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Outline

AGenerative Models: Overview

APlain Generative Models
A Autoregressive Models

AlLatent Variable Models

ADeterministic Generative Models
A Generative Adversarial Nets
A Flow-Based Generative Models

ABayesian Generative Models
A Bayesian Inference (variational inference, MCMC)
A Bayesian Networks

A Topic Models (LDAjghtLDASLDA

A Deep Bayesian Models (VAE)
A Markov Random Fields (Boltzmann machines, deep edsggd models)



Generative Model: Overview

AGenerative Models:
AModels that describe the generating processabbbservations.

ATechnically, they specify(¢) (unsuperviseddr () (supervisedjn
principle, either explicitly or implicitly.
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Generative Model: Overview

AGenerative Models:
AModels that describe the generating processabbbservations.
ATechnically, they specify(¢) (unsuperviseddr () (supervisedjn
principle, either explicitly or implicitly.
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Generative Model: Overview

ANon-Generative Models: W

Discriminative models ({
(e.g., feedforward neural networks): (@)
onlyn(usw) is available.

- TS oy
O JIOEMOEHCE OCEMNCEPOECCET E YOEP €

Recurre Nt neural one to one one to many many to one many to many many to many
networks:

onlyR(| | Dis ! Pt f Pt Pt
available. T T t 114 t t f AL

2019/10/10 -MSRAs S 5



Generative Model: Overview

ANon-Generative Models:

~[<
g

BN ES

SREER

0 [%8]°0 [Onfen o0

Autoencoders:
N(w unavailable.

!

j

SlelSlololo
CERERR
EREENN
Glvlsle

EANES
IEIG

(Img [DFD+18])



Overview

AWhat can generative models do:

Generative Model

1. Generate new data.

VQOQOQONoe=Q
LhwvihhubyLn.Ow
T AT

R N R el NN

—— et I — Sy .. D Se— —

MM MOMM N ANM
- Ta i EaNat iy Wi N He
N9 e O39SO\ w0
Do B O 00 Do Oy Oy D0 09 B

QAN NANNANANANNN S SNNNNNSN
QAN EELLLLHLWN NN~
QAW LLLVVYYY N~
QAVVUININLYGy G G VWVOVVY W -~~~
QAVOVHHINNEVW WP BVLIVIYY W W - —
QAOODOHINHININMHOEBPBDIOIY D W W - —
QAQOOMIMMMNMOoYWMODIIY D W - ——
QOODDOIMMNMMMN M MEOO DD D w o o —
OODOMMMM M MD)W D DD D e e —
OODOMMWM MM MNP DD e —
QOMMMOMMM MM DLW e on om om = —
QOMM MM (0O 0000 en e oo - —
QA NI 080900 0000000000 0n o O~ 0~ =
R G G G Rl R R R
it~
Sl odogorororororrraann~
SAdadadaddocorcrrorrFTITIIINN
SAddaddgrrrrrrdITITTIRIXINN
Sddagogoroorrrsrr>rrIr2r2rNN
I g g el ol vl ol ol ol N N NN LN

Missing Value Imputation (Completion)

Conditional Generation
n(ww [LWZZ18]

) [OKK16]

[

n(w

-MSRAs
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Generative Model: Overview

AWhat can generative models do:
1. Generate new data.
dthe cat sat on the ma&D n(w): Language Model.

R (KGO @Q &+ diguon 2 yaw 0N G KEQON Y I by 01 F K dop w

TP RP DY

‘ >Q 4~—>Q—h>£2—h>§2

R S

2019/10/10 -MSRAs S




Generative Model: Overview

AWhat can generative models do:
2. Density estimation(w).

Anomaly Detection:

5 X X x
- X X X
S X X
s | X ﬁx’g*(xx
| x X X o
X X
€I (heat)

2019/10/10 -MSRAs S

[Ritchie Ng]



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

Generative Model: Overview

AWhat can generative models do:
3. Drawsemanticor concise representation of data(vialatent variableq).

DA"Y&‘]?.X"‘“‘:Qq Daily - Wa “ENGINES™ speed product introduced designs
“ROYAL” britain queen Sir earl
“ARMY"™ commander forces war general
“STUDY™ analysis space program user
“PARTY”™ act office judge justice
T Sy “DESIGN™ size glass device memory
Dalln thcgrf [~ Guafdian “PUBLIC” report health community industry
w(documents) Q (topics) [PT13]
ol /=1 |vIS|él7] 6|9 e
Of i21sl#15|«]7]18]9
EINESASAREE
ol /]12]314S1elT]#]q
FIAEIC G FEE]
0\ L13]4]506]7]2]9 ;
w(image) O (semantic reglons) [DFD+18]
2019/10/10 -MSRAs S 10



Generative Model: Overview

AWhat can generative models do:
3. Drawsemanticor concise representation of data(vialatent variableq).

(e) Young | (f) Male |
w(image) O (semantic regions) [KD18]

2019/10/10 -MSRA$ S 11



Generative Model: Overview

AWhat can generative models do:

3. Draw semantic aronciserepresentation of datav(vialatent variableq).

Dimensionalit joutor _- Egg‘ffiﬁs
Reduction: B “ARMY”
B “STUDY”
B “PARTY"
B “DESIGN”
I “PUBLIC”
N gl Topic proportion
an gn
ol /|=1zlvlslélz]s]7
RHEEABEABE
EINESAEARAEE
pAPANEANER =
FINABEERVIEE
o]V 13]14]15]6]17]¢2]9
wN [= GN ba

2019/10/10 -MSRAs S

speed
britain

commander

analysis
act
size
report

[DFD+18]

product

queen
forces
space
office
glass
health

introduced
SIT
war
program
judge
device
community

[PT13]
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Generative Model: Overview

AWhat can generative models do:

4. Supervised Learning: O CA g(df |of K (cf it ))}).

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

{bird, mammal} Q. tOpICS commander forces war

analysis space program

) scien h|
has beak? can fly? has fur? has four legs? 'I W : sclence & tec

[Naive Bayes]

-| w : politics |

2019/10/10 -MSR A s : Supel‘vised LDA [MBO8] 13



Generative Model: Overview

AWhat can generative models do:
4. Supervised Learning: O CA &«

SemiSupervised Learning:

Unlabeled datdcs ’} can be
utilized to learn a better)(aiv)) .

2019/10/10 -MSRAs

oS H(¢ et )IRcd ).

~

-
-~



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

Generative Model: Benefits
G2 KFid L OF yy 2dey OBE i 13y Riarichagl Fegramian

ANatural for generation.

AFor representation learning: responsible and faithful knowledge of the data.
AFor supervised learning: can leverage unlabeled data.
AFor supervised learning: more dagéficient.

For logistic regression (discriminative) and naive Bayes (generative) [NJO1],

d
€Dis. N < €Dis,0o + O N
'Y data dimension.

log d 0 : data size.
N )

€Gen,N S €Gen, o0 -1+ O (



Generative Model: Taxonomy

APlain Generative Model®irectly model(¢); no latent variable. 1 (cb)@
AlLatent Variable Models:

A Deterministic Generative Models: A Bayesian Generative Models:
Dependency betweerband(x IS Dependency betweemanda is
determlnlstlcoo "Qa. probablllstlc (i) D 1) (ad).

N (cdn)

A6 @ n(Q

w Qo

n (W

2019/10/10




Generative Model: Taxonomy

AlLatent Variable Models
ABayesian Generative Models

A Bayesian NetworkBayesNet A Markov Random Field (MRF):
() specified by () andr(ald).  r(add) specified by an Energy function
O (cf: i (cht) © A DO (ah)) 8

A Synonyms: Causal Networks, A Synonyms: Energgased Model,
DirectedGraphical Model UndirectedGraphical Model
o (@ ©
GDN G N (cffe A gBO (afy)

\



Generative Model: Taxonomy

A : P whether use
Summary Generative Models (GMs) / latent variabled | | geterministic or
_ probabilistica-w
Latent Variable Models / dependency
Deterministic GMs directed or

Bayesian GMs /undirected
Generative

Adversarial Nets,

Topic Models, Boltzmann machines

Variational Aute Deep EnergyBased
Encoders Models

Autoregressive
Models

Flow-Based Models

oy

@) 1@ (&) (&)
» Q4 ODn G N (e A DO (a)
1 @ (@) @ 1 @ () (o)

2019/10/10 -MSRA$



Outline

AGenerative Models: Overview

APlain Generative Models
A Autoregressive Models

AlLatent Variable Models

ADeterministic Generative Models
A Generative Adversarial Nets
A Flow-Based Generative Models

ABayesian Generative Models
A Bayesian Inference (variational inference, MCMC)
A Bayesian Networks

A Topic Models (LDAjghtLDASLDA

A Deep Bayesian Models (VAE)
A Markov Random Fields (Boltzmann machines, deep edsggd models)



Plain Generative Models

ADirectly modeR(¢); no latent variable involved.

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

ALearning: Maximum Likelihood Estimation (MLE).

= AQGAW ()l TnQ] AGIGET (hFY)

KullbackLeiblerdivergence

+ (M) h VM ([ TOE )]

AJCA@B 1 inCof’ . :
AFirst example: Gaussian Mixture Model |
n@ B |~ a R, “

— (Rh). Il




Plain Generative Models

AAutoregressive Model:

o = Fowe ol

(& Foo B hi ) 1) NG ) (e LW o )E R0 W )
Modeln(w) by each conditionaj(w|w ) ((hdices components).
AFull dependency can be restored.

A Conditionals are easier to model.
AEasy learning (MLE).
AEasy generation: ) s o
wbn(w o DR(w)h DN(w|w)Bhw Dn(w|oBhw )8
But nonparallelizable.



AutoregressivéModels Sigmoid function

AFully Visible Sigmoid Belief Network [Fre%/ ) —
noleo ) "AQ, (B o w))
ANeural Autoregressive Distribution Estimator [LM11]
A@lo ) " AQI]L (G (g @ &) @)

AA typical language model:
n dthe cat sat onthe mat n(w
Ao (KOG & diguon 2 yau 00 0 KEUn Y I dy 0N F K & W

DO

Q——\—>Q—A—>Q \ \\Q—ﬁQ—ﬁQ

P I

al @
2019/10/10 -MSRAs
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Autoregressive Models

AWaveNet [ODZ+16]

AConstrucn‘] (w|w ) via Causal Convolution
® ®

o
1o hos

NN
0 d

ol

Output

Hidden Layer

Hidden Layer

Hidden Layer

® 0. 0. O ®
® 0. 0. O ®
&.-;\-\-\-‘O:;_-\-\i OO
0000
0000

\-\5{};—_-\-\5‘{}-;\-\-'-'-‘o.-;\ o
0000
¢ 0.0 0.0
@ O OO 0

& @—OOm

Input

8‘ .’-'\'\' ':;O . '\":O“C\"' ) ' ;O-'f\' ':.'O

2019/10/10 -MSRAs S 23



Autoregressive Models

APixelCNN &ixelRNNOKK16]
A Autoregressive structure of an image:

e

APixelCNNmodel conditional distributions
via (masked) convolution:

"Q vVZw h
nwlo ) . .('Q8
A Bounded receptive field.
A Likelihood evaluation: parallel

2019/10/10 -MSRAs




Autoregressive Models

APixelCNN &ixelRNNOKK16]

APixelRNNmodel conditional distributions via
recurrent connection:

[Qf] , 34 f{z"erJA Cqr) o )F‘
N(wlw ) . .(Q)8
A Unbounded receptive field.

A Likelihood evaluation (iow): parallel
Likelihood evaluation (intemow): sequential




Autoregressive Models
APixelCNN &ixelRNNOKK16]

occluded completions original

Image Completion

Image Generation

2019/10/10 -MSRA$ S 26



Outline

AGenerative Models: Overview

APlain Generative Models
A Autoregressive Models

AlLatent Variable Models

ADeterministic Generative Models
A Generative Adversarial Nets
A Flow-Based Generative Models

ABayesian Generative Models
A Bayesian Inference (variational inference, MCMC)
A Bayesian Networks

A Topic Models (LDAjghtLDASLDA

A Deep Bayesian Models (VAE)
A Markov Random Fields (Boltzmann machines, deep edsggd models)



Latent Variable Models

ALatent Variable:

A Abstract knowledge of data; enables various tasks.

“ENGINES”

Knowled e“ROYAL”
g€ «ARMY”

Discovery <STUDY”
“PARTY”
“DESIGN”
“PUBLIC”

Generation

2019/10/10

speed product introduced
britain queen SIr
commander forces war
analysis space program
act office judge
size glass device
report health community

‘MSRA s

Dimensionality
Reduction

28



Latent Variable Models

AlLatent Variable:
A Compact representation of dependency.
DeC A Yy SThedpr@n®(d955): ifo hoo H8 ) areinfinitely exchangeablehenm

rv.dandn(t|a) s.t.) £,
(o B ho) ( h(wld))h(d)MS

r(o02)[r(sd s)

3

Infinite exchangeability
For allé and permutation, , (@M hd) /(o (B hd ().



Outline

AGenerative Models: Overview

APlain Generative Models
A Autoregressive Models

AlLatent Variable Models

ADeterministic Generative Models
A Generative Adversarial Nets
A Flow-Based Generative Models

ABayesian Generative Models
A Bayesian Inference (variational inference, MCMC)
A Bayesian Networks

A Topic Models (LDAjghtLDASLDA

A Deep Bayesian Models (VAE)
A Markov Random Fields (Boltzmann machines, deep edsggd models)

2019/10/10 -MSRAs S
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Generative Adversarial Nets

ADeterministic’Qdd™ ¢y modeled by a neural network. ‘ ngg ) @
: : - ) Q
+ Flexible modeling ability. (Neural Net

+ Good generation performance.
- Hard to infera of a data pointa
- Unavailable density function (w).
- Mode-collapse.
ALearning:i EA E Qg ().
Adisct=+ (fHy ) MLE:1 AW [l 1nd, butn (o) is unavailable!

Adiscr = JensesShannon divergence [GPM+14].
Adiscr = Wasserstein distance [ACB17].

n (@



* Generative Adversarial Nets

e e e (o @ (&)
ALearning:l EA E Q)M (). b 06
AGAN [GPM+14]j|scr = JenserShannon dlvergence (Neural Net @
g' AW()[' I, (3\(00))] v <>[' i(e (W) 1ice

v o ( (o)

A, ("Y®)) is the discriminator{Yimplemented as a neural network.
A Expectations can be estimated by samples.



* Generative Adversarial Nets
e @ (&)
: E :
ALearning:i EA E Qg () 5 0
AWGAN [ACB17{tisct = Wasserstein distance: (Neural Net @
Q (F ) E] A (] =
OOB [% M [%]9ifcis a distance in a Polish spacg)(w)
A Choosé&hoas a neural network with parameter clipping.
A Benefit’Q has more alleviative reaction to distribution difference thars

I:] -, s _ :
n 0.2
Q Q

2019/10/10 -MSRAs S 33



Outline

AGenerative Models: Overview

APlain Generative Models
A Autoregressive Models

AlLatent Variable Models

ADeterministic Generative Models
A Generative Adversarial Nets
A Flow-Based Generative Models

ABayesian Generative Models
A Bayesian Inference (variational inference, MCMC)
A Bayesian Networks

A Topic Models (LDAjghtLDASLDA

A Deep Bayesian Models (VAE)
A Markov Random Fields (Boltzmann machines, deep edsggd models)

2019/10/10 -MSRAs S
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FlowBased Generative Models

ADeterministic andnvertible’Qda™

+ Availablalensity function! (invertiblé)
1@ afa o (oo))‘—‘ 6 NEOEF ZBE NR | 6 6154 0 O
. y " \ \ -
+ Easy inferencét  "Q (6. Deerminant

- Redundant representation: dingt.= dim.a
- RestrictedQ: deliberative design; eithef2 or (9 computes costly.

ALearning:l E+ (MKWh) () MLE:I AW ([I TnQd)].
ANICE [DKB15RealNVRDSB17], MAF [PPM17], GLOW [KD18].



* Flow-Based Generative Models

ARealNVPDSB17] <’> 0

ABuilding block: couplingd "),

{ylzd — T1:d

Ya+1:p = Tat1:0 O exp ($(z1.4)) + t(21:q)

N {wlzd = Y1:d
Ld+1:D = (yd+1:D - t(@h:d)) © exp ( - 3(ylzd)):

(a) Forward propagation (b) Inverse propagation
wherel andodd O q are general functions for scale and translation.

A Jacobian Determinant:—‘ AdB | (wy)).
A Partitioningeusing a binary mask

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




* Flow-Based Generative Models

ARealNVPDSB17]
ABuilding block: squeezing: from { oto- - T ®
4] 8]

ACombining with a muI{jsca(lfl))e architecture:
h“"W/ =«

(Z(’Hl)’ h(’i+1)) _ f(?l+1)(h(’f3))
) = L) (p(E=1))

2= (W, ... 2,

whereeacROF 2 f f 2 g & -boueeZhgOLdELX VAT 3¢ | NOKA GS O dz




* Flow-Based Generative Models
ARealNVPDSB17]

2019/10/10 -MSRAs S
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Flow-Based Generative Models
AGLOW [KD18]

Component
Details

2019/10/10

One step ofQ

affine coupling layer

invertible 1x1 conv

f

actnorm

{

Combination :

of the steps to
form "Q

@

?

step of flow

?

squeeze

F 3

split
?

step of flow

?

squeeze

x K

4

3
d
%

©.

Description

Function

Reverse Function

| Log-determinant

Actnorm.

See Section .

Vi, 9 : 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,¥b = 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
AGLOW [KD18]

Generation
Results
(Interpolation)

Generation |
Results §
(Manipulation; |
each semantic
direction =

of ol )

2019/10/10

40



Outline

AGenerative Models: Overview

APlain Generative Models
A Autoregressive Models

AlLatent Variable Models
A Deterministic Generative Models
A Generative Adversarial Nets
A FlowBased Generative Models

ABayesian Generative Models
A Bayesian Inference (variational inference, MCMC)
A Bayesian Networks
A Topic Models (LDAjghtLDASLDA

A Deep Bayesian Models (VAE)
A Markov Random Fields (Boltzmann machines, deep edAsggd models)



BayesiariGenerativaVlodels: Overview

Bayesian Networks

AModel structure Bayesian Modeling Priorf(6) Posterior
APriorf)(&): initial belief ofd. | ?éqagz)sian
A Likelihood)(¢jd): dependence ofyon &. Bayesian Infe?'ence)
ALearning Kodel Selection MLE. Modeling

— AJGA® ([l TNQW], Likelihood
Evidence)(c) ,, N(aho) Ad. n(ceD)
AFeature/representation learningd@yesian Inferenge
Posteriom)(Q] &) % (( H)S)() . e8SAaQ NXz S
represents thajpdatedinf(;rmation that observationoconveys tal.

AGeneration/predictionat D n(azoho D n(aa ).

2019/10/10 -MSRAs S 42

Data
Variable
W

Evidencea)(w)
(Model Selection)




Bayesian Generative Models: Overview

ADependency betweemanddis probabilistic (¢it) D 1 (¢dn).
A Bayesian NetworkBayesNet A Markov Random Field (MRF):
n(ad) specified byi(¢) andn (o). n(ad) specified by an Energy function
O (af): Ny (a) © A DO (i) 8
A Synonyms: Causal Networks, A Synonyms: Energgased Model,
DirectedGraphical Model. UndirectedGraphical Model.

A Directional/Causal belief encoded: A Modeling the symmetric correlation.
wis generated/caused by, notthe A Harder learning and generation.

other way.
1o (@ O
WD agl N (@6 A DO (ahy)

\



* BayesiarGenerativeModels: Overview

Not all Bayesian models are generative:

Generative Bayesian Models Non-Generative Bayesian Models
o _ Posterior T _ N\ Posterior
Priorn () Variable) p, 5 Priorn(q) Variablg p, (qift)
Likelihood Likelihood™{
A (i) N (oohw) |
Evidence ‘ vidence
~ D <o
A (ce) ata N[(3:)
 Joeneae Nongenorave
Supervised Naive Bayessupervised LDA Bayesian Logistic Regressiol
Bayesian Neural Networks
Unsupervised BayesNetgL DA, VAE), (invalid task)

MRFs (BM, RBM, DBM)

2019/10/10 -MSRAs S



BayesiariGenerativaVlodels: Benefits

A Robust to small data and adversarial attack.
N]

NIV | N TR
T ||| [MT AT
M\ W) A7) | M

Oneshot generation [LST15]
A Stable training process

A Principled and natural inferencg(d|c) A I . | &

Q NMzt S

(f)>
Q)¢

2019/10/10 -MSRAs S 45



* BayesiarGenerativeModels: Benefits

A Robust to small data and adversarial attack.

5-Way 1-Shot
00.0 Y ;\_/ I

MAML
57.5 EMAML 53 80 1 2
- BMAML ' 53.30
=550 e s /77 N m m ~N N
— 55.(
@ 50.60 2% ‘ 50.44
552’.-3 1 *1.42 ' +1.41 m m— m m— WT
{U ‘
50.0 - ‘ |
M =1 M =5 M =10

Number of Particles

Meta-learning [KYD+18] Oneshot generation [LST15]

2019/10/10 -MSRAs S



* BayesiarGenerativeModels: Benefits

A Robust to small data and adversarial attack.

accuracy predictive entropy

1.0 . 1.2

— mlp
0.8} — alpha=0.0{ O
0.6 — alpha=0.5 0.8}

— alpha=1.0 0.6
0.4}

0.4

0.2 0.
0.0 | 0.0 ' ' ' '
00 01 02 03 04 05 00 01 02 03 04 05

stepsize stepsize

Adversarial robustness [LG17]
(non-generative case)

2019/10/10 -MSRAs S
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* BayesiarGenerativeModels: Benefits

A Stable training process
A Principled and natural inferencg(Qlc) A I . F 8 S&Q NIzt S

Posterior
N(aw)
(Bayesian
Inference)

Priorn ()

Bayesian
Modeling

Likelihood
N (g

Data
Variable
W

Evidence)(w)
(Model Selection)

2019/10/10 -MSRAs S 48



BayesiariGenerativaVlodels: Benefits

A Naturalto incorporate prior knowledge

S

[KSDV18]



Outline

AGenerative Models: Overview

APlain Generative Models
A Autoregressive Models

AlLatent Variable Models
A Deterministic Generative Models
A Generative Adversarial Nets
A FlowBased Generative Models

ABayesian Generative Models
A Bayesian Inferencévariational inference, MCMC)

A Bayesian Networks
A Topic Models (LDAjghtLDASLDA
A Deep Bayesian Models (VAE)

A Markov Random Fields (Boltzmann machines, deep edAsggd models)

2019/10/10 -MSRAs S
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Bayesian Inference

Estimate the posterion(d|w).

']
Nos

> d) | % > (b
AN o @) AN (or @)

Bayesian Modeling Bayesian Inference

2019/10/10 -MSRAs S 51



Bayesian Inference

Estimate the posterion(d|w).

AExtract knowledge/representation from data.

“ENG

INES”

“ROYAL”

| _ Poster 9T TopicsARMY"

Modeling Inferenc

Likelihooad
N ()

2019/10/10

“STUDY™

h (ng)) “PARTY™
“DESIGN”

Bayesia “PUBLIC”“
“CHURCH

-MSRAs

speed
britain
commander
analysis
act
size

report
prayers

product
queen
forces
space
office
glass
health
communion

== P N1 e
Documents —ype\N AN R

o ko i . e g STl h
Baily Telear: sl Z¢GUardian

introduced
Sir
war
program
judge
device
community
religious

designs
earl
general
user
justice
memory
industry
faith

fuel

died
military
research

legal

engine
conference

historical
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* Bayesian Inference

Estimate the posterion(d|w).
AExtract knowledge/representation from data.

Naive Bayest {bird, mammal}

has beak? can fly? has fur? has four legs?
Nww  mnw
Nwo Mo m nlaw p)nw p)
M) A ACA @) achieves the lowest errgri(od  (p  "@0))0) N(W) A

N(w T

2019/10/10 -MSRAs S 53



* Bayesian Inference

Estimate the posterion(d|w).
AFacilitate model learnind: A@B | I7Caof ) .

An (@ . N (on (&) Adishardto evaluate:
A Closedform integration is generally unavailable.
ANumerical integration
A Curse of dimensionality
A Hard to optimize.

Al TG 1 TMGH[A @] 1 T-8 1 (¢fa¢ ) Hat '} D n@.
A Hard forf) (&) to cover regions wherg (ajd) is large.
Al -8 1 (¢Ja¢ ) is biased:
Wi -8 f (da)| T ivg-B 7 ()] T Tnq@.



Bayesian Inference
N (@ . " @on (@ A

Estimate the posterion (a|w). / Hard to evaluate!

AFacilitate model learnind: A®@B | TnCdf ) .

An effective and practical learning approach:
AlIntroduce avariational distributionj(q):
Qe fi [l + (R@ (@lo)h
fi[n@lh M [l TnQay] M [ Th@n]8
Afl [A(@] 1 TnQw C Evidence LoweBOund(ELBO)!
Afl [(Q)]is easier to estimate.
A (Variational) ExpectatieiMaximization Algorithm:

(@) Estep: Letl [n(@)] | Tnc@f — T E+ (A@R (@)
(b) M-step:l A @ [A(A)].
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* Bayesian Inference

Estimate the posterion(d|w).
AFor prediction:

. N(c¥ |ohos ) (@les hedey Agh
(6 |65 of)) ) o
. N(w |ahes Hn(ala) Aas

2019/10/10 -MSRAs S
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* Bayesian Inference

Estimate the posterion(d|w).

Alt is a hard problem
AClosed form of)(d]c) ® 1 (a)r(add) is generally intractable.
AWe care abouexpectationsw.r.t 11(¢| o) (prediction, computing ELBO).

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

A So that the Maximuna Posterior{MAP) estimate
AGGARTIG(c) )} ) AGCARING 1 Thgs g

does not help much for Bayesian tasks.

Modeling Method Mathematical Problem

Parametric Method Optimization
Bayesian Method Bayesian Inference
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Bayesian Inference

AVariational inference (VI)
Use aractablevariational distributiomy(¢) to approximaten (a|w):
[E+ (n@mo)e
Tractability known density function, or samples are easy to draw.
AParametric VI: use a parametéeto represent] (Q).

AParticlebased VI: use a set of particl{e:;é )} to representr}(q).

AMonte Carlo (MC)
ADraw samples from (0] ).

ATypically by simulatingMarkov chain(i.e., MCMC) to release requirements on
nalow.



Bayesian Inference: Variational Inference
L E+ (N@MElw)8
AParametricvariationalinference usea parameter%dto representr] (Q).
But+ ,(r’] (M ((’g(lcb)) Ishardto computeX
Recall 1 TAQ@ fl [A@] + (@M (&),
so E+ (0 @m@) TAB[ @]8
The ELB@ [ (@] M [l TnQany] M (]I TAG(®)] is easier to compute.

AFor modelspecifically designed (&), %, "(+%9 has closed form
(e.g., BJJO6] for SBNBNJO3] for LDA).



* Bayesian Inference: Variational Inference
L E+ (n@M(0)8

AParametricvariationalinference usea parameter%dto representr] (Q).

AlInformationtheory perspectiveof the ELBOBits-BackCodingH\VO3].
A Averagecodinglengthfor communicatingoafter communicatingts codeq:
M sHl 1T INQEIQ)]8
A Averagecodinglengthfor communicatingx underthe bits-backcoding
M@l 1T IN@T M @ol | @]
Thesecondterm: the receiverknownsthe encodem(¢|a) that the senderuses
AAveragecodingIengthfo[ communicatingowith the help of ¢
MesHl T INGEIQ) 1 In@) 1 1INGIw)]8
Thiscoincideswith the negativeELBO!
MaximizeELBG= Minimizeaveragedcodinglengthunderthe bits-backscheme



Bayesian Inference: Variational Inference
L E+ (M@ (dlw) 8
AParametricvariationalinference usea parameter%dto representr] (Q).

Main Challenge
ANX shouldbe aslarge/general/flexibleaspossible,
Awhile enablespracticaloptimizationof the ELBO

r'IZ

A qf;e } (AR (cl)



Bayesian Inference: Variational Inference

AParametriovariationalinference usea parameter%eto representr (0.
L A@ 7 @] v 0 el v Ol Tne@)])s
AExplicit variational inference: specify the form of the density functjof).
A Model-specific] (0): [SJJ96] for SBNBNJO03] for LDA.
A[GHB12HBWP13RGB14]: modehgnostia) (¢) (e.g., mixture of Gaussians).
A[RM15, KSJ+16]: define (¢) by a flowbased generative model.

Almplicit variational inference: defing (&) by a GANike generative model.

A More flexible but more difficult to optimize.
A Density raticestimation: [MNG17, SSZ18a].

il @ v ol Tnqeel v | i-¢
A Gradient Estimation | 1AC(d): [VLBMO08, LT18, SSZ18b



* Bayesian Inference: Variational Inference

AParametricvariationalinference usea parameter%dto representr] (Q).
L A@ [n @] v 0 Inga] v ol Tnc@])s
AExplicit variational inference: specify the form of the density funcfjo().
To be applicable to any model (moeminostia) ()):
A[GHB12]: mixture of Gaussign(®) -B ~ (4°
"1 OAB W ( 5 QY]
-B W ( s [4AUICBO] -B @ ) —O00O @ )),
2AA -B 1iBC T (| A, ., )0 110¢
A[RGB14]: meafieldry (0 B n (a)8
Anfln] M [T TnQay].
Avdl[q ] v O[( 1 ne@)( Thgary T ing@)]
(similar to REINFORCE [Wil92]).(with variance reduction).

= ¢

3
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* Bayesian Inference: Variational Inference

AParametricvariationalinference usea parameter%dto representr] (Q).
L A@ [n @] v 0 el v Ol Tre@)])s
AExplicit variational inference: specify the form of the density funcfjo().

To be more flexible and modanostic:
A[RM15, KSJ+16]: define (&) by a generative model:
aDA (@ o "Q¢)h DAF)h
where™Q is invertible (flow model).
Density functiom) (q) is known!

A& Al Q@)

il vl Thaey 1o e

—‘ (rule of change of variables)



* Bayesian Inference: Variational Inference

AParametricvariationalinference usea parameter%dto representr] (Q).
L A@ [n @] v Ol el v Ol inc@])s
Almplicit variational inference: defing (&) by a generative model:
abn (@ a "QF)h DAGEIh
where"Q is a general function.

A More flexible than expliciVIs.
A Samples are easy to draw, but density functiporid) is unavailable.

Afl 4 (@] M ()[\I INQaE s ()] \ ()[‘I T‘%)S ()]8
Key Problem:

A Density Ratio Estimation(@) i ——

X
A Gradient Estimation | Q).



* Bayesian Inference: Variational Inference

AParametricvariationalinference usea parameter%dto representr] (Q).
L A@ [n @] v 0 el v Ol Tre@)])s
Almplicit variational inference
Density Ratio Estimation:

AIMNGL7)H Ti¢ AGA® (i T,€XD)] M [l (g . (X))
Also used in [MSJ+15, HusTRB1Y.
A [SSz18a]:

PV o — P : P : P . I
| AO%-CFVI [(iHU1) ] C|||IH{_J P V) v v ((3 V) =)Duh

wherev @ 0 (6Rr). (0 ) o (¢VR) (e} b @.{a) pn@.
Gradient Estimation:
A [VLBMOS, LT18, SSZ18b



Bayesian Inference: Variational Inference
[ E+ (n@mee)8
AParticlebasedvariationalinference useparticles{c}(( )} to representr)(q).

Tominimize+ ,((&)M (&4l ), simulateits gradientflow on the Wassersteirspace
AWassersteirspace
an abstractspaceof distributions
AWassersteirtangentvector
vectorfield.

A\




Bayesian Inference: Variational Inference
I E+ (N@m(@l)8

AParticlebasedvariationalinference useparticles{c}(( )} to representr)(q).
wh COAAMM 1l 1@ 8

al) N gl) - @( ))8 B (60 )0
w(al)) _ for Gaussian Kernel:
Repulsive force!

ASVGD [LW16B 0 n ,1 Th@e B n (0 .

N . B rl rl
ABlob [CZW+18) 1 TA@O|w) — 2 B B()
N s B rl
AGFSD [LZC+19]:1 In@O)e) ——

AGFSF [LZC+19]:1 T e B ) 1 0



* Bayesian Inference: Variational Inference
I E+ (N@m(@l)8

AParticlebasedvariationalinference useparticles{c}(( )} to representr)(d).

Non-parametricr): more particles,moreflexible.
A SteinVariationalGradientDescen{SVGDJLWLE]:

Updatethe particlesby adynamics— w (0 ) sothat KLdecreases

(:]() _00(0(

TN A Hidw) n 1 () &) (continuity Eq)



* Bayesian Inference: Variational Inference
[ E+ (M@m@le)8
AParticlebasedvariationalinference useparticles{c}(( )} to representr)(q).

A SteinVariationalGradientDescen{SVGDJLWLE]:
Updatethe particlesby adynamics— w (0 ) sothat KLdecreases
A Decreas&L:
w h AC](;A% —+ (A M Lo’o't'rl‘l InC n't'd)l}S
[ ]

Fortractability,

o R A@BOCH A@ M [oind TAC nt®]

i B (a0 aO))0
k ( )[U @fn | Ir](b() ' ole hD]S/ for Ggﬁssiar; Ke)rnel:
Updaterule: Q(() [B v O Ir]@(( )) B U ] Repulsive force!
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* Bayesian Inference: Variational Inference

AParticlebasedvariationalinference useparticles{{x( )} to representr)(q).

AUnified view as Wasserstein gradient flow (WGF) [LZC+19]:
particle-based VIs approximate WGF witk@npulsorysmoothing assumption,

In either of the twoequivalentforms ofsmoothing the densityBlob, GFSD) or
smoothing functiongSVGD, GFSF).



* Bayesian Inference: Variational Inference

AParticlebasedvariationalinference useparticles{{x( )} to representr)(q).

A Acceleratioronthe Wasserstein  Algerithm 1 The acceleration framework with Wasserstein
Accelerated Gradient (WAG) and Wasserstein Nesterov’s

SpaCe[LZC']:Q] : method (WNes)

A App|yRiemanniam S 3G S NP ( 1: WAG: select acceleration factor a > 3;
WNes: select or calculate ¢, co € RT (Appendix C.2);

methodsto v (VJ) 2: Initialize {x(()i)}fil distinctly; let yéi) = a:(()i);
3: for k=1,2,--- , knax, do
0.76 * ' 4. fori=1,---,N.,do
' 5 Find v(y\"” ;) by SVGD/Blob/GFSD/GFSF;
0.741 i i i
> I 6 xl(c_) = yi(cll + 5?)(91&;11);
En 72 ,'l 7 y;(:) = xz(;)JF
vl ; — 5\ GD-WGD _ i i or— i
® JN . SVGD-PO WAG: %(yl({lll _‘ri(czl)_i_ k+k QEU(yi(fll);
) (4) (i) .
0.70- - SVGD-WAG WNes: ¢ (Cg — 1)(:sz — xk—l)v
: = SVGD-Wies 8:  end for
0 2500 5000 7500 9: end for

: . : : (1) N
Inference for Bayesian logistic regression 10: Return {x; ° };% .




* Bayesian Inference: Variational Inference

AParticlebasedvariationalinference useparticles{c}(( )} to representr)(d).

AKernelbandwidthselection
A Median[LW16]: medianof pairwisedistanceof the particles

A HE[LZC4%9]: the two approxtofj (&), i.e., 1 (@r{@é )} ) -3 ﬁ((yr‘{(y( )} ) (Heat

f
Eq) andﬁ((xF al) -] Ir'](ﬁ(g(()l”l(g(( )} )} \ (particleevolution),shouldmatch
— ) < 7))
F & AF \ || § ‘
Median: “f.f ';;; ! ) : } { )
1'.-‘;;& '"f’ \ ¢ \
AE AE i i
.4 Ak v
SVGD Blob GFSD GFSF
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Bayesian Inference: Variational Inference

AParticlebasedvariationalinference useparticles{{x( )} to representr)(q).

A Unifiedview asWassersteigradientflow: [LZC19].
A AsymptoticanalysisSVGDLiu17] (0 © Hh © m).
ANon-asymptoticanalysis

Aw.rt-: e.g., [R6] (asWGF)
Aw.rt(:[CMGH8, FCSS8, ZZa89].

AAcceleratingParVIs[LZC49, LZA 9.

A Addparticlesdynamically[CMG48, FCSH3].

A Solvethe Wassersteimradientby optimaltransport [CZL7, CZ\W18].
AManifold supportspace [LZ18].



Bayesian Inference: MCMC

AMonte Carlo
ADirectly draw i(i.d.) samples from)(a] ).
A Almost always impossible to directly do so.
AMarkov Chain Monte Carlo (MCMC):
Simulate a Markov chain whose stationary distribution(ig| ).
AEasier to implement: only requires unnormalizg@| ) (e.g. 1(Ah)).
A Asymptotically accurate. 1
ADrawback/Challenge: sample autorrelation. .
Less effective than i.i.d. samples.

o b

0.9

.85

DE', . dJ[ecuy
01 02 03 04




Bayesian InferencdCMC

A fantastic MCMC animation sitettps://chi-feng.github.io/mcmedemo/

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.
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Bayesian Inference: MCMC

Classical MCMC
AMetropolis-Hastings framework [MRR+53, Has70]:
Drawd” D n(&’ &' )) and takea! ) asd with probability
Ale’ & )na o)
else taked! ) asal V.

Proposal distributiom(¢° |&): e.g., taken as (& |ah, ).



Bayesian Inference: MCMC

Classical MCMC

AGibbs sampling [GG87]:
Iteratively sample from conditional distributions, which are easier to draw:
()Dr]O( Q(()FI:J(()FBFI:)(()FIL))H
O(()DHQ(‘()F\ c}(()FBFr}(()FIbﬁ
a()Dr‘](’g((’g(()ng(()ﬁ SFI’;(()FIbﬁ
8 h
é(( ) Dr‘](@‘@(( ) FI’;(( R ¢(( ) ng(( )Flb)8




Bayesian Inference: MCMC
Dynamicsbased MCMC

ASimulates a jumyree continuoustime Mark%m(dynamics):
Al g(o() A9 JCO(0) AS (&) h ] Pos. semilef. matrix

3~O( J(O()— v (T[ﬁ; (000') é(-)ﬁ Brownian motion‘
with appropriatecd) and’O(d) so thatf(a|c) is kept stationary/invariant.
Alnformative transition using gradient 1 NG ®).
ASome are compatible witstochastic gradienSG): more efficient.

vTagey vl Tag) v T TRQE )R

n] i@ Nl TR ) 1 In@d Yla)m O 8




Bayesian Inference: MCMC

Dynamicsbased MCMC

ALangevin Dynamics [RS02] (compatible with SG [WT11, CDC15, TTV16)):
¢ ) & -nl TR@O|e) T (it )8

AHamiltonian Monte Carlo [DKPR87, Neall, Bet17]

(incompatiblewith SG [CFG18et1]; Ieapfrog mtegrator!CDClS])
(0T l( -To 1 TRQ )|oo)h
U( ) O 1) B (L Th@‘( )|(b)8
AStochastic Gradient Hamiltonian Monte Carlo [CFG14] (compatible with SG)
a0 a0 4 1OR
¢ O i@ e -6 i) 7 (ng 6)8

AX



* Bayesian Inference: MCMC

Dynamicsbased MCMC
ALangevin dynamics [LanO08]:
Ad nl Indo VcAs (8
Algorithm (also called Metropolis Adapted Langevin Algorithm) [RSOZ2]:
¢t ) a - 1In@Ve) T (rfr Hh
followed by an MH step.




* Bayesian Inference: MCMC

Dynamicsbased

AHamiltonian Dynamics

A Algorithm: Ham
Drawi () D"

9

MCMC

Aot 1A

A 1l N8

Iltonian Monte Carlo [DKPR87, Neall, Betl7]
(rit) and simulate) steps:

(O T 3O Cron 'I'r‘]Q’g(()|d))ﬁ

) &) -+ iC TR

and do an M

U( ) O 1) (-Fon i ]‘hg;(( )|(b)ﬁ
H step, for one samplecof

A StormerVerlet(leapfrog) integrator:

A Makes MH

ratio close to 1.

A Higherorder simulation error [CDC15].

A More distant

exploration than LD (less atdorrelation).



* Bayesian Inference: MCMC

Dynamicsbased MCMC: using stochastic gradient (SG).

ALangevin dynamics is compatible with SG [WT11, CDC15, TTV16].

AHamiltonian Monte Carlo isicompatiblewith SG [CFG14, Bet15]:
the stationary distribution is changed.

AStochastic Gradient Hamiltonian Monte Carlo [CFG14]:
Ad + i Adh
A nl Tn@o 6t 1A Vg 648 (1)8
A Asymptotically, stationary distribution s

ANon-asymptotically (with Euler integrator)radient noisds of higherorder of
Browniarrmotion noise[CDC15].




* Bayesian Inference: MCMC

Dynamicsgbased MCMC: using stochastic gradient.

AStochastic Gradicrant No&éoov% Tfj:err‘n%g%ats [DFB+14] (scaar 1):
‘ l

Al indo iy v dhd ()R
k A (61 t p)AoS

AThermostats N a: adaptively balance theradient noiseand theBrownian
motion noise

9
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* Bayesian Inference: MCMC

Dynamicsbased MCMC

AComplete recipe for the dynamics [MCF15]:
For any skevsymmetric matrix) and pos. semdef. matrixO, the dynamics

Ad A o Q) AS (W
6 5 1 (A0 B))F

keepsh) stationary/invariant.
A The inverse also holds:

Any dynamics that keepgstationary can be cast into this form.
A If Ois pos. def thenn is the unique stationary distribution.

Alntegrators and their nofasymptotic analysis (with SG): [CDC15].
AMCMC dynamics as flows on the Wasserstein space: [LZZ19].




Bayesian Inference: MCMC

Dynamicsbased MCMC

AComplete framework for MCMC dynamics: [MCF15].
Alnterpretation on the Wasserstein space: [JKO98, LZZ19].
Alntegrators and their norasymptotic analysis (with SG): [CDC15].

AFor manifold support space:
ALD: [GC11]; HMC: [GC11, BSU12, BG13, LSSG15]; SGLD: [PT13];

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

ADifferent kinetic energy (other than Gaussian):
AMonomial Gamma [ZWC+16, ZCG+17].

AFancy Dynamics:
ARelativistic: [LPH+16]
AMagnetic: [TRGT17]




Bayesian Inference: Comparison

_ ParametricVI ParticleBased VI MCMC

AsymptoticAccuracy

Approximation Flexibility Limited Unlimited Unlimited
Empirical Convergence Speed High High Low
Particle Efficiency (Do notapply) High Low
High-Dimensional Efficiency High Low High

2019/10/10 -MSRAs S
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Outline

AGenerative Models: Overview

APlain Generative Models
A Autoregressive Models

AlLatent Variable Models
A Deterministic Generative Models
A Generative Adversarial Nets
A FlowBased Generative Models

ABayesian Generative Models
A Bayesian Inference (variational inference, MCMC)

A Bayesian Networks
A Topic Models(LDA LightLDASLDA
A Deep Bayesian Models (VAE)

A Markov Random Fields (Boltzmann machines, deep edAsggd models)

2019/10/10 -MSRAs S
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Topic Models

Separatgglobal (dataset abstraction) anldcal (datum representation) latent variables.

Topic proportions and

Topics Documents assignments

gene 0.04

o Seeking Life’s Bare (Genetic) Necessities

oy COLD SPRING HARBOR, NEW YORK— “are not all that far apart,” especially in

How many does an gEganism(ncegd to  comparison to the 75,000 in the hu
\_/ survive! Last week at the genome mecting mAgenQIIe, notes Siy Andersson o8erila

here,” two genome rescarchers with radically

- L
different approaches presented complemen- g up with |L«I|i\\\
life 0.02 tary views of the basic genes needed for e : :
evolve 0.01 One research team, using puter analy \
; ses to compare known nes, concluded  more
organism  0.01 that today's BEERIISIS can be sustained with sequenced. “It may be a way of organizing \
Ly just 250 genes, and that the earliest life forms ny newly seq " explains ]
required a mere 128 The o Arcady Mushegian, a I tional mo / ’—I
\_/ other researcher mapped genes 7 lecular biologist at the Nati ente —
mn a siump IL parasite ang IL'~I1 LR y tor |‘\|. MCC hn\ylnx_-\ Ini\\(n) won B
mated that for this organism, [ gonome. in Bethesda, Maryland. Comparing ai
. 800 genes are plenty todo the | i e
brain 0.04 job—but that anything short S NN o parksio-spociy wn gend
neuron 0.02 of 100 wouldn't be enough. .\\ ‘,‘j;.%mm /‘ ex ~4genes. 122 geres
nerve 0.01 Although the numbers don't g eensas +22 gones ' L L a
. match precisely, those prediction \ Aysihoane e 2%%3‘3: o)
/ \ 469 genes ; Y - <
* Genome Mapping and Sequenc- N
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
data 0.02 R .
number 0.02 SCIENCE e VOL. 272 ¢ 24 MAY 1996
computer 0.01 [
“yy L T

= [SGO7]
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Latent Dirichlet Allocation
Model Structure [BNJO3]:

A 0

O-H-O-O—O

0 v (@)

AData variable: Words/Documents {0 } 4 h d,ﬁ') N {p8 w}.

ALatent variables:
AGlobal topicst {f } 4qh N3 .
ALocal topic proportions— {—}h— N 3 |
topic assignmentéd  {& Y N {p8 U}
APriorn( @ $ HOM—|®O $HAIM@ |—) - O(9.
ALikelihoodn(0 |a H) - O O).




L atent Dirichlet Allocation

Variational inference [BNJO3]:
ATake variational distribution (medield approximation):

A ChRDN SHOIL) $HEOI) - OlGO[|% )8

AELBQ@_h Fsv30) is available in closed form.
AE-step: update_H Msby maximizing ELBO;
AM-step: updateitwby maximizing ELBO.



| atent Dirichlet Allocation
MCMC: Gibbs sampling [GS04]

Model structure 1/ o) 6 6(5 Al )(5 h— )
\ o B ( ) B ( )
ﬂ(qh)) O 0(5 ( ) )(5 ( ) )

(O : #times word) is assigned to topi€ U : #times topicQappears in documeri®)
AUnacceptable cost to directly computgal0) (&) )F1(0).
AUseGibbs samplingp draw fromn (&0 )!

3 § 0 @
» A6 F) o (o g
NG Qo )0 o0 @)
AFort and—use MAP estimate: ) i
s e~ s U W .
' h AQCARINC |[v) -~ —h

U6 W (%J 8:> Estimated by
— h AQCABINGH) : — samples ofy

VW



* Latent Dirichlet Allocation

MCMC: Gibbs sampllng |GS04]
an ho)

$ B O|H $ HQIw)( - OaO]—)- OO | )))

e
-y

( g) 26 , wheres(t) is the Gamma function.

A0 B L’) 0 m ‘Q: number of times that word is assigned to topi&

A0 B \(a 'Q): number of times that topiappears in documer®



* Latent Dirichlet Allocation
MCMC: Gibbs sampling [GS04]

A0 R0 ) 66( T )( _ )
h h

A4 ~

0 \I(0 o QR \I(G 08

2«

A and—can be collapsed:
n(eho) A NG h-R) ATA —

o B 3(0 0 ) B 3(0 ®) o
09 30 o 3@ 06

AUnacceptable cost to directly computga|v) 1 o 11 (0)!




* Latent Dirichlet Allocation
MCMC: Gibbs sampling [GS04]

o o B 3(0 ) B 3(0 ® )
n(an) OO( 3(0 ©o) )( 3(0 00

AUse Gibbs sampling: iteratively sample from

A él() (:J(()F(:X()FI:X()FBF[:X() ﬁ,))ﬁ

A é(()é(()ﬁ Q()ng(()FBng(() ﬁr);ﬁ

r‘]@‘()@‘()w()ﬁ é(()FBFI’;(()ﬁ')ﬁ

3 h

n(e Vet R OR ) JBR) aie ja D)8
. 0 w .



* Latent Dirichlet Allocation

o B 3(0 @ ) B 3(0 & )
n(am) °°< 30 ©o )( 30 00 )

($ AT T0OOA OQ)
.., (B 3 ® ))is(0 e O o), B 3(0 @ )\.B 3(0 Wa " o)
00 — . — — t - — t - —
3(0 W(a Q@ oo 3(0 VW 3(0 LW
I 6 Nis@ o)t o) )
00 ) N Y )
3(0 W) t(0 W )
< 5 30 ©)\.b 30 & )i o))
t = — t ~ —
3(0 0 3(0 LW

56( (B 3(63([3 ci))i’t’(;)(i) &))f (5 :))>v( )

. B 3(0 @ )\.B 3(0 @)\, . N )
t(( 3G 00 )t 3G 00 )t @ &) 8




* Latent Dirichlet Allocation

MCMC: Gibbs sampling [GS04]

AForf , use the MAP estimate:
I AQCABING [0)8
Estimaten( [0) M ¢ [A¢ haho)] with one sample o from 1 (¢]0):

11 4

0 w p 0 W

I 7~ =9
0 w0 ® 1 0o

AFor—use the MAP estimate: ) .
U W P 0) (0)) 3
o 0 VW U U LW




| atent Dirichlet Allocation
MCMC LightLDAYGH+15]

. § 0 W
i da Fo)o (¢ . 5
@ da fw)e (0 6 )% =
ADirect implementationt (0 ) time.
AAmortiz§dL‘3 (p) multinomial sampling: alias table. .
1/41 1/4-
=
0.

0 2 4 0 2 4 0 2 4

2 4
0.p p.X o T 0N P\ P\ P
bl 1 amag (w6 ) (oh (i) ()| 1com

A0 (p) sampling'®@ 5 1 EMIM DS 1T [EEEa EuE 0 Al QA
AU (0) time to build the Alias Table Amortized0 (p) time for0 samples.
AWhat if the target changes (slightly): use Metropolis Hastings (MH) to correct.

98
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* | atent Dirichlet Allocation
MCMC LightLDAYGH+15] "
n@ de e @)

AProposal in MH: ) .

, x o .. U W
na@  Q° (U W) — 8
L 2T 6
Update0 0 H 0 h O everyy draws.
ADocproposal:
A MH ratio =\ I ) ) ) ey
ratio = . I I )U(p)

ASample from® 0 :taked where¢ D5 1 {pHER }. Directlyd (p).
A Sample fron? & (dense): use Alias Table. Amortizecp).



* Latent Dirichlet Allocation

MCMC .LightLDAYGH+15] )
NG e w)e G 6)s

0 W .
, —h
¥ RYR)
AProposal in MH: ) _
o ) LoD &
na  Q° ( W) — 8
LT ad
Update0 0 H 0 h O everyy draws.
AWord-proposal:
AMHraior— U )0 JC 0
S G ) ) ° ()

A . Sample from either term: use Alias Table. Amortizéd).



* Latent Dirichlet Allocation

MCMC LightLDAYGH+15]
AOverall procedure for Gibbs sampling (cycle proposal):

p(k)t Pw(k) 4 Pa(k) 4
k k k
true conditional distribution word-proposal distribution doc-proposal distribution

A Alternatively use worgproposal and doproposal: better coverage on the
modes.

AFor eachr , runthe MH chai® 0 times and take the last sample.
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* Latent Dirichlet Allocation
MCMCLIghtLDAYGH+15]  /fpwem] -

%

\I ™\
. 1 ELL o il
A . . ¥ il ’;__ 'f__ ._.-"‘ T } V-[ .
System implementation | [oawsiocca] kL - o
Block: : SRR I TN .1 ) iSlice
ASend the model to data: v ' e }" by
Block; |Pata Block3 F TR’ » f. Slice
TR T }v
."‘-;__ Data Block 4 \\_ 4101 / L Y
3 d, d, d;3 +- dsz ;{
Swapping of data blocks A blocki:féi::quments Sliding of model slices

Power Law Phenomenon of Term Frequency

—

o
i
b

AHybrid data structure:

—
(=]
=

stop words

=
= =2 o
o (] —
o0 L= (=]

10" |
10° |

____________________________________

term frequency

10° b

100 | long-tail words

103 i i Jd A A i

10° 10! 10° 10° 10* 10° 108 10
word id
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L atent Dirichlet Allocation

ADynamicsBased MCMC and PartieBased VI: targve’llC[ 0).
n IR o) M (o ﬁr))[n | InC hj;(h’))]S
‘T

Gibbs Sampling | Closedform known

A Stochastic Gradient Riemannian Langevin Dynamics [PT13],
Stochastic Gradient Nodgoover Thermostats [DFB+14],
Stochastic Gradient Riemannian Hamiltonian Monte Carlo [MCF15].

AAccelerated particldased VI [LZC+19, LZZ19].



* Latent Dirichlet Allocation
MCMC: Stochastic Gradient RiemanniamgevirDynamics [PT13]

Ao O [T InAo0 t0O Ao (mcO AlS
ATo draw fromm @ |0),
: P o Eirn N R P TN
| | , halo ) A ‘ , v ) A
| QG’IU)‘ n(I,ij) LN o)A a NG 10) ne o) Aa
ne o) n¢ mlo

R0 10) Ao Rioy ~ ¢ e ol 1ING s
An@ hah ) is available in closed form.
An(alf o) can be drawn using Gibbs sampling.

AEacl is on a simplex: useparameterizatiorto convert to the Euclidean
aLJ OS 06 U RKkcoin€sdrony, .§IND

B



* Latent Dirichlet Allocation

MCMC: Stochastic Gradient Riemannian Langevin Dynamics [PT13]

Aw O

I TN o

AVarious parameterizations:

t'0 A0

(M0 A 38

Parameterisation Reduced-Mean Reduced-Natural Expanded-Mean | Expanded-Natural
_ iy _ 8 | _ ek
0 O = mp, 0, = log s RT, my = S, 10r] My = L
Vilog p(#]x) ”‘;“ — 11k ,T';” 1 n+a—(n + F.rk} ”ﬂj‘l - —1|nt+a—nm- e’
G(6) n. (diag{&}‘1 TS llT) L (diag(m) — 77 T) diag (6) " diag (e”)
G~ L (diag(#) — 667) n. (diag(ﬂ)'] - l—ZIla- — llT) diag (6) diag (e~?)
D 1.0G - 1 K—1 -8,
2 k=1 ({’ JHL(’ )Jﬂ Koj—1 2 =5, ) —1 ©
D — . - 'y
s2, @), r(o o) | ko L el -1 B
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Supervised Latent Dirichlet Allocation

Model structure [M BOS] “ENGINES” speed product introduced
, - “ROYAL” britain queen SIT
~ . o topics “ARMY” commander forces war

analysis space program

-| W : science & techl

—h,
@\
O-HHO-O+ 10

-| w : politics |

APrediction: for test documeni |,
O h M ol@] =M@ ol
- M@ o Hlafl
First do inference (find(a |0 )), then estimateaw .
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* Supervised Latent Dirichlet Allocation

Model structure [MBO8]: B -, &
AGenerating process: @
ADraw topicst D $ EQhQ piB h; I <

AFor each documert® ®; @

A Draw topic proportion— D $ &) 2 - S
A For each word in documentQ
A Draw topic assignmert D - O[-O;
A Draw wordd D - O[aO).
ADraw the responsed D~ (- ofh, )dfh —B & (onehot).
"G Rk )

( $ I:‘(TOI(I)))( $ E<c‘) . BEOI—)- OO | ))” (& |- ofF, ))8




* Supervised Latent Dirichlet Allocation

Variational inference [MBO8]: similar to LDA.
ASame variational distribution

Nrp @ hROR  SHOIL) S$HOI) - O(¢O|% )8

ELBQ_h Mesyduh-h, ) is available in closed form.
AEstep: update_if Msby maximizing ELBO.
AM-step: updatedtuhi-h, by maximizing ELBO.
APrediction: given a new document ,
W h M @olol =M@l -9 g s
First do inference: find(a |0 ) i.e.%o, then estimatew .



* Supervised Latent Dirichlet Allocation

Variational inference with posterior regularization [ZAX12]
ARegularized BayeR¢gBayeqZCX14]:
ARecalln(al{cf 'rf })
Aol Aipl + ((@M@) B v [I TAQS R g)]},
ARegularizgposterior towards better prediction:
B+ (@m@) B v [I Tn@d i )] en@r{c hf }).
AMaximum entropy discrimination LDAMédLDA [ZAX12]:
Angnrfo ORd OV} B (o) o X(nfn )

B fb(df ) RANCeI ))[QF)]),
where/b(i1) | A{@i| -}isthe hinge (maxnargin) loss.
AFacilitates both prediction and topic representation.



Outline

AGenerative Models: Overview

APlain Generative Models
A Autoregressive Models

AlLatent Variable Models
A Deterministic Generative Models
A Generative Adversarial Nets
A FlowBased Generative Models

ABayesian Generative Models
A Bayesian Inference (variational inference, MCMC)

A Bayesian Networks
A Topic Models (LDAjghtLDASLDA
A Deep Bayesian Model®/AE)

A Markov Random Fields (Boltzmann machines, deep edAsggd models)
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Variational Autdencoder

More flexibleBayesian model usimdgep learnindools.
AModel structure (decoder) [KW14]:

a DN@) (o ghg,

® DR @a) ~ (wg @O (@)

where* (a ) andt (a ) are modeled by neural networks.

ne@ )
N (o)




Variational AuteEncoder -

AVariational inference (encoder) [KW14]: q (& 3;)).:
n@wodhBb n@lo) B ~ (4 (@k (),
where’ (w)B (&) are also NNs.

AAmortized inference: approximate local posteri@igd | )}  globally byo
A Obijective:

ne@ )
N (o)

N

Mo 0%, @] = Mg e[l ThOEOA @16) T TG 16)]8
5 (@ @)

A Gradient estimation with the reparameterization trick:
a D (@lo) a "Q@h)h ' (@) T s (@hDAF) ~ ¢ ghgs

T M (H[%, (@] -B M ()[rl ﬁ(i Qe )N (wxx) 1 InCa w)s ( ﬁ))]'
(Smaller variance than REINFORKeEestimator [Wil92]n M [Q M [@ 1 1nQ.)



Variational Autdencoder

AGeneration results [KW14]
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* Variational Auteencoder
AWith spatial attention structureGDG+1p

P(x|z Ct—1—| write —C¢—{ write > . . . =CT’ P(x|z.
(T ) wit wrie o }-P(x|21.7)
decoder hdec4decoder \ .|decoder|
FNN t—1 | RNN | RNN
i i
Z A
T ff' ti_l decoding
sample sample sample (generative model)
I N P WA P encoding
. g
Q(z|x) Q(Zdlaz%;t 1 Q(Z;H‘Iﬁzl:t) (inference)
h nci encode encoder|
encoder -1 RNN RNN
FNN \ T T
ead read




* Variational Auteencoder 32{5¢%€19
52913512
Alnferencewith importanceweightedELBBG35] 7L8S5 ,’ L
AELBOA [ (@] M (o inQafid] v i ing@)sd ! 05712
. 7223730
AA tighter lower bound: Y3 147966
ol ) 4 7

. N oo 042797L¥
ﬂ()[n]hw()ﬁ;ﬁ()x%S ||§(2; ((O(()))S 5195909494
(e ’) ] v 1l706%
Ordering relation: 571 €4 ) LS 7

i) #9m] #9m] & 6] “l IAQ(c) 8

(h) .
If ——< NG IS bounded.
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Variational Autdencoder

AParametric Variational Inference: towards more flexible approximations.
AExplicit VI:
Normalizing flows [RM15, KSJ+16].
Using a tighter ELBB(GS1h
Almplicit VI:

Adversarial Auteencoder [MSJ+15], Adversarial Variational Bayes [MNG17],
Wasserstein Autdcencoder [TBGS17], [SSZ18a], [LT18], [SSZ18Db].

AMCMC [LTL17] and Partidased VI [FWL17, PGH+17]:
ATrain the encoder as a sample generator.
A Amortize the update on samples ¥



Outline

AGenerative Models: Overview

APlain Generative Models
A Autoregressive Models

AlLatent Variable Models
A Deterministic Generative Models
A Generative Adversarial Nets
A FlowBased Generative Models

ABayesian Generative Models
A Bayesian Inference (variational inference, MCMC)

A Bayesian Networks
A Topic Models (LDAjghtLDASLDA
A Deep Bayesian Models (VAE)

A Markov Random Field&Boltzmann machines, deep energgsed models)
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Markov Random Fields ©

Specify] (cf) by anenergy functioriO (¢fd): N (h)e A DO ()
N () —A QPO ()i . AgBO (i) AbAx s (@

AOnly correlation and no causality(ahd) is eitherry ()N (cld) or (N (G| ).

+ Flexible and simple in modeling dependency.

- Harder to learn and generate thddayesNets =0if0 1 inC
ALearning: evem (¢ is unavailable. ] / 5
TM I INA®] My (H[P O(d)] M 5[t O (d)]8

t t
(augmented) data distribution model distribution
(Bayesian inference) (generation)

ABayesian inference: generally sameBayesNets
AGeneration: rely on MCMC or train a generator.
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Markov Random Fields
ALearningn M ([ ThQ@] M () ( sH[M O (¢h)] M gﬁ)[“ O (afn]8

Bayesian Inference Generation
ABoltzmann Machine: Gibbs sampling for both inference and generation [HS83].

O@h) ®»od -wdo-&04

n(alefe ) "AQIB w6 B 0 &)
N (@lao ) " AQIB o a B b »))
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Markov Random Fields
ALearning.ﬂ M ()[i |I’]q00)] M () *( S)[rl O ((A:FU)] M (ﬁ)[rl O ((Afﬂ)]S

*
Bayesian Inference Generation

ARestricted Boltzmann Machine [Smo86]:

oW woda &)o & a

A Bayesian Inference is exact:
@l " AGI(oag &)

A Generation: Gibbs sampling.
lterate:

@l " AGT(0ag &)
(@l Acé,j(o‘o o >))




Markov Random Fields

Deep EnergyBased Models:

No latent variable©O () is modeled by a neural network.
T M I TNQAw] Mol owl v ([ 0(w)]8

A[KB16]learnagenerator ) )
wbn (@ oD@ "Q(@h
to mimic the generation from ():

AGGET (1 M) AGCET ([0 ()] O[r'l]

JanRonarinLea
10T HLA/E00
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Markov Random Fields

Deep EnergyBased Models:

No latent variable©O () is modeled by a neural network.
"M Ol A M [t Ol v ([t O(w)]8

A[DM19]: estimated ) t by samples \ o
drawn by the Langevin Dynamics. ey Y Tl

2019/10/10 -MSRAs S 122



* Markov Random Fields

Deep EnergyBased Models:

No latent variable©O (w) is modeled by a neural network.
T M [ TR Mol owl v ([ 0(w)]8
A[DM19]: estimateM () t by samples drawn by the Langevin Dynamics
o ) o) no(d)) T (e )8
AReplay buffer for initializing
the LD chain.

A0 -regularization on the
energy function.



