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MOTIVATION PROBLEM FORMULATION
= Spectral clustering (SC) widely used, 1 Core idea: Latent Decomposition  Jointly learn decomposition and embedding
but highly sensitive to noisy data A= A9 + A€ - . .
= = D t t d by th derl lust
- Noise distorts the embedding space ecomposition steered by the underlying clustering
and obfuscates the clustering structure A*H* = argmin Tr(HT -L(49)-H) (1)
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SC < RSC o SC X RSC o/ Sy O = Robust formulation for all SC versions
= We propose a robust version: RSC clean graph sparse corruptions " Result = improved embedding
ALGORITHMIC SOLUTION
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] Update A9 /A¢, Given H - (NP) Hard
" Express eigenvalues of A;‘{ew in closed form } Step 1.
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. Complexity o
= QObservation: Above problem is equivalent to Step - = Derivations for all 3 established 513
Multidimensional Knapsack problem Eﬁsp. .t versions of SC (different Laplacians) R N e
= Greedy approximation scheme c I'Cfn = Each version has linear runtime N /—&
" Best possible approximation ratio of 1/v/N + 1 orution in the number of edges O(E) 73m50
RESULTS
How can we evaluate the quality of the clustering? How can we evaluate the quality of the embeddings?
. RSC improves the clustering as measured by the NMI . Global Separation 3E ose| [ o2 x| [ %2 &%
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