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Abstract: Network representation learning is the foundation of network analysis tasks, that holds significant importance in mining
and analyzing the real network data. Recently, Graph Attention Networks (GAT) and their variants have shown exceptional perfor-

mance. This is particularly evident in the field of network representation learning. However, attention-based methods have the fol-
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lowing limitations: (1) Only first-order neighbor information of nodes is considered, ignoring higher-order neighbors. (2) The model
lacks interpretability. (3) The issue of noisy edges in the graph is not considered. To tackle these issues, this paper proposes a Struc-
tural Learning and Self-supervised Graph Attention Network Embedding Model (SL-SGAT), which integrates node features and
structural information, reduces noise edge interference, and enhances model interpretability. SL-SGAT mainly consists of three parts:
graph structure learning, self-supervised attention mechanism, and feature aggregation. Graph structure learning constructs a global
graph structure network. The self-supervised attention mechanism sets up a self-supervised relation prediction task, with noise edge
loss added. Feature aggregation utilizes attention coefficients for weighted aggregation to obtain the final node embedding represen-
tation. The model proposed in this paper was tested on the Cora, Citeseer, and Pubmed datasets for node classification tasks, achiev-
ing accuracies of 84.4%, 74.4%, and 81.5%, respectively. Compared to the high-performing GAT and its subsequent variants, our
model shows improvements of 1.4%, 2.9%, and 3.2%, respectively. In the node clustering experiments, the clustering accuracy im-

proved by 3.3%, 3.4%, and 1.2%. These results demonstrate that our proposed algorithm can achieve a better representation of node

embedding.

Key words: network representation learning; graph attention network; self-supervised learning; graph structure learning; node classi-
fication
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Table 2  Statistical information of the datasets

Holpdle ws LB RMIEE A UIZRME BoaRdE DR

Cora 2708 5429 1433 7 140 500 1000
Citeseer 3312 4714 3073 6 120 500 1000
Pubmed 19717 44338 500 3 60 500 1000

4.2 YEBSHIEE

X BEALUEE B 7, W EE RN S,
Wi AL 90 2 B 10, BEBLIE E K B 40, BT A
TR R S FH Adam b 25 2% S BRI S 80, 2% )
% [,€{0.005,0.02,0.05}, 7£ H ik 8 5 22
o XF GON | GAT B AR R B R SR FH W 2
HELREMEZLTEZE NG, F—-ZEEN
PS8 EREN KL, BMEREI A — M
FHMEWER S HEZZEFEENEA & E
HAhL , BAEE LKA — A BCE S K
WERM X FRATHIBAL, W4 24 5 GAT
FH A, epoch 2 500, #4 £ PPMI Ji B5: 1), 15 22
BEHLIGE KB g =05, LRI 8 WAR 4T y =
40 YK BE AL IE AE , HoAt 8 2 80 H Bl SR N TH) L
ST, N R e 5 0 i L 2 8oin 3% 3
JIE7R
4.3 RIGHER
431 FEHy%E

i FH T 0550 S AT 55 1 A7 A5 AL P BB VR AR L 3T
BOH bR A P i R VR Ay e g
R FLBRTI0REBITHFEHEER. A
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R3 RR#AEE A SL-SGAT BEA! L BUT K2 R e R0k B
Table 3 The parameter settings that achieve optimal results
on different datasets using the SL-SGAT model

Hillnte S, S, Ap k
Cora 0.8 0.5 4 0.2

Citeseer 0.2 0.1 4 0.2

Pubmed 0.6 0.5 10 0.1

B R RE LR FE KR . SR TR
BLUIE AE 19 5 1% (DeepWalk , node2vec ) A It , SL-
SGAT I HERESR /& T 10%~20% ., X &4 T
Bl AL A 1 5 A 5 R T S R R, 2T
TEBEBMEGE, LR BB A R, S5
B F = LR 7% (GAT (CATs .SGATs)
FH LG, SL-SGAT Mg+ T 1.4%0~6.2% , iX &
A % & W 75 1 B 4 Ry 45 #4158 REAR K2 B
P v AR B T SL-SGAT #5554 3 1 i J1] 1]
SR 2 )R W B R R AL, T Y A
J& R R AE G R B, BE A R A e B AR R T
SAE R BRI R T, P R A R R
(B 15 75 = 09 2 , 1F Cora 505 % | SL-SGAT #
BRI SGATs #E Y AH 25 AN K, AL &5 0.5% , 7T B
JE PR 2 Cora 55040 45 Hh A7 A8 19 &0 8 49 s 882, X
HE TR i P BB R W) AN K, R S TR X ] e g
b B A R ARG . A CATs B8 5 GAT
It , GAT 7£ Cora il Citeseer %% 4 45 I 11 1 fig

T CATs BEAL, FATTHS I v] B CATs 5 AL 78 i
T B 408 Y R TR T MR i, S R
PERE T BE . BRATIEXT H T = Fh 9 55 1 B X A
RV RE 952 R, 25 L BORTR A 1 B 1 ML sk R
. R ORIR A TR R BGE ok R G T
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(a) SL-SGATS H fr &R L6 2 R 4554+
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I R 8 & 7 AN H 2L A, R A MR 7 30 0 A6 A

PERERY L.

T4 WELS R EIR LR AE A B F Accuracy F F1 35
F R 2 R ATIFAE AP AR A

Table 4 The results of the node classification comparison ex-

periment, evaluated using Accuracy (ACC) and the F'1 score to

assess the classification results, thereby evaluating the model's

performance %
Cora Citeseer Pubmed

kB - By -
ACC F1 ACC F1 ACC F1
DeepWalk 725 715 50.8 494 708 711
node2vec 73.3 741 511 501 721 720
GraphSAGE 76.5 759 669 622 745 744
GCN 815 767 70.3 61.5 79.0 80.0
DGI 82.3 823 71.8 715 76.8 76.5
SimP-GCN 82.8 81.1 726 709 81.1 799
GAT 83.0 8.1 715 63.0 778 771
CATs 82.3 821 732 723 809 805
SGATSs 83.0 833 715 719 783 79.6
SL-SGATgm 831 823 719 704 799 795
SL-SGATp 83.3 828 729 723 80.5 80.1
SL-SGATx 844 843 744 741 815 8l1

Bl 2 WoR T A SCHE A BT A5 At 9 AR
RIPEAT X LA 45 2 o NI mT DL, AR ST
P2 AR B AT 2 Y ROR
4.3.2 WERE

FATR A A A Y RO A K-
Means 536 i 47 R 95 . K-Means 516 1 R 28
BOHWE AN T 2% H , BAKH : Cora
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"
s —4
80 | —
L
75 | — .
o ¢ ,— L ]
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S L8 2
8 70 ¥ m- DeepWalk
5 ' 2 %(]deﬁgfelz
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60 / N
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/ * SGATs
55 - y ®  SL-SGAT
50 ' 1 1
Citeseer Pubmed Cora

(b) SL-SGATS E iR B LI L5 R X LL

B2 SL-SGAT SHMMIMIETT B S
Fig. 2 Statistical results of SL-SGAT in comparison with other models
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A 725, Citeseer A 6 25, Pubmed &y 338, FRATXT
B BodE £ AT 10 IR S, IO S (A b 45
o LA RMES From, RENTAREHEAE
PR, (H & SL-SGAT /8 # T fr A Jk 2 f 7Y
55 HoAth e A FE B AU A L, SL-SGTA 19 15 5%
KA TR E T 1.2%~34% . SL-SGAT 7 R &
SN R Y R W D S o (L i 7 Al (1
jj,ﬂz,\ﬁﬂbhﬂﬂ’ﬂﬁgﬁlo X B %R
W], SL-SGAT i i B &5 #g 2= >) F A I B
HLHI BB 08 A3 32 > B9 SRR R o
4.4 WA

ST N UL HE T AR AT A A B M
B X SL-SGAT 7 2] 2| 1y 5 5tk A 2E A7 € P AT
5% o F It 43 A BEALAR JE ik A (t-Distributed Sto-
chastic Neighbor Embedding , t—-SNE ) "2 2% 2] %
B i A B s b fERI 3, B
— AR R E AR S, T A A
ﬂi‘%i‘*ﬁﬂﬁﬁn@ﬁﬁﬁﬂﬁ o, AR EL3 AT,

oA R R Y R R AOR Y SR e 2
UBEJZTEU?EE"JMO KRB O A REE —
LT S N R S & e | el 51 B B
T W, R R ARCRI 5

Bl 438 3 nf A 25 2R REoR T AN [m] AL Y Y
MRHFEREER. HTREAR, HERT

RSP AREMILKIRLER AR )2 — 4 £ 43 & (Normal-
ized Mutual Information, NMI) &+ 5 £ 50CR
Table 5 The results of the node clustering comparison experi-

ment, evaluated using NMI (Normalized Mutual Information)

NMI/ %
S/ B ;
Cora Citeseer Pubmed

DeepWalk 32.8 8.8 10.5
node2vec 35.6 10.1 37.9
GCN 544 35.1 41.2
DGI 53.5 45.7 30.2
GAT 441 37.5 37.5
CATs 60.0 43.7 34.8
SGATs 61.1 44.2 38.0
SL-SGAT 64.4 47.6 39.2

TE NMIrE 1 RRER S B 2 MR B2
Note: NMI measures the degree of information shared between

the clustering results and the true labels.
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(a) Cora

(b) Citeseer

(c) Pubmed

3 SL-SGAT#i%1E Cora . Citeseer fl Pubmed = /NEa4E b 1l MALZLE:
Fig. 3 The visualization results of the SL-SGAT model on the Cora, Citeseer, and Pubmed datasets
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Fig. 4 Results of t-SNE visualization of Cora node embedding by GCN, GAT, SGATs and SL-SGAT models

(d) SL-SGAT
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Fig. 8 Node classification results using different thresholds
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Table 6 Comparative experiments of node classification

among different variants of the SL-SGAT model

A ACC/%
iy
Cora Citeseer Pubmed
Structure—only 83.1 72.3 78.5
Self-supervised—only 84.0 71.1 80.5
Str+Self 84.4 74.4 81.5
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AT P 4548 2 ] R AT W 28 R 2 >
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