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e Standard Autoencoder (AE) learns one representation of the data. 1. lllustration on Toy Data for Clustering and Denoising

e However this might not capture cluster structures well.

Initialize weights and cluster assignments according to k-means ++.

2. Update the weights for the encoder and decoder (using e.g. a GD step). e Sdimensional data where three are noise dimensions

Example: Linear AE Learns principal components of data. However this
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In the paper we furthermore show:

o gj( ) is the encoder and fj( ) is the decoder for cluster j.
o Cj is the center of class j.
o Sij assigns a datapoint X to j'th AE.

e Additional real data experiments
e Connection to Expectation Maximization




