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Abstract— The combination of artificial intelligence and mobile
edge computing (MEC) is considered as a promising evolu-
tion path of the future wireless networks. As a model-level
coordination learning paradigm, federated learning can make
full use of the distributed computation resource in the MEC
systems, which allows the users to keep their private data
locally. However, due to the unreliable wireless transmission
circumstances and resource constraints in the MEC systems, both
the performance and training efficiency of federated learning
cannot be guaranteed. To solve this problem, the optimization
design of federated learning in the MEC systems is studied
in this paper. First, an optimization problem is formulated to
manage the tradeoff between model accuracy and training cost.
Second, a joint optimization algorithm is designed to optimize
the model compression, sample selection, and user selection
strategies, which can approach a stationary optimal solution
in a computationally efficient way. Finally, the performance of
our proposed optimization scheme is evaluated by numerical
simulation and experiment results, which show that both the
accuracy loss and the cost of federated learning in the MEC
systems can be reduced significantly by employing our proposed
algorithm.

Index Terms— Federated learning, artificial intelligence, mobile
edge computing, resource management.

I. INTRODUCTION

MOBILE edge computing (MEC) has been considered
as a promising technique to integrate computation and
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communication in the future sixth generation (6G) systems,
which can support various new services [2], [3]. It can extend
the concept of cloud computing to the edge of wireless
networks, owing to the significant improvement of compu-
tation capability of edge devices [4], [5]. To enable novel
computation-intensive applications and services, the optimiza-
tion design of MEC systems, such as the network manage-
ment and resource allocation strategies, has drawn a lot of
attention [6], [7]. To fully explore the potential of MEC
systems, the design of computation offloading is also studied
[8]–[11]. A more general offloading framework in the hier-
archical mobile cloud and edge computing systems has
been proposed in [12], and the design of computation
offloading decision and resource allocation is optimized
jointly.

In the MEC systems, sufficient computation resource can be
provided to deploy artificial intelligence (AI) at the edge of
networks [13], which can support intelligent network man-
agement and new AI-based services in 6G systems. Since
the combination of MEC and AI is the future trend of
wireless networks, it has become a hotspot [14]. In [15],
an AI-based MEC framework has been proposed, which
can support different learning paradigms. In the network
layer, intelligent control and dynamic optimization can be
enabled in the software-defined MEC systems [16], [17],
and a deep reinforcement learning-based cache management
scheme is designed in [18]. In the application and service
layer, the augmented and virtual reality applications can
be supported in the MEC systems by using deep learning
techniques [19].

Although the existing works have provided some insights of
deploying AI in the MEC systems, most of them are based on
the conventional centralized learning-based paradigms, which
cannot fully explore the great potential of MEC systems.
In [20], a new learning paradigm, named federated learning,
has been proposed, which can generate high-quality models
without aggregating the raw data at the cloud computing
servers. The key idea of federated learning is to generate
learning models via the model-level coordination between
multiple users and one server. Unlike the conventional cen-
tralized learning paradigms, it allows the users to keep their
private data locally, which can make full use of computation
resource located at the edge devices and protect user privacy.
The convergence of federated learning is verified by deriving
a tractable upper bound of model accuracy loss in [20], which
demonstrates that it can approach optimal performance with
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proper resource management and aggregating control strate-
gies. In [21], the impact of non-independent and identically
distributed (non-IID) data is studied.

The paradigm of federated learning-enabled MEC systems
is a promising in-edge AI network architecture and has drawn
a lot of attention [22]. In particular, the MEC systems can
provide flexible interfaces, compatible operation systems and
unified network management framework to jointly deploy
federated learning at both the terminal devices and computing
servers. Moreover, by collecting the local models generated
individually at the users, federated learning can build the
bridges to connect the isolated information islands in the MEC
systems.

A. Related Works

To improve communication efficiency, FedAvg is introduced
in [23] to generate high-quality models with fewer communi-
cation rounds compared with FedSGD in [20]. In the MEC
systems, optimization of user selection and uplink resource
allocation is studied to minimize the training loss in [24]. In
[25], the deployment of federated learning in vehicular net-
works has been optimized to enable ultra-reliable low-latency
communications. Moreover, a broadband analog aggregation
scheme has been proposed in [26], which can support the
implementations of federated learning for the latency-sensitive
scenarios in the MEC systems.

To improve the learning efficiency, different client schedul-
ing strategies are proposed. The performance of random,
round robin and proportional fair scheduling schemes has been
studied in [27], and a new strategy, named update-aware client
scheduling, is proposed in [28]. Moreover, various techniques
of distributed stochastic gradient descent are studied in [29]
to implement federated learning over the bandwidth-limited
fading multiple access channels, in which the user devices are
selected opportunistically. In [30], a novel wireless protocol is
proposed based on graph coloring and sparsity-based recovery.

Besides user selection, the joint design of batch size and
communication resource allocation is studied to accelerate
learning performance in [31]. In [32], a hybrid federated
distillation paradigm is proposed to reduce communication
overhead for distributed edge learning with heterogeneous
data. Most of existing works mainly focus on the performance
analysis or optimization design in the MEC systems without
model compression, and thus the communication efficiency of
federated learning still needs to be improved.

B. Our Contributions

The deployment of federated learning in the MEC systems
has shown a potential path to enable network intelligence
in the future 6G systems [33]. However, it still has some
challenging issues: First, unlike [20] and [23], which are based
on the ideal assumptions, the communication and computation
capability of edge devices is limited, which restricts the per-
formance and efficiency of employing federated learning in the
MEC systems. Second, the conventional network management

strategies in the MEC systems mainly focus on the communi-
cation and computation performance, which cannot guarantee
the accuracy performance of learning schemes. Finally, since
the interactions between the users and servers are required
during the federated learning procedure, the optimization of
communication and computation resource is tightly coupled,
which is challenging to balance the performance and compu-
tational complexity.

Motivated by provide some insights of the aforementioned
technique issues, a comprehensive optimization framework
of federated learning with model compression in the MEC
systems are provided in this paper, which can keep a sophisti-
cated balance between the model accuracy and communication
efficiency, and our main contributions can be summarized as
follows:

• First, by formulating an optimization problem that aims
to balance the performance and cost of federated learning,
we provide a framework of deploying federated learning
in the MEC systems. In particular, we focus on the unre-
liable wireless transmission circumstances, and formulate
an optimization problem to consider the design of model
compression, sample selection, and scheduling strategies
with resource constraints.

• Second, a joint optimization algorithm is proposed to
solve our formulated problem. By decoupling it into
several independent sub-problems, the solutions can be
updated iteratively, and finally approach a stationary
optimal point with polynomial computation complexity.

• Finally, the numerical simulation and experiment results
are provided to evaluate the performance gains. Com-
pared with conventional centralized learning and existing
optimized federated learning schemes, the results show
that our algorithm can keep a good balance between the
accuracy and cost.

The remainder of this article is organized as follows.
In Section II, the paradigm of federated learning in the
MEC systems is introduced. A joint optimization problem of
deploying federated learning in the MEC system is proposed
in Section III, and an iterative algorithm is provided in
Section IV to approach its optimal solution. The numerical
and experimental results are shown in Section V, and finally
Section VI concludes this paper.

II. SYSTEM MODEL

Consider the deployment of federated learning in an MEC
scenario, which consists of an edge access point E and
multiple users U1, . . . , UM . An edge computing server SE is
equipped with E, while a local computing unit Sm is equipped
with Um, m = 1, . . . , M . As shown in Fig. 1, the edge
computing server SE and local computing units S1, . . . , SM

can act as the computing server and the clients, respectively,
which can interact with each other via the wireless channels
between E and U1, . . . , UM . As introduced previously, feder-
ated learning can be implemented by updating the local models
and the global model iteratively. In particular, we focus on the
t-th iteration, which can be introduced as follows.
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Fig. 1. The system model of wireless federated learning.

1) Local Model Training: In this phase, each user updates
the local model independently based on its local collected data.
Without loss of generality, we focus on a specific user Um.
As introduced in [34], the local model of Um can be updated
as follows:

wt,m = wt−1,m − ηt∇F (wt−1,m,Dt,m), (1)

where wt,m and wt−1,m denote the update results of Um’s
local model during the t-th and (t − 1)-th iterations, respec-
tively, Dt,m denotes the training dataset for updating wt,m,
which is randomly selected from Dm, Dt,m ⊆ Dm, Dm

denotes the local dataset located at Um, ηt is the learning
rate of the t-th iteration, and ∇F (wt−1,m,Dt,m) is the
gradient of loss function F (wt−1,m,Dt,m) with respect to
wt−1,m. In this paper, the loss function is defined as the
empirical risk with respect to wt,m [20], which can be defined
as follows:

F (wt,m,Dt,m) =
1

Nt,m

∑
x∈Dt,m

l(wt,m;x), (2)

where l(wt,m;x) denotes the risk function of the data element
x, and Nt,m denotes the size of Dt,m.

2) Update Result Feedback via the Wireless Channels:
When the local model training procedure is accomplished,
Um should transmit its update result wt,m to E via the
wireless channel. In the existing works, such as [20] and [23],
the server randomly selects the users since it is assumed
that the communications between the computing server and
the clients are ideal. However, it cannot be ensured in the
MEC systems due to the unreliable wireless transmission
circumstances, which will cause accuracy loss of federated
learning models. Therefore, in this paper, only the users with
high communication reliability and low model accuracy loss
are scheduled to participate in each iteration of global model
averaging. In particular, the scheduling status of Um for the
t-th iteration of global averaging is characterized by a Boolean
variable zt,m, i.e.,

zt,m =

{
1, if Um is scheduled
0, if Um is not scheduled.

(3)

If Um is scheduled, its update result wt,m can be modeled as
a d×1 vector, which is usually with high dimension, especially
for the deep neural network models. Therefore, to improve the
efficiency of update result feedback, the following techniques
should be employed to compress wt,m.

• Model sparsification: Due to the existence of redun-
dancy, some insignificant elements of wt,m can be
removed without affecting the overall accuracy. There-
fore, the loadings of update result can be mitigated by
transforming wt,m into a sparse version.

• Parameter quantization: The elements of wt,m are
continuous and with long digits, which are not suitable
for wireless transmissions. To solve this problem, each
element can be turned into a digital form by quantization.

As introduced previously, wt,m can be transformed into a
sparse form via model sparsification, which can be expressed
as follows:

st,m = At,mwt,m, (4)

where At,m denotes a d × d sparsification matrix for wt,m.
Next, each element of st,m is quantized independently by

employing uniform quantization. As shown in [35] and [36],
the quantization error can be approximated as an additive
Gaussian noise [35], [36], which is independent with wt,m.
Then the quantized parameter vector can be expressed as

xt,m = st,m + qt,m = At,mwt,m + qt,m, (5)

where qt,m denotes a d × 1 quantization noise vector,
i.e., qt,m ∼ CN (0,Ωt,m), and Ωt,m denotes the covariance
matrix. Due to the implementation of independent quantiza-
tion, each element of qt,m is independent with each other,
i.e., E{qt,m

i (qt,m
i )H} = ωt,m

i , E{qt,m
i (qt,m

j )H} = 0, i �= j,
where qt,m

i and qt,m
j denote the i-th and j-th elements of qt,m,

respectively. Therefore, Ωt,m is a diagonal matrix, which can
be denoted as Ωt,m = diag{qt,m

1 , . . . , qt,m
d }.

After model sparsification and parameter quantization, xt,m

is suitable for baseband processing and wireless transmissions.
In this paper, the flat fading model is employed to charac-
terize the wireless channels between Um and E. Therefore,
the channel fading can be assumed to be unchanged during
the transmission of xt,m. Then the observation of xt,m at E
can be expressed as

yt,m = ht,mxt,m + nt,m, (6)

where ht,m captures the flat channel fading of the wireless link
between Um and E, nt,m denotes the additive white Gaussian
noise at E, i.e., nt,m ∼ CN (0, σ2

t IL), IL denotes a d × d
identity matrix, and σ2

t is the power of noise.
3) Global Model Averaging: To recover the update results

of local models, yt,m should be firstly decompressed by
E. In this paper, the minimum mean-square error (MMSE)
criterion is employed, and the decompression result can be
written as

w̄t,m = arg min
wq∈C

‖Dt,myt,m − wq‖2, (7)

where Dt,m is a d × d decompression matrix of yt,m, C
denotes a set that consists of all the possible quantized parame-
ter vectors, i.e., wq ∈ C. Since each element of the quantized
model parameter vector can be detected individually, recalling
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the computational complexity of MMSE [37], the complexity
of this detection is a linear function of the vector dimension.1

Then the global model can be updated by averaging the
decompressed results of local models. As introduced in [20],
the update result of global model can be expressed as

wt,F = wt−1,F +
M∑

m=1

Nm

N
zt,m

(
w̄t,m − wt−1,F

)

=
M∑

m=1

Nm

N

[
(1 − zt,m)wt−1,F + zt,mw̄t,m

]
, (8)

where wt,F and wt−1,F denote the global model for the t-th
and (t − 1)-th iterations, respectively, zt,m is defined by (3),
N =

∑M
m=1 Nm.

After global model averaging, wt,F is sent back to the
users. Since wt,F are transmitted via downlink transmissions,
which can acquire more radio resource and higher transmit
power than the local model update phase. Therefore, it can
be assumed that wt,F is received successfully by all the
users. Then the local model of each user can be updated as
wt,m = wt,F , m = 1, . . . , M .

III. PROBLEM FORMULATION OF OPTIMIZING FEDERATED

LEARNING IN THE MEC SYSTEMS

The performance of existing learning techniques is mainly
determined by the accuracy of generated learning models. It is
difficult to be modeled in a tractable form, and thus cannot
be optimized by employing the existing resource management
schemes in the MEC systems. In this section, we firstly derived
a closed-form upper bound of model accuracy loss, which
is an efficient metric to evaluate the quality of federated
learning models. Then an optimization problem is formu-
lated to improve the model accuracy and training efficiency
of federated learning with limit budget of computation and
communication resources.

A. Model Accuracy Loss of Federated Learning in the MEC
Systems

As introduced in [20], the objective of model training is
to minimize the expected risk, which can be estimated by
employing the the empirical risk given by (2). Therefore,
the model accuracy loss, which can be defined as the expected
mean square error (MSE) with respect to the empirical risk and
the expected risk, is an efficient metric to evaluate the accuracy
performance of generated models. In this paper, the model
accuracy loss after t iterations of global averaging can be
expressed as

Lt = E
{‖F (

wt,F

)−G
(
w∗)‖2

}
,

where F (wt,F ) =
M∑

m=1

Nm

N
F (wt,F ,Dum) (9)

1To implement (7) at edge server, it requires to feedback sparsification
matrix At,m, and this communication overhead can be reduced significantly
when wt,m ∈ R

d is divided into multiple segments. Moreover the detection
can be done with channel estimation, each device can feedback Dt,m instead
of channel state information.

where F (wt,F ) denotes the empirical risk with respect to
wt,F for the t-th iteration, and G(w∗) denotes the mini-
mum expected risk of our studied federated learning model,
i.e., G(w∗) = minw E{l(w,x)}, and w∗ denotes the theo-
retically optimal parameter vector.

As introduced in [38], to guarantee the convergence of
federated learning, the following features with respect to the
empirical risk should be satisfied:

1) F (w,D) is L-Lipchitz, i.e., for any w1 and w2,
‖F (w1,D)−F (w2,D)‖ � L‖w1 − w2‖.

2) F (w,D) is λ-strongly convex. i.e., for any w1 and
w2, and 0 � α � 1, the following inequality can be
established:

F
(
αw1 + (1 − α)w2,D

)
� αF

(
w1,D

)
+ (1 − α)F

(
w2,D)

− λ

2
α(1 − α)‖w1 − w2‖2. (10)

By substituting (8) into (9), an upper bound of Lt can be
expressed as follows due to the convexity of F (w,D):

Lt

= E

∥∥∥∥F

( M∑
m=1

Nm

N

[
(1−zt,m)wt−1,F +zt,mw̄t,m

])−G
(
w∗)∥∥∥∥2

� E

∥∥∥∥ M∑
m=1

Nm

N

[
(1−zt,m)F (wt−1,F )+zt,mF (w̄t,m)−G(w∗)

]∥∥∥∥2

�
M∑

m=1

2Nm

N

[
(1 − zt,m) E

{‖F (wt−1,F )−G(w∗)‖2
}︸ ︷︷ ︸

Lt−1

+ zt,m E
{‖F (w̄t,m)−G(w∗)‖2

}︸ ︷︷ ︸
εt,m

]
. (11)

In the paradigms of federated learning, each iteration can be
optimized independently. Without loss of generality, we focus
on the optimization of the t-th iteration in this paper, and thus
Lt−1 in (11) can be treated as a constant. Therefore, Lt is
mainly decided by εt,m, which can be derived as follows:

εt,m = E
{‖(F (w̄t,m) − F (wt,m)) + (F (wt,m) − G(wt,m))

+ (G(wt,m) − G(w∗))‖2
}

� 2
(

E
{‖F (w̄t,m) − F (wt,m)‖2

}︸ ︷︷ ︸
εCt,m

+ E
{‖F (wt,m) − G(wt,m)‖2

}︸ ︷︷ ︸
εSt,m

+ E
{‖G(wt,m) − G(w∗)

∥∥2}︸ ︷︷ ︸
εMt,m

)
, (12)

where F (wt,m) is given by (2), G(wt,m) denotes the expected
risk with respect to wt,m. As shown in (12), εt,m is determined
by the communication loss εCt,m, sample selection loss εSt,m,
and model training loss εTt,m, which can be derived as follows.
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1) Communication Loss εCt,m: The communication loss is
jointly decided by the model compression loss and the com-
munication error caused by wireless transmissions. Then an
upper bound of εCt,m can be provided by the following lemma.

Lemma 1: When F (w,D) is L-Lipchitz, an upper bound
of communication loss εCt,m in (12) can be expressed as

εCt,m � ε̄Ct,m

= L2tr
(
h2

t,mDt,mAt,mAH
t,mDH

t,m + at,mDt,mDH
t,m

+ Id − (ht,mDt,mAt,m + hH
t,mAH

t,mDH
t,m)

)
(13)

where at,m = σ2
t,m h2

t,m+�2
t , σ2

t,m is the power of quantization
noise, and σ2

t is the power of Gaussian noise.
Proof: Please refer to Appendix A.

2) Sample Selection Loss εSt,m: Although the training data
set Dt,m is generated based on the distribution of x, the sample
selection bias still exists due to the limited size of Dt,m.
Since wt,m is trained based on Dt,m, the sample selection bias
causes error propagation during the model training procedure,
which is characterized as sample selection loss in this paper.
As shown in (12), εSt,m is defined as the difference between
the empirical risk with respect to Dt,m and the expected risk
with respect to the distribution of data elements. As introduced
in [39], an upper bound of εSt,m can be provided as follows.

Remark 1 ( [39], Theorem 12.6): When F (w,D) is con-
vex, a tractable upper bound of εSt,m can be expressed as
follows:

εSt,m � ε̄St,m =
128(d logNt,m + 4)

Nt,m
. (14)

3) Model Training Loss εMt,m: As introduced in Section II,
wt,m is generated by employing SGD method, which is
optimized in an iterative way. Theoretically, it can approach
the optimal training result w∗ [40]. However, there always
exists a gap between wt,m and w∗, since only a few iterations
can be executed to guarantee the computing efficiency. In this
paper, it is captured as model training loss εMt,m in (12).
To evaluate its impact on the model accuracy, the following
lemma is provided.

Lemma 2: When F (w,D) is L-Lipchitz and λ-strongly
convex, and �F (w,D) is with finite scale, i.e., E{‖ �
F (w,D)‖2} � G2, an upper bound of model training loss
εMt,m can be written as

εM
t,m � ε̄M

t,m =
4G2L2

λ2Nt,m
(15)

Proof: Please refer to Appendix B.
By substituting (12), (13), (14), and (15) into (11), an upper

bound of Lt can be derived, which is given by the following
corollary.

Corollary 1: An upper bound of model accuracy loss Lt

given by (9), which is denoted as L̄t, can be expressed as

L̄t =
M∑

m=1

2 Nm

N

(
(1 − zt,m)Lt−1 + zt,m

×
(

L2tr
(
h2

t,mDt,mAt,mAH
t,mDH

t,m + at,mDt,mDH
t,m

+ Id − ht,mDt,mAt,m − hH
t,mAH

t,mDH
t,m

)
+

128(d logNt,m + 4)
Nt,m

+
4G2L2

λ2Nt,m

))
. (16)

It is worth mentioning that it is unnecessary to obtain
F (wt,F ) and G(w∗) with high computation costs based on the
following schemes. Firstly, we can obtain F (wt−1,F ) without
additional computation overhead since the global loss can be
computed as a linear combination of local loss F (wt,F ,Dum)
with respect to each participant, and the local loss can be
obtained by Um via local model training. Secondly, the true
value of G(w∗) is known for some specific learning tasks,
such as the supervised multi-classification tasks. As introduced
in [23], since all image data can be labeled correctly when the
global optimal parameter setting w∗ can be obtained, the cor-
responding minimum expected risk can be set as G(w∗) = 0
for the supervised multi-classification tasks. Moreover, when
the true value of G(w∗) is unknown, zero can be treated as a
lower bound of the expected risk function, and we also have
F (wt−1,F ) � G(w∗) since w∗ is global optimal solution.
By far, an upper bound of Lt−1 can be derived as Lt−1 =
E
{‖F (wt−1,F ) − G(w∗)‖2

}
�‖F (wt−1,F )‖2 = L̄t−1, and

L̄t−1 still can capture the relationship between the model accu-
racy loss and the selection strategies of participants and data
samples, which can be substituted into (16) instead of Lt−1.

B. Problem Formulation

1) Objective Function: Since the resource of MEC systems
is restricted, a sophisticated tradeoff between the model accu-
racy and cost should be kept to guarantee that a high-quality
model can be generated in a cost-efficient way. In this paper,
two categories of costs are considered, which are the compu-
tation and communication costs, respectively.

Each data element is processed by the same learning model,
which means the computation cost is proportional to the size
of employed training data set. In accordion with [12], [24],
we model the computation cost as a linear function of Nt,m.
The compression and communication cost is modeled as the
mutual information between xt,m and w̄t,m since the mutual
information can characterize the capacity of wireless link for
a compressed signal to be successfully recovered [41]. This
standard rate-distortion theoretic metric [42] in the analysis of
compression design can provide useful insight to deploy FL
with successful compression schemes. Then the model cost of
federated learning can be expressed as

Ct =
M∑

m=1

{
β1 Nt,m + β2

[
log det(At,mAH

t,m + Ωt,m)

− log det(Ωt,m)
]}

zt,m, (17)
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where β1 and β2 denote the weights of computation and
communication costs, respectively.

In this paper, our target is to jointly minimize the model
accuracy loss and the costs of federated learning, and the
objective function can be modeled as

Qt = w1L̄t + w2Ct, (18)

where w1 and w2 denote the weights of L̄t and Ct, respectively.
2) Energy Consumption Constraint: Due to the limitation

of battery volume, the energy consumption of each user should
be restricted independently. During the t-th iteration, the user
energy consumption is mainly caused by local model training
and update result feedback. In particular, the energy consump-
tion of local model training grows linearly with respect to
the size of training data set Dt,m, and the transmit energy
consumption can be derived based on (5). Then the energy
consumption constraint can be expressed as follows:

tr
(
At,mAH

t,m + Ωt,m

)
+ αNt,m � Pm (19)

where α denotes the coefficient of energy consumption caused
by processing a single data element in the local model training
phase, Pm is the maximum energy consumption for the t-th
iteration of federated learning.

3) User Selection Constraint: As introduced in Section II,
only a part of users are selected to feedback their update
results. To guarantee the convergence performance and com-
puting efficiency, the maximum number of selected users in
the t-th iteration is set as Kt, Kt � M . Recalling (3),
the following constraint of user selection is established:

M∑
m=1

zt,m � Kt. (20)

4) Data Volume Constraint of Local Training Datasets:
By employing sophisticated sample selection strategies,
the impact of sample selection loss can be mitigated signifi-
cantly. In particular, the local training data set Dt,m is selected
randomly from Dm, and thus its data volume should follow
the constraint

0 � Nt,m � Nm, Nt,m ∈ N, (21)

where Nm denotes the data volume of Dm, and N denotes the
set of non-negative integers.

In this paper, we focus on the minimization of model
accuracy loss and cost of federated learning in the MEC
systems, which can be captured by the upper bound given by
(16). Therefore, the optimization problem can be formulated
as follows:

min
Am,Dm,zt,m,Nt,m

Qt in (18)

s.t. (19), (20), (21). (22)

IV. A JOINT OPTIMIZATION ALGORITHM FOR FEDERATED

LEARNING IN THE MEC SYSTEMS

The established optimization problem given by (22) is a
non-linear and non-convex problem. In this section, to obtain

Algorithm 1 (Optimization of At,m and Dt,m)

1: Initialization: Ā(0)
t,m, the maximum number of iterations

K1 and KA, and the convergence threshold ξ1 and ξA.
2: for ka = 0 to KA do
3: for k1 = 0 to K1 do
4: Update Ā(k1)

t,m by solving (28).
5: end for
6: return A(ka)

t,m = Ā(k1)
t,m

7: Calculate D(ka)
t,m based on (33)

8: Update Q̄
(ka)
1 based on (23)

9: end for
10: return Aopt

t,m = A(ka)
t,m and Dopt

t,m = D(ka)
t,m .

a tractable solution, it is firstly decoupled as three indepen-
dent subproblems, and an iterative optimization algorithm is
designed. Then we prove that the proposed algorithm can
approach a stationary optimal solution.

A. Optimization of Compression and Decompression
Matrices

As shown in (16) and (17), At,m and Dt,m only determine
the accuracy loss and cost of communications, and thus an
equivalent form of the objective function can be expressed as
follows by removing the terms that are not related with At,m

and Dt,m:

Q̄1 =
M∑

m=1

Q̄1,m

=
M∑

m=1

(
w1zt,m

2Nm

N
L2G1,m + w2zt,mβ2G2,m

)
, (23)

where

G1,m = tr
(
h2

t,mDt,mAt,mAH
t,mDH

t,m + at,mDt,mDH
t,m

− (ht,mDt,mAt,m + hH
t,mAH

t,mDH
t,m)

)
, (24)

G2,m = log det(At,mAH
t,m + Ωt,m). (25)

(23) indicates that the compression of each user can be opti-
mized independently by minimizing Q̄1,m, which is restricted
by an individual energy consumption constraint. Therefore,
the optimization of compression and decompression matrices
can be transformed into M dependent subproblems, which can
be expressed as

min
At,m,Dt,m

Q̄1,m in (23)

s.t. G3,m = tr
(
At,mAH

t,m+Ωt,m

) − (Pm − αNt,m)�0.

(26)

where G3,m � 0. We first consider solving At,m and Dt,m

independently, and then propose Algorithm 1 to optimize them
jointly.
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1) Optimization of At,m: The optimization problem of
At,m is identical with (26) when Dt,m is fixed. First, we verify
the convexity of G1,m, G2,m, and G3,m, which can be
provided by the following lemma. Since Q̄1,m G1,m, G2,m,
and G3,m can be treated as functions with respect to At,m,
they are denoted as Q̄1,m(At,m), G1,m(At,m), G2,m(At,m),
and G3,m(At,m) in this part, respectively.

Lemma 3: G1,m(At,m) and G3,m(At,m) given by (24) are
both convex, while G2,m(At,m) given by (25) is concave.

Proof: Please refer to Appendix C.
Lemma 3 shows that (26) is a convex-concave procedure

problem, where both the objective function and constraints can
be treated as a difference of two convex functions [43]. It can
be solved by using Majorization minimization algorithm. The
key idea is to replace the concave terms, i.e., G2,m(At,m) in
(26), by using successive convex approximation, which can
transform the original optimization problem into a convex
form. As shown in Algorithm 1, a stationary solution of (26)
can be obtained in an iterative approach. Without loss of
generality, we focus on the k1-th iteration. By using first-order
Taylor expansion, G2,m(At,m) can be approximated in a
convex form, which can be expressed as follows:

Ḡ2,m(A(k1)
t,m ; Ā(k1−1)

t,m )

= Ḡ2,m(Ā(k1−1)
t,m )

+∇At,mḠ2,m(Ā(k1−1)
m )H(A(k1)

t,m − Ā(k1−1)
t,m )

= tr((Ā(k1−1)
t,m )H(Ā(k1−1)

t,m (Ā(k1−1)
t,m )

H
+ Ωt,m)−1(A(k1)

t,m

− Ā(k1−1)
t,m ))+log det(Ā(k1−1)

t,m (Ā(k1−1)
t,m )

H
+Ωt,m), (27)

where A(k1)
t,m denotes the compression matrix of the k1-th

iteration, and Ā(k1−1)
t,m is update result of the (k1 − 1)-th

iteration. Based on (27), an approximated problem of (26)
can be established as follows:

min
A

(k1)
t,m

Q̄app
1,m(A(k1)

t,m ) = w1 zt,m
2Nm

N
L2 G1,m(A(k1)

t,m )

+ w2 zt,mβ2Ḡ2,m(A(k1)
t,m ; Ā(k1−1)

t,m )

s.t. G3,m(A(k1)
t,m ) � 0. (28)

The approximated problem given by (28) is a convex
problem satisfying the KKT condition, which can be solved
efficiently by using the optimization package [43].

In Algorithm 1, At,m can be optimized iteratively, which
can be updated by solving (28). To verify the convergence of
line 3–6 in Algorithm 1, the following theorem with respect
to the descent of Q̄1,m is provided.

Theorem 1: Denoting Ā(k1)
t,m as the optimal solution of (28)

for the k1-th iteration, the following inequality with respect to
Ā(k1)

t,m and Ā(k1−1)
t,m can be established:

Q̄1,m(Ā(k1)
t,m ) � Q̄1,m(Ā(k1−1)

t,m ). (29)

Proof: Since (26) and (28) are restricted by the same
constraint, Ā(k1)

t,m is a feasible solution of (26). Recalling (23),

Q̄1,m(Ā(k1)
t,m ) can be expressed as

Q̄1,m(Ā(k1)
t,m ) = w1 zt,m

2Nm

N
L2 G1,m(Ā(k1)

t,m )

+ w2zt,mβ2 G2,m(Ā(k1)
t,m )

(a)

� w1 zt,m
2Nm

N
L2 G1,m(Ā(k1)

t,m )

+ w2 zt,mβ2Ḡ2,m(A(k1)
t,m ; Ā(k1−1)

t,m ), (30)

where inequality (a) can be obtained based on the concavity
of G2,m(A(k1)

t,m ).
Based on (27), G2,m(Ā(k1−1)

t,m ) can be expressed as

G2,m(Ā(k1−1)
t,m ) = Ḡ2,m(A(k1−1)

t,m ; Ā(k1−1)
t,m ), and then

Q̄1,m(Ā(k1−1)
t,m ) can be derived as

Q̄1,m(Ā(k1−1)
t,m ) = w1

2Nm

N
zt,mL2 G1,m(Ā(k1)

t,m )

+ w2β2Ḡ2,m(Ā(k1−1)
t,m ; Ā(k1−1)

t,m )
(a)

� w1
2Nm

N
zt,mL2 G1,m(Ā(k1)

t,m )

+ w2β2Ḡ2,m(Ā(k1)
t,m ; Ā(k1−1)

t,m ). (31)

Inequality (a) in (31) follows the fact that Ā(k1)
t,m

is the optimal solution of (28), which can minimize
Ḡ2,m(A(k1)

t,m ; Ā(k1−1)
t,m ). Then (29) can be derived straightfor-

wardly based on (30) and (31).
Theorem 1 indicates that Q̄1,m(Ā(k1)

t,m ) keeps decreas-
ing as k1 increases. Moreover, a tractable lower bound of
Q̄1,m(A(k1)

t,m ) is 0. Therefore, line 3–6 of Algorithm 1 can
converge to a stationary point.

2) Optimization of Dt,m: When the compression matrix
At,m is fixed, the optimization Dt,m is equivalent to solve
the following unconstraint problem:

min
Dt,m

G1,m in (24). (32)

To provide a tractable solution of (32), the following lemma
with respect to the convexity of G1,m is provided.

Lemma 4: G1,m given by (24) is a convex function with
respect to Dt,m.

Proof: The convexity of G1,m can be proved by following
the same paradigm of Lemma 3, since At,m and Dt,m are
rotational symmetry in G1,m.

Based on Lemma 3, the optimal solution of (32)
can be derived straightforwardly by solving the equation
∇Dt,mG1,m = 0, and can be expressed as

Dt,m = (ht,mAt,m)H (
h2

t,mAt,mAH
t,m + at,mId

)−1
. (33)

3) Joint Optimization of At,m and Dt,m: As shown in
Algorithm 1, At,m and Dt,m can be updated iteratively.
During each iteration, At,m can be optimized by solving (28),
and Dt,m is updated based on (33). As introduced previously,
Q̄1 given by (23) keeps decreasing as ka increases, since
Ā(k1)

t,m and D(ka)
t,m are updated based on the optimal solution.

Therefore, the convergence of Algorithm 1 can be guaranteed.
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B. Optimization of Sample Selection

When we focus on the optimization of sample selection,
Qt given by (18) is equivalent to the following function with
respect to Nt,m:

Q̄2 =
M∑

m=1

Q̄2,m

=
M∑

m=1

1
Nt,m

(
r1 log Nt,m + r2 + w2zt,mβ1N

2
t,m

)
, (34)

where r1 = 256Nm

N w1 zt,md, r2 = 2Nm

N zt,mw1(4 + 4G2L2

λ2 ).
Moreover, recalling (22), the constraints with respect to Nt,m,
which are given by (19) and (21), can be rewritten as follows:

1 � Nt,m � N̄m,

N̄m = min
{
Nm,

⌊
1
α

(Pm − tr(At,mAH
t,m+Ωt,m))

⌋}
, (35)

where 	·
 denotes the floor function with respect to its argu-
ment. Similar to (26), the sample selection of each user can be
optimized independently, and then the optimization problem of
sample selection can be established as follows:

min
Nt,m

Q̄2,m in (34)

s.t. (35). (36)

To solve (36) efficiently, we first consider a relaxed problem,
where Nt,m can be treated as a continuous variable. It is a
fractional programming problem, and its objective function
is non-linear and non-convex with respect to Nt,m. Due to
Theorem 1 in [12], Q̄2,m given by (34) can be transformed
into a linear form, and its minimum value can be achieved if
and only if the following constraint is satisfied:

min
Nt,m

f
(
Nt,m

) − ρ∗Nt,m = f
(
N∗

t,m

) − ρ∗N∗
t,m = 0, (37)

where

f
(
Nt,m

)
= r1 log Nt,m + r2 + w2β1N

2
t,m, (38)

ρ∗ denotes the minimum value of Q̄2,m, and N∗
t,m is the

corresponding optimal solution. Based on (37), the following
optimization problem should be studied to obtain the optimal
solution of (36):

min
Nt,m

Q̃2,m

(
Nt,m

)
= f

(
Nt,m

) − ρ∗Nt,m

s.t. (35). (39)

Since Q̃2,m is continuous and derivable with respect to
Nt,m, the optimal solution of (39) locates at either the
stationary point or the boundary point, which can be expressed
as

N∗
t,m = arg min

{
Q̃2,m

(
1
)
, Q̃2,m

(
N̄t,m

)
, Q̃2,m

(
Ñt,m

)}
,

(40)

where Ñt,m denotes the solution of equation
∇Nt,mQ̃2,m

(
Nt,m

)
= 0.

Based on (37) and (40), Algorithm 2 can be designed to
approach the optimal solution of (35) iteratively. In particular,

Algorithm 2 (Optimization of Nt,m)

1: Initialization: N
(0)
t,m, ρ(0), the maximum number of itera-

tions KN , and the convergence threshold ξN .
2: for k2 = 1 to KN do
3: Update N

(k2)
t,m by solving (41)

4: Update ρ(k2) based on (42)
5: Update q(k2) based on (43)
6: end for
7: return N∗

t,m = N
(k2)
t,m

8: Obtain Nopt
t,m based on (46)

9: return Nopt
t,m

during the k2-th iteration, Nt,m is firstly updated by solving
the following problem:

min
N

(k2)
t,m

Q̃2,m

(
N

(k2)
t,m

)
= f

(
N

(k2)
t,m

) − ρ(k2−1)N
(k2)
t,m

s.t. (35), (41)

where N
(k2)
t,m denotes the update results of Nt,m for the k2-

th iteration, and ρ(k2−1) is the value of Q̄2,m for the (k2 −
1)-th iteration. The optimal solution of (41) can be obtained
straightforwardly based on (40). Then ρ(k2) can be updated as
follows:

ρ(k2) =
f(N (k2)

t,m )

N
(k2)
t,m

. (42)

To evaluate the equivalency of (35) and (41), q(k2) should
be calculated as follows:

q(k2) = f
(
N

(k2)
t,m

) − ρ(k2−1)N
(k2)
t,m . (43)

Based on Theorem 3 in [12], it can be proved that q(k2)

approaches 0 monotonically as k2 increases, which means that
Algorithm 2 can approach the optimal solution of the original
fractional optimization problem.

Denoting N∗
t,m as the final update result that satisfies the

termination constraints, the optimal solution of (35) can be
expressed as (46), as shown at the bottom of the next page,
by rounding.

C. Optimization of User Selection

Based on (22), by fixing At,m, Dt,m and Nt,m, the sub-
problem of user selection can be written as follows:

min
zt,m

Qt = 2 w1Lt−1 −
M∑

m=1

vt,mzt,m,

s.t. (20), (44)

where

vt,m = w1
2Nm

N

(
Lt−1 − εC

t,m − 128(d logNt,m + 4)
Nt,m

− 4G2L2

λ2 Nt,m

)
−w2

(
β1 Nt,m+β2

(
log det(At,mAH

t,m

+Ωt,m) − log det(Ωt,m)
))

. (45)
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Algorithm 3 The Joint Optimization Algorithm
1: Initialization: At,m, Dt,m, Nt,m and zt,m, the maximum

number of iterations KJ , and the convergence threshold
ξQ.

2: for 0 � k3 � KJ do
3: Update Ak3

t,m and Dk3
t,m by Algorithm 1

4: Update Nk3
t,m by Algorithm 2

5: Update zk3
t,m by solving (44)

6: Update Qk3
t

7: end for
8: return Final value of objective function QKJ

t

vt,m given by (45) denotes the utility of Um for the t-th
iteration of federated learning, which in practical is positive by
choosing suitable w1 and w2. Therefore, (44) is a 0-1 backpack
problem, and can be solved efficiently by using dynamic
programming. When vt,m is negative, in order to minimize
Qt, Um could never be selected, which means zt,m = 0. After
removing users with vt,m ≤ 0 from set of candidate users,
the remaining problem turns into a standard 0-1 backpack
problem, which can by solved by dynamic programming.

D. A Joint Optimization Algorithm

Since all the subproblems can be solved efficiently, a joint
optimization algorithm can be proposed by optimizing At,m,
Dt,m, zt,m, and Nt,m iteratively. As shown in Algorithm 3,
during each iteration, the update results of At,m and Dt,m

can be obtained by employing Algorithm 1, Nt,m can be
updated based on Algorithm 2, and zt,m can be obtained by
solving (44).

As introduced previously, the optimal solution of each
subproblem can be obtained, which can guarantee that Qt

given by (18) keeps decreasing as the iteration index k3

increases. Moreover, 0 can be treated as a fixed lower bound
of Qt, and thus Algorithm 3 converges to the optimal solution
of (22) with limited iterations. The final update results can
be obtained when it achieves the maximum iteration time,
or satisfies the accuracy requirement. Due to the non-convexity
of the formulated problem, the proposed iterative solution can
only guarantee the convergence to a stationary point for one
time. To overcome this defect, in our work, we use random
initialization and run multiple simulations. Moreover, our
proposed algorithm can be executed in parallel with multiple
initialization value to search multiple stationary points individ-
ually. The best result selected among these stationary points
can approach to the optimal solution. Therefore, we have the
following corollary.

Corollary 2: Algorithm 3 can approach to the optimal
solution of (22) within limited iterations.

V. SIMULATION AND EXPERIMENT RESULTS

In this section, both the numerical simulation and exper-
iment results are provided to evaluate the performance of
our proposed optimization algorithm. Unlike the conventional
works that focus on the data center networks, we study the
implementation of federated learning at the edge of wireless
networks, where each base station can associate with dozens
of users at most. Therefore, we set the number of users
is as M = 20 and 50, the ratio of maximum number of
selected users as Kt/M = 0.2. The maximum iteration
indexes of Algorithm 3 and federated global averaging are set
as KJ = 30 and T = 50 respectively, and the learning rate
is η = 0.01. We consider multi-classification learning task
and MNIST dataset [44], which is a commonly-used image
data set. The entire training dataset consists of 60,000 training
images and 10,000 testing images, which can be classified
into 10 different digits. The following two cases with respect
to local training data sets are considered, which are named as
balanced and unbalanced dataset cases, respectively: (1) In the
balanced data set case, each client randomly and independently
sample from the entire training dataset and Nt,m is identically
set as 600; (2) In the unbalanced data set case, each client
independently and randomly sample two different digits from
the training dataset and Nt,m is set as a random integer
variable that follows uniform distribution with a mean value
of 600 for fair comparison, namely Nt,m ∼ U [100, 1100] and
E{Nt,m} = 600, which means all clients will only have two
kinds of labels at most and have different size of local dataset.

A. Simulation Results

To evaluate the convergence and performance gains of
Algorithm 3 compared with conventional federated learning,
the numerical simulation results are provided in this part.

1) Convergence Performance of Algorithm 3: As shown
in Fig. 2, both the performance loss and cost of federated
learning keeps decreasing as the iteration index increases,
which verifies the convergence of Algorithm 3. In particular,
the number of selected users is set as Kt = 2, 4, and 8, respec-
tively, for both the balanced and unbalanced data set cases. The
simulations results show that Algorithm 3 can converge to the
stationary optimal solution within 20 iterations of Algorithm 3.
Moreover, it shows that the balanced data set case can achieve
higher convergence speed than the unbalanced data set case.

2) Performance Evaluation of Sample Selection and User
Selection: The performance comparisons of conventional and
our optimized sample and user selection strategies are provided
in Fig.3(a) and Fig. 3(b). In particular, the fixed sample selec-
tion and the random user selection strategies are selected as
benchmarks respectively. As shown in Fig.3(a), our proposed
optimization algorithm can enhance the performance at least

N opt
t,m =

⎧⎪⎨
⎪⎩

⌊
N∗

t,m

⌋
, if

⌈
N∗

t,m

⌉
> N̄m,

arg min{Q̄2,m(
⌊
N∗

t,m

⌋
), Q(

⌈
N∗

t,m

⌉
)}, if

⌊
N∗

t,m

⌋
, 1 �

⌈
N∗

t,m

⌉
� N̄m⌈

N∗
t,m

⌉
, if

⌊
N∗

t,m

⌋
< 1,

(46)

where �· is the ceiling function with respect to its argument.
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Fig. 2. The convergence performance of Algorithm 3.

Fig. 3. Performance evaluation with conventional and our optimized sample
selection and user scheduling schemes.

by 9.80% for the balanced data set case, and 7.80% for the
unbalanced data set case. As shown in Fig. 3(b), compared
with random user selection scheme, Qt given by (18) with
our proposed scheme can be reduced from 1.580 to 1.562 for
the balanced data set case, and from 1.543 to 1.525 for the
unbalanced data set case. As Fig.3(a) and Fig. 3(b) shows,

the joint selections of samples and users can achieve a faster
convergence rate since the cost function is determined by
the sample selection and user selection strategies. It can be
reduced rapidly when the sample selection and user selection
strategies are jointly optimized. If any of them is fixed,
the convergence rate slows down, since it can not guarantee
that proper data samples or clients can be selected.

B. Experiments Resluts on MNIST Data Set

In this part, the performance of Algorithm 3 is testified
practically by employing MNIST data set. Though the model
training loss cannot directly account for the models with
non-convex empirical risk functions in theory, our optimiza-
tion framework can still provide some insightful results for
neural networks. It is verified by our experiment results that
our proposed algorithm helps to improve the model perfor-
mance in both multilayer perceptron (MLP) and convolutional
neural network (CNN) cases. The MLP and CNN models are
employed for local learning model generation, and the detailed
model structure is described as follows: (1) A three-layer MLP
model is employed, which consists of an input layer with
784 neurons, a hidden layer with 64 neurons, and an output
layer based on softmax classifier; (2) The same CNN model
as LeNet-5 in [45] is employed which is constructed by seven
layers.

In this section, we compare our proposed algorithm with
conventional federated learning, centralized learning and some
state-of-the-art optimized federated learning paradigm. More-
over, we study the impact of some network parameters on the
model test accuracy and cost.

1) Comparison With Centralized Learning: In Fig. 4(a)
and Fig. 4(b), the experiment results of model accuracy are
provided, where the MLP and CNN models are employed for
local model training, respectively. To evaluate the performance
of Algorithm 3, the centralized learning scheme with ideal
transmission condition is employed as a comparable scheme.
To the best of our knowledge, it is the state-of-the-art scheme
that can achieve the best accuracy performance. For fair
comparison, we set M = 50, Kt = 10, SNR = 10dB for
all algorithms, and random user selection and fixed sample
selection with Nt,m = 100 are employed for unoptimized
federated learning. For centralized learning, fixed sample
selection with Nt = 1000 are employed. As shown in the
figures, the test accuracy of federated learning can be improved
significantly by using Algorithm 3. In Fig. 4(a), the test
accuracy can be improved from 89.37% to 94.04% for the
balanced data set case, while it can be improved from 85.52%
to 88.86% for the unbalanced data set case. The experiment
result based on the CNN model shows a similar tendency,
which is provided in Fig. 4(b). It shows that the test accuracy
can be improved from 91.28% to 95.75% for the balanced data
set case, while it can be improved from 85.39% to 90.89%
for the unbalanced data set case. Moreover, the performance
of federated learning with balanced data can approach the
centralized learning scheme after being optimized by using
Algorithm 3, which demonstrates that federated learning can
generate high-quality model in a cost-efficient way.
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Fig. 4. The test accuracy of optimized federated learning with Algorithm 3
trained by MLP and CNN.

The model cost can be modeled as the summation of
computation and communication costs, which can be captured
by the total number of employed training data elements and the
data volume of feedback messages. To guarantee the fairness
of comparison, the total number of employed training data
elements is identical for both the centralized and federated
learning schemes, which is set as N =

∑M
m=1 Nm = 12000.

Then, the data volume of feedback messages can be ana-
lyzed as follows: (1) For the conventional centralized learning
scheme in Fig. 4(a) and Fig. 4(b), the digital images are
transmitted directly via the wireless channels. One image
can be presented by a 784 × 10 matrix, and each element
can be represented by 8 bits. Therefore, the data volume of
feedback messages can be expressed as IC = 752.64 Mbits.
(2)For the federated learning with Algorithm 3, T = 50,
the total data volume of feedback messages can be written
as IMLP

F = 20.356 Mbits and ICNN
F = 24.000 Mbits for

the MLP and CNN models, respectively. The cost of model
generation can be reduced significantly by using our optimized
federated learning scheme. Compared with the conventional
centralized learning scheme, it can be reduced by 37 and
31 times for the MLP and CNN models, respectively.

2) Comparison With Other Optimized Federated Learning:
In this section, we compare our algorithm with four exist-

Fig. 5. Test accuracy and energy consumption for federated learning followed
by different content feedback methods, which are trained by CNN model with
M = 50, Kt = 10, average SNR = 10dB, total bandwidth is 20MHz, and
the transmit power of UE is 200mW.

ing optimized federated learning paradigms: proportional fair
scheduling in [27], BN2-C scheduling in [28], model-based
feedback update [24] and gradient-based feedback update [31].
Since we have different objective functions, we use test
accuracy and energy consumption to evaluate the performance
instead of Qt.

To evaluate the impact of user scheduling, we choose
conventional random scheduling as baseline, and compare
proportional fair in [27], BN2-C in [28] with our proposed
algorithm. In [27], the server will select users with Kt largest
SNR value, and in [28] the server will select users with Kt

largest l2-norm of local model update gradient from the user
candidate set with best conditions. Firstly, Fig.5 shows that
our proposed algorithm causes the smallest the energy con-
sumption and obtains the highest test accuracy. It is reasonable
because our user selection and sample optimization schemes
are jointly designed to minimize model accuracy loss and
cost, however proportional fair in [27], BN2-C in [28] mainly
focus on improving leaning performance, leaving model cost
optimization alone. Secondly, the BN2-C algorithm in [28]
converges most quickly and our algorithm gets close to it.
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Fig. 6. Test accuracy and energy consumption for federated learning followed
by different user scheduling schemes, which are trained by CNN model with
M = 50, Kt = 10, average SNR = 10dB, total bandwidth is 20MHz, and
the transmit power of UE is 200mW.

To evaluate the feedback process, we compare the
model-based feedback [24] and gradient-based feedback [31]
with our proposed algorithm. In [24], users will feedback
the local model without compression and the server will
select users based on communication resource allocation. And
in [31], users will feedback the local model gradient without
compression, and the server will select the UEs contributing
to larger global loss function decay without considering com-
munication conditions. Firstly, Fig.6 shows that our proposed
algorithm will cause the smallest the energy consumption, and
the test accuracy of our algorithm is close to model-based feed-
back without compression in [24]. It is reasonable because:
(1) both our algorithm and [24] consider communication
optimization, however [31] does not consider the channel state
information; (2) model compression is implemented in our
work, which will introduce a little accuracy loss but also
reduce the energy consumption, especially for communication
cost. Secondly, the gradient-based feedback algorithm in [31]
converges most quickly and our algorithm gets close to it.

3) Impact of Network Parameters: Fig. 7 is provided to
evaluate the performance of our proposed scheme with differ-
ent Kt, M and average SNR, we set Kt/M = 0, 0.1, . . . , 1

Fig. 7. Test accuracy and Energy consumption for different number of total
users and selected users and average SNR, which are trained by CNN model
after 50 communication rounds, and we use Kt = 1 to simulate the case
Kt/M = 0.

and we use Kt = 1 to simulate the case of Kt/M = 0 for
fair comparison. Moreover, we consider two cases: M = 20
and M = 50 to evaluate the performance of user-dense
case. Considering bad, fair and good communication con-
ditions, we set average SNR = −10dB, 10dB and 30dB
respectively and the maximal transmit power of each UE is
set as 200mW . In terms of energy consumption, increasing
Kt or increasing M will cause larger energy consumption.
In terms of test accuracy, increasing Kt or increasing M
with good communication conditions will enhance the test
accuracy like the ideal federated learning in [20], however
with imperfect conditions, the test accuracy increases at first
and then decreases. Increasing average SNR will enhance the
test accuracy, which is obvious.

VI. CONCLUSION

In this paper, the optimization of federated learning in the
MEC systems has been studied, which aims to improve the
accuracy performance in a cost efficient way. In particular,
a tractable upper bound of accuracy loss is derived to char-
acterized the model accuracy, and both the communication
and computation costs are captured as well. An optimization
problem is formulated with resource constraints and unideal
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wireless transmission circumstances, and a joint optimization
algorithm is provided to keep a sophisticated balance between
the model accuracy and cost, by managing the design of
model compression, sample selection, and user selection.
We also provide the numerical simulation and experiment
results to evaluate the performance of our proposed optimiza-
tion schemes.

APPENDIX A

Due to the L-Lipchitz of loss function εCt,m can be
derived as εCt,m = E

{‖F (w̄t,m) − F (wt,m)‖2
}

�
L2 {E

{‖w̄t,m − wt,m‖2
}}︸ ︷︷ ︸

θt,m

. Based on (5), (6), and (7), θt,m

can be expressed as

θ2
t,m = Eqt,m,nt,m

{∥∥Dt,m(ht,m(At,mwt,m + qt,m) + nt,m)

−wt,m

∥∥2}
= tr

{
h2

t,mDt,mAt,mAH
t,mDH

t,m + at,mDt,mDH
t,m + Id

− (ht,mDt,mAt,m + hH
t,mAH

t,mDH
t,m)

}
, (47)

Then proof of Lemma 1 can be finished.

APPENDIX B

Since the loss function is L-Lipchitz, εMt,m can be derived
as εMt,m = E

{‖G(wt,m) − G(w∗)‖2
}

� L2
E
{‖wt,m −

w∗‖2
}
. Based on lemma 1 in [40], an upper bound of the

expected MSE with respect to wt,m and w∗ can be derived
as E{‖wt,m − w∗‖2} � 4G2

λ2 Nt,m
when the loss function is

λ-strongly convex and E{‖ � F (w,D)‖2} � G2. It is worth
mentioning that the assumption of convexity is used in most
of related work, and neural networks can also be relaxed
to a convex problem [46]. Moreover, we still provide some
insightful results though the model training loss cannot directly
account for non-convex empirical risk functions in theory.

APPENDIX C

To verify the convexity of G1,m and G3,m, we first
derive its second-order derivatives with respect to At,m

and AH
t,m, and obtain the Hessian matrix: H1,At,m =

diag{h2
t,mDH

t,mDt,m, h2
t,mDt,mDH

t,m}, and H3,At,m = 2I,
which means that H1,At,m and H3,At,m are both positive
semi-definite.

To verify the concavity of G2,m, we first derive its
second-order derivatives with respect to At,m and AH

t,m, and
obtain H2,At,m = diag{∇At,m,At,mG2,m,∇At,m,At,mG2,m}
with

∇At,m,At,mG2,m

= −(At,mAH
t,m+Ωt,m)

−1
At,mAH

t,m(At,mAH
t,m+Ωt,m)

−1
,

∇AH
t,m,AH

t,m
G2,m

= −(At,mAH
t,m+Ωt,m)

−H
AH

t,mAt,m(AH
t,mAt,m+Ωt,m)

−H
,

which shows that H2,At,m is negative semi-definite matrix,
and the proof has been finished.
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