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Graph Coarsening Optimization problem for MGC
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Proposed algorithm: Variables X = (X, C), solved using alternate block majorization-minimization:
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* How do we find Laplcaian and feature matrix of the coarsened graph?
o.=clec, Xx.,=PX X=PX.=CX,

Algorithm 1: Multi-component Graph Coarsening (MGC)

Structured Graph Reduction 1: Input: Graph Laplacian ©, hyperparameters 3, v, A
2: while stopping criteria not met do
- 3: Update C:
Compute gradient:
V(CH) =XxCW1 + 28000 (CHTEOCH — UAUT)
Update: C(tHD) = (C® — Ly f(c®))™
Update U:
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U+ = eigenvectors of CTOC corresponding to eigenvalues A,y1 to Ak
5: Update A:
Compute d; = (UTCTOCU);; fori =1,...,q
Update: \; = 1(d; + \/dg + &)
6: end while
7: Return: Final coarsening matrix C' and coarsened Laplacian O, = C1TOC

Original Graph Coarsened Graphs

Structured Graph Learning via Laplacian Spectral Constraints

This formulation uses the Laplacian matrix spectral properties to learn the Multi-component graph.
The eigenvalues of the Laplacian matrix for an n-component graph are expressed as:

I The worst-case computational complexity O(ka)
Sy = {{)‘j = O}?’:l,cl <A1 <. <A < oo} (1)

Node classification Using MGC

where n > 1 denotes the number of connected components in the learned coarsened graph, and
c1,co > 0 are constants that depend on the number of edges and their weights.

Data set r=k/p Baseline Proposed
GCOND SCAL MGC
S 0
o 0.5 81.02 £ 0.37 82.7+0.50 87.20 +0.43
E o ﬂﬂﬂuﬂ CORA 0.3 81.56 £ 0.62 7942 +1.71 84.56 = 1.40
S e - 0.1  79.47 +0.45 7138 +3.62 76.02 +0.93
&5 £ O
% + - 00 ' 0.5 74.28 + 145 7204 +0.54 78.80 + 1.20
5 g CITESEER 0.3  7243+094 68.87 +1.37 74.60 + 2.31
0™ 0.1 70.46 £ 041 68.58 +£2.32 70.57 + 1.25
P ~r ) = ﬂﬂﬁn‘l—-—-—" El;;f'erzf 'Ec:r{*:c‘laiir%gl::fgg%qcom onent graph

(N h—r— N A 01 7857 +0.24 7359+356 84.81+ 156
A\ rematne mamber PUBMED 0.05 78.16+0.30 72.82+262 81.89 + 0.00
(a) A 3-component graph. (b) Eigenvalue distribution of a 3-component graph. 0.03 78.04 + 0.47 70.24 + 2.63 80.70 + 0.00
Figure 1. A 3-component graph and the eigenvalue distribution of its Laplacian matrix: three zero eigenvalues 0.1 9298 £0.52 8643 +£2.40 94.71+ 0.22
corresponding to three components. CO PHY 0.05 903.05+0.26 73.09+7.41 94.52 +0.19
0.03 92.81 £ 0.31 63.65+9.65 93.64 +0.25

Application of Multi-Component Graph NELL 0.1 77.3+0.4 OOM 84.62+0.85

OGBN-arxiv 0.1 61.3+0.5 OOM 64.80+1.90
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Figure 3. Node classification accuracy on real datasets comparing the proposed MGC algorithms against GCOND and
SCAL. MGC outperforms state-of-the-art methods across all datasets.

interactions for improved application placement classify graph entities.

recommendations. efficiency.

Comparison with Full dataset and Runtime Efficiency

Dataset(r) r=k/p GCOND SCAL MGC Whole dataset

Framework for Multi-Component Coarsened graph Learning

Data set MGC Whole datset
CORA 57 2020 43 20512123 CORA 0.05 32986  27.76  2.78 2.86
CITRSEER. '8 054 90 78 D1 O CITESEER  0.05 33133 5621  3.73 5.24
' ' ' . PUBMED 0.05 202.04  54.09 46.09 58.85
l PUBMED  84.81+1.56  88.89+ 0.59 CO-CS 0.05 160032 180.16 49.80 72.31

Figure 4. Node classification accuracy: GNN trained on

eog (6@ the original graph (whole dataset) vs. the coarsened graph Figure 5 Computation tlme (T),' T|m¢ (in sec..) for
==>H]=> =] => % seg | USiNg MGC. Coarsened graph achieves similar accuracy coarsening and node classnﬁcaﬁon with a ratio of 0.05.
with improved efficiency. OOM = Out Of Memory MGC is faster than SOTA baselines and even faster than
= \_ J ' ' classification on the full graph.
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