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Abstract

The conventional model aggregation-based federated learning (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. To tackle these challenges,
we first propose 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 machine-learning models independently and reduces the communication overhead in the training
process. We then theoretically analyze the convergence bound of the proposed framework under a
non-convex loss function setting, 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 scheduled 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
problem 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 process. 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. In addition, the proposed device scheduling
algorithm converges faster than the benchmark scheduling schemes.
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I. INTRODUCTION

The increasing demands for intelligent services, such as augmented reality/virtual reality
(AR/VR) and Internet-of-Things (IoT) applications, motivate the integration of machine learning
in future wireless networks [2]. Federated learning (FL) is one of the most promising distributed
learning frameworks to reduce the communication traffic load of intelligent services, which
enables devices to collaboratively train machine learning models by periodically exchanging
model parameters between devices and the parameter server instead of raw user data [3].
However, the model aggregation nature of conventional FL confronts the following two lim-
itations for its implementation in wireless networks: 1) High Communication Overhead: The
uploading of model/gradient parameters is costly for devices since modern deep neural network
(NN) architectures usually possess massive parameters. For instance, the widely used MobileNet
[4], 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 communication overhead
is heavy for wireless networks with limited spectrum and energy resources. 2) Heterogeneous
Local Models: In practical wireless networks, devices are usually equipped with different NNs
in terms of architectures and model sizes due to their heterogeneous computing capabilities and
storage resources [5]. In this case, the traditional model aggregation-based FL approaches fail to
coordinate devices to perform the learning process. To break these two limitations, state-of-the-art

studies focus on the designs of communication-efficient FLL and heterogeneous FL.
A. Related Works

To enable communication-efficient FL in resource-limited wireless networks, existing works
mainly focused on device scheduling [6]-[9], model quantization [10]-[13], and model pruning
[14]-[16]. Device scheduling methods select a small subset of devices to participate in the per-
round training process, thus reducing the communication burden and mitigating the straggler
effect when devices have random or heterogeneous computing speed. The device selection and
bandwidth allocation in [6], [7] guaranteed long-term learning performance in bandwidth-limited
wireless networks. The probabilistic scheduling policy for FL proposed in [8] effectively mini-
mized the model uploading latency and improved convergence speed. The co-design of learning
and device selection in [9]] reduced convergence time in resource-constrained wireless networks.

Although these device scheduling approaches efficiently alleviate communication burden, trans-



mitting the entire model is arduous for devices with weak channels and limited energy. To tackle
this issue, the model quantization compresses devices’ model updates before transmitting to the
parameter server, thus reducing the transmitted data volume and communication overhead for
devices [10], [[L1]. Specifically, the model quantization approach in [[12]] enabled edge devices to
adjust their quantization proportional according to their communication resources for balancing
training accuracy and communication overhead. The heterogeneous quantization method in [13]
allocated different aggregation weights to clients for efficiently improving convergence speed.
While the model quantization is demonstrably effective, it introduces additional noise during
training, which ultimately degrading the trained model’s performance. The model pruning is
able to simultaneously reduce communication and computation costs by removing less important
weights from the original model. The joint design of the pruning ratio and wireless resource
allocation in [14] significantly improved the convergence rate of FL. In [15], the NN pruning
was integrated into FL to improve learning speed and guarantee training latency. A random
model pruning approach was adopted in [16] to generate several subnets from the global model
to adapt the channel condition of different devices. It reduced both communication overhead and
computation loads. The above three approaches reduce communication overhead while degrading
the final model’s accuracy. Besides these approaches, our previous work [17] enabled devices
to train the feature extractor part of NNs collaboratively, while the predictor part for devices
is localized for personalization. It reduced communication overhead and improved learning
performance in heterogeneous data distribution scenarios. However, these approaches still require
heavy parameter transmission in the learning process.

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 communication 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 [18]]. Integrating KD into FL allows devices to
independently design their models according to channel conditions and computation capabilities.
Specifically, the federated KD approach in [19] effectively enabled federated training between
heterogeneous models by aggregating local models’ logits on a public dataset. In [20], an
auxiliary distillation dataset generated by mixing local training data was adopted to empower the

FL process, effectively reducing convergence time. In [21], 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 [22],
[23]. The adaptive mutual KD and dynamic gradient compression approach in [24] significantly
reduced communication costs and achieved competitive results with centralized model learning.
The federated distillation method [25] regularized 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-independent and identically distributed (non-IID).

B. Motivations and Contributions

Although the communication-efficient FL in [6]-[16] can reduce communication overhead,
they degrade the final model accuracy and require heavy parameter transmission in the learning
process. In addition, the KD-based FL in [19]—[25] allowed devices to ensemble heterogeneous
local models. However, they rely on the public dataset, which may not be practical for many
scenarios. To break these limitations, this work aims to enable collaborative training for devices
equipped with heterogeneous models in a communication-efficient way, avoiding the reliance
on heavy model transmission and extra public datasets. Inspired by the human experience in
discriminating between different objects and its successful application in clustering analysis, the
same class of objects or data usually have similar high-level features, while different objects
have distinct features [26]. In addition, a general insight for modern deep learning models is
that the lower layers (close to the input) are primarily responsible for feature extraction, while
the upper layers (proximate to the output) focus on complex pattern recognition [27]. We aim
to enable devices for collaborative training by aggregating their output of lower layers of the
NNs, namely knowledge, in the per-round training process. This design effectively reduces the
communication overhead since the dimensions of the knowledge are usually much smaller than

that of the model. The main contributions of this paper are summarized as follows:



o 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 aggregation.
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. Following the experimental investigation of
temporal scheduling policies in [[6], this work further theoretically analyzes how the temporal
device scheduling patterns affect the final learning performance through the convergence
analysis.

o We formulate a long-term device scheduling, bandwidth allocation, and power control
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 framework. 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.

o 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 ap-

proaches.

C. Organization and Notations

The rest of this paper is organized as follows: In Section [[IL we introduce the proposed KFL

system and learning cost, then formulate the global loss minimization problem. The convergence
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Fig. 1. The illustrated KFL over wireless networks: (a) Federated learning with knowledge aggregation mechanism, where
devices have different local models; and (b) Local training process with the proposed knowledge-aided loss.

analysis and problem transformation are illustrated in Section [[IIl The joint device scheduling,
bandwidth allocation, and power control algorithm are developed in [Vl Section [V] verifies the
effectiveness of the proposed scheme by simulation. The conclusion is drawn in Section [VIl For
convenience, we use «B to denote “is defined to be equal to”, |-| denote the size operation of a

set, V(-) denote gradient operator, (-,-) denote inner product operator, and

-|[” denote the /s

norm throughout this paper. The main notations used in this paper are summarized in Table [Il

TABLE I
NOTATION SUMMARY

Notation Definition Notation Definition

K; K; Set of devices; size of IC C; C, Set of classes; size of C

Dy; Dy Local dataset of device k; size of Dy, D, D Overall dataset in the system; size of D

Di,c; Di,c Local dataset of c class; size of D, . wg; uk; vi; | Local model; local feature extractor; local predictor of

%% device k; all local models

Fr(ug,vg); Local empirical loss function of device k; global | ny; 1o Learning rate for feature extractor and predictor

F(W) empirical loss function

Ly (ug) Local knowledge loss function A Knowledge loss weight

Q k,c5 Q. Device k’s knowledge about class c¢; device k’s knowl- | Q.; € Global knowledge about class c; global knowledge
edge for all classes about all classes

Sy T Scheduling policy in round t, i.e., the set of scheduled | fx; Ck CPU frequency of device k; Computation workload of
devices; local iteration number one data sample at device k

Pk,t> Pk,max Transmit power of device k£ in round ¢; maximum | Cg; Q Computation workload of one data sample at device
transmit power of device k k; Data size of local knowledge

B; 6, Wireless bandwidth; the proportion of B allocated to | Epx; Tmax Total energy budget of device k; Maximum completion
devices in round ¢ time for each round

II. SYSTEM MODEL AND LEARNING MECHANISM

In the considered KFL system, as shown in Fig. [Tl 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 K = {1,2,---, K}. For the dataset at devices, the number of data classes in the classification
or recognition task is C, indexed by C = {1,2,---,C}. Each device k (kK € K) has a local
dataset Dy, with D, = |Dy| data samples, in which the data samples belong to c-th class (¢ € C)
is denoted as Dy, with Dy, = |Dy .| data samples. Thus, D) = U{Dk,c}le. Without loss
of generality, we assume there is no overlapping between datasets from different devices, i.e.,

D. NDy, = 0, Vk,h € K. Thus, the entire dataset, D = U{Dk}szl, is with total number



of samples D = Z,[::l Dy. For ease of presentation, we use D, to represent all data samples

belonging to class ¢ in D. That is, D, = U {Dm}szl with D, = 25:1 Dy, . data samples.
A. 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. [1(b)] the machine learning model parameterized by w = [u, v] consists of two
components: a feature extractor h : * — z parameterized by wu, and a label predictor g : z — ¢
parameterized by wv. 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, y, 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 as

Al

Fi(wy) = Fi(wg, vk) Dy Z(m JeD, f (@, y; wy), ey

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

function associated with all distributed local datasets is given by
Al K
F(W) = Fw,ws, -+, wi) 2 5 DiFi(wy). )
The federated learning process is done by solving the following problem:

min F(W). (3)

W=(w1,wz, - wk)

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 [28], 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 (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 coordinate devices to train
models collaboratively. To tackle this issue, we introduce the knowledge loss function to regu-
larize 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
Q c = h a ) 4
k, Dy Z(w,y)em,c K@ uk’t) “)

where hy(-) denote the feature extractor of device k. Let €2, denote the global knowledge about

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

1 K
Qc = FC Zk:l Dk,ch,c- (5)

We use Q = (24,8, - -+, Q) to denote the aggregated global knowledge. For each data sample
(x,y) € Di. (Vk € K,c € C), we define the knowledge loss of device k’s feature extractor as
le(@; ) = 5| (o5 wy) — Q.||*, 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

- 1 )
Lk(uk) - D_k Zc:l Z(%y)epk,c §||hk(ma uk,t) - Qc” ) (6)

which measures the difference between local knowledge and global knowledge. According to (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 knowl-

edge loss functions, i.e., Fj(ug, vx) + ALk (uy), to guide the feature extractor training for device



k (Vk € K), where X 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.

B. 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 heterogeneous 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.

1)

2)

3)

4)

Device selection: The edge server selects a subset of devices from K to participate in the
training process in the current round. Let ay; € {0, 1} denote the scheduling indicator of
device k in round ¢, where a4, = 1 indicates that device k£ is scheduled in round ¢, o, = 0
otherwise. Thus, the scheduled device set in round ¢ is S; = {k : a3 = 1,Vk € K}.

Knowledge broadcast: In each round ¢, the edge server broadcasts the latest global knowl-
edge, i.e., Q = (214, Qoy, -+, Qey), to all scheduled devices to regularize their local
training process, where €2, is the c-th class knowledge in round ¢ that is computed in ().
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. For device k, its local feature extractor in ¢-th round is updated as
et = Wt = M VP, Vet) + AV L) ) VEE {0,107 =1}, (D)
and its predictor is updated by
Ukt i1 = Okt — Do VoW, V), VI € {0,1,--- 7 — 1}, (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.

Knowledge computing: After finishing the local iterations, all scheduled devices compute
their knowledge for each class ¢ (¢ € C) as Qg1 = ﬁ Z(m’y)epm hi(ug 415 ). The

knowledge of device k for all classes is denoted by Q141 = (251,41, Qi 2041, - -+ » Qi1



5) Knowledge aggregation: After finishing the local knowledge computing, all 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 f Dk,cﬂk,c,t 1
Qe = =HE—7 = ©)
Zkest k,c

The aggregated global knowledge in round (¢ + 1) is Q¢q = (21,41, Qogt1, -+, Logga)-

To better illustrate the proposed KFL, we summarize the detailed steps of its training process

in Algorithm [Il 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 [29]. 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
a

in

the devices’ private data, whose pattern is encoded into the model parameters. Therefore, if
corresponding decoder could be constructed, the private data or statistics would be recovered

versely [30].

Algorithm 1 Knowledge-aided Federated Learning Algorithm

1
2
3

N4

11:
12:
13:
14:
15:
16:
17:
18:

PN A

: Initialization: ¢ = 0, training round 7', and each device initials its local model wy, ;;
: Server side:
:fort=0,1,---, T —1do
Select a subset of devices (S;) and broadcasts the latest global knowledge, i.e., 2, to them.
if Receive the knowledge from the selected devices then
Aggregate the global knowledge according to (9).
end if
end for
Device side:
. if Device k is scheduled then
Receive the global knowledge, €2, from the edge server;
for [ =0,1,---,7—1do
Update the local feature extractor, uy ¢ ;+1, based on @;
Update the local predictor, vy . +1, based on (8);
end for
Compute their knowledge for each class ¢ (c € C) as Q¢ 141 = ﬁ’c E(:c,y)eDk,c hi(Uk 1415 ).
Upload the local knowledge Q111 = (1,641, Qk.2.641, - Qk,ct41) to the edge server.
end if
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C. 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 central processing unit (CPU) adopted to perform
training on each device. Denote the CPU clock frequency of device k by f;. (cycles per second).
The number of float-point operations (FLOPs) per cycle is represented by n,. 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

T = 7Dy Cr/(frny,). (10)
The corresponding energy consumption of device k is

Ey = kDyCy f [, (1D

where ~ 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 py,
denote the transmit power of device k, its maximum value is pj 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 6, € [0, 1] denote the proportion of the overall bandwidth allocated to device

k in round ¢, and 6; = (614,024, --,0k+). The uplink rate of device & can be described as

Trt = Ok Blogy(1 + ;ﬁfg%), 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 parameters 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

TU:@_ Qq

— : (12)
B 0+ Blog, (1 + 5::;’;\,2)
The corresponding energy consumption is
Ok BTONo / 5%
E}gt _ Pk,ﬂ?}ft _ Okt h Et1V0 (2916’,537’137: _ 1). (13)
kot
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According to above modes, the energy consumption of device k in round ¢ is Ej; = E,I;t+E,gt.
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.

D. 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 W denote
the local models in 7-th round. Towards this end, we jointly optimize the device scheduling,

bandwidth allocation, and power control policies. The optimization problem is given by

P min_ F(Wry) (14)
{S:,00,p:} 1)
B, <E.VEeK 14
S. t. Zt:(] kt S D, c N, (14a)
Toy + Tl < Tonax, Vk € K,V (14b)
K
> e S 1LVt (140)
0 <6, <1,k € K,Vt, (14d)
ai: € {0,1},Vk € K, Vi, (14e)
0 S Pk S pk‘,maxav}f € IC (14f)

In problem P, (I4a) imposes restrictions on the energy consumption of each device k cannot
exceed its budget E). (I4b) stipulates that the completion time of each round cannot exceed its
maximum allowable delay. indicates that the wireless bandwidth allocated to all devices
cannot exceed the total available bandwidth resource. (14d) restricts the wireless bandwidth
resource allocated to each device. (I4¢€) indicates which devices are scheduled in each round.
Solving problem P 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,---,7 — 1}), we turn to find an upper bound of F'(Wr)
and minimize it for the global loss minimization in Section Moreover, the optimal solution

to problem P requires the system state information of all rounds at the beginning of training.
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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 [II=Bl

III. 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 scheduled 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 deterministic problem in each round with the assistance of the Lyapunov

optimization approach.

A. Convergence Analysis

In this subsection, we investigate the convergence behavior of the proposed KFL algorithm.

To facilitate the analysis, we make the following assumptions on each local loss function Fj(+).

Assumption 1. All empirical loss functions Fj(ux,vy) (k € K) are continuously differentiable
with respect to u; and vy, and there exist constants L,, L,, L,,, and L,, such that for each
Fr.(ug, vy):

o VuFi(uy,vy) is L,-Lipschitz continuous with u; and L,,-Lipschitz continuous with vy,

that is,

IVuFi(ur, ) = VaFi(up, o) || < Lo lue—ui |, (15)
and

|V Fy (g, vp) — Vo F (g, v7) || < Ly o —7|| - (16)

o VoFy(ug,vy) is L,-Lipschitz continuous with v, and L,,-Lipschitz continuous with u.
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Assumption 2. The squared norm of gradients is uniformly bounded, i.e., ||V Fi(wg s, i) ||><

G? and ||V, Fi(up, vp)||°< G2.

Assumption 3. For each local feature extractor hy(+) (Vk € K), its gradient norm is bounded by 12,

ie., || Vhe(ug)]|>< 92, and the squared norm of its output vector is bounded by |7, (u; z)]|*< <2

Assumption [1| is satisfied by most deep NNs. The modern NNs are usually composed of
multiple layers. Based on [31], 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 [31], [32] 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 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 [1l is satisfied by assuming the whole
NN to be Lipschitz continuous. In addition, according to Proposition 1 in [31], one can derive
that Fy(uy, v ) is (L, X L,)-smooth based on Assumption[Il Assumption[2]is widely used in the
existing convergence analysis works, e.g., [13]-[13], [17]. Assumption [3]is inherently satisfied
by Assumption [2] 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 1. Let Assumption [l holds, we have

Fii(uy,, vi) — Fi(wn, on) < (VaFi(w, vp), wy — we) + =5~ L [lug, —
1+ x
+ (Vo Fr(ug, vi), v, — vi) + —5 Lo lop, —oell*, (17)
where x = max { Lyy, Lyy } /v/ L Ly, which measures the relative cross-sensitivity of V., Fi.(uy, vy)

with respect to vy, and YV, Fy,(ug, vy) with respect to uy.

Proof. Please see Appendix [Al O

Lemma [1] reveals the gradient relationships of a NN between its feature extractor and label
predictor part. According to Lemmalll we derive the one-round convergence bound of any device
k (k € K) in Lemma [2, in which devices utilize the proposed knowledge-aided loss to update
their local models.

Lemma 2. Let Assumption [1} 2 and B hold. The learning rates satisfy n, <

Ny < m, the one-round convergence bound of device k (k € K) is given by
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1
Pty One1) = Flltns o) < (204 0 Lan2r? = S0 ) IVuFi(uies o)
1 5 T—1
+ <(1 + X)L — 57}1;7') IV o Fi(wne, ve) || + Ar + Znu)\2 leo |V L (wg )]
T—1
+ 20 (30 L5 + 20, LuLe) Y (7= DIV L(ura)|*, (18)
where Ay = 7(7 +1)(27 + 1) (nIGILE + 33 G3LE + (3mGT + 57G3)munX* LuLy).

Proof. Please see Appendix O

Based on Lemma 2 we further analyze the convergence behaviour of the proposed KFL
algorithm after 7" rounds in Theorem [Il which takes into account the knowledge aggregation

between devices.

Theorem 1. Let Assumption 1] 2 and [ hold, n, < m and n,

between the global loss function after 'I' rounds and the optimal loss is bounded by

1
< S0y the gap

F(Wr) — F(W*) < Ay (F(Wy) — F(W™))

AT CK D, 2
+ 1— 4, (A1 + As) + Azﬁ —o Z Zc_l D2D; Z Dk,c

1 1 T-2 K 2
Y ( AT-2-t D ) 19
*DR(T — 1) maxiorer Dr Zt:(] 3 Zk:l ag Dy ) (19)

where Ay = 10, \*79%6% + 8n2\20%¢2 (3n, L2 + 2nyx?LyL,) T(T + 1), A3 = 1+ (4L2n% +
2[’0771))(1 + X)T - (WuLu + Wva)T-

Proof. Please see Appendix O

Theorem [1] 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 [33]. However, the proposed KFL is a per-
sonalized 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*) — & Zszl Dy Fi(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.
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According to Theorem [1} the gap between the global loss after 7" 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 rounds. It is noted that A3 < 1 due

1

to 7, < yrrE . As T increases, AL approaches to 0. Hence, the first

and 0. < wE
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 1. Increasing the scheduled data samples in each round is able to narrow the gap between
global loss and optimal loss. In addition, as ¢ 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 [6] 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 [I] and experimental results in Section [Vl

B. Problem Transformation via Lyapunov Optimization Framework

According to Theorem [I] 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 (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 [32], the exact computation of the Lipschitz constant of deep
learning architectures is intractable, even for two-layer NNs. Inspired by Remark [1l to enable
tractable device scheduling design, we introduce a variable v, (t = 0,1,---,7 — 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
Zf:_ol Ve Z,I::l oDy, and maximize it for the global loss minimization. Thus, we transform
problem P as the following problem:

~ T-1 K
P max tho %Z a4 Dy (20)

{Stﬂt,m}z:ol k=1
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S. t. (@,(@D, (@, @7@-

Problem 7 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 P 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 P 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 ¢x(t) for each device k

(k € K), which evolves as

E
qr(t + 1) = max {qk(t) + oy By — ?k, 0}, (21)

with the initial value gx(¢) = 0 for all devices. Inspired by the drift-plus-penalty algorithm in

[34]], we transform problem P as the following problem to enable online device scheduling

K K
P min —Vy Zk:l ag Dy + Zk:l Qi (t) o 1 By (22)

{St,empt}tT;ol

s. t. (14b), (14d), (14d), (14e).

In problem P,V >0isa 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 ([22J), the
unscheduled devices in the former rounds have smaller g(t). These devices are encouraged to
participate in the current round of training for minimizing (22)). Thus, problem P contributes to

a fair scheduling scheme between devices.

IV. ONLINE DEVICE SCHEDULING AND WIRELESS RESOURCE ALLOCATION

In this section, we propose an energy-aware device scheduling, bandwidth allocation, and
power control algorithm that solves problem P in an online fashion. We first derive the optimal

bandwidth allocation and power control policies using convex optimization techniques. Then, we
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propose a polynomial-time algorithm to solve the device scheduling decision with a O(v/V,1/V)

energy-learning trade-off guarantee, where V' is an algorithm-related parameter.

A. Optimal Power Control and Bandwidth Allocation

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

power control problem from P as follows:

: 1 tE 23
2 {3},1,2} res, qx(t)Exy (23)

s. t. (14b), (T4d), (14d).

For problem P;, we have the following proposition:

Proposition 1. The optimal solution of problem P, satisfies 77€Ut = Tmax — T, and the optimal

transmit power of device k satisfies

9k7tBN0
P 1

Qq
Prs = (2T 1), (24)

Sketch of proof: By proving that the first-order derivatives of the objective function (23) are
great than 0, 23) is an non-increasing function with respect to the communication time 7;Ut
Thus, the optimal completion time of device k is 7;Ut = Tmax — Ti=. Based on (13), the proposition
is proved. We have the detailed proof in Section I of the technical report [35].

According to Proposition Il we substitute (24) into problem P;, the optimal bandwidth

allocation problem can be formulated as

) . Hk,tBNOQk(t) (7;1ax - 77})
PQ ' r%}gn keSt hkﬂg I(ek’t) (25)
s. t. (I4d), (14d),
Pk maxhkt Qq
) ) >
01 Blog (1+ BN )= T (25a)
where
QqIn2
I(ek,t) = eXp <(7:nax _EL)ektB> -1 (26)

For problem P,, we obtain its optimal solution by using the following lemma.
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Lemma 3. The optimal bandwidth allocation of problem Py satisfies

Oy, = max {6y (1), 653"}, 27)

where

QqIn2
L )u‘h ,t 1 ’
(7;nax - 7; )B (W (eBNOQk(t)(%laX_nL) - E> + 1>

and 0} satisfies constraint (I4d), yu is the Lagrange multiplier which satisfies Zszl Op 1 (1*) = 1.

Oe(p) = (28)

W(-) is the principal branch of the Lambert function, defined as the solution of W(x)eV®) = z,
in which e is the Euler’s number.
Sketch of proof: The problem Ps is a convex problem. By solving the KKT conditions of Ps,

the lemma is proved. We have the detailed proof in Section Il of the technical report [35]].

Although Lemma 13| provides the optimal condition of bandwidth allocation, there is still an

unknown variable p. Below we develop a binary search method to solve the optimal p. Since

the Lagrange multiplier 1 > 0, we have et )~ é > —%. Moreover, W(z) is a

eBNoak () ( Tmax— T} =
monotonically increasing function when =z > —%. Thus, 6 .(1) is a monotonically decreasing

function with respect to u. To deploy the binary search method, we derive the lower and upper

bound of p. Since p > 0, the lower bound of p is py, = 0. For the upper bound, we have

Qq|S¢|1n 2

maxg, {Ok+(1)} > ﬁ Let ¢ = (T -T1) B Based on the definition of Lambert function, we

have

§ < pray = max

keS {BNOQk(t) (Tmax B 77}) ((QOk _ 1>€<pk * 1) } : (29)

Byt

Based on the lower bound fy, and upper bound fi,,, 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 2l The binary search method halves the
search region at every iteration and terminate when the given precision (i.e., €) requirement is

satisfied. Thus, the time complexity of this method is O (log, #s=t12 ),

B. Device Scheduling

Based on the above analysis, the optimal bandwidth allocation and power control policy for

any device scheduling set S; can be obtained by using Algorithm 2l For device scheduling design,
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Algorithm 2 Optimal Wireless Bandwidth Allocation
1: Initialize S, the precision requirement ¢ > 0.

2: Initialize the upper bound of Lagrange multiplier y,1, based on (29), set the lower bound to y, = 0.
3: repeat

4. Set p = (pn + fub)/2.

5:  For each device k € S, compute the required bandwidth allocation ratio 6y ; (1) based on (28).
6:  Compute the summation of required bandwidth allocation ratio ), - s, Okt (1)

70 if Y ies, Oki(p) > 1 then

8: Halve the searching region by setting t, = ¢ and pyh = fub.

9:  elseif 0 <), g Oki(p) <1—c then

10: Halve the searching region by setting p, = pip and pyp, = .

11:  else

12: Break the circulation.

13:  end if

14: until |/Lub — ,LL1b|< £

15: Substituting y into (28) for get 0y (1), then compute the optimal bandwidth allocation policy based on 7).
16: Substitute the optimal bandwidth allocation policy into (24) for obtaining the optimal power control policy.
17: return The optimal bandwith allocation policy 6;, the optimal power control policy p;.

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 implementation since there are Zf:o n = 2K
possible scheduling decisions, inducing an exponential time complexity with O (2K log, W)
In the following part, we develop an efficient algorithm to solve the device scheduling policy.
According to the objective function (22)), it is desirable to select devices with small g ()
and L4, as well as large data samples. The small £}, is achieved by strong 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 7,7, = Trax — 75 into (I3) to compute the
estimated energy consumption Ej,; = E{;t + E,gt. Based on the estimated energy consumption
for all devices, we sort devices based on A, = —V%Dm—l—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 [2] to obtain the optimal
wireless bandwidth allocation 6;(S), power control decisions p;(S), as well as the optimal
energy consumption E;(S). Substituting F;(.S) into (22)), the drift-plus-penalty value of device
scheduling set .S can be obtained, denoted as )(.S). Let H denote the set of all possible device

scheduling set S. Finally, we obtain the optimal device scheduling policy through comparing the
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drift-plus-penalty value of all possible device scheduling set S € H, i.e., S; = argming.,, V(5).
Note that, the energy consumption of devices with ¢;(¢) = 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 gx(t) > 0. For clarity, we summarize the detail steps of device scheduling
algorithm in Algorithm [3] which obtains the device scheduling policy by performing at most K
times Algorithm 2] and has a polynomial time complexity O (K log, fue=te).,

For Algorithm [3] we analyze its performance by comparing it with its optimal offline counter-
part which is in fact problem P. The offline algorithm has the channel information of all rounds.
Let o, be the offline optimal device scheduling decision obtained by solving the problem P with
pre-known device information. The performance guarantee of the proposed device scheduling

algorithm is shown in Proposition 2l

Algorithm 3 Energy-aware online Device scheduling
1: Input the virtual queue length ¢x(t) (k € ) and ~, initialize V.
2: Substituting 0+ = 1/K and ’77€Ut = Trnax — 77} into to compute the estimated energy consumption of
device k (Vk € K), i.e., Exy = B, + EY,.

3: Sort devices based on Ay ;= —V%Dkﬂc—l-qk(t)Ekyt 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 [ i.e., 8;(S) and p;(S).
7: Compute the drift-plus-penalty of S, i.e., Y(S) = =Vt > 1o D + D ncs @ (t) Er

8 if =V Dy, + qi(¢t)Ex, > 0 then

9: Break the circulation

10: else

11: Add S into H,ie, H=HUS
12: end if
13: end for

14: Find the optimal device scheduling set S} = arg ming,, Y(S).
15: return The device scheduling set S}, wireless bandwidth allocation 6} (S} ), and power control policy p; (S}).

Proposition 2. Compared to the offline optimal solution, the cumulative loss of Algorithm 3] is

bounded by

T-1 K TG T(T—-1)—=K T-1 K
Zt:o Yt Zk:l oDy > — v oV Zk:l G + tho Yt Zk:1 akka,C, 30)

and the total energy consumption of Algorithm 3| is bounded by

T-1 K K T-1
S Bl <Y Bt \/ 2K (TG +V' Y. WD), 31)

where (y = %fo:l C;? and (}, = max;y {‘ak,tEk,t - %‘}
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Proof. Please see Appendix DI O

Proposition [2| characterizes the performance of the proposed device scheduling algorithm,
which shows that 1) the energy constraints of devices are approximately satisfied 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 [3| can be improved by reducing the upper bound of energy usage bias (y. 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 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 (.

V. NUMERICAL RESULTS

In this section, we verify the effectiveness of the proposed KFL algorithm. If not specified,
we consider K = 100 devices randomly distributed in a cell with a radius of 500m, and the
server is located at the centre of the cell. The total bandwidth is set to B = 5MHz. Similar
to [36]], the channel gain is modelled as hy; = hopy(t)(do/di)", where hy = —30dBm is the
path loss constant; dj, is the distance between device k and the edge server; dy = 1m is the
reference distance; py(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 ¢;
do/dy, represents the large-scale path loss with v = 2 being the path loss exponent. The channel
noise power spectral density N is set to —174 dBm. For all devices in the system, we set their
maximal transmit power t0 py max = 30dBm, and their CPU frequency are randomly selected
from {0.85, 1.12, 1.2, 1.3}GHz [37], [38].

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 multilayer perceptron (MLP) models with the following architecture: four fully
connected layers with 784, 512, dyp, 64 units, each of these layers is activated by the ReLU
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
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layer, in which the first convolution layer possesses 6 channels and the second layer with 16
channels; three fully connected layers with 400, dcnn, and 64 units, respectively; and a 10-unit
softmax output layer. The ReLU function activates each convolution or fully connected layer.
When devices are equipped with homogeneous models, we set dyp = 256 and deny = 128.
The number of FLOPs and parameters of these machine learning models can be estimated
using the method in [27]. Specifically, the MLP with dyyp = 256 possesses 553406 parameters
which equal the FLOPs required to process one data sample. The CNN with dcyy = 128 has
63106 parameters and requires 1245834 FLOPs to process one data sample. When devices have
heterogeneous models, the value of dyyp and dcenn for all devices are randomly selected from
{128,192, 256, 320, 384}. For both MLP and CNN, the learning rates, i.e., 7, and 7,, are set
to 0.05, a momentum of 0.9 is adopted, and the number of local iterations is set to 7 = 5,
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 m K /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. Due to page limits, we only show results based on m = 2
in the following experiments. The results based on m = 3 are presented in Section III of our
technical report [35)], showing similar results with m = 2. For the MNIST dataset, we set the
energy budgets F, = 0.1 x T'J (Vk € K) and T}« = 1s. For CIFAR-10, we set £ = 0.5 x T
J (Vk € K) and T,,,x = 2s. 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 [Ilon 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: 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.
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A. 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 [28]]:
In each round, the scheduled devices upload their model parameters to the edge server for
aggregation. 2) FedRep [39]: 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 [40]:
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. 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 0.12% of the transmitted parameters by FedAvg or by FedRep. For the CIFAR-
10 dataset, the KFL algorithm only requires devices to upload 640 parameters in each round,
comprising 1.01% of the total model parameters.

Fig. 2| shows the learning performance of the proposed KFL algorithm and two benchmarks
on MNIST and CIFAR-10 datasets. From Fig. 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 algorithm converges faster than the benchmarks.
A similar experiment conducted on the CIFAR-10 dataset is shown in Fig. 2(b)l 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. 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 exper-

imental result verifies the theoretical results in Remark [Il, which indicates that more scheduled
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Fig. 2. Comparison of learning performance under homogeneous models (a) different algorithms on the MNIST dataset; (b)
different algorithms on the CIFAR-10 dataset; (c) different scheduling patterns on MNIST and CIFAR-10 datasets.

data volume should bias to the early rounds if the entire scheduled data volume are fixed.

B. Performance Evaluation with Heterogeneous Models

In this subsection, we verify the effectiveness of the proposed KFL algorithm by comparing
it with the FedKD [41], 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 algorithm because the latter requires devices to upload 500 x 10 =
5000 parameters in each round.

Fig. 3 presents the test accuracy of the proposed KFL algorithm and the knowledge distillation-
based FL algorithm under heterogeneous devices’ models. Fig. [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. [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
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Fig. 3. Comparison of learning performance under heterogeneous models (a) different algorithms on the MNIST dataset; (b)
different algorithms on the CIFAR-10 dataset; (c) different scheduling patterns on MNIST and CIFAR-10 datasets.

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. shows a similar 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.

C. Performance of the Proposed Device Scheduling Algorithm

This subsection evaluates the proposed device scheduling algorithm in the wireless network
by comparing it with two benchmarks. Note that devices in this subsection are equipped with
heterogeneous models. 1) Round Robin Scheduling Policy [42]: 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 algorithms divided by the number of rounds. 2) Myopic Scheduling
Policy [7]: For each device k, the available energy in round ¢ is given by the remaining energy

.. .. . Ek—zti_l oy, 1 By oy . . .
divided by the remaining number of rounds, i.e., ;j +'{’t Mt Note that, in this subsection,

devices are equipped with heterogeneous models. For the proposed algorithm, we set 7; = %

(vt € {0,1,---,T—1}). Fig. and Fig. compare the test accuracy and cumulative energy
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Fig. 4. Comparison of learning performance in different device scheduling algorithms on the MNIST and CIFAR-10 datasets.

usage of the scheduling algorithms on the MNIST dataset. It is observed from Fig. that
the proposed algorithm obtains a faster convergence speed and higher test accuracy than the
benchmarks. From Fig. we can see that the proposed 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 unified 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. and Fig. It is also observed
that the proposed online device scheduling algorithm outperforms the baselines in accuracy and
convergence speed. From Fig. 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
1, the proposed algorithm obtains better learning performance than the baselines. Particularly,
the proposed algorithm with V' = (.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,
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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(a) and [4(d)] also
verified the correctness of our theoretical analysis in Remark 1, i.e., more data samples should

be scheduled in the early rounds under restricted resources budgets.

VI. CONCLUSION

In this work, we have developed a novel KFL framework which aggregates devices’ knowledge
to enable collaborative training between devices. The benefits of this framework 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) Mitigating the impact of non-IID data distribution
among devices on learning performance. Experimental results show that compared to conven-
tional 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, respectively. In addition, we have theoretically and experimentally revealed that more
scheduled 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 efficient 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.

APPENDIX
A. Proof of Lemma (Il

Using L, smooth of Fy(-,v;) and L,-smooth of F'(uy,-), we have

Lu

Sl — el G2)

Fiy(wy, v) = Fio (g, vy,) < (VaF (ug, v) , ug — ug) +
and

L,
By (up, vy) — Fio(ug, o) < (Vo Fi(ug, vi), v, — vg) + 5 vy, — o] (33)
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Summarizing and (33), we have

+ (Vo Fr(ug, vg), vf — o) + = |lol, — v||>. (34)
We now focus on bounding (V, Fj, (ux, v}),u) — uy) as follows:

<V'U«Fk(uk> ,U;i‘)? ’U,; - uk>

% <quk<uk7 ’Uk), uﬁc — uk) + <Vqu (’U,k, ’U],g) — Vqu(’U,k, ’Uk), ’l,l,;g — ’Ll,k)

b

S) (VuFi(wg, o), wy, — up) + [|[ Vo Fr (U, ;) — Vo F(ug, vp) || g, — w|
< (VL (ur, vr), up — wp) + Loy [0, — vpll [lug, — ul

—

—

Cc

1 1
< (VuFi(ug, vg), wy, — ug) + §XLvH’Uff — | + §XLuHu2 — %, (35)

~

where (a) is derived by adding and substracting V,, Fy(ug, vy) into V. Fy(ug, v;,), (b) follows
the Cauchy-Schwarz inequality, (¢c) comes from Assumption [ (d) is due to the definition of y.
Substituting (33) into (34), the proof completes.

B. Proof of Lemma

According to Lemma [I, we have

1+
Fr(wp a1, V1) —Fr (Ui, Vit) < (VB (Wip, Vi), Wi p41 — uk,t)"‘TXLuHuk,t—i-l — uk,tH2

1+
+ (Vo Fi(Ukt, Vit), Uk t41 — Vkp) + TXLvHvk,t—i-l — ’Uk,t||2- (36)

Below we focus on bounding the four terms on the right-hand side (RHS) of (36). Firstly, we
bound (V,, Fi(uk i, Vkt), Uk 11 — Wpy) as follows:

T—1
(VuFi(Wt, Ukt), Uk 41 — Upt) = — 1y Z (Vi (Wit Vit), Vo Fr(We 0, Vig) + AV L (g ry))
=0
(a) N T 2 Nu T—1 9
S -5 IV Fy (e, vr) |7 + o leo |V (Wt 1, Ok 1) =V F i (Wht, Ok t) + AV Ly (W 1)

® T 71
< _nTHVqu(Uk,t, o) | + 7’ Zz:o IV L (i) I

7—1 )
+ N Zl:o Hquk<uk,t,l7 'Uk,t,l) — Vqu(um, 'UM)H , (37
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where (a) is derived by adding and substracting V, Fj(ug¢, Vi) into Vo Fj(wy g, Vi) and
using the triangle inequality, (b) follows the triangle inequality. For the second term on the RHS

of (36), we bound |wy 11 — Uk,t||2 as

||’Ufk,t+1 - Uk,t||2 = 773

(a) T—1
< 7}37'2 |V Fso (i1, Ok ea) + AV Li(wr ) ||

T—1 2
leo (VauFy (W, Oke) + )\VLk(uk,t,l))H

<2wZ |V F (i, w00 +oiry AV Ly ()|
(c) 1
< An7? ||V, Fk(uk 0Ok |P + 200N Zz:o IV L (g 0)||?

+477u7'z ||V Fr(wet Viet) — VFi(wr vie) |, (38)

where (a) is due to Jensen’s inequality, (b) follows the triangle inequality, (c) is derived by
adding and substracting V, Fi(ug ¢, Ug:) into Vo Fi(wg ey, V). We now focus on bounding

> ||V Fy(ug 1, Vk00) — VuFi(wp, vi)||* which appears in both (37) and (38) as
Zl L ||V Fiu(Wreg, V1) — VaFio(p, o) ||

< QZ (IVuFr (1, 0k00) = VaFr (e, ve) 1P+ |1 VaFr (e, ven) = VaFe(weg, o)1)
1=0

(b) T—1 9 —1 )
<2 ZI:O Li||uk7t,l - uk,t” +2 ZI:O X2LuLv||’vk7t,l — 'Uk,tH . (39)

where (a) derived by adding and substracting V,, Fj.(u ¢, i ;) and using the triangle inequality,
(b) follows Assumption [I] and the definition of Y.
For the last two terms on the RHS of (36), we have

1+ y
(Vo Fie(Wpt, Vkt), Uk 41 — Vkt) + 5 L vk 141 — Ukt”

T—1 1+ —1 2
= =1 leo (Vo Fie(upt, Vit), Vo Fi(Wet, Vi) + 5 XLU n? leo Vo Fi(Wpt 1, Vkti)

(a) T—1 1+ —1

< =1y leo (Volr(wt,Vit), Vo (W, Vi) + TXLML%T leo | Vo Fi (w11, 'vk,t,l)H2
© 9 o 1 2

S ((1 + X)Lvan - 5/’71)7_) ||V'UFk(uk,t7 vk,t)”

1 T
+ (1 +x) Lot + 5%) Zz_ IV o Fo(ht g, O ea) = Vo Fl(wn e, o) |17, (40)

where (a) is due to Jensen’s inequality, (b) is derived by adding and substracting V,, Fy. (w1, Uk +)
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into V., Fy, (w11, Uk ¢;) and using the triangle inequality. In (@0), we bound >,

o 1= Vo Fi(wn e, i)+
Vka(uk,t,luvk,t,l)H as

T—1
leo |V Fi(Wrt i, Vktr) — Vo Fi(wgy, ’Uk,t)||2

T—1 T—1
<2 Z IV o Fo (et Vra) = Vo Fl (g, vk I° + 2 Z IV o Fo (it Ok 00) — Vo Fr (s, 0) ||
1=0 1=0
<2y CLuLy g — gl +2y L2 op — vedll (41)
Substituting @7), (G8), (39), @0), and @I) into @B6), and the learning rates satisfy 7,

1
Farors and n0 < 5oy we have

1
Fltni1, V1) = Felun vie) < (20040 Lanir = 507 ) |V Fi(unes o) |
1
+ ((1 + X)waﬂj — 5T

T—1
5107 ) Vo Pt 00 + (3muL + 20 LuLu) Y

=0
7—1 9 5 7—1 9
+ (377UX2LuLv + 277vL12;) leo ||'Uk,t,l - vk,t” + Zﬁu)‘2 ZI:O ||VLk(’Ufk,t,l)|| . (42)

Below we focus on bounding two terms in @2)), i.e., Y/,

Firstly, for 370 |vg..s — vsl°, we have

||uk,t,l - uk,t||2

ks — vrell” and D720 [ — wail.

-1 2
(uk,t,n7 vk,t,n)

7—1 7—1 9
Z ||’Uktl—’0kt|| Z_ n

T— (®) T(r+ 127+ 1
Yy e, Fkum,vmnfsnzag( O )

where (a) comes from the Jensen’s inequality, (b) follows the bounded gradient assumption in

Assumption 2L For >7_ ' ||u..; — wi4||”, we have

2

T—1 9 T—1 9
leo [wk,er — wie|” = Z M

-1
> (VuFi(Un, Vin) + AV L)
< Z Y IVub um,vmmwk(umnﬁ

(b) T—
SRS Vi o) P Y Y 2 AV L)
(C) T+ 1)(27+1 i
< 7( )3( ) n2G2 + 22 \2 E l g ||va (wipn)|®, (44)

where (a) is due to the Jensen’s inequality, (b) follows the triangle inequlity, (c) is due to
Assumption 2l Substituting and into (42), the proof is completed.
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C. Proof of Theorem

By substituting (18] into @), we have the one-round convergence bounded of the global loss

as follows:

K D 1
F(Win) = F(W) <3, | 750 +x)Lanr - ;m) 9B (w0, 010

1 Dy, §
+Z (L X0 Loty = 507) |V Fi (g, 010) | + A?Z ZHVLk i)
k=1

K Dy
+ A+ 20N Bl + 20 LuLle) D > = ) [ VLn(uee)|?, @5)

Below we bound ||V Ly (us.,)|”. For ease of proof, we introduce an auxiliary variable Q.; =

M, which aggregates all devices’s knowledge about class ¢ (Vc € C).

Zke}CDk,c
2
IV Ly (w11 H ZC 1Z<m ||hk Wi ) — Q|| Vi (wpss: @)
(@) 1
< 50X DY V(g ) — el [ @)
k = (wvy)EDk,c
® 1 c .
< o
1%020:1 Dre Z(w,y)em,c [ (w05 ) — |0
(c) 2
2 pr 0T D S tunsca) - O+ 2 ﬁchchunm ., @
c=1 (:I:;y)E'DkYC

where (a) follows Jensen’s inequality, (b) is due to Assumption 3] (c) derived by adding and
substracting 2, ; into €., and using the triangle inequality.
Below we focus on bounding the two terms on the RHS of (46), where the first term is

bounded as

1 _
2O Dhed oo Hhm,t,l; 2) = Q|

- 2_192020_ D’”Z (2,y)EDy, . Zh 12 (1,51)E€Dn (P (W05 ) — hon (W 1)) H2

< 893¢2, 47)

where the inequality is due to Jensen’s inequality and Assumption 3l For the second term on
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the RHS of (46), we have

K K
HQ Q H2 - H Zk‘:l Z(wl,yl)EDk,c hk(uk7t7 wl) Zk‘:l akvt_l Z(wl,yﬂeDkyc hk(uk7t’ ml) H2
c,t c,t - -
Dc Zszl ak,t—le,c
ZkK:l(l —pg1) Y, hp(uggs ) (D _ZkK:lak,t—le,c) Zszlak,t—l > (g xe) (2
- (®1,41)€Dk ¢ (x1,y1)€Dy ¢
D, D, 25:1 Qg t—1 Dk e
Sl =ra—1) X (s 1)l (D=3 5y @i—1De) Yokt 2 1w (wegs )l 2
< (x1,91)€Dk ¢ (x1,91)€Dk ¢
< D + 174
c D, Zk:l g i—1Dpc
D, — Dy .
<4 ( Zkl;aktl k )7 48)

where (a) is due to Assumption 3l Substituting [@6), @7), and (8) into (43)), then substracting
F(W™) into both F'(W,,) and F(W;), we have

1 D
P(Weyn)—F(W") < F(WO—F W)+ (200+ 0~ L1ar) 30 249 B, )|

1 K D
+ (U 0Lr? = Sr ) 3o IV P, o)

K 11 c D, — Q1D o\ 2
P A Y SO DR Z’j; CEIZ) (49)

where Ay = 10n,\279%¢2 + 8n2\29%¢? (3n, L2 + 2n,x* Ly, L,) 7(T + 1).

By using the L-smooth of loss functions, we have
IV P (g, v ) ||* < 2Ly (Fi (g, 1) — Fr(ug, w7) (50)
and
IV o Fi (e, i) ||” < 2L (Fi(wpop, vis) — Fr(ug, v))) . (51)

Substituting (30) and (31)) into (49), we have

F(Wip) — F(W7) < A3(F(W;) — F(W*)) + A1+ Ay

K
c 9 (Dc - Zk:l ak7t—1Dk,c>2
Zk 1 D Dk Zc:l Dk,c Dc ) (52)

where Az = 1+ (4L2n2 +2L2n%) (1+x)7% — (9y Ly + 1, L, ) 7. By telescoping the above inequality,
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we have

AT
1 1, 2 (A + Ay)

2
c Dj. 2

T-1 o =K 11 , K
Ay ATy SO T (De=Y"  aiiDre) - (53)

Below we bounding the last term on the RHS of (33)) as

F(Wr) — F(W?*) < A5 (F(W,) — F(W™)) +

A2 Z: Ay Z:Zl %Dikc Zil %’20 (Dc R Z:Zl ak,t_le,c)Q
SO R ) WIS DRI IR )
(%) Azlf)(c :02 AT Z; Z; li ’%52 ZZ{: (1—ouy) Dy,
_A2CK AT 2— tii Z;ZDM— AT 2- tici ZZ;ZZ@MDM (54)
k=1 c=1 t=0 c=

where (a) is due to Jensen’s inequality and (1 — ak,t)2 = 1 — o +. For the last term on the RHS

of (34)), we have

ch

A K
12) t=0 TZtZkl chDkD2Z ktD’”
(a) 1 T—2 Dy, K
= e pRET ) <Zt AT tzc_ Zk ! \/_kD 2 ’”D’“)
1 1 T-2 2
Z A2 DK(T— ]_) maxlSkSK Dk (tho Ag i tzkzl ak’t Zc:l Dk,c)

1 1 T-2 K 2
—A ( AT-2-t D ) 55
2 DK(T _ 1) maX:[SkSK Dk Zt:() 3 Zk‘:l O[k‘,t k 9 ( )

where (a) follows Jensen’s inequality. Substituting (34) and (33)) into (33)), the proof is completed.

2

D. Proof of Proposition

For the ease of presentation, we define the Lyapunov function as V(t) = Zszl %q,it, the
Lyapunov drift of round ¢ as Ay(t) = V(¢ + 1) — V(). According to the evolution of the virtual
queue defined in , we have ¢? 1 S (C_Ikt + o By — —) For A;(t), we have

1 =K K /1 E., 1
Aq(t) = 5 Zkzl(qz,ﬂ-l —qipy) < Zk:l <§(Qk,t + g By — ?)2 - §qi,t)
k

K E
<G+, tifaniBi— =), (56
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where ¢ = 130 2 G = max, {|a.Ey, — Z¢|}. By adding —Vv, 3, oy, Dy, on both
sides of (36)), an upper bound of the one-round drift-plus-penalty function is given by

K E K
Ai(t) =V Z - gDy < Go + Z Qe By — ?k) -V Zk:l agiDy.  (57)

The drift-plus-penalty algorithm of Lyapunov optimization aims to minimize the upper bound of
Ay (t) =7V S8 oy Dy. Define the T-round drift as Ay = V(T —1) = V(0) = S0, SUrr_1
Then, the 7T-round drift-plus-penalty function can be bounded by

K
Ap — VZ% ZaktDk <TG+ Z (Zth g By — ];k -V Zak,tDk)- (58)
|

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 P, superscript  to represent the
solution of the proposed drift-plus-penalty algorithm. For a feasible solution with «j; = 0 and

E+ =0, we have

K 1 T-1
Ap=3>"" SGir1 <TG +V >, D (59)

Thus, we have

K 2 K T-1
2
(>, o) <K air <2K(TG+VY D), (60)

where the first inequation comes from Jensen’s inequality. According to the evolution of the
virtual queue defined in @21I)), we have oy +Er; — % < Qkt+1 — Gkt Summing this inequation

over 1" rounds, we have

T-1

K
ZZ;Z; (ozk By — —) > (Grarr — Gie) < \/ 2K (Tgo +V Zt:l %D). ©61)

t=0 k=1

By rearranging the above inequation, the energy consumption bound in (3I) is derived. Below
we analyze the optimality of the proposed drift-plus-penalty algorithm, which minimize the RHS
in (58)). Since Ar is positive, based on (58], we have

T-1 K T-1 T-1 K
K * E* *
VY Yol Do TG+ %" aue(0ieBri = =5) =V %D aiDies (62)
t=0 k=1 t=0 t=0 k=1

Next, we bound the second term in the RHS of (62)) as
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k=1 t =

. o T(T — 1) &
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i
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k=1

Substituting (63) into (62), the inequation (30) is derived, and the proof is completed.
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Abstract

The conventional model/gradient aggregation-based federated learning (FL) approaches require all
local models to be of the same architecture and thus may be inapplicable for many practical scenarios.
Moreover, the frequent model/gradient exchange is costly for resource-limited wireless networks since
modern deep neural networks usually have over-million parameters. To tackle these challenges, we first
devise a novel FL framework that aggregates light high-level data features, namely knowledge, in the
per-round learning process. This design allows devices to design their machine models independently
and remarkably reduces the communication overhead in the training process. We then theoretically
analyze the convergence bound of the framework under a non-convex loss function setting, revealing
that scheduling more data volumes in each round helps improve the learning performance. In addition,
more scheduled data volumes should be biased towards the early rounds if the total data volumes during
the entire learning course are fixed. Inspired by this, we formulate an optimization problem to maximize
the weighted scheduled data volumes for global loss minimization under the energy constraints of devices
through device scheduling, bandwidth allocation and power control. This paper provides the proof and
additional experimental results of the journal version, namely “Knowledge-aided Federated Learning
for Energy-limited Wireless Networks”. This paper provides the proofs of Proposition 1, Lemma 3,
and additional experimental results based on another heterogeneous data distribution setting. The other
proposition, lemmas, and experimental results have been provided in the journal version or similar to

the provided proofs.
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PROOF A: THE PROOF OF PROPOSITION 1

The first-order and second-order derivatives of the objective function (23) with respect to 7;Ut

are
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we have 8<Z’“e§}q§ (Exs) < 0. That is, the objective function (23) is an non-increasing function

k,t

with respect to the communication time 776Ut The optimal completion time of device k is 776Ut =

Tmax — T&. Thus, the optimal transmit power of device k satisfy (24).

PROOF B: PROOF OF LEMMA 3
Problem P, 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 P; is
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where 4 is the Lagrange multiplier associated with constraint (14c). The first-order derivative of

E(eh :u) is
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Its inverse function is shown to be (28). Given constraint (25a), the optimal bandwidth allocation
policy is given as (27). In addition, similar to the proof of Proposition 1, one can prove that the
objective function (25) is a decreasing function of 6 ;. Thus, Zszl 0%+ = 1 always holds for

the optimal solution.



ADDITIONAL NUMERICAL RESULTS

In this section, we present the additional experiments based on the data heterogeneity setting
of m = 3, which shows a similar result to the setting of m = 2.

Fig. [3 shows the learning performance of the proposed FL algorithm and two benchmarks
on MNIST and CIFAR-10 datasets, where all the devices are equipped with homogeneous
machine learning models. Fig. presents the test accuracy on MNIST dataset. Compared to
the baselines, the proposed algorithm achieves a 1.54% accuracy improvement when 50 devices
participate in each round learning process and obtains a 1.28% accuracy gain when scheduling
10 devices in each round. Fig. presents the learning performance of these algorithms on the
CIFAR-10 dataset, which also indicates that the proposed algorithm outperforms the benchmarks.
Fig. verifies the correctness of Remark 1, indicating that more scheduled data samples should
be biased to the earlier rounds when the total scheduled data volumes in the entire learning course

are fixed.
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Fig. 5. Comparison of learning performance under homogeneous models (a) different algorithms on the MNIST dataset; (b)
different algorithms on the CIFAR-10 dataset; (c) different scheduling patterns on MNIST and CIFAR-10 datasets.

Fig. [6l compares the learning performance of the proposed knowledge aggregation-based FL
algorithm and FedKD, where devices are equipped with heterogeneous models. Fig. [6(b)| presents
the results on MNIST dataset. The proposed algorithm obtains 1.08% and 0.87% accuracy
improvement when 50 and 10 devices participate in the learning process. Fig. [6(b)| also shows
the proposed algorithm achieves better learning performance than the FedKD on the CIFAR-10
dataset. Fig. further verifies our theoretical results in Remark 1.

Fig. [7l compare the test accuracy and cumulative energy usage of the scheduling algorithms

on the MNIST and CIFAR-10 dataset. Fig. and Fig. presents the results on the MNIST
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Fig. 6. Comparison of learning performance under heterogeneous models (a) different algorithms on the MNIST dataset; (b)
different algorithms on the CIFAR-10 dataset; (c) different scheduling patterns on MNIST and CIFAR-10 datasets.

dataset, where F = 0.1J and T}, = 1s. We can see that the proposed online device scheduling
algorithm obtains a faster convergence speed and higher test accuracy than the benchmarks. In
particular, the proposed algorithm with V' = 0.01 has the same energy usage as the Adaptive
Myopic algorithm, yet achieves better learning performance. Fig. and Fig. present the
results on CIFAR-10 dataset, where £ = 0.5J and T}, = 2s. It is also observed that the proposed

online device scheduling algorithm outperforms the baselines in accuracy and convergence speed.
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Fig. 7. Comparison of learning performance in different device scheduling algorithms on the MNIST and CIFAR-10 datasets.
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