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Abstract—Machine learning (ML) is a widely accepted means
for supporting customized services for mobile devices and appli-
cations. Federated Learning (FL), which is a promising approach
to implement machine learning while addressing data privacy
concerns, typically involves a large number of wireless mobile
devices to collect model training data. Under such circumstances,
FL is expected to meet stringent training latency requirements
in the face of limited resources such as demand for wireless
bandwidth, power consumption, and computation constraints
of participating devices. Due to practical considerations, FL
selects a portion of devices to participate in the model training
process at each iteration. Therefore, the tasks of efficient resource
management and device selection will have a significant impact
on the practical uses of FL. In this paper, we propose a spectrum
allocation optimization mechanism for enhancing FL over a
wireless mobile network. Specifically, the proposed spectrum
allocation optimization mechanism minimizes the time delay
of FL while considering the energy consumption of individual
participating devices; thus ensuring that all the participating
devices have sufficient resources to train their local models.
In this connection, to ensure fast convergence of FL, a robust
device selection is also proposed to help FL reach convergence
swiftly, especially when the local datasets of the devices are not
independent and identically distributed (non-iid). Experimental
results show that (1) the proposed spectrum allocation optimiza-
tion method optimizes time delay while satisfying the individual
energy constraints; (2) the proposed device selection method
enables FL to achieve the fastest convergence on non-iid datasets.

Index Terms—Federated Learning, Spectrum Allocation Opti-
mization, Device Selection, Wireless Mobile Networks

I. INTRODUCTION

Machine learning (ML) has been widely used to help auto-
mate decision-making and improve business efficiency. How-
ever, traditional ML relies on centralized training approaches,
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Fig. 1: Federated learning paradigm. At each iteration, the
devices perform the local update on the local datasets. Then,
the model weights are transmitted to a base station. Finally,
the base station conducts model aggregation and broadcasts
the aggregated model weights to the devices.

hence leading to data privacy concerns [1], [2]. As mobile
application services have achieved remarkable successes, there
has been an emerging trend of employing Federated Learning
(FL) over wireless mobile network [3]–[5]. As a large-scale
data-intensive distributed system, FL involves a large number
of wireless mobile devices to train a shared model given a
training time budget and a resource budget.

Being a decentralized form of ML, FL performs ML without
aggregating user data to a centralized server, thus making it
easier to comply with the relevant data privacy regulations [6].
At each global iteration in FL, the wireless devices first
download initialized parameters of a global model from a
remote server. Then, the devices train local models using their
local available data in parallel. After several local iterations,
the devices send their parameters to the server, and the global
model is updated using the uploaded local parameters. The
learning process is repeated until the global model achieves a
preset accuracy. Fig. 1 depicts the mechanism of a typical FL
paradigm.

Despite the benefits, there are key challenges that limit
the applications of FL over wireless mobile networks [7]–
[10]. To date, FL has been applied in a wide variety of
fields [11]–[14]. For example, mobile service providers such
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as Apple and Google investigate FL for enabling enhanced
user experiences through learning from users’ behavior [15],
[16]. However, in such important application scenarios, FL
needs to deal with practical challenges [17]. Specifically, FL
usually involves a large number of mobile devices to ensure
sufficient training data. In this case, it is challenging to deploy
FL due to the limited bandwidth resources. In addition, the
energy constraints of the individual devices also increase
the difficulty of implementing FL. Although most existing
spectrum allocation optimization methods mainly focus on
total energy consumption, the energy cost of individual de-
vices should be considered. Therefore, an effective spectrum
allocation optimization method is critical to the adoption of
FL in important applications.

In many scenarios, however, bandwidth resources are still
insufficient even though the sophisticated spectrum allocation
optimization methods are adopted, hence necessitating device
selection methods [18]–[20]. As device selection allows FL to
choose a subset of wireless devices at each global iteration,
the problem incurred by bandwidth limitation is significantly
alleviated. Unlike traditional distributed ML which assumes
that the datasets are independent and identically distributed
(iid) [21], FL needs to consider the statistical properties of the
local datasets and deals with non-iid datasets [22]. To handle
non-iid datasets in FL, [23] mentioned a benchmark which
performs device clustering based on the model weights of the
local devices and randomly selects the same number of devices
from each cluster. However, this method cannot guarantee that
the selected devices are the optimal ones to help FL achieve
convergence swiftly. Besides, this method suffers from high
training latency as the model weights for training the clustering
algorithm are usually high-dimensional.

In this paper, we enhance the performance of FL by
proposing an energy-efficient spectrum allocation optimiza-
tion method and a weight divergence based device selection
method. Specifically, the energy-efficient spectrum allocation
optimization method aims to optimize the time delay of FL
given the energy constraint of each local device. For the
device selection problem, we train the K-means to perform
device clustering while ensuring low training latency and high
clustering performance. Then, we carry out device selection
based on the weight divergence between the local model and
the global model. The main contributions of our works include:

1) We formulate an optimization problem to minimize the
time delay of training the entire FL algorithm with
the consideration of the energy constraints of the local
device. We decompose the optimization problem into
two subproblems: spectrum allocation optimization under
one global iteration and device selection for each global
iteration.

2) We propose an energy-efficient spectrum allocation opti-
mization method for FL. The proposed method minimizes
the sum of the computation and transmission delay under
one global iteration while making sure that the energy
consumption of each device meets the energy constraint.
To this end, we prove that the formulated problem is
convex. Then, the problem is solved by KKT conditions
and a bisection method, and the optimal solutions of

computation capacity and bandwidth are obtained.
3) For device clustering, we use the model weights of a

certain layer in CNNs as the feature vectors to train
the K-means algorithm. Compared with training K-means
by all the model weights, the proposed training method
enables K-means to show better clustering performance.
Moreover, the training time is considerably reduced to
ensure low latency in FL.

4) To overcome the problem incurred by non-iid datasets,
we propose a weight divergence based device selection
method. At each global iteration, the weight divergence
between the local model and the global model is mea-
sured. According to the experiments, the global model
will gain the highest accuracy on the cluster if the
device with the largest weight divergence in this cluster
is selected. In this case, for each cluster, the device with
the largest weight divergence is chosen to join the local
update.

5) Sufficient numerical experiments show that the proposed
spectrum allocation optimization method is capable of
minimizing the delay within certain energy budgets and
outperforms other baseline approaches. The proposed
device selection method is evaluated on multiple datasets.
The FL achieves the fastest convergence with the help of
the proposed method compared with other device selec-
tion methods. The proposed FL framework minimizes the
time delay of training the entire FL algorithm.

The rest of the paper is organized as follows. The related
work is reviewed in Section II. System model and problem
formulation are defined in Section III. The weight divergence
based device selection method is described in Section IV. The
proposed spectrum allocation optimization method is provided
in Section V. Experimental results are provided in Section VI
followed by the conclusion in Section VII.

II. RELATED WORK

This paper focuses on spectrum allocation optimization
and device selection for FL. While existing works are dealing
with spectrum allocation optimization and device selection for
FL, our proposed method improves from existing schemes
by addressing a number of practical considerations. Specif-
ically, the proposed spectrum resource optimization scheme
optimizes the bandwidth and CPU frequency of each local
device, and the individual energy constraints are considered
in the optimization problem; the proposed device selection
method aims to speed up the convergence on non-iid datasets.

For spectrum allocation optimization to enhance FL, [24]
proposed a low-latency multi-access scheme for edge learning
to minimize the communication latency of FL. [25] focused
on minimizing the FL completion time by determining the
tradeoff between computation delay and transmission delay.
These works mainly considered minimizing the delay without
considering energy consumption, while our proposed method
considers not only time delay but also individual energy costs.
[26] proposed a hierarchical framework for federated edge
learning to jointly optimize computation and communication
resources. [27] illustrated two tradeoffs in FL and proposed
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FEDL to jointly optimize the FL completion time and en-
ergy consumption. These works considered both delay and
energy by introducing an importance weight, though did not
investigate the means for obtaining the optimal weight given
the resources and time constraints. Our proposed method
balances the tradeoff between delay and energy adaptively
given the individual energy constraint. [28] proposed a novel
optimization algorithm to minimize the training time for
cell-free massive multiple-input multiple-output systems. [29]
studied the convergence bound for FL and propose a control
algorithm to optimize the frequency of global aggregation
under a resource budget constraint. [30] proposed an iterative
algorithm to minimize the total energy consumption of FL
and designed a bisection-based algorithm to optimize the time
delay. Compared with our proposed method, these works did
not consider the limited battery power of the individual local
device.

For device selection, [31] proposed FedAvg that randomly
selects a portion of local devices. [32] proposed a multicriteria-
based approach for client selection to reduce total number
of global iterations and optimize the network traffic. [33]
proposed a new FL protocol to select devices based on
resource conditions to accelerate performance improvement.
[34] designed a greedy algorithm for device selection to bal-
ance the trade-off between the total number of global iterations
and the latency. Compared with our proposed method, these
works did not consider the data distribution of local datasets or
assumed the local datasets to be iid. Recently, [23] proposed
Favor that adopts double deep Q-learning [35] to perform
active device selection on non-iid local datasets. However,
a new policy network has to be trained from scratch when
the datasets are changed, while our approach aims to remain
effective when directly applied to other FL tasks with different
datasets.

There are some works that investigate both spectrum alloca-
tion optimization and device selection [36]–[41]. However, the
impact of CPU frequency were not considered by [38]–[41];
whereas, individual energy constraints were not addressed in
[36], [38], [39]; the data distribution of the local datasets were
not addressed by [37], [39], [40].

III. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a wireless mobile network that consists
of one server and N users that are indexed by N =
{1, 2, ..., N}. Each user n contains its local dataset Dn ={
(xi ∈ Rd, yi ∈ R)

}Dn

i=1
with Dn data samples, where xi

denotes the i-th d-dimensional input vector, and yi is its
corresponding label. The models trained on the local devices
are called the local models, while the model trained on the
server is called the global model.

A. FL Training
We define the model weights as w. The loss function of

i-th sample is defined as fi(w). For each device n with Dn,
the loss function for updating the model is

Fn(w) =
1

Dn

Dn∑
i=1

fi(w). (1)

Algorithm 1 Federated learning framework

Input: Set of local devices N = {1, 2, .., N}, maximum local
iteration number L, learning rate ζ, target accuracy A.

Output: Global model w
1: Initialize the global model wk, where k = 1;
2: repeat
3: A subset of local devices Sk ⊂ N is formulated;
4: The server broadcasts the global model wk to the

local devices in Sk;
5: for each local device n ∈ Sk in parallel do
6: Initialize i = 0;
7: while i < L do
8: The local device performs local update

wn,k(i+ 1) = wn,k(i)− ζ∇Fn(wn,k(i)); (3)

9: i = i+ 1;
10: end while
11: The local device sends wn,k to the server;
12: end for
13: The server performs global aggregation

wk =

∑
n∈Sk

Dnwn,k∑
n∈Sk

Dn
(4)

14: k = k + 1

15: until The accuracy of the global model achieves A

The goal of FL is to minimize the following global loss
function F (w) on the whole dataset [31]

min
w

F (w) =

N∑
n

Dn

D
Fn(w), (2)

where D =
∑N

n=1 Dn. Algorithm 1 provides a typical FL
paradigm to solve the problem (2) [31], [39], [42]. At k-th
global iteration, a subset of local devices Sk ⊆ N with Sk

devices is formulated based on a device selection method.
According to line 7 in Algorithm 1, the local models adopt
the gradient descent (GD) algorithm for local training. As GD
requires to span over all the samples in the local dataset, it
causes a long training time if the size of the local dataset is
large. To solve this problem, stochastic gradient descent (SGD)
is an effective method since it only uses part of samples to
train the local model [43].

B. Computation and Communication Model

We formulate the computation and communication model to
calculate the energy cost and the FL completion time for FL.
Let Cn be the number of CPU cycles for device n to compute
one sample data. We denote CPU frequency of device n by
fn. We assume all sample data have the same size, the total
CPU cycles for each global aggregation at device n is LCnDn,
where L denotes the maximum number of local iterations. For
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local device n, the computation time of L local iterations is:

tcmp
n =

LCnDn

fn
. (5)

The energy consumption of L local iterations at local device
n is formulated as [27]:

ecmp
n =

α

2
LCnDnf

2
n, (6)

where α
2 denotes the effective capacitance coefficient of device

n’s computing chipset. When finishing local update, the model
weights of the local models are transmitted to the server, hence
resulting in the energy consumption and the delay. In this
paper, a frequency-division multiple access (FDMA) protocol
is used for data transmission. The achievable transmission rate
of local device n is:

rn = bnlog2(1 +
hnpn
N0bn

), (7)

where bn is the bandwidth allocated to device n, hn is the
static channel gain of device n during model sharing duration,
N0 is background noise, and pn is the transmission power.
Based on this, the communication time of local device n is
defined as:

tcom
n =

zn
rn

, (8)

where zn denotes the size of the model weights of local device
n. As a result, the energy consumption for transmitting the
model weights at local device n is

ecom
n = tcom

n pn =
pnzn

bnlog2(1 +
hnpn

N0bn
)
. (9)

It can be seen that a larger fn leads to a shorter time delay
while causing more energy consumption. On the other hand,
a larger bn helps the FL to reduce energy consumption and
time delay. However, bn is limited by the total bandwidth
B. Therefore, the resource allocation in FL necessitates an
effective spectrum allocation optimization method.

As the downlink bandwidth is much higher than that of
uplink and the transmit power of BS is much larger than the
those of local devices, the latency of broadcasting the global
model is not considered [27]. Besides, the delays incurred in
branch-and-bound-based solution accounted for the latency are
not considered in this work, since we assume that the server
has powerful computation capability. Thus, the time delay and
the energy consumption of FL are derived as follows:

Ek =
∑
n∈Sk

(ecom
n + ecmp

n ) , E =

K∑
k=1

Ek, (10)

Tk = max
n∈Sk

(tcom
n + tcmp

n ) , T =

K∑
k=1

Tk, (11)

where K is the total number of global iterations, Ek and Tk are
the energy consumption and the time delay at the k-th iteration,
respectively. E and T are the total energy consumption and
the time delay of training the entire FL algorithm, respectively.

Fig. 2: Workflow of the proposed FL framework

C. Problem Formulation

In this paper, we formulate the optimization problem (12)
to minimize the time delay of FL while considering the energy
constraints of the local devices as follows

min
B,F ,S

K∑
k=1

Tk (12)

s.t. ecom
n + ecmp

n ≤ econs
n , ∀n ∈ Sk, k = 1, ..,K, (12a)

tcom
n + tcmp

n ≤ Tk, ∀n ∈ Sk, k = 1, ..,K, (12b)∑
n∈Sk

bn ≤ B, k = 1, ..,K, (12c)

fmin
n ≤ fn ≤ fmax

n , ∀n ∈ Sk, k = 1, ..,K, (12d)
Ak < A, k = 1, ...,K − 1, (12e)
AK ≥ A, (12f)

where B represents total bandwidth, econs
n is the energy con-

straint of local device n, fmax
n and fmin

n represent the maximum
and minimum CPU frequencies of local device n, respectively.
B = {bk|k = 1, ...,K}, bk = {bn|n ∈ Sk}, F = {fk|k =
1, ...,K}, fk = {fn|n ∈ Sk}, S = {Sk|k = 1, ...,K}, Ak is
the accuracy of the global model at the k-th iteration, and A
is the target accuracy. (12a) ensures that all the devices satisfy
the energy requirements. (12b) reflects the time delay of FL
at each global iteration. (12c) and (12d) denote the constraints
of total bandwidth and the CPU frequency, respectively. (12e)
and (12f) denote that K is a design parameter that ensures
the global model to achieve the target accuracy. In this paper,
the number of the selected devices is fixed at each iteration,
which means S1 = ... = SK = S.

In this work, the local models of FL are convolutional neural
networks (CNNs) with the cross-entropy loss function, which
indicates that the loss function is non-convex. Therefore, it is
challenging to theoretically obtain the upper bound of the total
number of global iterations K given an FL task. Moreover, the
clustering in the set S makes the problem (12) a combinatorial
problem, which further increases the difficulty of solving
this problem. To solve the problem (12), we design an FL
framework as shown in Fig. 2. First of all, the device clustering
method divides local devices into several clusters based on the
data distribution of the model weights. Next, at each global
iteration: the device selection method chooses devices from
each cluster; the selected devices download the global model
from the server, and the spectrum allocation optimization
method allocates the bandwidth and CPU frequency for each
device; the subset of devices carries out the local update and
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Algorithm 2 K-means based device clustering

Input: A set of local devices N , number of clusters c
Output: c clusters {N1, ...,Nc}

1: Create c empty sets {N1, ...,Nc}
2: Initialize global model w0 and broadcast w0 to the devices

in N
3: for each local device n ∈ N in parallel do
4: Perform local update based on (3) for L iterations
5: Transmit model weights wn,0 to the server
6: end for
7: The server trains a K-means model with c clusters using
{w1,0, ...,wN,0} based on (13) and (14)

8: for each local device n ∈ N do
9: The K-means model predicts the cluster label cn ∈

{1, ..., c} for local device n
10: Ncn ← n
11: end for
12: return c clusters {N1, ...,Nc}

upload their model weights to the server. The device clustering
and selection methods aim to select the optimal devices that
enable FL to swiftly achieve the target accuracy. The spectrum
allocation optimization method aims to minimize Tk while
satisfying the energy constraints. The proposed FL framework
is capable of finding a solution candidate (B,F ,S, K) for
the problem (12) that significantly reduces the time delay T .

IV. WEIGHT DIVERGENCE BASED DEVICE SELECTION

In this section, we first present the motivation, the imple-
mentation details, and the challenges of adopting the K-means
algorithm to perform device clustering and selection. Then, a
weight divergence based device selection method is proposed
to help FL achieve convergence swiftly by counterbalancing
the bias introduced by non-iid local datasets.

A. K-means based device clustering and selection

In practice, the local devices are usually trained on highly
skewed non-iid datasets. In a non-iid local dataset, most of
the data samples come from a majority class (also called
a dominant class [23]), while the remaining data samples
belong to other classes. It is difficult for the local models
to correctly identify the samples unless the samples belong to
the majority class. Without a feasible device selection method,
the global model is very likely to inherit such detrimental
property through model aggregation. Take an image classifi-
cation task on CIFAR-10 [44] as an example. If the device
selection method rarely selects the devices whose majority
class is "dog", the global model will achieve low accuracy
in recognizing the samples that belong to the "dog" class.

To overcome the harmful effect of non-iid datasets, an
intuitive wisdom is to make sure that the majority classes of
the local datasets in Sk cover all the classes, in which case
the bias incurred by non-iid datasets is significantly balanced.
However, the server cannot know the majority class of the local
dataset as the datasets are not transmitted to the server. In this

Algorithm 3 K-means based device selection at the k-th global
iteration

Input: Set of local models {w1,k,w2,k, ...,wN,k}, c clusters
{N1,N2, ...,Nc}, number of devices selected from each
cluster s

1: Initialize an empty set Sk;
2: for each cluster Ni (i = 1, 2, ..., c) do
3: Randomly select s devices from Ni to Sk;
4: end for
5: return Set of selected devices Sk.

case, unsupervised learning is a sensible choice to deal with
this problem [45]. In this paper, the K-means algorithm [46] is
used to perform device clustering based on the data distribution
of the model weights. Specifically, given the model weights
{wn|n = 1, ..., N} and the number of clusters c, the K-means
algorithm iteratively performs two steps as follows

N (j)
i =

{
wn

∣∣∥wn −m
(j)
i ∥

2 ≤ ∥wn −m(j)
q ∥2, 1 ≤ q ≤ c

}
(13)

m
(j+1)
i =

1∣∣N (j)
i

∣∣ ∑
wn∈N (j)

i

wn (14)

where m
(j)
i is the centroid of Ni at the j-th iteration. The K-

means algorithm converges when the assignments no longer
change. Algorithm 2 and Algorithm 3 present the details of
K-means based device clustering and selection, respectively.
In Algorithm 2, a K-means model is formulated by the model
weights of the local model. The well-trained K-means model
is used to predict the cluster label for each local device. As a
result, c clusters {N1~Nc} are obtained, where c is the number
of clusters. Note that device clustering only performs at the
initial global iteration. In the following global iterations, s
devices are randomly selected from each cluster to form Sk
according to Algorithm 3. As a result, the class imbalance
issue is mitigated as model aggregation enables the global
model to achieve similar performance on all the classes.

However, K-means based device clustering is bottlenecked
by long training latency especially when heavyweight CNN
models are used as the local model. This is because the
feature vectors for training the K-means model are the model
weights which usually contain millions of parameters. In
addition, randomly choosing devices from each cluster does
not guarantee that the selected devices are the optimal ones to
help FL reach fast convergence. There is still room to further
enhance K-means based device clustering and selection.

B. Reducing the computational running time of K-means
clustering

We improve K-means based device clustering by reducing
the computational running time without sacrificing the cluster-
ing performance. To this end, the size of the feature vector for
training the K-means model should be shrunk. Specifically,
the K-means model is trained using the model weights of
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Fig. 3: CNN architecture of the local model. wci and bci (i = 1
or 2) are the weights and the biases of the i-th convolutional
layer, respectively. wfci and bfci are the weights and the biases
of the i-th linear layer, respectively.

only one layer in CNN instead of all the weights. Since K-
means clustering adopts the Euclidean distance to measure the
similarities between two samples, we calculate the Euclidean
distance between two local models using the model weights
of each layer. The clustering performance can be estimated by
visualizing the Euclidean distance matrix.

We train a FL model with 100 local devices based on line
2 ~ line 6 in Algorithm 2. The CNN architecture of the local
models is shown in Fig. 3. The FL model is trained on CIFAR-
10, and non-iid local datasets are generated with a bias σ ∈
[0, 1]. A local dataset Dn contains Dn×σ data that belongs to
a majority class, while the rest of the data are evenly sampled
from other classes. In this section, we set σ = 0.8.

Fig. 4 depicts the Euclidean distance matrix where the
model weights and model biases of different layers are used as
the feature vector, respectively. The device indices are succes-
sively assigned based on the majority class. For example, the
majority class of local device 1~12 is "airplane", the majority
class of local device 13~19 is "ship", the majority class of
local device 20~28 is "dog", and so on. In Fig. 4, there are
10 blocks with lighter colors among the distance matrices. It
indicates that the Euclidean distance will be much smaller if
the two local datasets have the same majority class. Therefore,
c is usually set to the number of classes so that each cluster
only includes the local models of which datasets belong to the
same majority class. Note that this phenomenon is more visible
when certain model weights or biases are used to calculate the
Euclidean distance (e.g. wfc2 and bfc2 ). Furthermore, adding
the model weights or biases of some layers into the feature
vector may not enhance clustering performance but increasing
the training time. Take Fig. 4(b) as an example, the values of
the Euclidean distance are very close. Therefore, it is difficult
to determine whether two local devices have the same majority
class only based on the Euclidean distance calculated by bc1 .
As a result, it is reasonable to use the model weight vector of
a certain layer as the feature vector for training the K-means
algorithm. In this paper, we find that the K-means algorithm
achieves short training time and good performance when using
the model weights of the last fully connected layer (i.e., wfc2 )
as the feature vector, and the experimental results are provided

Algorithm 4 Weight divergence based device selection at the
k-th global iteration

Input: Set of local models {w1,k,w2,k, ...,wN,k}, global
model wk, c clusters {N1,N2, ...,Nc}, number of devices
selected from each cluster s

1: Initialize an empty set Sk;
2: for each cluster Ni (i = 1, 2, ..., c) do
3: Initialize an empty set Ω;
4: for each local device n ∈ Ni do;
5: Calculate the weight divergence dn between wn,k

and wk;
6: Ω← dn;
7: end for
8: The devices with the top-s values of dn are selected

from Ω to Sk;
9: end for

10: return Set of selected devices Sk.

in Section VI.

C. Weight Divergence based Device Selection

We propose a device selection method to choose devices
from each cluster based on the divergence between the local
model and the global model. Given the model weights of the
local models {w1,k, ...,wN,k} and the global model wk at
the k-th global iteration, the weight divergence between each
local model and the global model is measured by the Euclidean
distance. For each cluster, the device with the largest weight
divergence is selected, and the selected devices download the
global model from the server. The selected devices perform
local updates and send the model weights to the server for
global aggregation. According to Section IV-A, the Euclidean
distance of the model weights of some layers will be very
small if two local models belong to the same cluster. There-
fore, we consider the model weights of all the layers during
calculating the weight divergence. Algorithm 4 describes the
workflow of the proposed device selection method.

An experiment is conducted to explain the reason for
selecting the device with the highest weight divergence. The
local datasets and the local models in Section IV-A are adopted
in this experiment to perform FL. For each global iteration
(except the initial global iteration), one device is randomly
selected from each cluster for the local update. After k global
iterations, the weight divergence between the local models and
the global model are calculated. The results of the cluster with
the majority class "dog" are listed in Table I. It can be seen
that local device 22 has the largest weight divergence. Next,
we investigate which device is optimal for FL training. To
this end, the global model wk and the selected devices in
other clusters are fixed, and local devices 20~28 are selected
respectively to participate in the (k+1)-th global iteration. At
the (k + 1)-th iteration, the accuracy of the global model on
the "dog" cluster is listed in Table I. It can be observed that
the global model achieves the highest accuracy on the "dog"
cluster when local device 22 is selected. This is because the
weight divergence can reflect the performance gap between the
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(a) wc1 (b) bc1 (c) wc2 (d) bc2

(e) wfc1 (f) bfc1 (g) wfc2 (h) bfc2

Fig. 4: Euclidean distance between two local devices. Model weights and biases of different layers are used to calculate the
Euclidean distance.

TABLE I: Weight divergence at the k-th iteration and accuracy of the global model on the "dog" cluster at the (k + 1)-th
iteration when selecting different devices from the "dog" cluster to join the (k + 1)-th iteration. Note that the devices

selected from other clusters are fixed.

Index of the selected device 20 21 22 23 24 25 26 27 28

Weight divergence 5.09 5.33 16.92 6.90 5.40 5.32 7.39 6.56 5.87
Accuracy 52.17% 50.27% 53.39% 51.39% 52.21% 51.34% 52.34% 50.90% 51.81%

local model and the global model on the corresponding local
dataset. Thus, the dataset of local device 22 is most informative
for the global model. Selecting this device allows the global
model to be improved significantly on this cluster. Note that
the above experiments are conducted and evaluated on the
training set. To further evaluate the proposed device selection
method, Section VI provides the performance of the method
on the testing set, which demonstrates its effectiveness.

V. SPECTRUM ALLOCATION OPTIMIZATION METHOD

We first introduce some notations to simplify the presenta-
tion.

Jn =
hnpn
N0

, (15)

Un = LCnDn, (16)

Gn =
α

2
LCnDn, (17)

Hn = znpn. (18)

The goal of the spectrum allocation optimization method is to
minimize the time delay at the k-th global iteration (i.e., Tk)
given a subset of devices Sk and energy constraints econs

n . The
optimization problem is formulated as follows:

min
bk,fk

Tk (19)

s.t. Gnf
2
n +

Hn

bnlog2(1 +
Jn

bn
)
≤ econs

n , ∀n ∈ Sk, (19a)

zn

bnlog2(1 +
Jn

bn
)
+

Un

fn
≤ Tk, ∀n ∈ Sk, (19b)∑

n∈Sk

bn ≤ B, (19c)

fmin
n ≤ fn ≤ fmax

n , ∀n ∈ Sk. (19d)

To solve the optimization problem (19), we first provide
Lemma 1.

Lemma 1. The optimization problem (19) is a convex problem.
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Algorithm 5 Energy-efficient spectrum allocation optimiza-
tion

Input: B, Jn, Un, Gn, Hn, econs
n , fmin

n , fmax
n , ε0, bmax, Sk

Output: T ∗
k , b

∗
k, f∗

k

1: Let Tmin = max{ln 2 zn
Jn

+ Un

fmax
n
}, and give Tmax a big

enough value
2: ratio = 0, Tk = Tmin+Tmax

2
3: while Not 1− ε0 ≤ ratio ≤ 1 do
4: b∗k ← {}
5: for n ∈ Sk do
6: Calculate fn from (23) using bisection method
7: Clip fn to the range [fmin

n , fmax
n ]

8: Calculate bn from (21) using bisection method
9: bn = min{bn, bmax}

10: b∗k ← bn
11: end for
12: ratio =

∑
n∈Sk

b∗n
B

13: if ratio > 1 then
14: Tmin = Tk

15: Tk = Tmax+Tk

2
16: else if ratio < 1− ε0 then
17: Tmax = Tk

18: Tk = Tmin+Tk

2
19: end if
20: end while
21: Recalculate f∗

k = {f∗
1 , f

∗
2 , ..., f

∗
Sk
} using b∗k =

{b∗1, b∗2, ..., b∗Sk
} based on (21)

22: Recalculate T ∗
k = max

n∈Sk

{ zn
b∗nlog2(1+

Jn
b∗n

)
+ Un

f∗
n
}

23: return T ∗
k , b

∗
k, f∗

k

Proof. Due to space limitation of this paper, please see Ap-
pendix A of the full version [47] for the proof.

With the help of Lemma 1, the following theorem can be
derived.

Theorem 1. The optimal solutions of the problem (19) satisfy:

zn

b∗nlog2(1 +
Jn

b∗n
)
+

Un

f∗
n

− T ∗
k = 0, n ∈ Sk, (20)

Gn(f
∗
n)

2 +
Hn

b∗nlog2(1 +
Jn

b∗n
)
− econs

n = 0, n ∈ Sk, (21)∑
n∈Sk

b∗n −B = 0. (22)

Proof. See Appendix B of the full version [47].

The theoretical results provided by Theorem 1 are intuitive.
In terms of (20), all the devices are expected to have the same
time delay, since the bandwidth can always be assigned from
the devices with lower latency to other devices that have a
higher delay. In terms of (21) and (22), the devices should
make full use of the bandwidth and the battery power to
minimize the time delay. However, it is difficult to directly
obtain the explicit results of Theorem 1 due to the high
dimensional space of Sk. It can be noted that there is no

feasible solution when Tk < T ∗
k , where T ∗

k is the optimal
solution of the optimization problem (19). In contrast, a
feasible solution always exists when Tk ≥ T ∗

k . Therefore, we
design a binary search method to search for T ∗

k .

Lemma 2. Given x > 0, Qn(x) = x log2(1 + Jn

x ) is a
monotonically increasing function with an upper bound Jn

ln 2 .

Proof. See Appendix C of the full version [47].

Lemma 3. M(fn) = f3
n +(HnTk

znGn
− econs

n

Gn
)fn− HnUn

znGn
has only

one root in (0,+∞).

Proof. See Appendix D of the full version [47].

First of all, Equation (23) is derived from Equation (20) and
Equation (21) by removing b∗nlog2(1 +

Jn

b∗n
):

(f∗
n)

3 + (
HnT

∗
k

znGn
− econs

n

Gn
)f∗

n −
HnUn

znGn
= 0. (23)

According to Lemma 3, fn can be obtained from Equation (23)
using a bisection method with a known Tk, and a clipping
function is employed to ensure fn ∈ [fmin

n , fmax
n ]. Next, since

Qn(bn) is a monotonically increasing function of bn according
to Lemma 2, bn can be calculated from Equation (21) using
a bisection method. Note that bn will become extremely large
or even not exist when Tk is too small due to the upper bound
of Qn(bn). To solve this problem, we use a clipping method
for bn with a clipping threshold bmax. After value clipping, fn
and Tk are recalculated using (21) and (20), respectively. The
details of the proposed method is shown in Algorithm 5.

The complexity of Algorithm 5 is
O
(
(Sk)

2 log2

(
1
ε0

)
log2

(
1
ε1

)
log2

(
1
ε2

))
, where ε0 is

the tolerance of searching for T ∗
k , ε1 and ε2 are the

accuracies of the bisection methods for calculating bn and
fn, respectively.

In this paper, we adopt centralized optimization for solving
the problem (19). Before FL training, all the devices send
local information, such as fmin

n , fmax
n , and Dn, to the server.

At each global iteration, the server selects a subset of devices
using the proposed device selection method. Then, the server
carries out Algorithm 5 within the selected devices. Finally, the
server broadcasts the model weights and spectrum allocation
results (i.e., fn and bn) to the selected devices. Due to the
sufficient downlink bandwidth and the high transmit power of
BS, the latency of transmitting allocation results is negligible.

VI. PERFORMANCE EVALUATION

We consider N = 100 local devices randomly distributed in
a cell of radius R = 300m, and a server is located at the center
of the area. The path loss model is 128.1 + 37.6 log10 d(km),
and the standard deviation of shadow fading is 8dB [48]. The
power spectrum density of the additive Gaussian noise is N0 =
−174 dBm/Hz.

Section VI-A evaluates spectrum allocation optimization
with S = 10 devices. We have an equal maximum CPU
frequency fmax

1 = fmax
2 = ... = fmax

N = 2 GHz, an equal min-
imum CPU frequency fmin

1 = fmin
2 = ... = fmin

N = 0.2 GHz,
and an equal model size z1 = z2 = ... = zn = 448 KB.
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TABLE II: Number of model weights of different layers in CNNs and model sizes of different CNN architectures

Dataset Number of model weights Model size znwc1 bc1 wc2 bc2 wfc1 bfc1 wfc2 bfc2 All parameters

MNIST 375 15 10500 28 100352 224 2240 10 113744 448 KB
CIFAR-10 1125 15 10500 28 210000 300 3000 10 224978 882 KB

FashionMNIST 250 10 3000 12 15360 80 800 10 19522 79 KB

(a) Energy cost of each device

(b) Total energy cost and completion time of FL at one global iteration

Fig. 5: Time delay and energy consumption of FL under one
global iteration with Sk = 10 devices. When λ = 1.82,
Baseline 2 ensures all the devices to satisfy the energy
constraints. When λ = 4.58, Baseline 2 has the same total
energy consumption as that of SAO. When λ = 1000, Baseline
2 mainly focuses on minimizing the time delay.

In terms of device selection, the FL model is trained with
100 local devices on three datasets: MNIST [49], CIFAR-
10, and FashionMNIST [50]. For MNIST and CIFAR-10, the
model consists of two 5×5 convolution layers, and the output
dimension of the first layer and the second layer are 15 and
28, respectively. Each layer is followed by 2×2 max pooling.
The output of the pooling layer is flattened and then fed into
the two linear layers. For FashionMNIST, the model consists
of two 5× 5 convolution layers, and the output dimension of
the first layer and the second layer are 10 and 12, respectively.
Each layer is followed by 2 × 2 max pooling. The output of
the pooling layer is flattened and then fed into the two linear
layers. The number of model weights of different layers in
CNNs is provided in Table II. FL training is conducted under
different levels of non-iid data (i.e., σ = 0.5, 0.8, and H)

Fig. 6: Time delay versus average transmission power (econs =
30 mJ).

Fig. 7: Time delay versus energy constraint (p = 23 dBm).

with a learning rate of 0.05. The meanings of σ = 0.8 and
σ = 0.5 are illustrated in Section IV-A. σ = H means that the
data in each local dataset only cover two labels. 80% of data
belong to a majority class, and others belong to a secondary
class. When σ = 0.5 or 0.8, the FL model is considered to
achieve convergence if the accuracies of the global model on
MNIST, CIFAR-10, and FashionMNIST are 99%, 55%, and
87%, respectively. For σ = H , the target accuracies of the
global model on MNIST, CIFAR-10, and FashionMNIST are
98.5%, 52%, and 85%, respectively.

A. Evaluation of spectrum allocation optimization

The proposed spectrum allocation optimization method
(labeled as SAO) is compared with two baselines. Baseline
1 sets all the devices with equal bandwidth, which means
b1 = b2 = ... = bN = B

N . Baseline 2, so called FEDL [27],
jointly optimizes the total energy consumption and the time
delay E + λ, where λ is an importance weight.
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Fig. 8: Computational running time for training the K-means algorithm.

(a) MNIST (b) CIFAR-10 (c) FashionMNIST

Fig. 9: Adjusted Rand index (ARI) of the K-means algorithm.

First, SAO is compared with Baseline 2 with different λ.
We set p1 = p2 = ... = pN = 23 dBm and B = 20 MHz. The
energy constraints are randomly distributed between 15 mJ to
30 mJ. The total energy consumption, the energy consumption
of each device, and the time delay are shown in Fig. 5. When
λ = 1.82, Baseline 2 makes sure that all the local devices meet
their corresponding energy constraints. However, the time
delay of Baseline 2 is much higher than that of SAO. Baseline
2 with λ = 4.58 achieves the same total energy consumption
while a higher time delay compared with SAO. Whereas, four
local devices exceed the energy constraints. The time delay
of Baseline 2 with λ = 1000 is higher than that of SAO,
and the energy constraints are not met. To sum up, Baseline
2 will not provide feasible solutions for the problem (19) if
λ > 1.82. Although Baseline 2 can attain feasible solutions
when λ ≤ 1.82, these solutions achieve a higher time delay
compared with SAO. In contrast, SAO enables FL to achieve
the minimum time delay while meeting the energy constraints.

Furthermore, we investigate the completion time under
different average transmit power and energy constraints, re-
spectively. In the following experiments, we choose an equal
energy constraint econs

1 = ... = econs
N = econs. λ in Baseline 2

is tuned to make the device with the highest energy cost just
meet the energy constraint. In this case, Baseline 2 allows
all individual energy costs to be less than or equal to the
constraints. Given the energy constraint econs = 30 mJ, Fig. 6
depicts how the time delay changes with the increasing of
average transmission power. As shown in Fig. 6, SAO has the
lowest time delay compared with the other two baselines.

Finally, we set average transmit power of all devices to be

a fixed value 23 dBm, and the energy constraints are changed
from 30 mJ to 50 mJ. Fig. 7 shows the time delay versus
different energy constraints. As the energy constraints are
relaxed, SAO always achieves the lowest time delay compared
with Baseline 1 and Baseline 2.

B. Evaluation of K-means in device clustering

The model weights of different layers are used to train
the K-means algorithm, respectively. Adjusted Rand index
(ARI) [51], [52] and the computational running time for
training the K-means algorithm are two criteria for evaluating
the performance of the algorithm. The ARI measures similarity
between the predicted cluster labels and the ground truth (i.e.,
the majority labels of the clusters):

ARI(N ,U) = [2(β00β11 − β01β10)]/[(β00 + β01)(β01 + β11)

+ (β00 + β10)(β10 + β11)],
(24)

where N = {N1, ...,Nc} is the predicting clustering result,
U = {U1, ...,Uc} is the ground truth, β11 is the number of
pairs that are in the same cluster in both N and U , β00 is the
number of pairs that are in different clusters in both N and U ,
β01 is the number of pairs that are in the same cluster in N
but in different clusters in U , and β10 is the number of pairs
that are in different clusters in N but in the same cluster in
U . The ARI will be close to 0 if two data clusters do not have
any overlapped pair of samples and exactly 1 if the clusters
are the same.
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(a) MNIST (σ = 0.5) (b) MNIST (σ = 0.8) (c) MNIST (σ = H)

(d) FashionMNIST (σ = 0.5) (e) FashionMNIST (σ = 0.8) (f) FashionMNIST (σ = H)

(g) CIFAR-10 (σ = 0.5) (h) CIFAR-10 (σ = 0.8) (i) CIFAR-10 (σ = H)

Fig. 10: Accuracy on the testing set under different σ (S = 10).

Fig. 8 provides the computational running time of training
the K-means algorithm with the model weights of different
layers. According to Table II and Fig. 8, the number of model
weights directly affect the training time. The highest time
delay is obtained when all the model weights are used for
training the K-means algorithm. In contrast, the time delay
becomes significantly short when the K-means algorithm is
trained by low-dimensional model weights or biases.

Fig. 9 shows the ARI of the K-means algorithm on three
datasets. The K-means algorithm achieves the highest overall
ARI under σ = 0.8 while obtaining the smallest overall ARI
under σ = H . This is because a high σ indicates that most of
the samples in the local dataset belong to the majority class. As
a result, the model weights trained on two local datasets with
different majority classes are distinguishable, thus resulting in
better cluster performance. In terms of σ = H , the secondary
classes cause a lower ARI, since some local devices are
grouped into the clusters of which labels are the secondary
classes of those local datasets.

From Fig. 8 and Fig. 9, it can be seen that the K-means
algorithm trained by wfc2 achieves both short training time and
high ARI no matter how σ changes. Therefore, wfc2 is adopted
as the feature vector for training the K-means algorithm.

C. Evaluation of the device selection method

At the first global iteration, all the local devices participate
in the local update and global aggregation. Then, the weight
divergence based device selection method is adopted to choose
one local device from each cluster for the following iteration.
First, we implement FedAvg [31], the K-means method, and
ICAS [42] to perform device selection for comparison. FedAvg
chooses ten devices randomly at each global iteration, while
the K-means method randomly chooses one device from each
cluster. ICAS conducts device selection based on the impor-
tance of the local learning update. We repeat the FL training
ten times under S = 10 and then evaluate the convergence
performance of four device selection methods.
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(d) FashionMNIST (σ = 0.5)
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(e) FashionMNIST (σ = 0.8)
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(f) FashionMNIST (σ = H)
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(g) CIFAR-10 (σ = 0.5)
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(h) CIFAR-10 (σ = 0.8). The accuracy of ICAS does
not achieve the target accuracy
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(i) CIFAR-10 (σ = H)

Fig. 11: Total number of global iterations on three datasets under different σ (S = 10).

The accuracy curves on the testing set are depicted in
Fig. 10. The solid curves represent the mean, and the shaded
regions correspond to the minimum and maximum returns
over the ten trials. In most cases, the accuracy curves of the
proposed method and the K-means method are above the curve
of FedAvg. This is because the proposed method and the K-
means method divide the local devices into several clusters
based on the majority class. By choosing the local devices
from each cluster, the bias incurred by non-iid datasets is
significantly alleviated. Besides, we observe that the accuracy
curve of the proposed method increases fastest among these
device selection methods. This experimental result shows that
the local devices chosen by the proposed method enable the FL
model to reach convergence swiftly. Furthermore, the shaded
regions of our method are the smallest, which demonstrates
the stability of our method. Fig. 11 provides the total number
of global iterations of FL under different device selection
methods. Note that Fig. 11(h) does not include ICAS. This
is because given the target accuracy 55%, the accuracy of
FL is only about 53% when FL reaches convergence. Thus,

we cannot obtain the total number of global iterations of
ICAS. First, the confidence intervals of the proposed method
and the K-means method are smaller than that of FedAvg. It
further demonstrates that device clustering speeds up the FL
training process. Secondly, the medians values of the proposed
method are smaller than the two baselines. Thirdly, ICAS
does not obtain good performance because the mechanism of
ICAS is on the basis of the assumption: the loss function
is Lipschitz continuous and strongly convex. Nevertheless,
our paper adopts a non-convex function, hence degrading the
performance of ICAS. The experimental results prove the
effectiveness and feasibility of the weight divergence based
device selection method.

We also compare the proposed method with RRA [39]. RRA
aims to reduce the total energy consumption while ensuring
learning performance. For comparison, FL is trained using the
proposed device selection method with S = 30 and RRA
under σ = 0.8, respectively. Note that the value of Sk in RRA
varies at each iteration, and the average number of the selected
devices is 45. Fig. 12 depicts the accuracy and total number
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Fig. 12: Accuracy and total number of global iterations on three datasets under σ = 0.8.

TABLE III: Improvement scores over FedAvg

σ
MNIST FashionMNIST CIFAR-10

Favor [23] Proposed Method Favor [23] Proposed Method Favor [23] Proposed Method

0.5 0.150 0.228 0.181 0.810 0.736 1.133
0.8 0.955 0.157 0.209 0.232 0.426 0.486
H 0 0.388 0.187 1.204 0.340 0.641

of global iterations of FL. It can be observed that our method
enables FL to reach faster convergence with fewer devices.
Besides, our method is more flexible than RRA as S of our
method is controllable.

In addition to the above baseline methods, a state-of-art de-
vice selection method, Favor [23], is used to compare with our
method. Favor applies the reinforcement learning algorithm to
select the optimal devices for training FL. However, the CNN
architectures of the local models, the local datasets, and other
parameter settings in Favor are different from ours. Therefore,
we cannot directly cite the total number of global iterations
of Favor into our work for comparison. As FedAvg was also
implemented in Favor as a baseline, the performance of Favor
and the proposed method can be compared by evaluating how
much these methods improve the FL training over FedAvg. To
this end, we introduce an improvement score as follows.

score =
Reval

RFedAvg
− 1, (25)

where Reval is the total number of global iterations of Favor
or the proposed method, and RFedAvg is the corresponding
total number of global iterations of FedAvg in each paper.
In this work, the median values of total number of global
iterations in Fig. 11 are used as Reval. The improvement scores
are shown in Table III. We observe that the proposed method

achieves higher improvement scores except on MNIST under
σ = 0.8. Besides, the well-trained reinforcement learning
models in Favor are no longer effective when dealing with new
datasets. In contrast, the proposed method is flexible and can
be directly employed even though the datasets are changed.
In conclusion, the experimental results demonstrate that the
weight divergence based device selection method outperforms
Favor.

D. Interplay between spectral allocation optimization and
device selection

To analyze the interplay between SAO and weight diver-
gence based device selection, we train the FL models with
different S based on Fig. 2. Given the non-iid datasets with
σ = 0.8, the accuracy curves on the testing sets are shown
in Fig. 13. Besides, the time delay T and the total energy
consumption E are respectively calculated based on (11)
and (10), which are also depicted in Fig. 13.

From Fig. 13 and the problem (19), we can observe that
the number of the selected devices (i.e., S) affects T and E
from two aspects. On the one hand, increasing S enables FL to
learn more knowledge at one global iteration, thus leading to
fast convergence (i.e., a smaller K). Without device selection
(i.e., S = 100), FL reaches convergence with the smallest K.
On the other hand, a larger S results in higher Ek and Tk at
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Fig. 13: Accuracy, time delay T , and total energy consumption E of FL under different S.

each global iteration due to the limited bandwidth resource.
According to Fig. 13, it can be noted that a smaller S usually
allows FL to achieve lower E and T . Besides, the optimal S
for solving the problem (12) is 10, where FL always attains
the lowest T .

VII. CONCLUSIONS

In this paper, we studied the spectrum allocation optimiza-
tion and device selection problems for enhancing FL over
a wireless mobile network. We formulated the computation
and communication models to calculate the energy consump-
tion and time delay of FL. We formulated the optimization
problem to minimize the time delay of training the entire
FL algorithm given the individual energy constraint and the
total bandwidth. We proposed an energy-efficient spectrum
allocation optimization method and a weight divergence based
device selection method to solve this problem. The proposed
spectrum allocation optimization method aims to minimize
the time delay under one global iteration while warranting
the energy constraints. For device selection, we conducted
device clustering by training the K-means algorithm with part
of model weights in CNNs. We have proposed the weight
divergence based device selection method to select the devices
from each cluster. According to our experimental results, the
proposed spectrum allocation optimization method optimizes
the time delay of FL while satisfying the energy constraints;
the proposed device clustering method realizes a fast training
process and high clustering performance; the proposed device
selection method helps FL to achieve convergence swiftly and
outperforms other baselines.
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