» High dimensional visual data with a specific semantic pattern can be modeled
by a linear subspace. Complex high dimensional data with multiple patterns
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Our Proposal

> Basic idea: Reparametrize Self-Expressive Model into Self-Expressive
Network (SENet)
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Learning a Self-Expressive Network for Subspace Clustering

» Experiments on Synthetic Datasets
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* First pass is to compute residual g in an on-line fashion. Second pass is for gradients accumulation.
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= Generalization: Previous methods lack of the ability to handle out-of-sample data

» Code link: https://github.com/zhangsz1998/Self-Expressive-Network \3 *
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\ , | X| is the number of data points within dataset X.
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