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[ Abstract] To address the high complexity of existing graph repfesentation learning methods, this paper proposes a new
graph representation,learning*method to improve the learning efficiency, while’maintaining the representation performance
of graph features. The' method captures the basic properties of graph data by establishing appropriate hyperbolic geometry
structure in the neural network representation model. Then the Bayesian Personalized Ranking ( BPR) target is used to
maximize the gap between the correct links and the wrong links to automatically learn the similarity information.
Moreover , the hyperbolic distance function is used to calculate the hierarchical distance between the nodes in the designed
neural ranking model. Finally, the model uses the ARiemannian gradient descent method to learn the feature vector of
nodes. Experimental results show that the propesed method can efficiently learn node features, and can provide more
compact and more expressive feature vector representations than DNGR ,HARP and other methods.

[ Key words] graph representation learning; hyperbolic geometry; hyperboloid model; neural network; Bayesian
Personalized Ranking( BPR)
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Table 3 Accuracy comparison on DBLP dataset %
bR IC T R /%
T5 i
10 20 30 40 50 60 70 80 90
DNGR J7#: 38.51 40.58 41.62 45.09 50.21 51.53 53.47 57.36 57.94
HARP J7 ¥ 35.83 39.68 42.56 47.02 49.27 50.02 54.38 56.74 57.04
k[ 14 ] 05 9% 46.26 49.50 50.54 52.61 53.78 55.09 56.46 58.23 60.71
k[ 13 ] 5% 48.20 51.45 53.76 54.05 56.52 58.47 59.39 62.28 62.59
EuclideanEmb J5 35.65 34.72 37.65 40.56 42.07 43.11 45.62 47.52 47.30
PoincaréEmb J7 i 45.34 48.23 52.96 54.64 55.72 57.15 60.04 62.38 62.77
Neural-HRNE J5 ¥ 48.56 50.97 52.85 53.53 57.07 58.78 59.45 62.60 63.50

#& 4 PPI #1 Wikipedia #{{F4%£ F M5 5 S5 45 £ Macro-F1 £ §

Table 4 Macro-F1 results of node multi label classification on PPI and Wikipedia datasets

PPI Wikipedia
Jrik BRI Y BARIe T A B bR ie 19 BRI Y BlbRic 4y A0y bR ie 9 K
il 20% il 50% L il 80% b 1 20% il 50% L4l 80%

DNGR 75 % 18.8 21.5 23.8 12.0 14.1 17.2
HARP 5 3 19.6 22.7 25.0 13.9 17.2 21.5
CHk[14] 97 20.2 23.3 28.3 17.5 22.4 24.8
SRk (13 ] g7 ik 21.4 25.2 30.2 17.2 25.4 30.8
EuclideanEmb 77 7 14.7 180 21.5 8.7 12.0 16.5
PoincaréEmb J5 i 20.3 25.7 32.1 17.3 24.7 30.5
Neural-HRNE J5 3 21.7 2611 32.5 17.2 25.0 30.0
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Fig.2 Comparison of dimensional sensitivity and model

convergence results of three methods in WordNet terms
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