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Non-linear PCA
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PCA on a spiral

Dimensionality reduction

2-dim data represented by 1-dim line
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Kernel PCA" *¢ "

» Use feature transformations to “linearize” the data

» Via some specific choice of basis functions (X))

» Do PCA in this space
@ 1 < .
S=— ) XX, C=— X, )P(X,
NZ‘; X! an:‘;qb( b (x,)

» Kernel approach:

» Let k(X;, X)) = (X, )(,b(x ) be the kernel associated with the basis functions

v

Let u, be the principal components of C

v

Let 7,(x) = ¢h(x)"u, the projection onto the i component

Let a, be the i eigenvector of K = ®'®

v

v

N
Then z;(X) = Z a;,k(X,X,) - The projection is purely in terms of the other data points via k!

n=1 ,\I\';OO
» Kernel trick: use some defined kernel k(X;, X; ) without explicitly defining fthe basis functlons 1),
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Projection by PCA
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Auto-encoders (auto-associative neural nets)

»  Non-linear dimensionality reduction with neural networks
»  Maps:
»  Encoder (projection): Z = {(X)

» Decoder (reconstruction): X = g(z)

»  Both are neural networks

»  Goal: minimize the reconstruction error

outputs
« (reconstruction)

(Bishop 12.18)
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Autoencoder objective

»  Minimize the error between original and reconstructed input:

| & I ¢
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n=1 n=1

» Non-linear, no closed form solution, solve via SGD!

» Recall minimum error viewpoint of PCA:
fx) =Up(x—X), gkx)=Uyz+X

» PCA <—> 2 layer autoencoder without activation functions
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Autoencoder as generator

» As before, we could judge visually the quality of the encoding by

Original M=1 M=10 M=50 M=150

looking at reconstructed images @ et ‘ @ @

Mx

[uy

=

» Bonus: we can use X = g(Z) as a generator of fake data (images):
» Train the autoencoder to get X = g(z)
» Sample arandom z *

» Feed it into the generator to get fake image X = g(z)

“A probabilistic model needs to be defined before sampling, this definition
needs to be part of the encoding/decoding optimization pipeline, see
Variational Autoencoders (VAE) [Kingma & Welling, ICLR 2014]
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Autoencoder on MNIST
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VWhich one is real”’




. autoencoders in 2018
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Trained on CelebA in [Patrini et al., Sinkhorm AutoEncoders, 2018]
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