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Graph Reinforcement Learning Based Multi-edge Cooperative Load Balancing Method
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Abstract In mobile edge computing,devices can effectively relieve latency and energy consumption by offloading computation-in-
tensive tasks to nearby edge servers. In order to improve the quality of service,edge servers need to collaborate with each other
rather than working alone. For the load balancing problem of multi-edge collaboration.the existing solutions often depend on ac-
curate mathematical models or make fair use of edge topological relationships. To solve this problem,an offloading decision-ma-
king method based on graph reinforcement learning is proposed in this paper. Firstly, the load balancing scenario with multi-edge
collaboration is abstracted as graph data,then a graph embedding process based on graph convolutional neural network is used to
extract the information features of the graph,for assisting the deep Q-network to make offloading decisions,and finally the objec-
tive load balancing plan is found through a centralized feedback-control mechanism. Simulation experiments are conducted in mul-
tiple scenarios,the results verify the effectiveness of the proposed method in shortening the average response latency of the tasks,
and the load balancing effect which is better than the comparison algorithms and close to the ideal plan can be obtained in a short
period of time.
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Fig.1 Load balancing scenario of multi-edge cooperation in WMAN
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DG-CBE and ideal plans in various scenarios



346

FEHRE Vol. 52, No. 3, Mar. 2025

Com puter Science

Wk 3 4, il it DG-CBE J7 ik 18 2 09 45 1~ 0 & IR 55 4%
TR M W RS ER A T A A IR s R I &R
4 A8 DR B BT S5 E AR B I T L 2 IR 5 Aok A B
TR AR B0 B 300 G0 IR 55 45 1 B0 R R SR A AT A A £ T

A EEFE B A 8 R a5 ) 5 HLAE 5 L DG-CBE J5 3% 1T L
AR 24 11 0 7R GRS PR HUBO A IS AT 55 E B a1 A iR &
P B I T P A 5 52 A0 L AL B 3R BUE 55 % o 8 3T SR

# 3 DG-CBE 7ER[A]3% 5 T X 1 G IR 55 % 0 203 00 9 B 80R

Table 3 Effect of DG-CBE on edge server load ratio adjustment in various scenarios
[€79)
Scenario Edge(e;) ey ey e ey es 3 e7 eg ey €0 el ez €13 ey ep
. Initial state 64 92 45 83 80 59 87 48 67 61 93 73 55 46 96
DG-CBE 64 71 67 73 59 73 60 72 67 70 78 70 60 66 78
, Initial state 67 53 36 76 27 63 57 90 58 47 68 79 97 62 90
DG-CBE 62 53 51 55 66 52 74 48 68 73 78 70 64 72 71
5 Initial state 90 49 61 94 53 48 89 94 82 48 89 87 36 52 57
’ DG-CBE 63 75 64 42 69 58 76 78 81 60 75 57 74 76 38
4 Initial state 54 53 95 82 85 62 79 53 97 50 97 61 48 19 90

DG-CBE 64 67 77 77 79

78 51 70 49 75 72 61 51 69 67

Initial state 60 8 75 57 59
DG-CBE 63 78 70 78 64

94 46 65 66 69 76 70 71 97 59
67 74 69 48 67 77 68 77 67 71

WE 6 FrR . AT i DG-CBE J7 %4 2 i &
KB IEAE 55 F 35 00 o7 B 28 A T At % bb O s, HLAR T &,
DG-CBE Jrik7E A [\ 4 5 F (4 1 68 % 2R 1k TDB-EC fil RF-
CLB T4 T 0. 6% ~1. 2% F1 2. 96% ~4. 71%., It
C-DQN FiEM L T 4.37% ~6.78% ., X Wk RF-CLB ¥
2 09 43 A0 A 5 AR SR L T 0 2R g5 A% R R AE B T
C-DQN 773k BRI T & R A5 B R PO AR 1 28 3 4 11 4F
B R pERH T A 4R 45 4R R S A5 S . TDB-EC Jr ik
FAR RIS (T 2 )5 F R B 45 Bk Je AT &5 W3k, R & T
DNN {1 5 4% 45 #4545 B 2 S K P A R, M2,
DG-CBE 7§ F 7 25T GCN (% B35 50 Ao 78 ok 42 e 4
JRfE B AT LAAR G b R AE i i S 3 soh g MBS B R R 3
S P Fh G A R R UM B AT AR OR . A TR
AR5 T . DG-CBE J7 i 9 88 2% Lt Rule-Based J7 ¥ i fk
T 12.67%~16.22% . X & B g 56T R0 00 74 O 12 AR )
T FH 25 o S B0 L RS ] 3 S 1 67 28R 2 A ) G vk
I A [ 4 0000 ke e o

DC-CBE EZ2 TDB-EC EXIRF-CLB =3 C-DQN =3 Rule-Based
—-vs. TDB-EC —o—vs. RF-CLB —p—vs. C-DQN —x— vs. Rule-Based
050 16.0%
045 140%
5 an
Y 100%
§ 030 § | @
025 § ! 80% Y
i 020 § 60w B
& 015 § g\: 0%
010 § :g ’
005 § i 4 20%
oI N v 0.0%
1 2 3 4 5
g%
Bl 6 DG-CBE 1 H Aty 5 12 75 f K B 38 AT 55 - 24 g o I S f) X L

Fig. 6 Comparison between DG-CBE and other methods in
terms of the maximum average response time of arrival tasks

at all edge servers
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Fig. 7 Comparison between DG-CBE and other methods in
terms of the average response time of arrival tasks at all

edges servers
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Table 4 Time to find the objective load balancing plan

(s)

. PSO- DG- TDB- C- Rule-

Scenario . - o RF-CLB

GA CBE EC DQN Based

1 6723 1.823 3. 80 1.29 1.54 0.103
2 6929 1.712 3.76 1.34 1.45 0.132
3 6792 1. 689 3.67 1.52 1.51 0.120
4 6830 1.823 3.88 1.34 1.49 0.113
5 6991 1.703 3.76 1.46 1.53 0.112
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