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Abstract: In response to the problem of sudden performance degradation in graph convolutional networks (GCNs) facing
low homogeneity graph structures, a novel graph structure enhancement method is proposed for learning im-
proved graph node representations. Firstly, the node information is propagated and aggregated by messages to
obtain an initial representation of the nodes. Then the similarity metric of the node representation is calculated to
obtain the homogeneous structure of the graph. Finally, the original structure of the graph and the homogeneous
structure are fused for node information transfer to obtain the node representation for downstream tasks. The re-
sults show that the proposed algorithm outperforms the comparison algorithm in several metrics of node classifica-
tion on six publicly available datasets, especially on the four datasets with low homogeneity, the ACC scores of
the proposed algorithm exceed the highest benchmark by 5.53%, 6.87%, 3.08% and 4.00%, and the F1 values
exceed the highest benchmark by 5.75%, 8.06%, 6.46% and 5.61%, respectively, obtaining superior perfor-
mance well above the benchmark, indicating that the proposed method successfully improves the structure of
graph data and verifies the effectiveness of the algorithm for graph structure optimization.
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Tab.2 Graph dataset details
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Tab.3 Experimental results of misclassification of
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Actor 32.75 34.38 35.29 40.84
Wisconsin 54.48 69.75 71.05 75.36

MFE 3 LIS R, FE R BB AR 1) o 2 2 R,
A SCHR T A 5 I3 0 T AT e % FE 2 R AR )
AR v A SO A [ B A AT Y B e
R FAHLE TR 304G T MR FH s R, AT
GCN HUZARA L 5% 4T, 107 A Bk 45 v o B
ETELL GON R gufith &8 0 4544 S AISR ¥ # 4F T GCN,
T X Al SR 0 R R TE TR i O A A 5 R TR
() Jo P T A, RIVER [] S ) Fl b ) N B A8 DA
H O [FZET SR BUR 1 [R5 B, 20 HA
E R RS IX 43 HF
35 LIERFMML

R T 0 Uk B AR SO R L O AR
MEFRIRITTH N 25 57, AR SORHS B 171 s s i 47 AT A
FCHRAE . A T IR AR SO VA [ T 8 oo A I R
PisE LRI TT , SCBAE AR SO VR AN B 7 4 )
XF T[] 5T 55w B Cora 200 HE 42 A1) T 1 AR A9
Chameleon £i#i 5 L AT T t—SNERIH] 1AL F 4] o]
AL, 25l anE 2 FiE 3 Bis o
3.5.1 t-SNE 7Tk

T LD, S B TS A RN A 1) H S (] Y 43



-62 - Ko Lk kK % % # %43 %
45 45 t
30 X 30 — 3,
15 o _' 2‘ £ I5r s B, o 5
- - £. -'-s- ’ = - 0F P ""fﬁ"- s
or - ioy“f’ 5| e —y
-15 = .-% s 30k 3.
20 g -h,i:?'—‘ﬁ 45 }
h N o A -60 . .
45 230 <15 0 15 30 45 60 45 30 -I5 0 15 30
(a) Cora "9 GCN (b) Cora 1) GAT
45 o
30
30 3,- «ii‘l .
15t ST 15 % = 3
X D - .o, aFy = b
- L _,.‘ ,‘ = B - - L = 43
0 < g % 0 /"g‘?’ S:SQ‘\ é
“15F il ‘_',15?,!' ﬁ% “15F \‘a ‘
30 [}
. . . . 30k . ) . . . . .
45 30 -15 0 15 30 45 60 45 =30 -15 0 15 30 45
(c) Cora /9 SLAPS (d) Cora A
60 F - -~
30 % * 45|
o o > pr | A= T L
B N
or . ez 5 2 SR
= \"" -&-ﬁ-"” 5, IS OF agea. - ." e
-15 - =< SI5F = g -
e 300 . R e
-30 b LR ol
P 45t
L. = . 60, .. A
45 =30 -15 0 15 30 45 -30 -15 0 15 30
(e) Chameleon I~f) GCN (f) Chameleon [ GAT
s 45 -
i T e | *s
15 s — 301 . =
. oo x.‘ ~ . T % : b <
of* R & 5&5 - s 15 o 2
= .“:*--;5..,;_ :‘ - o _-?_‘;;g_’- 3 & :
-15 5&’ o S W e <
- :"" o _15—o¢( ."g :&’k’o X
-30 e .. %_ ;“,. &
. . . . L, = . . -30k - .
60 -45 30 -15 0 15 30 45 30 -15 0 15 30 45
(g) Chameleon [ fJSLAPS (h) Chameleon | P SCEH
& 2 Cora #1 Chameleon #{#E£ &) t—SNE FT#{L
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Fig.3 Heatmap visualizations on Cora and Chameleon datasets
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