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(Faculty of Computing, Harbin Institute of Technology, Harbin 150001, Heilongjiang, China)

Abstract: In order to express nodes better, a novel graph embedding method was proposed, each node was represented as a
Gaussian distribution composed of mean and variance. By applying a series of reversible Householder transformations, the relatively
simple distribution was transformed into a more flexible distribution, so that the uncertainty about its representation could be better
captured. To improve stability, Wasserstein distance was used to measure between distributions. The experimental results showed that
on multiple benchmark datasets, Graph2Gauss ( G2G) algorithm using Householder transformation performed better than the original
model on link prediction. It could be seen from the effectiveness of node classification that using Wasserstein distance could
significantly increase the F| score for graphs with missing node information.
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Table 2 Comparison of link prediction performance

Sk Cora-ML Cora Citeseer DBLP Pubmed
Ayc Ap Ayc Ap Aye Ap Ayc Ap Aye Ap
Logistic Regression ~ 90.01 89.75 86.58 86.51 81.70 79.10 82.04 81.91 90.50 90.99
node2vec'** 76.80 75.26 79.95 78.98 83.04 83.74 95.42 95.33 95.42 95.33
TADW'?" 81.26 81.34 76.56 78.06 70.14 72.93 65.67 59.85 62.72 68.02
TRIDNR ' 84.51 85.69 81.61 81.08 87.23 88.87 92.01 91.62 — —
GAE'”' 96.65 96.67 97.91 98.07 92.31 93.88 95.78 96.67 96.07 96.12
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Sk Cora-ML Cora Citeseer DBLP Pubmed

AUC AP AUC AP AUC AP AUC AP AUC AP
G2G oh 95.93 95.31 98.45 98.50 96.11 95.47 98.06 98.47 97.01 97.12
G2G oh uto 99.04 99.05 99.40 99.43 99.10 99.20 97.73 98.12 97.22 97.50
G2G oh o 98.76 98.60 99.11 99.18 99.16 98.86 97.17 97.56 96.77 97.06
G2G 96.54 96.10 98.74 98.63 95.02 94.50 98.36 98.37 96.42 95.66
G2G p+o 98.77 98.80 99.44 99 .45 97.76 96.18 98.53 98.60 96.55 95.94
G2G o 98.71 98.56 99.27 99.20 97.93 97.57 98.41 98.39 96.50 95.82
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Table 3 Comparison of link prediction for different distance metric functions

o Cora-ML Cora Citeseer DBLP Pubmed

{£ AUC AP AUC AP AUC AP AUC AP AUC AP
G2G oh W 96.09 95.65 98.45 98.48 95.75 95.42 98.04 98.47 96.93 97.09
G2G W 96.52 96.08 98.78 98.66 95.04 94.49 98.32 98.34 96.55 95.72
G2G oh KL 95.93 95.31 98.45 98.50 96.11 95.47 98.06 98.47 97.01 97.12
G2G KL 96.54 96.10 98.74 98.63 95.02 94.50 98.36 98.37 96.42 95.66
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