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Random matrix framework for data stream clustering
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Data stream clustering: improving over batch clustering

Size-L memory ⇝ batch clustering vs. KL = 1
pX

⊤X⊙ T

Spectral clustering phase transition (n/p = 100 ⇐⇒ c = 0.01)
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From theory to practice: online kernel spectral clustering

BigGAN images (VGG features, p = 4096) T = 20 000
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From theory to practice: online kernel spectral clustering

Fashion-MNIST images (raw, p = 784) T = 14 000
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