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Generative models zoo

‘ Generative Models ‘
Likelihood based Implicit density
models models
GANs
Tractable Approximate
density density

e Autoregressive models .
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https://arxiv.org/abs/1511.06434

Bayesian framework

Bayes theorem

v P(xjtp(t)  , p(xjt)p(t)
P(tix) = p(x) _Rp(xjt)p(t)dt

I X — observed variables;

I t — unobserved (latent) variable;
I p(xjt) — likelihood;

I p(X) — evidence;

I p(t) — prior.
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Variational Lower Bound

We are given the set of objecis = fx;giL; . The goal is to
perform bayesian inference on the latent variables ftigl, .

Empirical Lower BOund (ELBO)

_ p(x;T) _
Iong(X) =log o(Ti%) =
_ p(X;T) p(X;T)a(T)
O ‘*(T)")gm
_ p(xX;T) a(T )
= q(T)log ™) dT + q(T)log (T]X)

= L(q)+ KL(q(T)jjp(TjX)) L (a):
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Mean eld approximation

Assumption

K
am = o(Ti):

i=1

Empirical Lower BOund (ELBO)

Z
p(X;T) ¥ px;T) ¥
dT = (T dTi =
gy 7= allgee oy AT

z
L(g)= q(T)log

Z Y X< £y Y
= gilogp(X;T)  dT; glogg dT;i=

i=1 i=1 i=1 j=1 i=1

2 3

Y
= g4 logp(X;T) qdT5dT;
7"

gj logqdT; +const(qg;) ! max
g
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Mean eld approximation

z ?z v 3 z
L(@= g4 logp(X;T) qdz>dT; g loggdT; +const(q;) =
z e z
= g logp(X; T;)dT; gy logq;dT; +const(q;) ! max
Gj

logp(X; Tj) = Eisj Iogp(X T)+const(q,)

Eisjlogp(X;T) = logp(X; T) gidT;
i6j

Z Z
L(g) = qi(Tj)logp(X; T;)dT, qi(Tj)log qi(T;)dT; +const(q;) =

= KL(qi(T))jip(X; T})) + const( g;) ! max:
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Mean eld approximation

ELBO

L(a) = KL(q;(Tj)iip(X;T;)) + const(q;) ! max:

Solution
qi(Tj) = P(X; T))
logq;(T;) = Eisjlogp(X;T) + const

Let use factorization on two partsT = fZ; g.

7126



Mean eld approximation
Solution
logq;(Tj) = Eisjlogp(X;T) + const

EM algorithm

I Initialize ;
I E-step

q(2) = arg g]axL(q; ) =arg gnin KL(djip) = p(ZjX; );

I M-step
= arg maxL (q; );

I Repeat E-step and M-step until convergence.
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Likelihood-based models so far...

Autoregressive models Latent variable models
Yn . Z . -
P )= p(ujxui 1 ) p(j )= p(xzj )dz
i=1
| tractable likelihood, I latent feature representation,
| no inferred latent factors. ! intractable likelihood.

How to build model with latent variables and tractable likelihood?
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Flows intuition
Let X be a random variable with densify (x). Then
Z X
Z=FX)= p(t)dt UJ[O; 1]:
1

Hence
Z U0l X=F Y2) X pX):

https://sites.google.com/view/berkeley-cs294-158-sp19/home
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Change of variables

Theorem
Let

I X is a random variable,
I f:RM™!I R™is a dierentiable, invertible function,
L z=f(x), x=1 Y2)= g(2).

Then

p(x) = p(2) det g = p(f (%) det

@ (x)
@
Note
I x and z have the same dimensionality;

| det 8¥ = det B0 = det B2

1
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Fitting ows
MLE problem
Y X
—argmaxp(Xj )=argmax p(xj )=argmax logp(xij ):
i=1 i=1

Challenge
p(xj ) could be intractable.

Fitting ow to solve MLE

@x )
@&

p(xj )= p(f(x; )) det
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Flows

I Likelihood is given by = f(x; ) and change of variables.

I Sampling ofx is performed by sampling from a base
distribution p(z) and applyingx = f (z; )= g(z; ).

I Latent representation is given ky= f(x; ).

https://arxiv.org/pdf/1605.08803.pdf
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Flows

@(x )
@

logp(xj ) =log p(f(x; ))+log det

De nition
Normalizing ow is adi erentiable, invertible mapping from datax
to the noisez.

I Normalizing - convert data distribution tamoise
I Flow - sequence of such mapping is also a ow

2= fk fig; x=f '  f'@=a  w@
p(X) = p(fx f,0x) det K - i) _
*
= p(fx qo)  det 2«

k=1 k1
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Flows

@(x; )
@

logp(xj ) =log p(f(x; ))+log det

What we want
| E cient computation of Jacobian €%
I E cient sampling from the base distributiorp(z);

I Easy to invertf (x; ).
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Planar Flows, 2015
g(z; )= z+ uh(w'z+ b):

I = fu;w;bg;
I his a smooth element-wise non-linearity.

det @g )= det I+ hqw' z + bywu’

1+hqw'z+ b)w'u

The transformation is invertible if (just one of example)

h=tanh; hqw'z+ bu'w 1L

https://arxiv.org/pdf/1505.05770.pdf
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