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Discriminative vs. Generative models

= Discriminative models

discriminative model

model, typically built with supervised learning, that models the conditional
probability distribution of the target predictive value given the input instance,
for example by finding a decision boundary between different classes, it is also
used for classification or regression. P(y|x)

= Generative models

generative model

model built with machine learning that models the distribution of training
examples, thereby predicting the probability of occurrence for each individual
sample, it is also used for generating new samples similar to the training

examples. P(x),P(x,y)




Generative models

Simple models
= GMM, PCA

= Autoencoders

= Variational Autoencoders |'!

= Generative Adversarial Networks
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= Normalizing Flows

Diffusion Models
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Gaussian, GMM

= Normal distribution

o) = e ()

a\/ 2m

= Gaussian mixture models
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https://prints.vicos.si/publications/97/online-kernel-density-estimation-for-interactive-learning
https://www.researchgate.net/publication/224186602_Self-Understanding_and_Self-Extension_A_Systems_and_Representational_Approach#fullTextFileContent

Principal Component Analysis
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https://prints.vicos.si/publications/212/robust-subspace-approaches-to-visual-learning-and-recognition

PCA algorithm

Input: data matrix X

Output: mean value .. , eigenvectors U, eigenvalues \ .

1. Estimate the mean vector: i = + >V, x; .

2. Center the input data around the mean: X =X — pulin.

3. ifM< N then

4 Estimate the covariance matrix : C = %}A{}A{T :

5. Perform SVD on C . Obtain eigenvectors U and eigenvalues \.
6. else

7 Estimate the inner product matrix: C' = L XX,

8 Perform SVD on C'. Obtain eigenvectors U’and eigenvalues.\'.
9

Xui 1., N.

VN

Determine the eigenvectorsU : u; =
10.  Determine the eigenvalues A = A",
11. end if
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Projection and reconstruction

= A subset of principal components suffices for a good approximation of the input
data.

= Use only k, k<<N principal axes

= Projection: UT: RM — R”
a = Ux=U'"(x—p)

M

M i
a; = (5“{,113):ZM@Q&I:Z%J(%—M) y jzlk
i=1 [

=1

= Reconstruction: U : R¥ — RM

J=1

= PCA minimizes the squared reconstruction error:

=X — A ZCLzUZ Z{Izlh — Z a;\u; € = HeHz —

i=k+1
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Robust projection

2

= Reconstruction error: € = Z Z (% Z uﬂam)

= Instead of projection solve a system of linear equations!

1 1 1 1
T = a1Uy + Uy + -0+ ARy,

2 2 2 2
T = au] + aguy + -0+ agpuy,

" = auy 4 aguy + -+ apuy!

= Only a subset of pixels can be used _ _
= Projection in the presence of missing data! Leonardis & Bischof, 2000
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http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.324.870&rep=rep1&type=pdf

Robust projection

= Instead of using the standard approach for projection:
= Select a subset of pixels
= Find a robust solution of equations.
= Perform multiple hypotheses.

PR
R
2w

+ a, + a, +a, (O +.

= Hypothesize-and-test paradigm
= Competing hypotheses are subject
to a selection procedure based on
the MDL principle.
= Robust algorithm is able to reconstruct
missing/corrupted pixels
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Robust projection
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Fidler et al., 2006

Deep Learning — Generative models



https://www.researchgate.net/publication/7252777_Combining_reconstructive_and_discriminative_subspace_methods_for_robust_classification_and_regression_by_subsampling#fullTextFileContent

Robust projection

= Appearance-based localisation
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https://www.academia.edu/12932800/Robust_localization_using_an_omnidirectional_appearance_based_subspace_model_of_environment

PCA is a linear autoencoder
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u, U = argmin L(u*, U*)
u*, o

Zz = Ux=U'(x—p) x = Uz=) zu

j=1
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Autoencoder
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u, U = argmin L(u*, U*)
u*, o

= Z - Latent representation
= Self-supervised learning — reconstruction loss with no labels required
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Autoencoder

e Encoder
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Fine-tune encoder on a down-stream task
(e.qg., classification)

= Z - Latent representation
= Self-supervised learning — reconstruction loss with no labels required
= Self-supervised pretraining and supervised fine-tunning
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Masked autoencoders

= Masked Autoencoders Are Scalable Vision Learners
= Self-supervised learning of representtaions (pre-training)
= Scalable architecture for vision learning tasks
= Autoregressive modelling
= Improves downstream tasks
= classification

= detection
= segmentation

= Partial fine-tunning
= Encoder
= on unmasked patches only

= Decoder

= on full set of tokens

= Lightweight

MSE on masked patches

. .-
[ |
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https://openaccess.thecvf.com/content/CVPR2022/papers/He_Masked_Autoencoders_Are_Scalable_Vision_Learners_CVPR_2022_paper.pdf

mask 85% mask 95%




MAE results

APbox A P]'l'l;lHI\'
method pre-train data ViT-B  ViT-L  Vil-B  VilT-L
supervised INI1K w/labels  47.9 49.3 42.9 43.9
MoCov3  INIK 47.9 49.3 42.7 44.0
i BEiT INIK+DALLE  49.8 53.3 44 .4 47.1
80 - —MAE INIK MAE IN1K 50.3 53.3 44.9 47.2
o e I el COCO object detection and segmentation
= = 5 -+~ supervised, JFT300M [16]
76 1 1 |
0 200 400 600
[ Net1 Pkafaﬂlls M) ficati method pre-train data ViT-B ViT-L
MagenNe classirication -
9 supervised IN1K w/ labels 47.4 49.9
846 847 849 MoCo v3 IN1K 47.3 49.1
ey T T T TER s BEiT IN1K+DALLE 47.1 53.3
MAE IN1K 48.1 53.6
ADE20K semantic segmentation
25 )
73.5 —x— MAE baseline .
ol | | | *’T*'MOCOV?) | Part|a| - He et al.’ 2022
012 4 6 12 18 » fine-tunning

# blocks fine-tuned
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https://openaccess.thecvf.com/content/CVPR2022/papers/He_Masked_Autoencoders_Are_Scalable_Vision_Learners_CVPR_2022_paper.pdf

Autoencoders for anomaly detection

= Train only on good samples
= Unable to reconstruct anomalies

Bergman et al., 2018
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https://arxiv.org/abs/1807.02011

Autoencoders for inpainting and anomaly detection

G(I,I,) overlay
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Deep Learning — Generative models



https://prints.vicos.si/publications/393/reconstruction-by-inpainting-for-visual-anomaly-detection

Autoencoders for inpainting and anomaly detection

bottle capsule grid leather pill tile transistor zipper cable carpet hazelnut  metal nut screw toothbrush wood

-
........

Class GeoTrans [6] GANomaly [1] ITAE [4] US[16] RIAD Class AE-SSIM [34]  AnoGAN [11]  VEVAE [35] US[16] RIAD

bottle 74.4 89.2 94.1 99.0 99.9 bottle 93.0 86.0 87.0 97.8 98.4
capsule 67.0 73.2 68.1 86.1 88.4 capsule 94.0 84.0 74.0 96.8 92.8
grid 61.9 70.8 88.3 81.0 99.6 grid 94.0 58.0 73.0 899 98.8
leather 84.1 84.2 86.2 88.2 100 leather 78.0 64.0 95.0 97.8 99.4
pill 63.0 74.3 78.6 879 83.8 pill 91.0 87.0 83.0 96.5 95.7
tile 41.7 79.4 73.5 99.1 98.7 tile 59.0 50.0 80.0 92,5 89.1
transistor 86.9 79.2 843 81.8 90.9 transistor 80.0 80.0 93.0 73.7 87.7
zipper 82.0 745 87.6 919 98.1 zipper 88.0 78.0 78.0 95.6 97.8
cable 78.3 75.7 83.2 86.2 81.9 cable 82.0 78.0 90.0 91.9 84.2
carpet 43,7 69.9 70.6 91.6 84.2 carpet 87.0 540 78.0 035 96.3
hazelnut 359 78.5 85.5 93.1 83.3 hazelnut 97.0 87.0 98.0 98.2 96.1
metal nut 81.3 70.0 66.7 82.0 88.5 metal nut 89.0 76.0 94.0 97.2 92.5
screw 50.0 74.6 100 549 84.5 screw 96.0 80.0 97.0 97.4 98.8
toothbrush  97.2 65.3 100 95.3 100 toothbrush  92.0 90.0 94.0 97.9 98.9
wood 61.1 83.4 92.3 97.7 93.0 wood 73.0 62.0 77.0 92.1 85.8
avgrex 58.5 76.5 82.2 915 95.1 aUGtex 78.2 57.7 80.6 93.2 93.9
aVgop; 71.6 75.4 84.8 85.8 avgopj 90.2 82.6 88.8 94.3 94.3
avg 672 76.2 83.9 877 @ avg 86.2 743 86.1 93.9 94.2
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Generative vs. discriminative approaches

. Standard approaches
= Generative models

= Good approximation of data ‘/‘ “.\. \ N P

= Unsupervised learning %0:,. 3 O‘.i' O
= General, task-independent .;5.,.’5. ‘0. O e ‘
= Not very compact, redundant Al ./. e\ e ..
representations (for a particular task) ‘/‘ g g > T
= Enable reconstruction and outlier detection I iscriminative segmentation

= Discriminative models
= Supervised learning
= Task-dependent
= Compact representations
= No reconstruction (low dimensional
projections)

= Do not enable reconstruction and detection
of outliers
BN Training time input sample

= Combine reconstructive model and [] Anemalous sample s Test time sample
. . . . . - (O Anomaly-free sample
discriminative classifier

Deep Learning — Generative models Fidler et al- Vi 2006

[ Reconstructed sample

Zavrtanik et al., 2021



https://www.researchgate.net/publication/7252777_Combining_reconstructive_and_discriminative_subspace_methods_for_robust_classification_and_regression_by_subsampling#fullTextFileContent
https://arxiv.org/abs/2108.07610

Combining reconstruction and discrimination

= Combining reconstruction and discrimination improves results

Reconstructive sub-network ‘ Discriminative sub-network

Concat.

Local avg. pool
Global max pool
—)

I—focal

Zavrtanik et al., 2021

Architecture Anomaly Generation Results
Method Recon. Net. Discr. Net.  Augmentation 3 ImageNet DTD Perlin Rectangle Det. Loc.
Disc. v v v v v 939 92.7/62.5
Recon.-AE v v v v v 83.9 89.7/47.5
Recon.-AE v sams v v v v v 90.7 93.4/50.9
DRAM v v v v v v 98.0 97.3/68.4
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https://arxiv.org/abs/2108.07610

Combining reconstruction and discrimination

R,

AR

(1 [26] 11 201 [11]

bottle 79.4 983 99.0 99.9 100 99.9
capsule 72.1 687 86.1 884 923 913 '
erid 743 867 81.0 99.6 929 96.7 Za Vrtanlk et al' 2021
leather 80.8 944 88 100 100 100
pill 67.1 76.8 87.9 838 834 933
tile 72.0 96.1 99. 08.7 974 98.1
transistor  80.8 794 81.8 90.9 959 974
zipper 744 78.1 919 981 979 903
cable 71.1  66.5 81.9 94.0 92.7
carpet 82.1 903 91.6 842 955 99.8
hazelnut 87.4 100 93. 83.3 987 92.0

metal nut 694 81.5 82.0 885 93. 98.7 . Ruckieral 11 99.6 999 995
screw 100 100 54 45 812 858 g Rackieral [19] 7 S
v

toothbrush ~ 70.0  95.0  95.2 05.8 96.1 Lin eral. [15] 220 994 99.9
wood 920 979 977 930 97.6 99.2 Bozi¢ eral.[o] (100) 100 100
avg 782 873 87.7 91.7 944 955

Methods AUROC TPR TNR
RIAD [51] 78.6 79.2  69.1
US [4] 2.5 72.6 653
MAD [20] R2.4 78.7  85.7
PaDim [ 11] 83.3 975
96.5 994

CADN [32] - -

Unsup.



https://arxiv.org/abs/2108.07610

AE recap

= Neural network architecture for unsupervised learning and dimensionality
reduction.

= Comprises of an encoder and a decoder.
= Encoder compresses input data into a lower-dimensional latent representation.
= Decoder reconstructs the original input from the latent space.

» Reconstruction loss is used to train
the model to minimize the difference
between the input and the output.

= Autoencoders can learn meaningful
representations and denoise data.

= They are used for data compression,
feature extraction, and anomaly detection.

= Variants include sparse autoencoders, denoising a
autoencoders, and convolutional autoencoders. X X

= Widely used in various domains, including
image processing, natural language processing, and recommendation systems.

N
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Autoencoder latent representation

= Autoencoder minimizes the reconstruction error

-~

| L,(X,X) |

= No constraints for the distribution of z




Variational autoencoder

= Autoencoder + variational inference

Il =
HTZZ

KL(N(p?,52),N(0,1)) %
| L,(X,X) |

Prior distribution: pe(z)

o Z-space

€

Encoder: qq(z[x) Decoder: pe(x|z)
A

X-space

Dataset: D

}Kingma & Wellingi 2014 ‘

= Probabilistic interpretation of the latent space :
= |earned latent space well-behaved and structured %Km ma, 2016 ‘



https://pure.uva.nl/ws/files/17891313/Thesis.pdf
https://arxiv.org/abs/1312.6114v10

Variational autoencoder

= Reparametrisation trick
= to deal with nondifferentiable sampling function
= enables backpropagation

W o
€~N(O, 1)
Z=J-+0E

S

¢

}Kingma & Wel/ingi 2014 ‘



https://arxiv.org/abs/1312.6114v10

Variational autoencoder

= Generating distribution in the output space as well

= Sampling
II i I :
% 4

= in the latent space
= in the output space

XX I

3 X




Variational autoencoder

Generating new samples:

Kingma & Welling, 2014
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https://arxiv.org/abs/1312.6114v10
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Faces generated by
the model trained on

Digits using MNIST

Labeled Faces in the
Wild (LFW) dataset
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https://pure.uva.nl/ws/files/17891313/Thesis.pdf

Variational Autoencoder: Generating images

111

0/.«23‘/
56289

http://dpkingma.com/sgvb_mnist_demo/demo.html

@ dpkingma.com/sgvb_mnist. dem X 4 o= Hox 3 4 5. é 7 g “?
C A Nivarno | dpkingma.com/sgvb_mnist_demo/demo.html 2 Y S OB » =0 g ¢ 3 q 5 6 7 8 q
Randomize! Reset  Dream: (] ] 3 Ly 1__; / *—";’ lé- L.:]"
1 2 3 4 5 6 7 8 9 10 11 12

2466189

L
(Latent space) 3 4 E __? ? q
345799
3456759

NEeQSC

(Observed space) x

Kingma & Welling, 2014
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https://arxiv.org/abs/1312.6114v10

Sampling VAE latent space

White, 2016



https://arxiv.org/abs/1609.04468

Variational autoencoders in music

= A Hierarchical Latent Vector Model for Learning Long-Term Structure in Music
= VAE on sequential data
= Recurrent encoder and decoder

Ab
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- https://magenta.tensorflow.org/music-vae

0 i 4 6 8 10 12 14 1€

Time (bars) RObef'tS et a/., 2019
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https://arxiv.org/abs/1803.05428

VAE recap

= Generative model for unsupervised learning and dimensionality reduction.
= Combines autoencoder with variational inference.
= Learns compressed representation in a lower-dimensional latent space.
= Encoder maps input data to the latent space, modeling a distribution.
= Decoder reconstructs input data from latent space samples.
= Introduces probabilistic interpretation for flexible generation.
= Training objectives:
= reconstruction loss
= KL divergence.

= Reparameterization trick enables

backpropagation. I
= Applications: data compression,
anomaly detection, P 4
generating new samples. X X

= Widely used in deep learning research.

Deep Learning — Generative models




Generative Adversarial Networks

= No explicit probability modelling
= Minimax game:
= Generator generates syntetic images
» input: random noise S
= tries to fool the discriminator
= Discriminator classifies wheter an
image is real or fake
= tries to catch the generator's fakes

» jtis fed with generated and real
samples

Goodfellow et al., 2014



https://arxiv.org/abs/1406.2661

GAN loss function

V(D, G) = Exnpi(z)l0g D(@)] + Ezrp, (2)[log(1 — D(G(2)))]
generator loss

discriminator loss
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GAN training algorithm

Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k, is a hyperparameter. We used k = 1, the least expensive option, in our
experiments.

for number of training iterations do
for k steps do
e Sample minibatch of m noise samples {z!), ..., (™)} from noise prior p,(z).
e Sample minibatch of m examples {z(),... ("™} from data generating distribution

Pdata (33) .
e Update the discriminator by ascending its stochastic gradient:

Vo, L3 [log D (29) + 108 (1- 0 (6 (=)

1=

end for
e Sample minibatch of m noise samples {z(l), e z(m)} from noise prior p,(2).
e Update the generator by descending its stochastic gradient:

Vo, Sotos (1= (6 (=))).

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.
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Generating synthetic samples

= Keep the generator only
= Randomly sample z

N I

2

= Linear interpolation in the latent space:

ARARABARSEIRIEARIEY VARARARARARAVAVAYA Y




Generating synthetic samples

Goodfellow et al., 2014



https://arxiv.org/abs/1406.2661

DCGAN

Architecture guidelines for stable Deep Convolutional GANSs

convolutions (generator).

e Use LeakyReLU activation in the discriminator for all layers.

e Use batchnorm in both the generator and the discriminator.

e Remove fully connected hidden layers for deeper architectures.

e Replace any pooling layers with strided convolutions (discriminator) and fractional-strided

e Use ReLU activation in generator for all layers except for the output, which uses Tanh.

= Unsupervised
representation

learning

\ =

l\\

= Deep Convolutional

!

!

Generative

o 5

Adversarial Networks

Radford et al., 2016

Project and reshape

Stride 2 16

CONV 2

Stride 2



https://arxiv.org/abs/1511.06434v2

DCGAN - generated examples
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DCGAN - interplolating in the latent space
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vector arithmetic

man man woman

with glasses without glasses without glasses woman with glasses

. &
: &tt
'wf

Results of doing the same
arithmetic in pixel space
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https://arxiv.org/abs/1511.06434v2

LSGAN

» |east Squares Generative Adversarial Networks

= Higher quality images and more stable training
1

Mao et al., 2016

IIBH VLSGAN(D) QEmwpdata(m) [( ( ) o b) ] + EZNP (2) [(D(G(Z)) o U’)z}
1

II%_{Il VL%E‘AN(G) 2 :a.-wpz (z) [(D(G(Z)) o ﬂ)z]

| z, 1024 |

| fc, 7x7x256, BN |

| 3x3, deconv, 256, stride=2, BN |

| 3x3 deconv, 256, stride=1, BN | | 5x5conv, 64, stride=2 |
| 3x3 deconv, 256, stride=2, BN | | 5x5 conv, 128, stride=2, BN |
| 3x3 deconv, 256, stride=1, BN | | 5x5 conv, 256, stride=2, BN |
| 3x3 deconv, 128, stride=2, BN | | 5x5 conv, 512, stride=2, BN |
| 3x3 deconv, 64, stride=2, BN | | ﬁ:il 1 |
| 3x3decony, 3, stride=1 | | least sqjares loss |
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https://arxiv.org/abs/1611.04076v3

Wasserstain GAN Arjovsky et al., 2017

= Wasserstain distance more suitable than Jensen-Shannon divergence (GAN):
= More stable
= The critic estimates the Wasserstain distance between distributions of fake and real data
= The generator minimizes the Wasserstain distance between the dist. of fake and real data
W(Pr,Pg) = qeui&fpipg) E(:ﬂuy)ww[ |z =y }
WT(PT: Pﬁ) — Sup E:::NIF’T [f(f‘)] — E:ﬂml?’g [f(.f)]

| fllL<1
1.0 -

\

0.6 |

Density of real
Density of fake |
GAN Discriminator

WGAN Critic

N

0.4}

0.2}

l &
l
k

o R e A

-0.2¢ VGAN __— Vanishing gradients
e il in regular GAN

g ~6 ~2 =) 0 2 4 6
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https://arxiv.org/abs/1701.07875v3

Improved Wasserstain GAN

Gulrajani et al., 2017

= Avoid weight clipping in WGAN

= penalize the norm of gradient of the critic with respect to its input

DCGAN LSGAN WGAN (clipping)

WGAN-GP (ours)

Ba%elme (G: DCGAN, D: DCGAN)
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https://arxiv.org/abs/1704.00028v3

Progressive GAN Karras et al., 2018

= Progressive growing of GANs for improved quality, stability, and variation
= Grow generator and discriminator progressively, adding new layers
= Speeds up and stabilizes learning, produces hi-res images

G Latent Latent Latent
v v .
L 4x4 | | 4x4 | [ axa |
: | 8)'(8 | l| |I
i [ ]
L |
: : u ]
a s | )
: : ' '
§ g 1024x1024 |
R. B. - B
. 1 Reals . {Reals 3 iReaIs
D B B 1024x1024 |
| y 3
Vo [ ]
o [ ]
v v l ]
! | 8x8 | = =
L 4x4 | [ 4x4 | | 4x4 |
Training progresses >

Deep Learning — Generative models


https://arxiv.org/abs/1710.10196v3

Progressive GAN

www.vyoutube.com/watch?v=G06dEcZ-QTg
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Pix2pix cGAN Isola et al., 2017

= Image-to-Image Translation with Conditional Adversarial Networks
= Map the image to another image by aiming at different goals

= Conditional GAN - GAN conditioned on the additional input data

Labels to Street Scene Labels to Facade BW to Color

input output input output
Day to Night __ Edges to Photo

output
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https://arxiv.org/abs/1611.07004

Pix2pix cGAN

A[H:H:|—> real

= 2
U-Net
Leaan (G, D) =K. y[log D(x, y)]+ _
E, .[log(1 — D(xz,G(x, 2))] -
T—s| sl B | By
Li1(G)=E,, [|ly—G(x,2)|] ~
G* = arg mén mE)lX Cocinn ( G. D) S ALos ( G) e |
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Pix2pix cGAN

Input Ground truth Output Input Ground truth Output

A
Iniut Ground truth
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CycleGAN Zhu et al., 2017

= Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks

Monet 7_ Photos Zebras . Horses Summer Z_ Winter

y - \ _ 3 : -' -
Photograph Van Gogh Cezanne
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https://arxiv.org/abs/1703.10593v7

CycleGAN Zhu et al., 2017

= Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks
= Cycle consistency loss: forward and backward consistency loss

Lean(G, Dy, X.Y) = Eywmam(y) [log Dy (y)] L(G,F,Dx.Dy)=Lsan(G, Dy, X, Y)
+ Emwpdm[w) [I(Jg(l o DY (G(I))] T EGAN(ET: DX ) Y!' X)
Loye(Go F) = Epmop o [I[F (G () — 1] T Moeye( G F)
+ Eympiaa ) |G (F' (y)) — yll1] G*,F* = argmin max L(G,F,Dx,Dy)
G.F D, Dy
a ¥ Falgge
N\ ] R
Dx Dy v Vi 2| |Y | A X Y
A G A I3 I
X /_\ Y X Y X Y cycle-consistency
\_/ cycle-consistency _,..\ > ‘;.\ """ - loss
F loss [ @« /.
r— G(r) = F(G(x)) =~ . y— Fy) > G(F(y)) =y
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https://arxiv.org/abs/1703.10593v7

CycleGAN

Reconstruction F(G (x))
7 A , -

= '7

orange — apple
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BigGAN Brock et al., 2019

= Large scale GAN training for high fidelity natural image synthesis
= Scaling up models
= Improving class-conditional GANs
= Trained on ImageNet

(a) 128x 128 (b) 256 <256
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https://arxiv.org/abs/1809.11096v2
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Shaham et al., 2019
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https://arxiv.org/abs/1905.01164v2

SinGAN

Paint to image | Editing Harmomzatlon Super-resolution Animation

T‘W

I

iy nu.,.

Training Image
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o |
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StyleGAN |Karras et al., 2018 ||Karras et al., 2019 | Karras et al., 2021

= A Style-Based Generator Architecture for Generative Adversarial Networks
= Analyzing and Improving the Image Quality of StyleGAN
= Alias-Free Generative Adversarial Networks

i _.'\.\ -._\I

(wIn

-

-.-.-_.,'_ g
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https://arxiv.org/abs/1812.04948v3
https://arxiv.org/abs/1912.04958v2
https://arxiv.org/abs/2106.12423v4

SterGAN https://this{person,cat,artwork }doesnotexist.com/

This Person Does Not Exist X + . N
@ thisartworkdoesnotexist.com (51 X -+

oA

< C @ thispersondoesnotexist.com L x SHS O R »O38

\

& C @ thisartworkdoesnotexi.. & v E % O 8 :

Imagined by a GAN (generative adversarial network)
StyleGAN2 (Dec 2019) - Karras et al. and Nvidia
Don't panic. Learn how it works [1] [2] [3]
Code for training your own [original] [simple] [light]
Art » Cats » Horses « Chemicals * Contact me

% Another | Patreon | Sponsor

/ A
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f-AnoGAN Schiegl et al., 2019

= Fast Unsupervised Anomaly Detection with Generative Adversarial Networks

p X
izi encoder training

r N ) Lizi=

Model training Anomaly detection

G(E(x]] izip only
Encoder E G | D )

@ Generative adversarial training WGAN training . _
f = | i e
I - N oy Real image x S
[ Generator ] , ! image .I ’ z‘ ! ' _g

Generated o
i . image G(zZ) : 4
@ Discriminator &
b g 5 =
% : ~ ' ! '« = ’ ziz encoder training
p < z
. inz
FIEN ! Encoder ) Generator G Discriminator D l ' |
T 4 1 1
\ Normal data @ Encoder training ) ; _ :
G G(z) Encoder E
%, 4

SNl vt CASEREEE il
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https://www.researchgate.net/publication/330796048_f-AnoGAN_Fast_Unsupervised_Anomaly_Detection_with_Generative_Adversarial_Networks#fullTextFileContent

GANomaly Akcay et al., 2018

= Semi-Supervised Anomaly Detection via Adversarial Training

s oo Lene =2 — 2|, Lene = Eopy [|GE(z) — E(G(2))]],
) z* Leon = [l — 2|, Leon = Baznpy ||z — G(2)],
z e Lawe = ) — £, Lado = Ezmpx [(2) = Egrpy f(G(2) ]
o= Real / Fake L = WadyLadv + WeonLeon + WencLene

£

ﬁ Input /Output ’Gmw ’ LeakyRelU BatchMNorm ’Cﬂll\-‘TmnspﬂHu ’ RelU ’ Tanh ‘S-ofl,ma.x

X {}|.:_|:.‘.{} & {}”{Hj x' E[}CI} %'

[Dx, x')  real/fake

A(z) = ||Ge(2) — E(G(E@))],



https://arxiv.org/abs/1805.06725v3

C-VTON Fele et al., 2022

= Context-Driven Image-Based Virtual Try-On Network
= geometric matching procedure that aligns the target clothing with the person's pose
= Image generator that utilizes contextual information to synthesize the final try-on result
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https://lmi.fe.uni-lj.si/wp-content/uploads/2021/10/WACV2022_Benjamin-5_compressed.pdf

GAN recap

= GANSs are a type of generative model in machine learning.

= Consist of two components: a generator and a discriminator.

= Generator generates synthetic data samples from random noise.

= Discriminator learns to distinguish between real and generated data.

= The generator and discriminator are trained simultaneously in a competitive
setting.

= The objective is to optimize both networks
to improve the quality of generated samples.

= GANSs can generate realistic data samples
that resemble the training data.

= They are widely used for image synthesis,
such as generating photorealistic images.

= GANs have applications in various domains, T
including computer vision and creative Al.

= GANs have challenges such as training
instability and mode collapse.

N

<

<X I <.
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Normalizing flows

= Main idea: find an invertible function that transforms a complex data distribution
to a latent Gaussian distribution

=> sample using the inverse of the obtained function!

Data space X’ Latent space Z

Inference
T~ px N
2= f(z)

Generation é“‘“&
Z~ Dz A{_ % o
z=17"(2)

Dinh et al., 2017
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https://arxiv.org/abs/1605.08803v3

Normalizing flows - math

= Bijective function: f: X — Z

Of(x)
det( T )‘

log (px (x)) = log (w(f (2 ))) + log (

= Change of variable formula: px(x) = pz(f(z))

Of(x
(422

" Coupling Yi1:d = L1:d
layers:
Yd+1:D = Td+1:D & exp ( (Il d)) + t(fﬂl;d)

dy I 0
= Jacobian: .7 = | diup diag (exp[s (x1:4)])

{?:.r:l;d

» Determinant: [Z (fld)]

. . ) T1:d — Y1:d ;
Inverse: { - | 1 Dinh et al., 2017
Ld+1:D — (yd—i—l:ﬂ _ t(ylzd)) ® €Xp ( _ ‘g(ylzd))

Deep Learning — Generative models



https://arxiv.org/abs/1605.08803v3

Normalizing flows - math

= Partitioning:
y=boxr+(1—-0)0® (:1: ) exp (s(b ® :r:)) +t(b® :1:))
= Combining coupling layers:

a(fb O fu,) 8fa ﬁfb

Ox L (%) = F(Ia) | ﬁ
det(A - B) = det(A) det(B)
(fb Q fa)_l — +(_;_1 O fb_l

(:I-:b — fu (ﬁ:u))

Dinh et al., 2017

= Multi-scale RO) — .

architecture: (LD BGHD) D (40

2(L) = p(L) (L1

z = (z(l)

qqqqq
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https://arxiv.org/abs/1605.08803v3

Real NVP

Dinh et al., 201/

= Density estimation using
Real NVP

= Real valued on-volume
preserving transformations

= Stably invertible
= |[earnable transformations

= Exact log-likelihood
computation

= Exact sampling

= Efficient sampling

= Exact inference

= Efficient inference

= Interpretable latent space

Deep Learning — Generative models



https://arxiv.org/abs/1605.08803v3

Flow++

Ho et al., 2019

= Improving Flow-Based Generative Models with Variational Dequantization and

Architecture Design

= variational flow-based dequantization instead of uniform dequantization

= |ogistic mixture CDF coupling flows
K
MixLogCDF (x; 7, p, s) == Z mio ((x — pi) - exp(—s;))

Y1 = X1,
Yo = o ! (MixLogCDF (x2; mg(x1), pte(X1).50(X1)))
-exp(ap(x1)) + bo(x1)

= self-attention in the conditioning networks
of coupling layers

Conv = Input — Nonlinearity

— Convsy3 — Nonlinearity — Gate

Attn = Input — Convy
— MultiHeadSelfAttention — Gate

Deep Learning — Generative models

36
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31

50

100

full model

ablation: affine coupling
ablation: no attention
ablation: uniform dequantization

150 200 250 300 350
epoch
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https://arxiv.org/abs/1902.00275v2

Glow

Kingma & Dhariwal, 2018

» Generative Flow with Invertible 1x1 Convolutions

= Efficient realistic-looking synthesis and manipulation of large images with the
plain log-likelihood objective

?

step of flow

._T.=
#

?

Description

Function

Reverse Function

Log-determinant

squecze

A

Actnorm.

Vi, 7 : Yi,j =8® X455 + b

Vi,j X = (yi,j —b)/s

h - w - sum(log |s|)

split

1.

step of flow

T

Invertible 1 x 1 convolution.

W : [e x ¢].

Vi,j : Yi,j E— WXT;J'

Vi, j x5 =Wy,

h - w -log | det(W)]
or
h - w - sum(log |s|)

squecze

5

Deep Learning — Generative models

Affine coupling layer.

Xq,Xp = split(x)
(logs,t) = NN(x;)
s = exp(logs)

Ya =85O Xqa +t

Yb = Xb

y = concat(ya,¥s)

Ya,¥p = split(y)
(logs,t) = NN(y,)
s = exp(logs)

Xa = (Va - t)/3
Xb=¥b

X = concat(Xq, Xp)

sum(log([s]))



https://arxiv.org/abs/1807.03039v2

Glow results

(e) Young
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Glow results
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https://openai.com/blog/glow/

Glow results

57 = O X ; = O X
@ Glow: Better Reversible Generati: X + @ Glow: Better Reversible Generati. X =+

& - C @& openaicom/blog/glow/ 12 Y« B * O 8 & - C @ openaicom/blog/glow/ 122 ¥ *» 0 8

RIGHT INPUT

LEFT INPUT

Smiling
Age

Narrow Eyes

Blonde Hair

Beard
: https://openai.com/blog/glow/
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https://openai.com/blog/glow/

DifferNet Rudolph et al., 2020

anomaly +
normal anomaly gradient map

= Same Same But DifferNet: Semi-Supervised
Defect Detection with Normalizing Flows

T(x) = Epne7 [—logpz (fnr (fex (Ti(x))))]

feature
extractorj—::»( Eehcat |y| NF I Z 1
¢ loss l 0
Jet — 3
( Oy 7

transform
+ scale

0z

L(y) = —log

concat.

.................................................................................................................................................................................................................................................................

X plocks


https://arxiv.org/abs/2008.12577v1

DifferNet results

Category GeoTrans | GANomaly | DSEBM | OCSVM | I-NN | DifferNet | DifferNet
[10] [1] [30] [2] [21] (ours) (16 shots)
_ | Grid 61.9 70.8 71.7 1.0 | 557 84.0 65.8
g 2 | Leather 84.1 84.2 41.6 83.0 | 903 97.1 92.9
3 | Tile 41.7 79.4 69.0 87.6 | 96.9 99.4 98.9
= = | Carpet 43.7 69.9 41.3 62.7 | 8L1 92.9 77.0
£ Wood 61.1 83.4 95.2 953 | 934 99.8 99.2
= . T Diffehit fours Botile 744 89.2 318 99.0 | 987 99,0 8.5
oaff T canomaly Capsule 67.0 732 59.4 544 | 71.1 86.9 61.4
. — GeoTrans Pill 63.0 74.3 80.6 729 | 83.7 88.8 65.1
ool | | - Chance £ | Transistor 86.9 79.2 74.1 56.7 | 75.6 91.1 76.6
0.0 02 04 06 08 10 .5 | Zipper 82.0 74.5 58.4 51.7 | 88.6 95.1 88.3
ralse Posifve Rate S | Cable 78.3 757 68.5 803 | 885 | 959 86.4
6 =1 non-defects Hazelnut 35.9 78.5 76.2 91.1 97.9 99.3 97.3
N 1 defects Metal Nut 81.3 70.0 67.9 61.1 76.7 96.1 77.7
~ Screw 50.0 74.6 99.9 747 | 67.0 96.3 75.9
B4 Toothbrush | 97.2 65.3 78.1 61.9 | 91.9 98.6 92.3
g ] Average 67.2 76.2 70.9 71.9 83.9 94.9 87.3
£’ ‘ Config. A | B c | b E F G
32 hﬂm multi-scale X X v v v v v
1- train transt. X v X v v v v
. |||-hm'r|-|-|.|'h o L # test transt. 1 64 1 1 4 16 64
1.0 15 2.0 25 >3 AUROC [%)] | 844 | 90.2 | 86.6 | 86.5 | 91.6 | 94.1 | 94.9

Anomaly Score
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DifferNet results

Bottle Capsule Hazelnut Leather
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FastFlow

Yu et al., 2021

= Unsupervised Anomaly Detection and Localization via 2D Normalizing Flows

ActNorm
S
Channel
Permute

C

FastFlow

SHH N

PT o)

| 712

PT MO0
'
PT AOD)

= »
r
e

—
Split
c |

C
2
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flow step



https://arxiv.org/abs/2111.07677v2

FastFlow results

%
[}
n
o

>

AUCROC | (92.1,95.7) | (96.2,96.5)

04.9,)

(97.9.97.5)

(97.1.96.0)

(99.1,98.1)

(99.4.98.5)
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AD on MVTech AD benchmark leaderboard

1 PatchCore

2 Fastflow

3  DRAEM+SSPCAB

4 CS-Flow

5 Reverse Distillation

99.6

99.4

98.9

98.7

98.5

98.4

98.5

97.2

?7.8

25.0

23.9

Towards Total
Industrial Ano
Detection

FastFlow: Uns
Anomaly Dete
Localization vi
Normalizing F

Self-Supervist
Convolutional
Block for Anol
Detection

Fully Convolu
Scale-Flows f
based Defect

Anomaly Dete
Reverse Distil
One-Class Enr

https://paperswithcode.com/sota/anomaly-detection-on-mvtec-ad

14 May 2022
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10

OCR-GAN

CFLOW-AD

DRAEM

PaDiM

FYD

98.3

98.26

98.0

97.9

97.7

98.62

97.3

97.5

98.2


https://paperswithcode.com/sota/anomaly-detection-on-mvtec-ad

Normalising flows recap

= Normalizing flows transform a simple base distribution into a complex target
distribution through invertible transformations.

= Density Estimation: Normalizing flows excel at modeling complex probability
distributions and density estimation tasks.

= Change of Variables: They leverage the change of variables formula to compute
the probability density function of the target distribution.

= Flexibility and Expressiveness: Normalizing flows can model multimodal
distributions and varying correlation structures.

= Sampling and Generation: Efficient sampling from the target distribution is
achieved by applying inverse transformations to samples from the base
distribution.

= Inference and Latent Space Manipulation: They can perform inference tasks and
allow meaningful manipulation of latent variables.

= Training and Optimization: Normalizing flows are trained by maximizing the
likelihood of observed data through optimization techniques.
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PixelCNN Van der Oord et al., 2016

= Conditional Image Generation with PixelCNN Decoders

= Autoregressive model - . : ¥

S e A Y T R
o _. o IE — l s " =
e e i TR
o 0l NPk L0
i _..l\'.. ) ."’ :
Lﬂ African elephant

- IIE-IEII

Sandbar

nz
:H})(ﬂ?t|ﬂ?1,---:mz 1)
1—1
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https://arxiv.org/abs/1606.05328v2

VQ-VAE

VVan der QOord et al., 2017

= Neural Discrete Representation Learning

= Discrete latent space - embeddings
» Vector quantisation

1 for k =argmin;||z.(x) — ;|2

f— .Iﬁ T =
a2 [) {U otherwise
zqg(x) = e, where k= argminj”,ze(ﬂ:) —ejll2
e,e,e, €
Embedding
Space

2,0 ~ a(z}x)

Encoder
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https://arxiv.org/abs/1711.00937v2

VQ-VAE results
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VQ-VAE audio

Voice Reconstruction Voice Style-Transfer

Discrete

iscret
Discrete latents

VQ latents VQ

i l Condition i \C‘mamo"

Encoder cesescssescnneas) TN\ (eesssesssccscens
Downsample 64x Q WaveNet D WaikvaNiak ;

Speake
. «— "
Decoder Decoder Fepegopogesosor | Condition D

Y\

Samples from prior: " - - - https://avdnoord.github.io/homepage/vgvae/
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https://avdnoord.github.io/homepage/vqvae/

VQ-VAE2

Razavi et al., 2019

= Generating Diverse High-Fidelity Images with VQ-VAE-2

VQ-VAE Encoder and Decoder Training

Top va
vel
EEEEEEE I lDecoder
Bottom
vQ
EncoderT

DDDDDD

htop ; hmiddle ) hbottom

Original



https://arxiv.org/abs/1906.00446v1

VQ-VAE2 results
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CLIP Radford et al., 2021

= |Learning Transferable Visual Models From Natural Language Supervision
= CLIP - Contrastive Language-Image Pre-Training

= Pre-training task of predicting which caption goes with which image
= 400 M (image, text) pairs

(1) Contrastive pre-training (2) Create dataset classifier from label text
Pepper tThe -
Text 2 -
aussis pup P » = photo of - Text
Encoder - s a [object]. "1  Encoder
Y k4 Y h J ] )
T T, T3 T
bird —
—» L LT, |17, | Ty | o |1 Ty o
(3) Use for zero-shot prediction v v v v
T o1 LTy [IpTy | IbT3 | - |ITe T, | T2 | Ts Ty
Image . . i .
— 1 s I I;Ty |I3Tp | 13T | - | IsTy |
Encoder ? s . 5 mage I LT, LT, | I T I Ty
Encoder 1 11 1 =2 143 1M

!

A photo of
a dog.

L» Iy BTy | hyTr | eT5| - [Ty
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https://arxiv.org/abs/2103.00020v1

CLIP results

Food101

coTect [abe': guocamole correct rank: 1/101  correct

pheto of coviche, 3 type of food.

B phedn of edamame, 3 by of food.

& phedn of tuna lartare, a ype of feed

a plcto of hunwus, a type of feed

L3 el o 0 60 120
PatchCamalyon (PCam)
correct kel healthy hinph node Uasue  Sorreck renks 202 correct Drobabifly: 22 B1%

e 20 “ 0 a0 100

Focinl Emotion Recognition 2013 (FER2013)
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Ramesh et al., 2021

DALL-E

= Zero-Shot Text-to-Image Generation
= Learning joint distribution over images and captions Ps.¢ (2, Yy, 2) = po( |y, 2)py (Y, 2)

cnina ainnes piain a 1apie tnat nas a a lving room witn a . . :
avery cite.cat on the ground at an train model on it tvontopofastand 2 g?eu‘s):gigf ;:)enogle a very cute giraffe f?i;'tgh:tg\‘fe'tgnad :rgrgtua?‘gifnani'r:"g::
g making a funny face. ge. Sink i owg

laying by a big : . 3 : .
bike. siportwili baggege:  “with olher cgrs wih e adtars wood bench

the exact same cat on the top as a sketch on the bottom

Validation

Ours

-»

https://openai.com/blog/dall-e/



https://openai.com/blog/dall-e/
https://arxiv.org/abs/2102.12092v2

DALL:-E mini results
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https://huggingface.co/spaces/dalle-mini/dalle-mini

Diffusion models

= Denoising Diffusion Probabilistic Models Ho.et.al...2020
Po(Xi—1|x¢)
@ = — @, @ o

Q‘(X |X 1

p -

...-a---xxkkxvvvvyww



https://arxiv.org/abs/2006.11239v2

Denoising Diffusion Probabilistic Models

= Forward process

= =diffusion process Q(Xt|Xt—1) = N(Xt; v1- Bixi—1, 5t1)

= from image to noise_ | q(x:|x0) = N (x41 Varxo. (1 — a@)I) a=1- 8
= gradually add Gausian noise X, = Ao+ /T e ~ N(0.1) @ = =1y,
= create x, from x,_; (or from x,)
" Reverse process Po(Xi—1]X¢) = N (Xe—1; o (X¢, ), Xo (X4, 1))
= from noise to image 1 1— oy
. i i i Ti_y = T — ————¢ a:.t)+az o7 = [
icram network to estimate noise t—1 \/E( t Jioa o(2¢, 1) t t = Pt
= inference reconstructs x,_; from x, 2~ N(0,1)
Ty —> Li—1 —7 ... —7 X0
Algorithm 1 Training Algorithm 2 Sampling
; repeat (x0) I: xp ~ N(0,1)
- X0 ™~ q(Xo 2: fort=1T,...,1do
o B{;l(l(f)o%n({l» - Th) 3 z~N(0,I)ift > 1, elsez =0
. €~ : _ .
5: Take gradient descent step on 4 X1 = \/% (Xt Y - Eg(xt’t)) T Oz
Vo HE—EQ(\/@th—|—\/1—55t6,t)”2 5. end for
6: until converged 6: return xo
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DDPM

= Improved Denoising Diffusion Probabilistic Models Nichol et al., 2021

el A A
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https://arxiv.org/abs/2102.09672v1

DDPM

= Diffusion Models Beat GANs on Image Synthesis Dhariwal et al., 2021
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https://arxiv.org/abs/2105.05233v4

Stable Diffusion

= Latent Diffusion: Sequential application of denoising autoencoders in the latent space
= Cross-attention layers for conditioning inputs Rombach et al., 2022

. Diffusion Process

} emanti
Ma

2T Text

Repres
l entations

Latent Space )|\ 6onditionina
\

Denoising U-Net €g

T
Pixel Space
— J
o N
denoising step crossattention  switch  skip connection concat - _4

= Stable Diffusion = (modified) Latent Diffusion
+ https://stability.ai/ - Cluster ~4000 A100 GPUs, well financed startup doing open source

+ https://laion.ai/blog/laion-5b/ — Open data scraping project
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https://stability.ai/
https://laion.ai/blog/laion-5b/
https://arxiv.org/abs/2112.10752v2

Stable Diffusion

bear wearing sunglasses riding a
rocket into outer space, digital art,
trending on artstation, 4k, hd

[https://github.com/huggingface/diffusers]

Teddy bears swimming at the
olympics 400m butterfly event

Deep Learning - Generative models . , e .. e By v ' I-l.-.“



Stable Diffusion

A matte painting of a viking in a princess dress riding a robot dragon, robotics, futuristic, city in
background, neon lights, vivid color scheme, cyberpunk, digital art, hd, 4k, trending on artstation

[https://github.com/huggingface/diffusers]
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Stable Diffusion

A renaissance painting of a man screaming at a computer, digital art, renaissance, hd, 4Kk,
trending on artstation

[https://github.com/huggingface/diffusers]
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Stable Diffusion inpainting

Prompt: Cat wearing a funny hat
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Fine-tunning Stable Diffusion

Fine tune Diffusion models with only a
small number of additional examples
Finetune with “photo of vitjan” as a
prompt.
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https://arxiv.org/abs/2208.12242v1

Text-to-video

Make-a-video

N Meta Al QN Meta Al N Meta Al

A golden retriever eating ice A teddy bear painting a portrait Cat watching TV with a remote
cream on a beautiful tropical in hand

beach at sunset, high
Singer et al., 2022

resolution



https://arxiv.org/abs/2209.14792

Text-to-3D

DreamFusion: Text-to-3D using 2D Diffusion

https://dreamfusion3d.github.io/ Poole et al.. 2022
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https://dreamfusion3d.github.io/
https://arxiv.org/abs/2209.14988

GLIDE Nichol et al., 2022

= Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models

[nput + mask

Ours (fine-tuned)
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“pink yarn ball” “red dog collar™ “dog bone” “pizza” “golden necklace™  “blooming tree” “tie with black “blue short pants™

and yellow stripes™
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o “a small kitchen with “a group of elephants walking “a living arca with a

‘ “a green train is coming T )
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https://arxiv.org/abs/2112.10741v3

DALL-E 2 Ramesh et al., 2022

= Hierarchical Text-Conditional Image Generation with CLIP Latents
= prior generates a CLIP image embedding given a text caption
= decoder generates an image conditioned on the image embedding

I CLIP objective - ! g:goder
"a corqi E
playing a
flame B
throwing — g
trumpet” B _Cf’\oéo_> — 8 8
ey
---------------------------------------- — . 8+8-§ - EO O
O O
prior decoder
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https://arxiv.org/abs/2204.06125v1

“A teddybear on a skateboard in Times Sauare.”
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ControlNet

= Controlling large

Prompt

pretrained diff. models l

= Learns task-specific

conditions en-to-end

= Augments a pretrained

' """"""""" j:’ ---------------- g ‘L

zero convolution

model

X

?

Time

[ Time Encoder ?

| :
neural network
block (locked)

trainable copy

(% zero convolution
¢ : |

4 ControlNet

Zhang et al., 2023

ControlNet on top
of StableDiffusion:
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https://arxiv.org/abs/2302.05543

ControlNet

= Image
generation
controlled
by edges

Deep Learning — Generative models

Input (Canny Edge)

e

Default

Automatic Prompt

“a man with beard oitting with two children’

“a man in a suit and tie”

a cat witi blue eyes in a room

”

User Prompt

“a cute cat in a garden, masterpiece, detailed wallpaper”



ControlNet

Input (Hough Line)

= Image
generation
controlled
by lines

Deep Learning — Generative model

Automatic Prompt

“a skyscraper with sky as background ”

User Prompt

“quaint deserted city of Galic”




Input (User Scribble) Automatic Prompt

User Prompt

ControlNet

= Image
generation
controlled

by human
scribbles :
&
!

Deep Learning - Generative models “a door on a wall” “mayical door, Heartl.stone”

.
]
A




ControlNet

u Image Input (openpose) Default User Prompt
generation £
controlled
by human
keypoints

« )
I2usIC
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Diffusion models recap

= Diffusion models are generative models that capture the process of diffusion, or
how probability distributions evolve over time.

= They provide a framework for modeling complex distributions and generating
high-quality samples.

= Key concept: Diffusion process, where a sample is gradually transformed by
adding noise in a controlled manner.

= Samples are iteratively updated over multiple steps to approximate the target
distribution.

= Diffusion models can be used for tasks such as image generation, inpainting, and
denoising.

= They offer advantages like capturing long-range dependencies and handling
multimodal distributions.

= Training diffusion models typically involves maximizing the likelihood of observed
data through gradient-based optimization.

= Inference with diffusion models involves reversing the diffusion process to obtain
the initial sample or perform tasks like inpainting.
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Generative models recap

= GMM
= Simple, work well on low-dimensional data
= Problems on high-dimensional data, difficult to increase the model capacity
= PCA
= Simple, fast, robust, enables reconstruction
= Linear, limited capacity
= AE
= Simple setup, enables reconstruction, self-supervised learning for model pretraining
= Latent space not nice, not smooth, does not enable useful sampling
= VAE
= Principled approach, allows inference of g(z|x), nice latent space, useful representations
= Maximising lower bound, not exact, samples tend to be blurrier and lower quality vs. GAN
= GAN
= Game theoretic approach, great quality
= No explicit probability modelling, no inference queries, more unstable to train
= NF
= Exact log-likelihood computation, exact and efficient sampling and inference
= Samples tend to be lower quality than the results of GAN
= Diffusion models
= Modelling complex distributions, capturing long-range dependencies, SOTA performance
= Computational complexity

Deep Learning — Generative models
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