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Distributed Weighted Data Aggregation Algorithm in End-to-Edge
Communication Networks Based on Multi-armed Bandit
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Abstract As a combination of edge computing and artificial intelligence,edge intelligence has become a promising technique and
provided its users with a series of fast,precise,and customized services. In edge intelligence, when learning agents are deployed on
the edge side,the data aggregation from the end side to the designated edge devices is an important research topic. Considering the
various importance of end devices, this paper studies the weighted data aggregation problem in a single hop end-to-edge communi-
cation network. Firstly,to make sure all the end devices with various weights are fairly treated in data aggregation,a distributed
end-to-edge cooperative scheme is proposed. Then, to handle the massive contention on the wireless channel caused by end de-
vices,a multi-armed bandit (MAB) algorithm is designed to help the end devices find their most appropriate update rates. Diffe-
rent from the traditional data aggregation works,combining the MAB enables our algorithm a higher efficiency in data aggrega-

tion. With a theoretical analysis,we show that the efficiency of our algorithm is asymptotically optimal. Comparative experiments

with previous works are also conducted to show the strength of our algorithm.

Keywords
Chinese Library Classification TP393

1 Introduction

As a combination of edge computing and artificial intelli-
gence.edge intelligence (ED) has developed rapidly in recent
years and gained increasing attention from industrial and aca-
demic research™®, By offloading the computing tasks from
the cloud to the edge, EI significantly reduces its communica-
tion latency compared to traditional cloud computing'. Be-
sides, with the help of artificial intelligence, edge nodes can
provide users with flexible and customized services after a se-
ries of complex computing based on machine learning models.

To support the computing tasks on the edge side, the data
of end devices should be aggregated to the designated edge de-
vices rapidly. Thus, the data aggregationis a fundamental and
important research topic in EI®J. As a branch, the weighted
data aggregation additionally considers the weight of data in
aggregation. Thus, it is more realistic and flexible. A typical
example is that some emergency messages should have higher
priorities on intelligent transportation systems'*!.

In general, the existing weighted data aggregation ap-
proaches can be divided into two categories: centralized and

distributed. In the centralized scheme.a centralized node is re-

Submission data:2022-11-15 Modification data:2023-01-16

Weighted data aggregation, End-to-edge communication, Multi-armed bandit, Edge intelligence

sponsible for scheduling all the data according to the global in-
formation of the network” '), Although the centralized me-
thod is highly efficient, it requires that the centralized node
should have a global view of the weights and number of
nodes, and undertake a heavy computing task for the centra-
lized control. Thus.,it is not suitable for large-scale edge intel-
ligence scenarios.

In the distributed scenario, without a centralized control,
the contention on the wireless channel is a critical problem.
Specifically,in a single hop wireless channel with physical in-
terference constraint, two nodes simultaneously transmitting
may fail,causing a collision and no one can succeed. To resolve
the contention from a distributed view, letting nodes transmit
with a probability is a good choice,and two classical channel
utilization methods have been proposed:one with static trans-

[ and another one with adaptive trans-

mission probability
mission probability"'?,

In the static method, nodes transmit with a fixed trans-
mission probability after the number of transmitting nodes is
estimated. In other words. the efficiency of transmission in the

static method highly relies on the accurate estimation of the

number of nodes,which is hard in large-scale edge intelligence
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scenarios. Different from the static method,nodes in the adap-
tive method keep changing their transmission probability ac-
cording to the feedback from the wireless channel. For exam-
ple, the famous exponentially back-off scheme!*'*!. With such
an adaptive transmission scheme, it is possible for nodes to
find some suboptimal transmission probabilities. Whereas, the
adaptive scheme will cause some constant fluctuation on chan-
nel utilization, making it difficult to achieve high efficiency™'*’.

Additionally, there also exist a few hybrid data aggrega-

L4168) hut they are not suitable for edge intelli-

tion approaches
gence scenarios because the centralized nodes in these works
still need certain global information. Therefore, we have this
question: whether there exists a distributed approach to
achieve high efficiency and fairness in the weighted data ag-
gregation without knowing the global information?

In this paper,we answer this question positively by pro-
posing a distributed weighted data aggregation algorithm
based on the multi-armed bandit. Specifically, we consider the
weighted data aggregation from n end nodes to an edge node in
an end-to-edge network with the physical interference con-
straint of the edge intelligence scenario. The weight of each
end node varies from 1 to W according to its importance. The
more critical the node is, the larger its weight will be,and its
data should have a higher priority in the aggregation process.

When we study the weighted data aggregation problem,
efficiency, fairness, and privacy issues should be considered.
Specifically, the efficiency requires that the edge device re-
ceives the data packets from the end devices as much as possi-
ble in each time interval; fairness means the end nodes with
larger weight should have a higher priority in data aggrega-
tion; from a privacy view, the weight of nodes should be kept
as local information.

To address these issues,a distributed data aggregation al-
gorithm is proposed in this paper. Specifically,an end-to-edge
cooperative framework is proposed in our algorithm,to ensure
the fairness and protect the privacy of nodes. A multi-armed
bandit scheme is deployed on the edge device to maximize the
channel utilization, which guarantees fast data aggregation in
our algorithm. It is worth noting that there are already some
studies using the multi-armed bandit theory to solve the data
aggregation pro-blem,mainly of which focus on the spectrum
selection under multi-channel or node selection in a single
channel"'"'", Whereas, our work focuses on how to use the
MAB for fast, fair, and private data aggregation in a single
channel wireless network.

To the best of our knowledge, this paper is the first one
to solve the distributed weighted data aggregation in a single
channel with physical interference constraints by using the
multi-armed bandit model. Specifically, we propose a distribu-

ted algorithm that uses a MAB scheme to maximize the effi-

ciency of data aggregation,and bases on an end-to-edge coope-
rative framework to guarantee the fairness and privacy of
weighted end nodes. The efficiency of our algorithm is asymp-
totically optimal in terms of data aggregation. Both theoretical
analysis and numerical simulations are presented to show the
performance of our algorithm.

The remaining parts of this paper are organized as fol-
lows. In Section 2.,we summarize the related work on data ag-
gregation. In Section 3, the model of the end-to-edge commu-
nication network and the weighted data aggregation problem
are formulated. In Section 4, we describe the challenges in al-
gorithm design, redefine the problem from the perspective of a
multi-armed bandit,and give a detailed description of our dis-
tributed weighted data aggregation algorithm. In Section 5,
theoretical analysis is given to show the efficiency and correct-
ness of our algorithm. The experimental results are presented

in Section 6. Finally. this paper gets concluded.
2 Related Work

As a fundamental building block, data aggregation has a

J[20-23]

long research history in wireless sensor networ yand be-

comes an indispensable process in edge intelligence®. Ac-
cording to the working mode of nodes, the previous works on
data aggregation algorithms can be divided into three catego-
ries:centralized, distributed, and hybrid. In the centralized al-
gorithm, there is a centralized node in the network to control
the data aggregation processes among all nodes with the help

1022230 For example, S, Randhawa and

of global information
G. P. Gupta both adopt a hierarchical-cluster-based aggrega-
tion method, where nodes are divided into different clusters
and the network allocates a cluster head for the implementa-
tion of data aggregation"”® . For weighted data aggregation,S.
Abbasi-Daresari proposed a clustering-based weighted com-
pressive data aggregation (WCDA) approach and applied the
WCDA to each cluster to reduce the number of involved nodes
during each compressive sampling measurement-?. M. Razzaq
proposed a scheme that calculates a weight function for the
cluster head selection process and weights a link cost using
traditional Dijkstra algorithm. This scheme can enhance the
throughput and reduce energy consumption in the cluster-
based network "1,

In the distributed domain, all nodes execute the same data
aggregation algorithm independently. A main concern of the

distributed data aggregation is how to avoid collisions: !

on
the channel and destination. In [28], the authors proposed a
distributed and randomized algorithm to build a message ag-
gregation tree,and used the geographical location of the nodes
to avoid interference. Thus, data aggregation and dissemina-

tion in the blockchain system can be realized. However,in this

paper, the authors do not consider the weight of the message.
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In recent years,extensive research about distributed federated
learning has noticed that the weighted data aggregation can
speed up the training process of the model and reduce the traf-
fic load of the network® '), However, these works rarely fo-
cus on the specific implementation of the weighted data aggre-
gation algorithm under the network with the physical interfe-
rence constraint.

There are relatively few studies on distributed weighted
data aggregation. Because the weight,as private information,is
only known by the node itself, ensuring fairness between
nodes with different weights is not easy. A. B. Alexandru pro-
posed a solution that involves two layers of encryption based
on the learning with errors problem and can protect the priva-
cy of packet by using homomorphic encryption®*, In delayed
sensor networks, R. Adachi proposed scalable communication
laws where each node compensates communication delays of
the received data,and aggregates these data with the consider-
ation of weight coefficients™*1,

The hybrid algorithm is a combination of the above cen-
tralized and distributed modes, such as Cooperative data ag-
gregation Algorithms""), Centralized energy allocation and

Distributed energy allocation algorithms™"!

. For example, S.
Xiao designed a centralized algorithm to find a near-optimal
energy allocation strategy and adopted a distributed method
for data aggregation'*),

Several research in recent years has also considered the
use of multi-armed bandits to solve data aggregation pro-

blemst7 1%

. However, these studies are more concerned with
the allocation of spectrum and the selection of clients in fede-
rated learning and do not give a definite solution for the con-
tention resolution in a single channel.

In this paper,we use a distributed algorithm to realize the
weighted data aggregation in an end-to-edge communication
network. Compared with the previous distributed algorithms,
the MAB is adopted in our algorithm so that the nodes with
various weights can find the most appropriate transmission

probability in data aggregation. Thus, efficiency, fairness, and

privacy can be obtained in our algorithm.
3  Model and Problem Definition

In this section, we consider a practical case of weighted
data aggregation in an end-to-edge communication network.
Specifically,n end nodes are arbitrarily deployed in a circle
with the edge node as the center and the radius R.where R is
the maximum transmission range of all nodes. End nodes con-
tinuously collect information from the environment and aggre-
gate data to the edge node. LLet V' represent the set of end
nodes. We assume that each end node has sufficient data that
is divided into equal size packets. At the beginning of each

slot,each end node can choose to transmit a data packet to the

edge device. Whether the edge device can receive and decode
the data packet is formulated in the following communication
model. Edge node v also has an integer of w, € [1,W] as its
weight where W is the upper bound of weight. The larger the
weight, the earlier data collected by this node should be aggre-
gated to the edge node. The execution of our algorithm is di-
vided into multiple synchronized slots,and each slot is a mini-
mum time slice for a node to transmit.
3.1 Communication Model

In a single-hopwireless network, the distance between any
end node and edge node does not exceed R. The nodes commu-
nicate in a half-duplex manner, that is,in each slot, the nodes
can choose to send a message or listen to the channel, but can-
not do both. Considering the actual wireless network environ-
ment, the signal strength will gradually attenuate with the
propagation distance, and at the same time, multiple signals
will be superimposed at the receiving end. To better describe
this phenomenon, we use the SINR (Signal to interference
plus noise ratio) model to describe the signal strength in the
wireless channel. Specifically,for communication from u to v,

the following equation is satisfied:

Signal(u,v)=P,/d (u,0)* [@D)

. _ Signal(u,v)

SINR(u,v) = > Signal(u,v) +N (2
w€ S/ {u)

In the above equation,Signal(u,v) represents the signal
strength from u felt by v. P, is the transmit power of node u,
d(u,v) is the Euclidean distance between u and v,and « is the
path loss exponent determined by the medium and some other
factors in environment. When v is trying to decode a message

> Signal(u,v) is the interference, where S is the
wE'S/u}

from u,
set of nodes transmitting simultaneously with u.and N is the
ambient noise. We consider that the transmission from u to v
is successful when SINR(u,v)=f,where ~>1 is the thresh-
old determined by hardware.
3.2 Problem Definition

We consider the weighted data aggregation from n end
nodes to 1 edge node in a single-hop wireless network. Each
end node v has an integer &, € [1,W ] to represent its weight.
I is a time interval, consisting of sufficient time slots. For each
node v, let m, be the number of its packets received by the
edge node in the interval I. Then,our weighted data aggrega-
tion is to let end nodes find their specific transmission proba-
bilities, to maximize the efficiency of data aggregation with
fairness and privacy constraints. A mathematical formulation
is given in the following:

objective: Max 2 m,

=
s. t. m, :m, =0O(w, :w,) (3
b(v,uw) =0Y v u€V

where b(v,u) =0 if and only if the weight of v is unknown to u.
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Otherwise,b(v,u) =1.
3.3 Capability and Knowledge of Nodes

We assume that all nodes adopt a uniform power alloca-
tion strategy'™ ,that is,all nodes use a consistent power P to
transmit. In order to ensure that any two nodes u and v in a

single-hop network can communicate with each other, we as-

sume —NB. The edge node is equipped with a physi-

P
d (u,v)*
cal carrier sensing function,if the node chooses to listen to the
channel,it can obtain the current signal strength. We assume
that the ambient noise N is fixed. Therefore,the node can dis-
tinguish three states of the channel according to the signal
strength and received information:

(1)1Idle channel:signal strength equal to N.

(2)Successful transmission: the node has successfully re-
ceived the information from the transmitted node.

(3)Busy channel:signal strength is greater than N and no
message is received.

In our algorithm, all nodes know the uniform power P,
the SINR parameter @, f3, the ambient noise N, and its own
weight. However, the nodes know nothing about the topology

of the network and other nodes.

4 Distributed Weighted Data Aggregation Algorithm
based on MAB

In this section, we discuss the main challenges in desig-
ning a highly efficient, fair, and private distributed weighted
data aggregation algorithm. At the same time, we redefine the
problem from the perspective of multi-armed bandits,and give
a detailed description of our distributed weighted data aggre-
gation algorithm.

4.1 Challenges and Solutions

Since the weight of a node is only known by itself,how to
satisfy the weighted fairness while guaranteeing privacy pro-
tection is a difficult problem to solve. In the previous weighted
data aggregation algorithms, the realization of weighted fair-
ness relies on the knowledge of the weights of other nodes,
but this destroys the principle of privacy protection. The pri-
vacy constraint makes all centralized and distributed random
algorithms based on the sum of weights invalidt®!'"-#-2%]

To solve the above problem,we design an end-to-edge co-
operative framework. Specifically, the edge node maintains a
stem probability p. for all end nodes. In each slot, the edge
node will broadcast the stem probability p, to all the end de-

vices. The end node v transmits with the probability of p, =

. 1 . .. .
min 7,@ * w, | in the transmission slot, where w, is the

weight of v. Using this method,we can ensure that the trans-
mission probability of a node is proportional to its weight.

Another problem brought about by this simple and effec-

tive method is the contention resolution. More specifically,
how to choose an appropriate stem probability p, ? Obviously,
a larger p, will cause more nodes to transmit at the same
time, resulting in the collision in the wireless channel. On the
contrary,a smaller p, will cause no node transmitting, which is
a waste of the channel. The previous work generally uses the
binary backoff method to adjust p, dynamically according to
the state of the channel. But the disadvantage of this method is
that p, will constantly fluctuate,so it is difficult to achieve a
highly efficient channel utilization"'*"*/,

To overcome this problem,we first prove that the optimal

A A
choice of stem probability is 1/W (Theorem 1), where W is the

sum of all node weights. Therefore,our goal is to find an inte-

A
ger 7 that is as close as possible to logW and use 1/2"as the

stem probability. We treat the choice of i as a multi-armed

bandit problem where 7 is closer to logVAV,the reward of choo-
sing 7 is greater. To get an approximate range of i, we adopt
an adaptive method that can find an interval containing the op-
timal setting with high probability. Besides,we use the idea of
dichotomy to design a weighted e-greedy strategy,in which the
probability of choosing different arms is weighted during ex-
ploration. Due to the adoption of the multi-armed bandit.after
a period of exploration,we can always keep the optimal chan-
nel utilization with the probability of 1—e,outperforming the
binary backoff method. Besides,compared with the traditional
e-greedy strategy,the weighted method can explore those arms
with greater rewards earlier, thus reducing the regret for each
decision.

4.2 Problem Redefinition

As stated above.one of the core problems to be solved is

A
how to find an integer i that is close enough to log W.

Through the adaptive method, we can find an interval L =

[left,right] with lefz<log‘//‘\/'<righl. Therefore,we can con-
sider the choice of i as a K armed bandit problem, where K=
(right—left) +1 and each arm corresponds to an integer in
L. When the edge node chooses the arm of integer 7,end nodes
will use stem probability p,=1/2" to transmit its data packet.
If its transmission succeeds, the reward obtained in MAB is 1.
Otherwise, the reward is 0. We assume that the reward of each
arm is K probability distributions (D, ,D,,***,Dg ), with the
expectation of s +ps 5+ px ) and the variance of (o} .05 .+,
ok . Obviously, D; obeys the Bernoulli distribution with pa-
rameter p.,where p is the probability of successful transmis-
sion when p,=1/2".

Thus,our problem can be redefined as minimizing the to-
tal regret of MAB. We assume that the arm selected by round
¢t is j(z) and r; (¢) is the corresponding reward. Let #* =max

(1 s po s =+ 5 ux ) is the maximum expected reward, then in a
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sufficiently long period T',our goal is to minimize the total ex-

pected regret Ry ,that is:

min Ry =T * 1" —ﬁilr,-m @
4.3 MAB-based Algorithm

Our distributed weighted data aggregation algorithm with
multi-armed bandit (DWDA-MAB) is shown in Algorithm 1
and 2 which both consists of multiple synchronous rounds,and
each round consists of three synchronous slots,to listen to the
channel or transmit a message.

Specifically, each end node v will listen to channel in the
first slot. If v successfully received the stem probability p,
from the edge node, it will conduct a mapping process, i.e.
po=min{w, * p,.1/2}. In the second slot,v randomly selects
a data packet from its data and transmits it with probability
p.. In the third slot,node v will judge whether the transmis-
sion succeeds according to the feedback from the edge node,
and if the transmission is successful,it will remove the packet
{rom its local data.

For edge node u,its core task is to find an integer i that is

as close to logV/E/ as possible with the help of MAB. Before the
MAB process, we need to use Algorithm 3 to determine the
approximate range of 7 and the exploration weights for each
arm. Specifically, Algorithm 3 can be divided into two key sta-
ges with three slots in each synchronized round. The first
stage is called the adaptive stage (the first while loop in Algo-

rithm 3) ,and its role is to find a search interval L containing

logVAV. At the beginning, ¥ maintains an integer i = 1. In the
first slot of each round,u broadcasts the stem probability p, =
1/2. In the second slot,u adjust 7 according to the state of the
channel. It will double i when the channel is not idle. The
third slot is to give feedback on the successfully received mes-

sage. When the channel is idle,u ends the first phase and we

can get an interval L=[7/2,7 * 2] containing logVAV with high
probability. The second stage is to determine the exploration
weight of each integer in L in MAB. Specifically, it is a process
in which u continuously bisects L. We use the bisection meth-
od to find an exploration weight array EP. Specifically. u
broadcasts stem probability p, =1/2"“ , where mid is the mid-
point of the current interval. When the channel is idle, the next
interval is [ low,mid],otherwise it is [mid,high],where low
and high represent the left and right endpoints of the current
interval. We determine the search weight of each integer in L
according to its frequency of occurrences in the second stage.
Algorithm 1 DWDA-MAB for end node v

Initialization: Q, = Q;

Slot 1.

1. Listen to channel;

2. if receive a message M, = {p.}

3. py=min{w, % p.,1/2};

4.

end if

Slot 2;

5.
6.

Randomly select a packet M, from its local data;

Transmit M, with probability p,;

Slot 3

7.
8.
9.
10

Listen to channel;
if receive a ACK, and u=v
Remove M, from Q,;

.end if

Algorithm 2 DWDA-MAB for edge node u

Initialization: p. =03

1.
2.

[L,EW]=Search and Weight () ;

reward(j) =0 for integer i€ L;

Slot 1.

3
1

o

© o NN o

. X=1 or 0 with probability € and 1—¢;

Lif X=1
pe=1/21 with probability of EW (i) where integer i€ L;
. else
. pe=1/2" where i=argmax(reward) and i€ L;
.end if
. Broadcast p.;

Slot 2;

10
11

. Listen to channel;

. Update reward(j) ;

Slot 3

12
13
14

. if receive a message M, in slot 2
. Broadcast an ACK,;
.end if

Algorithm 3 Search and Weight

Initialization:i=1;

Phase 1.

1. while true

Slot 1:

2. pe=1/2';

3. Broadcast My<{p.};
Slot 2;

4. Listen to channel;

o

11
12
13
14
15

16

if sense an idle channel;
break;

else
i=ix2;

end if

if receive a message M, in slot 2
. Broadcast an ACK,;

. endif

. end while

CL=[i/2,i*2];

Jlow=1/2, high=i* 2;

. count[ low: high]=1{0};

Phase 2.

17

. while low+ 1<high

Slot 1:

18
19

. count(j) ++;GE [low: high])
. mid=[ Uow-+high)\2 ;
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20. Broadcast M.<{p.=1\2m};
Slot 2

21. Listen to channel;

22. if sense an idle channel;

23. high=mid;

24, else

25. low=mid;
26. endif

Slot 3:

27. if receive a message M, in slot 2
28. Broadcast an ACK,;

29. endif

30. end while

count[ low: high] .
sum(count[ low: high])’

Return L,EW

31. EW=

The stage of MAB is a process of exploration and exploi-
tation about i. We design a weighted e greedy strategy. Speci-
fically,u chooses i with the largest reward with probability
1—e. u will choose to explore the integer in L with probability
e,and i is chosen with probability EW(7). Each round of MAB
is also divided into three synchronized slots. In the first slot,u
broadcasts the stem probability p,=1/2. In the second slot.u
listen to channeland get a reward. Then,u will update its esti-
mate of the reward. For example, for integer i, reward (i)
should be updated to acc_reward (i)/t(i) where acc_reward (i)
is the accumulative reward of arm i and #(i) is the number of
rounds arm i was explored. The third slot,consistent with the
previous statement,is still a feedback process. We summarize

all important variables in the paper in Table 1.

Table 1 Important variables
Parameters Definition
n Number of end nodes
\% Set of all end nodes
w Upper bound of all weights
w, Weight of end node v
‘%\; Sum of all weights
K Number of arms
Ry Total expected regret
Pe Stem probability
Py Transmission probability of node v
€ Exploration rate in MAB

At the end of this section,we give the following theorems
about the correctness and efficiency of the algorithm,and the
proofs of these theorems will be given in the next section.

Theorem 1 Let Pr(X=1) be the probability that only

one end node chooses to transmit. Then, the closer p, is to 1/
A
W, the larger Pr(X=1) is and Pr(X=1) gets maximized

when p, = l/V/E/'.

Theorem 2 We consider a weighted data aggregation with
n end nodes and an edge node, where each end node has
enough data to be aggregated to the edge node and a weight
varying within [1, W], By executing our DWDA-MAB algo-

rithm for a sufficient long time, the following properties are
satisfied:

(1) High Efficiency:after executing the algorithm for suf-
ficient long rounds,we can obtain the optimal channel utiliza-

tion with probability of 1—e.

(2) Weighted Fairness: let 1A§, be the probability that the

packet of end node i is received on the edge side. Then, for any

AA
two end nodes i,j,we have: p,: p, =O(w; :w;).

(3)Privacy Protection:the weight of each node is kept as
local and private knowledge only known by itself in the execu-

tion of our algorithm.
5 Algorithm Analysis

In this section,we proved Theorem 1 and 2.
5.1 Proof for Theorem 1

Let f(p,) =Pr(X=1|p.) denote the probability that
only one end node chooses to transmit when stem probability
is p.. Then,we have:

fpo=2p,* Il A—p)

vFu

b
Ty

Let g(p.) =11 (1 — p,). Then, the derivative of f(p,)

x [ (1—p.) (©))

can be written as:

df(p.) _ D dg(p) b
dp. ;[(I*pu)z‘g’(p”)Jr dp., *lip“],where
dg(p) _ _ 5 Du
O, g(p»*( ?1—;,“) (6

A
=0. When p,<<1/W,we have

po=1/W

We can find d/Cp)
d p.

- A (.
(Ud(Tp“)>O and when p,>1/W, we have dfd(ippk)<0. There-

A
fore. when p, =1/W, Pr(X=1)is greatest and when p, is

closer to I/VAV,the Pr(X=1) is greater. Here we have suc-
cessfully proved Lemma 1.
5.2 Proof for Theorem 2

Proof for High Efficiency. The efficiency of the algorithm
depends on the choice of the stem probability,so we first ana-
lyze the help of the Algorithms 3 in choosing the stem proba-

bility in lemma 1.

A
Lemma 1 Algorithm 3 will be executed for O(loglogW)
rounds with high probability. After Algorithm 3 stops,we can

A A
get an interval L of length 8Clog W) and logW € L. We can al-
so get an exploration weight array EP, where the larger EP
(i) ,the better channel throughput with p, =1/2°,

Proof: Let random variance X denote the number of

. . . 1
transmitted nodes in a specific round. Thus, when i<C—- * log

2

A w
W, we have: Pr(X=0)= 11 (1* Z:

u

)<efvhv<%. When i>2
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A
logW ., we hthe:E(X)}%. According to Markov’s inequali-

w
1 1
ty,we know Pr(X>1)<T<7.
w

. . 1
The above two conclusions show that when i <T — *

2
A
logW . the channel will not be idle with high probability. On

A
the contrary,when i>>2 * logW, the channel will be idle with

high probability. Therefore, the first while loop of Algorithm
3 will stop when i€ [% * 10g‘£’,2 * logVAV]with high proba-
bility. Considering ¢ will be doubled in each round, the first
while loop will stop after ﬁ(loglogVAV)rounds. Besides, we can
prove that |L|= ‘ [%,i * 2] ‘ :H(logVAV)and logV/{\7€L. At
the same time,since the initial bisection interval is L,the sec-

A
ond while loop will end after §(loglog W) rounds. Here we
successfully prove the time complexity of Algorithm 3. We
next provide a brief analysis of the process of dichotomy.

We denote mid; as the midpoint of the j-th dichotomy. A

A
round of dichotomy is good if and only if logW is in the di-
chotomy interval of round j+ 1. Similar to the proof above,we

1
o

have:when |mid, *logVAV‘>c,Pr(roundj is good)=1—
This conclusion tells us that when mid; is further away from
logVAV,we have a greater probability of making a good bisec-
tion. For example, when c:t?(loglogVAV) ,the probability of er-
ror does not exceed 1/log V/E/' From this, we can get that the

closer the integer 7 is to 1ogV/E/,the more likely it will appear in
the bisection process. Combining the results in Theorem 1,we
can prove that the larger EP (i), the better the transmission
efficiency with p, =1/2".

Lemma 2 After a period of exploration, we can obtain
the optimal channel throughput with probability of 1—e. The

regret of our algorithm is O(T) where T is the execution time

and lower than the traditional e-greedy strategy.
A
Proof: Since the search range of MAB includes logW , and

the reward corresponding to Iog‘//I\f is the largest. Therefore,
after a period of exploration we can always find the arm with
the largest reward with probability 1—e. Besides,since we use
a weighted exploration process, those arms with larger re-
wards will be explored earlier. Clearly.the regret will be lower
than the traditional e-greedy strategy. The analysis of the up-
per bound of the regret has been given in the previous stud-
y-*,s0 the detailed analysis will not be shown in this paper.

Proof for Weighted Fairness. Let p;, be the transmission

of end node 7 in a specific round. Obviously, for any two dif-

A A
ferent end nodes i,;,we have: p,=p, * [ (1—p,) and p; =
p; * 11 (1—p,). Considering in the transmission slot, p; = min

Wi

{w; * p.s1/2} and p; = min{w, * p.,1/2}. Therefore’;\b,:
by =w; % (1—p) swey ¥ (1— p) =B, 12;) for (1—p;) and
(1—p;) are both variables in [%,1 ]

Proof for Privacy Protection. Since the weight of the node
is only known by itself, it is obvious that the algorithm can

protect the privacy of the node.
6 Experimental Results

In this section,we show the performance of our DWDA-
MARB algorithm. We measure the efficiency of our algorithm
from the perspectives of communication and multi-armed ban-
dits, respectively. Besides, we take the channel throughput and
generated regret in the traditional MAB process as metrics.
We discuss the effect of the number of end nodes n and the
exploration rate € on the above metrics. Comparative experi-
ments show that our algorithm outperforms previous work
both in channel throughput and regret.

6.1 Parameter Setting

In the experiment,n end nodes are arbitrarily distributed
in a circle area with the edge node as the center and the radius
R. Note that R=200m is the maximum transmission range of
nodes. Therefore,such a deployment makes sure a single hop
end-to-edge communication network. The number of end
nodes n and the exploration rate vary within [2000,5000] and
[0.05,0. 2], respectively. Considering that the upper bound of
weights and the distribution of weights will not directly affect
the effect of the algorithm, we assume that the weights of all
nodes are integers and obey a uniform distribution U(1,100).
We summarize the settings of some important parameters in
Table 2. Without loss of generality, for each reported result,
we performed the simulation over 100 runs for an averaged re-
sult. We summarize the settings of some important parameters

in Table 2.

Table 2 Parameters inExperiment

Parameters & Values

n=[2,3,4,5] %103 e=[1,2,3,4]%0.05

R=200m N=1.0
a=3 pB=1.5
W =100 w,~U(1,100) and w, € 2

6.2 Performance Evaluation

Since we have defined the weighted data aggregation
problem from the perspective of communication and multi-
armed bandits, respectively, we choose throughput and regret
as metrics for presentation. The throughput reflects the utili-
zation rate of channel during a sufficientlylargeinterval, and
the regret reflects the gap between the actual choice and the

theoretical optimal choice.
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From the Fig. 1(a), we can find that as the number of
rounds increases, the throughput of our algorithm keeps in-
creasing and gradually remains around 0. 334. By comparing
the four subgraphs,we can find that n has little effect on sta-
ble value of throughput when the exploration rate e is fixed
but can affect the convergence speed of throughput.

When we keep n unchanged.{rom Fig. 1 to Fig. 4.we can

find that as the exploration rate e increases, the throughput
will converge faster, but the converged throughput will be
lower. For example. the stable value of throughput in Fig. 1(a) is
0. 334, while it is 0. 297 in Fig. 4(a) with e=0. 20. It is be-
cause the increased exploration rate ensures that the algorithm
can explore all the arms faster, but it also leads to underuti-

lization of the optimal solution, which reduces the throughput.
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In the experiment about throughput, we choose the

[10-11] for

egreedy strategy and the binary backoff strategy
comparison. By comparison, we can see that compared to the
egreedy strategy, the throughput of our algorithm converges
faster and the stable value is higher than that of the egreedy

strategy. This is because our weighted e greedy strategy can

explore those arms with greater rewards earlier. Compared

with binary-backoff,our algorithm can obtain better through-
put after a period of exploration.

Our next experiment evaluates the efficiency of the algo-
rithm from the perspective of a MAB machine. The reason for
the above conclusion can be better explained from the perspec-
tive of the regret.

Fig. 5—Fig. 8 show the effects of four different values of



Yifei ZOU,et al. ;: Distributed Weighted Data Aggregation Algorithm in End-to-Edge Communication Networks Based on Multi-armed Bandit 21

n on the total regret per 100 rounds when the exploration rate

€=0.05,0.10,0.15,0. 20, respectively. The x-axis represents
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From Fig. 5.we can see that when the exploration rate is
fixed, the regret in the initial stage will be larger with the in-
crease of n,which indicates that the exploration time in MAB
needs to be longer. When we fix n,we find that as the explora-
tion rate increases,the total regret also increases, because the
probability of exploration error increases. At the same time, by
comparing with the traditional e greedy algorithm, we can ob-
viously see the superiority of our algorithm in regret.

Conclusion This paper studies the weighted data aggre-
gation problem in end-to-edge communication networks. Based
on an end-to-edge cooperative framework and a modified MAB
scheme, we propose a distributed algorithm that is efficient,
fair, and private on solving the weighted data aggregation

problem. Compared with the previous works, our work is the

first one solving the distributed weighted data aggregation in a
single wireless channel with physical interference constraints
based on a MAB model. Extending our work to the mobile

scenarios will be our work in the future.
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