CS 4803 / 7643: Deep Learning

Topics:
— Variational Auto-Encoders (VAES)
— Reparameterization trick

— Generative Adversarial Networks (GANSs)

Dhruv Batra
Georgia Tech



-
Administrativia

* Project submission instructions released
— Due: 12/04, 11:55pm
— Last deliverable in the class
— Can’t use late days
— https://piazza.com/class/jkujs03pgu/5cd?cid=225
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https://piazza.com/class/jkujs03pgu75cd?cid=225

Recap from last time
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Variational
Autoencoders (VAE)



So far...

PixelCNNs define tractable density function, optimize likelihood of training data:

pe(w) = Hpe(:cd:vl, ey :L‘z-_l)

;G—IJ 2)po a:|z dzTﬂ
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Cannot optimize directly, derive and optimize lower bound on likelihood instead

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n




-
Variational Auto Encoders

VAEs are a combination of the following ideas:
1. Auto Encoders

2. Variational Approximation
« Variational Lower Bound / ELBO

3. Amortized Inference Neural Networks

—

4. "Reparameterization” Trick

—  ——
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Autoencoders

L2 Loss function:
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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X
Variational Autoencoders

Probabilistic spin on autoencoders - will let us sample from the model to generate data!

Encoder|(qyzix) Decodef py(xz)

Data: x Reconstruction: X

!

Image Credit: https://jaan.io/what-is-variational-autoencoder-vae-tutorial/



Variational Auto Encoders

VAEs are a combination of the following ideas:

1. Auto Encoders

2. Variational Approximation
 Variational Lower Bound / ELBO
3. Amortized Inference Neural Networks

4. "Reparameterization” Trick
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Key problem
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What is Variational Inference??

 Key idea
— Reality is complex

— Can we approximate it with something “simple™?

Just need to make sure the simple thing is “close” to the
complex thing.

\

(C) Dhruv Batra 11



Intuition
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The general learning proang data

* Marginal likelihood — x is observed, z is missing:

(C) Dhruv Batra

16 :D /J: lo

gPXz) _ %
L
S | /Q(/




Applying Jensen's inequality—
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Applying Jensen's inequality

. Use: log %, P(z) g(2) > ¥, P(z) log 9(2)

oy 2 P(Z,.2106)" g-@
- ‘: \'\—‘\/)G\éz

<> Z )% ‘P(ﬁz%)/@/\
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Applying Jensen's inequality
Z\e\\’(ﬁ\Z@

* Use: log 2, P(z) 9(z) 2 2, P(z) log g(z) \7[/

(C) Dhruv Batra 16



ELBO: Factorization #1 ;.10
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ELBQO: Factorization #élfz
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Variational Auto Encoders

VAEs are a combination of the following ideas:

1. Auto Encoders

/\
2. Variational Approximation

 Variational Lower Bound / ELBO
—_—

G

3. Amortized Inference Neural Networks

o —

4. "Reparameterization” Trick
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Amortized InferenceMorks
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VAES

encode > decode >
Inference Generative

Distribution

(C) Dhruv Batra Image Credit: https://www.kaggle.com/rvislaywade/visualizing-mnist-using-a-variational-autoencoder 21



X
Variational Autoencoders

Probabilistic spin on autoencoders - will let us sample from the model to generate data!

Encoder q4(z1x) Decoder py(xz)

Data: x Reconstruction: X

!

Image Credit: https://jaan.io/what-is-variational-autoencoder-vae-tutorial/
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Variational Auto Encoders

Putting it all together: maximizing the
likelihood lower bound

SEZ 10g (2 | 2)] = Dicr(gs(= | 29) ||pa<z>>(
L0, )

Encoder network
q¢(2|T)
Input Data

(s

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Variational Auto Encoders

Putting it all together: maximizing the
likelihood lower bound

E. |logpo(a) | 2)| 7’5;@(%(2 | =) ||pa(z>>)
Lz, 0,0)

Make approximate
posterior distribution

close to prior f Hz|x 2z|zc
Encoder network \/
q4(z|2)
Input Data L

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Variational Auto Encoders

Putting it all together: maximizing the
likelihood lower bound

E. [logps(a®) | 2)| = Drcr(as(= | ) [l po(2))

£z, 0, ¢)

Z
_ Sample z from 2|z ~ N(H’zla:: Yz)
Make approximate /
posterior distribution
close to prior Hz|z Zzlx
Encoder network \/
9 (2|)
Input Data L

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Variational Auto Encoders

Putting it all together: maximizing the
likelihood lower bound

E, {logpg(m(i) | z)] — Dicr(qs(z | 21) || pa(2)) Hz|z J Eﬂﬂz A
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Variational Auto Encoders

~
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Data

ing

Generati

Variational Auto Encoders

Data manifold for 2-d z

Use decoder network. Now sample z from prior!
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Variational Auto Encoders: Generating Data

Diagonal prior on z

=> jndependent F)egree of smil;

latent variables i A '

Different

dimensions of z ry

encode i %1 >

interpretable factors

of variation A Ry
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Head pose
Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014 C/

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Plan for Today

 VAEs
— Reparameterization tric@

* Generative Adversarial Networks (GANSs)
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-
Variational Auto Encoders

VAEs are a combination of the following ideas:
1. Auto Encoders

2. Variational Approximation
« Variational Lower Bound / ELBO

3. Amortized Inference Neural Networks

—

) 4. "Reparameterization” Trick]
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Basic Problem

Goal Eelf/ L2 nopo (2) 7(2)
N
@LQ &___%57’\ g -
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-]
Basic Problem
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Does this happen In supervised learning?

g% G ~ Pdoda [ I%ncnf' gée)JH]
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Example
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Two Options

« Score Function based Gradient Estimator
@ aka REINFORCE (and variants)

VoE. [f(2)] =E. [f(2)Velog pe(2)]

—_— jpp——
—

. lent Estimator
aka jreparameterization trick” |

) I B df dg
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Option 1

 Score Function based Gradient Estimator
aka REINFORCE (and variants)

_ VeE: [f(2)] = E. [£(2)Vplog pg(2)]

2 %ﬁ RASLE




_ Exanple
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-]
Two Options

 Score Function based Gradient Estimator [
aka REINFORCE (and variants)

VoE, [f(2)] = E, [f(2)Vglogpe(2)]

 Path Derivative Gradient Estimator

aka “reparameterization trick”
5 9 _ 9f 9g
g )] = 5B (600,)] = B, | 51 501
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Option 2

« Path Derivative Gradient Estimator
aka “reparameterization trick”

0 & % of dg
60 z~p9 [f(Z))] — _E [f(g(e 6))] — eNp l:ag 69]

2 ~fol2)

| S U@—»’)
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2 = /u\ + 6 Ox\ Sompl BN
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Option 2

« Path Derivative Gradient Estimator
aka “reparameterization trick”

50 2po [1(2))] = feﬁf(g(e o)) @g;}
“\
P D). p(e>-de
5 j f{? (é,‘_i)) re= /\) 2L )
_ _SAD H (0.6 e dE
Pl

Sfaﬁ V(QBO%
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Reparameterization Intuition

(C) Dhruv Batra Figure Credit: http://blM/ZO‘l5/10/machine—learning—trick—of—the—day—4—reparameterisation—tricKhB






-]
Two Options

 Score Function based Gradient Estimator
aka REINFORCE (and variants)

VoE, [f(2)] = E, [Ji(j)vo log pg(2)] )

« Path Derivative Gradient Estimator
aka “reparameterization trick”
0 0 [8 f a_g]

gg e~ L[] = 5B [f(9(6,€)] = Ecny, | (7155

(C) Dhruv Batra 45



-]
Example

import numpy as np
N = 1000~

ﬁlgpeta = 2.0 )
5’x)= np.random.randn(N) + theta
eps = np.random.randn(N) =

__>_gradl = lambda x: np.sum(np.square(x)*(x-theta)) / x.size
grad2 = lambda eps: np.sum(Z2*(theta + eps)) / x.size

= ————

—

 —

print gradl(x)
print grad2(eps)

446239612174
4.1840532024 PEAS)

—

(C) Dhruv Batra Figure Credit: http://gokererdogan.github.io/2016/07/01/reparameterization-trick/ 46



Example

Ns = [10, 100, 1000, 10000, 100000]
reps = 100

meansl = np.zeros(len(Ns))
varsl = np.zeros(len(Ns))
means2 = np.zeros(len(Ns))
vars2 = np.zeros(len(Ns))

estl = np.zeros(reps)
est2 = np.zeros(reps)
for i, N in enumerate(Ns):
for r in range(reps):
X = np.random.randn(N) + theta
estl[r] = gradl(x)
eps = np.random.randn(N)
est2[r] = grad2(eps)
meansl1l[i] = np.mean(estl)
means2[i] = np.mean(est2)
varsi[i] np.var(estl)
vars2[i] np.var(est2)

print meansl
print means2
print

print varsl

print vars2

[ 3.8409546 3.97298803 4.03007634 3.98531095 3.99579423]
[ 3.97775271 4.00232825 3.99894536 4.00353734 3.99995899]

[ 6.45307927e+00 6.80227241e-01 8.69226368e-02 1.00489791e-02

8.62396526e-04]

[ 4.59767676e-01 4.26567475e-02  3.33699503e-03 5.17148975e-04

4.65338152e-05]

(C) Dhruv Batra
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Variational Auto Encoders

VAEs are a combination of the following ideas:

| 1. Auto Encoders

2. Variational Approximation
« Variational Lower Bound / ELBO

\ 3. Amortized Inference Neural Networks

)

/ 4. "Reparameterization” Tricﬂ
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Variational Auto Encoders

Putting it all together: maximizing the
likelihood lower bound

% log (e | 2)] = Dicsao(= | #) l1o(2)
£(2,0,0)

Encoder network

7 go(Z|T
Input Data

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Variational Auto Encoders

Putting it all together: maximizing the
likelihood lower bound

E. |logpo(a) | 2)| 7’5;@(%(2 | =) ||pa(z>>)
Lz, 0,0)

Make approximate
posterior distribution

close to prior f Hz|x 2z|zc
Encoder network \/
q4(z|2)
Input Data L

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Variational Auto Encoders

Putting it all together: maximizing the
likelihood lower bound

E. [log (e | 2)] ~ Dict(ao(= | 27) [ po(2)) 1
£(z,6,0)

. - Samplezfrom T~ N d(222)

ake approximate

posterior distribution / \

close to prior Hz|x b))
Encoder network

9¢(2|)

Input Data L

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Variational Auto Encoders

Putting it all together: maximizing the
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



