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Graph Coarsening

How do we map a large graph to a coarsened graph? Using C ∈ Rp×k
+ , which belongs to

C =
{

〈Ci, Cj〉 = 0 ∀ i 6= j,

〈Ci, Ci〉 = di, ‖Ci‖0 ≥ 1, ‖[CT ]i‖0 = 1
}

How do we find Laplcaian and feature matrix of the coarsened graph?

Θc = CT ΘC, Xc = PX, X = P †Xc = CXc

Structured Graph Reduction

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:

Sλ = {{λj = 0}n
j=1, c1 ≤ λn+1 ≤ . . . ≤ λk ≤ c2} (1)

where n ≥ 1 denotes the number of connected components in the learned coarsened graph, and

c1, c2 > 0 are constants that depend on the number of edges and their weights.

Figure 1. A 3-component graph and the eigenvalue distribution of its Laplacian matrix: three zero eigenvalues

corresponding to three components.

Application of Multi-Component Graph

Framework for Multi-Component Coarsened graph Learning

Figure 2. Sequence of steps in performing node classification task using a coarsened graph

Our approach for node classification using coarsened graph:

Input Graph: G(A, X) → Learn structured-coarsened graph Gc(Ac, Xc, C) using G(A, X) →
Label determination of coarsened graph Yc = argmax(CT Y ) → Graph Neural Network training

using Gc(Ac, Xc, Yc) → Testing on Original graph

Optimization problem for MGC

min
C,Λ,U

−γlog det(Λ) + λ

2
‖CT ‖2

1,2 + β

2
||CT ΘC − UΛUT ||2F

s.t. C ∈ Sc =
{

C ≥ 0| ‖[CT ]i‖2
2 ≤ 1 ∀ i = 1, .., p

}
,

UT U = I, Λ ∈ Sλ

Algorithm

Proposed algorithm: Variables X =
(

X̃, C
)
, solved using alternate block majorization-minimization:

Sub-problem for C : min
C∈Sc

1
2
CT C − CT A

Sub-problem for U : min
UT U=Iq

β

2
||CT ΘC − UΛUT ||2F = −β

2
tr(UT CT ΘCUΛ)

Sub-problem for Λ : min
Λ∈Sλ

−γ log det(Λ) + β

2
||CT ΘC − UΛUT ||2F

The worst-case computational complexity O(p2k)

Node classification Using MGC

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.

Comparison with Full dataset and Runtime Efficiency

Figure 4. Node classification accuracy: GNN trained on

the original graph (whole dataset) vs. the coarsened graph

using MGC. Coarsened graph achieves similar accuracy

with improved efficiency. OOM = Out Of Memory.

Figure 5. Computation time (τ ): Time (in sec.) for

coarsening and node classification with a ratio of 0.05.

MGC is faster than SOTA baselines and even faster than

classification on the full graph.
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