t=0

By rearranging the above inequation, the energy consumption bound in (4.31) is derived.

Below we analyze the optimality of the proposed drift-plus-penalty algorithm, which



Appendixz B. Proof in Chapter 3 171

minimize the RHS in (B.32). Since Ar is positive, based on (B.32) we have
T-1 K

fvz%z%akc <TG+ 3 Y o (o — 7 ) - vz%zakt%
t=0 k= t=0 k=1 t=0 k=
(B.36)
Next, we bound the second term in the RHS of (B.36) as
T-1 K T-1 K >
k
573 ana (o= 2 ) = 30 Y tans = o) (kB - 22 )
t=0 k=1 t=0 k=1
T(T 1) &
- 2
< G (B.37)
k=1
Substituting (B.37) into (B.36), the inequation (4.30) is derived, and the proof is com-

pleted.



Appendix C
Proof in Chapter 4

C.1 Proof of Lemma 9

For A =1, the bound trivially holds since wg?t) = w;. For A > 2, we have

Efuwy) — wi* = Ellwj, ”—wt 19 Fi(uof; )
N Lts T,
= Ele(sl,;U —w — nVF(wy, vy H + o’

ZEH%,Z —th +772EHVFk (- 1>)H2

1 _ _
- 2IE< — (wi Y — wy), VX 1V Py (w), 1’)> + n?o?

e

< (1—1—7 IEH'w —th —1—2)\772]EHVF (- 1)) Vﬂc(wt)H2

+ 2An2||VFk<wt>||2 +n’o”

© <1 F— +2An2L2>Ele b —thQ NPV E(wy) |2+ n202,  (C.1)

A —

where (a) is derived by adding and subtracting VFk(w,(jt_l)) into ?Fk(w,(jt_l)) and using
the unbiased stochastic gradient in Assumption 8, (b) is due to the bounded variance of

stochastic gradient in Assumption 8, (c¢) comes from the triangle inequality, (d) is derived

172
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by adding and subtracting V Fj(w;) into VFk('w,(jt_l)) and using the triangle inequality,

e) is due to the L-smooth of local loss functions in Assumption 7. Let n < 5+, we have
p )Y

2)\172L2 < % < ﬁ Thus, we have

Eng—uqu<1+%;iU>EHw$”-4WW+zmﬂwwamF+n%?(cm
Ll ~
Ui o Y1

il A—1_
By telescoping the above inequation, we have y; = co Lii < o 0161711_ That is,

2 <1+7(,\3 )))\71—1
2(A—1
EWﬁyﬂq‘g@meQ@wW+ﬁﬂ) - . (C.3)
30-1)

In (C.3), we have (1 + 2(%_1))/\71 = (1 + ﬁ)

Thus,

E |Jwf) - wt\)z <40 = 1) (207 [V F(w) | + 1%0?)

(a)

< 40\ = 1) (2\*G? + n*o?), (C4)

where (a) follows Assumption 9. Let n = g, the proof is completed.

C.2 Proof of Lemma 10

For any two round ¢ and t' that satisfies t > ¢/, we have

2
t—1
Efjw, _wt’H2 =K Z(wﬁ-l w;)
=t
t—1 1 K X1 ~ l 2
:ﬁQE Z?Z VFy ( ](C,)jf‘l'k])
=t/ k=1 1=0
W , t—1 | Kol o 2
< (tft)ZIE o VFk( ,w_%)
=t k=1 1=0
t—1 K M-1 2
<Pt — ) Bl Y (VA (w)e,) = VB (w0, )
j=t' A k=1 1=0 I o
B t—1 1 K X\—1 2
+372( t’);E )‘;lzo (VA (wl) ) = VB (wr,,))
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K 2
3 (t — ) ZE =Y VF (wj_r,,)
j=t’ k=1
©_ , =2 EE 0 0 2
<32 =0)Y e SO B[ VA (w,, ) - (wl) )
j=t/ k=1 1=0
t—1 K \-1
3 =)D 1= > IEHVFk (w,(j?j_m )—VFk (w; ) ‘2
=t’ k=11=0
J 1 .
2t 1) ZKZEHVFk wj_p, |
Jj=t'
1 K X\-1
2(¢ — ¢) ;AKZZZ;LQEH%J W)y LSt — )20 + G2), (C.5)

where (a) is due to Jensen’s inequality, (b) is derived by adding and subtracting both
VFk(wfw_Tw) and VFy(w;_, .) into VF, (wﬁc,j_mj), then using the triangle inequality,
(c) follows the Jensen’s inequality, (d) comes from the Assumption 7, 8, and 9. According

to Lemma 9, we have

2 4\ —-1)7? o?
! 2
E H’wk,j—mj —Wjg |l = f@G 3 (C.6)
Substituting (C.6) into (C.5), the proof is completed.
C.3 Proof of Theorem 4
By using the L-smooth of the loss functions, we have
L
F(wirr) = Fwy) < (VF(wy), wer — wy) + 5 flwee = w?. (C.7)
Thus, we have
E[F(wi1) — F(wy)]
| K1 o Li | KA1 o 2
<E|-i <VF(wt), X > D VEK ktm)> + 5Bl > VE(wy )
k=1 1=0 k=11=0
LS l l
-E —ﬁ<VF(wt),AZ (VA )~ VF <w£1_rtk>)>
k=1 1=0
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1 K \-1 .
+E 4'7<VF('wt)»AZ VE( I(c,zt—ftk)>]
k=1 1=0
Az
Li | K1 o 2
+ S Bl ey 2 D VE(wy; ) (C.8)
k=1 1=0
A3

Below we focus on bounding the three terms in (C.8). Due to reuse of noisy gradient, the

8).
stochastic gradient noise @Fk(wl(glifn ) — VE,(w ,(2 k) is correlated with w;. Thus,
Ay # 0. For Ay, we have

K X\-1
- 1 = ! 1
A =E —77<VF<wt),A > (VR ) - VEw]) >)>]
k=1 1=0
1 K \-1 ~ l l
i [ (V) - V). g 5 (S ) - TR G0) )
k=11=0
By
1 K M1 _ . l
_ ﬁ<VF(wt_Tt,k>, /\ZZ(VFk(w,i;fﬂ’k)—VF (w))_. k))> (C.9)
k=1 1=0
Bs

Since w;—r, , is independent with @Fk(wgi_n k) — VFk('w,gli_Tt k), we have By = 0. For

B, we have:

K A-1
1 ~
i SB[V - V) S )-SR )
k=1 1=0
@1 1& 2
< 32 ElIVF(w) VP )|
k=1
|1 Kol 2
ol AZZEHVF ) = VR )
k=1 1=
1.1 &
sankZIEHVFmt) VE(win,)| + 50
©1 1
Ll zEuwt i, | + L, (10

=1

where (a) follows the triangle inequality, (b) is due to Assumption 8, (¢) comes from the

L-smooth of the loss function. According to the above analysis, we have

1 1
Av< i S E = e |+ o (C.11)
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For As, we have

K X1
- 1 !
Ay = —iE <VF('wt), 5 2 VE( - k)>]
k=11=0
1 K X-1 ;
= IV E(w))|? + 7E <VF<wt>, VE@w) = 25> VFk<wé,1-n,k>>]
k=1 1=0
1 K M1 .
= —||VF(w)|? + 7E <VF(wt), o) S (VE(wy) - VFk(w,g)t - k)) >]
k=1 1=0
| K 2
< SV @) + 57 | >3 (VEw) - VA (w]) )
k=11=0
1 1 S i
< 5l VE@)|P 4B | 7> > (VE(w) = VE(wir,,))
k=1 1=0
K A-1 2
1 (0
+7]]E TZ (ka(wt—Tt,k)_VFk(wkt Tt k)>
k=11=0

< ——77HVF wy)|? +77KZL2EHwt wi—r, ||
k=1

N o |?
ZZ IEH'wt T Whir, (C.12)
k=1 1=0
For Ag, we have
_ K A1 2
L 1 .
A= B\ =D Y VA, )
k=1 1=0
@ 1R (o 0 (0 2
< LiE | =Y (VE(w))_, )~V )
k=11=0
| Kol z 2
v LS S vnwd)
k=1 1=0
N T ok [ 0 2
< Lﬁ—)\ZZEHVFk(w“ )= VEw!_ ) ‘
k=1 1=0
| Kol l 2
+ LiB|| 2 > VEi(wy)_ )
k=1 1=0
(c) 1 K Al ) ?
< Lio® + LiE ﬂz VE(wy )| (C.13)
k=1 1=0

where (a) is derived by adding and subtracting VFk(w](gli_Tt ,) into @Fk(w&_ﬂ .) and

using the triangle inequality, (b) follows Jensen’s inequality, (c) is due to the bounded
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1 K A—1
KX Zk:l Zl:O

variance of stochastic gradient in Assumption 8. Below we bound

0 ?
VFk('wk,t—rt,k) in (C.13) as

K 2
O (), ) - Ve r,,))

2

k
K
LS (VR wir,,) — VE(w) || +3]IVF ()]

K 2
3 IEHVFk (w)_,, )~ VFk(wt_Tt,k)‘

k
3 K 2
22 B[ VE(wir, ) = VE(wp)[|" + 3 [ VE (wy)]

© 1 Y- o
SBTZZ EH Wy 1 Tk — Wity

k=11=0

2

LR ||wi—r, , — wi||” + 3|V F ()% (C.14)

Substituting (C.14) into (C.13), we have

K X1

N 1 !
Az < Ln02 + BLUE Z Z L’E le(f;_ﬁ,k — Wiy,
k=1 1=0

2

K
1
+3Lij7 ST LPE|fwir,, — we||* + 3L [|VF(wy)||. (C.15)

Substituting (C.11), (C.12), and (C.15) into (C.8), we have:

BlF(win) - Fw)] < (~57+ 3Lﬁ> V)| + (5 + Lyio?

( +3L)7) ZEH'wt wy_ MH
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E [F(wiy1) — F(wy)]

(7 +3ﬁLA) (A-1) <2G2 . 0;) L +21)02
+ g(ﬁ +1) <<1 + w;”) G? + <1 + (AA_Z 1))02> E Ll{ Zszl T,it] . (Ca7)

According to the evolution of devices’ staleness in (5.19), we have 7, ; = (1= ¢Sk¢) (Th t—1+

1. _
< (~gi+300) IVF ()P +

1). Note that ag¢sk € {0,1}, which induces (1 — agssk4)? = (1 — agsske). Thus, we

have
1 & 1 K
E E Z T]it =E ? Z(l - ak,tsk,t)2<7'k7t71 —+ 1)2
k=1 k=1
| K
=E K ; (1 — g eshr) (The1 +1)°
(@ 1 R
= 2= (T +1)° (1 —ane Y #) Pr(SINR) > %h)> . (C.a8)
k=1 r=1

where the last inequality is due to E [sy, ] = 3% | z,(fz Pr(SINRg:t) > vth). By substituting

(C.18) into (C.17), the proof is completed.

C.4 Proof of Corollary 2

To prove Corollary 2, we first prove a key property of smooth functions. Let F(w*)
denote the optimal global loss, i.e., F(w*) < F(w),Vw. Based on the L-smooth of

F(w), we have
Flw) < F(w- [ VFw)
< F(w) ~ (VF(w), JTF(@w) ) + 57 [VF(w)]
= F(w) — o= [VF(w)]* (C.19)

By rearranging the above inequality, the global loss function F'(w) with L-smooth sat-

isfies

IVE(w)|? < 2L (F(w) — F(w")). (C.20)
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Let F(wiy1) and F(w;) in (C.17) subtract F(w™), then utilizing the property of L-

smooth in (C.20), we have

E[F(wiy1) — F(w?)]

< (1= L + 67L2)E [(F(wr) — Flaw"))] + 115 377LA) A= oee o;)
~ K
—i—W—i—cé%(Tm 1+ 1) <1—akt2z’" Pr SINsz >%h)) (C.21)

By telescoping the above inequality, the proof is completed.
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Proof in Chapter 5

D.1 Proof of Lemma 11

If A =1, the inequality is trivially satisfied since w,(;i 0= w,(ji For A > 1, we have

i i i ~ i Nk
Ellwf), - wi’ |?=E ||w{},_, - 1V Fiw]),_)) - w’
<E Hw,(f,)t’lfl — wt(i) - nVFk('w,g’lfl)H + n?o?, (D.1)

where the inequality is by subtracting VFk(w,(fi ;1) into VFk(w,(;)t 1)~ w,gi), then using
the triangle inequality and Assumption 12. Below we bound the first term in the above
inequaltion as

), —wf”

Wy s1-1— Wy — nV Eg( wktl 1 H

- E|w,:;t,l_1 —wl |PHPE|V Ey (w2
1 i
_2E<H(w,§}u —w), VA= IV Fy(wy),_ 1)>
(a) 1 i 2
_1 wl, )|

<+ o’
A |V Fi( wij))H

N EH Wy 11— W

1 Ol
N EH W11~ Wy

+ 20E | VF(wf), ) - VF’C(‘”’(;%)W

<1+ t

180
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—
=
=

(14 = + 2L [wf),_; - w?
3

2(r— 1)

IA

2 ONIE
4 22AE HVF;C(wk,t)H

—
3
N

2 N HVF;C(w,(Q)‘ : (D.2)

IN

(1+

)EHw;Efi,z_l - wgz)

where (a) comes from the triangle inequality, (b) comes from the L-smooth of loss func-

tions, (c) is due to n < 537. Thus, we have

i )2 3 i ) |?
+ 2P XE||V i (w)) | +720%. (D.3)

By telescoping the above inequality, we have
i (1+2)\3—1 ))\_1_1
< (20 AE|[V (w0 [P%0? ) 25 . (D4
2(A-1)

(%

(4)
E Hwk,t,l - wy

Since(1+ﬁ)k_1:(1+ﬁ) 73 <e2 < 5ad( D < X1, we have
Ellwf), —w{”|2< 40 — 1)(2PAG? + 1%0%). (D.5)

By substituting the above inequality into the left-hand-side of (6.10), the proof is com-

pleted.

D.2 Proof of Lemma 12

For t1 > to, we have

t1— 1 . 2
Hzt £ wt+1 erZ))H
2
9 t1—1 A— 1 ~ 1,)
—nEHzt LY S A )

k.t

IEHwt1 —wt2

t1—1 K X1 0 9
< 32t — to) tz; ;;EHVFk o)~ VR o)
2 B
t1—1 1 K X1 9
+ 37 (tl_tQ)Z[O\ZZ]EHka(w:) (i)l)_VFk(wl (1))
t=ts k=1 1=0 LAY ATt
bl o |
+37%(t 1) ) E|[VF(w" )
=t2 Tk,t
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bolo Kol " ©
9 2 i z 2
< 37 (tl_tQ)ZFAZ L7Ellw PE O R W 7.()H
t=to k=1 1=0
+ 372 (1 — ta)*(0 + G?), (D-6)

where (a) is adding and subtracting V Fj, (w ]i) l) and VFj, ('wlii e )) into V F,(w ]i) @) l),
- kt’ ’ kt’

(b) is due to Assumption 12 and 13. Based on Lemma 11, by substltutlng (6.10) into

the above inequality, we have

E

’wﬁ” O
t—Tk’t

2 < 32 (1)) (()\2 + A =D+ (A2 42X\ — 1)I)G2). (D.7)

Substituting the above inequation into the left-hand-side of (6.11), the proof is com-

pleted.

D.3 Proof of Theorem 5

Using the L-smooth property of local loss function, we have E[F(wi1) — F(wy)] <
E(VF(w;), wer1 — wi) + 2B |wer1 — wy|. It is worth mentioning that both the inner
product and norm can be broken down and reformulated as the sum of inner products

and norms over all parameter regions, respectively. Thus, we have

I
B (F(wen) — Flwn) < 3B (VP wily - w’) + ZEme wl! |

- K -1
:_nZE<VF ), ZZVFk kt 0, )>
k=1 Il=
K \-1

L
+2772,E;EH ZZ k,t ,gi;,z)
1=

k =0

% A= 1 z'
:—nZE<VF ) KAZZZ VRl ))

Ay

L~2 I 1 K X\ 2
g ZEHmeX; 0 0)

=1

" 3

2

Az
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I K A1
_ 1 - i i
Y > IE<VF w), VB w" ) )= V@ l)>, (D.8)
i=1 7 k=1 1=0 AT =Tt
Az
where the last step is derived by adding and subtracting V Fy (w ]i) @ l) into VF k(w:i @ l).
L Tt
Below we bound the three terms in (D.8). For Ay,
| Kol '
- —nZE<VF ) VE@() = VF(w) + = > Y VA@ l)>
k=1 1=0 ok
(a) . . 1 K A-1 .
%) _E |7 F(w,)|” + ﬁZE<VF<w§”>, vPl) - 5 Y VAW )
i=1 k=1 1=0 Tk
2
® 1. 1< 1 X ;
< I IVF@)P + 53 E| S Y (VA?) - VAR, ))| .
; ATt
i=1 k=1 1=0 »
(D.9)

where (a) is due to ||V F(w;)||*= ZZ 1HVF('wt )||2 (b) follows the triangle inequality.

For the last term on the RHS of (D.9), we have

K \—1 9
! (i)
WZE‘ ZZ (w*k = VE(w," Tél)l))
=1
@15 1Sy 0 0 ?
< 5772 7o) EHVFM@Ut ) — VFk(wk,th“),z)
=1 k=1 1=0 k.t
(b) N I 1 K ; 2
S0 e X E| Al - VA
I 1 K M1 o 9
+7 > 1 ; ZZ_;EHVFk(w 1) = VR )
© 1 & . " 2
e 2 7 7
S ELt EH“’ Vet
=1 k=1 5
I 1 K M1 " . 9
=~ - 2 ? 7
i Zl A ; —o L Hwk,t—ﬁgig,l ’UJk t_TIgzg ’ (DIO)

where (a) follows Jensen’s inequality, (b) comes from adding and subtracting V F) k('w’(;i @)
T

into VFk(wgi)), (c) is due to the L-smooth of loss functions in Assumption 10. Substi-

tuting (D.10) into (D.9), we have

I K 2
1. . 1 i ;
A1 < B IVF@O +722 Y S Bl —ul)
i=1 " k=1 Tk
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I KAl 0 2
~72 i
+il? Y K\ ZZEH S0, W ) (D.11)
i=1 =11=0 it Tkt
Now we focus on bounding As as follows:
S (i) () (i) ’
~2 r- 7 1
— F; F; ) F; ‘
Z HK)\Zl <V k(wk —T,it,z) Vi (w k,t—r,§27l)+v k(wkz,t—ﬂgfz,l)>H
(@ [, LR L_
= 5 Z H ZZ e ) +2"202
i= k: =0 Tt
(b i L
2 L3 BV () ))|!2+§77202
i=1
I | K " 2
~2 %
+ L7 Z;EH 7o) kzuz (VFk T,g,g,z) —VFk(wkjt)> , (D.12)

Ao 2
where (a) follows the triangle inequality and the bounded noise of SGD in Assumption

12, (b) is derived by adding and subtracting VF(w(i)) into VFk('w](;) ), then using

t (4)
s 7Tkyt,l
the triangle inequality. Now we bound the second term on the RHS of (D.12) as
) SRRt (i) (i ’
< 2 - 7 ) _ 7 )
Azp < 2Li) ZEH o) (vmg(wk,t_ézz’l) VFk(wk,t_Tézz))
i=1 k=1 1=0 : :
I | X ‘ 2
+2Lif* ) JE ]K > (vmw;ﬁ_ o) = VE(wy t>>
i=1 k=1
® TR o o |
< 2713 - 7 ) . 7
= 2L z; )\;l OEH kt—ri0l kt—r")
P = :
I K ‘
+ 27283 lw o —w|, (D.13)
i=1" k=1
where (a) is derived by adding and subtracting VFk(w’(:i () into VFk(wl(ji @) l)’ (b)
Tt T
follows Assumption 10. Thus, we have
I | Kt o0 2
) 2., 62
Ay < Lij ZEHVF( NP+2PL Y05 >0 Ejw ,“ Tm Wetrtd
i=1 i=1 k=1 1=0
273 L
+ 272 L Z Z )2 +5 (D.14)

For A3, we have

A—

1 K
@ N~ 1 (0 (i)
_nZ; ) kzl loE<VF(wt )= VF@w] o),

—
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oyt — T]gzg,z k=)l

VE(w” )~ VE (" )>

(b) 1 ~ K () 0 2 1 ,
< 577 Zi:l K Zk:1 EHVF(’wt ) — VF(wk,tfrlgfi) + ino-

(01 79 I 1 K (@) (z) 2 1. )

= 5"7L Zizl K Zkzl EHwt - kt— (z) + 577(7 , (D.15)

t—

where (a) is derived by adding and subtracting VF ('wl(gze () into VF ('wt(i)), then using
Th,t

Assumption 12, (b) follow the triangle inequality and the bounded noise of SGD, (c) is

due to the L-smooth of loss functions. Substituting (D.11), (D.14), (D.15) into (D.8),

and let 77 < i, we have

E[F(wes) — Flwy)] < ( LT Lﬁ2>E |V F ()

2
2
ey el
=1 )
K \-1 @ 2
2 7
+ 20 4 21 kazlz H el @)
: |

Based on Lemma 11 and Lemma 12, by substituting (6.10) and (6.11) into the above

inequality and assuming 7 < ﬁ,
1 3
B[ (we1)—F(w0)] < (= gnt DA [VE () |+ (A= 1) TG+ (42 LO- 1) T+ 7)o

(4

15n?L 1 KoL

+ = (AQ(2+G2)+(A—1)1(02+2AG2)>K22(T§3)2. (D.17)
k=11i=1

According to the evolution of the Aol of local gradients, we have
(T2 = (1= apemi )2 (1)1 + 1)? = (1 — aemi)) (ry)_; + 1), (D.18)

Substituting the (D.18) into (D.17), the proof is completed.

D.4 Proof of Corollary 3

By the p-strongly convex of loss functions, we have |[VE(w;)||> > 2u(F(w;)—F(w*)).

Substituting this inequality into (6.12), then adding and subtracting F'(w*) into (6.12),
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we have

E[F(wi41) — F(w")] < (1= nAu+ 2L M p)E[F (wy) — F(w*)] + ¢y

15 4 1 K 1 ()2
=+ ZT] LCQE Zk:l Zi:l(Tk’t) s (Dlg)

where ¢; = An(A—1)IG?+ (4n*L(A — 1) + 3nA) 0% and ¢z = A2(0? +G?)+ (A—1)I (0 +

2)\G?). By telescoping the above inequality, the proof is completed.
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