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Problem

Pre-train heterogeneous graphs in a self-supervised manner.

Motivation

« Existing methods require high-quality positive and negative examples, limiting
their flexibility and generalization ability.

« We propose a flexible framework SHGP, which does not need any positive
examples or negative examples.
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Method: Overall Architecture
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Yaming Yang, et al., Self-supervised Heterogeneous Graph Pre-training based on Structural Clustering, NeurlPS 2022.
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G Feature Projection: project different types of features into a common space.

G Object-level Aggregation: aggregate one-type of neighbors by adjacency matrix.

9 Type-level Aggregation: aggregate different-types of neighbors by attention.

Yaming Yang, et al., Interpretable and Efficient Heterogeneous Graph Convolutional Network, IEEE TKDE 2021.
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Datasets Metrics Train HAN |HGCN| M2V DMGI HDGI HeCo H-DC |SHGP
4% 90.07 | 93.16| 8897 9443 9410 95.75 85.03 | 98.23

Mic-F1 6% 91.83 | 95.18| 8994 9380 93.68 9593 85.16 | 98.30

MAG 8% 92.17 | 97.13| 90.15 9436 9427 96.08 86.03 | 98.37
4% 8993 | 92.82| 88.51 9432 9389 9527 84.72 | 98.24

Mac-F1 6% 91.54 | 9508 | 89.45 93.74 93.64 9542 85.13 |98.33

8% 91.82 | 97.05| 89.73 94.27 9423 05.15 8597 |98.41

4% T70.84 | 75.78 | 72.45 7893 79.72 79.78 78.53 | 8§0.31

Mic-Fl1 6% 72.04 | 77.59| 73.83 79.01 80.09 80.15 79.96 | 80.78

ACM 8% 7323 | 78.08| 7395 7947 79.07 80.94 79.82 | 80.91
4% 61.50 | 64.61| 53.01 59.37 60.57 6591 64.890 |67.14

Mac-F1 6% 6023 | 64.04| 51.86 59.15 61.09 6563 64.37 | 67.38

8% 6237 | 65.73| 53.72 5942 5999 67.15 65.11 | 68.19

4% 9048 | 9245| 88.93 89.35 88.33 91.31 87.15 |93.70

Mic-F1 6% 91.03 | 92.08| 89.47 89.21 8893 91.05 86.67 |93.92

DBLP 8% 9190 | 9234 | 9141 89.88 88.18 91.22 8723 |94.13
4% 90.01 | 92.13| 88.49 8821 87.69 90.53 87.03 |93.31

Mac-F1 6% 9051 | 91.71| 8897 88.03 88.75 9026 86.53 |93.52

8% 9135 | 92.04| 89.83 88.57 87.38 9042 87.11 |93.77

4%  56.05 | 56.68 | 56.54 54.79 36.31 5742 54.01 | 58.51

Mic-Fl1 6% 54.21 | 57.72| 5524 5493 35764 58.63 54.19 |59.76

IMDB 8% 5645 | 57.03| 57.02 5575 5670 60.13 55.19 | 61.60
4% 39.04 | 36.66| 27.03 37.95 30.84 38.66 34.72 |43.36

Mac-F1 6% 36.63 | 3938 | 26.51 3867 3635 3943 3661 |46.17

8% 38.20 | 4054 | 27.86 39.89 3464 40.00 38.03 | 48.02

Object Classification
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MAG ACM DBLP IMDB
NMI ARI NMI ARI NMI ARI NMI ARI

M2V 39.67 43775 3253 2849 4950 5673 143 1.03
DMGI 70.89 73,51 3845 3246 65.17 6723 349 265
HDGI 7396 77.15 39.13 3234 5998 6233 415 2096
HeCo 7933 83.16 39.06 32.69 6881 7405 5.69 232
H-DC 4275 49.01 18.60 19.75 47.15 53.15 1.57 1.12
SHGP 90.65 93.00 3942 3263 7330 7731 633 3.10

Object Clustering

(a) DMGI (b) HeCo (c) SHGP

Embedding Visualization



4 4 A
e R Summary

We propose SHGP, a novel heterogeneous graph pre-training framework.
« SHGP does not require any positive examples or negative examples.

« SHGP enjoys a high degree of flexibility.
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Thank You!

SHGP paper SHGP code ie-HGCN paper ile-HGCN code



