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Scattering Transform (Mallat 12’)
Repeated application of deterministic transforms

The Scattering Transform repeatedly applied a deterministic
wavelet transform followed by σ(x) = |x | as nonlinear activation

Depth allows the transform to become increasingly invariant to
translation and small diffeomorphisms.
https://arxiv.org/pdf/1101.2286.pdf
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Classification as learning invariance (Mallat ’13)
Projecting out invariants not needed for classification

http://lcsl.mit.edu/ldr-workshop/Home.html
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Linearising deformations (Mallat ’13)
Projecting out invariants not needed for classification

http://lcsl.mit.edu/ldr-workshop/Home.html
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Wavelet Transform as frequency tiling (Mallat ’13)
Wavelets decompose function into local frequency information

http://lcsl.mit.edu/ldr-workshop/Home.html
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Modulus and averaging in wavelet domain (Mallat ’13)
Smoothing to identify discontinuities and have energy decay

http://lcsl.mit.edu/ldr-workshop/Home.html
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Second layer of the scattering transform (Mallat ’13)
Increased smoothness with depth

http://lcsl.mit.edu/ldr-workshop/Home.html
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Scattering transform (Mallat ’13)
Lipshitz continuous, inputs contract to one another

http://lcsl.mit.edu/ldr-workshop/Home.html
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Scattering transform properties(Mallat ’13)
Stability to deformormations

http://lcsl.mit.edu/ldr-workshop/Home.html
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Scattering Transform: energy decay (Mallat 12’)
The transform can be truncated stably

Lemma

For suitably chosen wavelet transforms (see Theorem 2.6 in foot-
note) then for all f ∈ L2(Rd)

lim
m→∞

‖U[Λm
J ]f ‖2 = lim

m→∞

∞∑
n=m

‖SJ [Λn
J ]f ‖2 = 0

where U[λ]f = |f ? ψλ| and SJ [λ]f = φj ? U[λ]f and ‖SJ [PJ ]f ‖ =
‖f ‖. Morevover, for all c ∈ Rd

lim
J→∞

‖SJ [PJ ]f − SJ [PJ ]Lc f ‖ = 0

where Lc f = f (x − c) is the translation operator.

https://arxiv.org/pdf/1101.2286.pdf
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Scattering Transform: energy decay (Mallat 13’)
Energy decay on CalTech-101

https://www.di.ens.fr/data/publications/papers/

pami-final.pdf
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Scattering Transform: MNIST classification (Mallat 13’)
Accuracy on MNIST based on training size

https://www.di.ens.fr/data/publications/papers/

pami-final.pdf
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Scattering Transform: MNIST digit 3 (Mallat 13’)
Example of energy in a scattering transform

https://www.di.ens.fr/data/publications/papers/

pami-final.pdf
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Introduction to Variational Autoencoders.
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Autoencoder (AE) Illustration
Restricting the number of data parameters

The parameters, (θ, φ), of the autoencoder are then learned:

L(θ, φ) = m−1
m∑

µ=1

l(xµ, fθ(gφ(xµ)))

https://lilianweng.github.io/lil-log/2018/08/12/

from-autoencoder-to-beta-vae.html
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Principal component analysis (PCA) as an AE
Learning with one layer hard thresholding

The parameters, (θ, φ), of the autoencoder are then learned:

L(θ, φ) = n−1
n∑

µ=1

l(xµ, fθ(gφ(xµ)))

Consider a simple model where the encoder and decoder are linear,
that is gφ(x) = Φx where Φ ∈ Rr×p with r < p, and the linear
decoder fθ(z) = Θz with Θ ∈ Rp×r .
Moreover, consider an entrywise `2

2 error for l(xµ, fθ(gφ(xµ))), then

L(θ, φ) = n−1‖X −ΘΦX‖2
F

where ΘΦ is a learned rank r matrix, whose optimal solution is the
projector of X to its leading r singular space.
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Autoencoder extend PCA
More complex maps to low parameter space

The autoencoder framework allows gφ(·) and fθ(·) to be more
general than linear, and in particular to benefit from the
expressively of depth and introduce variation.
https://lilianweng.github.io/lil-log/2018/08/12/

from-autoencoder-to-beta-vae.html
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PCA vs 3 layer Autoencoder: MNIST (Hinton et al. 06’)
Improved separation of data classes

http://science.sciencemag.org/content/313/5786/504
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k-sparse autoencoders (Makhzani et al. 13’)
Low dimensionality through sparsity

This framework includes nonlinearity and can be rigorously analysed
using techniques from sparse approximation, but it lacks depth.
https://arxiv.org/pdf/1312.5663.pdf
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k-sparse autoencoders (Makhzani et al. 13’)
Learned elements: MNIST

Elements learned depend on number of components, sparsity,
allowed; k small are class elements, k large are basis elements.
https://arxiv.org/pdf/1312.5663.pdf
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k-sparse autoencoders (Makhzani et al. 13’)
Performance vs other autoencoders

https://arxiv.org/pdf/1312.5663.pdf
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