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Abstract: Federated learning effectively addresses issues such as data privacy by collaborating across participating
devices to train global models. However, factors such as network topology and computing power of devices can
affect its training or communication process in complex network environments. Computing and network convergence
(CNCQ) of sixth-generation (6G) networks, a new network architecture and paradigm with computing-measurable,
perceptible, distributable, dispatchable, and manageable capabilities, can effectively support federated learning
training and improve its communication efficiency. By guiding the participating devices’ training in federated
learning based on business requirements, resource load, network conditions, and computing power of devices, CNC
can reach this goal. In this paper, to improve the communication efficiency of federated learning in complex networks,
we study the communication efficiency optimization methods of federated learning for CNC of 6G networks that give
decisions on the training process for different network conditions and computing power of participating devices. The
simulations address two architectures that exist for devices in federated learning and arrange devices to participate
in training based on arithmetic power while achieving optimization of communication efficiency in the process
of transferring model parameters. The results show that the methods we proposed can cope well with complex
network situations, effectively balance the delay distribution of participating devices for local training, improve
the communication efficiency during the transfer of model parameters, and improve the resource utilization in the
network.
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1 Introduction

1.1 Context
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silos. Moreover, compared with traditional machine
learning, it reduces data transfer costs while ensuring
fairness among participants. However, there are still
many challenges to federated learning. The main
challenges are manifested in several major aspects
such as data privacy, communication consumption,
devices’ training latency, and statistical heterogene-
ity during the training process (Li T et al., 2020;
Kairouz et al., 2021; Wahab et al., 2021). Among
these, communication consumption is a huge chal-
lenge. In traditional federated learning, all clients si-
multaneously train their respective local models and
then upload them to a predetermined central server.
In this scenario, multiple copies of model data are
simultaneously transmitted to the same server, and
a large number of clients are present competing for
communication resources with each other, leading to
reduced communication efficiency and increased en-
ergy consumption. Meanwhile, due to variations in
the computational resources of individual client de-
vices, each client consumes uneven training periods,
which diminishes the efficiency of federated learn-
ing. Traditional federated learning lacks resource
scheduling for the system and struggles to address
the aforementioned challenges, leading to significant
shortcomings in real-world applications.

But today, computing and network conver-
gence (CNC) of sixth-generation (6G) networks has
been proposed as a new network architecture and
paradigm. Its various characteristics can fit well
with federated learning. In detail, CNC can rely
on powerful heterogeneous resource scheduling capa-
bility and ubiquitous network connection to achieve
real-time, flexible, and efficient resource allocation,
while ensuring synchronous information sharing of
the whole network. Its efficient information-sharing
mechanism, high utilization of computing power re-
sources of nodes in the network, and the ability to
select and schedule network data traffic paths can
effectively improve the data and information com-
munication efficiency of participating clients in the
federated learning and optimize the whole training
process. This shows that the combination of feder-
ated learning and CNC is necessary and effective.

1.2 Related works

Solutions to the communication problem in fed-
erated learning focus on several aspects, such as re-
ducing the amount of data for transmitting model

parameters, reducing the frequency of communica-
tion, changing the type of communication, chang-
ing the aggregation method, using routing strate-
gies, and employing knowledge distillation. As the
model parameters or gradients passed in federated
learning exist in the form of matrices, some scholars
have used compression, quantization, and sparsifi-
cation to reduce the amount of data while ensuring
the validity of the data. Based on this idea they
adopted two methods, i.e., random number seeding
and sketch updating, to reduce the amount of data
for the model parameters (Kone¢ny et al., 2016).

Meanwhile, McMahan et al. (2017) reduced the
communication frequency by performing a global ag-
gregation only after the participating clients have
performed local training several times. Moreover,
using sampling to select some clients can reduce
the communication consumption required to transfer
the model parameters in each global training round
(McMahan et al., 2017; Fraboni et al., 2021). How-
ever, Fraboni et al. (2021) divided the clients into
different categories according to their local data dis-
tribution. Then, they sampled clients from different
categories for each global training round, which is
better than the former method.

There is also a problem of dropouts in com-
munications challenges. Wu et al. (2021) proposed
to change the form of communication into semi-
asynchronous communication. Moreover, there is
one way to select participating clients for each round
using a proportional fair scheduling strategy to re-
duce the possibility of dropouts (Yang HH et al.,
2020). Another effective way to address communica-
tion is to change the approach of global aggregation
(Liu et al., 2020; Deng et al., 2021; So et al., 2021).
So et al. (2021) focused on secure aggregation, while
others introduced aggregation servers at the edge to
reduce the communication consumption (Liu et al.,
2020; Deng et al., 2021). Moreover, as the popularity
of knowledge distillation grows, knowledge distilla-
tion is used for federated learning. Based on the idea
of knowledge distillation, only the predicted logits
values or the parameters of the student model are
transmitted in federated learning (Li DL and Wang,
2019; He et al., 2020; Lin et al., 2020). This signifi-
cantly reduces the amount of data to be transferred.

Dinh et al. (2021) derived the convergence anal-
ysis and resource allocation problem of federated
learning in wireless networks. On the other hand,
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Chen et al. (2021) accelerated model convergence
by reducing clients’ data transmission errors of fed-
erated learning in a wireless environment. Qin
et al. (2021) proposed specific scenarios for federated
learning in wireless environments. Using a multi-
layer aggregation approach to reduce the consump-
tion of bandwidth resources in a specific tree struc-
ture can reduce the latency of federated learning
model aggregation (Cao et al., 2021). In addition,
a novel machine learning enabled wireless multi-hop
federated learning framework can greatly mitigate
the adverse impact of wireless communications on
the federated learning performance metrics (Pinyoa-
nuntapong et al., 2020).

Solely optimizing for either communication en-
ergy consumption or latency is insufficient to sig-
nificantly improve the communication efficiency of
federated learning. Yang ZH et al. (2022) provided
a comprehensive overview of federated learning ap-
plications in 6G wireless networks. They suggested
that features such as large-scale ultra-reliable low-
latency communication, scalable architectures, and
the ability to train and deploy human-centric ser-
vices make federated learning highly promising in
6G. These point out that in 6G wireless networks,
federated learning should be considered from multi-
ple perspectives, leveraging its advantages, consider-
ing joint design of communication and computation,
as well as asynchronous communication, to optimize
federated learning performance, especially commu-
nication efficiency.

Therefore, aside from communication resource
scheduling, the allocation of device’s computational
resources becomes a crucial aspect. Yang ZH et al.
(2021) proposed an iterative algorithm for solving
the minimum total energy consumption problem un-
der delay constraints in wireless transmission net-
works. This algorithm provides closed-form solutions
for time allocation, bandwidth allocation, power con-
trol, computation frequency, and learning accuracy
at each step, demonstrating the feasibility of com-
munication and computational resource scheduling
in wireless networks. Sun W et al. (2023) leveraged
the comparison between clients’ computational en-
ergy consumption and communication energy con-
sumption to make decisions regarding communica-
tion frequency in wireless networks and model depth
in federated learning, resulting in reduced overall en-
ergy consumption for system training. This under-

scores the importance of perceiving and scheduling
computational resources in the future development
of federated learning.

However, traditional networks often lack sensi-
tivity to information such as the computing power
of underlying devices. Sun YK et al. (2022) inves-
tigated a future network paradigm capable of con-
necting distributed computing nodes. It is able to
dynamically and timely sense user needs and multi-
dimensional resources such as applications, network
resources, computing power resources, and storage
The increased efficiency of federated
learning communications can exactly take advantage

resources.

of these properties.
1.3 Contributions

Inspired by Sun YK et al. (2022), we pro-
pose communication efficiency optimization of fed-
erated learning for CNC of 6G networks. The CNC
of 6G networks is a new network architecture and
paradigm with greater computing-measurable, per-
ceptible, distributable, dispatchable, and manage-
able capabilities. Relying on the ability to sense
the computing power of client devices in real time
and synchronize various resource information in the
network, CNC can flexibly schedule the clients in
federated learning and make better decisions for the
network topology and the allocation of the resources.
This guides the training process of federated learning
and improves communication efficiency.

The main contributions of this paper are sum-
marized as follows:

1. We propose a federated learning system of
CNC and its communication efficiency optimization
methods. Combined with the available research, we
divide CNC into different layers. When the layers
interact with each other, CNC senses the network
condition and client device resources and makes de-
cisions to optimize the federated learning training
process.

2. As two architectures exist for federated learn-
ing training, we adopt corresponding optimization
methods. Both of them improve the performance of
federated learning.

3. We focus on the computing power hetero-
geneity of client devices. By scheduling the clients
in each global training round, the computing power
difference between clients is balanced. Under a tra-
ditional architecture, the average delay difference of
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the proposed system per training round is one-fifth of
that of the federated averaging (FedAvg) algorithm
(McMahan et al., 2017). Its maximum value is about
46.6% of that of FedAvg. Under the peer-to-peer ar-
chitecture, by scheduling the computing power of the
devices, the model accuracy of our system converges
faster than that of the baseline with the same num-
ber of training times.

4. Federated learning communication efficiency
optimization for CNC of 6G networks could improve
the resource utilization of the whole network. During
federated learning, optimization methods can update
the information and schedule the resources about
With
this support, in the traditional architecture of fed-

client devices or the network in real time.

erated learning, the transmission delay and energy
consumption per round of model training are re-
duced by 46.96% and 19.38% respectively compared
to FedAvg (McMahan et al., 2017). In the peer-
to-peer architecture, the performance of the system
regarding transmission problems varies with the net-
work environment but is similar to, and sometimes
better than the performance of the baseline.

2 Optimization system
2.1 Two architectures of federated learning

There are two training architectures in feder-
ated learning, as shown in Fig. 1. In each global
training round, clients in the traditional architecture
receive the global model from the server and train it
with their local data. Then they will transmit the
updated model to the server. After receiving the lo-
cal models from all clients, the server performs an
aggregation algorithm to obtain a new global model.
Thus, federated learning moves on to the next round
of global training, which does not end until the global

model reaches a certain accuracy.

In the peer-to-peer architecture, federated
learning is suitable for direct collaborative train-
ing among multiple data providers, where there is
All interactions occur directly
between the participating clients. The most rudi-
mentary scenario entails the presence of merely two

no central server.

client devices. These two clients individually possess
their own datasets and possess the capacity to engage
in both model training and aggregation. Regarding
scenarios involving multiple client participants, typi-

cally in each round, clients collectively designate one
node as the aggregation node. All clients use their
local data for training local models, which are subse-
quently submitted to the aggregation node for model
aggregation. The new model is then propagated back
to various client nodes, and this process continues,
including the selection of a new aggregation node for
the subsequent training round.

Moreover, due to the inherent connectivity be-
tween client nodes, considering the training method-
ologies of only two clients, there exists another fea-
sible approach under the peer-to-peer architecture,
as illustrated in Fig. 1b. Each round of global train-
ing involves selecting a subset of clients and estab-
lishing the transmission order between clients. The
global model is initially sent to the starting node,
and according to a predefined strategy, it is trained
When all se-
lected nodes have completed their training, a round
of global training is formed. At each individual
node, upon receiving the encrypted model param-
eters from the previous client, the recipient node
performs decryption, followed by local training oper-
ations to update the model. Subsequently, the model
is encrypted once again before being transmitted to
the designated next client. After multiple rounds of
global training, the final model is obtained.

and transmitted to the final node.

2.2 Communication efficiency optimization
system for CNC of 6G networks

Based on the two architectures, we propose com-
munication efficiency optimization for CNC of 6G
networks. The communication efficiency in feder-
ated learning training can be improved by exploit-
ing computing power resource modeling, information
synchronization, and scheduling capabilities of CNC.
Fig. 2 shows its architecture.

We stratify CNC into an infrastructure layer,
a resource pooling layer, a resource information an-
nouncement layer, a computing scheduling optimiza-
tion layer, a service layer, and an orchestration and
management layer. As devices of the infrastructure
layer, the aggregation servers and client devices in-
volved in federated learning are scheduled and con-
trolled by CNC. Equipment in the resource pool-
ing layer models the network resources, computing
power resources, etc., of the underlying devices. The
information announcement layer, on the other hand,
consists of specialized equipment. Downward, it
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Fig. 1 Two architectures of federated learning: (a) traditional architecture; (b) peer-to-peer architecture
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networks (References to color refer to the online version of this figure)

collects various sorts of information from the partic-
ipating devices or publishes training strategies. Up-
ward, it forwards information about the clients to
the scheduling optimization layer or obtains decision
information from the upper layer. The computing
scheduling optimization layer is responsible for opti-
mizing the federated learning scheduling algorithms
and topological decisions based on the information
from the underlying layer. Then, it outputs control
information for federated learning training in real
time. The orchestration and management layer has
control of the entire system of CNC. It is responsi-
ble for orchestrating and scheduling the various re-
sources used in federal learning, as well as managing
the various devices in the other layers. The security
and service orchestration are also under its control.

The core of the whole structure is the coordi-
nated operation of the upper equipment in CNC,

which optimizes the training process of federated
learning based on the network, computing power re-
sources, and other information. Equipment of the
computing scheduling optimization layer, like cloud
servers, exchanges the decision information of fed-
erated learning through the red lines as shown in
Fig. 2. The routers of the resource information an-
nouncement layer are responsible for synchronizing
training information. They connect the whole net-
work. Moreover, the infrastructure layer is divided
into two cases. The traditional architecture requires
the aggregation of server clusters and client devices
to participate in training, and the logical transmis-
sion topology is shown by the gray dashed line. In
the peer-to-peer architecture, only client devices are
required to participate in training. The logical trans-
mission topology of model parameters is given by the
yellow line in Fig. 2. Fig. S2 in the supplementary
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materials provides an elaborate representation of the
system’s operational workflow.

3 Mathematics problems

The communication efficiency optimization of
federated learning for CNC of 6G networks contains
optimization for several problems. This section in-
troduces specific mathematical problems based on
the two architectures of federated learning.

3.1 Convergence problem

Assume that there are U participating clients.
For client i, we use D; to denote the original data and
X, = [®i1, Ti2, . . ., Tin,;| to denote the feature vector
in D;, that is, the input of the model. Here, n; is the
) yzm]
indicates the corresponding labels of client i for the
model output, and w; denotes the local model pa-
rameters of client i. Federated learning is a process
of continuously training models with data and it-
eratively aggregating them to find the best global
model w*. As the number of iterations increases,
the global model gradually converges, approaching
w*. The goal of our optimization is to find w so that
it satisfies the following:

amount of data of client i. Y; = [yi1, ¥z, -

U n;
. 1 -
wggwgé:ZHWMm%m, (1)
i=1 n=1
U U
where K = 3 " n;, = > ., |D;| and w; = wy =
... = wy = w. For the loss function f(-), it can be
defined according to the actual situation, such as the

mean squared difference loss function.
3.2 Transmission problem

The network topology and data transmission
types of the clients under different architectures of
federated learning determine the respective trans-
mission problems.

3.2.1 Transmission problem under a traditional
architecture

In this study, we design a traditional architec-
ture in which clients of federated learning are in a
wireless network environment. Communication be-
tween the client and the server uses the orthogonal
frequency division multiple access (OFDMA) trans-
mission technology. In line with the ideas presented

in Chen et al. (2021), we consider the minimum
schedulable resource to be the resource block (RB).
Each client occupies one RB. Based on this, the up-
link rate at which the user transmits data to the
central server can be expressed as follows:

( iy
Ty hi (Og2 ( Ik BUPT()>) ) ( )

where BY is the bandwidth of each RB, P; is the
transmitting power of client i, h; = oidZQ is the
channel gain between client ¢ and the central server,
d; is the distance between client 7 and the central
server, o; denotes the Rayleigh fading parameter,
Ep,(+) is the expectation function for h;, Ny is the
noise power spectral density, and [ represents the
interference arising from users using the same RB &
under different base stations. When the system oper-
ates in different environments, the interference gen-
erated varies accordingly. Additionally, the interfer-
ence received by users undergoes changes over time.

We assume that the consumption originates only
from the data transmission process of the client de-
So, the transmission problem needs only to
consider the uplink transmission delay and energy
consumption of the clients:

vice.

=7 (wi) [, (3)
ei = Py, (4)

where [Y denotes the transmission delay, e; is the
transmission energy consumption, and Z(w;) is the
amount of data for the model parameters.

In each global training round, a portion of U
clients will be selected as the training set S;. Then
the transmission problem can be interpreted as find-
ing the best RB allocation method that satisfies the
following expression:

min Z €, (5)
1€Sy

or

min (max ({{{’ | i € S})). (6)

3.2.2 Transmission problem under the peer-to-peer
architecture

In the peer-to-peer architecture, the transmis-
sion formula in the wireless environment is not ap-
plicable because there is no central server. We con-
sider that all clients are connected to each other in
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the network. The transmission consumption or de-
lay between clients 7 and j is denoted by cost;;. The
transmission problem becomes as follows:

min E

(i,j)Etrace _path

costyj |, (7)

where trace path is the transmission order for the
selected clients.

3.3 Local training related problem

For participating clients, the local training delay
is given according to the computing power of their
devices. Here, ¢; is the maximum computing power
that can be output by client ¢, | D;| is the amount of
local data, and epoch_local represents the number of
local training times per global training round. With
the same model for each client, the local training
delay can be roughly given as follows:

t; = a-epoch_local - |D;| /¢;, (8)

where « is the conversion factor. For federated learn-
ing, the local training problem can be solved by
finding a suitable subset S; satisfying the following
expression:

— tmin < €, (9)

tmax

where tnax = max{t; | i € Si}, tmin = min{t; | i €
St }, and ¢ indicates an acceptable time difference.

4 Communication efficiency optimiza-
tion of federated learning for CNC of 6G
networks

According to the network topology and user re-
quirements, we provide the optimization methods
under the two architectures of federated learning,
as described in the following text.

4.1 Optimization under the traditional archi-
tecture

This optimization method uses all layers of CNC
to operate efficiently. Based on FedAvg, we focus on
the computing power problem and the model transfer
problem. The system gives optimization based on
these two points.

In federated learning, the clients register their
local devices through the platform of CNC to obtain
a great global model. The devices of them are then

scheduled by the devices in the orchestration and
management layer for unified orchestration. Finally,
the devices of clients operate as the infrastructure
layer devices that support federated learning.

If the local data distribution of clients is simi-
lar, the choice of S; has little effect on Eq. (1). How-
ever, its effect on inequality (9) is large. In our pro-
posed algorithm, under the CNC of 6G networks,
resource pooling layer devices will model the hetero-
geneous resources of client devices, and upper-level
equipment will group them based on the comput-
ing power. In this case, the clients selected for each
global training round have similar number of local
training times and participating users can have a
better experience. In each global training round,
the resource pooling layer facilities obtain resource
information of all devices and perform resource mod-
eling. Devices of the resource information announce-
ment layer forward these messages to devices in the
computing scheduling optimization layer. Then, the
decision about S; will be made. The steps are given
in Algorithm 1.

At the same time, we draw on the idea of Chen
et al. (2021). By considering the consistent transmit-
ting power of the clients, we make the optimization
problem of communication performance an RB allo-
cation problem. Devices in the computing scheduling
optimization layer of CNC execute Algorithm 1 to
obtain S; and then optimize the allocation strategy
of RBs using the Hungarian algorithm. Different

Algorithm 1 Client scheduling strategy based on
computing power

Input: the number of participating clients (U), the
amount of data for peer client 4 (|D;]), the maximum
computing power that can be output by client 7 (¢;),
number of local training times per global training
round (epoch _local), and conversion factor (o)

Output: the set of participating clients for each global

training round S

: for i=1to U do

t; = a-epoch_local - | D;| /e;

: end for

: Sort {t; | ¢ =1,2,...,U} by the descending order

: Divide U clients into m parts, and each part is de-

noted by Up, k =1,2,....,m

6: Sample clients from m parts, P, = %,

N = Xiev, |Dil

7: Sample n clients from Uy as Si, P;

U W =

where

_ IDil
=
8: return S
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clients that are allocated different resources trans-
fer data with different consumptions. We construct
the consumption matrix with the energy consump-
tion generated by client ¢ transmitting data on RB k.
The Hungarian algorithm often solves for a good so-
lution about Eq. (5).

Later, devices in the computing scheduling op-
timization layer hand the selected client information
and the allocation policy of RBs to resource infor-
mation announcement layer devices for forwarding.
The clients in federated learning can share transmis-
sion performance, local training performance, etc.,
of other devices predicted by CNC.

Orchestration and management layer devices
are based on algorithms to schedule and orchestrate
federated learning devices and various resources.
Then, the participating clients receive the algorithm
information output from CNC to perform federated
learning to obtain the converged global model by us-
ing the idea of weighted average. After getting the
new model, the system moves to the next iteration.

4.2 Optimization under
architecture

the peer-to-peer

Similarly, client devices operate as the infras-
tructure layer devices to support federated learning.
Algorithm 2 shows the entire process.

Under the peer-to-peer architecture, all clients
are trained once as a global training session. Before
each global training round, devices in the resource
pooling layer and resource information announce-
ment layer cooperate to obtain information on com-
puting power resources and network conditions of
clients. Devices in the computing scheduling opti-
mization layer assign subsets Si. based on ¢; and D;,
where e = 1,2,..., F (F is the total number of sub-
categories of client devices determined based on the
computing power and data information). For each
Ste, the sum of local training delay is similar. Then,
they abstract the consumption matrix G according
to the network connectivity.

For clients in S}, the shortest transmission path
over all clients needs to be found to solve Eq. (7).
With the powerful support of the CNC, we can gen-
erate the submatrix of Si. from G and then solve it
by the optimal transmission path selection strategy.

After outputting the transmission path for each
subset Si., devices of the resource information an-
nouncement layer forward the transmission policy to

Algorithm 2 Optimization under the peer-to-peer

architecture
Input: the number of participating clients (U), the data

for peer client i (D;), total number of global training
rounds (7'), and data captured in one training session
(B)
Output: the final global model w
1: Participating clients and aggregation servers join the
CNC of 6G networks as node devices

2: fort=1to T do

3:  Devices in each layer of the CNC collaborate to
divide the participating clients into ' parts with
Ste being the subset (e = 1,2,..., F)

4:  Calculate the transmission path for each subset
Ste according to the optimal transmission path
selection strategy

5:  Forward the transmission strategy and initial
model

6:  for client 7 in trace path of Sie parallelly do

7: if client i is the first client then

8: Receive model w from the devices of the
CNC, w; = w

9: else

10: Receive wg,, from the previous client, w; =
WSy,

11: end if

12: for B in D; do

13: for (x,y) in batch B do

14: w; = w; —n- Vf(wi,x,y), where n is the

learning rate

15: end for

16: end for

17: ws,, — W;

18: Send ws,, to the devices of the CNC if ¢ is

the last client; otherwise, send wsg,, to the next
client in Ste

19:  end for

200 w= Zle %’w&w Nie = Ziestc | D |

21: end for

22: return w

all clients and pass the model to each initial client.
The clients receive the information and start train-
ing and then transmit the parameters of the trained
global model according to the policy. After each
part is trained, the E sub-models are aggregated by
the specific devices in the computing scheduling op-
timization layer of the CNC to obtain the new global
model and perform the next round of training. Until
the global model reaches a certain accuracy, other
devices from CNC, for instance, routers of the re-
source information announcement layer, broadcast
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the final global model to all clients.

5 Simulation results and analysis

In our simulations, we used the MNIST dataset,
which can be independent and identically distributed
(IID) or non-independent and identically distributed
(non-IID) after processing. We cut the datasets
equally based on the total number of clients to obtain
the clients with local data. Then, we used a simple
neural network as the training model for training.

5.1 Simulations under the traditional archi-
tecture

5.1.1 Parameter settings of the simulation environ-
ment

In simulations under the traditional architec-
ture, we set up different cases to compare the perfor-
mance of our approach with that of FedAvg (McMa-
han et al., 2017). For convenience, Table 1 records
the parameter settings for different cases. Detailed

Table 1 Parameter settings for different cases

Case Parameter setting

Pr1 U: 100, cfraction: 0.1, epoch local: 1
Pr 2 U: 100, cfraction: 0.1, epoch local: 5
Pr 3 U: 100, cfraction: 0.2, epoch local: 1
Pr4 U: 100, cfraction: 0.2, epoch local: 5
Pr5 U: 60, cfraction: 0.1, epoch local: 1
Pr 6 U: 60, cfraction: 0.1, epoch_local: 5

U: total number of participating clients; cfraction: sampling
ratio for each global training round; epoch_local: number of
local training times per global training round

1] ﬁ;/_/l
0.8 1
Iy
@ 0.6 1
3
3
<
0.4 1
Pr1 Pr4
Pr2 Pr5
0.2 1
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parameter values are given in Table S1 in the sup-
plementary materials.

5.1.2 Simulation results and analysis

A significant challenge persistently encountered
in federated learning is data heterogeneity. There-
fore, in our simulations, we typically configure
clients’ data distributions for the two scenarios. Un-
der the IID dataset, each client’s data label types
are evenly distributed, resulting in stable accuracy
curves for the global model with a high conver-
gence upper bound. In contrast, under the non-IID
dataset, where clients possess significantly different
data category distributions, the gradients’ update
direction is highly correlated with data distribution
when local model training is updated. As a conse-
quence, different sub-models do not update toward
the global optimal direction but rather shift toward
the local optimal direction that fits their own data.
This leads to a slower increase in global model ac-
curacy after aggregation, a lower upper bound, and
significant fluctuations in the accuracy curve. In our
simulations, the curves under both data distributions
also exhibited the same patterns or regularities.

Fig. 3 shows the global model convergence curve
of the CNC optimization method under the tradi-
tional architecture. In Fig. 3a, comparing the op-
timization of CNC in Pr 1 with Pr 2, the accuracy
improvement is to be accelerated when the number of
local training times is increased. However, this is at
the expense of more local training times. Similarly,
comparing Pr 1 with Pr 3, when the sampling ratio
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<
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024 | — Pr2 Pr5
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0 20 40 60 80 100
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Fig. 3 Global model test accuracy with communication efficiency optimization for CNC under different cases:
(a) IID; (b) non-IID (CNC: computing and network convergence; IID: independent and identically distributed.
References to color refer to the online version of this figure)
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increases, the global model accuracy in Pr 3 rises
faster than in Pr 1 as the number of global training
times increases. This is because under the setting
of Pr 3, there are more clients involved in training.
The global model gains more gradient information in
each global training round. Under settings of Pr 5,
although there are fewer sampled clients than in Pr 1,
there is a higher amount of local data in each client.
Richer information about the gradient of each global
training results in a higher convergence rate than in
Pr 1.

However, in Fig. 3b, the curves exhibit some dis-
tinct patterns. The performances under cases Pr 5
and Pr 6 are poorer than that of the others. Un-
der the non-IID dataset, both models in Pr 5 and
Pr 6 show signs of overfitting. Furthermore, when
comparing Pr 2 and Pr 4, or Pr 1 and Pr 3, under
the IID condition, the two curves converge similarly.
However, under the non-IID condition, the higher
sampling ratio in Pr 4 or Pr 3 demonstrates supe-
rior performance. This is because a higher sampling
ratio, involving more models in aggregation, allows
the global model to acquire richer gradient infor-
mation, resulting in faster convergence. Under the
non-IID dataset, where local data distributions are
uneven, an increased participation in model aggre-
gation helps balance the disparities among different
sub-models. Conversely, under the IID dataset, the
Hence, the differences
between the curves are more pronounced in Fig. 3b.

impact is relatively minor.

Fig. 4 shows the variation of the federated learn-
ing communication performance metrics under our
proposed algorithm. Similar to the aforementioned
description, accelerating the increase of model accu-
racy with increasing the number of global training
rounds is achieved at the expense of some commu-
nication performance. Increasing the sampling ratio
will exacerbate the local training energy consump-
tion and the energy consumption for transmitting
model parameters. Moreover, increasing the num-
ber of local training times per global training round
will result in higher local training delays. With the
optimization of federated learning for CNC, we can
adjust the parameter set to achieve the results we
want, depending on the objectives of the federated
learning training.

Compared with other algorithms, the perfor-
mance of our proposed algorithm is significant. Our
proposed approach initially schedules the clients, se-

lecting them for each round based on their com-
puting power information. This reduces the time
delay disparity between client local training dur-
ing each global training round, consequently reduc-
ing the number of local training times per round.
Additionally, the communication resources allocat-
able to clients are intelligently scheduled by CNC,
thereby reducing client communication latency and
energy consumption. As shown in Fig. 5, compared
to FedAvg (McMahan et al., 2017), our method’s
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Fig. 4 Communication performance with communi-
cation efficiency optimization for computing and net-
work convergence (CNC) under different cases: (a)
transmission energy consumption; (b) transmission
delay; (c) local training delay (References to color
refer to the online version of this figure)
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advantages are readily evident in these three met-
In three settings of Pr 1, Pr 2, and Pr 3,
optimization of CNC requires lower local training
delay, lower delay to transmit the model, and lower
energy consumption for the whole training. Specif-
ically, taking the setting of Pr 1 as a reference, our
method can save 19.38% of transmission energy con-
sumption, 46.96% of transmission delay, and 28.41%
of local training delay in each global training round
compared to FedAvg.

rics.
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Fig. 5 Communication performance comparison un-
der the two algorithms: (a) transmission energy con-
sumption; (b) transmission delay; (c) local training
delay (CNC: computing and network convergence; Fe-
dAvg: federated averaging. References to color refer
to the online version of this figure)

For a further comparison, we plot the variation
curves of global model accuracy. Communication
consumption includes local training delay, transmis-
sion energy consumption, and transmission delay
for the three cases based on the non-IID and IID
datasets, as shown in Fig. 6.

In federated learning, energy consumption is
highly dependent on the number of clients participat-
ing in each round and the communication frequency.
In Figs. 6a and 6d, under the Pr 2 setting, lower client
number and lower communication frequency result in
lower energy consumption compared to other cases.
Additionally, more rounds of local training can ac-
celerate both local and global model convergence,
ultimately leading to the best performance indicated
by the orange curves. However, when comparing
Pr 1 to Pr 3, under the IID dataset, Pr 1 with fewer
clients participating in each round (represented by
the blue lines) converges faster, whereas in the non-
IID dataset, Pr 3 demonstrates better performance.
This demonstrates that while resource scheduling in
federated learning training can optimize communi-
cation efficiency, addressing the issue of data hetero-
geneity remains a pressing concern.

Similarly, when using transmission delay as the
metric, as shown by the orange lines for Pr 2 in
Figs. 6b and 6e, the reduced communication fre-
quency with clients results in lower accumulated
transmission delay over multiple global training
rounds, leading to better performance. Regarding
the other curves, Pr 3 outperforms Pr 1 due to a
larger client base, allowing our method to achieve
more optimal resource allocation, and the global
model is less susceptible to the effects of data hetero-
geneity. Moreover, the non-IID dataset can impact
model training, especially under the settings of Pr 2.
In this scenario, involving more clients in each global
training round effectively mitigates this issue with-
out adding unnecessary communication latency, as
demonstrated by the green line of Pr 3.

Finally, when considering local training delay as
the metric, an increase in the number of local training
times implies a proportional increase in local train-
ing delay. In Figs. 6¢ and 6f, Pr 2 (represented by
the orange lines) exhibits the poorest convergence
performance, while the green curves with a higher
sampling ratio perform the best. This difference be-
comes more pronounced when data distribution is
non-11D.



724

1.004—+41oii — ——
0.8
>
§ 0.6 ——— CNC (Pr1)
= I — FedAvg (Pr 1)
< 041 —— CNC (Pr2)
ffffff FedAvg (Pr 2)
02, —— CNC (Pr3)
(@ FedAvg (Pr 3)
o 2 4 6 8 10 12 14
Transmission energy consumption (J)
104
08{ |/
>
§ 0.6 —— CNC (Pr1)
g FedAvg (Pr 1)
< 0.4 ——— CNC (Pr2)
****** FedAvg (Pr 2)
—— CNC (P
0.2 CNC (Pr 3)
c FedAvg (Pr 3)
0 1000 2000 3000 4000 5000
Local training delay (s)
0.9
0.8
0.7
%06
© —— CNC (Pr1)
g 051 (v FedAvg (Pr 1)
0.4 —— CNC (Pr2)
034 M FedAvg (Pr 2)
0.2 —— CNC (Pr3)
014 ® 7 FedAvg (Pr 3)

0 25 50 75 100 125 150 175

Transmission delay (s)

Cai et al. / Front Inform Technol Electron Eng 2024 25(5):713-727

1.0 1
0.8 1
>
§ 0.6 1 — CNC (Pr1)
§ !’ —————— FedAvg (Pr 1)
< 041 [ —— CNC (Pr2)
—————— FedAvg (Pr 2)
—— CNC (Pr3)
0.2
by FedAvg (Pr 3)
0 25 50 75 100 125 150 175
Transmission delay (s)
0.9 { ,
AT
0.8 i
0.7 {
> 0.6
3 ——CNC (Pr1)
S I A — FedAvg (Pr 1)
<041 ———CNC (Pr2)
o34 FedAvg (Pr 2)
0.2 ——CNC (Pr3)
011 (d FedAvg (Pr 3)
0 2 4 6 8 10 12 14
Transmission energy consumption (J)
0.8 1
>
8 0.6 1 — CNC(Pr1)
§ —————— FedAvg (Pr 1)
<04 ——— CNC (Pr2)
—————— FedAvg (Pr 2)
091 —— CNC (Pr3)
(f) ffffff FedAvg (Pr 3)
0 2000 4000 6000 8000 10000 12000

Local training delay (s)

Fig. 6 Test accuracy comparison under the two algorithms: (a) transmission energy consumption (IID); (b)
transmission delay (IID); (c) local training delay (IID); (d) transmission energy consumption (non-IID); (e)
transmission delay (non-IID); (f) local training delay (non-IID) (CNC: computing and network convergence;
FedAvg: federated averaging; IID: independent and identically distributed. References to color refer to the

online version of this figure)

Taking into account the entirety of Fig. 6 and
comparing the optimization of federated learning for
CNC with FedAvg, our proposed method consis-
tently demonstrates superior performance. It does
not exhibit weakness in the presence of data hetero-
geneity, sampling ratios, or communication frequen-
cies compared to FedAvg. Under the same alloca-
tion of communication and computational resources,
our method is capable of training a superior global

model. CNC integrates resources across the en-

tire network, optimizing scheduling effectively from
the perspectives of communication and computing
power. This improves the communication efficiency
and model performance in federated learning.

Fig. 7 provides a comparison of local training
delay disparities under the Pr 1 configuration, pre-
senting our method’s performance in the form of box
plots. After scheduling clients based on their com-
puting power information for each round of training,
the mean difference in the number of local training
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Fig. 7 Local training delay differences in the two
algorithms under the setting of Pr 1 (CNC: com-
puting and network convergence; FedAvg: federated
averaging)

times among the client clusters simultaneously par-
ticipating in each global training round is lower.
Additionally, the boxes in the figure are narrower,
indicating more stable delay disparities and higher
efficiency.

5.2 Simulations under the peer-to-peer archi-
tecture

5.2.1 Parameter settings of the simulation environ-
ment

Due to the chained transmission of model pa-
rameters in the peer-to-peer architecture, the com-
munication time cost is huge. Time delay includes
local training time and transmission time. Based on
this, we designed two experiments.
compares mainly the effect of scheduling based on
computing power under optimization of CNC, while
experiment 2 compares mainly the performance of
different path selection strategies under a few points.
The content of experiment 2 can be found in the sup-

Experiment 1

plementary materials.

In the first experiment, we designed the trans-
mission consumption matrix of 20 clients. The nu-
merical value represents the relative size, and the lo-
cal training delay follows the assumption under the
traditional architecture. All the transmission paths
selected are based on the optimal transmission path
selection strategy. Four settings are simulated in the
experiment, as follows:

1. According to Algorithm 2, in each global
training round, 20 clients are divided into four parts
on average;

2. In each global training round, 20 clients are
divided into two parts on average;

3. In each global training round, 15 clients are
randomly selected and a global model is output;

4. In each global training round, 20 clients are
selected and a global model is output.

5.2.2 Simulation results and analysis

The results of the first experiment are analyzed
first. As shown in Figs. 8a and 8c, under the peer-to-
peer architecture our proposed optimization method
has a higher convergence rate. The larger the num-
ber of subsets is, the better the method performs.
In a more detailed explanation, the greater number
of subsets implies a reduction in the significant local
training delay accumulation caused by chained trans-
missions, and the reduction in the model convergence
rate is relatively minor. Therefore, it exhibits better
performance. Under the non-IID dataset, training
multiple sub-models with more subsets can also pre-
vent the global model from experiencing overfitting,
which would otherwise affect model accuracy.

In Figs. 8b and 8d, regarding the performance
comparison related to transmission consumption,
our proposed method exhibits slightly inferior per-
formance, but the difference is not significant. When
determining the order of transmission paths, the
baseline method relies on a network topology with
the presence of more clients, offering a broader per-
spective for optimized decision-making. In contrast,
our method operates on a subset for determining the
transmission paths, which, within a narrower net-
work perspective, can sometimes lead to local optima
and slightly higher transmission cost. All these four
simulation methods use the output of the optimal
transmission path selection strategy. The disadvan-
tages in terms of transmission consumption are to be
expected.

Overall, our proposed optimization method
greatly reduces the local training delay during train-
ing without excessive transmission or latency con-
sumption. But in reality, the cost of local training
delay is often higher than transmission consumption.
From this point of view, our proposed communica-
tion efficiency optimization of federated learning for
CNC is more practical.

In addition, optimization of CNC under the
peer-to-peer architecture can output models with
higher accuracy than the traditional architecture.
The average accuracy of the former is close to 92%,
while that of the latter is as high as about 97%.
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Finally, we qualitatively study the variation of
the average global training delay with the number of
clients in the peer-to-peer architecture. Fig. 9 shows
the result. Compared to other methods, optimiza-
tion of federated learning for CNC of 6G networks
can guarantee a lower delay rise rate. This ensures
very high communication efficiency during federated
training.

6 Conclusions

CNC of 6G networks is a new network architec-
ture and paradigm. Federated learning can show bet-
ter performance with its support, especially in terms
of communication efficiency. In this case, we propose
communication efficiency optimization of federated
learning for CNC of 6G networks. As the simula-
tion results shown, it has great potential to improve
the federated learning process, especially in balanc-
ing heterogeneous computing power and improving
communication efficiency.
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Fig. 9 Variation of the average global training delay
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