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Nowadays, more and more federated learning algorithms have been implemented in
edge computing, to provide various customized services for mobile users, which has
strongly supported the rapid development of edge intelligence. However, most of them
are designed relying on the reliable device-to-device communications, which is not a
realistic assumption in the wireless environment. This paper considers a realistic aggre-
gation problem for federated learning in a single-hop wireless network, in which the
parameters of machine learning models are aggregated from the learning agents to a
parameter server via a wireless channel with physical interference constraint. Assuming
that all the learning agents and the parameter server are within a distance Γ from each
other, we show that it is possible to construct a spanning tree to connect all the learning
agents to the parameter server for federated learning within O(log Γ) time steps. After
the spanning tree is constructed, it only takes O(log Γ) time steps to aggregate all the
training parameters from the learning agents to the parameter server. Thus, the server
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†Corresponding author.
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can update its machine learning model once according to the aggregated results. The-
oretical analyses and numerical simulations are conducted to show the performance of
our algorithm.

Keywords: Federated learning; edge intelligence; wireless networks; distributed
computing.

1. Introduction

The past decades have witnessed a rapid development of machine learning tech-
niques and their wide applications in various scenarios, such as in the smart health-
care system,1 intelligent transportation system,2 cyberphysical system,3–5 and some
smart home applications.6–9 In the machine learning techniques, the most standard
approach is the centralized one, in which the training data is kept in a central-
ized database and trained with a single machine learning model.10–12 However, this
approach has the following concerns: (a) the efficiency of machine learning is limited
by the computing resource of the centralized training device. In other words, if the
centralized training device is not strong enough, it may take a long time to obtain
a well-trained learning model; (b) such a database with all the training data is not
available, not only due to the privacy concerns from the users but also because
of the limited resources for storage and data transmission. To overcome the weak-
nesses mentioned above, the federated learning in Ref. 13 has been developed as a
promising approach, in which agents collaboratively learn a global machine learning
model while keeping the data locally on their devices.14–18 Specifically, each learn-
ing agent holds a local storage for its private data, and trains its learning model
from its own data. Then, the parameters of learning model will be aggregated to a
parameter server. The parameter server updates the parameters according to the
results of aggregation, and disseminates the new updated parameters to all learning
agents. By doing this, a distributed learning framework has been implemented, in
which the learning model of each agent is trained locally while a global optimization
is obtained.

Due to its advanced distributed framework, in recent years, a series of fed-
erated learning algorithms have been designed over wireless networks, including
those in Refs. 13 and 19–25, most of which rely on the reliable communications
between devices. Specifically, the authors in Ref. 20 studied federated optimization
in machine learning by considering that each device in the network has only a tiny
fraction of the total data available. In Ref. 21, the authors advocated a federated
learning method that leaves the training data distributed on the mobile devices,
and learns a shared model by aggregating locally computed updates. In Ref. 22, a
distributed learning algorithm based on the machine learning framework of deep
echo state networks is proposed to predict the orientation and locations of VR
users. In Ref. 23, a novel federated learning algorithm is proposed to minimize the
communication cost. In Ref. 24, the problem of joint power and resource alloca-
tion for ultra-reliable low-latency communication in vehicular networks is studied,
by proposing a novel distributed approach based on federated learning. However,
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when the federated learning algorithms are designed in the wireless domain, most
of the previous works have the assumption that the communications are reliable
and sometimes the latency is ignored. A survey in Ref. 26 indicates that when the
communication is unreliable or fails, the efficiency and correctness of the feder-
ated learning will be reduced. The research in Ref. 27 also discusses that federated
learning will encounter training errors when the wireless channels are not reliable.
In Ref. 28, an analytical model to characterize the effect of packet transmission
errors on the performance of federated learning is given. However, the transmis-
sion error model is not comprehensive enough to depict the various failures of
communications.

In this paper, we consider the parameter aggregation problem from the learning
agents to the parameter server in an unreliable wireless network. The key prob-
lem to be solved in this paper is how to provide a reliable and efficient parameter
aggregation process for federated learning. We answer this problem with a dis-
tributed spanning tree construction algorithm, by which all the learning agents
can be connected to the parameter server within O(log Γ) time slots and also all
parameters can be aggregated to the server within O(log Γ) time slots. Γ is the
maximum distance between the agents and the server. The contributions of our
work are summarized in the following.

To the best of our knowledge, our paper is one of the first considering the
parameter aggregation problem for federated learning in wireless network within an
unreliable communication model, especially with physical interference constraints.
In our paper, a distributed algorithm is proposed, which can connect all the learning
agents to the server by performing a spanning tree construction within O(log Γ) time
slots. Additionally, we show that when the spanning tree has been constructed, it
takes O(log Γ) time slots to aggregate all parameters of learning agents to the server.
In other words, the global machine learning model of the whole federated learning
system can be updated within every O(log Γ) time slots, which is an efficient result
in distributed and wireless communication environment. Both theoretical analyses
and extensive simulations are conducted to show the correctness and efficiency of
our algorithm.

Roadmap. In Sec. 2, a detailed federated learning model in wireless channel
is given. Our wireless federated learning tree construction and aggregation algo-
rithm is presented in Sec. 3. In Sec. 4, a detailed theoretical analysis is given. The
simulated results are presented in Sec. 5. Finally, in Sec. 6, we conclude our paper.

2. Federated Learning Model

We consider such a federated learning system in which n learning agents and a
parameter server are arbitrarily deployed in a two-dimensional Euclidean space.
Each learning agent has only a tiny fraction of the total data, which will be used
to train its local machine learning model. The execution of federated learning algo-
rithm in our system can be divided into successive epochs, each of which contains

2350220-3

J 
C

IR
C

U
IT

 S
Y

ST
 C

O
M

P 
D

ow
nl

oa
de

d 
fr

om
 w

w
w

.w
or

ld
sc

ie
nt

if
ic

.c
om

by
 P

E
K

IN
G

 U
N

IV
E

R
SI

T
Y

 o
n 

03
/1

9/
23

. R
e-

us
e 

an
d 

di
st

ri
bu

tio
n 

is
 s

tr
ic

tly
 n

ot
 p

er
m

itt
ed

, e
xc

ep
t f

or
 O

pe
n 

A
cc

es
s 

ar
tic

le
s.



2nd Reading

February 21, 2023 20:35 WSPC/123-JCSC 2350220

S. Li, Y. Zheng & Y. Zou

four stages. The first stage is learning stage, in which each agent trains its machine
learning model with its local database; the second stage is aggregation stage, in
which all agents aggregate their new parameters of machine learning models to the
parameter server; the third stage is the updating stage, in which the server updates
its machine learning parameters according to the aggregated results; and the final
stage is the dissemination stage. In this stage, the server disseminates the updated
parameter to all learning agents. By repeating the epochs for sufficient times, a
global optimal machine learning model is obtained on the parameter server and all
the learning agents. In the first stage and the third stage, the learning rule and
updating rule are determined by the machine learning algorithm itself and may
vary in solving different problems. In the final stage, the downlinks from the server
to the learning agents can be completed with a global broadcast. In this paper, we
focus on the parameter aggregation in the second stage.

To support the parameter aggregation process, stable and fast communications
between devices are necessary. However, in a wireless channel, it is not easy to guar-
antee the reliable and efficient communications because of collision and interference.
The communications fail if two packets are transmitted simultaneously, and have
the same destination, which is termed as a collision on the receiver. Besides, the
packet receipt will fail if the interference at the receiver is very high.

SINR model. We assume that all learning agents and the server have a syn-
chronized time clock, and a time slot is the unit for message transmission. Let W1

and W2 be the sets of devices which transmit or listen in a time slot. The devices
in the sets W1 and W2 are also termed as transmitters and receivers for short,
respectively. For each pair of nodes u ∈ W1 and v ∈ W2, its SINR value SINR(u, v)
is defined as follows:

SINR(u, v) =
Pu/dα(u, v)∑

w∈W1\{u} Pw/dα(w, v) + N
. (1)

In the above definition, Pu and Pw are the transmission powers of devices u and w.
d(u, v) and d(w, v) are the Euclidean distances between devices (u, v) and devices
(w, v), respectively. α is the path-loss exponent, which is a constant determined
by the environment and is usually within (2, 6]. The formula Pu/dα(u, v) indicates
a fact that when the signal from u arrives at v, its strength gets weaker. For the
transmissions from u to v, the signals from all the other transmitters w ∈ W1 \ {u}
are regarded as interference. Only when the signal from u is β times larger than
the sum of interference plus noise, can the receiver v receive and decode the packet
from u. Constant β is a hardware-determined threshold, and N is the ambient noise
of environment.

Capability and knowledge of devices. We assume that all the learning
agents and the server have the following abilities in transmission: (1) each device is
equipped with a half-duplex transceiver so that in each time slot, it can choose to
transmit or listen, but cannot do both; (2) the minimum distance between devices
is normalized as 1, and the maximum distance is denoted by Γ; (3) all devices have
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the maximum transmission power P . From our SINR equation, it is necessary to
have P ≥ ΓαβN ; and (4) each device knows its location information, which can be
obtained from a GPS service.

3. Tree Construction and Parameter Aggregation

In this section, we show how a spanning tree is constructed to connect all the learn-
ing agents to the parameter server, and to provide efficient parameter aggregations.
Considering that if all n learning agents are directly connected to the server, it
takes at least n time slots for the server to receive all the parameters of agents
because the server can at most receive one message per slot. Thus, it is significant
to construct a tree structure to efficiently aggregate the parameters from learning
agents. In the following, we show how the tree structure is built layer by layer by
our algorithm.

Before the algorithm execution, we grid our network by the square cells of size
1√
2
× 1√

2
. Point (0; 0) is the grid origin. Each cell includes its left side without the

top endpoint, and its bottom side without the right endpoint, and does not include
its right and top sides. We say that (i; j) is the coordinate of the cell with its
bottom-left corner located at ( i√

2
; j√

2
) for integers i and j. A cell with coordinate

(i; j) is denoted as c(i; j). Let (xv , yv) be the coordinate of node v. Then, xv = i

and yv = j if agent v locates in the cell c(i; j). For any two nodes u and v, we say
that they are in the same window in terms of i if xv mod 2i+1 = xu mod 2i+1

and yv mod 2i+1 = yu mod 2i+1.
Our tree construction and parameter aggregation algorithm (Algorithm 1) con-

sists of the following two parts: the WFLTree Construction (Algorithm 2) in part
one, and the Parameter Aggregation with WFLTree (Algorithm 3) in part two.

Algorithm 1. WFLTree parameter aggregation for agent v

Initialization: v ∈ V0;
1: i = 0;
2: while i ≤ log Γ do
3: Tree-Construction(i);
4: i = i + 1;
5: end while
6: i = 0;
7: while i ≤ log Γ do
8: Parameter-Aggregation(i);
9: i = i + 1;

10: end while
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Algorithm 2. Tree-Construction(i) for agent v

1: if v ∈ Vi then
2: j=0;
3: while j ≤ c ∗ c do
4: if j = c ∗ (xv mod c) + yv then
5: Transmit with power Pi;
6: Vi+1 ← {v};
7: else
8: Listen;
9: if receiving a message from u in the same window in terms of i then

10: Parentv = u;
11: v keeps silent in the remaining slots;
12: end if
13: end if
14: j ← j + 1;
15: end while
16: end if

Algorithm 3. Parameter-Aggregation(i) for agent v

1: if v ∈ Vi then
2: j=0;
3: while j ≤ c ∗ c do
4: if j = c ∗ (xv mod c) + yv then
5: Transmit {Parentv +Mv} with power Pi;
6: end if
7: j ← j + 1;
8: end while
9: end if

10: if v ∈ Vi+1 then
11: j = 0;
12: while j ≤ c ∗ c do
13: Listen;
14: if receiving {Parentv +Mv} from v and Parentv = u then
15: Update its parameterMu according to Mv;
16: end if
17: j ← j + 1;
18: end while
19: end if
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In the first part, all agents are the leaves of a tree initially, and a spanning tree is
constructed layer by layer from the bottom agents. Similarly, in the second part,
all parameters are stored in the leaf agents, and will be aggregated layer by layer.
The detailed executions of parts one and two are given in the following.

Part one (WFLTree Construction). Initially, all the n learning agents are
the leaves of our tree structure, denoted by the set V0. Our wireless federated
learning tree (WFLTree) is constructed layer by layer by executing the function
Tree-Construction(i) in Algorithm 1 by setting i = 0, 1, . . . , log Γ. In other words,
by executing the function Tree-Construction(0), a set of agents are selected as the
parents of agents in set V0. Those parents constitute the set V1. Then, the agents
in set V1 execute the function Tree-Construction(i) again to constitute a new set
V2. As proved in the next section, by repeating this process for at most (log Γ + 1)
times, a spanning tree is constructed and the final root agent directly connects to
the server. We say that only the server is in the set Vlog Γ+1.

The detailed execution for an agent v in set Vi is given in the following:
In the following c ∗ c time slots, v transmits at the jth slot with a transmis-
sion power Pi, and listens in the other slots. jv = c ∗ (xv mod c) + yv and
c = 2 ∗ �[(32 · α−1

α−2 + 4) · 2β · 2α/2]
1
α � + 2. When v listens, if it receives a mes-

sage from an agent u in the same window in terms of i, v becomes the child
of u and keeps silent in the remaining slots. When v transmits in the slot j, it
has the transmission power Pi = 2Nβ ∗ 2iα and becomes a member in the set
Vi+1.

Part two (Parameter Aggregation with WFLTree). Our WFLTree helps a
lot in the parameter aggregation process. Initially, all the parameters are generated
by the leaf agents, all of which belong to the set V0. Then, those parameters are
aggregated layer by layer by executing the function Parameter-Aggregation(i) in
Algorithm 1 by setting i = 0, 1, . . . , log Γ. Specifically, by executing the Parameter-
Aggregation(i) once, those parameters will be aggregated from set Vi to Vi+1 for i =
0, 1, . . . , log Γ. Since only the server is in the set Vlog Γ+1, by repeating Algorithm 1
for (log Γ + 1) times, all parameters are aggregated to the server.

The detailed execution for the function Parameter-Aggregation(i) is given in
the following, in which v is in the set Vi and u is in the set Vi+1. In the following
c ∗ c time slots, v transmits at the jth slot with transmission power Pi. jv = c ∗ (xv

mod c) + yv, c = 2 ∗ �[(32 · α−1
α−2 + 4) · 2β · 2α/2]

1
α �+ 2, and its transmitted message

includes its parent’s ID and its parameter; for the node u in set Vi+1, it listens in
the following c ∗ c time slots, if it receives a message from agent v, and the parent
of v is u, u updates its parameter according to the parameter of node v.

By Algorithm 1, our WFLTree is constructed layer by layer within the time com-
plexity of O(log Γ), and the parameters in agents are aggregated to the server within
O(log Γ) time slots. Figure 1 is an example of how our WFLTree is constructed and
the parameters are aggregated.
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Fig. 1. An example of how our WFLTree is constructed and the parameters are aggregated.

4. Algorithm Analysis

Our analysis section consists of two parts. In the first part (Sec. 4.1), we show the
efficiency and correctness of our wireless federated learning tree construction. In the
second part (Sec. 4.2), we analyze the time complexity for parameter aggregation.

4.1. Analysis for WFLTree construction

We first show the time complexity of our tree construction.

Lemma 1. The time complexity of our wireless federated learning tree construc-
tion is O(log Γ).

Proof. Our wireless federated learning tree construction was completed by exe-
cuting the function Tree-Construction(i) for (log Γ + 1) times. Each execution of
the function Tree-Construction(i) requires c ∗ c time slots, in which c is a constant.
Thus, the time complexity of our wireless federated learning tree construction is
O(log Γ).

In the next, we show that all the agents are connected to the server by our
wireless federated learning tree construction. The analysis starts from executing
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the function Tree-Construction(0). Initially, all agents are in the set V0. After the
execution of the function Tree-Construction(0), some agents move into the set V1

while the others are left in the set V0.

Lemma 2. By executing the function Tree-Construction(0), all agents in the set
V0 are connected to the agents in the set V1 if V0 is not empty.

Proof. From our algorithm design, for any node v, it becomes a member in set V1

if it transmits in slot jv, or is left in the set V0 because of receiving a message from u

before the slot jv and u is in the same window in terms of i = 0 with v. Thus, let w

be any of the agents left in the set V0, after the execution of Tree-Construction(0).
According to the above analysis, w must receive some messages from the agent u

before the slot jw and u is in the same window with w in terms of i = 0. In this
case, w is connected to the agent u, and u becomes a member in the set V1 after
the slot ju.

Lemma 3. By executing the function Tree-Construction(0), for any pair of nodes
u and v in set V1, it is impossible that u and v are in the same window in terms of
i = 0.

Proof. Before the execution of the function Tree-Construction(0), for any pair of
nodes u and v in set V0, it is impossible that u and v are in the same window in
terms of i = −1. Otherwise, the minimum distance between u and v is smaller than
1, which violates our assumption in Sec. 2. Then, in the execution of the function
Tree-Construction(0), for any window in terms of i = 0, the agents in that window
must transmit in different slots. We prove that for any two agents u and v in a
window in terms of i = 0, if u transmits, v can receive the message from u in the
following claim.

Claim 1. For any two agents u and v in a window in terms of i = 0, if u transmits,
SINR(u, v) ≥ β.

Proof. According to our SINR model, we have the following equation:

SINR(u, v) =
Pu/dα(u, v)∑

w∈W1\u Pw/dα(w, v) + N
. (2)

According to our transmission scheme, the node v with coordinates (xv; yv) will
transmit at the jvth slot, in which jv = c ∗ (xv mod c) + yv. With a similar area
argument in Claim 2 of Ref. 31, we can prove that

∑
w∈W1\u

Pw

dα(w, v)
≤

(
32 ∗ α− 1

α− 2
+ 4

)
∗ 2Nβ ∗ 2α/2

(c− 1)α
. (3)

By setting c = 2 ∗ �[(32 · α−1
α−2 + 4) · 2β · 2α/2]

1
α �+ 2, we have SINR(u, v) ≥ β.
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Lemma 4. By executing the function Tree-Construction(0), for any node u in the
set V1, it at most has three children in the set V0.

Proof. From our algorithm description, we know that an agent v in the set V0

becomes a member in set V1 if it transmits in the slot jv, and is left in set V0 if it
receives a message from an agent in the same window in terms of i = 0. Note that
the window in terms of i = −1 at most contains one agent. Thus, for a window in
terms of i = 0, it at most contains four agents, in which one will transmit, become
the parent of the other agents, and a member of set V1; and the others will be the
children and left in the set V0. Thus, for any agent in the set V1, it at most contains
three children in the set V0.

With the above analysis, we know that (a) in a window in terms of i = 0, all
agents in that window will transmit in different slots; (b) if u is the only transmitter
in its window, all the other agents in the same window will receive it. Combining
these two results together, we prove the result that for each window in terms of
i = 0, it at most contains one agent in the set V1.

With similar proofs, we can extend the results of Lemmas 2–4 to the more
general cases with i = 1, 2, . . . , log Γ.

Lemma 5. By executing the function Tree-Construction(i) with i = 0, 1, . . . ,

log Γ :

(a) all agents in the set Vi are connected to the agents in the set Vi+1 if Vi is not
empty;

(b) for any pair of nodes u and v in the set Vi, it is impossible that u and v are in
the same window in terms of i− 1;

(c) for any node in the set Vi+1, it at most has three children, which belong to the
set Vi.

By setting i = 0, 1, . . . , log Γ one by one, we can prove that all the agents in the
set V0 are connected to the agents in the set Vlog Γ. Additionally, from Lemma 5,
we know that there is at most one agent in Vlog Γ that locates in the window with a
size of Γ√

2
∗ Γ√

2
. In other words, there is at most one agent in the set Vlog Γ. Finally,

the only agent in the set Vlog Γ connects to the parameter server. Until then, we
prove the correctness of our WFLTree construction.

4.2. Analysis for parameter aggregation

After our WFLTree is constructed, those parameters can be aggregated layer
by layer. First, we prove the time complexity of our parameter aggregation
process.

Lemma 6. The time complexity of parameter aggregation is O(log Γ).
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Proof. After our WFLTree is constructed, the parameter aggregation can be com-
pleted by executing the function Parameter-Aggregation(i) for log Γ times. Each
execution of the function Parameter-Aggregation(i) requires c ∗ c time slots. Thus,
the time complexity of the parameter aggregation is O(log Γ).

In the next, we show the correctness of parameter aggregation. Initially, all the
parameters are stored in the agents that belong to the set V0.

Lemma 7. After executing the function Parameter-Aggregation(0), all parame-
ters are aggregated to the agents that belong to the set V1.

Proof. From our WFLTree construction, each node u that belongs to the set V0 has
a parent v in set V1. When the function Parameter-Aggregation(0) is executed, v

transmits in the slot jv. With a similar proof in Claim 1, we show that SINR(u, v) ≥
β, i.e., the parameter of v is aggregated to the agent u, which is the parent of v in
the set V1.

With a similar analysis, we can extend the above result to the cases where i =
1, 2, . . . , log Γ. Finally, when i = Γ, all parameters are aggregated to the parameter
server.

5. Simulation Results

In this section, we investigate the performance of our algorithm when the network
parameters vary. Specifically, we focus on the running time of WFLTree construc-
tion, parameter aggregation, and total running time of the algorithm when the
maximum distance of agents Γ, the number of nodes n, and the SINR parameters
α, β vary. Note that we have already proved the correctness of our algorithm and
showed that the time complexities for the WFLTree construction, parameter aggre-
gation, and total algorithm are O(log Γ). In the following, we show the numerical
running time of our algorithm in simulation. The maximum distance of agents Γ and
the number of nodes n indicate the scope and size of the federated learning network,
and the SINR parameters α, β represent the wireless communication environment.

Parameter setting. In simulation, we randomly and uniformly deploy n learn-
ing agents into a square area with a size of Γ√

2
× Γ√

2
. The minimum distance between

agents is 1 and the maximum distance Γ varies within [100, 300]; the number of
agents varies within [1000, 5000]; and the SINR parameters are set as α = 3, β = 1.5,
α = 4, β = 1.5, α = 3, β = 2, and α = 4, β = 2, respectively, to simulate different
communication environments. Additionally, we set c = 10 and normalize N = 1.
Our simulation is conducted in a Linux machine with Intel Xeon CPU E5-2670@2.60
GHz and 128-GB main memory, implemented in C++ programming language. For
each reported result, the executions are repeated for over 20 times.

The performance of our algorithm. In this part, we investigate the running
time of WFLTree construction, parameter aggregation, and total algorithm when
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Fig. 2. The running times of WFLTree construction, parameter aggregation, and total algorithm
when the maximum distance Γ, the number of agents n, and the SINR parameters α and β vary.
(a) WFLTree construction with α = 3, β = 1.5. (b) Parameter aggregation with α = 3, β = 1.5.
(c) Total running times with α = 3, β = 1.5. (d) WFLTree construction with α = 4, β = 1.5.
(e) Parameter aggregation with α = 4, β = 1.5. (f) Total running times with α = 4, β = 1.5. (g)
WFLTree construction with α = 3, β = 2. (h) Parameter aggregation with α = 3, β = 2. (i) Total
running times with α = 3, β = 2. (j) WFLTree construction with α = 4, β = 2. (k) Parameter
aggregation with α = 4, β = 2. (l) Total running times with α = 4, β = 2.
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the maximum distance Γ ∈ [100, 300], the number of agents n ∈ [1000, 5000], and the
SINR parameters α = 3, 4 and β = 1.5, 2. Specifically, all the curves are presented
in Fig. 2, in which the x-axis and y-axis represent the number of agents and the
number of slots. From the curves of Fig. 2(a) with α = 3 and β = 1.5, we can see
that the running time of WFLTree construction keeps stable when the number of
agents n varies. However, it increases from 1, 350 to 1, 650 when Γ gets larger from
100 to 300. Besides, according to our theoretical result for O(log Γ), the constant
behind O is about 200.

Figures 2(b) and 2(c) show the running times of parameter aggregation and
total algorithm when α = 3 and β = 1.5, from which we can see a similar tendency
with the conclusions in WFLTree construction. Specifically, the running times of
parameter aggregation and total algorithm get larger when Γ is larger, and keep
stable for different n. Their constants behind O are about 200 and 400, respectively.
Additionally, by comparing the running times of WFLTree construction, parameter
aggregation, and total algorithm with different SINR parameters, we can see that
they are nearly the same when α and β vary. In other words, our algorithm is
insensitive to communication environment in terms of running time.

6. Conclusion

Different from the previous wireless federated learning works that are based on the
reliable device-to-device communications, this paper considers the parameter aggre-
gation problem from n learning agents to a parameter server under an unreliable
wireless environment. Then, a wireless federated learning tree, termed as WFLTree,
is constructed within O(log Γ) time slots to connect all the agents to the param-
eter server, in which Γ is the maximum distance between agents. Based on our
WFLTree, the parameters from n agents can be aggregated to the parameter server
within O(log Γ) time slots. Our work provides much faster result (log Γ) compared
with n slots, which is the lower bound if all learning agents are directly connected
to the parameter server. Extending our research to mobile environments will be our
work in the future.
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