Non-negative matrix factorization
implemented by (anti-)Hebbian
neural network
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Non-negative matrix factorization




Lee & Seung, Nature 1999
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A Hebbian/Anti-Hebbian Network Derived from Online Non-Negative Matrix
Factorization Can Cluster and Discover Sparse Features

C. Pehlevan, D.B. Chklovskii, 2015

* Connection between K-means and SNMF
* online SNMF performed by a single layer neuronal network
* Why K-means (therefore SNMF) discovers sparse features
- k-means discovers ICA filters when independent components

are sparse
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SNMF vs k-means clustering
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Online SNMF performed by a single layer neuronal network
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SNMF network discovers sparse features in natural images
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