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Background — Graph Classification

Drug Discovery
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Problem — Imbalanced Graph Classification
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Method — Mitigating Population risk

Interpolation Graph-of-Graphs (GoG)
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Method — Augmentation with Consistency Regularization
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Framework — Graph-of-Graph Neural Network (G*GNN)
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Experiments - Setting

Table 1: Statistics of datasets Supervised Self-Supervised
Networks # Graphs # Avg-Node # Avg-Edge # Attr Time(s)" A / : /'\’}
PTC-MR [32] 344 14.29 14.69 18 0.257 /T\_ = e =
NCI1 [35] 4110 29.87 32.30 37 11.21 e /—\‘ I 7\‘ RS \Ir\7
MUTAG [5] 188 17.93 19.79 7 0.212 N — B
D&D [30] 1178 284.32 715.66 89 574.71
DHFR [30] 756 42.43 44.54 3 3.70 : [14] Sun et al. 2019
REDDITB [43] 2000 429.63 497.75 \ 3376 Imbalanced Strategy:

(1) Upsamphng —us [15] You et al. 2021
* The column ’time’ represents the actual time used for applying Shortest Path kernel
to compute S for each dataset.
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Experiments - Results

Model MUTAG (5:45) PROTEINS (30:270) D&D (30:270) NCI1 (100:900)
Fl-macro F1-micro F1-macro F1-micro Fl-macro F1-micro Fl-macro F1-micro

GIN 52.50 £ 18.70 56.77 +14.14 25.33 +7.53 28.50 +5.82 9.99 + 7.44 11.88 + 9.49 18.24 + 7.58 18.94 + 7.12
GIN, 78.03 + 7.62 78.77 + 7.67 65.64 +2.67 71.55+3.19 41.15+3.74 70.56+10.28 59.19 +4.39 71.80 + 7.02
GIN, 77.00 + 9.59 77.68 + 9.30 54.54 + 6.29 55.77+7.11 28.49+592 40.79+11.84 36.84+8.46 39.19+ 10.05
GINg, 74.61 + 9.66 75.11 + 9.87 56.07 +7.95 57.85+8.70 27.08+8.63 39.01 +15.87 40.40+9.63 44.48 +12.05
InfoGraph 69.11 +£9.03 69.68 + 7.77 3591 +7.58 36.81 £6.51 21.41 +4.51 27.68 +7.52 33.09 + 3.30 34.03 + 3.68
InfoGraph,,s 78.62 + 6.84 79.09 + 6.86 62.68 +2.70 66.02 +3.18 41.55+ 2.32 71.34 + 6.76 53.38 + 1.88 62.20 + 2.63
InfoGraph, 80.85 + 7.75 81.68 + 7.83 65.73 £3.10 69.60 +£3.68 41.92 + 2.28 72.43 + 6.63 53.05+1.12 62.45 + 1.89
GraphCL 66.82 + 11.56 67.77 £ 9.78 40.86 + 6.94 41.24 +£6.38 21.02 + 3.05 26.80 +4.95 31.02 + 2.69 31.62 + 3.05
GraphCL, 80.06 = 7.79 80.45 + 7.86 64.21 £ 2.53 65.76 £2.61 38.96 + 3.01 64.23 + 8.10 49.92 + 2.15 58.29 + 3.30
GraphCL,,, 80.20 + 7.27 80.84 + 7.43 63.46 +2.42 6497 £2.41 40.29 +3.31 67.96 + 8.98 50.05 + 2.09 58.18 + 3.08
G*“GNN, 80.37 £ 6.73 81.25 + 6.87 67.70 £ 2.96 73.10 £4.05 43.25 + 3.91 77.03 £ 9.98 63.60 + 1.57 72.97 + 1.81
G%GNN,, 83.01 + 7.01 83.59 +7.14 67.39+2.99 73.30+4.19 43.93+3.46 79.03+10.78 64.78 + 2.86 74.91 + 2.14

(1) Up-sampling, reweighting and Smote alleviate the imbalance issue

(3) Our G2GNN consistently achieves better performance in imbalanced scenario
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Experiments - Results
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(1) Different minority classes lead to significantly different

performance

(2) Topological augmentation cannot guarantee the
performance improvement
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Experiments - Results

# Neighbors in GoG
0.64
—— Fl-macro

0.62- —— Fl-micro [9-76

0.60- ---- Homophily >
2 0.58- =
= 0.725
50.56 g
5 0.70 =
A 0.54-

0.52- 0.68

0.50- 0.66

1 2 3 4 5 6 7 8 9
Number of Neighborhoods

Performance

0.85 A

0.84 -

0.83

0.82 A

0.81 1

0.80 -

0.79

Augmentation ratio

— F1-macro

— F1-micro

Otl 0?2 0:3 0i4 0?5 016 017 0?8 0?9
Augmentation Ratio




Conclusion

https://github.com/YuW Vandy/G2GNN
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