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Abstract: Since the tobacco retail stores in cities are dense, traditional path planning algorithms for solving the optimal supervision path will
consume a lot of time, and cannot guarantee the effect within the specified time. In addition, existing methods seldom consider the network
characteristics and the explainability of the candidate subset.This study proposes a graph attention—based node selection and path optimization
algorithm (GA-SGPO), which iteratively selects the optimal coordinate node subset and performs calculation on the subset to reduce computa-
tion time. In addition, the structural similarity between nodes is calculated to reduce the sparsity of training samples.The experimental data in-
cludes the coordinates of 40, 000 retail stores in Dongguan City. The experimental results show that the GA—SGPO model ensures the solution
accuracy while the solution time is reduced by an average of 48%.The GA-SGPO can significantly save computational time and is closer to
practical application scenarios. The attention mechanism and node similarity calculation can provide visualization basis for optimal node selec-

tion.
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Fig.1 Comparison of solution processes based on node selection and

traditional mode
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Fig.2 Model framework
B2 #HAEMER

A B A R e
21 BEEEANH

TR — AT 28 B 5 VA9 5, P T D ML) £
AL it 4 i B U 28 9 26 GON 315 0 19 8 1) i
EAH = {hy by hy e by} by € RY D AT 5 14525 i)
Koo HEWOEE JOHHE WO H =
(R g Bl Ry e R Horh D S REAS Y f 25t
Z KB S5 R R ELERE . SR W x b 5715 O
K D YA R D' Y b Woe RY P, RS SR H TE R
IR R R A R B oy, TR

e; = o(w; x Concat(W X h, W X b)) (1)
exp(e;)

zkeme"p(e%)

Horp ,eg%‘%i‘qﬁ)ﬁjw‘%—,ﬁiB/‘]EE’@,Concat AN LN
A o, e B AU o W ROR B o, i
Softmax JA— IS B o0 ARSCRH 2236 TE 1AL 2
THINGRASCR I PRIERCBURS E 1 o X 1799 i, BB KA
HEE S5k attn - head?, k e KRBFIIZRITHF45 Rfa
L/

attn — head® = O'(EJENafjthj), where (v,v;) e A (3)

(2)

a; = softmax(eij) =

h) = Concat(attn — head], -+, attn — headf, <ee,altn — headf)
(4)
Horp, aten - headfﬁﬁlﬁ\%ﬁﬁﬁ%kﬁ\ﬁ%’:ﬁ%,az
R e ATER T S A R R AL WO R
W13k attn — head! W] 242 2] BUE R . 4Rl )E 4%
149320 v} 5 A RE AT AR HIZE (DU B

2.2 MEEIBEBREER
22,1 KT R4 KA I GAE R IEATFE L R

e SR M= WAL i [ el 7ot £ i N il o d oo N S
AR OB SO RS R . B I AR
) A NA T R, b & P=
{plv,e V), iell,N]}, RARBATA)ETREFEVH
HER . XTIz AR DL AR T, AT D i o e Ak oK i 2545
SN AR VAR B FINGREA, VR Shs i 1, 3
T SSARIE N 00 K T4 EAT [RIRE Y 5508 N 1 DAk ] i
BRI GRREAS , B B I HLEIRHZ I G AR AT I 40 )
AT VARG rh (1 AT 0-1 3 S . A SN e
e AR AT T I AR o
222 TR L 1A A4 E 64 DI LR AR R AR A A R,

AR N R 00 Ty 3 A A TN A O S A () R
R BE P A Fe A 45 0 V™, 456 I 25 25 [R] 45 Fa A0 DL EE 11
SRR B F AT S S C A RIS AR
T 4 Vo B T S ) S5 A A DR R, AL T A
FAEV R S R . TR, 455 R
AT R E AR B A SRR R
ES (0,0 0, ) JUBIAS S IABLEE sim (v, 0,) A ATF

sim(vi,vj)Zl# (5)

+ ey X ES(:,,U/)

oy FET 40 sim (v, 0, ) B2 P47 45245 i) B 29 344
T/ N 3 (LR 3) AR SO y B R 0.1

B TR S TR B score(v, € V) RIZTT
FCS T B Vb i S R Z Y sim (v, 0) Z R,
T score(v, € V)FAERT LAY O, O L3R 47 10— 1645
BT S, B T E TR IR p(v, e V7).



- 160 - L QRO |

2024 4

1.4 + -o- y=0.01
- y=0.1
1.2 + . v=0.5
v=0.7
l 2ol
T o8+
N
£
@ 0.6 +
0.4 +
0.2 +
o 4 7y OO ... . . . .
0 5 10 15 20 25 30 35 40 50
ES®i,v))
Fig.3 Similarity curves under different settings
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Table 2 The impact of different hyperparameters on model perfor-

mance
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Fig. 4 Attention matrix heatmap
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