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Preliminaries



what are graphs?

nodes

edges

Domain Nodes Edges

World Wide Web Webpages Hyperlinks
Scientific Papers Papers Citations
Flights Airports Non-stop flights
Facebook Users Friendships
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what are graph generative models?
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a brief history of recent graph generators
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The Infinity Mirror Test



the infinity mirror test for duck vader
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the infinity mirror test: a stress test for graph generators

Key Idea
Iteratively fitting and generating from a model
will amplify the model’s implicit biases.

Methodology
Given an initial graph G0 and a modelM,
compute 50 independent chains of graphs
⟨G1,G2, . . .Gn⟩.

Evaluation
Compare graph Gi with G0 in a given chain to
expose different biases.

M
Θi

Gi Gi+1
fit gen

repeat

Figure 1: The Infinity Mirror Test
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example infinity mirror
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evolution of relative edge density across iterations
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evolution of λ-distance across iterations

1 5 10 15 20
10−2

10−1

100

101

102

Iteration

lo
gλ
-d
is
ta
nc
e

Flights

1 5 10 15 20

Iteration

Email

1 5 10 15 20

Iteration

Clique-Ring

1 5 10 15 20

Iteration

Tree

BTER BUGGE Chung-Lu CNRG Erdős-Rényi GCNAE
GraphRNN HRG Kronecker LinearAE NetGAN SBM

12



portrait divergence over time

1 5 10 15 20
0

0.2

0.4

0.6

0.8

1

Iteration

Po
tra
it
Di
ve
rg
en
ce

Flights

1 5 10 15 20

Iteration

Email

1 5 10 15 20

Iteration

Clique-Ring

1 5 10 15 20

Iteration

Tree

BTER BUGGE Chung-Lu CNRG Erdős-Rényi GCNAE
GraphRNN HRG Kronecker LinearAE NetGAN SBM

13



2d pca on graphlet count vectors
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investigating individual model parameters on the clique ring dataset

Θ1 Θ5 Θ10 Θ20

Kronecker
[
0.444 0.697

0.697 0.411

] [
0.757 0.813

0.813 0.498

] [
0.999 0.999

0.999 0.775

] [
0.999 0.999

0.999 0.775

]

SBM

15× 15 10× 10 9× 9 7× 7

CNRG
500×

0 → C̄500

2 →
1

1
500×

0 → C̄500

2 →
1

1
500×

0 → C̄500

2 →
1

1
500×

0 → C̄500

2 →
1

1

BUGGE
500×

497×

199×

99×

129×

91×

145×

125×

15



investigating individual model parameters on the clique ring dataset

Θ1 Θ5 Θ10 Θ20

Kronecker
[
0.444 0.697

0.697 0.411

] [
0.757 0.813

0.813 0.498

] [
0.999 0.999

0.999 0.775

] [
0.999 0.999

0.999 0.775

]

SBM

15× 15 10× 10 9× 9 7× 7

CNRG
500×

0 → C̄500

2 →
1

1
500×

0 → C̄500

2 →
1

1
500×

0 → C̄500

2 →
1

1
500×

0 → C̄500

2 →
1

1

BUGGE
500×

497×

199×

99×

129×

91×

145×

125×

15



investigating individual model parameters on the clique ring dataset

Θ1 Θ5 Θ10 Θ20

Kronecker
[
0.444 0.697

0.697 0.411

] [
0.757 0.813

0.813 0.498

] [
0.999 0.999

0.999 0.775

] [
0.999 0.999

0.999 0.775

]

SBM

15× 15 10× 10 9× 9 7× 7

CNRG
500×

0 → C̄500

2 →
1

1
500×

0 → C̄500

2 →
1

1
500×

0 → C̄500

2 →
1

1
500×

0 → C̄500

2 →
1

1

BUGGE
500×

497×

199×

99×

129×

91×

145×

125×

15



investigating individual model parameters on the clique ring dataset

Θ1 Θ5 Θ10 Θ20

Kronecker
[
0.444 0.697

0.697 0.411

] [
0.757 0.813

0.813 0.498

] [
0.999 0.999

0.999 0.775

] [
0.999 0.999

0.999 0.775

]

SBM

15× 15 10× 10 9× 9 7× 7

CNRG
500×

0 → C̄500

2 →
1

1
500×

0 → C̄500

2 →
1

1
500×

0 → C̄500

2 →
1

1
500×

0 → C̄500

2 →
1

1

BUGGE
500×

497×

199×

99×

129×

91×

145×

125×

15



conclusions

Key Findings and Contributions

• Confirms previously known biases in Kronecker models.
• Uncovers distortion patterns in popularly used graph models
• Could be used as a tool to design better, more parsimonious graph models
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