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What is a generative model?

Can sample from an approximation of a probability distribution.
Can convert a random sample as input (encoding) and can output an image

You have sample access to a unknown probability distribution. Given those samples, you want
to learn the distribution in a way that allows generation of new samples.

What can they be used for?

Could generate synthetic training data (for example, could use the GAN for data augmentation)

Active learning - too expensive to label all data, use an algorithm to decide which data points
are most worthwhile to be labeled - could use a GAN to synthesize a synthetic point to be
optimally informative

Cheap way to sample from an otherwise complicated distribution

Image manipulation - generative model knows what the set of faces look like, and you could
find the closest image in that set to some desired image

GPT-2 or 3 - Could generate art / poetry / etc. Or to build chat bot / dialogue

Why can we not easily train likelihood with a GAN as described
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Example archibecbure  ( DCGAN) @aﬁar/ ek ol 2015)
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Geometric Visualization
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How do we know that a generative model didn’t just memorize
the training data (or provide trivial variations of the training data)?

We could demonstrate that interpolations between images are in the range of the model. We
are sure that interpolating faces are not in the training dataset

You could generate a new sample and then find the most similar images (Take a the
representation of all training images with respect to a hidden layer’s activation of a

classification network ) in the training data to that sample. Visually inspect them.
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One hour of imaginary celebrities
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Game Theory - Example - Rock Paper Scissors

R

Roch.  Pager  Scissors

Rooll O ‘l ’
P Rper l O -
Scissors - , O
\/\/—‘/
mobis A
Suppose Pz Chosseg, o prob. st y € }R3
— P — - - — xe&r
&

Expecksd PyoH by B i X A 7
P, wonly, Mk ovagr XY
P, wonbs pn  over Y

vvn'n.-f"\d)é FSO/O)M

%;hH] Oplbsms|  Ovteome /

t
min meg X /‘U
J b4



IAC?C(: T(‘afn a moOl@,/ bﬂ &fjmj &/ Slaa,

a Concurr@nblj trained  discriming bor

Z . fl Ground-Truth 5{ (;(g{ ll
/| Output £
Y A e A or Outpl_Jt lfrom /
—— 7 Training
S Generator

T o

Data
Input

foizas

P(Training Data)?

Discriminator

Question: Is training a GAN a supervised or unsupervised learning
problem?

Unsupervised. Only had samples {x_i} of a training distribution. No one labeled them.

Question: Is the output of a GAN more likely to be a superset of
the training distribution or a subset of the training distribution?

Subset

If the output of the GAN were far from the training distribution, then the discriminator would
learn to identify it.
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b is the anal;ive cross—en&ro,oj Loss
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Min; botch Séool\asbic Gradient Descent Akor:’ékm

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

e Sample minibatch of m noise samples {z(1),. .., z(™)} from noise prior p,(2).
e Sample minibatch of m examples {ar:“)7 .. .,a:(m)} from data generating distribution
pdala(w)~

e Update the discriminator by ascending its stochastic gradient:
m

vgdiz [logD (w(i)) +log (1 -D (G (z“))))] .

end for
o Sample minibatch of m noise samples {21, ..., 2™} from noise prior py(2).
e Update the generator by descending its stochastic gradient:

Vo, 2ws (1-0 (6 (=)

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

Question: Why are there a different number of update steps for D
than for G?

Need to balance the performance of discriminator and generators.
With perfect discriminator, there is no signal for the generator.
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Are GANs Created Equal? A Large-Scale Study

Mario Lucic® Karol Kurach*  Marcin Michalski  Olivier Bousquet  Sylvain Gelly
Google Brain

Table 1: Generator and discriminator loss functions. The main difference whether the discriminator outputs a
probability (MM GAN, NS GAN, DRAGAN) or its output is unbounded (WGAN, WGAN GP, LS GAN, BEGAN),
whether the gradient penalty is present (WGAN GP, DRAGAN) and where is it evaluated.

GAN DISCRIMINATOR LOSS GENERATOR LOSS

MM GAN LM = —Egnp, [log(D(2))] — Ezp, [log(l — D(2))] LEN = Ezmp, [log(l — D(2))]
NS GAN LN = —Egnp, [log(D(z))] — Egnpg[log(l — D(2))] LG = —Egnp, [log(D(2))]
WGAN LY = —Egnp, [D(x)] + Eznpy [D(2)] LN = —Egnpy [D(2)]
WGANGP LY = LY L 3B, [(I[VD(ax + (1 — ad)l]z — 1)%] L8 = —Egopy [D(2)]
LSGAN L5 = ., [(D(2) — 1)?] + Esnp, [D(2)?] L5 = sy, [(D(2 — 1))%)
DRAGAN  LEM™ = L8 4 AE; Ly ar(0,0) ([ VD) ]2 — 1)) LN = By [log(1 — D(#))]
BEGAN LB = Eop, [|lo — AE(2)|[1] = kiBonpy [I|& — AE@)[[1] LM = Egop, [I|& — AE(&)]]1]

Many formulations of GANs.
Why use a NS GAN instead of a MM GAN?
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Visualization of transport plan Pi



\/\/b minimize EMp 7
P/m'n GAN (C/anlic-f) foujw Minimi 26 S

D, (Pl B )+ D (P 11825 )= TS(R,p)

2

T;\TS (s hdt' Conbinuous In Pa( ond Pj/ but
EMD s,

E )(amp/é °

Consider  Unifom diskribvbion over
Lhe 24 e 5ejn€nb
P=%5(0y)| osysi3 <R

2

G#fo

KL(P,P)7$ o oo
TS (R By) = §272 €79

O 6@-=0
w (F,B) = 6l

ks G0, only W(PR, R)—0.

\



Approximabing EMD w/ nets

By Kankoroviol\-:eubfnslféfh o(t/a,;lj
$(x) ~ [E Tz

W(P,p)= sop [y
4 fo) sl X

Al/- the Cxpense of a 5‘0050f of K,
Can boke spp over ISl €K

To Gebimate W (PR )3
mex [E %,x) - E 7,(6,(2)
wely 2~
W here 5;\«/ are nevral nebs w/ )Oarame/:erj

W in a Compact set W.
&g €ach weight is |n [-0.01, 0.01]



\/\/é AN Sormvlation

min max [E F,¥) —E 5 (G,(2)
w @ X~P, 2~p,

) - N\
Call %, the “critic

A lgmﬁhm%

Algorithm 1 WGAN, our proposed algorithm. All experiments in the paper used
the default values a = 0.00005, ¢ = 0.01, m = 64, ncritic = -

Require: : «, the learning rate. ¢, the clipping parameter. m, the batch size.
Neritic, the number of iterations of the critic per generator iteration.
Require: : wy, initial critic parameters. 8, initial generator’s parameters.

1: while 6 has not converged do

for t =0, ..., neitic do
Sample {z()}™, ~ P, a batch from the real data.
Sample {2V}, ~ p(2) a batch of prior samples.
Gw ¢ Vo [ Tiny fu(@®) = 5302, fu(ge(z9))]
w < w + o - RMSProp(w, g.,)
w <+ clip(w, —e¢, ¢)

end for

Sample {2V} | ~ p(z) a batch of prior samples.

9o < —Vom= 2101 fulga(z?))

11: 0 + 6 — a- RMSProp(, gs)

12: end while
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How would you evaluate the quality of a GAN?

Qualitative assessments - you look at it and see if they look right
You look for systematic issues (drop in StyleGAN)

You could evaluate the average reconstruction error from a test set and the range of the GAN

How would you invert a GAN?






