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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

Quality of Coarsened Graph

Node Profile Matrix : φ = CT Y ; Y ∈ Rp×l
+ represents one-hot label matrix of the original graph.

A loading matrixC is considered balanced, and a coarsened graph is considered informativewhen, after

transforming the one-hot matrix Y ∈ Rp×l of labels from the original graph G using C , the resulting

matrix φ = CT Y exhibits sparsity in its rows.

Research objectives

The present study investigates the following objectives:

Objective 1: Optimization Framework for Semi-supervised Attributed Graph Coarsening

(Accepted in UAI’24)

Objective 2:Structured Graph Reduction for Efficient GNN (Accepted in WWW’25)

Objective 3:Coarse-and-learn: Efficient Entropy based Coarsening and online node labeling

Objective 4:Graph based Coarse-graining Molecular dynamics with Force Matching

Optimization Framework for Semi-supervised Attributed Graph Coarsening

Figure 1. Sequence of steps in performing node classification task using a coarsened graph

Existing state of the art work flow for node classification using coarsened graph:

Input Graph: G(A, X) → Learn 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

Our approach for node classification using coarsened graph:

Input Graph: G(A, X, Y ) → Learn coarsened graph Gc(Ac, Xc, Yc) using G(A, X, Y ) →
Graph Neural Network training using Gc(Ac, Xc, Yc) → Testing on Original graph

Optimization Problem for LAGC

min
X̃,C

−γlog det(CT ΘC + J) + tr(X̃T CT ΘCX̃) + ||CX̃ − X||2F + λ

2
‖CT ‖2

1,2 + β

2
‖CT ΘC‖2

F + δ

2
‖CT Y ‖2

F

s.t. SC =
{

C ≥ 0| ‖[CT ]i‖2
2 ≤ 1 ∀ i = 1, .., p

}

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 X̃ : min
X̃

tr(X̃T CT ΘCX̃) + α2‖CX̃ − X‖2
F

The worst-case computational complexity O(p2k)

Node classification Using LAGC

Structured Graph Reduction for Efficient GNN

Structured Graph using Spectral Constraint

Multi-component Coarsened graph:

λ(T (Θs
c)) ∈ Sλ =

{
{λj = 0}n

j=1, c1 ≤ λn+1 ≤ . . . ≤ λk ≤ c2
}

Bi-partite Coarsened graph Graph:

λ(T (Θs
c)) ∈ Sλ = {λ1 ≥ λ2 ≥ . . . λk−1 ≥ λk, λi = λk−i+1, i = 1, 2, . . . k}Online coarse-and-learn for Large Graphs

Figure 2. Appropriate coarsening and summarization of past nodes.

Figure 3. Stagewise learning, via past (red) and future (blue) coarsening.

Figure 4. Average regret for experiment A (left) and B (center). Right: Average regret for ogbn-arxiv (1.15 million nodes).

Graph based Coarse-graining Molecular dynamics with Force Matching
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