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igure 1: Shown: one GNN-AK™ layer. For each layer, GNN-AK™ first extracts n (# nodes)
we show that our framework is strictly more rooted subgraphs, and convolves all subgraphs with a base GNN as kernel, producing multiple rich
powerful than 1&2-WL, and is not less pow- B's Subgraph 8 subgraph-node embeddings of the form Emb(z | Sub|j]) (node 7’s embedding when applying a GNN
orful than 3-WI. kernel on subgraph 7). From these, we extract and concatenate three encodings for a given node j: (1)
1-hop egonet based subgraphs in A and B are centroid Emb(j | Sub|j]), (ii) subgraph ) . Emb(z | Sub[j]), and (iii) context ) ;. Emb(j | Subli|).
different. Hashing the subgraph of a node to GNN-AK™ repeats the process for L layers, then sums all resulting node embeddings to compute the
its color can successtully distinguish A and B. final graph embedding. As a weaker version, GNN-AK only contains encodings (i) and (ii).
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greatly improved practical performance

B's Subgraph 1

we also design a sampling strategy to greatly
reduce memory footprint and improve speed
while maintaining performance

SUBGRAPHDROP VARIFY EXPRESSIVENESS

TO further improve SC alablllty and practic al_ EXP contains 1-WL failed graphs; SR25 contains 3-WL failed graphs;
: : . Substructure and graph property are performed on random graphs.
ity, we propose a subgraph sampling training
1-WL 1terat1vely recolors nodes. At t-th itera- method motivated from Dropout. Vethod  EXp  Spog  Counting Substructures (MAE) — Graph Properties (log; o(MAE))
tlon every nOde fOllOWS (ACC) (ACC) Triangle Tailed Tri. Star 4-Cycle IsConnected Diameter Radius
* o N1 . GCN 50% 6.67% 0.4186  0.3248 0.1798 (.2822 -1.7057 -2.4705 -3.9316
. L o i o - - * Tralnlng° at every epOCh’ randomly drop (a GCN-AKt  100% 6.67% 0.0137 0.0134 0.0174 0.0183 -2.6705 -3.9102 -5.1136
(1) (t—1) (t—1) N €Sign ~. subgrap
C (v) = HASH (¢ (U)7 {C (u)‘u < v} large amount of) subgraphs. GIN 50% 6.67% 03569 02373 0.0224 02185 -1.9239  -3.3079 -4.7584
GIN-AK+ 100% 6.67% 0.0934  0.0751 0.0168 0.0726 -1.9934 -3.7573 -5.0100
P . . GIN-AK 100% 6.67% 0.0123  0.0112 0.0150 0.0126 -2.7513 -3.9687 -5.1846
(t) TeStlng use ALL SUbgraphS PNA* | 50% 6.67% 0.3532  0.2648 0.1278 0.2430 -1.9395 -3.4382 -4.9470
c__ PNA*-AK 100% 6.67% 0.0118 0.0138 0.0166 0.0132 -2.6189 -3.9011 -5.2026
1-WL _$ C (fv) It speeds up trammg and reduce memory cost 5 PPGN 100% 6.67% 0.0089  0.0096 0.0148 0.0090 -1.9804  -3.6147 -5.0878
1 1 1101 PPGN-AKt 100% 100% OOM  OOM OOM OOM OOM OOM OOM
( t) to 10 times without sacrificing any performance.
=>c\"/ (v)
e Neural version: GNNAsKernel (GNN-AK) EXPERIMENTS ON REAL-WORLD DATASETS
Star _ _
As visualized above, the recoloring formula- ( t) Method ZINC-12K (MAE) CIFAR10 (ACC) PATTERN (ACC) MolHIV (ROC) MolPCBA (AP)
tion is equivalent to hashing the "star" around GNN =S h GatedGCN 0.363 £ 0.009  69.37 +0.48  84.480 4 0.122 —~ -
, v HIMP 0.151 =+ 0.006 - - 0.7880 =+ 0.0082 —
a node to the node’s new color PNA 0.188 £ 0.004 7047 +£0.72  86.567 & 0.075 0.7905 % 0.0132 0.2838 =+ 0.0035
Botteckneck of hashine "stap” 8(3}%:1{ 8{?2 + 88(1]% 7284 + 042  86.680 + 0.034 8';%8 + 88(1](9)5 0.2885 + 0.0030
n in r 115 4 0. — — - + 0. —
otteckneck of hashing st CIN 0.079 = 0.006 ~ - 0.8094 1 0.0057 -
Example: two non-isomorphic regular graphs e Th f : GCN 0.321 +0.009 5839 4+0.73  85.602 4+ 0.046 0.7422 4+ 0.0175 0.2385 4+ 0.0019
corems or expressiveness GCN-AK+ 0.127 £ 0.004 7270 +0.29  86.887 + 0.009 0.7928 + 0.0101 0.2846 + 0.0002
_ : _ GIN 0.163 +£0.004  59.824+0.33  85.732 +0.023 0.7881 4 0.0119 0.2682 + 0.0006
Strictly more powerful than 1&2-WL GIN-AK | 0.094 £0.005  67.51 021  86.803 +0.044 07829 %+ 0.0121 0.2740 + 0.0032
— No less powerful than 3-WL GIN-AK 0.080 + 0.001  72.194+0.13  86.850 + 0.057 0.7961 4 0.0119 0.2930 + 0.0044
, , , PNA* 0.140 £ 0.006  73.11 £ 0.11  85.441 £ 0.009 0.7905 4 0.0102 0.2737 + 0.0009
— For any k>=3, exist a pair of k-WL-failed PNA*-AK*  0.085 = 0.003 OOM OOM 0.7880 4 0.0153 0.2885 =+ 0.0006
B . o graphs that cannot be distinguished by GCN-AK+t-S  0.127 4+ 0.001 71.93 +0.47  86.805 + 0.046 0.7825 + 0.0098 0.2840 + 0.0036
All stars are the same, 1-WL fails to distin- Subgraph-1-WL GIN-AK+-S™  0.083+£0.001 7239+ 038 86811 +0.013 0.7822 + 0.0075 0.2916 = 0.0029
PNA*-AKT-S  0.082 +0.000  74.79 £ 0.18  86.676 + 0.022 0.7821 + 0.0143 0.2880 + 0.0012
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