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Lecture 16: Generative Models

Some slides from Frank Noe, Simon Prince and Pascal Poupart
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Generative model



So far...

Discriminative model P(y|x)
WGiven input data x, predicty
UE.g., classification, regression

(JGenerative model
Model data distribution P(x)
Sample from P(x) to generate new data




Generative model

Noise ~ N(0,1)



What | cannot create,
| do not understand

- Richard Feynman
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Types of generative neural networks

(dBoltzmann machines
dSigmoid belief networks
dVariational autoencoders (inference net + generator net)

(JGenerative adversarial networks (generator net +
discrimator net)

dNormalizing flows
Diffusion Models
4.
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Autoencoder

ASpecial type of feed forward network for
(JCompression
dDenoising
(Sparse representation
(dData generation




Autoencoder

JEncoder: f( )
(dDecoder: g( )
JAutoencoder: g(f(x)) = x

Smile: 0.99

Skin tone: 0.85

Gender: -0.73

encoder decoder
Beard: 0.85

Glasses: 0.002

Hair color: 0.68

Latent attributes

Latent variable encodes “essential” information about input data h



Linear autoencoder

dObjective: find weights W; and W, that minimize
reconstruction error
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JWhen using Euclidean norm (i.e., squared loss), solution is
the same as principal component analysis (PCA)




Cone §

Recap: principle component analysis

JComponents with maximum variance

orginal dala space

companent space
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Non-linear autoencoder

f( ) and g( ) are both non-linear functions
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Sparse representation

JWhen more hidden nodes than inputs, use regularization to
constrain autoencoder

JExample: force hidden nodes to be sparse

minz > [|g(f Cews W) Wy) — x|+ ¢ nnz (f (2 W)

n |

Sparse hidden nodes

where nnz (f(xn; Wf)) is the number
of non-zero entries in the vector produced by f.

JAporoximate objective: L, regularization
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Denoising autoencoder

(JConsider noisy version’X of the input X




Variational/Probabilistic autoencoder

dinstead of a single value for each attribute, represent each
attribute as a range of values

JVAE: Describe latent attribute in probabilistic terms

Smile (discrete value) Smile (probability distribution)

VS.




Variational/Probabilistic autoencoder

Smile: 0.23

Skin tone: 0.02

Smile Gender: -0.18
/\ i decoder
Skin tone < - >
) /\ . Glasses: -0.19
Gender: < . = Hair color: 0,33
Beard: J "Smile: 0.17
Skin tone: 0.28
Glasses: -t ,A,‘ .
) ° 1 Gender: -0.11
Hair color: «—oA—» Beard: 0.66
i o i
\ / Glasses: -0.14
L We expect an accurate
i reconstruction for any
Latent distributions Sampled latent attributes sample from the latent

state distributions




Variational/Probabilistic autoencoder

Let f() and g() represent conditional distributions
Of: Pr(h|x; wy)
Hg: Pr(x|h; wy)

JThe decoder g() can be treated as a generative model
UFirst sample h from Pr(h)
dThen sample x from Pr(x|h; w,)




Variational autoencoder

lIdea: train encoder Pr(h|x; w¢) to approach a simple and
fixed distribution, e.g., N(h; O, 1)

max E log Pr(x,; Ws,W,) — ¢ KL(Pr(h|x,; W¢) ||N(h; 0,1))
\ )
n !

Kullback-Leibler divergence
Distance measure for distributions




Variational Autoencoder Likelihood

JHow to compute Pr(x,; W;, W,)?
Pr(x,; W, W,) = j Pr(x,|h; W, )Pr(h|x,; W;) dh
h

(JObtain mean and variance of Pr(h) by neural network

Pr(h‘xn; Wf) = N(h; (X0 We), 05 (X0; We)I)




Reparameterization trick

decoder model decoder model
~q(zlx) ) 0 et aados.

28
0{0 Q

encoder model encoder model




VAE implementation

Define
latent state
distributions

Mean Sample from

\ distributions
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MNIST VAE

max E log Pr(x,; Wg, W) — ¢ KL(Pr(h|x,; W¢) ||N(h; 0,1))
| )
1 Y

Kullback-Leibler divergence

Only reconstruction loss Only KL divergence Combination
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Examples from VAE
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Generative Adversarial Network



Latent variable models

Normal Latent Model Model output  Real world output
distribution variables [110]
109
o 110
00 108
- 109
— | —> [110
—0.6
. 110
: Deep learning 110
- model 109

Latent variable models map a random “latent” variable to create a new data
sample
In GANSs, this is called the generator:

Xy = g|Z;, 0]



Generative adversarial models

* GAN loss function

* DCGAN results and problems

* Tricks for improving performance
* Conditional GANs

* Image translation models
 StyleGAN



GAN example

*
ZC P —
J
a) 0 =3.0
1.0
T
O |
et Real
(a1
0.0 fmpmfualtyeet?] 111 1] 1 1]
0.0 Data, x

Slide credit: Simon Prince



GAN example

T = glz;, 0] =2z; +6
a) 0 = 3.0
1.0
\

= e 9]
\:/- Real
(o
ONeE .« ENIEEEEE. -

0.0 Data. = 1.0

Slide credit: Simon Prince



GAN example

* — . — .
vt = gz, 0] = 25+ 0
a)1 . 0 =3.0 b) 9 =49
=
O |
\:/ Real
(ol
o) M— S _ i EEi . e 11 W)
0.0 Data, 1.0 0.0 Data, x

Slide credit: Simon Prince



GAN example

* . _ .
vt = gz 6] = 2 + 6

a)10 0 =3.0 b) 0 =4.9 c) 0 =6.7
T

o |

\:/ Real

(a1

0.0 tpllgeett™ | 11} 1 e | N N B1IN - S— —l LU L

0.0 Data, T 1.0 0.0 Data, T 1.00.0 Data, T

Slide credit: Simon Prince



GAN

Real
examples
{Xi}]
Zj*.”{";}
Generator
Latent Generated
variable samples

Slide credit: Simon Prince

Generated Real

[T

Data

—> ’¢]] —_—>

Discriminator

Generated

Real

Data

Probability

is real




GAN cost function

Discriminator uses standard cross entropy loss:

@ = argmin [Z ~(1 i) log |1 — sig[tlx;, ]} — v log siglflxi, qsn}]

7

Discriminator: generated samples, y =0, real examples, y=1:

¢ = argmin Z log[l—&g } Zlog[&g X;, ]]}

¢ j
Generator loss: make generated samples more likely under discriminator (i.e. make discriminator loss larger)
¢, 0 = argmin | argmax Z —log {1—sig[f[ glz;,0 } Z log {&g X, ]]]

¢ 0 y

Slide credit: Simon Prince



GAN Cost function

b, 0 = argmin | argmax —lo [1—81 glz;,0 } lo {Sl %X, @ }
o ar {ge {Z g |1—sig[f[g(z, Z g [sig]

j
Can divide into two parts:
b1 = 3" o1 . 01.01] ~ o
Zlog[l—&g 01,¢n}

Slide credit: Simon Prince



GAN loss function

Real
examples
{Xi}]
Generated Real
2 —> — 5 LI
Data
Generator
Latent Generated
variable samples

Slide credit: Simon Prince

— o, Pl|| —

Discriminator

Generated Real

I

Data

Probability
is real




GAN loss function

Real
examples

Generated Real Generated Real

MM ervminecer I

Data Data
Generator
Latent LY Generated Probability
variable samples is real
. Generator loss, L[6]

~
~

RRDIS Zj log [1—sig|f[g[z;, 6], #]]]

Generated samples x* = g|z, 0]
should be assigned high
probability by discriminator

Slide credit: Simon Prince



GAN loss function

Generated samples x* should have low probability
Real examples x should have high probability

e -5, og [1-siglf;. 0] — 5, Lo il o]
examples Discriminator loss, L[]
{xi}
j|—_> Generated Real —> ’¢]] —> Generated Real
zj—> — &5 LN — I
Discriminator
Data Data
Generator
Latent LY Generated Probability
variable samples is real
.. Generator loss, L[6]

~
~
~
~

RRDIS Zj log [1—sig|f[g[z;, 6], #]]]

Generated samples x* = g|z, 0]
should be assigned high
probability by discriminator

Slide credit: Simon Prince



Generative adversarial models

* GAN loss function
* Tricks for improving performance

e Conditional GANs

* Image translation models

Slide credit: Simon Prince



Deep Convolutional (DC) GAN

Generator Discriminator
1001
Latent
variable z 32%32%128 32x32x128
16 % 16 x 256 xorx 16 % 16 x 256
8x 8x512 8x 8x512 Pr(real)
4x4x1024 4x4x1024 rirea
= o
/ _ e o P -
Project and Fractional sigmoid Strided 4x4 sigmoid
reshape convolution convolution convolution

Slide credit: Simon Prince



DC GAN Results

Slide credit: Simon Prince



Mode collapse

Training GANs is difficult. Often fails.

Slide credit: Simon Prince



GAN training instability

Pr(real)

Real

0.0

Slide credit: Simon Prince

0.0

Data, x

1.0



GAN training instability

10 After 1 epoch
- - After 10 epochs
E) After 25 epochs
o
o
o0
(2]

]
o
S
4
o
)
c
o
O
10"

Iterations 4000

Fix generator and continue training discriminator, then generator gradients disappear.

Slide credit: Simon Prince



Generative adversarial models

* GAN loss function
* DCGAN results and problems

e Conditional GANs

* Image translation models

Slide credit: Simon Prince



Trick 1: Progressive growing

Generator Discriminator

eI De

4x4 8x8  16x16  32x32  64x64 128128

Slide credit: Simon Prince



Trick 2: Truncation

Only choose random values of latent variables that are less than a threshold 7.

L 0I=< 0g=4

T00=2 <0

Slide credit: Simon Prince



Example results

Slide credit: Simon Prince



Interpolation

Slide credit: Simon Prince



Generative adversarial models

* GAN loss function
* DCGAN results and problems

* Tricks for improving performance

* Image translation models

Slide credit: Simon Prince



Conditional GAN models

a) Conditional GAN Real examples
+ attributes

Latent { Xz]}
variable C; a Probability
Z; _>- { 'Xf] } g pair is real
_ j
C;, —> C;
/ - Discriminator
Attribute  Generator Generated samples
vector + attributes
b) Auxiliary classifier GAN Real
I
Latent exa::? = Probability
variable ' , D] > s real
Zj —> o fole, @] . Probability
¢ > J of class
Generated Discriminator
Class Generator samples

Slide credit: Simon Prince



ACGAN results

Slide credit: Simon Prince



Generative adversarial models

* GAN loss function

* DCGAN results and problems

* Tricks for improving performance
* Conditional GANs

Slide credit: Simon Prince



Image translation: Pix2Pix

Content loss Real pairs

)
Prediction similar to o ‘;%
ground truth 3 - ab

N - ‘,‘%

Probability
pair is real

> o,o,¢”—>

Discriminator

N
Discriminator loss T redicted pairs
Input / prediction pair

looks real

Slide credit: Simon Prince



Image translation: Pix2Pix

b) Before Before After

d)

Before

Slide credit: Simon Prince



Image translation: SRGAN

Content loss
Prediction agrees Adversarial loss

with real high Sample looks real
resolution image ~-. *

N

N

Input, € conyolutional
network Prediction Synthesized

Slide credit: Simon Prince

Probability
¢l i~ is real

Discriminator



Image translation: SRGAN

b)  Bicubic (4x

Slide credit: Simon Prince



Image translation: CycleGAN

a) Real zebra
Content loss: :

prediction agrees
with horse image

Probability

Discriminator

~

A Cycle consistency loss: Predicted “=--. Adversarial loss:
maps back to original image zebra, ¢’ sample looks real

Predicted
horse

Slide credit: Simon Prince



Image translation: CycleGAN

Slide credit: Simon Prince
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Diffusion Model



Video Generation — OpenAl Sora




Denoising Diffusion models

dForward process/diffusion gradually adds noise to data

(dBackward process generates data by denoising

—— Encoder (forward/diffusion process) —

Zo | VA Output, x

Input, x Z1 Z9




Forward process/diffusion

21 = V1-B1-x+B1-«
Z; = \/l_ﬂt'zt—l+\/137t'€t Vt€2,,T,

q(z1]x) = Normyg, [\/1 == le,,Bll]
q(z¢|zs—1) = Normy, [\/1 — Btzt_l,ﬂtl] Yie{2..; T}

i
q(z1..71x) = q(z1]x) | | a(ze|20-1).




Forward process
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What happens to data distribution in forward process?

Diffused Data Distributions

Data Noise




Diffusion kernel

dCan we directly compute z, without computing previous z?

Zt:\/at-x—}—\/l—at-e,
t

where a; = [[,_; 1 — Bs. We can equivalently write this in probabilistic form:

q(z¢|x) = Normy, [\/a_t x,(1— at)I].
dMarginal distribution

o = / i ) Pl

dQuiz: What is the distribution of z;?




Generative learning by denoising

Diffused Data Distributions

q(zo) q(z1) q(z2) q(z3) q(zt
K~ Kk~ Kk~ K~

q(zo|z1) q(z1]z2) q(z2|z3) q(z3]z4) q(zr.



Conditional distribution in reverse process
JTo reverse the process, we apply Bayes’ rule

(Zt|zt—1)Q(Zt—1)‘
Q(Zt)

q
Q(Zt—1|Zt) =

This is intractable since we cannot compute marginal q(z,)

JKEY assumption: Approximate conditional distribution using
a Gaussian distribution

(ANote: closed form Gaussian if conditioned on X

1 —ar V- 1 —a;
q(z¢—1|2¢,x) = Normy, (1—a 1),/1_5tzt+ -1 ‘x. Bi(l — oy 1)11

1—C¥t 1—at 1—Oét




Decoder model (reverse process)

Let a neural network predict mean of Gaussian

Pr(zr) = Norm,,[0,]]
Pr(z;_1|z¢,¢p,) = Normg, , [ft [Z¢, D, ], Ufl]
Pr(x|z1,¢;) = Normy [fl 1z1, 4], O’%I] ;

(dWhat about variance of Gaussian? — Fixed schedule




Training

To train the model, we maximize the log-likelihood of the
training data {x;} with respect to the parameters

z
A

b1..7 a—1




Evidence lower bound (ELBO)

log /P"“(X, Z1...T|¢1...T)dz1...T]

= log /Q(Zl...T|X)PT(X’ZI'"T'(Z)L"T)le...T]
Q(Z1...T|X)

/Q(Zl...Tlx) log [P’r(xazl...kal...T)] dzl...T-

CI(Z1...T|X)

log [Pr(x|¢; 1)

AV,

K 5
= By, ) |08 [Pr(xlz1, 61)] | =3 Eqgaqis) [DKL (2112, %)| | Pr(zea |2, qbt)]]

F—2




Analyzing ELBO

F—2

{5
E (o | 108 [Pr(x[z1, 61)]] = Bqtaupy [DKL (212, %)| | Pr(zea |2, qst)]]

Pr(x|z1, ¢;) = Normy [fl 1z1, @], a%I]

Pr(zi—1|z¢,¢,) = Norm,, , [ft[zt,d)t],atQI]

-y V= il
glZi -i|7u:%) = Norbd,, . [( * 1),/1_5tzt+ - B Be(1 — ay 1)1

1—C¥t 1—C¥t 1—Oét




Diffusion Loss Function

reconstruction term

£ N

I
L, 7] Z( log Normx [£1]2i1, b1 ,a%I]] (18.29)
=1
d Ly p——n Var—1Bt .
T —
Z 2 1 k= Btzit e ——— ft[zit7 d)t] )a
% “9% —Qy 1— oy
~ o N’
target, mean of q(z;_1|z:,x) predicted z;_4

where x; is the i'" data point, and z;; is the associated latent variable at diffusion step t.




Reparameterization of target

dTarget (mean) can be reparameterized using noise

Z; = /oy X+ /11—y - €

1 \ 1— Ot
Xi— - Zp — - €
var T
(JReparameterization of network
1
ft [Zt> ¢t] . IBt [Zta ¢t] .

=B~ WL

dSimple loss function for diffusion model:

2

M~
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Lig,. r] = g:2it, D] — €5t
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Diffusion Model Training

Algorithm 18.1: Diffusion model training

Input: Training data x
Output: Model parameters ¢,

repeat
for i € B do // For every training example index in batch
t~ Uniform[l, T T] // Sample random timestep

€ ~v Norm[O,I] // Sample noise
2
{ = ’ g [\/atxi + 1 — o€, ¢t] — €

Accumulate losses for batch and take gradient step

until converged

// Compute individual loss




Diffusion Model Inference

Algorithm 18.2: Sampling

Input: Model, g,[e, ¢,]
Output: Sample, x

ZT ~ INOI'lly, ample last latent variable
N 0,1 // Sample 1 1 iabl
fort=T...2do
5 _ 1 _ Bt . . .
Zi_1 = -5, Z TT—orV/1-F, gt[Zt, ¢t] // Predict previous latent variable
€ AJqurnne[O,I] // Draw new noise vector
Zi—1 =:it_1-+-016 // Add noise to previous latent variable

x = bn - e g

// Generate sample from z; without noise




Implementation

JU-Net based denoising network
(Noisy image as input
(Noise as output

Concatenate

Concatenate

Concatenate

Concatenate

time embedding



Latent diffusion model

(JReduce dimensionality of image by VAE
Diffusion process in latent space of VAE
(JConditional generation using text, image, semantic map etc.

Latent Space ) (Conditioning
. Diffusion Process | emanti
Ma
Denoising U-Net €g zp Text

Repres
entations

1Rl e Q @

KV KV | KVl KV
27
§ \ J

- N

denoising step crossattention  switch  skip connection concat

eixel Spacs




Parameter-efficient Conditonal Generation

dControlNet: Controlling diffusion model with various control

Input Canny edge

Input human pose Default “chef in kitchen” “Lincoln statue”

dKey idea: Zero convolution



How Sora works?

LLatent diffusion model + U-ViT

.f.
W
(NINQ
O
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Turning video into patches and compressed

o

Diffusion model for video




