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Hierarchical Clustering

As an Optimization Problem
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Standard Clustering
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Fusion Subspace Clustering

Same idea, but for Subspaces
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Fusion Subspace Clustering

AS A grows...
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A Few Experiments
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A Few Experiments
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Columns lie in a
union of subspaces!

Network Estimation

Incomplete Data often lies in a Union of Subspaces
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Recommender Systems

Incomplete Data often lies in a Union of Subspaces
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Incomplete Data often lies in a Union of Subspaces




Genomics & Drug Discovery

Incomplete Data often lies in a Union of Subspaces



Subspace Clustering with Missing Data.



Subspace Clustering with Missing Data.
a.k.a. High-Rank Matrix Completion
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Sparse subspace Clustering

Main idea: Write each column as a sparse linear combination
Doesn’t Work if Data is Missing
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Subspace Clustering w/ Missing Data
Alternatives to SSC
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Fusion Subspace Clustering

Natural Extension to Missing Data
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Fusion Subspace Clustering

Natural Extension to Missing Data
Initialization
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Fusion Subspace Clustering

Natural Extension to Missing Data
Completion (no need for LRMC)
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Fusion Subspace Clustering w/Missing Data
A Few Experiments
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Fusion Subspace Clustering w/Missing Data
A Few Experiments



Fusion Subspace Clustering

What we know

Competitive with full-data
OK with noise
Good with missing data

Promising



Fusion Subspace Clustering
What we DON'T know (everything else)

Sample Complexity?
Computational Complexity?
Convergence?

Initialization?

Parameters (\)?

Variants (greedy, adversarial, adaptive, Grassmannian)



Questions?



