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Graph Contrastive Learning Graph View Generation

Method: Sp2GCL & EigenMLP

Sign- and Basis-invariant
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Ø Spatial Domain

Ø Spectral Domain

• Revisiting Graph Contrastive Learning from the
Perspective of Graph Spectrum (NeurIPS 2022)

• Spectral Augmentation for Self-Supervised 
Learning on Graphs (ICLR 2023)
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Graph Adjacency Eigenvector Eigenvalue

ØPerturb Eigenvalues: 𝐿# = 𝑈(Λ + ∆)𝑈⊺，Complexity: 𝒪 𝑁% ~𝒪 𝑁&

ØPerturb Eigenvectors : 𝐿 = 𝑈Λ𝑈⊺ = (𝑈 Λ)(𝑈 Λ)⊺，Complexity: 𝒪(𝑁)

Pitfall of Eigenvectors
ØSign-ambiguity ØBasis-ambiguity

±𝒖𝟏±𝒖𝟐±𝒖𝟑±𝒖𝟒

𝑳𝒖𝒊 = 𝜆!𝒖𝒊

𝒖!⊺𝑳𝒖𝒊 = (±𝒖!⊺)𝑳(±𝒖𝒊)

𝒖𝟏 𝒖𝟑 𝒖𝟐 𝒖𝟒

𝜆% = 𝜆&

𝑳𝒖𝒊 = 𝜆!𝒖𝒊

𝑳𝒖𝒊 = 𝜆,𝒖𝒊

ØMultilayer Perceptron (MLP)

• Efficient and scalable

• Sensitive to input

• 𝑯 = 𝜎(𝑼𝜦𝑾)

ØEigenMLP

• Efficient and scalable

• Invariant to the input

• 𝑯 = 𝜎(	𝜑 𝑼 𝜌 𝜦 𝑾)

ØSign-invariant function 𝜑 𝑼

ØBasis-invariant function 𝜌 𝜦

ØWhy basis-invariant?
• Eigenvalues are equivariant to the rotation of eigenvectors

Experiments


