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Graphs and Graph Neural Networks FUﬁTSU

% Graphs are mathematical objects that captures the relationship between the entities (nodes) through edges.

- Graph Neural Networks -

Social networks Citation networks

Embedding space

% GNNs are deep representation learning architectures with graphs as inductive bias

% GNNs obtains the embeddings using the message passing or graph convolution techniques which typically mixes
features. Therefore the representations obtained from GNNs lack interpretability.
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Graph Neural Additive Model (GNAN) FUﬁTSU

< Additive modelling is workhorse principle behind interpretable deep learning architectures

% GNAN is the first graph neural additive model that models contributions of each features using a DNN.

Set up : Graph (G) with N nodes and feature matrix as X € RN*P

Z dist; (1 P (diste D)Q

Embedding of ith node and Deep neural network
kth feature

Challenges
% Training a DNN for each feature is computationally intense if feature dimension is large.

R/

< Computing a dist() function costs O(N? + NE), which and is not feasible for large scale graphs.
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Graph Nevural Additive Model with RFFs FUﬁTSU

Motivation : To propose a light-weight graph model that is inherently interpretable
Set up : Graph (G) with N nodes and feature matrix as X € RN*P

Framework : We model each feature contribution with a GP prior whose kernel admits RFF approximation.

D
yi= ) felxie) fi = (0, K5(.))
k=1 \ 2
Ko(.) = ai,j(xi,k - xj,k)
(Rik —f(j.k)2 oo 202

% The kernel can be equivalently expressed as Kg(.) = o2

% Proposed kernel is shift invariant and positive definite for a fixed node pair kernel can be approximated as
Ke(.) = @3 (i) Pa(;)

Drawback: It captures only information from one-hop and fails to aggregate information from multi-hops
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Graph Neural Additive Model with RFFs FUﬁTSU

% To obtain the information from multi-hop we process the data using FIR filter

R
H= Zah[:g

h=0 , )
Learnable filter coefﬁcients“/ \Normallzed graph Laplacian

.,

% The filtered features are given as X = HX

- - 2
{Xi:k — Xj;k) KG() = Cbg‘(xi,k)cl)a(xj,k)

% Now the kernel is modified to account for the information from multi-hops Kg(.) = 502

* Leveraging the kernel approximation GP prior now transforms as Bayesian prior as f; (x; ;) = ®1 (%, )wy
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*** Number of learnable parameters

. . o0
Complexity analysis FUJITSU

® GNAN: D+ 1) x (H2x(L—-1)+(L+2)xH,+1)
® G-NAMRFF:D XM+ R+1

® 168x fewer parameters compared to GNAN

H,=64L=5D=100,M =100,R=5

Number of learnable parameters

—— G-NAMRFF

—— GNAN
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Theoretical Analysis
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Permutation equivariance:

Theorem (Permutation Equivariance). Let’ P = {P € {0,1}Y*" : P'P =PP' =1y} be the
set of all N x N permutation matrices. Then under the permutation of the graph Laplacian Lg and
node-feature matrix X by any P € P, the predictions from G-NAMRFF also modifies as 'y pe;m = Py,
where'y € RN is the predictions across all the nodes.

Robustness to perturbations:

Theorem (Robustness to perturbation of graph Laplacian). Let Lg = Lg + ALg be the
Laplacian of the perturbed graph, with |ALgl||> < €, and assume that the RFF map ®,(.) is
Crrpr-Lipschitz continuous. Then each node prediction satisfies |y; — y;| < C K e D || X||2,, where

C = Cryp (111-a.x;; ||w;c||2), K = i||a||l (R?—1) (g—j&) are constants.
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Interpretability on Node Classification Task FUJITSU

Pubmed dataset: Multiclass citation-network dataset where nodes are research articles categorized into
three diabetes classes
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Interpretability on Graph Classification Task FUﬁTSU

Mutagenicity Dataset
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Empirical Results
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Node classification task

Graph classification task
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Model Cora Citeseer Pubmed Cornell ogbn-arxiv  ogbn-products
GCN [19] 81.23+£1.1 71.20+1.7 7850+1.3 659005 71.74+0.3 75.64+£0.3
GAT [30] 80.324+23 7026423 7712424 72504+£07 71954106  79.45+£0.5
GraphSAGE [12] 79.944+3.4 65.12+19 78254+1.2 759050 7149+£0.2 75.63+£0.3
Graph Transformer [37] 80.70 4+ 0.5 76.00+0.9 7880+14 70.504+1.7 70.13+0.5 74.74 4+ 0.5
NAM (2] 51.35£23 5540+19 581623 59.15+2.6 56.124+3.4 OOM
GPAM [39] 5996+3.2 60.30+39 6230437 60.12+£3.6 62.35+4.2 60.13+3.9
GNAN [5] 77.89+£5.1 65.23+£3.7 75.13+£24 7T1.76+4.2 69.56+£0.9 OOM
G-NAMRFF (R = 1) 75.324+1.8 67.12+1.1 7512438 64.12+29 669416 557318
G-NAMRFF 79.844+1.7 6945+25 7730+14 73.54+49 7002+39 7213+04
Model Proteins Mutag Mutagenicity NCII PTC
GCN [19] 7097+4.6 68.07+6.3 75.69+£0.9 66.35+1.3  56.98+5.8
GAT [30] 69.92+4.0 67.20+3.4 69.40+1.2 66.12+2.1 55.60+11.1
GraphSAGE [12] 67.35+2.3 64.12+2.4  69.254+3.9 65.56+3.9  57.12+4.9
Graph Transformer [37] 69.76+£3.2 66.30+5.3 73.10£0.9 68.24+3.4  55.9043.5
NAM [2] 62.45+4.2 63.12+9.1 67.35+2.5 57.15+1.2  54.9747.5
GPAM [39] 65.68+4.1 64.30+8.4  65.46+2.2 53.80+2.7  52.65+8.1
GNAN [5] 59.64+2.4 67.35+3.9 66.64+4.7 50.87+1.4  55.0745.2
G-NAMREFF (R=1) 67.83+4.4 T71.20£6.7 68.98+3.4 63.65+2.8 55.65+5.6
G-NAMRFF 69.94£3.7 79.81+£5.3 71.70£2.0 66.10+1.7 61.91+£34
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