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Abstract—Federated Learning (FL) has been widely used to
train shared machine learning models while addressing the pri-
vacy concerns. When deployed in wireless networks, bandwidth
resources limitation is a key issue, thereby necessitating device
scheduling and bandwidth allocation. It is challenging to carry
out device scheduling due to the large combinatorial search
space. Besides, the heterogeneous computing capabilities and
uncertain channel states of wireless devices complicate the design
of a bandwidth allocation method. In this paper, we propose
a joint device scheduling and bandwidth allocation framework
for implementing FL in wireless networks. Specifically, deep
reinforcement learning (DRL) is employed to conduct device
scheduling. To this end, the state space, action space, and
reward function of DRL are carefully defined for a typical
FL system. Long short-term memory (LSTM) is adopted as
the DRL agent to analyze the sequential input data. Given
the scheduled devices of each global iteration, the proposed
bandwidth allocation method aims to minimize the weighted
sum of the time delay and energy consumption. Numerical
experiments on both independent and identically distributed
(IID) and non-IID datasets demonstrate that the proposed
framework enables FL to reach the desired accuracy with low
time delay and energy consumption.

I. INTRODUCTION

With the advancement of Internet-of-Things (IoT) and next
generation mobile communication technologies, a variety of
wireless systems, such as space-air-ground integrated network
(SAGIN) [1], [2], unmanned aerial vehicles (UAV) [3], [4],
and Intelligent Transportation Systems [5], [6], have emerged
to support numerous wireless devices to train machine learn-
ing models. As massive amounts of training data are collected
for ML model training, traditional wireless networks typically
employ some centralized methods [7] to implement model
training. Specifically, all the gathered data are transmitted
to a remote cloud server for training ML models. However,
centralized training is unscalable and ineffective for practical
applications because of the high communication latency.
Besides, the need to upload raw local data from devices is
likely to raise privacy concerns. To address these problems,
a distributed learning method called Federated Learning (FL)
has been proposed [8]. In FL, the wireless devices, referred
hereinafter as local devices, train the local models on their
local datasets in parallel. After several iterations, the local
devices transmit the model parameters instead of the local
datasets to the remote server. Upon receiving these model
parameters, the centralized server conducts model aggregation
to generate a new global model and broadcasts the global
model to the local devices for the next iteration. Since FL
does not need the transmission of local data, user privacy is
better protected, and the time delay of data transmission is
reduced.

Although FL has the potential to attain remarkable im-
provements, it is challenging to implement FL in practical
wireless networks [9]. Specifically, wireless networks usually
involve a large number of local devices to collect ample
training data. In this case, executing the FL algorithm is still
faced with prohibitive communication overheads due to the
limited bandwidth resources available to local devices [10].
Scheduling a subset of local devices to take part in local
update will allow FL to significantly mitigate bandwidth
deficiency. Despite its advantage, device scheduling (i.e. op-
timally selecting the subset of devices to participate in FL)
brings about several problems for executing FL. For example,
scheduling fewer devices for update inevitably affects the
convergence of FL as less training data are involved at
each round. As a result, the FL model will require more
communication rounds and, worse yet, may not reach the
desired accuracy. More importantly, though scheduling certain
devices may considerably boost the accuracy of the FL model,
it may lead to more serious time delay and higher energy cost
because of the uncertainty of their channel states. Therefore,
the device scheduling method is expected to be able to
balance the tradeoff between the update effectiveness and
the system cost (i.e., energy consumption and time delay),
which poses great challenges to the design of FL scheduling
methods. Moreover, the deployment of FL necessitates an
effective bandwidth allocation method. Unfortunately, the
channel state and computational capability of the scheduled
devices can vary significantly, which complicates the design
of the bandwidth allocation method.

In this paper, we address the aforementioned challenges by
presenting a joint device scheduling and bandwidth allocation
framework. The goal of device scheduling in FL is finding
an optimal subset of devices from a finite set of devices to
minimize an objective function while meeting the bandwidth
constraint, which is essentially a combinatorial optimization
problem. As it is difficult to directly solve the scheduling
problem, we resort to a data-driven approach for carrying out
the scheduling process. After device scheduling, the proposed
bandwidth allocation approach is performed for the scheduled
devices. The main contributions are summarized as follows:

1) We study the mechanism of FL and formulate an opti-
mization problem to minimize the weighted sum of the
energy consumption and time delay for training the entire
FL algorithm. A joint device scheduling and bandwidth
allocation framework is proposed to solve this problem.

2) We propose a deep reinforcement learning (DRL)-based
device scheduling method for FL. Specifically, we design
state space, action space, and a reward function to
implement DRL in FL. Besides, we employ long short-
term memory (LSTM) as the DRL agent and discuss



the motivation behind the LSTM-based agent. Finally,
we describe the workflow of training the LSTM-based
agent for device scheduling.

3) We design a bandwidth allocation method to minimize
the weighted sum of the energy consumption and time
delay under one global iteration.

4) The proposed device scheduling and bandwidth alloca-
tion framework is evaluated on both independent and
identically distributed (IID) and non-IID datasets. The
experimental results show that the proposed framework
outperforms other benchmarks w.r.t. minimizing energy
consumption and time delay.

The rest of the paper is organized as follows. The system
model and problem formulation are defined in Section II. The
deep reinforcement learning (DRL)-based device scheduling
method is described in Section III. Experimental results
are provided in Section IV followed by the conclusion in
Section V. Details for the bandwidth allocation can be found
in our journal version [11].

II. SYSTEM MODEL

Consider an FL system with N local devices indexed by
N = {1, · · · , N} and one remote server. Local device n ∈ N
has a local dataset Dn = {xκ, yκ}Dn

κ=1, where xκ and yκ are
the κ-th input sample and output label, respectively. Let w be
the model parameters of the global model. The local model
n at the i-th global iteration is defined as wi

n.

A. FL Model
We define ξ(w,xj , yj) as the loss function of one sample

data. The total loss function of local device n is Fn(w) =
1

Dn

∑Dn

κ=1 ξ(w,xj , yj). The FL system aims to obtain w that
minimizes the loss function on the whole dataset. The problem
of the training process is expressed as

min
w

F (w) ≜
1

D

N∑
n=1

DnFn(w), (1)

where D =
∑N

n=1 Dn. FL iterates between three steps to
solve problem (1).

1) Device Scheduling: The remote server schedules Mi

devices represented by the setMi ∈ N to participate in the i-
th global iteration. For the local devices that are not scheduled,
we assume that their local models remain unchanged. After
the server broadcasts the global model, the local models wi

n

are derived as

wi
n =

{
wi, n ∈Mi

wi−1
n , n ∈ ∁NMi,

(2)

where ∁NMi represents a complement of the set Mi with a
universal set N . In this paper, we define w0

n = 0, ∀n ∈ N .
2) Local Update: Local device n ∈ Mi receives wi (i.e.,

wi
n(0) = wi) and performs local update using the gradient

descent algorithm:

wi
n(k) = wi

n(k − 1)− α∇Fn(w
i
n(k − 1)), ∀n ∈Mi, (3)

where k = 1, · · · ,K, K denotes the number of local
iterations, and α is the learning rate.

3) Global Aggregation: After local update, local device
n ∈ Mi transmits model parameters wi

n(K) to the server.
The server aggregates them as follows

wi+1 =

∑
n∈Mi

Dnw
i
n(K)∑

n∈Mi
Dn

. (4)

FL reaches convergence when the accuracy of the global
model achieves the target accuracy.

B. Energy consumption and time delay of FL

In this section, the energy consumption and time delay
for training the FL model are obtained. We define Cn as the
number of CPU cycles for processing one data sample at local
device n. Denote the CPU frequency of local device n by fn.
Thus, the time delay tcmp

n and energy consumption ecmp
n for

local device n to process Dn data samples are:

tcmp
n =

KCnDn

fn
, (5)

ecmp
n = βKCnDnf

2
n, (6)

where β denotes the effective switched capacitance of local
device n’s computing chipset.

In this work, the model parameters are transmitted via a
frequency domain multiple access (FDMA1) protocol. The
achievable transmission rate of local device n is defined as

λn = bn log2

(
1 +

gnqn
N0bn

)
, (7)

where bn is the bandwidth resources allocated to local device
n, qn is the average transmit power of local device n, gn
is the average channel gain between local device n and
the server during the training period of FL, and N0 is the
background noise. As all the local devices share the same
model architecture, the sizes of the model parameters are
the same and can be represented by z. Therefore, the time
delay tcom

n and energy consumption ecom
n for local device n to

transmit the model parameters are:

tcom
n =

z

λn
=

z

bn log2

(
1 + gnqn

N0bn

) , (8)

ecom
n = tcom

n qn, (9)

According to the existing works [12]–[21], the latency
and the energy consumption for model broadcasting are
neglectable. This is because the average transmit power of the
remote server is much higher than that of the users, and the
remote server will utilize the whole downlink bandwidth when
broadcasting the model. As a result, the time delay T and
energy consumption E for training the entire FL algorithm
are:

Ti = max
n∈Mi

{tcmp
n + tcom

n } , T =
I∑

i=1

Ti, (10)

Ei =
∑

n∈Mi

(ecmp
n + ecom

n ) , E =
I∑

i=1

Ei. (11)

where I is the total number of the global iterations for FL to
achieve the target accuracy, Ti and Ei are the time delay and
energy consumption of FL at the i-th iteration, respectively.

C. Problem Formulation

Our work aims to minimize the weighted sum of the
time delay T and energy consumption E. The optimization

1If considering the interference between different frequencies, guard bands
can be used to avoid the interference. In this situation, the available bandwidth
B is determined by subtracting the bandwidth resources used for guard bands
from the total bandwidth of the remote server.
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problem is formulated as follows

min
B,I,M

E + γT (12)

s.t.
∑

n∈Mi

bn ≤ B, (12a)

Acci < Acctarget, i = 1, · · · , I − 1, (12b)
AccI ≥ Acctarget. (12c)

where B =
[
bi
∣∣i = 1, · · · , I

]
, bi =

[
bn
∣∣n ∈Mi

]
, M =[

Mi

∣∣i = 1, · · · , I
]
. B is total bandwidth. γ is a weight to

indicate the tradeoff between the energy consumption and
time delay, Acci is the accuracy of the global model at the
i-th global iteration, and Acctarget is the target accuracy. (12a)
indicates the bandwidth constraint. (12b) and (12c) denote
that the accuracy of the global model will not exceed the
target accuracy until the I-th global iteration. Note that (12b)
and (12c) may be excessively stringent in some practical
scenarios, and the average accuracy of few last iterations
can be more suitable. In this paper, we assume that the
number of selected devices is fixed at each iteration (i.e.,
M1 = · · · = MI = M ).

Due to the set M, solving problem (12) involves combi-
natorial optimization. Besides, the bandwidth constraint (12a)
makes problem (12) more intractable. Therefore, we propose
a novel FL framework to deal with this optimization problem.
Specifically, a DRL agent is used to carry out device schedul-
ing, which considers the one-round system cost (i.e., Ei+γTi)
as well as the update effectiveness (i.e., Acci−Acci−1). After
obtaining the set of the selected devices Mi, a spectrum
allocation optimization method is adopted to determine the
allocated bandwidth of each selected device. The proposed
framework enables FL to achieve a lower global system cost
(i.e., E + γT ) for training the entire FL algorithm.

III. DEEP REINFORCEMENT LEARNING BASED DEVICE
SCHEDULING

In this section, we develop a deep reinforcement learning
(DRL) model to carry out device scheduling in FL. First
of all, we provide the preliminaries of DRL and design a
DRL environment for FL. Next, we adopt a long short-
term memory (LSTM)-based agent and describe the training
algorithm of DRL. Finally, we present the workflow of the
DRL-based device scheduling method. The proposed method
allows the FL model to achieve the target accuracy while
significantly minimizing objective value (12).

A. Design of DRL Environment

DRL can be used to solve the optimization problem that
follows a Markov decision process (MDP). At a time slot i,
the DRL agent receives a state si and conducts an action ai ∼
πθ(ai|si), where π is a policy, θ is the parameters of π. An
immediate reward ri is obtained after the environment state
transforms from si to si+1. The goal of DRL is to train the
policy πθ to maximize the discounted cumulative reward Ri =∑∞

l=0 φ
lri+l, where φ ∈ (0, 1] is a discounted factor. Besides,

the state-action value function Q(si,ai) and the state-value
function V (si) in DRL are represented as [22]

Q(si,ai) = Esi+1:∞,ai+1:∞

[ ∞∑
l=0

φlri+l|si,ai

]
, (13)

V (si) = Eai
[Q(si,ai)|si] . (14)

where the expectations E[·] are related to state si and the
actions produced by the policy π, si+1:∞ denotes a state
trajectory starting from the time slot i+ 1.

Device scheduling in FL is a sequential decision-making
process and can be further modeled as MDP. We design the
state space, action space, and reward function for executing
DRL-based device scheduling.

State space: State si should contain the information that
relates to update effectiveness and the system cost. On one
hand, the system cost depends on bn and device characteristics
such as fn, qn, gn, Cn, and Dn according to Section II-B. As
bandwidth allocation will be performed after device schedul-
ing, bn is not available during constructing si. In addition,
the order of magnitudes of gn ranges from millionth to
quadrillionth. Including gn in si may deteriorate the training
process of DRL. Since gn is affected by the distance between
local device n and the remote server (represented as dn),
we use dn to approximate the channel states. On the other
hand, the weight divergence between the global model wi

and local device wi−1
n (i.e.,

{
∥wi −wi−1

n ∥
∣∣n ∈ N}

) is used
to estimate the update effectiveness of each local model [23].
As a result, si is defined as

si =
{
ηi
n

∣∣n ∈ N}
. (15)

where ηi
n =

(
∥wi −wi−1

n ∥, fn, qn, dn, Dn, Cn

)T
. Note that

FL requires I iterations to reach the target accuracy Acctarget.
Therefore, the terminal state of DRL in this paper will be sI .

Action space: The DRL agent is anticipated to select M
devices from N devices. If adopting discrete action, the action
space will be

(
N
M

)
. It is difficult to train the DRL agent with

such a large action space. Therefore, the DRL agent employs
a continuous action space. Specifically, the action ai is a N -
dimensional probability vector as follows

ai =
{
ain

∣∣n ∈ N}
, (16)

where ain indicates the probability that local device n is
scheduled at the i-th global iteration, and

∑N
n=1 a

i
n = 1.

Moreover, the proposed scheduling method follows sampling
without replacement in this paper. As a result, the probability
vector of the devices at the m-th scheduling round is derived
as follows

pin(m) =

{
0, n ∈Mi(m− 1),

ai
n

1−
∑

n′∈Mi(m−1) a
i
n′
, n /∈Mi(m− 1),

(17)

where m = 1, · · · ,M , Mi(m) denotes the union of the sets
of scheduled devices at scheduling rounds 1, 2, . . . ,m, and
Mi(0) = ∅. One device will be scheduled per scheduling
round based on (17) until m = M 2.

Reward Function: The reward function ri guides the
training process of DRL. In FL, scheduling certain devices
may significantly boost the accuracy while resulting in high
Ei+γTi, which will still result in high E+γT . In this case,
we define the reward function as follows

ri = −(Ei + γTi). (18)

Intuitively, the DRL agent aims to minimize the one-round
system cost. Moreover, the cumulative reward for the DRL

2In practical situations, we can use the function choice(·) from the Numpy
library [24] or the function multinomial(·) from the Pytorch library [25]
to finish this process with ultra-low latency.
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Fig. 1: Workflow of the LSTM-based agent with N = 4 devices. Two devices are scheduled per global iteration (i.e., M = 2).
At the initial iteration, the state s1 sorts the feature vectors η1

1 · · ·η1
4 based on the device index. The output of LSTM a1 is a

probability vector, and the server schedules local device 1 and 3 based on (17), which is elaborated in Section III-A. At the
2-nd iteration, the feature vectors of the selected devices (i.e., local device 1 and 3) are placed at the end of the sequence.
Then, the DRL agent generates a2 after receiving s2, and the server selects local device 1 and 2. Note that the order of
ai1 · · · ai4 in ai is always consistent with the order of the feature vectors in si. After two global iterations, local device 1 has
been scheduled twice, local device 2 and 3 have been selected once, and local device 4 has not been selected yet. At the 3-rd
iteration, the feature vectors in s3 along with a31 · · · a34 in a3 are sorted based on the scheduling frequency.

agent to maximize is
∑I

i=1 ri = −(E + γT ), which is in
line with the goal of optimization problem (12). Note that our
work sets the discount factor φ to be 1. From this perspective,
reward function (18) encourages the DRL agent to consider
update effectiveness. Specifically, the DRL agent will select
the devices that help the FL model achieve the target accuracy
swiftly (i.e., reduce the number of global iteration I).

B. LSTM-based Agent

The DRL agent is usually a deep neural network that
receives state information si and generates an action ai.
Based on the DRL environment in Section III-A, it is intuitive
to employ a multilayer perceptron (MLP) as the DRL agent.
Under this situation, the state si will be flattened into a
vector to feed into the agent. However, it is impractical to
train the MLP-based agent to carry out device scheduling for
FL. For instance, some parameters in si (e.g., dn, Dn, etc)
are fixed and thus redundant for the DRL training. Besides,
the frequency of the devices being scheduled is a critical
factor that affects the convergence of FL. If some devices
are repeatedly selected while some other devices are rarely
scheduled, FL will require more iterations (i.e., a larger I) to
achieve the target accuracy as it fails to learn from a variety of
training data. Whereas, the flattened state si does not reflect
such scheduling frequency to the MLP-based agent.

In this paper, we take two steps to solve the above issues.
Firstly, instead of flattening si into a single vector, we treat si
as a sequence that contains N vectors, where the n-th vector
ηi
n is regarded as a feature vector of local device n. More

importantly, these N vectors are sorted in ascending order
based on the number of times that the local devices have
been scheduled. As a result, si can reflect the scheduling
frequency of the local devices. Secondly, we employ long
short-term memory (LSTM) as the DRL agent to deal with
the sequence data si. Since the output of LSTM depends on
the values and the order of input vectors, the fixed parameters
dn and Dn still make contributions to DRL training. Fig. 1
presents an example of how the LSTM-based agent handles

the sequence data si. To sort the vectors ηi
n in si during the

practical implementation, we introduce an array that records
how many times each local device is selected. Note that the
local devices with the same scheduling frequency are sorted
by the device index. Implementation details for training the
DRL agent are provided in Algorithm 1 and the last paragraph
of Section III-C.

C. Training Algorithm of DRL

This paper adopts an actor-critic framework to train the
DRL agent. The actor network with the parameters θ deter-
mines which action should be taken, while the critic network
with the parameters ϕ evaluates the selected action. For the
actor network, the gradient estimator is derived as follows [26]

∇J(θ) = Ei [∇θ log πθ(ai|si)Ai] , (19)

where Ei[·] denotes the empirical average over a finite batch
of samples, in an algorithm that alternates between sampling
and optimization, Ai = Q(si,ai) − V (si) is an advantage
function that measures the advantage of taking the action ai

under the state si. As the critic network can only estimate
either Q(si,ai) or V (si), the advantage function is usually
modified as Ai = ri + φV (si+1) − V (si). As a result, the
critic network is updated to minimize the square error between
the estimated state value and its true value.

L(ϕ) = Ei

[
(ri + φV (si+1)− V (si))

2
]
, (20)

However, the advantage function Ai = ri + φV (si+1) −
V (si) is affected by the value function estimator. If the
estimator exhibits bias, Ai will be similarly biased. Including
extra time steps in Ai can reduce the bias while increasing the
variance. To balance the tradeoff between bias and variance,
we employ a generalized advantage estimator (GAE) [26]

AGAE
i =

∞∑
l=0

(φν)lδi+l, (21)

where δi = ri+φV (si+1)−V (si), ν ∈ [0, 1]. GAE introduces
a parameter ν that can balance the bias-variance tradeoff.

4



Algorithm 1 Training process of the DRL agent for device
scheduling

Input: Set of devices N = {1, 2, · · · , N}; number of
scheduled devices M ; replay buffer Ω; number of steps
per update O; number of epochs for updating the DRL
agent W ; number of minibatches per epoch Y ; maximum
number of episodes Γ.

Output: The actor πθ

1: All the local devices send the local information (fn, qn,
dn, Dn) to the server

2: Initialize the actor parameters θ and critic parameters ϕ
3: for e = 1, ...,Γ · · · do
4: i = 1
5: Initialize the global model wi and a N -dimensional

array with all zeros count arr = [0, · · · , 0]
6: Initialize si based on (15)
7: repeat
8: ai is generated based on πθ(·|si)
9: for m = 1 to M do

10: Calculate
{
pin(m)

∣∣n ∈ N}
based on (17)

11: Randomly schedule one device based on{
pin(m)

∣∣n ∈ N}
12: end for
13: for each local device n ∈Mi do
14: count arr[n] = count arr[n] + 1
15: Download wi from the server and perform

local update based on (3)
16: Transmit local model wi

n to the server
17: end for
18: The server conducts global aggregation based

on (4) and obtains ri
19: Obtain si+1 based on (15), where the vectors

in (15) (i.e.,
{
ηi
n

∣∣n ∈ N}
) are sorted

order in ascending based on count arr
20: put (si,ai, ri, si+1) into the replay buffer Ω
21: if ζ < O then
22: ζ = ζ + 1
23: else
24: for χ = 1, · · · ,W do
25: Obtain Y samples from Ω to update θ and

ϕ based on (22) and (23)
26: end for
27: θold ← θ
28: Clear all the data in Ω
29: ζ = 1
30: end if
31: i = i+ 1
32: until The accuracy of the global model Acci reaches

Acctarget

33: end for
34: return πθ.

In addition, we adopt proximal policy optimization (PPO)
algorithm to formulate the objective function of the actor
network [27]

JCLIP(θ) = Ei[min(ui(θ)A
GAE
i , clip(ui(θ), 1− ρ, 1 + ρ)AGAE

i )],
(22)

where ui(θ) =
πθ(ai|si)
πθold (ai|si)

, θold is the policy parameters before
the update, clip(·, 1 − ρ, 1 + ρ) refers to a clipping function
with a lower bound (1− ρ) and an upper bound (1+ ρ). The
critic network in PPO aims to minimize the loss function as

follows:

LPPO(ϕ) = Ei

[(
V target
i − V (si)

)2]
, (23)

where V target
i is the target value function obtained by GAE.

PPO inherits the data efficiency and reliable performance
from trust region policy optimization while is much simpler
for implementation and tuning [28], which is the motivation
for this paper to employ this algorithm. The actor generates
normal distribution with mean µi and the standard deviation
σi. The shape of µi and σi is (batch size,N). The action
a is obtained by sampling from the normal distribution and
feeding into a softmax layer. The critic produces the state-
value function V (s).

Algorithm 1 presents the workflow of training the DRL
agent in FL. In Lines 1-2, the server receives the local
information, initializes θ and ϕ. In Lines 4-6, the index of
the global iteration i is set as 1, and the global model w1 is
initialized; s1 is obtained based on (15), and the vectors in s0
is sorted by the device indices; count arr is created to record
how many times each local devices has been scheduled. In
Lines 8-12, a set of local devices Mi is selected based on
the probability vector ai. In Lines 13-17, the n-th element
(n ∈ Mi) in count arr is incremented by 1; the selected
devices perform local update and send the local models back
to the server. In Lines 18-20, the server performs global
aggregation to obtain wi+1; the server constructs si+1 based
on count arr; for example, if count arr = [3, 5, 1], si+1

will be {η3,η1,η2}. In Lines 21-30, the DRL agent is trained
for W epochs every O steps; at each training epoch, Y
samples are randomly collected from the replay buffer Ω to
update θ and ϕ.

The convergence of the proposed device scheduling method
is warranted via the theoretical analysis in [29]. Note that
[29] is based on several assumptions on the loss function of
FL (e.g., smooth, strongly convex, etc). The empirical results
in Section IV have demonstrated that the proposed device
scheduling method enables the FL model to achieve conver-
gence (i.e., target accuracy) even though the loss function of
our paper does not meet those assumptions.

IV. PERFORMANCE EVALUATION

A. Experimental Setup

Consider an FL system with N = 100 local devices
randomly distributed in a square of size 2 km×2 km, and
the center of the area is a remote server. The path loss model
is 128.1 + 37.6 log10 dn(km), and the standard deviation of
shadow fading is 8 dB. The proposed FL framework is trained
on both IID and non-IID datasets. For the non-IID setup,
50% of the data in local dataset Dn come from the same
label, while the rest of the data belong to other labels. The
FL model is convolutional neural networks (CNNs) with the
cross-entropy loss function. The details of these datasets as
well as the network architectures of the FL model are listed
as follows

MNIST: MNIST [30] is a dataset of small square 28×28-
pixel gray-scale images of handwritten single digits between
0 and 9. The training set contains 60000 images while the
testing set has 10000 testing images. The CNN model trained
on MNIST consists of two 5 × 5 convolution layers. The
output dimensions of the first convolution layer and the
second convolution layer are 15 and 28, respectively. Each
convolution layer is followed by a 2 × 2 max-pooling layer.
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Fig. 2: Time delay and energy consumption at one global
iteration under different bandwidth allocation methods.

The output of the second pooling layer is flattened and fed
into two linear layers. The output dimension of the first linear
layer and the second linear layer are 224 and 10, respectively.
The target accuracy Acctarget is 99% for both IID and non-IID
setups.

CIFAR-10: CIFAR-10 [31] contains 60000 32×32 color
images involving ten object labels. Each label has 6000
images, where 5000 images belong to the training set while
the rest of the data belong to the testing set. The CNN model
trained on CIFAR-10 contains two 5× 5 convolution layers.
The output dimensions of the first convolution layer and
second convolution layer are 15 and 28, respectively. Each
convolution layer is followed by a 2 × 2 max-pooling layer.
The second pooling layer is connected with two linear layers.
The output dimension of the first linear layer and the second
linear layer are 300 and 10, respectively. The target accuracy
Acctarget is 56.5% for the IID setup and 54.5% for the non-IID
setup.

In terms of the DRL agent, both the actor and critic contain
an LSTM layer with 256 hidden units followed by two linear
layers. The output dimensions of the actor and critic are
provided in Section III-C.

B. Performance evaluation of bandwidth allocation

The proposed bandwidth allocation method is compared
with three benchmarks: JDSRA [19], ICAS [18], and EB-FL.
JDSRA optimizes the time delay of model training and trans-
mission. ICAS minimizes the latency of model transmission
and allocates bandwidth according to the channel states. EB-
FL equally allocates the bandwidth resources to the scheduled
devices. We adopt the experimental setup for CIFAR-10 (i.e.,
Dn ∈ [300, 700], z = 882 KB, K = 10) while performing
bandwidth allocation. We randomly schedule 10 devices to
formulate the set Mi.

Fig. 2 presents the one-round time delay Ti and energy
consumption Ei of FL. It can be seen that our method
obtains lower time delay and higher energy consumption as γ
increases. JDSRA achieves the same time delay as ours with
γ = 1. However, the energy consumption is not considered
in JDSRA and thus is the highest among all the benchmarks.
EB-FL attains the lowest energy consumption but high time
delay. When γ = 0.3, the proposed method exhibits lower
time delay and energy consumption compared with the ICAS
approach. The experimental result shows that the proposed
bandwidth allocation method outperforms other benchmarks
in balancing the time delay and energy consumption of FL.

C. Training process of the DRL agent

The LSTM-based DRL agent is trained to perform device
scheduling for FL based on Algorithm 1. We also train the
MLP-based agent for performance comparison. Fig. 3 depicts
the training process of the DRL agents on two datasets.
We set γ as 1 during the training process. 10 devices are
scheduled at each global iteration (i.e., M = 10). Due to the
dynamic learning process of FL, the value of the objective
function E + γT varies even though the scheduling strategy
is unchanged. Therefore, E+γT in Fig. 3 is the average value
of 30 episodes, which can be obtained by a sliding window.

According to Fig. 3, the LSTM-based agent enables E+γT
to decrease as the training process goes on. In contrast, the
MLP-based agent can hardly be trained to reduce objective
function (12), which is in line with the discussion in Sec-
tion III-B.

V. CONCLUSIONS

In this paper, we proposed a joint device scheduling and
bandwidth allocation framework to improve the efficiency of
FL. Specifically, we formulated an optimization problem to
minimize the weighted sum of the time delay and energy
consumption for training the entire FL algorithm. To solve
this problem, we presented a DRL-based device scheduling
method. The DRL environment, including the state space,
action space, and reward function, was carefully designed.
We adopted LSTM as the DRL agent, and the PPO algorithm
was employed to update the DRL agent. Given the scheduled
devices, we proposed a bandwidth allocation method to mini-
mize the one-round system cost. The proposed FL framework
was evaluated on MNIST and CIFAR-10. The experimental
results show that the proposed bandwidth allocation method
enables FL to balance the tradeoff between the time delay
and energy consumption. Besides, the DRL-based device
scheduling method helps FL to reach convergence with a
lower system cost.
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