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Abstract—With the continuous improving of performance of
the IoT and mobile devices, a new type of machine learning
architecture, federated learning came into being. And there
is also an increasing need to implement artificial intelligence
frameworks on edge nodes. In this paper, we propose a federated
learning system deployed in edge computing network, which
realizes the server part in distributed form and uses layered
model aggregation and dynamic topology to reduce bandwidth
usage and time consuming. The experiment shows the effec-
tiveness of federated learning algorithm in our system. And
simulation results show that the time cost of our system increases
logarithmically with the number of nodes rather than linearly in
the traditional system.

Index Terms—federated learning, edge computing

I. INTRODUCTION

With the increasing number of end devices such as smart-
phones, wearable sensors and drones, huge amounts of data is
generated at the edge of the network. However, due to limited
wireless communication resources and privacy restrictions, it is
inappropriate to transfer the training data from edge devices to
servers, which makes traditional centralized machine learning
face many difficulties. Therefore, a new branch of machine
learning, federated learning, has emerged from the intersec-
tion of artificial intelligence and edge computing. Federated
learning has inherent advantages in using edge computing to
process data, but there are also many challenges, such as the
large amount of uplink bandwidth required for the terminal to
upload the training results, the insufficient computing capacity
of the terminal and so on.

In view of the advantages and challenges of federated
learning, this paper deploys federated learning in edge com-
puting networks with the model aggregation process gradually
completed on different edge computing nodes, which can
decentralize the computing tasks to each node as much as
possible and reduce the uplink bandwidth usage.

The paper is organized as follows. In section 2, we describe
the related work. In section 3, the framework of our system is
presented. The simulation and analysis are shown in section
4. Finally in section 5, we provide a conclusion.

This work is supported by the National Science Foundation of China
under Grant 61631005 and by the Zhijiang Laboratory Open Project Fund
2020LCOAB01.

II. RELATED WORK

In this section, we will introduce traditional system and
previous studies in federated learning.

A. Traditional Federated Learning System

In the basic architecture there is one server and some
end devices. They collaboratively learn a machine learning
model. In a round of federated learning, the end-user devices
download the current model from the server, and perform local
training with their local data. The server then collects the
updates from the end-user devices and aggregates them to get
new model [1].

B. Previous Studies

There are extensive studies on the application of federated
learning, such as vehicular networks [2], healthcare [3], and
mobile keyboard prediction [4]. Current researches on hor-
izontal federated learning are mainly focused on user-server
architecture, and most federated learning application scenarios
of mobile terminals are suitable for this classic architecture.
For example, Google utilizes federated learning in mobile
terminals such as mobile phones and tablets to improve google
keyboard query suggestions [5].

Due to the limited computing capacity and battery of mobile
devices and unstable wireless network connection, studies in
this field focus on how to select appropriate mobile terminals
to participate in training [6] [7] [8], and how to balance the
power consumption of the mobile terminal with the cost of
wireless transmission power or local computing [9]. Many
researches focus on allowing a large number of learning nodes
to collaborate on a shared global neural network model [10]
[11], while other researches [12] [13] [14] focus on gradient
compression in order to ensure the privacy and security of user
data and overcome the communication bottleneck in federated
learning.

But as the number of end devices involved in federated
learning increases, the method mentioned above is not enough
to solve the bandwidth shortage. Therefore, we propose a
scheme to deploy federated learning in edge computing net-
works in this paper, which uses edge computing to aggregate
model layer by layerand reduce redundant transmission.
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III. SYSTEM DESCRIPTIONS AND MODELS

In this section, we will introduce the main components and
workflow of the system, and the algorithms used in this system
are illustrated as well.

A. System Descriptions

Fig. 1. system structure of federated learning

The system is mainly composed of two parts, several edge
computing nodes and a cloud service. The cloud service does
not participate in the federated learning process, and is mainly
responsible for guiding the end devices to connect to the
appropriate edge node, controlling the joining and exiting of
edge nodes and monitoring the working state of them. In
order to carry out the model aggregation progress in federated
learning, a tree-shaped topology is formed between edge
computing nodes. The edge computing nodes located at the
root node of the structure is called root node, where the results
of each round of federated learning are finally aggregated to
the root node to get new model. In our system the cloud service
modifies the topology of the edge nodes based on the real-time
bandwidth occupancy of the links between them and estimated
local training time.

According to different application scenarios, local model
training can be performed by each edge node or by end
devices connected to the edge node (depending on where
the sensitive data is). In the latter situation, the structure of
each edge node and its end devices is similar to the classic
server-user architecture. Since this paper mainly discusses the
implementation of the server part, we treat edge nodes and
end devices as a whole. For example,in the latter situation,
the local training time of edge node is refer to the time that
the edge node waits for its end devices to complete the local
training and upload the results.

To some extent, the main difference between this system and
the basic one is that it realizes the server part using distributed
edge computing network rather than a single node.

B. The Way to Aggregate Model Layer by Layer

Compare with the basic architecture, ours has many edge
nodes that can be used in model aggregation. This paper
proposes an aggregation method using the topology of the
edge nodes to progress model aggregation layer by layer. This
aggregation method distributes the computing tasks of the root

node to the aggregation nodes of each layer, reducing the com-
puting pressure of the root node and the redundancy of data
transmission in the network greatly. In the basic architecture,
all the end devices connect to the same server, resulting in
congestion. Since the aggregation has been performed before
transmission, the layered and stepwise aggregation method can
ensure that only one gradient data needs to be transmitted in
a link at most.

The steps of edge nodes aggregation process are as follows:
1) Complete the local training.
2) If have child nodes, wait for the child nodes uploading

training results.
3) Aggregate the local training results with the child

nodes’.
4) Upload the aggregated results to the upper node.

Fig. 2. topological structure of federated learning

For example, ωi denotes the local training result of edge
i and ρi denotes the weight of edge i, which can be set as
the amount of end devices connected to the edge node. In the
topology shown in Figure 2, edge nodes 1 and 4, which has no
child node, start uploading data firstly. Edge node 1 multiplies
the parameters of the local model ω1 with local weight ρ1, and
uploads ρ1ω1 and ρ1 to edge node 2. And edge node 4 uploads
ρ4ω

4 and ρ4 to edge node 3 at the same time. Edge node 3
performs an aggregation operation and uploads ρ3ω3 + ρ4ω

4

and ρ3 + ρ4 to edge node 2. Edge node 2 now have received
data from all child nodes, and calculates (ρ1ω1+ρ2ω

3+ρ3ω
3+

ρ4ω
4)/(ρ1 + ρ2 + ρ3 + ρ4) as the result.

C. Federated Learning Algorithm Based on FSVRG and
ADAM

FSVRG algorithm [15] with small changes is adopted in
this system. Here’s how to use the algorithm in our system.

We assume that there are m edge nodes and each edge node
has n samples z1, · · · , zn, and f is the loss function for each
sample where MSE can be used or others chosed as need. Our
goal is to minimize the overall loss function F (ω).

F (ω) =
1

m

m∑
i=1

Fi(ω) (1)

Fi(ω) = E[f(ω, z)] =
1

n

n∑
j=1

f(ω, zji ) (2)

ω̂ = argminF (ω) (3)

In the t-round iteration, m edge nodes locally calculate
∇Fk(ω

t). After aggregation layer by layer the root node gets
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global gradient ∇F (ωt). Then ∇F (ωt) is broadcast to each
edge node. And each edge node solves (4) locally.

ωk = argmin
ω∈Rd

Fk(ω)− (∇Fk(ω
t)− η∇F (ωt))

T
ω (4)

The stochastic gradient descent method(SGD) can be used to
solve this problem, in which each node randomly selects a
sample from the local data to iterate (5) several rounds.

ωk = ωk − h(∇Fi (ωk)−∇Fi

(
ωt
)
+∇F

(
ωt
)
) (5)

The root node also gets gt after aggregation layer by layer
according to (6), and use ADAM [17]((7) to (9)) to get new
model parameters ω(t+1). Note that mt and vt should be
corrected as (10) when the first time using ADAM.

gt =
1

m

m∑
k=1

(ωt − ωk) (6)

mt = β1mt−1 + (1− β1)gt (7)

vt = β2vt−1 + (1− β2)g2t (8)

ωt+1 = ωt − η√
v̂t + ε

m̂t (9)

m̂t =
mt

1− β1
, v̂t =

vt
1− β2

(10)

It can be seen that there are two rounds of aggregation between
each node in one round fedrated learning. In the first round
the global gradient is obtained, while global gradient and SGD
are used to solve the problem (4) in the second round. ADAM
is also used, which means the root node in the second round
need to store the history data mt and vt. If the root node is
changed during two rounds of federated learning, the history
data should be transferred from old root node to the new one.

D. A Heuristic Topological Decision Algorithm in Fedrated
Learning

During different rounds of model aggregation layer by
layer, the topology of edge nodes in fedrated learning can be
changed according to the CPU usage in each node and network
bandwidth usage between them. In order to find an appropriate
topology, we need to find a method estimating the time cost
by a round of fedrated learning using different topologies. In
general, local training time or parameters transmission time
is much lager then the aggregation time, so we ignore the
aggregation time here. To further illustrate the optimization
goal, the following statements are made:

• Each node does not receive data from its child nodes until
it completes its local training.

• Only after receiving data from all child nodes can a node
start transmitting data to its parent node.

• A node receives data from only one child node at a time.

Now we can estimate the time of a round of fedrated learning
with algorithm 1. In algorithm 1, trans t is a n× n matrix,
where trans t [i] [j] is the transmission time from node i to
node j, and lcoal t [i] is the local training time of node i.

And the time of node i finishing receiving data from all child
nodes is denoted as completion t [i].

Algorithm 1 An algorithm for estimating completion time
Input: topology, trans t, lcoal t [i]
Output: completion t of root node

1. From the nodes that have not been assigned
completion t yet, find all the child nodes that have been
assigned completion t.
2. For each node i found in 1,do

(a)completion t [i]← local t[i]
(b)Sort the child nodes of i from smallest to largest by

completion t [j], for each child node j do:
if completion t [i] > completion t [j]
completion t [i]← completion t [i] + trans t [j] [i]

else
completion t [i]← completion t [j] + trans t [j] [i]

3. if completion t of root node is not assigned yet, go
back to step 1.

At first glance, this problem looks like the minimum span-
ning tree problem, but it’s actually much more complicated.
First of all, the upstream and downstream bandwidth is not
symmetric, and which node is the root node directly affects
the overall completion time,so the traditional algorithm of
minimum spanning tree is not applicable. Since a node may
have to wait other nodes finishing computing or transmission,
it is difficult to get a closed solution. According to Caylay
formula, the number of free spanning tree of fully connected
graph with n different nodes is nn−2, consider the different
root node, there are nn−1 different topologies. As the number
of nodes increases, the number of possible topologies increases
dramatically, so it is clear that enumeration methods do not
work either. Therefore, in order to solve this problem, we
design a heuristic algorithm based on the following intuitive
ideas:

• The nodes with high computing capacity should be placed
at a deeper location, so the nodes with low computing
capacity can have more sufficient time to complete the
local training.

• Let the completion time of each child node not equal,
such as an arithmetic sequence, to avoid waiting as much
as possible.

Fig. 3. illustration of saturated structure
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Consider an extreme case that all nodes have the same local
training time and the same bandwidth across them. Since all
the nodes start local training at the same time, we can consider
only the transmission time. Figure 3-(1) shows the topology
of two nodes, and the number in the node is the completion
time of the node. Since the local training time is not taken
into account, the completion time of the child node is 0. And
the root node has to wait for the child node transmitting data,
which is denoted as 1 here for one data transmission time.
When the number of nodes increases to 3, the completion time
of root node increases to 2. In Figure 3-(2), both child nodes
have 0 completion time but since one child node has to wait
for the other one transmitting data. Increasing the completion
time of a child node to 1 does not affect the completion time
of the root node, so one more node is add to the child node
in Figure 3-(3), and it’s impossible to add more node while
keeping root node’s completion time unchanged. We call this
a saturated structure. The saturated structure are showed in
Figure 3-(1),(3),(4). The completion time of the child nodes of
each node in the saturated structure is an arithmetic sequence.
The saturated structure with m completion time is equivalent
to the saturated structure containing 0 to m − 1 respectively
under the root node, and likewise, the saturated structure
with m − 1 completion time is equivalent to the saturated
structure containing 0 to m − 2 respectively under the root
node. Therefore, it can be seen that the number of nodes in
saturated structure with m completion time is twice as much as
it with m−1 completion time. It is not difficult to conclude that
the saturated structure of completion time m has 2m nodes,
which means that when the number of nodes n = 2m, only
the saturated structure with completion time m is the best.
When 2m−1 < n < 2m, the completion time is at least m,
but with many topologies satisfied. One possible strategy is to
remove several subtrees from root node of saturated structure
with completion time m.

Fig. 4. illustration of saturated structure

For example, when n = 11, 23 < n < 24, we should
remove 24 − n = 5 nodes in Figure 4. Since 5 = 20 + 22,
the removed nodes can be the subtrees of 0 and 2 completion
time which are marked by red boxes. We call the topology
left as saturated structure of n nodes. Once the topology is

obtained, each node can be placed into the structure according
to a certain strategy. Now we have algorithm 2. In algorithm 2,
n denotes the number of nodes, saturation m[i] denotes the
number of nodes whose completion time is i in the extreme
case mentioned above. And trees[i](i ∈ {0, 1, . . . ,m}) are
sets to store these nodes.

Algorithm 2 A heuristic topological decision algorithm
Input: n, trans t, lcoal t [i]
Output: trees[m]

1. Find m let 2m−1 < n ≤ 2m, saturation m[m]←
1,saturation m[i]← 2m−i−1(i ∈ {0, . . . ,m− 1}), Initial-
ize trees[i](i ∈ {0, . . . ,m}) to be empty.
2. For every bits of 2m − n (unsigned int): if (i+1)-th
bit is 1, then saturation m[i] ← saturation m[i] − 1
and saturation m[j]← saturation m[j]− 2i−j−1(j ∈
{0, . . . , i− 1})
3. Sort the child nodes from smallest to largest by local t
and put them into a queue named unused node. Let set
trees[i](i ∈ {0, . . . ,m}) empty
4. For each i in {0, 1, . . . ,m} do saturation m[i] times:

(a)Take a node from unused node(whos index denoted
as r) as the root node of a new subtree

(b)if i is not 0, for j in {0, 1, . . . , i− 1} do
For each node in trees[j], use algorithm 1 to estimate

completion t[r] after adding the node as child node. Find
out one leading to the smallest completion t[r].

Add that node as root node’s child node .
Remove that node from trees[j] and update

completion t[r].
(c)Put node r in trees[i]

E. The Process by which the Cloud Service Modifies the
Topology

In a specific application the model trained by federated
learning is predetermined, so as well the size of parameters and
the calculation needed for local training. Therefore, the cloud
server can estimate the transmission time and local training
time through residual computing capacity of each nodes and
unused bandwidth between them. With the transmission time
and local training time, the cloud server is able to make a
strategy for edge nodes to modify current topology. The main
steps are as follows:

1) Read the residual computing capacity of each nodes and
unused bandwidth beetween them.

2) Estimate the transimition time and local traning time.
3) Use algorithm 2 to get the new topology.
4) If current aggregation progress is the second round of

federated learning algorithm described in part C, use
algorithm 1 get completion time of new topology and old
topology. If the latter is less than the former plus twice
the transition time from the old root to the new root, keep
current topology unchanged and exit, otherwise take step
5.

5) Send and apply new topology to each edge node.
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IV. PERFORMACE SIMULATION AND ANALYSIS

A. Experiments on Federated Learning Algorithm

In order to verify the validity of the algorithm and method
used in our federated learning system, we deployed the system
on four edge nodes and conducted experiments based on mnist
handwritten datasets [16]. Four edge nodes contain non-iid
data. Specifically, node 1 has 400 data of tag 0, 400 data of
tag 1, and 200 data of tag 2. Node 2 has 200 data of tag 2,
400 data of tag 3, and 400 data of tag 4. Node 3 has 400 data
of tag 5, 400 data of tag 6, and 200 data of tag 7. Node 4 has
200 data of tag 7, 400 data of tag 8, and 400 data of tag 9.
The model used in the experiment is a simple convolutional
neural network, which consists of two convolutional layers, a
full connection layer and a softmax layer.

The experimental results are shown in the Figure 5. Obvi-
ously, the convergence speed and accuracy of FSVRG with
ADAM algorithm performs better than simple FSVRG algo-
rithm or SGD algorithm, which demonstrates the effectiveness
of the new algorithm in our federated learning system.

Fig. 5. comparison of federated learning algorithm

B. Experiments on Dynamic Topology

The experiment of dynamic topology structure adopts the
form of simulation experiment. Given the number of nodes,
the time required for local training of each node and the
time required for data transmission between each node(the
transmission time reflects bandwidth limitations) are randomly
generated. The topology structure under the current parameters
is obtained by the dynamic topology decision algorithm pro-
posed in this paper, and the structure is compared with some
other structures.

In Figure 6 it can be seen that the average time required
for a round of federated learning with star shaped topology
(the traditional user-server structure) is larger then the others,
especially when there are a large number of nodes. The main
reason is that the federated learning of the star structure is
limited by the server bandwidth. When the number of nodes
increases to a certain extent, the time required for aggregation
will increase linearly with the number of users. This also
reflects the advantages of layered aggregation, which means
different aggregation nodes are parallel to each other, making

Fig. 6. comparison with traditional user-server structure

Fig. 7. comparison with binary tree and static saturated structure

full use of network bandwidth and reducing unnecessary
transfers.

In the Figure 7, the static saturation structure refers to the
saturation structure mentioned above but does not change with
the bandwidth between each node. The binary tree in the figure
above is also a static binary tree structure. It can be seen
that the average time of the saturated structure increases in
a step-like way. This is because when the number of nodes
reaches 2m, the depth of the saturated structure increases by
1, and the average time increases by about one time required
for data transmission. However, when n is between 2m−1 and
2m, the depth of saturated structure is constant, so the change
of average time is not obvious. It can be seen from the figure
7 that the dynamic saturated structure is obviously better than
the static saturated structure and the binary tree structure.

If we only look at the situation of n = 2m, we can see that
the average time increases logarithmically with the number of
nodes. That’s because when n doubled, m increases 1, and
the depth of the tree structure increases 1, so averagely the
completion time increases average transmission time.

V. CONCLUSION

In this paper, we propose a federated learning system
deployed in edge computing network and explain the workflow
and advantages of our system. For details, we also present the
federated learning method based on FSVRG and ADAM and
the topology decision algorithm to help building the federated
learning system. The experiment and simulation demonstrate
the efficiency of our system.
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Fig. 8. the average time increases logarithmically with the number of nodes
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[13] Konečný J, McMahan H B, Yu F X, et al. Federated learning:
Strategies for improving communication efficiency[J]. arXiv preprint
arXiv:1610.05492, 2016.

[14] Dryden N, Moon T, Jacobs S A, et al. Communication quantization for
data-parallel training of deep neural networks[C]//2016 2nd Workshop
on Machine Learning in HPC Environments (MLHPC). IEEE, 2016:
1-8.
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