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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
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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 0 and a modelM,
compute 50 independent chains of graphs
⟨ 1; 2; : : : ⟩.

Evaluation
Compare graph with 0 in a given chain to
expose different biases.

M
� +1

fit gen

repeat

Figure 1: The Infinity Mirror Test

8



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 0 and a modelM,
compute 50 independent chains of graphs
⟨ 1; 2; : : : ⟩.

Evaluation
Compare graph with 0 in a given chain to
expose different biases.

M
� +1

fit gen

repeat

Figure 1: The Infinity Mirror Test

8



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 0 and a modelM,
compute 50 independent chains of graphs
⟨ 1; 2; : : : ⟩.

Evaluation
Compare graph with 0 in a given chain to
expose different biases.

M
� +1

fit gen

repeat

Figure 1: The Infinity Mirror Test

8



example infinity mirror
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evolution of relative edge density across iterations
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evolution of λ-distance across iterations
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portrait divergence over time
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