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Generative Model: Overview

* Generative Models:
* Models that describe the generating process of all observations.

* Technically, they specify p(x) (unsupervised) or p(x, y) (supervised) in
principle, either explicitly or implicitly.
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Generative Model: Overview

* Generative Models:
* Models that describe the generating process of all observations.

* Technically, they specify p(x) (unsupervised) or p(x, y) (supervised) in
principle, either explicitly or implicitly.
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Generative Model: Overview

* Non-Generative Models: X

Discriminative models fl
(e.g., feedforward neural networks): p(y|x)
only p(y|x) is available.

llo” 111” 112” 113” 114” 115” ”6” II7II ”8” 119”

Recurrent neural onetoone one to many many to one many to many many to many
networks:

onlyp( | [I| [is ! b+t ! Pt 1 b+t
available. T ! tto ot I

—_
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Generative Model: Overview

* Non-Generative Models:

=

Autoencoders:
p(x) unavailable.
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Overview

Generative Model

* What can generative models do:

1. Generate new data.
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Missing Value Imputation (Completion)

P(Xhidden |xobserved) [OKK16]

Conditional Generation
p(x|y) [LWZZ18]

Generation p(x) [KW14]
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Generative Model: Overview

* What can generative models do:
1. Generate new data.

“the cat sat on the mat’~ p(x): Language Model.

p(x; = the) p(cat|x;) p(sat|x;_,) p(on|x; 3) p(the|x; 4) p(mat|x; s) p(</s>|x1_¢)

TEPRPRY

ANy _\_>h5 _ﬁ}% _ﬁh7

P éé 5 ® o
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Generative Model: Overview

* What can generative models do:
2. Density estimation p(x).

Anomaly Detection:

.§ | o X X

£ X X X
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https://www.ritchieng.com/machine-learning-anomaly-detection/

Generative Model: Overview

* What can generative models do:

3. Draw semantic or concise representation of data x (via latent variable z).

DA“Y*.‘]E.X"‘“':QQ Daily - WMa “ENGINES” speed product introduced designs
‘ “ROYAL” britain queen Sir earl
Sl “ARMY™ commander forces war general
= “STUDY”™ analysis space rogram user
_,,,,,_\:\_E:F _,:E &m& “PARTY" agt. olgﬁce ’ juzgige justice
""" “DESIGN™ size glass device memory
Baily Telegrs m “PUBLIC” report health community industry
x (documents) z (topics) [PT13]
ol/|=|z|vIS|é]z]E]9
Ol /|2I3l#]5]12]7]819
PINESCRAREE
ol/12]3]|4]se]7]#]a)
FNAEICIEGNREE
0|V ]3]4]ol6]7]2]9 .
x (image) Z (semantic reglons) [DFD+18]

2019/10/10 BIEKRZE-MSRA (SFHEF) 10



Generative Model: Overview

* What can generative models do:

3. Draw semantic or concise representation of data x (via latent variable z).

(e) Young (f) Male
x (image) Z (semantic regions) [KD18]

2019/10/10 BEKRKFE-MSRA (SEYIZFES) 11



Generative Model: Overview

* What can generative models do:

3. Draw semantic or concise representation of data x (via latent variable z).

B “ENGINES”™ speed product introduced
B “ROYAL” britain queen sir
B “ARMY” commander forces war
B “STUDY” analysis space program
B “PARTY” act office judge
N “DESIGN” size glass device
_ - “PUBLIC” report health community
x € R#vocabulary Topchpreo[pgR?#rt’f)lgir; [PT13]
ol /|=13]Y|S]é7]§]F
O |2I3]#]5]2]7]8]9
PINESMEAREN
pURBEEAREn =
FI2ECENRAEE
0f\]1]3
x € R28X28

2019/10/10 BERF-MSRA (EFEVIZFES) 12



Generative Model: Overview

* What can generative models do:

(™, y™)}).

“ENGINES” speed product introduced
“ROYAL” britain queen SIr

4. Supervised Learning: arg max p(y*
y

{bird, mammal} Z: topics “ARMY"™ commander forces war

analysis space program

retire nl

X1- doc1 eI

Ho
early

: science & tech |
has beak? can fly? has fur? has four legs? .I y 1

[Naive Bayes]

DATTY 4 EXoreq  aily o H
owtootre 067 ]

DU =N o

Parkinson meets Nelson 573775 F'AIL‘Q(-‘:'&}T‘[ME S|

X,: doc 2 |5 ey e -| Y, : politics |

2019/10/10 B A MSRA (B 22 5]) Supervised LDA [MB08] 3



Generative Model: Overview

* What can generative models do:
4. Supervised Learning: arg max p(y*
y

Semi-Supervised Learning:

Unlabeled data {x(")} can be
utilized to learn a better p(x, y).

2019/10/10

v [, y ™)}, (<)),

-

~

]
S
e

BERF-MSRA (BEHRBES )


https://en.wikipedia.org/wiki/Semi-supervised_learning#/media/File:Example_of_unlabeled_data_in_semisupervised_learning.png

Generative Model: Benefits

“What | cannot create, | do not understand.” —Richard Feynman

* Natural for generation.
* For representation learning: responsible and faithful knowledge of the data.
* For supervised learning: can leverage unlabeled data.

* For supervised learning: more data-efficient.
For logistic regression (discriminative) and naive Bayes (generative) [NJO1],

d
€Dis,N < €Dis, 00 + O ( e

N)
d: data dimension.
logd) N: data size.

€Gen,N < €Gen,co T O ( N



Generative Model: Taxonomy

* Plain Generative Models: Directly model p(x); no latent variable. pe(x)@
e Latent Variable Models:

* Deterministic Generative Models: * Bayesian Generative Models:
Dependency between x and z is Dependency between x and z is
deterministic: x = fy(2). probabilistic: (x,z) ~ pg(x,z).

“1 “1 po(x, 2)
(2) ) (2) **
(2) e . p(2) v
[
= 0‘ ~
x = fo(2) o x ~ pg(x|z) 2o (x2)
B .
o X=fp(2)
po (x) * ) po (x)

2019/10/10 BERF-MSRA (EFEVIZFES) 16



Generative Model: Taxonomy

e Latent Variable Models
* Bayesian Generative Models

e Bayesian Network (BayesNet):  Markov Random Field (MRF):
p(x, z) specified by p(z) and p(x|z). p(x, z) specified by an Energy function

Eg(x,z):pg(x,z) exp(—Eg (x, Z)) .

* Synonyms: Causal Networks, * Synonyms: Energy-Based Model,
Directed Graphical Model Undirected Graphical Model
p(2)
x ~ pg(x|2) po(x, 2)|o¢ exp(—Eq(x, 2))

po (x)



Generative Model: Taxonomy

) whether use
* Summary BRCREEEIEEEENCNORN | latent variable z | [ geterministic or
probabilistic z-x
Latent Variable Models / dependency
Deterministic GMs

Generative
Adversarial Nets,

) directed or
Bayesian GMs / undirected

BayesNets

Topic Models, Boltzmann machines,
Variational Auto- Deep Energy-Based
Encoders Models

Autoregressive
Models

Flow-Based Models

p(2) p(2)
x = fg(2) x ~ pg(x|2) po(x, z)|x exp( Eg(x, Z))
peCo) () o () e

2019/10/10 BEKRKFE-MSRA (SEYIZFES) 18




Outline

* Generative Models: Overview

* Plain Generative Models
* Autoregressive Models

e Latent Variable Models

e Deterministic Generative Models
e Generative Adversarial Nets
 Flow-Based Generative Models

* Bayesian Generative Models
e Bayesian Inference (variational inference, MCMC)
* Bayesian Networks
* Topic Models (LDA, LightLDA, sLDA)
* Deep Bayesian Models (VAE)
* Markov Random Fields (Boltzmann machines, deep energy-based models)

—
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Plain Generative Models

* Directly model p(x); no latent variable involved.

e Easy to learn (no normalization constant issue) and use (generation).

e Learning: Maximum Likelihood Estimation (MLE).
0" = argmax Ep(y) [log pg (x)] = arg min KL(p, py)

8

Kullback-Leibler divergence
KL(D, pg) = Epex[log(®d/pe)l

1
~ argmax T log py (x™).

* First example: Gaussian Mixture Model

Po(x) = o1 AN (x| i, Zg),
6 =(a,ul). A

—

20191078 R F-MSRA (BEHH%)
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Plain Generative Models

* Autoregressive Model:

@ =”@ ......

p(x1, X2, .., Xg) p(x1) p(xz]x1) p(x3|xy, x2)---P(Xg|X<q)

Model p(x) by each conditional p(x;|x.;) (i indices components).
* Full dependency can be restored.
* Conditionals are easier to model.
* Easy learning (MLE).
* Easy generation:
x ~px) © x1 ~p(x1),x2 ~ p(xzlx1), .o, xg ~ D(xglx1, 0oy X5-1).

But non-parallelizable.



Autoregressive Models Sgrmoid function
* Fully Visible Sigmoid Belief Network [Fre98] / o(r) ==

p(xilx<;) = Bern(xi|0(2j<i Wijxj))
* Neural Autoregressive Distribution Estimator [LM11]
p(x;|x<;) = Bern(xi|a(Vi’:a(VI/:’<ix<i + a) + bi))

c A typical language model:
(“the cat sat on the mat”) = p(x)
= P(xl = the) p(cat|x;) p(sat|x; ;) p(on|x; 3) p(the|x; 4) p(mat|x; s5) P(</s>]%1. )

T ? ? ? ? ? ﬁ”

h1——\_>h2——\_>h3 \‘ \‘ \hs _ﬁhe _ﬁh7
cat sat mat

2019/10/10 B LK Z-MSRA <%%$ﬂﬁ%7>>

22



Autoregressive Models

 WaveNet [ODZ+16]

* Construct p(x;|x;) via Causal Convolution

X1 X2

f f

p(x1) P(x%|x1)

NN

X

2019/10/10

.'" - ‘\" 'O " B '\: _O" B " "O" B ': _O

.-' _O " &Y b _O

@ O OO0

@ O 000

@ O 000

R O o
SO OO0
@ OO0 0

BERF-MSRA (BEHIRES)

Y o T o T o o

Xi-1 Xi

P(xi—ilx<i-1)) p(xi|x<)
t

NN || NN

Xi—5 Xi—4 Xj—3 Xj—2 Xj—1

Output

Hidden Layer

Hidden Layer

Hidden Layer

Input
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Autoregressive Models x

p(xi*lx<i)

NN

* PixelCNN & PixelRNN [OKK16]

ObdO OO
O 0Olo oo

Tp2

* PixelCNN: model conditional distributions
via (masked) convolution:

h; = K * x<j,
p(x;i|lx<;) = NN(h;).
* Bounded receptive field.
* Likelihood evaluation: parallel

201910710 EHERSEMRA (BEHBET)

24



Autoregressive Models

* PixelCNN & PixelRNN [OKK16]

 PixelRNN: model conditional distributions via

recurrent connection:
1D convolution
)

[hi, c;] = LSTM\K * h(\i snjn—n)li/njn » Ci-1, Xi—1
p(xi|x<;) = NN(h;).
* Unbounded receptive field.

* Likelihood evaluation (in-row): parallel
Likelihood evaluation (inter-row): sequential

201910710 EHERSEMRA (BEHBET)

p(xi*lx<i)

25



Autoregressive Models

* PixelCNN & PixelRNN [OKK16]

occluded completions original

Image Completion

Image Generation

2019/10/10 SEKXF-MSRA (SFVIRF ) 26



Outline

* Generative Models: Overview

* Plain Generative Models
* Autoregressive Models

e Latent Variable Models

* Deterministic Generative Models
e Generative Adversarial Nets
* Flow-Based Generative Models
* Bayesian Generative Models
e Bayesian Inference (variational inference, MCMC)
* Bayesian Networks
* Topic Models (LDA, LightLDA, sLDA)

* Deep Bayesian Models (VAE)
* Markov Random Fields (Boltzmann machines, deep energy-based models)



Latent Variable Models

e Latent Variable:

* Abstract knowledge of data; enables various tasks.

“ENGINES™ speed product
“ROYAL” britain queen

Knowledge “ARMY” commander forces
Discovery  “STUDY” analysis space
“PARTY” act office
“DESIGN™ size glass

“PUBLIC” report health

Manipulated !
Generation

2019/10/10

EERF-MSRA (7

introduced
SIT
war
program
judge
device
community

Flar¥ )

Dimensionality
Reduction

28



Latent Variable Models

* Latent Variable:
 Compact representation of dependency.

De Finetti’s Theorem (1955): if (x4, x5, ... ) are infinitely exchangeable, then 3
rv. zand p(: |z) s.t. Vn,

n

pecs, i) = [ [ ] [peated |p@ az.

=1

(o0 e)[r(sd )

Infinite exchangeability:

For all n and permutation g, p(xq, ..., Xp) = P(Xg (1)) -» Xo(m) )-



Outline

* Generative Models: Overview

* Plain Generative Models
* Autoregressive Models

e Latent Variable Models

* Deterministic Generative Models
* Generative Adversarial Nets
* Flow-Based Generative Models
* Bayesian Generative Models
e Bayesian Inference (variational inference, MCMC)
* Bayesian Networks
* Topic Models (LDA, LightLDA, sLDA)

* Deep Bayesian Models (VAE)
* Markov Random Fields (Boltzmann machines, deep energy-based models)

—
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Generative Adversarial Nets

* Deterministic fg:z = x, modeled by a neural network.

+ Flexible modeling ability.

x = fo(2)

+ Good generation performance.

Hard to infer z of a data point x.

Unavailable density function pg (x).

Mode-collapse.

Learning: mein discr(ﬁ(x), Do (x)).

e discr. = KL(p, pg) = MLE: max Esllog pel, but py(x) is unavailable!

e discr. = Jensen-Shannon divergence [GPM+14].
* discr. = Wasserstein distance [ACB17].

(Neural Nets)

po (x)



* Generative Adversarial Nets

* Learning: min discr(“(x) (x)) P
- PRAS PO X = fy(2)
 GAN [GPM+14]: discr. = Jensen-Shannon divergence. (Neural Nets)
\ 1 . Do +D pe + P
JS(D, pe) = > (KL (P» > ) + KL (PB, > Pg (x)

= S max Ep(y) llog a(T(x))] + Epgx) [108 (1 —0 (T(x)))l +log 2.

=Ep(2) llog(l—a(T(fg(z))))]
. J(T(x)) is the discriminator; T implemented as a neural network.
* Expectations can be estimated by samples.




* Generative Adversarial Nets

* Learning: m@in discr(ﬁ(x),pg (x)).
« WGAN [ACB17]: discr. = Wasserstein distance:

* Choose ¢ as a neural network with parameter clipping.

dvw (D, = inf
w(D,p0) el )

= sup Eplep] — E, [¢].(if cis a distance in a Polish space)

quEIJiI)l

Ey(xy) [c(x, ¥)]

p(z)
x = fo(z)

(Neural Nets)

po (x)

* Benefit: dy, has more alleviative reaction to distribution difference than JS.

2019/10/10

Pn

Po

dw(o,pr) &

0.0
]

BERF-MSRA (BEHIRES)

JS(po, P1)
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Outline

* Generative Models: Overview

* Plain Generative Models
* Autoregressive Models

e Latent Variable Models

e Deterministic Generative Models
e Generative Adversarial Nets
 Flow-Based Generative Models

* Bayesian Generative Models
e Bayesian Inference (variational inference, MCMC)
* Bayesian Networks
* Topic Models (LDA, LightLDA, sLDA)
* Deep Bayesian Models (VAE)
* Markov Random Fields (Boltzmann machines, deep energy-based models)

—
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Flow-Based Generative Models

p(2)

* Deterministic and invertible fy:z — x. ‘= f2(2)
— J6
+ Available density function! (invertible)
-1
po(x) =p (z = fe‘l(x)) agi (rule of change of variables). pe(x)
. _ \ Jacobian

+ Easy inference: z = f; *(x). Determinant

- Redundant representation: dim. z = dim. x.
- Restricted fy: deliberative design; either f or f; - computes costly.
* Learning: mgn KL(ﬁ(x),pg (x)) — MLE: max Es0)llog pg(x)].

* NICE [DKB15], RealNVP [DSB17], MAF [PPM17], GLOW [KD18].

201910710 EHERSEMRA (BEHBET)

35



* Flow-Based Generative Models

» RealNVP [DSB17] <’> 0 ao 0
* Building block: coupling: y = g(x), (+) O (9
{ylzd — T1:d CZ) o (%) GD e
Ya+1:p = Tat1:0 O exp ($(z1.4)) + t(21:q)

X1
L1:d = Y1:d 0
= {

: = .n — t(yq. — : :
Ld+1:D (yd+1-D (yl'd)) ©exp ( S(yl'd))’ (a) Forward propagation (b) Inverse propagation

where s and t: RP~%¢ — RP~? are general functions for scale and translation.

. : - |29 _ D—d
Jacobian Determinant: ‘E‘ = exp(X7=1 s;(x1.0))-

* Partitioning x using a binary mask b:

y=bozxz+(1-56)0O (;1: © exp (s(b-ii:- 1:)) +t(b® 1,))




* Flow-Based Generative Models

* RealNVP [DSB17]

* Building block: squeezing: from s X s X ¢ to% X % X 4c:

* Combining with a multi-sca(lg_) architecture:
h“"/ =«

(Z(’H—l)’ h(’i—f—l)) — f(t+1)(h(&))
(L) — £(L)(p(L—1)
z SARY)

2= (W, ..., 2B,

where each f follows a “coupling-squeezing-coupling” architecture.




* Flow-Based Generative Models

* RealNVP [DSB17]

201910710 HHKEMRA (BEHBHT)
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Flow-Based Gengrative Models

* GLOW [KD18]

Component
Details

2019/10/10

One step of fy

affine coupling layer

invertible 1x1 conv

f

actnorm

T

Combination
of the steps to
form fg

®4_

@

?

step of flow x K

?

squeeze

F 3

split
?

step of flow x K

?

squeeze

4

3
d
%

©.

Description

Function

Reverse Function

| Log-determinant

Actnorm.

See Section .

Vi, j : Yij =8© X, +b

Vi j: Xij = (¥i,j — b)/s

h - w - sum(log |s|)

Invertible 1 x 1 convolution.
W : e x ¢

See Section .

V1,7 : Vij = WX@_J

Vi,7:%i5 = W_lyéjj

h-w-log|det(W)]
or

h - w - sum(log |s|)
(see eq. (10))

Affine coupling layer.
See Section ’ﬂ and
(IDinh et al. 2014{)

¥

Xa,Xp = split(x)
(logs,t) = NN(xp)
s = exp(logs)

Ya =85O Xq +t

Yo = Xp

y = concat(ya,ys)

Ya,¥p = split(y)
(logs,t) = NN(ys)
s = exp(logs)

Xa = (Yya —t)/s
Xp = ¥b

x = concat(Xq,Xp)

sum(log(|s|))

x (L—1)

39



Flow-Based Generative Models
 GLOW [KD18]

Generation

Results
(Interpolation)

N

Generation
Results
(Manipulation;
each semantic
direction =

Z_pos _ Z_neg)

(e) Young
2019/10/10 IBERFE-MSRA (EFHarE )



Outline

* Generative Models: Overview

* Plain Generative Models
* Autoregressive Models

e Latent Variable Models

e Deterministic Generative Models
e Generative Adversarial Nets
 Flow-Based Generative Models

* Bayesian Generative Models
e Bayesian Inference (variational inference, MCMC)
e Bayesian Networks
* Topic Models (LDA, LightLDA, sLDA)
* Deep Bayesian Models (VAE)
* Markov Random Fields (Boltzmann machines, deep energy-based models)

201910710 EHERSEMRA (BEHBET)
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Bayesian Generative Models: Overview

Bayesian Networks

* Model structure (Bayesian Modeling): prior p(2) V;rtisglte Posterior
* Prior p(z): initial belief of z. z p(z|x)

(Bayesian

* Likelihood p(x|z): dependence of x on z. Bayesian Inference)

* Learning (Model Selection): MLE. Modeling

6" = argmax Ep(,)[log pg ()], Likelihood
p(x|z)

Data
Variable
X

Evidence p(x)

Evidence p(x) = [ p(z, x) dz.
(Model Selection)

* Feature/representation learning (Bayesian Inference):
p(zx) _ p(2)p(x|z)
p(x)  [plzx)dz
represents the updated information that observation x conveys to z.

(Bayes’ rule)

Posterior p(z|x) =

* Generation/prediction: Zyew ~ P(Z|X), Xpew ~ P(X|Znew).

2019/10/10 BERF-MSRA (EFEVIZFES) 42



Bayesian Generative Models: Overview

* Dependency between x and z is probabilistic: (x,z) ~ pg(x,z).

* Bayesian Network (BayesNet):  Markov Random Field (MRF):
p(x, z) specified by p(z) and p(x|z). p(x, z) specified by an Energy function
Eg(x,z):pg(x,z) exp(—Eg (x, Z)) .
* Synonyms: Causal Networks,  Synonyms: Energy-Based Model,
Directed Graphical Model. Undirected Graphical Model.
* Directional/Causal belief encoded: * Modeling the symmetric correlation.
x is generated/caused by z, notthe  « Harder learning and generation.
other way.
p(2)
x ~ po(x|2) po(x, 2)|o< exp(—Eq(x,2))

po (x)



* Bayesian Generative Models: Overview

Not all Bayesian models are generative:

Generative Bayesian Models Non-Generative Bayesian Models
Prior p(2) : Posterior Prior p(z) La’Fent Posterior
b Variable | .1, ) PR2)\Variable ) 1) (7| x, 1)
Likelihood Likelihood
p(x,y|2) p(ylz x)
Evidence Data x Response Evidence
p(x,y) y p(y|x)
T Joenenie [ Novgenertve
Supervised Naive Bayes, supervised LDA Bayesian Logistic Regression,
Bayesian Neural Networks
Unsupervised BayesNets (LDA, VAE), (invalid task)

MRFs (BM, RBM, DBM)

2019/10/10 BERF-MSRA (EFEVIZFES) 44



Bayesian Generative Models: Benefits

e Robust to small data and adversarial attack.

1 m -
VIV | AT N 7T |
7 ||| 71 [P (AT
MW A MM

One-shot generation [LST15]

e Stable training process

* Principled and natural inference p(z|x) via Bayes’ rule

201910710 EHERSEMRA (BEHBET)



* Bayesian Generative Models: Benefits

e Robust to small data and adversarial attack.

Accurracy (%)

2019/10/10

5-Way 1-Shot
MAML
EMAML
BMAML fiﬁ% 53.30
' +1.48
50.60 2% ‘ 50.44
+1.42 ‘ +1.41
M=1 M =15 M =10

Number of Particles

Meta-learning [KYD+18]
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* Bayesian Generative Models: Benefits

e Robust to small data and adversarial attack.

accuracy predictive entropy

1.0 1.2
— mlp

0.8} — alpha=0.0{ O
— alpha=0.5 0.8}

alpha=1.0 |

0.0 01 02 03 04 05 00 01 02 03 04 05
stepsize stepsize

Adversarial robustness [LG17]
(non-generative case)

—_
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* Bayesian Generative Models: Benefits

e Stable training process
* Principled and natural inference p(z|x) via Bayes’ rule

Posterior

Prior p(2) p(z|x)
(Bayesian
Bayesian Inference)
Modeling
Likelihood
p(x|z) Data Evidence p(x)
Variable] (Model Selection)

—_
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Bayesian Generative Models: Benetfits

* Natural to incorporate prior knowledge

[KSDV18]
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Outline

* Generative Models: Overview

* Plain Generative Models
* Autoregressive Models

e Latent Variable Models

e Deterministic Generative Models
e Generative Adversarial Nets
 Flow-Based Generative Models

* Bayesian Generative Models
* Bayesian Inference (variational inference, MCMC)
e Bayesian Networks
* Topic Models (LDA, LightLDA, sLDA)
* Deep Bayesian Models (VAE)
* Markov Random Fields (Boltzmann machines, deep energy-based models)

201910710 EHERSEMRA (BEHBET)
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Bayesian Inference

Estimate the posterior p(z|x).

:x | = ;x
M(XJ’)) M(x,y))

Bayesian Modeling Bayesian Inference
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Bayesian Inference

Estimate the poster

ior p(z|x).

» Extract knowledge/representation from data.

“ENGINES” speed
Posteri “ROYAL” britain
_ _O_S Lerior .Topics “ARMY” commander
“STUDY™ analysis
“DESIGN™ size
Bayesian Bayesian “PUBLIC™ report
. “CHURCH"” prayers
Modeling Inference
Likelihood
p(x|z)

2019/10/10
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conference
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* Bayesian Inference

Estimate the posterior p(z|x).
 Extract knowledge/representation from data.

Naive Bayes: z = y. {bird, mammal}

has beak? can fly? has fur? has four legs?

p(xly = 0)p(y = 0)
p(xly =0)p(y =0) +plxly = Dp(y = 1)

f(x) =arg m;?lxp(ylx) achieves the lowest errorfp(y = (1 — f(x))|x) p(x) dx.

p(y = 0|x) =
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* Bayesian Inference

Estimate the posterior p(z|x).
* Facilitate model learning: meax%Z,Ll log pg (x™).

e po(x) = [ pg(x|2)pg(2) dz is hard to evaluate:
* Closed-form integration is generally unavailable.
* Numerical integration
e Curse of dimensionality
* Hard to optimize.

1
* log pg (x) = log By [pe (x12)] = log = Xn pe(x]2™), {2} ~ p(2).
* Hard for p(z) to cover regions where pg(x|z) is large.

. log%Zn Do (x|z(n)) is biased:
E [log+ X po (x]2™)| < log E |+ 3 pe (x2™) | = log po ().



Bayesian Inference

. . o (x) = J po(x12)pg(2) dz
Estimate the posterior p(z|x). Hzrd to eva|33te! ’

* Facilitate model learning: mealxﬁz,ﬁ':l log pg (x™).

An effective and practical learning approach:
* Introduce a variational distribution q(z):
log pg(x) = Lglq(2)] + KL(q(2), pg(z]x)),
Lglg(2)] = Eq(x)llogpe(z,x)] — Eq(z)llogq(2)].
* Lo|lg(z)] <logpg(x) =» Evidence Lower BOund (ELBO)!
* Lglg(z)]is easier to estimate.

* (Variational) Expectation-Maximization Algorithm:
Bayesianllnference

(8) Etep: Let Lo[(2)] = log py (), Y0 & min KL(q(2), po (21)
(b) M-step: max Lolg(2)].
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* Bayesian Inference

Estimate the posterior p(z|x).
e For prediction:

(fp(y*|Z,X*)P(le*,x, y) dz, @ (Generative)
p(y*lx*, x,y) =3

X fp(y*lz,x* )p(z|x,y) dz. (Non-Generative)
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* Bayesian Inference

Estimate the posterior p(z|x).

* |tis a hard problem
* Closed form of p(z|x) o« p(z)p(x|z) is generally intractable.

* We care about expectations w.r.t p(z|x) (prediction, computing ELBO).

* So that even if we know the closed form (e.g., by numerical integration),
downstream tasks are still hard.

e So that the Maximum a Posteriori (MAP) estimate N

argmax log p (z‘{x(")}:ﬂ) = argmaxlogp(z) + z logp(x™|2)
n=1

does not help much for Bayesian tasks.

Modeling Method Mathematical Problem

Parametric Method Optimization

Bayesian Method Bayesian Inference

—_
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Bayesian Inference

 Variational inference (VI)

Use a tractable variational distribution q(z) to approximate p(z|x):

min KL(q(2),p(z]x)).

Tractability: known density function, or samples are easy to draw.
* Parametric VI: use a parameter ¢ to represent d¢ (2).

. _ : N
» Particle-based VI: use a set of particles {Z }i=1 to represent q(z).

 Monte Carlo (MC)

* Draw samples from p(z|x).
 Typically by simulating a Markov chain (i.e., MCMC) to release requirements on
p(z]x).



Bayesian Inference: Variational Inference

mln KL(q(Z) p(zlx))
e Parametric variational inference. use a parameter ¢ to represent q (2).

But KL (q¢ (2),pg (le)) is hard to compute...

Recall log pg(x) = Lglq(2)] + KL(q(2), pg(z]x)),
SO mqbin KL (qu (2), p(zlx)) = m(glx Lo [q(p (z)] .

The ELBO Ly [qu (Z)] = Eq,(2) llog pg(z,x)] — Eqy(2) [log ¢ (Z)] is easier to compute.

* For model-specifically designed q4(z), ELBO(8, ¢) has closed form
(e.g., [SJJ96] for SBN, [BNJO3] for LDA).
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* Bayesian Inference: Variational Inference

mln KL(q(Z) p(zlx))

e Parametric variational inference: use a parameter ¢ to represent q (2).

* Information theory perspective of the ELBO: Bits-Back Coding [HV93].
* Average coding length for communicating x after communicating its code z:
[Eq(z|x) [—logp(x|2)].
* Average coding length for communicating z under the bits-back coding:
Eqzix)[—logp(2)] — Eqz)x)[—log q(z]x)].
The second term: the receiver knowns the encoder q(z|x) that the sender uses.
* Average coding length for communicating x with the help of z:
IIEq(z|x) [_ logp(xlz) - lOg p(Z) + lOg Q(le)]-
This coincides with the negative ELBO!
Maximize ELBO = Minimize averaged coding length under the bits-back scheme.



Bayesian Inference: Variational Inference

min KL(q(2),p(z]x)).

* Parametric variational inference: use a parameter ¢ to represent g, (2).

Main Challenge:
* Q should be as large/general/flexible as possible,
* while enables practical optimization of the ELBO.

q" = arg oty KL(q(2), p(z]x))
qe



Bayesian Inference: Variational Inference

* Parametric variational inference: use a parameter ¢ to represent q (2).

max (Lolay(2)] = Eq,(»[logpe(z, 0)] — Eq, ) [log 35 (2)])

* Explicit variational inference: specify the form of the density function g (2).
* Model-specific g4 (2): [S)J96] for SBN, [BNJO3] for LDA.
* [GHB12, HBWP13, RGB14]: model-agnostic q4(z) (e.g., mixture of Gaussians).
* [RM15, KSJ+16]: define q4(2) by a flow-based generative model.

* Implicit variational inference: define g (z) by a GAN-like generative model.

* More flexible but more difficult to optimize.

* Density ratio estimation: [MNG17, SSZ18a].

q¢(2)
LQ [CIqb(Z)] — [Eq¢(z) [108299 (XlZ)] - [Eq¢(z) [log qu(z) .

* Gradient Estimation Vlog g, (2): [VLBMOS, LT18, SSZ18b].

201910710 EHERSEMRA (BEHBET)
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* Bayesian Inference: Variational Inference

* Parametric variational inference: use a parameter ¢ to represent q (2).

max (£6[ag@)] = Eq,(»[logpo(z, 1)] — Eqy»[log 45 (2)])

* Explicit variational inference: specify the form of the density function g (2).
To be applicable to any model (model-agnostic g4 (2)):

* [GHB12]: mixture of Gaussian q4(z) = %Z,’,\L’:l N (z|un, 021).
Blue = %29{:1 EN(un,G%I) 1f (2)]
~ BN By o2 [TaV10r(f, )] = 3 Sy £ ) + 2 er(V2 (),
Red > —%Z,’;’:llogzyzl]\f(unmj, (65 +a7)I) +logN.
* [RGB14]: mean-field q4(2) = [14-19¢,(Z4) -
* VoLo|ay| = Eqy(2)[Ve logpe(z,x)].
* VoLolag| = Eqy| (Vg logag (2))(logpe(z,x) —log 44 (2))]
o010 (Similar to REINFORCE [Wil92]) (with variance reduction). -



* Bayesian Inference: Variational Inference

* Parametric variational inference: use a parameter ¢ to represent q (2).

mq?x (LG [CIqb(Z)] — IIE':q(l,(z) [lOg Po (Z: X)] - IIE:qu(z) [lOg d¢ (Z)]) -

* Explicit variational inference: specify the form of the density function g (2).
To be more flexible and model-agnostic:
* [RM15, KSJ+16]: define q4(z) by a generative model:
z~qe(2) & z=gp(€), € ~ qle),
where g4 is invertible (flow model).
Density function g4 (2) is known!

16@ = q (e = 95" @) ) |22

Lg [qu] — q(e) [108199(2; x)

. (rule of change of variables)

— log CIqb(Z)

z=g¢(€) z:g¢(e)] .



* Bayesian Inference: Variational Inference

* Parametric variational inference: use a parameter ¢ to represent q$ (2).

mq?x (LG [CIqb (Z)] — [Eqd,(z) [lOg Po (Z: X)] - IIE:qu(z) [10g d¢ (Z)]

* Implicit variational inference: define g (z) by a generative model:
z~(qp(z) & z=gge), e ~qle),
where g4 is a general function.
* More flexible than explicit Vls.
* Samples are easy to draw, but density function g4 (z) is unavailable.

»(2)
* Lglap(2)] = Eqe [lngg(XlZ) | 2= g¢,(e)] Eqce) [108 @) |z=g0(@ |-
Key Problem:
q¢(2)
p(z)

* Density Ratio Estimation r(z) =

* Gradient Estimation Vlog g(z).



* Bayesian Inference: Variational Inference

* Parametric variational inference: use a parameter ¢ to represent qs (2).

mq?x (LG [CIqb (Z)] — IIE':q(l,(z) [lOg Po (Z: X)] - IIE:qu(z) [lOg d¢ (Z)]

* Implicit variational inference
Density Ratio Estimation:

* [MNG17]: logr = arg max Eqy(2) lloga(T(2))] + Epz) [log(l — O'(T(Z)))].

Also used in [MSJ+15, Hus17, TRB17].
. [SSZ18al:

~1
1 A 1 1 1
N - A 2T B2 e 1T — T -
_ () _ (@ () @NNa NP
where K,,(z); = K (Zj ,z), (qu)ij =K (Zi ) Zj ), {Zi }i:1 ~ q¢(2), {Zj }j:1 ~ p(z).

Gradient Estimation:
 [VLBMOS, LT18, SSZ18b].



Bayesian Inference: Variational Inference
mln KL(q(Z) p(zlx))

NN
* Particle-based variational inference: use particles {Z(l)}izl to represent q(2).

To minimize KL(q(z), p(zlx)), simulate its gradient flow on the Wasserstein space.
* Wasserstein space:

an abstract space of distributions.
e Wasserstein tangent vector

< vector field.




Bayesian Inference: Variational Inference

min KL(q(2),p(z|x)).

NN
* Particle-based variational inference: use particles {Z(l)}izl to represent q(2).

V := grad, KL(q,p) = Vlog(q/p) .

zW « 720 4 ¢V (20).

V(Z(i)) ~ /

— Zj(z(i) _ Z(j))Kij
for Gaussian Kernel:
Repulsive force!

» SVGD [LW16]: X K;; V,( logp(zP|x) + 2, V, ) K.

: LV _Kij V_Kij

* Blob [CZW+18]:V_ lo 7|y — =Lz — ) .= .
) Y.V nKii
. _ . (i) A OB
GFSD [LZC+19]: V_e log p(z'¥|x) R

* GFSF [LZC+19]: V_» log p(2 9| x) + X (K™D V() K-




* Bayesian Inference: Variational Inference

mln KL(q(Z) p(zlx))

NN
* Particle-based variational inference: use particles {Z(l)}izl to represent q(2).

Non-parametric g: more particles, more flexible.
 Stein Variational Gradient Descent (SVGD) [LW16]:

dZt

Update the particles by a dynamics — — = = V/;(z;) so that KL decreases.
 Distribution evolution: consequence of the dynamics.

d:q, = —div(q;V;) = =V - (q;V;) (continuity Eq.)
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* Bayesian Inference: Variational Inference
mln KL(q(Z) p(zlx))

NN
* Particle-based variational inference: use particles {Z(l)}izl to represent q(2).

 Stein Variational Gradient Descent (SVGD) [LW16]:
dz

— = Vi(z,) so that KL decreases.

Update the particles by a dynamics —

* Decrease KL:

d
Vi = arg max —d—KL(qt,p) =Eq, [Vi - Viogp + V- V(.
Stein Operatorc/l [Ve]

For tractability,

VPVl = max-arg  max  Eg[V;-Viegp + V- V]
. K v VlE}[D,||V,t||=1 . _ Zj(z(i) _ Z(j))Ki]_
— CI(Z,’) (z',)V; logp(z') + Z,, ')l / for Gaussian Kernel:
Update rule: z() += E[Zj Kii Vi logp(z) + 2 7 ikKi] Repulsive force!
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* Bayesian Inference: Variational Inference

NN
* Particle-based variational inference: use particles {Z(l)}l,=1 to represent q(2).

e Unified view as Wasserstein gradient flow (WGF) [LZC+19]:
particle-based VIs approximate WGF with a compulsory smoothing assumption,

in either of the two equivalent forms of smoothing the density (Blob, GFSD) or
smoothing functions (SVGD, GFSF).



* Bayesian Inference: Variational Inference

NN
* Particle-based variational inference: use particles {Z(l)}i=1 to represent q(2).

e Acceleration on the Wasserstein Algorithm 1 The acceleration framework with Wasserstein
. Accelerated Gradient (WAG) and Wasserstein Nesterov’s
space [LZC+19]: method (WNes)

° App|y Riemannian Nesterov’s 1: WAG: select acceleration factor o > 3;
WNes: select or calculate ¢, co € RT (Appendix C.2);

methods to P, (Z) 2: Initialize {a:(()i)}i:1 distinctly; let yéi) = a:(()i);
3: for k=1,2,--- , knax, do
0.76 T 4: fori=1,---,N,do
' 5 Find v(y\"” ;) by SVGD/Blob/GFSD/GFSF;

;HD'M- ] 6: 331(:) = yi(c@ll + 5?)(91&21);
v i i i
gﬂ.?z- | ’ y’(“) - xl(“)Jr . . .
© A gigg:ig}[) WAG: %(y,(;ll _37;(;_)—1) +%5v(y,@l);

0.70] ==+ SVGD-WAG WNes: ¢;(co — 1)(:17,(;) — a:,g‘ll);

- =+ SVGD-WNes 8:  end for
0 2500 5000 7500 9: end for

10: Return {z'” }N .

knlax

Inference for Bayesian logistic regression




* Bayesian Inference: Variational Inference

NN
 Particle-based variational inference: use particles {Z(‘)}i:1 to represent q(2).

e Kernel bandwidth selection:

 Median [LW16]: median of pairwise distances of the particles.
e HE [LZC+19]: the two approx. to q;4+.(2), i.e., § (z; {z(f)}j) + €A, § (z; {z(f)}j) (Heat

Eg.) and g <Z;

Median:

HE:
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Bayesian Inference: Variational Inference

NN
* Particle-based variational inference: use particles {Z(l)}l,=1 to represent q(2).

* Unified view as Wasserstein gradient flow: [LZC+19].
e Asymptotic analysis: SVGD [Liul7] (N — oo,& — 0).
* Non-asymptotic analysis
 w.rte:e.g., [RT96] (as WGF).
e w.r.t N: [CMG+18, FCSS18, ZZC18].
* Accelerating ParVls: [LZC+19, LZZ19].
e Add particles dynamically: [CMG+18, FCSS18].
* Solve the Wasserstein gradient by optimal transport: [CZ17, CZW+18].
* Manifold support space: [LZ18].



Bayesian Inference: MCMC

* Monte Carlo
* Directly draw (i.i.d.) samples from p(z|x).
* Almost always impossible to directly do so.
* Markov Chain Monte Carlo (MCMC):

Simulate a Markov chain whose stationary distribution is p(z|x).

* Easier to implement: only requires unnormalized p(z|x) (e.g., p(z, x)).
e Asymptotically accurate. 1

* Drawback/Challenge: sample auto-correlation. 005 |
Less effective than i.i.d. samples.
0.9
0.85
ua' o [GC11]

01 0203 04



Bayesian

A fantastic MCMC animation site: https://chi-feng.github.io/mcmc-demo/

Inference: MICMC

The Markov-chain Monte Carlo Interactive Gallery

Click on an algorithm below to view interactive demo:

Random Walk Metropolis Hastings

 Adaptive Metropolis Hastings [1]

Hamiltonian Monte Carlo [2]

No-U-Turn Sampler [2]

Metropolis-adjusted Langevin Algorithm (MALA) [3]
Hessian-Hamiltonian Monte Carlo (H2MC) [4]

« Stein Variational Gradient Descent (SVGD) [5]

Nested Sampling with RadFriends (RadFriends-NS) [6]

View the source code on github: https://github.com/chi-feng/mecmc-demo.

2019/10/10
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Bayesian Inference: MCMC

Classical MCMC
* Metropolis-Hastings framework [MRR+53, Has70]:

Draw z* ~ q(z*|z®) and take z¥*Y) as z* with probability
q(2"|z")p(z*|x)

"q(z*]z)p (2P ]x))’

mini<1

else take z(KtD) g5 2K,

Proposal distribution g(z*|z): e.g., taken as N(Z* Z, 02).



Bayesian Inference: MCMC

Classical MCMC
* Gibbs sampling [GG87]:

Iteratively sample from conditional distributions, which are easier to draw:

1 0 0 0
Z£)~p Z4 Zg ),Z:,E ),...,Zfl),x),
Zél) ~ p |z, Zfl), Z?EO), ...,Zc(lo),x ,
Zél) ~ p | z3 Zil),zél), ...,Zc(lo),x ,
(k+1) (k+1) (k+1) (k) (k)
Z; ~ P (Zi z) ez, v s Zg ,x) .




Bayesian Inference: MCMC

Dynamics-based MCMC
e Simulates a jump-free continuous-time Markov process (dynamics):

dz = b(Z) dt + 1/2[)(2 aB/t(Z)\ Pos. semi-def. matrix

drift diffusion Brownian motion

Az = b(z)e + N (0,2D(z)e) + o(¢&),
with appropriate b(z) and D(z) so that p(z|x) is kept stationary/invariant.

* Informative transition using gradient V, log p(z|x).
* Some are compatible with stochastic gradient (SG): more efficient.

V,logp(z|x) =V,logp(z) + 2 V, logp(x(”)|z),

DY

V,logp(z|x) = V,logp(2) +—z V, logp(x(”)|z) S cD.

nes




Bayesian Inference: MCMC

Dynamics-based MCMC
* Langevin Dynamics [RS02] (compatible with SG [WT11, CDC15, TTV16]):

2k = 7200 + eVlogp(2®]x) + N (0,2¢).
 Hamiltonian Monte Carlo [DKPR87, Neall, Bet17]

(incompatible with SG [CFG14, Bet15]; leap-frog integrator [CDC15]):
rk+1/2) = () 4 (¢/2)Vlog p(z¥|x),

r© ~ N (0,3), ) Z2k+D) = () | o3 —1.(k+1/2)
\rEFD) = (k4172 4 (e/2)V1ogp(2 %Y |x).
 Stochastic Gradient Hamiltonian Monte Carlo [CFG14] (compatible with SG):
2D =z 4 g3 —1yp (k)
pk+1) — (k) 4 8V10gp(z(k)|x) —eCx 1 4 v (0,2C¢).




* Bayesian Inference: MCMC

Dynamics-based MCMC

* Langevin dynamics [Lan08]:
dz = Vlogp dt + V2 dB,(2).

Algorithm (also called Metropolis Adapted Langevin Algorithm) [RS02]:
7kt = (k) 4 sVlogp(z(k)|x) + NV (0,2¢),

followed by an MH step.



* Bayesian Inference: MCMC

Dynamics-based MCMC
: : . | dz=3x"1rd,
Hamiltonian Dynamics: {dr — Vlogp dt.
e Algorithm: Hamiltonian Monte Carlo [DKPR87, Neall, Bet17]

Draw ® ~ A°(0,Y) and simulate K steps:
[ rUe1/2) = (0 4 (/2)V, log p(z®]x),

) 20D = (0 4 gy—1,.0c+1/2)
U,(k+1) — (k+1/2) 4 (e/2)V, logp(z(k"'l)lx) ’
and do an MH step, for one sample of z.

e Stormer-Verlet (leap-frog) integrator:
 Makes MH ratio close to 1.
e Higher-order simulation error [CDC15].

 More distant exploration than LD (less auto-correlation).




* Bayesian Inference: MCMC

Dynamics-based MCMC: using stochastic gradient (SG).
* Langevin dynamics is compatible with SG [WT11, CDC15, TTV16].

* Hamiltonian Monte Carlo is incompatible with SG [CFG14, Bet15]:

the stationary distribution is changed.

 Stochastic Gradient Hamiltonian Monte Carlo [CFG14]:
dz = X 1r dt,
dr = Vlogpdt — CZ™r dt +V2C dB, (7).
* Asymptotically, stationary distribution is p.

* Non-asymptotically (with Euler integrator), gradient noise is of higher-order of
Brownian-motion noise [CDC15].

201910710 EHERSEMRA (BEHBET)
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* Bayesian Inference: MCMC

Dynamics-based MCMC: using stochastic gradient.

 Stochastic Gradient Nose-Hoover Thermostats [DFB+14] (scalar C > 0):
( dz = X7 1r dt,

dr = Vlogpdt — érdt + V2CX dB:(r),
1
dé = (—rTZ r— 1) dt.
\

* Thermostats ¢ € R: adaptively balance the gradient noise and the Brownian-
motion noise.
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* Bayesian Inference: MCMC

Dynamics-based MCMC

* Complete recipe for the dynamics [MCF15]:
For any skew-symmetric matrix Q and pos. semi-def. matrix D, the dynamics

dz = b(z) dt + /2D (z) dB;(z),
b; = lz 0 (P(Di' + Qi')),
p 4 j Jj j

keeps p stationary/invariant.
* The inverse also holds:

Any dynamics that keeps p stationary can be cast into this form.
* If Dis pos. def., then p is the unique stationary distribution.

* Integrators and their non-asymptotic analysis (with SG): [CDC15].
* MCMC dynamics as flows on the Wasserstein space: [LZZ19].



Bayesian Inference: MCMC

Dynamics-based MCMC

* Complete framework for MCMC dynamics: [MCF15].

* Interpretation on the Wasserstein space: [JKO98, LZZ19].

* |Integrators and their non-asymptotic analysis (with SG): [CDC15].

* For manifold support space:
e LD: [GC11]; HMC: [GC11, BSU12, BG13, LSSG15]; SGLD: [PT13];

SGHMC: [MCF15, LZS16]; SGNHT: [LZS16]

e Different kinetic energy (other than Gaussian):
e Monomial Gamma [ZWC+16, ZCG+17].

* Fancy Dynamics:
e Relativistic: [LPH+16]
* Magnetic: [TRGT17]



Bayesian Inference: Comparison

_ Parametric VI Particle-Based VI MCMC

Asymptotic Accuracy

Approximation Flexibility Limited Unlimited Unlimited
Empirical Convergence Speed High High Low
Particle Efficiency (Do not apply) High Low
High-Dimensional Efficiency High Low High
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Outline

* Generative Models: Overview

* Plain Generative Models
* Autoregressive Models

e Latent Variable Models

e Deterministic Generative Models
e Generative Adversarial Nets
 Flow-Based Generative Models

* Bayesian Generative Models
e Bayesian Inference (variational inference, MCMC)
* Bayesian Networks
« Topic Models (LDA, LightLDA, sLDA)
* Deep Bayesian Models (VAE)
* Markov Random Fields (Boltzmann machines, deep energy-based models)
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Topic Models

Separate global (dataset abstraction) and local (datum representation) latent variables.

Topics

gene 0.04
dna 0.02
genetic 0.01

.

life 0.02

evolve 0.01
organism 0.01

——

brain 0.04

Topic proportions and

Documents

neuron 0.02
nerve 0.01
data 0.02

number 0.02
computer 0.01

*91

Seeking Life’s Bare (Genetic) Necessities

COLD SPRING HARBOR, NEW YORK— “are not all that far apart,” especially in
How many does an GEganism|negd to  comparison to the 75,000 in the hu

assignments

survive! Last week at the genome meeting me, notes Siv An

here,” two genome rescarchers with radically University in Swortser=d

different approaches presented complemen-
tary views of the basic genes needed for il

One research team, using computer analy

ses to compare known \ concluded more ger
that today's BEERIISIS can be sustained with sequenced. “It may be a way of organizing
just 25C genes, and that the earliest life forms mny newly n { . explains

required a mere 128 es. The ==y Arcady Mushegian, a computational mo

other researcher mapped genes lecular biologist at the Natic

in a simple parasite and esti

/ Haemophilus .
mated that for this organism, [ genome in Bethesda, Maryland. Comparing ai
N\ 1703 gen
800 genes are plenty todo the | o d -
job—but that anything short  \ LI TGS - eciih g
of 100 wouldn’t be enough. \.\ '/i;;g mon,v% — =g w12 e &
, =7 : &
Although the numbers don't i = 22908 l EEs 5
g e [ oo 288 Minimal 128 ) &
match precisely, those § [ \ Syoch [omea it gones) 5
\ 489 genes - a
* Genome Mapping and Sequenc- ~——
ing, Cold Spring Harbor, New York, Stripping down. Computer analysis yields an esti-
May 8 to 12 mate of the minimum modern and ancient genomes.

SCIENCE o VOL. 272 ¢ 24 MAY 1996

o
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Latent Dirichlet Allocation

Model Structure [BNJO3]:

b

3.)

k

K

:Wd

Ny

{0

D

Data variable: Words/Documents w = {de}nzl;Nd,dzl;D,de e{1..

Latent variables:
e Global:
e Local:

topics 8 = {Br}r=1.x B € AV,
topic proportions 8 = {8,},0, € AX,
topic assignments z = {z4,,}, z4, € {1 ...K}.

Prior: p(B|b) = Dir(b), p(64]a) = Dir(a), p(z4n|04) = Mult(6,).
Likelihood: p(Wan|zan, B) = Mult(B;, ).

wi.



Latent Dirichlet Allocation

Variational inference [BNJO3]:

* Take variational distribution (mean-field approximation):

K D Ny
Ary.0 (L, 0,2) = 1_[ Dir(By | Ax) 1_[ Dir(84lyq4) 1_[ Mult(zgn [Pan) -
k=1 d=1 n=1

* ELBO(A,y, ¢; a, b) is available in closed form.
* E-step: update A, y, ¢ by maximizing ELBO;
* M-step: update a, b by maximizing ELBO.



Latent Dirichlet Allocation
MCMC: Gibbs sampling [GS04]

Model structure = p(f3,68,z,w) = AB (Hk,w ﬁllcv\/\];w-l_bw_l) (Hd,k g+t

_ [Tw T(Ngw+by) [I T(Nga+ag)
= p(z,w) = AB (Hk ['(Ny+Wh) )(Hd ['(Ng+Ka) )

(N, : #times word w is assigned to topic k; N 4: #times topic k appears in document d.)
* Unacceptable cost to directly compute p(z|w) = p(z,w) /p(w).
* Use Gibbs sampling to draw from p(z|w)!

B N9 + b
p(zan = K|z~ w) Nk‘g" T WE

* For § and @, use MAP estimate:
A Nkw + bw
f = argmaxlogp(Flw) ~ =,

)

N, + Wb
N

Estimated by

a
ka + A > samples of z

0, = arg meaxlogp(elw) ~ N, T Ka
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* Latent Dirichlet Allocation

MCMC: Gibbs sampling [GS04]
p(ﬁ 0,z,w)

1—[ Dir(B|b) 1_[ Dir(8,4|a) 1_[ MUIt(Zdn|9d)MUIt(de|,3zd )

b,—1 1
= AB :Bkw (1_[ eak ) (1_[ edZdnﬁZandn>
kow
— AB Nkw+bw 1> (l_[ Qde+ak 1)

k,w

D
e A= (M) ,B = (12(2‘11,(?;) , where I'(+) is the Gamma function.

* Ny = gzlzﬁgl I(wgy, =W, Zg, = k): number of times that word w is assigned to topic k.

* Npg = Zgil [(z;4, = k): number of times that topic k appears in document d.



* Latent Dirichlet Allocation

MCMC: Gibbs sampling [GS04]

(B,6,2,w) = AB (1_[ ﬁNkW+bW 1) (1_[ 9de+ak 1)

D

Niw ZZH(de—WZdn—k) de—zﬂ(zdn—k)-

d=1n=1
* 3 and 6 can be collapsed:

p(z,w) = [[ p(B,6,z,w) dB dO
— AB HW l_‘(Nkw + bw) Hk F(de + ak)
B L (N +wb) L TN, +ka) )

 Unacceptable cost to directly compute p(z|w) = p(z,w)/p(w)!




* Latent Dirichlet Allocation

MCMC: Gibbs sampling [GS04]

[Tw T'(Niyw + by,) [1 T(Ngq + ag)
p(z,w) = AB — N+ Ra
* Use Gibbs sampling: iteratively sample from
(1) (0) _(0) _(0) (0)
P\Z11 Z12 1213 vZ14 11 ZpNyr W |
C9] D) (0) _(0) (0)
P\Z12 |%11 - 21312194 » = Zpnpp W )
] 1 @) (0) (0)
P\Z13 (211 1212 » Zig4 o ZpNyp W )
D+ (1+1) 0 o _d
p(ZdTl ‘le ,,Zd(,n_l), Zd(n_l_l), ,W) _p(ZdTllz n’W)
NZ4" + b
kw w

p(zdn = k|z‘d", W) X (N,;dd” + ak).

N, + Wb



* Latent Dirichlet Allocation

_ I1,, F(Nklwl + bwr) 1 F(Nk’d’ + ak/)
plzw) = 4B (1:[ ['(Ny + Wbh) )( A TWNg +Ka)

(Denote wy,, as w: )

_ ap TT I Ty + b)) - TNy + 1Czan = K1) + b)) ( [T T(Nyrar + ak')> e (N2 + 1(zan = K + a)
L1 T(NZ™ + 1(zgn, = k') + WD) 1 [(Ng + Ka) ['(Ng + Ka)
o T (v PN+ By)) - PG + ) - (g + b,) ™
W D(N® +WB) - (NG + wE)“de"” ,
[T T(Nyrgr + ar) Hk’ T(NgG* + apr) - (NGS + ay )H(Zdnzk )
| P [(Ng + Ka) I'(N; + Ka)

r(N %" + Wbh) Nk,d” + Wb

[ Hk’ F(Nk’ol’ + ak’) Hk’ F(Nk_’?zn + ak’) ‘ l —dn 1(zan=k")
r — * — (N + ak’) .
1 T(Nyg +Ka) I'(N; + Ka)
d’'+d

=

= N - (Zdn=k,)
- (HW'¢W F(Nk’w’ I bw’)) ) F(Nk’c\i:l + bw)> ( dn by, >H

AB ‘ _ 1
(‘hk’ kﬂ

N9 + b,
p(zan = k|27 w) « !,V’:ftivn Wi ~ (N §™ + ay,).




* Latent Dirichlet Allocation

MCMC: Gibbs sampling [GS04]

* For 5, use the MAP estimate:
B = argm[gxlogp(ﬁlw)-

Estimate p(B|w) = E,zjw) p(B, 2z, w)] with one sample of z from p(z|w):
—§ = Nyw + b, —1 Ny, + by,
““N,+Wb-W N, +Wbh

* For 8, use the MAP estimate:
~ de+ak—1 de+ak

64 = ~ .
k" N,+Ka—K Ny +Ka




Latent Dirichlet Allocation

MCMC: LightLDA [YGH+15]
p(Zdn = k|Z_dn, W) 0.8 (Nk_ddn + Clk)

* Direct implementation: O(K) time.
* Amortized 0 (1) multinomial sampling: alias table.

1/41 1/4-

=

0

0 2 4
_ 3 1 1 1
5,1—6,5,1—6 — Alias Table: (4, 1—6> , (1,1—6> , (4, §> ) (4, Z) = [(hir Ui)]
* 0(1) sampling:i ~ Unif{1, ...,K},v ~ Unif|0,1], z = i if v < v; else h,.
* O(K) time to build the Alias Table = Amortized O(1) time for K samples.
 What if the target changes (slightly): use Metropolis Hastings (MH) to correct.

20191078 R F-MSRA (BEHH%)
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* Latent Dirichlet Allocation

MCMC: LightLDA [YGH+15]

p(zgn = k|z7% w) o« (Neg™ + ay,) New" + bw_
an ! kd “' N7 + wh’
* Proposal in MH: " ;
kw+ w
Zan = k) X (Mg + a —
q(Zan ) g kd k) M, + Wb

doc—pf‘oposal — .
word—proposal

Update M, ; = Nyg4, My, = Ny, My, = N, every K draws.
e Doc-proposal:

+ MH ratio = Ut * )iy + )N D) Oika i)

(Nkcclm'l"ak)(Nkv%n-l"ﬁw)(Nk’dn+Wb)(Mk’d+ak’)

e Sample from « M, 4: take z4,, where n ~ Unif{1, ..., N;}. Directly O(1).

* Sample from x a;, (dense): use Alias Table. Amortized O(1).

0(1).



* Latent Dirichlet Allocation

MCMC: LightLDA [YGH+15]

p(zqn = k|z=% w) o (Ngg™ + ay,) New" + bw_
an ! ka TS N—an L wp’
* Proposal in MH: " ;
kw+ w
Zan = k) X (Mg + a —
q(Zan ) g kd k) My + Wb

doc—pfoposal — .
word—proposal

Update M, ; = Nyg4, My, = Ny, My, = N, every K draws.
* Word-proposal:

—dn —dn _dn _ ~
* MH ratio =(N"'d ta ) (N +Bw) (N +Wb)(Mkw+bw)(Mk,+Wb),
(Nggn+ak)(N,;‘gn+ﬁw)(le,d”+Wl5)(Mk,W+bW)(Mk+WE)

. Mkw"'bw= M pw by,
My+Wb  Mp+Wb  Mp+Wbh

0(1).

. Sample from either term: use Alias Table. Amortized O(1).



* Latent Dirichlet Allocation

MCMC: LightLDA [YGH+15]
e Overall procedure for Gibbs sampling (cycle proposal):

p(k)t Pw(k) 4 Pa(k) 4
0 i 2 3 | , 0 . 1 2 34 0 1 2 3 .
k k k
true conditional distribution word-proposal distribution doc-proposal distribution

* Alternatively use word-proposal and doc-proposal: better coverage on the
modes.

* For each z4,,, run the MH chain L < K times and take the last sample.
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* Latent Dirichlet Allocation

MCMC: LightLDA [YGH+15]  /fmsead] - N

H : L J’__ ’.1_ P 1_\' ) |
* System implementation ;’[Datamockz ]<:> Y T H }v
Block: . ]

: R .,.-ESIice
e Send the model to data: by : : e H 7 H Vat,
BlGCk:E Data Block 3 Slice
: “H :}»l@i;
) )

2 by
d'l dz d3 b d32 ;{
A block of documents
in RAM

A

|
- - |
~
~
1=
| |
I"l.
a
A
| 4|] E]
L 1 I 1
AN

aa__ Data Block 4 \

Swapping of data blocks Sliding of model slices

Power Law Phenomenon of Term Frequency

* Hybrid data structure: 107

101.1 =
100 | stop words

10° |
10° |
107 |
10 L N A
10° |
100 | long-tail words
103 il I'1 IE I3 I='l I5 IG

10 10 10 10 10 10 10 10

word id

term frequency
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Latent Dirichlet Allocation

* Dynamics-Based MCMC and Particle-Based VI: target p(SB|w).
Vg logp(Blw) = Ep(ZTV;, w)|Vg logp(B, 2 w))

Gibbs Sampling | | Closed-form known

» Stochastic Gradient Riemannian Langevin Dynamics [PT13],
Stochastic Gradient Nose-Hoover Thermostats [DFB+14],
Stochastic Gradient Riemannian Hamiltonian Monte Carlo [MCF15].

* Accelerated particle-based VI [LZC+19, LZZ19].



* Latent Dirichlet Allocation

MCMC: Stochastic Gradient Riemannian Langevin Dynamics [PT13]
dx =G Wlogp dt + V-G~ 1dt + M (0,2G~1 dt).

* To draw from p(B|w), 1
p(B, 2Iw) vﬁpga(?ﬂwf "D

=J p(Blw)  p(B, zlw) dz = Ep(Zlﬁ;W)[Vﬁlogp(ﬁ'z'w)]'

* p(f,z,w) is available in closed form.
* p(z|B,w) can be drawn using Gibbs sampling.

* Each [, is on a simplex: use reparameterization to convert to the Euclidean

space (that’s where G comes from), e.g., Bryw = Zn’;w .
w tkw




* Latent Dirichlet Allocation

MCMC: Stochastic Gradient Riemannian Langevin Dynamics [PT13]
dx =G Wlogp dt + V-G~ 1dt + M (0,2G~1 dt).

* Various parameterizations:

Parameterisation Reduced-Mean Reduced-Natural Expanded -Mean | Expanded-Natural
. _ . Th _ A _ ek
i) 6";,.. = Tk &k. = ]Og m = S, 0 mL = —Zk=1 P
THIU;{ I)(H|X) n;u . 1??.;.HT|;«,- 1 n-4+ o — ('H. i ﬁr{};} T H+Tr; 1 ‘:;. -1 n4+oa—nga— eﬁ'
G(0) n. (diag(&)‘1 — '.E - llT) L (diag(w) — rﬂT) diag (6)~' diag (e”)
) L (diag(#) — 667) n. (diag( )74 = ZI; — llT) diag () diag (e~?)
D 1—1 a‘G = o 1 —1 _ —Hj
2 k=1 ({’ f)HLG )ﬂ; Ko;—1 (1= ZL Tk )2 : ¢
D — . "y
D=1 (G7H j) G=H(0) 55 ) Kb; -1 ?1’{ - (1—R klm.i— —1 e
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Supervised Latent Dirichlet Allocation

Model structure [M BOS] : “ENGINES™ speed product introduced
Z: topics “ROYAL” britain queen Sy
b n,o N | comn'lan.der forces war
analysis space program
) 4 \ A 4
B vay @ @ -|y1: science & tech |
K Na| 7D

e Variational inference: similar to LDA.

-| Y, politics |

* Prediction: for test document wy,

N\

Y IEZ?(}’d|Wd)[yd]_: N Ep(z4|wy)lZa]
=1 Eq(zglwa)Zal
First do inference (find q(z4|w,)), then estimate y.

—

2019/10/10 BERF-MSRA (EFEVIZFES) 106



* Supervised Latent Dirichlet Allocation

Model structure [MBO08]: b n,0 a
* Generating process: -
 Draw topics: B ~ Dir(b),k =1, ..., K; | \ |
* For each document d, B ey N @
K d D

 Draw topic proportion 8,; ~ Dir(a);
* For each word n in document d,
 Draw topic assignment zg4,, ~ Mult(8,);
e Draw word wg,, ~ Mult(z4,,).
T 2) 5 . _1 yNa
* Draw the response y; ~ N(n Zg4,0 ),Zd = —>. 2, Zan (One-hot).
Ng

p(B,0,z,w,y)

K D Ng
— (ﬂ Dir (B, |b)> 1_[ Dir (1_[ Mult(zdnlHd)Mult(delﬁzdn)> N (va|n2a,0?)
k=1 d=1 n=1



* Supervised Latent Dirichlet Allocation

Variational inference [MBO08]: similar to LDA.
e Same variational dlstrlbutlon

Try.s(8,6,7) = ]_[ Dir (Bl i) 1_[ Dir(64lva) 1_[ MUIE(Zn| btn).

ELBO(/L v,o;a,b,n,0 2) is available in closed form.
* E-step: update 4,7y, ¢ by maximizing ELBO.
* M-step: update q, b, 17, % by maximizing ELBO.
* Prediction: given a new document wy,
Va = Ep(yglwg) [Yal = 1" Ey(zywy)|Zal = 1" Eq(z,)w,) Zal:
First do inference: find q(z4|w,) i.e. ¢4, then estimate V.



* Supervised Latent Dirichlet Allocation

Variational inference with posterior regularization [ZAX12]

* Regularized Bayes (RegBayes) [ZCX14]:

* Recall: p(z|{x("),y(")})
= argmin{—L[q] = KL(q(2),p(2)) — En Eq[logp(x™,y™|2)]}.

e Regularize posterior towards better prediction:
n%ir)l KL(q(2),p(2)) = 2 Eq[logp(x("), y(m |Z)] + A¢(q(2); {x("), y(”)}).
q(z
* Maximum entropy discrimination LDA (MedLDA) [ZAX12]:
e (g {w®,y™N =¥, 2, (y<n> _ y(n)(q,ww))

= Yn e (y(") — nTEq(Z(n>|W(n>)[Z_(")])'
where £.(r) = max{0, |r| — &} is the hinge (max-margin) loss.

* Facilitates both prediction and topic representation.



Outline

* Generative Models: Overview

* Plain Generative Models
* Autoregressive Models

e Latent Variable Models

e Deterministic Generative Models
e Generative Adversarial Nets
 Flow-Based Generative Models

* Bayesian Generative Models
e Bayesian Inference (variational inference, MCMC)
* Bayesian Networks
* Topic Models (LDA, LightLDA, sLDA)
* Deep Bayesian Models (VAE)
* Markov Random Fields (Boltzmann machines, deep energy-based models)
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Variational Auto-Encoder

@ p(z4)

More flexible Bayesian model using deep learning tools. po(xql|zq)
* Model structure (decoder) [KW14]: Xa )1 0
zg ~ p(zq) = N(24]0,1),

xq ~ Po(xqlzg) = N(dee (Zd);ze(zd));
where ug(z;) and Xg5(z,) are modeled by neural networks.




Variational Auto-Encoder
P @ p(zq)

* Variational inference (encoder) [KW14]: 4 (Zalxa)! Po(xqlza)

4y (z1%) = T14=19¢ Zalxq) = [15=1 N (za|ve (xa), Tp(xa)), ) xd;) 6
where v (xg), [y (x4) are also NNs.

* Amortized inference: approximate local posteriors {p(z4]x4)}5-, globally by ¢.
* Objective:

Ep(o [ELBO(X)] ~ Z Eqy (241, [108 P (Z)Pe (xalz0) =108 4 (zalxa)] .
* Gradient estimation W|th the reparameterization trick:
Zg ~ Qp(Zglxq) & zq = gp(xgq,€) = vg(xg) + € /Fqb(xd);e ~ q(e) = N(€]0,1).

1
Vo6 B0 [ELBO)] ~ = 25_; Eqee) | Vg6 (10g o (2a)Po (xalza) — 108 49 (Zalxa) |rg=gyxae) ) |
(Smaller variance than REINFORCE-like estimator [Wil92]: Vo E, [f] = E4,[fVgloggs].)



Variational Auto-Encoder

e Generation results [KW14]

AN ANANNAANNN NSNS NNNNSN
VAV EELELLLLLWN NN~
VAV, LLVYYY NN~
QAOAVVD I n by iy o o @YV~~~
QUVDHIHININEE G BIVYY W - —-—
QAQOO0NOHINININNHOEBPBDIOII D W@ - - —
QOO MIMNMNMMNOoY MBI ID D W - - —
QODOMMNMMMNONM®D DD D " —
OODMM MMM 0N MDD D e e —
QOOMOMMMMM N0 e on o o - —
QOMMMM M " 0" 000000 e on oo —
QAP P 000000 0 om0~ P~~~
Gl i "0 00 O O & O~
it fororrororrrrs oo~
Jaddaddodogorororororrraonm~
Sdadadddocrrrrr T TIIINMN
JddddgorrrrrrdITITTRIRINN
SAdTTFTrrrrrrrrI22RNN
S B g glie it s < ol el el ol ol ol ol o R N N NN
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EEEEEEEEE
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* Variational Auto-Encoder

e With spatial attention structure [GDG+15]

P(x|z) Cr—1—| wiite |—Ct—|write}-» ... =C1—{o [+ P(z|21.7)
T A L
decoder hdec_*decoder \ .|decoder|
FNN t—1 | RNN | RNN
1 i
s Z
1 ff' til decoding
sample sample sample (generative model)
IS N WA encoding
. g
Q(z|x) Q(Zﬁ|laz%;t 1 Q(Z;H‘Iﬁzl:t) (inference)
h nci encode encoder|
encoder =1 RNN RNN
FNN \ T T
ead read




* Variational Auto-Encoder 32(57%19

52291312

* Inference with importance-weighted ELBO [BGS15] 7LR85/7573

e ELBO: L [q (z)] = [E [logpg(z,x)] — E [logq (Z)] RI1 01712

+~01%9 q¢(2) AN q¢(2) ¢ 67223730

e Atighter lower bound: ] ) 43 | 479 66
k

1 pe(2¥,x) 0427972§

Lék)[%] =E,m 00.iid g, IOEEZ () | 519590949

_ =1 1o\” | 3l | 068

Ordering relation: 57 €4 ) L7

Lolap] = £5"[ag] < £5”ag] < -+ < £57[as] = logpe ().

|

is bounded.

p(z,x)
d q(Z|X)
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Variational Auto-Encoder

* Parametric Variational Inference: towards more flexible approximations.
* Explicit VI:
Normalizing flows [RM15, KSJ+16].
Using a tighter ELBO [BGS15].
* Implicit VI:
Adversarial Auto-Encoder [MSJ+15], Adversarial Variational Bayes [MNG17],
Wasserstein Auto-Encoder [TBGS17], [SSZ18a], [LT18], [SSZ18b].

e MCMC [LTL17] and Particle-Based VI [FWL17, PGH+17]:
e Train the encoder as a sample generator.
* Amortize the update on samples to ¢.



Outline

* Generative Models: Overview

* Plain Generative Models
* Autoregressive Models

e Latent Variable Models

e Deterministic Generative Models
e Generative Adversarial Nets
 Flow-Based Generative Models

* Bayesian Generative Models
e Bayesian Inference (variational inference, MCMC)
e Bayesian Networks
* Topic Models (LDA, LightLDA, sLDA)
* Deep Bayesian Models (VAE)
e Markov Random Fields (Boltzmann machines, deep energy-based models)
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Markov Random Fields
Specify pg (x, z) by an energy function Eg(x, z): po(x, 2)| exp(—Ey(x, 2))
po(x,2z) = %exp(—Eg(x, 2)),Zg = [exp(—Eg(x',2")) dx'dz’.

* Only correlation and no causality: p(x, z) is either p(z)p(x|z) or p(x)p(z|x).
+ Flexible and simple in modeling dependency.

- Harder to learn and generate than BayesNets. ~0if E = logp
* Learning: even pg(x, z) is unavailable. /
VGIEp(x) [108199 (x)] p(x)pg(z|x) [VOEB (x Z)] T+ [Epg(x Z) [VHEB (X Z)]
(augmented) data distribution model dlstrlbutlon
(Bayesian inference) (generation)

* Bayesian inference: generally same as BayesNets.
* Generation: rely on MCMC or train a generator.
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Markov Random Fields

* Learning: Vg Ep(x)[log e (x)] = —Epo)p, 210 [VeEa (X, 2)] + Ep,x,2) [VoEg (x, 2)].
: :
Bayesian Inference Generation
* Boltzmann Machine: Gibbs sampling for both inference and generation [HS83].

Eg(x,z) = —x"Wz — %xTLx — %ZT]Z.

—
Po (Z] |X, Z_j) = Bern (O'(Z?=1 Wijxi + Zgut]]]mZ]))r
pe(xilz,x_;) = Bern (G(Zf:l Wijzj + Yixi Likxk))'
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Markov Random Fields

* Learning: Vo Ep(x)[log pe(x)] = p(x)pg(z|x) [VoEg(x,2)] + [Epg(x I VeEg(x,2)].

Bayesian Inference Generatlon

e Restricted Boltzmann Machine [Smo86]:

T T
Eg(x,2) = —x "Wz +b® x4+ p@ 7z
* Bayesian Inference is exact:

po(zelx) = Bern (o (x Wy, + b))
* Generation: Gibbs sampling.
Iterate:

pe(z,|x) = Bern (a (xTWk + b,(cz))),

po(xk|z) = Bern (a (Wk:z + b,((x))).
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Markov Random Fields

Deep Energy-Based Models:

No latent variable; Eg(x) is modeled by a neural network.
VoEpullogpe(x)] = —Epu [VeEg ()] + E, () [VeEg(x)].
* [KB16]: learn a generator
x ~qepx) &z~ q(2),x = ge(2),
to mimic the generation from pg(x):

arg mln KL(qd, py) = arg mm Eqz) [Eg (g¢ (z))] IHI[q(l,]

approx. by batch
normalization Gaussian

TAdAARARnLAA
200 TRLAIALNN
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Markov Random Fields

Deep Energy-Based Models:

No latent variable; Eg(x) is modeled by a neural network.
VoEpullogpe(x)] = —Epu [VeEg ()] + E, () [VeEg(x)].

* [DM19]: estimate E,,_,.)[-] by samples \ )_(F ‘:F--f-'-' ’

drawn by the Langevin Dynamics.

2019/10/10 BEKRKFE-MSRA (SEYIZFES) 122



* Markov Random Fields

Deep Energy-Based Models:
No latent variable; Eg(x) is modeled by a neural network.

VoEpullogpe(x)] = —Epu [VeEg ()] + E, () [VeEg(x)].
* [DM19]: estimate ]Epg(x’)[ | by samples drawn by the Langevin Dynamics
xk+D) = () _ ey E, (x(k)) + N (0, 2¢).

* Replay buffer for initializing
the LD chain. E*W*.

* L,-regularization on the
energy function.

[-IZ@]H}

Replay Buffer X Training Data
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* Markov Random Fields

Model Inception  FID
Deep Energy-Based Models: CIFAR-10 Unconditional
PixelCNN (Van Oord et al., 2016) 4.60 65.93
PixelIQN (Ostrovski et al., 2018) 5.29 49.46
EBM (single) 6.02 40.58
DCGAN (Radford et al., 2016) 6.40 37.11
WGAN + GP (Gulrajani et al., 2017) 6.50 36.4
EBM (10 historical ensemble) 6.78 38.2
SNGAN (Miyato et al., 2018) 8.22 21.7
CIFAR-10 Conditional
Improved GAN 8.09 -
EBM (single) 8.30 37.9
Spectral Normalization GAN 8.59 25.5
ImageNet 32x32 Conditional
PixelCNN 8.33 33.27
PixelIQN 10.18 22.99
EBM (single) 18.22 14.31
ImageNet 128x128 Conditional
ACGAN (Odena et al., 2017) 28.5 -
EBM* (single) 28.6 43.7
SNGAN 36.8 27.62
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Generative Model: Summary

Plain Generative Latent Variable Models
Models

Autoregressive Deterministic Generative Models Bayesian Generative Models
Models GANs Flow-Based BayesNets MRFs
+ Easy learning + Abstract representation and manipulated generation
+ Easy generation - Harder learning
- No abstract + Flexible modeling + Robust to small data and adversarial attack
representation  , rasy and good generation + Principled inference
- Slow generation + Prior knowledge
- Hard inference + Easy inference + Causal information + Simple dependency modeling
- Hard learning  + Stable learning + Easier learning - Harder learning
- Hard model design + Easy generation - Hard generation

p(2) p(2) p(2)
x = fo(2) x = fy(2) x ~ pg(x|2) po(x, z)|o< exp(—Eq(x, 2))
(N | Nets) (invertible)
D (x) @ eurape (eJS mve}r9 9| (xe) Do ()

—_
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Questions?
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