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Graph Comparison

Let G1 = (V1,E1) and G2 = (V2,E2) be two undirected graphs in
some space G. We aim to provide a function dist : G×G → R to
quantify the distance between G1 and G2.
Graph comparison plays a crucial role in many graph analysis
tasks such as graph search, classification, clustering, and
generation.

Popular methods for graph comparison include graph kernels,
graph edit distance, Gromov-Wasserstein distance, etc. Most
of them have high computational costs.
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Motivation

Assume that the adjacency matrices A1 and A2 of G1 and G2 are
generated by some kernel function k on two sets of data points
denoted as matrices Z1 ∈ Rm×n1 and Z2 ∈ Rm×n2 respectively, i.e.,

[Ai ]uv = k(z(i)u , z(i)v ), i = 1,2,

where z(i)u denotes the u-th column of Zi .

To quantify the distance between G1 and G2, we propose to
calculate the distance between Z1 and Z2 and let

dist(G1,G2) := f (Z1,Z2)

where f : Rm×n1 × Rm×n2 → R denotes a function to calculate the
distance between two discrete distributions.
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Graph Minimum Mean Factor Distance (MMFD)

Z1 and Z2 are unknown. But we know ϕ(z(i)u )⊤ϕ(z(i)v ), if Ai is PSD.
Most graphs do not have PSD adjacency matrices. We then
construct PSD proxy as

Aϕ
i =

ni∑
j=1

|λ(i)
j |v(i)

j v(i)
j

⊤
, i = 1,2

where λ
(i)
j and v(i)

j are the j-th eigenvalue and eigenvector of Ai ,

i = 1,2. Then we have Aϕ
i = Φ⊤

i Φi .

However, the difficulty is that Φ1 and Φ2 are usually not in the
same space since they cannot be uniquely determined by Aϕ

1 and
Aϕ

2 (or A1 and A2) respectively.
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Graph Minimum Mean Factor Distance (MMFD)

We introduce a rotation matrix R12 and let

f (Z1,Z2) = min
R12∈R

∥µ1 − R12µ2∥

where µ1 and µ2 are the mean vectors of Φ1 and Φ2 respectively.

This leads to the following distance:

MMFD(G1,G2) = min
R12∈R

∥∥∥∥∥ 1
n1

n1∑
j=1

ϕ
(
z(1)j

)
− 1

n2

n2∑
j=1

R12ϕ
(
z(2)j

)∥∥∥∥∥
=

∣∣∣∣∣∣ 1
n1

√∑
uv

[Aϕ
1 ]uv − 1

n2

√∑
uv

[Aϕ
2 ]uv

∣∣∣∣∣∣
* MMFD has a closed-form solution.
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More Methods and Results

Extensions
MMFDLR: low-rank MMFD
MMFD-KM for large-scale clustering
MFD: beyond mean comparison
MFD-KD for large-scale clustering

Theory
Pseudo-metrics
Robustness
Low-rank approximation bound
Algorithmic convergence
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Toy Examples of Graph Comparison

G1,G2, . . . ,G7 from left to right:

For instance, G2 is more similar to G3 than to G1; G7 lies between G5
and G6; the difference between G6 and G7 is less than the difference
between G5 and G6.
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Experiments of Graph Clustering

Jicong Fan (CUHK-Shenzhen) ICML 2025 8 / 10



Time Cost Comparison
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The End

Thanks for your attention!

Paper: https://openreview.net/pdf?id=hyPWP38j5k
Code: https://github.com/jicongfan/Graph-Minimum-Factor-Distance
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