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Abstract

Graph embedding model based on random walk mainly focuses on the selection of random walk
strategy. ProbWalk model that is the latest graph embedding technology is to construct probabili-
ty transfer matrix through the weight of edges to obtain high-precision embedding vectors. Prob-
Walk model only considers the influence of edge information on the graph embedding model
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based on random walk, while DeepWalk model only considers the influence of node information,
so they can’t take into account the information of nodes and edges in the graph, and can’t well re-
flect the topology of the graph. To solve this problem, a graph embedding model considering the
nodes and edges in the graph is proposed, which uses gravity to fuse the information of nodes and
edges in the graph. The experimental results show that on the five datasets of Dolphins, Pollbooks,
Brazil, Europe and PB, the average accuracy of F1-Micro for node classification based on the node
vector obtained by the proposed model is 28.5 percentage points higher than that of DeepWalk
model, and the average accuracy of F1-Macro is 26.7 percentage points higher than that of Deep-
Walk model.

Keywords

Graph, Random Walk, Universal Gravitation, Graph Embedding

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|15

B N — A b B AL ST P28 [ 1] B 28 [ 281 PP X248 [3 125 WM 2% f 751, 6 L AR TR AN 15
BN P (7 W A 1) — AR I [ s R, (R I e R AT RE IR O 87 T R B L A5 R . RN U N 3
WRUGPRA] BERETONS]. BR[O AL KRN [ 715 RS, I HOZ&HUS 1 ARX 22 R .

S R NS BT J 3B 2 e RN (8] R R T HR N[O 7 PR N[ 10155, {H IR L8 7 VE R 2 )
FEREHEAT RN 8, FEA BRIR I A SR B 4 i 2 ) () S M i o T MR 28 1R 53k 11 (120383 32
P22 X 28 3R A AR R T S B R SRR . H Al AR 7E VT 2 5 T BE ML & 00 i N BB,
DeepWalk #5574 3 B A4 T [ AR1E S AL FIARI(NLP) [13]009 5848, 8 F 4 5 o e e SRMG SR B R 715 1%
B, SRIGFIFH Skip-Gram AERIKCERT s A o L3R JURP 7 925 B B — £ P % R0 A (R O R MR
TR SRR/

TE Bz, B AR AN SR RS B A B OCE ZNE T R BE B R AE B i R
J7 H AT LA BOFRAT 148 35 P b o ORI T N k5 B, I ik AR 77 2URT DA 3R 1] B 2 E 1A
B TEEN A, BRI mBEALIEE SR, B G AT SRS AR T MR R F ), BRE
ToVEX A BN A AR JE T s M AR . ST IR AN AU R AP AESELE R R, G S R I S I
R, SWORFREEMG R, R BRNG RA . RIS BRI, BA 9 25 A4 45 B R BEHL
Ui 7E TR T4 ik N 1) B RORS B LA T4 BRI

BEXT LA B, ARSCEEH T T 5] 2R B RS T SR RS S R ALY (GRGE), LA 4T
FREMREHIME R . BAMS, SN — N IEEE, R A SCR A BB R 51 7 BEAL
TiE 7 RS A TS SR, N Skip-Gram BEAY[ 13142 BT iR R il B . GRGE f B JC4&m & 1 B 11 sl Al
WER, 53 TEMRMT HFR.

2. HXIE

BN F AR 52 2R 2 1007, RN A2 7 ¥R 22 38T BEATLIAE 1 R NS Y o T B LI A 1)
K AN - B4 DeepWalk [14]. Node2Vec [15]. WalkLets [16]- HARP [17]. HALK [18]. GEBRWR [19]

DOI: 10.12677/aam.2023.1212484 4915 A H ik


https://doi.org/10.12677/aam.2023.1212484
http://creativecommons.org/licenses/by/4.0/

wEL %

F1 ProbWalk [20]%5 . H:H DeepWalk #5545 5T Word2Vec #8413 15 H 15 2 B S Ron i vk, FE
JELAEE ) FH B AL A SRk A e B s R kLA, JE Skip-Gram AR B K AL 557 41 A i 113 B Y 1
MIFLINER, W4T SO 2R [ 25 (7] . Node2Vec BERLEN X DeepWalk A5 (1307 7 S M& 3E4T T ot
SIN— DB E SR, 25658 T IR B R SRS BE AR et RS, 2[R e AN &5 Mk
Z AU, i RN E IR . WalkLets B89 1F 7 —Fhaghact B A B 2015 a1 BEATLIE AE SRS
I % SR A T RUT SN DeepWalk FIAAI AT 1125 . HARP AR AL I 1 4 5 4 P it e Ja) 0 a5 T
fift . HALK #5583 1k 75 Bl AL U A o M B — e B AR e AN A 1 R, SBT3 4 e 2 ) (1 B WL A -
GEBRWR 8@ ik 37 A& U i R 73, 3R mAE BIR R M s, B RSZARIEA 7 — PP s
AHAAPEFE R, IR AR BT A T MR R AR, 1275 7 GEBRWR BAYASRE . £ &,
ProbWalk 52 8K 101 (1A FE 4% A0 1 it 1B B R SRR, AR JE EAT 19 R o

Figure 1. Undirected graph G
E 1 xEEc

ProbWalk 57 B2 K 0 AL F O s M RS, IR B0 5 8 BT o TR R K5
Wi, 1 DeepWalk #RAN Node2Vec HERYE A 4H XS S Hhalithy (1 2edt o DIEA S BE M I 543 51 J1 & B v
T AL AR S o ANTAT AT LU B £ f ke P] w0 A0 w5 S T i () e RS R AR R0, SR 8 S )
MR RS R o

3. mEHIR
ZEsy, AT RS AR S & S w5k 1 Fon, AR ES A TR 11] [21] [22].
SESCT (AR CRIE G, TRy, eV, G — N £y, > v, e RY, o dy RN &2 A Y
YR ZMUH RN RS Y MER AT RS B A o ZER R (0], RN S RER R G T R
)RS A R e . Gl 2 fs:

DOI: 10.12677/aam.2023.1212484 4916 IR Esid


https://doi.org/10.12677/aam.2023.1212484

WL 4
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Figure 2. Diagram of node embedding
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Figure 5. Schematic diagram of gravity random walk strategy driven by degree information
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Table 3. Experimental data set
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Figure 9. Experimental results of Polbooks dataset
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