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Popular types of GNNs

*GCN (Kipf & Welling, 2016) and subsequent works — utilize a proxy of the graph
Laplacian as a spatial operator, followed by a 1 X 1 convolution.
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*GAT (Velickovic et al., 2018) — learns a non-negative weighting function of the edges
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This weighting induces a spatial operator A fl]) = ai(lj) that is applied to the graph
nodes.



Why do we need to learn spatial operators?

°In CNNs, spatial operators are general (i.e., mixed signs) and can be:
* Shared across channels

* Per-channel (i.e., depth-wise convolutions)
* Mixed with channel-wise convolutions (e.g., fully connected convolutions)

°In GNNs, however, typically the scope of spatial operators is limited:
* GCNs and GATs employ non-negative operators shared across the channels.

* The spatial operator is limited to pairwise interactions (kernel of size 2).

*This is a gap that we aim to bridge using Graph Random Walks:
* Allowing to learn a wide spatial operator per-layer and per-channel.

* Learning a general (i.e., with mixed signs) convolution operator.



From fixed to variable spatial operators

*Given a path y; = (jo, ..., jk—1), the spatial operator of size k is parameterized by a
vector s € R* and defined as follows:
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*In practice, we will sample multiple paths denoted by Y; and average their responses:

Ky () = ) Ky ()f
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Constructing pathGCN

*Given the path convolution operator Ky we define a pathGCN layer as:
fA+1) — G(W(Z)Kg)f(l))

where ¢ is an activation function and W® isa 1 x 1 convolution operator.

*We can define three different types of pathGCN:
» Global pathGCN — parameterized by a shared, global vector s € R.

* Per-layer pathGCN — learning a spatial filter per layer s € REXX.
» Depth-wise pathGCN — a spatial operator per layer and channel s € REX¢Xk,

*Those variants are more similar to the ones found in CNNs (c.f,, MobiIeNets), and offer
a rich bank of spatial operators, compared to using the standard P from GCNs.



Experiments




Semi-supervised node classification

Dataset Method Layers
! - 2 4 8 16 32 64
*Our pathGCN improves with more layers and does not over-smooth. — L L

GCN (Drop) 82.8 82.0 75.8 75.7 62.5 495

JKNet 80.2 80.7 80.2 811 71.5
JKNet (Drop) ~ — 83.3 82.6 83.0 82.5 83.2

Incep ~ 776 765 $1.7 817 80.0

C . . . Incep (Drop) ~ 829 82.5 $3.1 83.1 835
*Both deterministic and stochastic implementations can be used for inference. Gl P g22 826 842 846 854 855
GCNII* 802 82.3 $2.8 $3.5 84.9 85.3

PDE-GCNp ~ 82.0 83.6 84.0 84.2 84.3 84.3

EGNN 8§32 - - 854 - 857

pathGCN (Ours) $4.2 84.5 84.6 85.1 85.4 85.8

Citeseer GCN 70.8 67.6 30.2 183 25.0 20.0

GCN (Drop) 723 70.6 61.4 572 41.6 344

. JKNet ~ 687 67.7 69.8 68.2 63.4

Inference Cora Cite. Pub. JKNet (Drop)  — 726 71.8 72.6 70.8 722

Incep ~ 693 684 70.2 68.0 67.5

Determin. 85.8 75.8 2.7 Incep (Drop) ~ 727 714 725 726 71.0

GCNII 68.2 68.8 70.6 72.9 73.4 73.4

Stochasi 85.8 75.8 82.7 GCNII* 66.1 66.7 70.6 72.0 73.2 73.1
ochastic PDE-GCNp ~ 74.6 75.0 752 75.5 75.6 75.5

+0.29 +0.34 +0.34 pathGCN (Ours) 74.3 74.8 75.4 753 75.6 75.8

Pubmed GCN 79.0 76.5 61.2 40.9 22.4 35.3

GCN (Drop)  79.6 79.4 78.1 78.5 77.0 61.5

JKNet ~ 78.0 78.1 72.6 72.4 745

JKNet (Drop) ~ — 78.7 78.7 79.7 79.2 78.9

Incep - 777 779 749 - -

Incep (Drop) - 79.5 78.6 190 - -

GCNII 782 78.8 79.3 80.2 79.8 79.7

GCNII* 77.7 78.2 78.8 80.3 79.8 80.1

PDE-GCNp 793 80.6 80.1 80.4 80.2 80.3

EGNN 792 - $0.0 - 80.1

pathGCN (Ours) 81.8 81.8 82.4 82.5 82.4 82.7




Fully-supervised node classification

Method Cora Cite. Pubm. Cham. Corn. Texas Wisc.
GCN (Kipf & Welling, 2016) 85.77 73.68 88.13 28.18 52.70 52.16 45.88
GAT (Velickovi¢ et al., 2018) 86.37 74.32 87.62 42.93 54.32 58.38 49.41
Geom-GCN-I (Pei et al., 2020) 85.19 77.99 90.05 60.31 56.76 57.58 58.24
Geom-GCN-P (Pei et al., 2020) 84.93 75.14 88.09 60.90 60.81 67.57 64.12
Geom-GCN-S (Pei et al., 2020) 85.27 74.71 84.75 59.96 55.68 59.73 56.67
APPNP (Klicpera et al., 2019) 87.87 76.53 89.40 54.30 73.51 65.41 69.02
JKNet (Xu et al., 2018) 85.25(16) 75.85(8) 88.94(64) 060.07((32) 57.30(4) 56.49(32) 48.82(8)
JKNet (Drop) (Rong et al., 2020) 87.46 (16) 7596(8) 89.45(64) 62.08(32) 61.08(4) 57.30(32) 50.59(8)
Incep (Drop) (Rong et al., 2020) 86.86 (8) 76.83 (8) 89.18 (4) 61.71 (8) 61.62(16) 57.84(8) 50.20 (8)
GCNII (Chen et al., 2020) 88.49 (64) 77.08(64) 89.57(64) 60.61(8) 7T486(16) 69.46(32) 7T4.12(16)
GCNII* (Chen et al., 2020) 88.01 (64) 77.13(64) 90.30(64) 62.48(8) 7649(16) 77.84(32) 81.57(16)
PDE-GCNy(Elasof et al., 2021) 88.60 (16) 78.48(32) 89.93(16) 66.01(16) 89.73(64) 93.24(32) 91.76(16)
pathGCN (Ours) 90.02 (64) 78.95(32) 9042 (64) 66.79(16) 91.35(8) 95.14(16) 93.53(16)




Graph classification

*Our pathGCN is also useful for graph classification tasks.

Model MUTAG PTC PROTEINS NCI1

DGCNN 85.8418 98.61925 75.540.9 74.44 05
IGN 83.9+13.0 98.546.0 76.6455 743497
GIN 894156  64.6170 76.219 g 82.74+1.7
CIN 92.746.1 68.245 6 77.044.3 83.611 4
GSN 92.7_]_7_5 68.24_?_2 76.6+5_{] 83.5-}-2_{]

pathGCN (ours) 94.71,47 752453 80.44, 5 83.3+1 3




Summary

*A new approach for learning the spatial operators of GNNs is proposed
* Based on graph random walks

* Obtain a general spatial operator (i.e., mixed signs operator) with a larger aperture.

*An extensive set of experiments is carried to verify the method, achieving new SOTA
performance:

* Semi & Fully supervised node classification

* Inductive Learning on PPI

* Graph classification

* Ablation study — variants of pathGCN & influence of kernel size and sampling density
(see main paper)

*CNNs employ rich spatial operators with mixed signs and typically do not over-smooth —
we bridge this gap between CNNs and GNNs.
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