CS294-158 Deep Unsupervised Learning

Lecture 4 Latent Variable Models -- Variational AutoEncoder (VAE)

Pieter Abbeel, Wilson Yan, Kevin Frans, Philipp Wu



Latent Variable Models

= Autoregressive models + Flows
= All random variables are observed

= Latent Variable Models (LVMs):

= Some random variables are hidden - we do not get to observe

(=)
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Why Latent Variable Models?

=« Simpler, lower-dimensional representations of data often

possible

« Latent variable models hold the promise of automatically identifying
those hidden representations

Obj1 @ (x,y)
= Corgi, red
& white

Obj2 @ (x.y)
= Corgi, red
& white,
floppy left
ear

Background
= Wood
bench in a
park

Obj3 @ (x.y)
= Corgi,

Tri-color
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Why Latent Variable Models?

=« AR models are slow to sample because all pixels (observation
dims) are assumed to be dependent on each other
= We can make part of observation space independent

conditioned on some latent variables

= Latent variable models can have faster sampling by exploiting
statistical patterns



Latent Variable Models

= Sometimes, it’s possible to design a latent variable model with
an understanding of the causal process that generates data
= In general, we don’t know what are the latent variables and

how they interact with observations

= Most popular models make little assumption about what are the
latent variables

= Best way to specify latent variables is still an active area of research



Example latent variable model

K
2= (a7, 2x) ~ pl( B) = [ B (1 - )=
k= po(|2)
x = (x1,T2, - ,xp) ~ po(x|z) < Bernoulli(z;; DNN(z2))
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Latent Variable Model

« Sample 2~ pz(2)

x ~ pg(x | 2)

= Evaluate likelihood  ps(z) =Y pz(2)pe(z | 2)

po(z|2)
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« Train max} logpy(z) =) logy pz(2)pe(z'” | 2)

= Representation €T —r &
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m  Prior Sampling
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m  Variational Lower Bound (VLB) / Evidence Lower BOund (ELBO)
m  Optimization
m Likelihood Ratio Gradients vs. Reparameterization Trick Gradients
m  Optimizing the VLB/ELBO

m \Variations:

m Different priors p(z)

m SOTA: VQ-VAE, VQ-VAE 2.0

m Connection to other generative models
m Related ideas:

m  Mutual Information Estimation
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Training Latent Variable Models

m Objective:
Z X

max D logpo(z”) = 3 Jlog 3 S pz(2)pe(a | 2)

m Scenario 1: z can only take on a small number of values — exact objective tractable

m Scenario 2: z can take on an impractical number of values to enumerate —
approximate

How about optimizing p_(z)? = “learning the prior” and sometimes done [more later]
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Exact Likelihood Objective

Example: mixture of 3 Gaussians, with uniform prior over components

po(z) =Y pz(2)pe(z | 2) pz(z=A) =pz(z=B)=pz(z=C) = %
Z =kK) = ! ex —la:— 5 Yo —
pole] 2 =) = e (<3 - )5 e - ) )

Traini biective: (4)
raining objective mnglogpg(x )

B~ 2m ¥ (213
N T— —LiflE) . Ty=1¢.0) _

+3 (271’)%|EB|§ exp( 2(:17 ’uB) = (:13 'LLB))
1 1 _ 1) _ Ty —=1¢,.() _

+3 Gimad P (-2 —p0) 55 (@ — po))]

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L4 Latent Variable Models -- Variational AutoEncoder




2-D Mixture of Gaussians
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Prior Sampling

Main idea: if z can take on many values — sample z
- 1 & . |
Zi:log Zz:pz(Z)pe(ﬂ:(“) | 2) ~ Zi:logg kz_:lpe(w(’) | 2,”) 2 ~ pz(2)

— run Stochastic Gradient Descent (SGD) on the approximate
objective
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Prior Sampling -- Example + Challenge

Consider data in N clusters:

Sampling z uniformly results in only in only 1/N terms being useful.

Recall: z might correspond to many high level properties, e.g., 100 high level properties,
probability of correct z for given x: 0.51%

Issue: When going to higher dimensional data, it becomes near impossible to be lucky
enough that a sampled z is a good match for a data point x?



Importance Sampling -- Motivation / Background

Problem setting:
Want to compute ]Ezwpz(z) f(2)]

But: (1) hard to sample from pz(2)
and/or (2) samples from pz(z) are not very informative

Example of (2):

Note: our Latent Variable Model objective is also example of (2)



Importance Sampling -- Algorithm

Formulation:

Eepy () [F(2)] = . p2(2)f(2)
- 5, 8y (2) £(2)

E.ng(2) [p Z(S) f(z )]

K (k)
% Zk 1 pqz((z(k)))f(z(k)) with 2z(F) ~ Q( )

Q

— Can sample from g to compute expectation w.r.t. p
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Importance Sampling for Latent Variable Model

Training Objective:

i pz i . i i
ZlogZpZ(z)pg(a:() | 2) Zlog—z z(®) | z ) with z,(c) ~ q(z,(g)))

k:lqzkz

Good proposal distribution q(z)?

We want samples compatible with x@

pe(z? | 2)pz(2)
po(z)

Issue: not clear how to sample from this distribution...

— How about C](Z) — pg(z | m(i)) —




Importance Sampling Proposal Distribution

General Principle of Variational Approach:

We can’t directly use p we want

So, instead, we propose a parameterized distribution g we know we can work with
easily (in this case, sample from easily), and try to find a parameter setting that makes it
as good as possible.

z() | 2)pz(2)
po ()

E.g.find ¢(z) = N(z; u, 02) as close as possible to pg(z | V) = Po(



Importance Sampling Proposal Distribution

— optimize to find g

ming .y KL(g(2)|pe(z | z®)

= ming () Bzvg(z) l0g ( Po (qz(é)(z')))

| (2)
— mlnq(z) Ezwq(z) ]'Og (pe (x(z) |z)qu(Z)/p9 (x(z)) )

— ming .y E,q(2) [L0g ¢(z) —logpz(z) — logpg(zV) | 2)] + log py ()
= ming) E, ) [logq(z) — logpz(z) — log pg(z) | 2)] + constant independent of z

Note: all needed quantities in the objective readily computable
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Amortized Inference

General Idea of Amortization: if same inference problem needs to be solved many
times, can we parameterize a neural network to solve it?

Our case: for all x we want to solve:

ming(z) KL(q(2)llpe(z | )
Amortized formulation:

min ) KL(gs(= | ) po(= | 2¥))

Trade-off: + : faster, regularization; -:not as precise




Amortized Inference

Amortized formulation: mqZHZKL(Qqs(Z | 2 ||Ipe (2 | z))

_____

E.g: 44(2 | ©) = N(pg(), 05 (2))

Equivalently: 2 = ,LL¢(m) I 60'¢(£E) with & ~~ N(O, I)
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Importance Weighted AutoEncoder (IWAE)

jective: ) | L0 i
Objective 3 log o P2(z po(z | 27)  with z” ~ q(2"))

7 k:lq

— maximize term1 - term?2
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Importance Weighted AutoEncoder (IWAE)

Theorem 1. For all k, the lower bounds satisfy
logp(x) > Lry1 > Lk.

Moreover, if p(h, x)/q(h|x) is bounded, then Ly approaches logp(x) as k goes to infinity.

[Burda et al., 2015]
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VI as Importance Sampling [skip]

= We draw multiple z samples from g(z|x) and name them z.
= Definew andL:

p(Zz,IE)
wy
q(zi|x) .
k
1
L, =E |log — ng] <logE k;wzw = log p(x),

[Burda et al., 2015]
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Importance Weighted AutoEncoder (IWAE) [skip]

k
]. p(x7 hZ)
Ly = Eny,...n log -
k k< q(h;|x)
1 ik P(X7 h’L)
:]Ehl ..... hy logEI_{Zl """ im} _Z :
m =1 Q(h’LJ |X) il
1 . p(x7 hz)
2 By b, [ Br—{inmemie:t [108— Z ,
m J=i Q(h'l:j‘x) I
1 — p(thz)
R ™ ; q(h;[x)

[Burda et al., 2015]
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VLB: Derivation 1 (Jensen)

[live derivation]
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VLB: Derivation 1 (Jensen)

Variche & Lowen Bod .
Goirh . :
Max z- QOS Gg OL O)

[live derivation]

e
0 e
- e T stzmz%@(xﬂ
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6
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VLB: Derivation 2 (KL)

Dy [g2(2) || (2|2)] = Ezng.(2) 108 ¢2(2) — log p(z|)]

p(z, 33)]

p(z)

= E,q. () 108 z(2) — log p(z) — log p(z|2) + log p(z)]
= E.ng,(2) 108 4:(2) — log p(2) —log p(z|2)] + log p(x)

Only this part depends on 2z

— ]Ezrvqm(z) log qw(z) — log

log p(z) = E.ng,(2) [~ l0g g2 (2) + logp(z) + logp(z | 2)] + DkL [g(2)|p(2 | 7))

Same as with Jensen’s, but now we know the gap = KL
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Variational Lower Bound (VLB)

= We now have an objective amenable to stochastic
optimization
Dk [gz(2) || p(2|7)] = Ezng,(2) [log gz(2) — log p(z) — log p(x|2)] + log p(z)

= Turns out we can get more out of this exercise

logp(z) = —E;~q, () 108 ¢2(2) — log p(z) — log p(z|2)] + Dkw [g2(2) || p(z])]
= EEZNQ“’(Z) logp(z) + log p(z|z) — log Qx(z)l+pKL 92(2) || P(z|$)l

W W
Variational Lower Bound >0

= note: the optimal g (z) of VLB is p(z|x), at which point VLB
is tight (= log p(x))



VLB Maximization

= Given a data distribution x ~ p___, we can train the generative
model by maximizing the VLB under data distribution

Ex~paata [Bz~gs(z) 108 P(2) + log p(x|z) — log ¢z (z)]]
< Exrpaaca 108 D(X)]
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Likelihood Ratio Gradient

[live derivation -- for general case; for Gaussian on next slide]
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Likelihood Ratio Gradient
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Likelihood Ratio Gradient - Toy Problem
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minimize the objective 3.
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Likelihood Ratio Gradient - Toy Problem
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Likelihood Ratio Gradient - Toy Problem
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Likelihood Ratio Gradient - Toy Problem
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Likelihood Ratio Gradient - Toy Problem

10.0 =

75 -
5.0 - &

-100 -75 =50 -25 0.0 25 5.0 7.'5 10.0
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Pathwise Derivative aka Reparameterization Trick

[live derivation -- for general case; for Gaussian of next slide]
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Pathwise Derivative aka Reparameterization Trick

SUJ} Q) = N(p <)
Z /{Q"/ o o S g o gm‘”/lz )

oy Jﬂ#*ffﬂ E
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Pathwise Derivative (PD)

Stochastic gradient possible if z is continuous now (more

technical condition?)
« Common choice: \eps ~ Normal, f(\eps) = \mu + \sigma \eps
= Any flow that you just learned!

Also known as reparameterization trick

Can work with only 1~2 samples



Pathwise Derivative (PD)

One other way to optimize this objective when z is continuous is to cast z
as a function of a simple fixed noise such as standard gaussian.

Z:g(€7¢)7€NN(07I)

Ez~q¢(-|x) [f(Z)] = EGNN(O,I) [f(g(e, ¢))]
When f is differentiable,

VoBenaslo) [f(2)] = Eenno,n) [V f(g(e, 8))]
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Pathwise Derivative - Toy Problem

Learn i € R? to
minimize the objective
below to reach the green
point 1]
2 0 -

NoWw s

5 .
o= ]Eg;NN(”,I) X — ’5 -1 -
2
-2 -
-
-3 A -
-3 -2 -1 0 1 2 3 - 5

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L4 Latent Variable Models -- Variational AutoEncoder



Pathwise Derivative - Toy Problem
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VAE and Likelihood Ratio Gradient
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Likelihood Ratio Estimator

We are interested in argmax K, . (.|z) [f(2)]

How do we compute VygE, o (.| [f(2)] ?

Vo S as Gl () = 3 Vanslel) 1) = 3 Ve E S

~"

= VoEong, (o) [f(2)] = D (Vo logas(212) f(2)) 4p(2]2) = Ezngy (12 [V log ap(2]2) f(2)]

z

¢ — ¢ &k av(;/J]Equ(p('kv) [V¢ lOg Q¢(Z|x)f(z)]

.

Issue: High variance gradients, needs many samples of z to form a
good estimate
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VAE and Pathwise Derivative [skip]

[empty slide for live derivation what’s on next slide]
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Stochastic optimization of VLB [skip]

Z:(zlaz27" ) < p(Z,B H/B (]'_ 1 “
x = (x1,T9, - ,xp) ~ po(x|z) < Bernoulli(z;; DNN(z2))

VLB = ]Ezwq(z,qb(a:)) [10gp($|2) - log Q(Z; ¢(x)) + logp(z)]

In the Bernoulli setting, this becomes:
E:nq(z0(2)) [log p(2]2;6) — log q(z; ¢(z)) + log p(2; B)]

Core problem: how to optimize the expectation from which z is drawn
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Directly optimizing VLB [skip]

= Wake-Sleep not effective, especially when p_ . is far away
fromp,
=« Can we directly optimize VLB?

Recall, we want

¢,0 < argmaxy 4 (E,q, |z [l0g po(2]2) — log g (z]2) + log p(2)))

Optimization with respect to ¢ is of the form

Well studied problem in

argmaxd)EzN% [f(z)] reinforcemgnt Iearn.ing where
no assumption on f is made.



PD applied to VLB

Variational AutoEncoder

¢s(z|7) is modeled as a Gaussian with parameters p and ¢ a DNN encoder
(parameters ¢) of x. The DNN decoder py(z|z) is differentiable.

Let z = Y2 (2; ¢)e + p(x; o)
VLB = Ecn(0,1) [log po(x|2) — log g4 (2[x) + log p(2)]

= Ecn(o,1) logpe(z|2)] — K L(gg(z]x)|p(2))
Vo [VLB] and V4 [VLB]| can now be efficiently computed with SGD.
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po(z|2) = N (po(2),09(2))
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VAE

MNIST, N, =3 MNIST, N, =5 MNIST, N, =10 MNIST, N, =20 MNIST, N, =200
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# Training samples evaluated

Frey Face, N, =2 Frey Face, N, =10
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Compared to AR [skip]

= We now have a family of trainable latent variable models!
=« But performance is lacking

MNI ST, Nz —9200 Model NLL Test

R R i 77 DBM 2hl [1]: ~ 84.62
DBN 2hl [2]: ~ 84.55
NADE [3]: 88.33
EoNADE 2hl (128 orderings) [3]: 85.10
EoNADE-5 2hl (128 orderings) [4]: 84.68
DLGM [5]: ~ 86.60
DLGM 8 leapfrog steps [6]: ~ 85.51
DARN 1hl [7]: ~ 84.13
MADE 2hl (32 masks) [8]: 86.64
DRAW [9]: < 80.97

Pixel CNN: 81.30



Why is it called an autoencoder?

= We have seen that a variational autoencoder is a latent
variable model with Gaussian prior p(z) and approximate
posterior q(z|x).
« Why is it called an “autoencoder”?

logpe(ﬂ?)Z(Ezwqm(z)logpo(ﬂz)l —  KL(g4(z])||p(2))

N J/

-~ N~

Reconstruction loss Regularization
A" /

L(6, ¢) - VAE objective




Outline

m Motivation
m Training Latent Variable Models (including VAE and IWAE)

m Objective
m  Exact
m  Prior Sampling
[ | Importance Sampling
m  Variational Lower Bound (VLB) / Evidence Lower BOund (ELBO)
m  Optimization
m Likelihood Ratio Gradients vs. Reparameterization Trick Gradients
m  Optimizing the VLB/ELBO

m Variations:

m Different priors p(z)

m SOTA: VQ-VAE, VQ-VAE 2.0

m Connection to other generative models
m Related ideas:

m  Mutual Information Estimation
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Parts of the VAE

(Ejzmqgc (2) log Po (:I; | z))l

A

TV
Reconstruction loss

K L(gs(2]2)llp(2))

Regularization

Training:

Sampling:
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VAE = Generative Model

https://github.com/houxianxu/DFC-VAE
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Latent Interpolation

https://github.com/houxianxu/DFC-VAE



Varieties on p(z)

(E;Izmqgc (2) log Po (:I; | Z))

A 7

TV
Reconstruction loss

K L(g(2|2llp(2))

Regularization

Training:

Sampling: B
p(z

p(z) is a prior design choice.
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Varieties on p(z)

= p(z) = Unit Normal
= Nice analytic form. Can compute KL(q(z|x) || p(z)) easily.
= Can linearly interpolate, since approx. closed under convex combos.
« All dimensions are independent -- a limiting assumption!
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Varieties on p(z)

= p(z) = Unit Normal
= Nice analytic form. Can compute KL(q(z|x) || p(z)) easily.
= Can linearly interpolate, since approx. closed under convex combos.
« All dimensions are independent -- a limiting assumption!

= p(z) =p(z_i | z_{i-1})
« g(z_i| z_{i-1}, x)
« i.e., sample z autoregressively. Learn both p(z) and q(z|x).
= How to handle KL between two learned distributions?

NVAE: A Deep Hierarchical Variational Autoencoder (Vahdat and Kautz, 2020)



Residual Normal

« Insight: Define g(z|x) as a residual over p(z).

p(zi|z<1) == N (wi(2<1), 0i(2<1))
q(z}|z<1, %) == N (pi(2<1) + Api(2<1, %), 05(2<1) - Aoi(2<1,%))

= We get a nice analytic KL again!

1

KL(s(o)p(=) = 5 (5

2
]

+ Ac? —log Ac? — 1)

o

NVAE: A Deep Hierarchical Variational Autoencoder (Vahdat and Kautz, 2020)
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Varieties on p(z)

= What if the space of z is discrete?
= The channel capacity of z is bounded.
= It's simple to define expressive categoricals p(z)
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VQ-VAE

e1 9263 eK
Embedding
Space
D vL
&
a(z|x) b CNN
CNN 1 > ﬂij p(xiz,)
3
z,(x) 2 2 Z,()
“ ) 153! \ 23
Y Y
Encoder Decoder

Neural Discrete Representation Learning (van den Oord et al, 2018)

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L4 Latent Variable Models -- Variational AutoEncoder




Parts of the VAE

(Elzrvqgc (2) log Po (.’L‘ | Z))

NS 7

TV
Reconstruction loss

K L(gs(2]2)llp(2))

Regularization

Training:
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Parts of the VAE

Deterministic distribution
of nearest token.

(Ejzmqgc (2) log Po (.’L‘ | Z))

NG 7

TV
Reconstruction loss

K L(gs(2]2)llp(2))

Regularization

=logK

Training:

Z = Set of tokens.

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L4 Latent Variable Models -- Variational AutoEncoder




How to optimize?

= Use the stralght through optlmlzer

L = o il ilg LT hmbud b cadita ecion Vs 181 2o4) — selelll3

: Rgelamularn@s@t Loss enf%@,gd,ggl(@)Ltgsrlot fluctuate.  (ommitment Loss.



Learning p(z)

= During training, p(z) is assumed to be uniform.

« After training, we want p(z) to match q(z|x).

= We can use our favorite generative models here.
= Inthe paper: PixelCNN
= These days, it’s a transformer -- model p(z) autoregressively.
= Can also be a diffusion model! More on this in later lectures.



VQ-VAE -- Experiments

Figure 2: Left: ImageNet 128x128x3 images, right: reconstructions from a VQ-VAE with a 32x32x1
latent space, with K=512.



VQ-VAE -- Experiments

Figure 3: Samples (128x128) from a VQ-VAE with a PixelCNN prior trained on ImageNet images.
From left to right: kit fox, gray whale, brown bear, admiral (butterfly), coral reef, alp, microwave,
pickup.



VQ-VAE 2.0

VQ-VAE Encoder and Decoder Training

Generation
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VQ-VAE 2.0 -- Experiments

Figure 4: Class conditional random samples. Classes from the top row are: 108 sea anemone, 109
brain coral, 114 slug, 11 goldfinch, 130 flamingo, 141 redshank, 154 Pekinese, 157 papillon, 97
drake, and 28 spotted salamander.



BigGAN Deep



VQ-VAE 2.0 -- Coverag

\
]
»
-

VQ-VAE 2.0



VQ-VAE 2.0 -- Coverage

VQ-VAE 2.0
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VAEs as a building block.

= VAE high-level outline:
« Learn arepresentation z st. p(z|x), q(x|z) exists.
« If we can model p(z), we get p(x) = q(x]|z)p(z).

= SOTA image generation methods depend on VAE backbones.
= VQGAN -- extension of VQVAE (will be covered next lecture)
« Stable Diffusion
= CogView (Text-to-Image Transformer)



Outline

Motivation
Training Latent Variable Models (including VAE and IWAE)

m Objective
m  Exact
m  Prior Sampling
[ | Importance Sampling
m  Variational Lower Bound (VLB) / Evidence Lower BOund (ELBO)
m  Optimization
m Likelihood Ratio Gradients vs. Reparameterization Trick Gradients
m  Optimizing the VLB/ELBO

Variations:

m Different priors p(z)

m  SOTA: VQ-VAE, VQ-VAE 2.0

m Connection to other generative models
Related ideas:

m  Mutual Information Estimation
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Mutual Information

=« Mutual information between two random variables X, Y: [(X;
Y) is defined as

I[(X;Y)=H(X)- HX|Y)=H(Y) - HY|X)

H(X)




Mutual Information

=« Mutual Information is a general way to measure dependency

between two random variables
= Unlike the more commonly used covariance

1 0.8 0.4 0 -0.4 -0.8 -1




Mutual Information

=« Useful in a lot of settings where one wants to maximize

dependency between two variables or estimate their
dependencies:

« Variational Information Maximisation for Intrinsically Motivated
Reinforcement Learning

=« InfoGAN
= CPC



Estimating Mutual Information

= We can try to estimate the mutual information between z and
X in a latent variable model

I(z;z) = H(z) — H(z|x)
= H(2) — E(;.2)~p(z.2)[— log p(z|T)]

= H(2) + E(z,2)~p(z,2) l0g p(2|2) — log q(z|z) + log g(z[z)]
> H(Z) + ]E(z,x)wp(z,a:) :10g q(Z|ZL‘)]

« Has intractable posterior p(z|x) but we can estimate by
introducing a variational distribution q(z|x)




Decoder distribution

« So far all models use simple distribution for p(x|z)

=« Due to lack of expressivity itself, all entropy is pushed to z and
z needs to convey a lot of information
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Powerful decoder

= What’s the maximum VLB?
EiEdiata($) [VLB] S]E:w"Vpda,ta(:E) [1ng9 (.CU)]

SEmdiata (:E) [1Og Pdata (ZC)]

« What if p(x|z) = (x)?

pdata

Einpata (@) VLB =E i paata (), 2~q(2]z) log p(z|2) + log p(z) — log q(z|z)]
:Ea:rvpdata(a:) [logpdata(x) - Emwpdata(a:) [logp(z) o lOg q(Z|£B)H

=« g(z|x) would be set to p(z) -> z has no information



Powerful decoder

= Having information in z incurs vlb penalty of KL(g Il p) which is

usually non-zero
« ‘“lgnoring latent code” problems well documented in

literature
« (Fabius & van Amersfoort,2014; Chung et al., 2015, Bowman et al.,
2015; Serban et al., 2016; Fraccaro et al., 2016; Xu &Sun, 2016)
=« Many proposed solutions



Weakening models

Adding dropout in autoregressive conditioning (Bowman et
al., 2015)

PixelCNN with limited receptive field (Chen et al., 2016)
Constant bit rate DKL(q(p(le) I'pg(z)) = ¢ (Guu et al., 2017), (Xu
& Durrett, 2018), (Davidson et al., 2018)

Minimum bit rate DKL(q(p(zlx) I'pg(z)) 2 © (Razavi et al., 2019)



Changing training dynamics

DKL(q(p(zlx) I'pg(z)) warmup (Bowman et al., 2015); (Yang et
al., 2017); (Kim et al., 2018); (Gulrajani et al., 2016)
“Free-bits” (Kingma et al., 2016); (Chen et al., 2016)

More training updates to q(z|x) (He et al., 2019)
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Beta VAE

The Beta-VAE objective is identical to the VAE objective when
beta=1

L =Ky, (1) logpo(z|2)] — BDKL(qs(z|7)||p(2))




Beta VAE -- Experiments

(a) Skin colour

(c) Image saturation

(b) Age/gender
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Recap: Uniform Dequantization

=« Uniform Dequantization. Add noise to data.

- x€{0,1,2,...,255}
= We draw noise u uniformly from [0, 1)D

Ey~paata 108 Pmodel(¥)] = Z Pyata(x) 01 10g Pmodel(X + 1) du

S Z Pdata(x) log/ pmodel(X + u) du
[0,1)P
= Ex~Pyata 108 Prodel (X)]

[Theis, Oord, Bethge, 2016]



Variational Dequantization

= Variational Dequantization. Add a learnable noise g to data.

Exwpdata [log Pmodel (X)] = EXNPdata

2 IB::x’\JIDda,1;a,

- EprdataIEqu(.|x) llog

Pmodel (X + u)
q(ulx)

du]
.

[Ho et al., 2019]

log / 1(ulx)
[0,1)D
pmodel(x + 11)

q(ulx) log
/[0,1)D q(ulx)

P |




Variational Dequantization on CIFAR

3.6 T
~—full model
—— ablation: affine coupling
- ablation: no attention
35 === ablation: uniform dequantization
34— -
£
°
@
¥
33
3.2
3.1
0 50 100 150 200 250 300 350 400

epoch [Ho et al., 2019]
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Wake-Sleep algorithm

Note: VLB was derived from min KL[q_ (z)| |p(z|x)], hard to
optimize because z drawn from g (z)

What if we instead minimize KL[p(z|x)| |q (z)] for any given x
« still hard because we don’t know p(z]|x)

Trick: we know z if we generate them! z ~ pg(2z),x ~ pg(x|z)
« caveatx~p_ .  insteadofx~p,

Problem?

= VLB is maximized with x drawn from p___
= minimizing kl(p || g) with xdrawn from p_ . doesn’t guarantee the

bound is tight



Wake-Sleep algorithm

Wake Phase

e Sample T ~ Ddata, 2 ~ q(z; p(x)).

e Maximize VLB with respect to 6, 3.

Sleep Phase (model dreaming samples)
e Sample z ~ p(z; 8), x ~ p(x|z;6).

e Minimize K L(p(z|z)||q(z; ¢(x))) with respect to ¢ now that we have sam-
ples from proder-

Reverse KL

KL(p(z|x)||lq(z; ¢(x)) = Eonp(zlay | logp(zlz) —logq(z; é(z))

indepndent of ¢
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Amortized Inference

« q(z;0(x))

= Not scalable to large dataset

= Expensive to evaluate new data points @
= Amortized Inference

VLB =E, q,(|c) [logps(z|2) —log gg(z|z) + logp(z

a:|z[ z) & q(z0(2)) —— py(7|2 J gp(2[2)
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Helmholtz Machine

=« Helmholtz Machine [Dayan, P.,, Hinton, G. E.,... 1995]

= Bernoulli latent code + observation space
= Learned with Wake-sleep algorithm

« Did not scale to solve more complex problems due to
limitations of wake-sleep



