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Metapath-based Graph Transformer Neural Network

LIANG Shu-Qing, JIANG Yun-Cheng
(School of Computer Science, South China Normal University, Guangzhou 510631, China)

Abstract: As new deep learning models, graph neural networks are widely used in graph data and promote various
applications, such as recommendation systems, social networks, and knowledge graphs. Most existing heterogeneous
graph neural models usually predefine multiple metapaths to capture composité relationships in heterogeneous graphs.
However, some models usually consider one metapath during the feature aggregatlon, leading to models only learning
neighbor structure but ignoring the global correlation of multiple niatapaths. Others omit intermediate nodes and edges
along the metapath, which means models cannot learn the semantic information in each metapath. To address those
limitations, this study proposes a new model named metapath-based graph Transformer neural network (MaGTNN).
Specifically, MaGTNN first samples heterogeneous graph as metapath-based multi-relation graph and then uses the
proposed position encoder e{nd edge encoder to capture the semantic information in a metapath. Subsequently, all the
matapath-based neighbor information is aggregated to the target node through their similarity, which is calculated by the
improved graph Transformer layer. Extensive experiments on three real-world heterogeneous graph datasets for node
classification and node clustering show that MaGTNN achieves more accurate prediction results than state-of-the-art
baselines.
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SIS R T IS B R R I 4h, Node2Vec
BAYLE SR RAT 55 TR R IR 57, 3X R o T 7E Bl LI 7 1
R, ARAT T SR SR AR 3R AE | — 2% U AE 7 1
Hh DR TR R AE SR A B, G Y 7 R R 2 T g B 5F
WA AR, 7E JRAT S5 h R 5 3 A I
—#%. MIXF HAN, MaGTNN 7E& A FRFAEH I 7

&b =

A7 B i hY, X 7] fE & MaGTNN £ 7K 5H — AR
[ AN, B A B RIS b, FrA 15 4AE IMDB
Ko 4L BRI A, LR R AT R A2 ez s S
A MR S8 /£ IMDB S A 2K
FIE R FAREE, e R, BATT R BRIk #E— N
AERHFRZE, XK s2ma B 7 R AL .

B A
]

1=
s

F2 BUREAET A RES ERER (%)
il gk %S Node2Vec  Metapath2Vec HERec GCN GAT HAN MaGTNN
20 87.23 89.52 91.26 92.44 93.51 93.37 94.27
DBLP 40 88.26 90.31 92.05 92.83 93.65 9’3.,40" 94.30
60 89.08 91.04 92.66 92.78 9372 8 957 94.99
80 89.96 91.80 92.78 93.12 ¥ 93795 93.76 95.40
20 76.66 68.61 69.72 8945 88.67 90.19 92.17
ACM 40 80.67 73.25 71.62 A . 89.48 89.24 90.66 92.54
60 82.38 75.30 72.89 © 89.96 89.57 91.21 92.32
80 83.75 76.40 74.66 90.27 91.29 90.17 92.77
20 49.32 47.63 46.23 52.80 53.64 56.31 59.88
IMDB 40 51.77 "2 48.§2§ 47.87 53.76 55.56 57.47 60.85
60 52.79 49.87 48.19 54.23 56.52 58.65 61.58
80 i Yo 50.56 49.11 54.63 57.98 59.70 62.13
F3 BUREAET AREMES ENER (%)
EICE S PR AR Node2Vec ~ Metapath2Vec HERec GCN GAT HAN MaGTNN
DBLP NMI 75.01 74.19 69.65 73.17 75.89 78.63 81.33
ARI 80.75 78.11 73.73 77.24 82.13 84.41 86.92
ACM NMI 51.16 19.63 20.50 67.41 67.92 71.88 73.89
ARI 45.39 9.77 22.97 72.82 73.38 76.43 79.27
IMDB NMI 0.71 0.89 0.39 7.42 7.83 10.90 14.28
ARI 0.28 0.22 0.11 7.25 8.87 1}.88.7 10.23
5 ZipEREHE Systems. Long Beach: Curran: Associates Inc., 2017.
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