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Abstract—Federated Learning (FL) is an emerging technique
to enhance edge intelligence, where mobile devices train machine
learning models collaboratively with their local data. Limited
energy on devices and scarce wireless bandwidth can notably
impact the convergence of FL over wireless networks, and
thus device scheduling and resource allocation are critical. In
this paper, we propose a joint device scheduling and resource
allocation scheme to maximize the model accuracy under total
training delay and device energy budgets. Since FL consists of
multiple training rounds, there is an inherent trade-off between
per-round delay, per-round energy consumption, and the total
number of rounds. To find solution, we decouple the accuracy
maximization problem into two sub-problems. First, given a
scheduling policy, the bandwidth allocation and local computing
frequency are jointly optimized to maximize the number of
rounds that can be conducted. Then, a device scheduling policy is
proposed to balance the trade-off between the per-round energy
and delay cost and the number of rounds, with the ultimate goal
of accuracy optimization. Experiments on various learning tasks
and datasets show that the proposed scheme can greatly improve
the convergence rate of resource-constrained FL.

I. INTRODUCTION

Federated Learning (FL) is a promising technique to enable
data-driven applications at the wireless edge while preserving
data privacy, where mobile devices collaboratively train a ma-
chine learning (ML) model with their local data, and a central
node such as a base station (BS) aggregates and broadcasts
global model periodically [1]. To ensure the effectiveness and
freshness of ML models in the time-varying environment, FL-
based model training needs to be done in a timely manner
using real-time data, which motivates us to go beyond model
accuracy and consider training delay as an important metric
[2]. Typical scenarios include content popularity prediction for
edge caching, virtual and augmented reality, channel inference
and beam selection, and spectrum management [3], [4].

However, it is quite challenging to meet the timeliness
requirements of FL over wireless networks due to various
kinds of resource constraints, including limited computing
capability and battery capacity of mobile devices, and scarce
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wireless bandwidth. The key methodology is to jointly opti-
mize communication and learning [5] via device scheduling
and resource management [6]–[11], or revolutionizing com-
munication protocols to enable over-the-air computation [12]–
[14]. Among them, the training delay for communication is
minimized by device selection and radio resource allocation
[8], while computing and communication resource are jointly
optimized in [10], [11] to improve energy efficiency.

Most existing papers set the total number of training rounds
to a fixed number. However, when considering the total
resource constraints for training, there is an inherent trade-
off between per-round training cost and the total number
of rounds that can be conducted before resource depletion.
Scheduling more devices and allocating more resources in
each round can bring greater improvement to model accuracy,
while iterating more rounds is also beneficial. Therefore, a key
problem is to balance these two terms to optimize the training
performance. Our previous work [7] takes total training delay
as a constraint, and proposes a joint device scheduling and
bandwidth allocation scheme to maximize convergence rate.

In this work, the energy budgets of mobile devices are
considered in additional to the total training delay, and a
two-step device scheduling and resource allocation scheme is
proposed to maximize the model accuracy. First, under a given
scheduling policy, the bandwidth allocation and computing
frequency are jointly optimized through convex optimization to
maximize the total training rounds. Then, a device scheduling
policy is proposed based on the convergence analysis, which
balances the trade-off between per-round cost and total number
of rounds. Experiments on MNIST and CIFAR-10 datasets
show that the proposed scheme can greatly improve the
convergence rate of resource-constrained FL.

II. SYSTEM MODEL

Consider an FL system with one BS and M devices M =
{1, . . . ,M}. Each device has a local dataset Di = {xi,d ∈
Rs, yi,d ∈ R}Did=1, where Di is used to denote the size of Di.
We use D = ∪

i∈M
Di to denote the whole dataset, where the

total number of data samples is denoted by D =
∑
i∈M

Di.

The goal of FL is to find a model parameter w, which can
minimize a particular loss function on the whole dataset, i.e.

min
w

{
F (w) ,

1

D

∑
i∈M

DiFi(w)

}
. (1)



In this paper, we use empirical risk as the loss function,
which can be defined as Fi(w) , 1

Di

∑
{x,y}∈Di

f(w,x, y), and

f(w,x, y) captures the error of the model parameter w on the
input-output data pair {x, y}.

FL uses an iterative procedure to solve (1). In particular,
the k-th round contains the following 3 steps.

1) Global Model Broadcast: In the beginning of round k, a
set of devices Πk ∈M are scheduled, and a Boolean variable
πi,k is used to denote whether device i is in Πk. Then the BS
broadcasts global model wk−1 to all scheduled devices.

2) Local Model Update: Each scheduled device i initializes
its local model of the current round by the received global
model (i.e., wi,k(0) ← wk−1), and then uses stochastic
gradient decent (SGD) to update the local model based on
its local dataset as follows,
wi,k(j + 1) = wi,k(j)− η∇Fi(wi,k(j)), j = 0, . . . , τ − 1.

Here η is the learning rate, and the gradient ∇Fi(wi,k(j))
is computed on Db,i, a randomly sampled mini-batch from
Di with batch size di = |Db,i|. The SGD is repeated for τ
times and τ is considered as a fixed system parameter. After
finishing all SGD steps, wi,k(τ) is uploaded to the BS. In the
following part of the paper, we use wi,k to denote wi,k(τ)
unless otherwise specified.

3) Global Model Aggregation: After receiving wi,k from
all scheduled devices, the BS aggregates them as follows [15]:

wk =

∑
i∈Πk

Diwi,k∑
i∈Πk

Di
. (2)

A. Local Computation Model
Assume that computing gradient for each data sample

requires c CPU cycles, and thus the total CPU cycles required
for local model update is cτdi. The CPU frequency of device
i in the k-th round is denoted by fi,k, which can be adjusted
by the widely used Dynamic Voltage and Frequency Scaling
(DVFS) technique [16]. Therefore, the delay and computation
energy consumption of local model update is given by

tcp
i,k =

cτdi
fi,k

, 0 ≤ fi,k ≤ fmax, (3)

ecp
i,k = κicτdif

2
i,k, (4)

where κi is the effective switched capacitance that depends on
the chip architecture of device i [10].

B. Wireless Transmission Model
We consider an Frequency Division Multiple Access

(FDMA) scheme with total bandwidth B for local model
uploading. γi,k is used to denote the bandwidth allocation ratio
to the i-th device in the k-th round, with

∑M
i=1 γi,k = 1 and

0 ≤ γi,k ≤ 1. As a result, the achievable transmission rate

(in bits/s) can be written as ri,k = γi,kBlog2

(
1 +

pih
2
i,k

γi,kBN0

)
,

where pi denotes the transmit power of device i, hi,k denotes
the channel gain, and N0 is the noise power density. Let S be
the size of wi,k (in bits), we have the uploading delay

tcm
i,k =

S

ri,k
, (5)

and the corresponding uploading energy consumption

ecm
i,k = Pit

cm
i,k, (6)

where Pi = ξpi + pc is the power consumption of transmitter,
ξ is the power amplifier coefficient, and pc is the circuit power.

Regarding to the global model broadcasting, the delay can
be ignored since the transmit power of BS is much higher
than that of devices, and the whole downlink bandwidth is
assumed solely used by the BS. The energy consumption can
also be ignored since the power consumption of the receiver
is relatively lower.

C. Problem Formulation

Since FL are usually resources constrained, we use T to
denote the total training time budget, and use Ei to denote the
total energy of device i. Suppose K rounds can be conducted,
to satisfy the device energy constraint, we have

K∑
k=1

πi,k(ecp
i,k + ecm

i,k) ≤ Ei, ∀i ∈ {1, . . . ,M}. (7)

And the total training delay of all K rounds can not exceed
the total training delay budget T , i.e.

K∑
k=1

tround
k ≤ T, (8)

where tround
k is used to denoted the training delay of the k-

th round. Because of the synchronous model aggregation of
FL, tround

k is determined by the slowest device among all the
scheduled devices, i.e.,

πi,k(tcp
i,k + tcm

i,k) ≤ tround
k , ∀i ∈ {1, . . . ,M}. (9)

Our goal is to maximize the model accuracy, which is
usually achieved by minimizing the loss function in the ma-
chine learning community. Therefore, the overall optimization
problem can be written as

min
K,Π[K],γ[K],f[K],t

round
[K]

F (w̃) (P1)

s.t. (3)− (9). (10)

Here, w̃ is the best model parameter among all K rounds
(i.e., w̃ , arg min

w∈{wk|k=1,2,...,K}
F (w)), and the notation Π[K] ,

[Π1,Π2, . . . ,ΠK ] is used to denote the scheduling decisions
in all K rounds, similar as γ[K], f[K], and tround

[K] .

III. DEVICE SCHEDULING AND RESOURCE ALLOCATION

Since problem (P1) is a complicated mix-integer non-linear
programming problem, we decouple it into two sub-problems:
a convex resource allocation sub-problem given the scheduling
decision, and a device scheduling sub-problem.



A. Resource Allocation Given Scheduling Decisions

Consider the k-th round, given scheduling decision Πk,
remaining training time budget Tk, and remaining device
energy Ei,k, the resource allocation sub-problem is as follows:

min
γk,fk,t

round
k

tround
k (P2)

s.t. tcp
i,k + tcm

i,k ≤ tround
k , ∀i ∈ Πk, (11)

ecp
i,k + ecm

i,k ≤ Ei,k
tround
k M

Tk‖Πk‖
, ∀i ∈ Πk, (12)

0 ≤ fi,k ≤ fmax, (13)
M∑
i=1

γi,k = 1, γi,k ≥ 0. (14)

Here ‖Πk‖ is used to denote the number of scheduled de-
vices. Since the model accuracy increases with the number
of training rounds before the FL converges, it is natural to
set minimizing the round delay as the objective, which is
equivalent to maximizing the number of rounds. Constraint
(11) is the round delay constraint. To capture the device energy
constraint, we assume a random device scheduling policy, with
the number of scheduled devices being ‖Πk‖, will be applied
in the remaining training procedure. Hence, the expected times
of each device being scheduled are the expected number of
rounds Tk

tround
k

multiplied by the probability of being scheduled
‖Πk‖
M . Assume that the remaining device energy is equally

divided into each time of being scheduled, and thus the
energy consumption of the current round is constrained by
ecp
i,k + ecm

i,k ≤ Ei,k/
Tk‖Πk‖
tround
k M

, which gives (12).

Theorem 1. Problem (P2) is a convex problem. If the feasible
region is not empty, then the optimal solution must satisfy one
of the followings:

(1) If 0 < f∗i,k < fmax, then{
cτdi
f∗
i,k

+Gi,k(γ∗i,k) = tround
k

∗
,

κicτdif
∗
i,k

2 + PiGi,k(γ∗i,k) = tround
k

∗ Ei,kM
Tk‖Πk‖ ,

(15)

where Gi,k(γ) , S

γBlog2

(
1+

pih
2
i,k

γBN0

) .

(2) If f∗i,k = fmax, then

cτdi
fmax

+Gi,k(γ∗i,k) = tround
k

∗
. (16)

Proof. By taking the first and second derivative of the de-
nominator of Gi,k(γ), we can prove that it is monotonically
increasing and concave. Therefore, Gi,k(γ) is monotonically
decreasing and convex [17], and hence problem (P2) is convex.

Due to the limited space, we provide an intuitive explanation
to Theorem 1 instead of formally solving the KKT conditions.
First suppose fmax is large enough, then to maximize the
number of rounds can be conducted, the optimal resource al-
location policy needs to use up all time and energy. Therefore,
the equality in (11), (12) holds, which gives the first case in
Theorem 1. On the other hand, if fmax is not large enough,
meaning that device energy is abundant compared with the

Algorithm 1 Bisection Search Alg. for (P2)
1: Give a big enough tup, initialize tlow = 0, t = tup, and

success = False
2: while NOT success do
3: Solve f∗i,k and γ∗i,k by substituting tround

k

∗
= t into

Theorem 1
4: Compute the summation of required bandwidth alloca-

tion ratio s =
∑
i γ
∗
i,k

5: if 1− ε ≤ s ≤ 1 then
6: Obtain the solution with accuracy level ε, set

success = True
7: else if 0 < s < 1− ε then
8: Bandwidth is surplus, set tup = t, t = t+tlow

2 .
9: else

10: Bandwidth is deficient, set tlow = t, t =
t+tup

2 .
11: end if
12: end while

training time budget. Therefore, f∗i,k is limited by fmax, and
the equality in (11) holds, and thus the second case in Theorem
1 can be derived by combining them.

Since it is hard to analytically solve (P2) because of the non-
linear function Gi,k(·), we provide Alg. 1 to find numerical
solution based on Theorem 1 and (14). The basic idea is
that given any potential value of tround

k

∗, f∗i,k can be first
derived by eliminating Gi,k(γ∗i,k) and solving (15), and then
substituting it into Theorem 1 gives the value of Gi,k(γ∗i,k),
which can be further used to derive γ∗i,k based on bisection
search (step 3). After that, we can search for the optimal tround

k

∗

by checking whether constraint (14) is satisfied (step 5, 6).
Thanks to the monotonicity of Gi,k, the searching region can
be halved according to whether the bandwidth is surplus or
deficient for the current tround

k

∗(step 7-10), corresponding to a
low-complexity bisection search algorithm.

B. Device Scheduling

The device scheduling sub-problem is as follows:

min
K,Π[K]

F (w̃) (P3)

s.t.
K∑
k=1

tround
k ≤ T, (17)

K∑
k=1

πi,k(ecp
i,k + ecm

i,k) ≤ Ei. (18)

There are two main difficulties in solving (P3). First, it is
hard if not impossible to derive an analytical expression of
the objective (i.e. F (w̃)) w.r.t. the number of rounds and the
scheduling policy. Therefore, we utilize the FL convergence
analysis result in our previous work [7].

Theorem 2. (Theorem 3 in [7]) Assume the loss functions of
all devices satisfy:

(1) Fi(w) is ρ-Lipschitz (i.e., ‖Fi(w)− Fi(w′)‖≤
ρ ‖w −w′‖, ∀w,w′.), β-smooth (i.e., ‖∇Fi(w)−∇Fi(w′)‖
≤ β ‖w −w′‖, ∀w,w′), and convex. (2) For any i and



w, the difference between the local gradient and the global
gradient can be bounded by ‖∇Fi(w)−∇F (w)‖ ≤ δi.

When η ≤ 1
β and randomly scheduling ‖Π‖ devices in each

round, the difference between F (w̃) and the oracle minimum
of global loss function F (w∗) satisfies:

E
{

1

F (w̃)− F (w∗)

}
≥ 1

ε0(‖Π‖,K) + ρh(τ) +B(‖Π‖)
,

(19)

where ε0(‖Π‖,K) ,
1+
√

1+4ηϕK2τ(ρh(τ)+B(‖Π‖))
2ηϕKτ , ϕ ,

ω
(

1− βη
2

)
, ω , min

k

1
‖wk−w∗‖ , h(x) , δ

β ((ηβ +

1)x − 1) − ηδx, δ ,
∑
iDiδi
D , B(‖Π‖) , M−‖Π‖

‖Π‖ ·
β
∑M
i=1

∑M
j=1(D

2
iD

2
j (g

2
i (τ)+g2j (τ)))

2M(M−1)D2
minD

2 , Dmin , mini∈MDi, and

gi(x) , δi
β ((ηβ + 1)x − 1).

Theorem 2 quantifies the trade-off between the per-round
resource consumption (related to the number of scheduled
devices ‖Π‖) and the number of rounds (i.e. K), and thus
can be used to approximate the objective of (P3).

Second, since channel states hi,k of future rounds are un-
known, and the scheduling policies of different rounds couple
with each other due to the total training delay and device
energy constraints, solving (P3) optimally is extremely hard.
To find a solution, we solve (P3) in each round myopically.

As a result, the myopic problem in the k-th round with the
approximated objective is given by

min
Πk

ε0(‖Πk‖, K̂) + ρh(τ) +B(‖Πk‖) (P4)

s.t. K̂ = k − 1 +

⌊
Tk

tround
k

∗
(Πk)

⌋
, (20)

where Tk is the remaining training time budget, tround
k

∗
(Πk) is

the optimal round delay given by Alg. 1, and thus
⌊

Tk
tround
k

∗(Πk)

⌋
is the maximum expected rounds can be conducted with
remaining resources, and K̂ is the maximum expected total
rounds.

Since (P4) is still a combinatorial problem, we provide a
greedy algorithm to schedule devices. In Alg. 2, the optimal
round delay of scheduling each unscheduled device is given
by Alg. 1, based on which we can choose the device with the
minimum round delay (step 3). Then the objective of (P4) is
estimated (step 4). We will iteratively add a device into the
scheduled device set until the objective begins to increase (step
5-8), which means that scheduling more devices will decrease
the convergence rate of FL according to Theorem 2.

IV. EXPERIMENT

We consider an FL system with M = 20 devices, uniformly
located in a cell with a radius of 600 meters, and a BS located
in the center [7]. The path loss model is 128.1 + 37.6log10d
(d is the distance between device and BS, in km) [10]. The
wireless bandwidth is B = 20 MHz, the device transmit power
is set to be pi = 5 dBm and Pi = 10 dBm, while the spectrum
density of noise is N0 = −179 dBm/Hz. The effective

Algorithm 2 Greedy Scheduling Algorithm
1: Initialize Πk = ∅, and O =∞
2: while |M| > 0 do
3: Greedy scheduling: x = arg min

i∈M

(
tround
k

∗
(Πk ∪ {i})

)
.

4: Estimate K̂ = k − 1 +
⌊

Tk
tround
k

∗(Πk∪{x})

⌋
, and O′ =

ε0(‖Πk‖+ 1, K̂) + ρh(τ) +B(‖Πk‖+ 1)
5: if O′ > O then
6: break
7: end if
8: Update M←M\{x}, Πk ← Πk ∪{x}, and O ← O′

9: end while

switched capacitance of mobile devices is κi = 10−28 [10],
and the maximum computing frequency is fmax = 2 GHz.

The proposed algorithm is evaluated on two well-known
datasets, MNIST [18] and CIFAR-10 [19]. Different training
data distributions are considered, namely i.i.d. and non-i.i.d..
For i.i.d. dataset, the whole training dataset is randomly
shuffled and partitioned into 20 shards, and each device is
assigned with a shard. While for non-i.i.d. dataset, all training
samples are sorted according to the label and partitioned
into 20l shards, and then each device is assigned with l
shards. Here l captures the non-i.i.d. level, where a smaller
l means a higher non-i.i.d. level. We apply a multilayer
perceptron (MLP) model with one hidden layer of 64 nodes
for MNIST, and a convolutional neural network (CNN) model
with the standard LeNet-5 architecture [18] for CIFAR-10.
Each scheduled device performs τ = 5 times of SGD step for
local model update, where the mini-batch size is di = 128 and
the learning rate is η = 0.01. According to the architecture
of learning models, we have S = 204 kB, c = 2.03 × 105

for MNIST, and S = 246 kB, c = 2.6 × 106 for CIFAR-
10, respectively. For the delay and energy constraints, we set
T = 15 s, Ei = 0.5 J for MNIST, and T = 2000 s, Ei = 50
J for CIFAR-10, respectively.

In Fig. 1 and Fig. 2, we compare the performance of the
proposed scheme with 3 baselines. The first baseline is the
joint device scheduling and bandwidth allocation scheme in
[7]. Since [7] does not consider local CPU frequency control
to reduce energy consumption, we set the local CPU frequency
fi = fmax, and use w/o FC to denote the first baseline. On the
contrary, we use w/ FC to denote the proposed scheme. To
evaluate the effects of the proposed device scheduling policy,
we compare it with the proportional fair policy proposed in [6]
(denoted by PF) that schedules the devices with best channel
conditions, and a policy that schedules the devices with most
remaining energy (denoted by DE), both with Alg.1 for local
CPU frequency control and bandwidth allocation. For PF and
DE, we use C to denote the fraction of scheduled devices in
each round, where C is set to be 0.1 and 0.5.

Fig. 1. (a) shows the test accuracy v.s. time on MNIST,
where results of i.i.d. dataset is in red and results of non-i.i.d.
dataset with l = 1 is in blue. We notice that the proposed
scheme outperforms PF and DE, by improving the accuracy
from 89.7 %, 88.4 % to 92.7 % on the i.i.d. dataset, and from
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Fig. 1. Comparison between different schemes on MNIST dataset. (a) Test
accuracy v.s. time. (b) Training time and average remain device energy
v.s. round on the non-i.i.d. dataset (l = 1). Results are averaged over 5
independent trails.
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Fig. 2. Comparison between different schemes on CIFAR-10 dataset. (a)
Test accuracy v.s. time. (b) Training time and average remain device energy
v.s. round on the non-i.i.d. dataset (l = 2). Results are averaged over 5
independent trails.

83.9 %, 71.5 % to 88.0 % on the non-i.i.d. dataset, respectively.
The reason is that the proposed scheme can adaptively decide
how many devices to schedule based on the data distribution,
while PF and DE with a fixed fraction of scheduled devices
can hardly adapt to different data distributions. Further, the
proposed scheme takes both channel condition and remaining
energy into account, while either PF or DE only considers
one of them. Fig. 1. (b) shows the elapsed training time and
the average remaining device energy v.s. round on the non-
i.i.d. dataset with l = 1 of all schemes. Since the w/o FC
scheme uses the maximum local CPU frequency for local
model updating, it consumes more energy than the proposed
w/ FC scheme, and exhausts all device energy in only 50
rounds, leading to a lower model accuracy as shown in Fig. 1.
(a). Fig. 1. (b) also shows that since PF chooses the devices
with best channel conditions, it consumes less time and energy
compared with DE, leading to a faster convergence.

Fig. 2. (a) and (b) show the results on CIFAR-10, where the
proposed scheme also outperforms all baselines. However, due
to the relatively heavier computing workload of updating the
CNN model, the improvement of choosing the devices with
best channel conditions is reduced, and thus the convergence
performance of PF and DE is similar.

V. CONCLUSIONS

We have studied the device scheduling and resource allo-
cation problem for FL over wireless networks, with the goal

of maximizing the model accuracy under total training delay
and device energy budgets. Our proposed scheme is adaptive
to various resource constraints, and can automatically find the
balance between the per-round training cost and the total num-
ber of training rounds to optimize the training performance.
Experiments on various datasets and learning models have
demonstrated the performance improvement of the proposed
scheme, compared with state-of-the-art schemes. In the future,
the heterogeneity in channel conditions, computing capabili-
ties, and data distributions can be further considered.
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