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» Autoencoder architecture

» Convolutional autoencoders (CAE)
» Sparse autoencoder (SAE)

» Variational autoencoders (VAE)

>

Connections with other methods

The course main references are Kramer 1991 and Dumoulin and
Visin 2016.
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Dimensionality Reduction




Convolution

» convolution of f(x) and g(x) is
(frg)(x) = J2 f(t)g(x — t)dt




Convolution

» convolution of f(x) and g(x) is
(f g)(x) = J2 F(t)g(x — t)dt
» in discrete case: (f x g)[n] = Do _ Flklgln — K]




Neural Networks
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Source: https://en.wikipedia.org/wiki/Neural_network_(machine_learning)

» each layer has its own set of weights and biases

> activation function (non-linearity) f(w'x + b)
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Backpropagation




Backpropagation

P uses chain rule to compute gradients and update weights and
biases
df(x) __ f(x+h)—f(x)
dx 0 h

» derivative definition: limp _




Backpropagation

P uses chain rule to compute gradients and update weights and

biases
» derivative definition: % = limp g W
» chain rule: for y = f(u) and u = g(x) we have % = % du




Backpropagation

The real-valued ‘circuit” on left shows the visual
representation of the computation. The forward pass
computes values from inputs to output (shown in
green). The backward pass then performs
backpropagation which starts at the end and recursively
applies the chain rule to compute the gradients (shown
in red) all the way to the inputs of the circuit. The
gradients can be thought of as flowing backwards
through the circuit.

Source: https://cs231n.github.io/optimization-2/
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Autoencoders

Given dataset X € R™N an autoencoder is composed of three
essential components

» encoder E : R™ — R® such that z = E(x) € R® where s < m
P the subspace, latent space, embedding Z € R®
» decoder D : R® — R™ such that x’ = D(z) € R™

whose aim is to find the true subspace Z for X such that
x~ D(E(x)), ¥x € X .

Remark: this setting can be solved by any dimensionality
reduction method (ex. EVD, SVD, PCA, R-PCA etc.).
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AE: Optimization Problem

In the context of Neural Networks, we want to optimize the
weights w of the activation functions.

Our loss becomes
{wE,wp} = arg min [|X — Dy (Eup (X)) (1)
E>WD
where the ¢, penalty can be replaced by other distance functions.

Remark: anomalies are the data whose reconstruction error
||Ix — x'|| is high due to the new subspace.




AE: Architecture

function G function H

INPUT  MAPPING BOTTLE- DE- QUTPUT
LAYER LAYER NECK MAPPING LAYER
LAYER LAYER

Figure: Autoencoder architecture proposed in (Kramer 1991) @'



Convolutional Autoencoders




Convolutional Autoencoders (CAE)

Convolutional Autoencoders use convolutional and pool layers in
the neural network architecture.

Input Reconstructed
,,,,, Frames. ___ Frames
. Original | . Original 1
i Frame | ; Frame
1 Encoder |  Decoder ' |
i Edge Filter Edge Filter
| Optical Flow Optical Flow

Figure: CAE for anomaly detection in videos (Ribeiro, Lazzaretti, and

Lopes 2018) @V
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https://en.wikipedia.org/wiki/Pooling_layer

Convolution Max Pooling

Pooling (2 x 2)

Single Channel Image i-20 -12i
19] 22 1-20 -125-17 1 i_-_l_ -33_;: Max
16 |30} -1 | 231 -7 |-14 22 (23| 11
[(14[2a17 [ 2 E7 241 172 2| 7
-15[-101 1 | -1 -15/-101 11| 13 [ 13 | 13
(15[ 15111 | 5113 -7 ) 1x1x3x3
18| 9 }-18(13) 3 | 4 -13[ 13 11| 5
1x1x6x6 18| 9 18|13

Source: https://en.wikipedia.org/wiki/Pooling_layer
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CAE: Average Pooling

Figure: CAE with average pooling (Dumoulin and Visin 2016)




CAE: Max Pooling

Figure: CAE with max pooling (Dumoulin and Visin 2016)




CAE: Deconvolution is Transposed Convolution

J

/ . / . . . |
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Figure: CAE with transposed convolution (Dumoulin and Visin 2016)

Remark: this includes a convolution and upscaling operation that
are sometimes termed “deconv” and “unpool”.




CAE: Transposed Convolution with Stride

Figure: CAE transposed convolution with stride (Dumoulin and Visin
2016)




Sparse Autoencoders



Sparse Autoencoders (SAE)

Sparse autoencoders enforce sparsity in the mid-layer
representations thus allowing subspaces of size /i > m but with at
most k < m < M non-zeros.

Input Hidden Output
Layer Layer Layer

¥

Sparse features

Figure: SAE with overcomplete layer (Dutta et al. 2018) @'



SAE: Hard-Thresholding with ¢

k-Spare Autoencoders Makhzani and Frey 2013 compute the
activation function in each node and then select the k largest

values

X = maxy gow(x(efl)) (2)
where maxy is the function selecting the top-k values in x whose
associated support is suppg.




SAE: Regularization with ¢,

Sparse regularized autoencoders add regularization to the AE
problem

arg min [|X — Dy (Eup (X)) + Ad(X) (3)

WE,WD

where ¢(X) is a sparse inducing penalty usually applied at each
layer.




SAE: Regularization with ¢,

Sparse regularized autoencoders add regularization to the AE
problem
arg min |[X — Dy (Eue (X))l + A0(X) (3)

WE,WD

where ¢(X) is a sparse inducing penalty usually applied at each
layer.

The ¢1 convex norm is a popular candidate for ¢(-) such that at
each layer we have

= > we|e(x* )|, (4)
)4




Variational Autoencoder (VAE)

Variational autoencoders (Kingma 2013) model input vector x as a
mixture of (Gaussian) distributions.

X > —> [~ > '
I i | | ILatentl I i | i
Input Encoder Space Decoder Output

Source: https://en.wikipedia.org/wiki/Variational_autoencoder
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AE: Subspace Connections

The resulting autoencoder subspace representations z or final
representations x’ are coupled with existing methods to enhance
anomaly detection performance.




DeepSVDD: AE and SVDD

Given dataset X and autoencoder (E, D) with weights w,
DeepSVDD (Ruff et al. 2018) formulates the soft-boundary as

Rw

1N A 2
i R gy 32 max(0, D)) — el %)+ 5 ] 9




DeepSVDD: AE and SVDD

Given dataset X and autoencoder (E, D) with weights w,
DeepSVDD (Ruff et al. 2018) formulates the soft-boundary as

1N A 2
i R gy 32 max(0, D)) — el %)+ 5 ] 9

Rw

For unbalanced datasets, where we have more normal data than
anomalies, the authors propose a simplified one-class objective

mm—ZHD E(X)) —c|?+2 ZH“’ H (6)

g8



DeepOCSVM: AE and OC-SVM
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Figure: DeepOCSVM architecture with Fourier Features (Nguyen and
Vien 2019)

The DeepOCSVM loss is

N
allX — D(E(X))IH—% ||w||2—p+$ > max{0, p—w ' z(x;)} (7)
i=1 ;

where z(+) is the Random Fourier Features (RFF) function.
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