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Graph Attention Networks Based on Causal Inference

ZHANG Tao,CHENG Yifei and SUN Xinxu

School of Information Science and Engineering, Yanshan University, Qinhuangdao, Hebei 066004, China

Hebei Key Laboratory of Information Transmission and Signal Processing, Qinhuangdao, Hebei 066004 , China
Abstract Graph attention network(GAT) is an important graph neural network with a wide range of applications in classifica-
tion tasks. However, when the neighborhood nodes in the graph are disturbed,the model classification accuracy will be affected
and degraded. In response,a graph attention network based on causal inference named causal graph attention network(C-GAT) is
proposed to improve the robustness of the network. The model first calculates the causal weights between the neighborhood of
the target node and its label and uses them to sample the neighborhood. Then the attention coefficient between the sampled neigh-
borhood and the target node is calculated. Finally,the embedding features of the target nodes are obtained by weighted aggrega-
tion of the neighborhood information based on the attention coefficients. Experimental results on the Cora, Pubmed and Citeseer
datasets show that the classification performance of C-GAT 1is on par with the classical model in the case of no perturbation. In
the presence of perturbations.,the classification accuracy of C-GAT improves by at least 6% compared to the classical model, with

a better balance of robustness and time cost.

Keywords Graph attention networks,Causal inference, Attention mechanism,Causal weight
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Fig. 1 Undirected paths existing in the neighborhood
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GAT 0,717 0.679 0. 647 0.606 0.591
GRAND 0.726 0.712 0.685 0.670 0. 650
GraphHOP 0.679 0.662 0. 648 0.635 0.625
bR &Rk ] .
GCN 0.714 0.672 0.634 0.598 0.576
GraphSAGE-Pool 0.694 0.673 0.626 0.593 0. 588
GraphSAGE-Mean 0.68 0.663 0.628 0.590 0. 587
GraphSAGE-LSTM 0. 689 0.662 0.625 0.592 0. 589
C-GATA 0.798 0.781 0.767 0.753 0.742
GAT 0.780 0.753 0.732 0.721 0.719
GRAND 0.791 0.782 0.764 0.751 0.741
GraphHOP 0.755 0.741 0.729 0.718 0. 706
MK HAE R Amdt B .
GCN 0.754 0.742 0.736 0.728 0.720
GraphSAGE-Pool 0.753 0.738 0,727 0.716 0.712
GraphSAGE-Mean 0. 754 0.735 0.724 0.713 0.705
GraphSAGE-LSTM 0.758 0.741 0.732 0.726 0.714

T AFRIRA ST
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# 4 Pubmed i 4E b AP SIEOLE A A BERY Y 5 S0 0 L

Table 4 Classification accuracy of each model with disturbances on Pubmed dataset

DR &y #A UL
0.1 0.2 0.3 0.4 0.5
C-GATA 0.738 0.715 0.687 0.668 0. 649
GAT 0.704 0.673 0.636 0. 607 0.581
GRAND 0.737 0.709 0. 684 0.662 0.641
TR R ok 3 Grapl’tH()P 0.683 0.654 0.623 0.592 0.?63
GCN 0.702 0.670 0.632 0.601 0.578
GraphSAGE-Pool 0.710 0.667 0.628 0.599 0.575
GraphSAGE-Mean 0.690 0.662 0. 630 0.591 0.578
GraphSAGE-LSTM 0.691 0. 654 0.632 0.586 0.569
C-GATA 0.768 0.756 0.748 0.741 0.735
GAT 0.751 0.743 0.734 0.728 0.717
GRAND 0.764 0.752 0.746 0.739 0.730
. GraphHOP 0.753 0.741 0.730 0.719 0.708
3K B AR R R et 5 s
GCN 0.750 0.742 0.732 0.724 0.712
GraphSAGE-Pool 0.749 0. 744 0.731 0.723 0.715
GraphSAGE-Mean 0.752 0.733 0.726 0.715 0.708
GraphSAGE-LSTM 0.747 0.736 0.728 0.714 0.709

T AFRIRASCTT

# 5 Citeseer 5 LA MBI OL T &R 73 2 ol 1 2

Table 5 Classification accuracy of each model with disturbances on Citeseer dataset

4% 5 45 #a o
0.1 0.2 0.3 0.4 0.5
C-GATA 0.642 0.624 0.601 0.589 0.562
GAT 0.629 0.610 0.571 0.529 0.509
GRAND 0.638 0.622 0.597 0.584 0. 560
o GraphHOP 0.620  0.581 0.556 0.539 0.515
R B 4 3 GCN 0.622 0.598 0.561 0.514 0.494
GraphSAGE-Pool 0.624 0. 604 0.563 0.516 0.497
GraphSAGE-Mean 0.617 0.581 0.56 0.512 0.495
GraphSAGE-LSTM 0.618 0. 589 0.557 0.516 0.492
C-GATA 0.697 0. 681 0. 666 0. 645 0.636
GAT 0.673 0.646 0.635 0.621 0.603
GRAND 0.698 0.682 0. 664 0. 644 0.634
. - . GraphHOP 0.688 0.662 0.641 0.625 0.606
A BB A e 3 GCN 0.662 0.632 0.622 0.612 0.594
GraphSAGE-Pool 0.666 0.631 0.620 0.611 0.591
GraphSAGE-Mean 0.668 0.639 0.619 0.607 0.585
GraphSAGE-LSTM 0.661 0.635 0.615 0. 606 0.590
T AR RAR ST %
MR 3—3 5 TTLUF Y, 2440 2l LL 2258 7 19 m 4 1) fi L C- 7 oo
72
GAT 7 Cora 1 Pubmed %% #5 &£ L 0y Kt ge 8l WL T w0l Ezzgggﬁ-ﬂp
GraphSAGE,GCN,GAT L % GraphHop, 3 H. 5 GRAND #f £ " ot
. " ] e . w66 S
Hoor SR BB AR T IR B A, R T IR FH & 1 g
PE o 2SR BCHE A a BOHE T #R I R B B, C-GAT #4528 o 3 ;
60 Ip-
WET BE & TR A, 7E Cora, Pubmed Fl Citeseer 21 {E 42 | . g"\\:;’
B e B e KA T 20 M 6. 5% ,6. 8% A1 6. 0% 524 %1 02 03 04 05
et . .. e o #3E
FURE I 2R 8008 78 3 3 i5F . C-GAT #4326 1 9 I & K42 o Tent ot it i
a) lest data with perturbation
THor A 3. 5% . 1. 8% F 3.5, XL T AEN T C N
GAT B HE f J 2  LLA7 2 5 80 6 41 30 4 2 F . T
78 - & - GraphHo
SE=N X - & - GraphHop
(R ==X N . 7 T T GrhSAGE
BT AR B C-GAT 5 2 8 BB T 5 % i T 7 £l
Cora BU4E 4 &, 32 5048 A8 e 3l A i 38 548 3% B 20 1 = o ‘ \‘E
N 73 B ST
LB U H 0 B L C-GATT A0 Sl 35 28 0 o 1 72 MR,
FANNFE 3— 3£ 5 AT LIFE B, GraphSAGE-Pool £ 3 4~ %k n
70
35 45 b B0 22 B O T A T R R A BR B, BT LLFE R SCr R
GraphSAGE*POOI 'ﬂE ﬁ{l GraphSAGE jj {f E"] 'ﬂi %‘:2 in ’T? ‘fi ﬁE (b) Test data without perturbation
AL, B 5 Cora $tE4E 1 C-GAT 5 HE£%J7 1k B9 WE 0 A0 1L
M 5 B Rl LLE Y Y3 b R 0 i % L AR AR T Fig.5 Accuracy comparison of C-GAT and baseline method on
FLLEMIR, C-GAT W/ 2T g T IR BB N E 1%, Cora dataset
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5 0 R A T LA 43 TR 4 3 B AL 5k o 4 Y A5 B A 1
7S 1 A A RS AT 42 85 T GRAND 19 43 28 6 B 2
i C-GAT 5 GRAND W 4 i B AL A BT LLE L C-
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o o (5L J2: 76 Bt AL N 15 A0 B O 28 A %5 0 3009 A0 DR SR L I
ZTARES . T C-GAT 2 # # H 5ALE ok 17 Rk

B SRR Y T R 22 ) LA A v ) TR R L R e Az R s AR
R GRAND ik, XU R THEA TN T 46 K
SFORFER 7 Bk L BEDLE B 1 Ik RE SR T e k. B 6 I 7
I3 5 7R T 78 Pubmed Fl Citescer $Hi 4 F C-GAT 534
05 ¥k A R B E AL T DL W SR B L C-GAT Ay 4 2K & #
Pt W I e 1 R B B AR A, HERE T GRAND,
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(b) Test data without perturbation

& 6 Pubmed ##4E I C-GAT 5548 77 15 19 1B X 11

Fig. 6 Accuracy comparison of C-GAT and baseline method on Pubmed dataset
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(a) Test data with perturbation
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(b) Test data without perturbation
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Fig. 7 Accuracy comparison of C-GAT and baseline method on Citeseer dataset

4.4  RERIEE AL A A

AT PR [ AR R (4 52 86 32 47 B D PR AN C-GAT 893t
PRI R AR [ R, 6 F) T C-GAT BT 1 £ 48 455 A 7 |
Rtk K/ R 50 B 1 AN B B I ZAs ]

# 6 CGAT HIELBRAE 3 MHAEE B 1B BT )1 2R )
Table 6 Training time of C-GAT and baseline models in one stage

on three datasets

BT 2 s)
s HAEE :
Cora Pubmed Citeseer

C-GATA 0.461 0.473 0.747
GAT 0.438 0.457 0. 700
GRAND 0.617 1.173 0.972
GraphHop 0.323 0.483 0.236
GCN 0.091 0.087 0.118
GraphSAGE-Pool 0.141 0.107 0.184
GraphSAGE-Mean 0.137 0.106 0.174
GraphSAGE-LSTM 0.321 0.241 0.514

TE - ARIRA SCREAL

M 6 fLLE L7 3 A B & . C-GAT B9 YIl 5 i (]

e GAT 3% Z H 0.0235,0.016s,0. 047 s, B[] Jig A< 19 0 1%
Wk 5.2%,3.5%,6. 7%, B [B] LA 6 A5 38 in i) JRL A 2 C-
GAT FEVFH 1 B )1 R A A0 047 B S SR A L T R SR SR A o
RO 3T 5 S BT A T B A 2% B O L A T B AR 38
L BT LU i ) AR 3G IR BB 2 796, BB T B SRR AE Y
HEEREMRT GAT GH BT B E 2., A SR
Y ) s B) BSGAR S L an P 8 TR .

BN CGAT
BN GAT
[ GRAND

N GraphHop

. GCN

[ GraphSAGE-Pool
B GraphSAGE-Mean
B GraphSAGE-LSTM

Citeseer

0 02 04 06 08 10 12
B[ /s

E 8 AREFIESE L C-GAT R Jr 2 i1 i a) BLAS b3
Fig. 8 Time cost comparison of C-GAT and baselines on different

datasets
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