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Lecture Objectives

= Markov Random Fields
= Boltzmann/Gibbs distribution
» Factor graphs

= Conditional Random Fields
= Multi-View Conditional Random Fields

= CRFs and Deep Learning

= DeepConditional Neural Fields
* CRF and Bilinear LSTM

= Continuous and Fully-Connected CRFs
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Bidirectional
and Cycle GAN
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Example: Talking Head

https://arxiv.orqg/abs/1905.08233
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https://arxiv.org/abs/1905.08233

Info GAN

Landmarks
Iass: ks What if we would like to also
class: cal U learn an encoder from x to z?
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GeneratorJ

Real
or
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Learn to synthesize
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Random :
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vector
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Bidirectional GAN

Random Synthesized
vector image

- Selects either
Generator

(‘z’,x) or (z,X’)

e

Real

Discriminator — or
fake

, _

Encoding of | Real
real image Learn to map image
image to

latent space
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Paired and Unpaired Data

Many of these approaches use paired data...

Paired
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... but how to handle unpaired data?
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Cycle GAN

idea 1: Let's have multiple discriminators and g rators
DY DX
G A A G

~— X vyl [x Y .
E : cycle-consistency
F E E ‘;.\'---"‘ loss
. cycle-consistency | ..- i
loss \.K /.
Unpaired
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Cycle GAN

Monet < Photos Zebras . Horses _ Summer T Winter

—> horse

Phtograph
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Quick Recap
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Five Multimodal Core Challenges
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Tadas Baltrusaitis, Chaitanya Ahuja, and Louis-Philippe Morency, Multimodal Machine Learning: A Survey and Taxonomy
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Fusion and Representation — Neural Networks
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For many neural models, it is ambiguous
when representation learning ends..




Fusion — Probabilistic Graphical Models

r

~

Fusion

4m Domain knowledge
a) Latent sub-structure

Emotion
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b) Structured output prediction
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Structured Prediction - Examples

Image “semantic” segmentation Dependency parsing

[ o

The boy saw the dog

S
e v

N
NP NP
/N /N

Det N V Det N
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Fusion — Probabilistic Graphical Models

[ Fusion R

__ ')

4 )
Representation
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Bayesian networks
(last lecture)

But they can be challenging to optimize
jointly with neural networks...

Markov Models
(this lecture)

But let’s first do a historical detour...



Restricted
Boltzmann Machines
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Deep Multimodal Boltzmann machines

One of the first multimodal
representation learning paper
was using Boltzmann machines!

= Generative model: models
the joint probability between
modalities

= |t can sample both text and
image modalities Image m t

YV VYV VN
v Vi
maAAAANAJ
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Deep Multimodal Boltzmann Machines

R

Image GivenTags Generated Tags
pentax, k10d, beach, sea,
kangarooisland, ~ surf, strand,
southaustralia, ~ shore, wave,
sa, australia, seascape,
australiansealion, sand, ocean,
300mm waves

night, lights,
christmas,
<no text> nightshot,
nacht, nuit,notte,
longexposure,
noche, nocturna
portrait, bw,
blackandwhite,
S50 o,
s, people, faces,
girl,blackwhite,
person, man
fall, autumn,
unseulpixel, trees, leaves,

naturey crap

foliage, forest,
woods,
branches,
path

Language Technologies Institute

N

2 nearest neighbours to generated
image features

Input Text

nature, hill
scenery, green
clouds

flower, nature,
green, flowers,
petal, petals, bud

blue, red, art,
artwork, painted,
paint, artistic
surreal, gallery
bleu

bw, blackandwhite,
noiretblanc,
biancoenero
blancoynegro



Deep Multimodal Boltzmann Machines

Performance on image retrieval task

0.65 : : : :
+—¢ Multimodal Deep Boltzmann Machine
{—{ Multimodal Deep Belief Net
c
2
o
 0.55
l - *
[ - - P [ - \
5 Pailred text is only
L]
=, I ced adurina traininatl
< 0,50 used during training!
3
=

I S e

0.40

imag® mpu'\tmage h-‘dde'\nrr%aqe “"dden%o'mt hidden e niddenZ oy niddend yoxt input

But what are Boltzmann machines?
Let's start with the “restricted” version...
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Restricted Boltzmann Machine (RBM)

Undirected Graphical Model
= A generative rather than discriminative model
= Connections from every hidden unit to every visible one

= No connections across units (hence “Restricted”),
makes it easier to train and run inference

@ @ °* 0 0 @ Hidden layer

L=

(x)) (x3) o o o (xy Visiblelayer
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Restricted Boltzmann Machine (RBM)

(x, h: 6) exp(—E(x, h; 8))
X, N, — rtition
P S 3 exp(—E(xX', I 0)) — fmesion ;

Hidden and visible layers are binary (e.g. x = {0, ..., 1,0,1})

Model parameters 6 = {W, b, a}
E=—-xWh —bx —ah
E=—2Xjwixihj — X;bix; — Xjash; Hidden

| ' J ‘ ¥ ) \ y J @ OOO , layer

Interaction Bias terms >< '

term @ @ Visible
)
layer
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Boltzmann Machine

exp(—E(x, h; 0))

> 2 exp(—E(x', h'; 0))
Hidden and visible layers are binary (e.g. x = {0, ..., 1,0,1})

p(x, h;0) =

Language Technologies Institute



Statistical Mechanics: Boltzmann Distribution

[also called Gibbs measure]

exp(—E(h;0)/kT)
2 exp(—E(R’; 0) /KT)

» probability distribution that gives the probability
that a system will be in a certain state h

p(h; 6) =

E(h; 0): Energy of state h
k: Boltzmann constant
T: Thermodynamic temperature

Language Technologies Institute



Markov
Random Fields
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Markov Random Fields

exp(-E(h;0)) _ @(h;6)
Y exp(—E(R;0) ~ X, ®(R';6)

» Set of random variables H having a Markov
property described by undirected graph

p(H = h;0) =

Potential
functions

0
o(h;0) = | |$ehi6) o)~ o
k

= exp (— z Ey (h; 9k)>
K
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Markov Random Fields

Ph;0) X% 6)
2p PR 0) Xy X b (Y, x5 6)

®(h; 0) = ¢p1,(hy, hy; 013) X
$P16(hy, he; O16) X
$26(h3, hg; O26) X

@ @ ®25(hy, hs; O55) X
@ Gas5(hy, hs; O45) X
@ ¢34(h3, h4; 934)

p(H=h;0) =

Language Technologies Institute



Markov Random Fields: Factor Graphs

Ph;0) X% 6)
2p PR 0) Xy X b (Y, x5 6)

®(h; 0) = ¢p12(hq, hy;012) X
$16(hy, he; B16) X
$26(hz, he; O26) X
¢25(hy, hs; B25) X

Gas5(hy, hs; O45) X
¢34(h3, h4; 934)

p(H=h;0) =

Language Technologies Institute



Markov Random Fields (Factor Graphs)

Ph;0) X% 6)
2p PR 0) Xy X b (Y, x5 6)

'\

p(H = h;0) =

®(h;0) = ¢p1,(hy, hy; 015) X
P16(hy, hg; O16) X
P26(h2, he; O26) X > pairwise

¢d,c(hy, hs; O55) X potentials
P4 (hy, he; O4c) X
P34(hs3, hy; O34) X P
1(hy; 61) X Ps(hs; O5)
X ¢345 (hg, h4, hS; 9345)
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Markov Random Fields — Clique Factorization

Ph;0) X% 6)
2p PR 0) Xy X b (Y, x5 6)

'\

p(H=h;0) =

Cligue factorization \’CI)(h' 9) _ ¢12(h1 hz' 312) <
lps\ $16(h1, he; B16) X
b26(h2,s he; B26) X > pairwise
A) ‘ potentials
(71;9) . } ¢25(hy, hs; O25) X |
¢151 ¢\‘, ( Pas (g, hs; O45) X
: 26
(//h)“ ,\J b $34(h3, hy; O34) X p

\ -’
1, N h ;0 X h ;H

" ./‘i;i.z/“hz, 1 (hy; 61) X Ps(hs; O5)

X (345 (N3, hy, hs; O345)
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Chain Markov Random Fields (Factor Graphs)

Ph;0) X% 6)
2p PR 0) Xy X b (Y, x5 6)

'\

p(H = h;0) =

®(h; 0) = ¢p15(hy, hy; 615) X .
¢},3(hy, hs; 053) X pairwise

potentials
$34(h3, hy; 034) X
’ ¢’ ¢? Loy o) x
v, " ? Y, (hy; 0;) X
P3(hsz; 03) X
1/14(h4; 94)
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Example: Markov Random Field — Graphical Model

[Sabourin et al., 2011]

. Valence . Emotion
)

23

e >

O o

=8

2 @

O & Learning Performance Focus
c

'C# boc/k views ) (# corfdct ans) Qoﬁsgnness D) yastery >
d |
@ no[es takerD (lncq rrect ans) @gre\gablenes) MOI ?nce |
astery ;
@ poster wew) ( Total goals D @onsmenﬂous) < approach > i

________________________________________________________________________________________

Observable environment variables  Survey-based personality variables
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Example: Markov Random Field — Factor Graph

[Sabourin et al., 2011]

Valence O . Emotion :
) How to improve
GE) 9 the factor graph?
S 5
o4 How many unary
2 g _ and pairwise
@) S Learning Performance potentials? Focus

____________________________

:C# boc/k views ) (# corfe

oidance

@ no[es takerD (lncq rrect ans) @gre\gablenes)

ct ans) Qoﬁbenness D( yastery >

Evidences
observable)

Mastery
@ poster wew) ( Total goals D @onsmenﬂous) approach i

________________________________________________________________________________________

Observable environment variables  Survey-based personality variables
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Example: Markov Random Field — Factor Graph

[Sabourin et al., 2011]

Valence ! = {  Emotion

OuUtcome

(non-observable)

Learning Performance Focus

___________________________

:C# boc/k V|ews> C# cor . i y > |
id
nofes aken> (Finofrectans | | Cagndsgileness) =—2Joiree

Mastery 5
@ poster wew) ( Total goals D @onsmenﬂous) approach i

________________________________________________________________________________________

Observable environment variables  Survey-based personality variables

Language Technologies Institute

Evidences
observable)



Example: Markov Random Field — Factor Graph

[Sabourin et al., 2011]
Valence Emotion

OuUtcome

(non-observable)

Learning Performance Focus

___________________________

:C# boc/k V|ews> C# cor . i y > |
id
nofes aken> (Finofrectans | | Cagndsgileness) =—2Joiree

Mastery 5
@ poster wew) ( Total goals D @onsmenﬂous) approach i

________________________________________________________________________________________

Observable environment variables  Survey-based personality variables

Language Technologies Institute

Evidences
observable)



Conditional
Random Fields
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Conditional Random Fields (Factor Graphs)

Py, x6) Xk, x6)
y @O x0) Xy Xy b (Y, x5 6)
~

p(y|x;0) = 5

Oy, x;0) = Pp12(¥1, Y2, X; 012) X .
$23(V2, V3, %; 023) X~ Egltrevxﬁgls
$34(V3, V4, X; O34) X )

Y1 (y1, x; 61) X

2 (¥2,%; 02) X

P3(y3,x; 03) X

Vs (Va, X5 64)

Language Technologies Institute




Conditional Random Fields (Factor Graphs)

Py, x6) Xk, x6)
y @O x0) Xy Xy b (Y, x5 6)
~

p(y|x;0) = 5

Oy, x;0) = P12(V1, Y2, X; 012) X
$23(V2, Y3, X; 023) X
$34 (V35 Yar X; 034) X p
Y1 (Y1, %15 01) X

Y2 (¥, x2; 03) X
Y3(y3, x3; 03) X

V4 (Var X4; 604)

pairwise
potentials

Language Technologies Institute




Conditional Random Fields (Log-linear Model)

Py, x6) Lk, 6)
y @O x0) Xy Ly P (V' % 0)

_ exp( Xk Ok fk (¥, X))
Zyr exp(Xy Ok fr (¥, x))

fi. (¥, x): feature function

p(y|x;0) = 5

* Pairwise feature function
fk(yi' yj'x; He)

« Unary feature function

fk(yilx; Hx)

Language Technologies Institute



Learning Parameters of a CRF Model

argmax log(p(y|x; 6))
y

= Gradient can be computed analytically

» Inference of marginal probabilities using belief propagation
(or loopy belief propagation for cyclic graphs)

= Optimized with stochastic or batch approaches

Language Technologies Institute



CRFs for Shallow Parsing

d(y,x; 0) exp( Xk Ok fi (7, X))

p(ylx;0) = >

@0, x0) X, exp(Ey O fi (¥, X))
» How many 6% parameters?
» What did 6* learn?

> What did 8¢ learn?

B-NP I-NP o
BNP 1 011 | O21 | O34
NP B, | Op | O32

o | B13 | 023 | O33
Labels:

B-NP: Beginning of a noun phrase
I-NP: Continuation of a noun phrase
O: Outside a noun phrase

We saw the yellow dog Dictionary size: 10,000 words

Language Technologies Institute




Latent-Dynamic CRF

if Vh, € H,,

p(y|x; 0) =zp(ylh; 0)p(h|x; @)  where P@"“"F{é otherwise
h

z (h|x; 6) d(h,x;0)
= pnjx; = I
- h:Vh€H,, Ly PR, %;6)

Latent variables (e.g., POS tags)
@ h = {hy,hy, hs, ..., h¢} where h; € {#,,}
For example:

@ H ={HB-Np H1-NP H0}

H = {31»32’33»34 I, 1,13, 1, 01'02'03:04}
dog Dictionary size: 10,000 words

Language Technologies Institute




Latent-Dynamic CRF

exp (2 O fx (h, x))
Yy exp(Xy Ok fir (R, X))

p(y|x;0) =
h:VhtE}[yt

» How many 68* parameters? > How many 08¢ parameters?

» What did 8% learn? » What did 6°¢ learn?

* Intrinsic dynamics
e Extrinsic dynamics

Latent variables (e.g., POS tags)
h = {hy,hy, hs, ..., h¢} where h; € {#,,}
For example:
H ={HB-Np H1-NP H0}
H = {31»32’33»34 L, I, 13,14 01'02'03:04}
Dictionary size: 10,000 words

Language Technologies Institute




Latent-Dynamic CRF for Shallow Parsing

Experiment — Analyzing latent variables

» Task: Shallow parsing with CoNLL 2000 dataset
* Input features: word feature only
» Output labels: Noun phrase labels

Label State Words = POS Freq. Label State Words | POS Freq.

. . . . That _ WDT [0.85 but cc 0.88

1) Select hidden state a* with highest marginal: By [who we foas 0, [ _n o7
« Who WP [0.33 or IN 0.67

a* = arg max p(h; = a|x; 9) any DT [100 26 CD 100

a B2 an DT 1.00 02 1 [ 1.00

] B a DT 0.98 0 11 cD 0.62

They PRP 1.00 were VBD 0.94

2) Compute relative frequency for each word B, [t o 0, =—Te—os
he PRP__[1.00 have | VBP _ 0.92

| Nasdagq | NNP 1.00 been VBN 0.97

B 4 |Florida | NNP_{0.99 0 4 e VB 0.94

cites | NNS__[0.99 to |10 0.92

Latent variables (e.g., POS tags)
h = {hy,hy, hs, ..., h¢} where h; € {#,,}
For example:
H ={HB-Np H1-NP H0}
H = {31»32’33»34 L, I, 13,14 01'02'03:04}
Dictionary size: 10,000 words

Language Technologies Institute




Hidden Conditional Random Field

Sequence label:
yETUY for example, Y: {positive, negative}

Latent variables with shared hidden states:
)
h = {h{, hy, hs, ..., h;} Wwhere hy € H

We saw the yellow dog

1
PO h1%0) = 2o exp {Z 0% f*(hesX) + ) 6% f<(heshe )+ ) 67 f7(, ht)}
' t t t

p(y| x;0) = ZP( * Inference is tractable: O(YHZT)

* Linearinsequence length T!
* Parameter learning (6%, 6¢, 6°):

* Gradient descent or L-BFGS
Language Technologies Institute



Learning Multimodal Structure

Modality- structure === mememmmmmmmm e e
 Internal grouping of observations o

Modality-shared structure @ @ @ @ @
- Interaction and synchrony @ @ @ @ @

Language Technologies Institute



Multi-view Latent Variable Discriminative Models

Modality- structure
 Internal grouping of observations

Modality-shared structure
» |nteraction and synchrony

p(ylx4,x";0) = Z p(y, h4, hY x4, xV; 9)
hA,hV
» Approximate inference using loopy-belief

49
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CRFs and
Deep Learning
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Conditional Neural Fields

G (x;, WY = [gh(x; - WY), g5 (xe - WY), ..., gh(x; - WH)]

p(y | x;0) x exp {z 0* - f*(yi, x;) + z 0° - fe(yi,yz-l)}

/_/\

N\
Xy x) = 1y, =y G(x;, W)

Language Technologies Institute



Deep Conditional Neural Fields

/_/\

N\
FAyux) =1ly; = y'1- G(a™ 1, W)

Iterate

Language Technologies Institute



CRF and Bilinear LSTM

[Dyer, 2016]

@ Output labels:

« Name entities

0° 0° 0°

Learning:

1. Feedforward
2. Gradient
a) Belief
propagation
3. Backpropagation

Input features:
» Word embedding

» What did 8¢ paramters learn?
» What does LSTM parameters learns?

Language Technologies Institute



CNN and CRF and Bilinear LSTM . 0.4

@ @ @ @ Output labels:

« Name entities
Learning:

1. Feedforward
2. Gradient
a) Belief
propagation
3. Backpropagation

I
A
——

S

91 @ 93 9a

<>
® @ O ©

Input features:
« Character
embedding

Language Technologies Institute



Continuous and
Fully-Connected CRFs
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Continuous Conditional Neural Field g, caitis 2014

Continuous output variables: (e.g., continuous emotional label) 0.3 0.2 0.7 0.8 0.5

Yy ={y1,¥2,¥3 -, ¥} Where y, € R , , , , ,

1
p(yl x;0) = 2% 0) exp {Z 0 F(ye, V-1, Xe Hg)}

N @ é; @ 6 @
( \
Z(x;0) =

Multivariate Gaussian integral:

» How to solvé
f expl3 y"2 7y + yX ' ujdy

n/2
— |(§n3|1/2 exp(z ”Z I")

Language Technologie®



Continuous Conditional Neural Field

Continuous output variables: (e.g., continuous emotional label) 0.3 0.2 0.7 0.8 0.5

Yy ={y1.Y2,¥3 -, ¥t} Where y, € R , , , , ,
& 6-F 09
Z(x;0) €Xp Z F(Ye, Ve—1,X¢,09)

S Py

Z(x;0) = f exp {Z 0 F(ye, Vi1, Xg) 09)} dy
o -

— 1

f*We xe,09) = —(Yt — gk (Xt 9;?))2

p(ylx;0) =

feeye-1) = —%(J’t — Ye-1)?

Language Technologies Institute




Continuous Conditional Neural Field

Continuous output variables: (e.g., continuous emotional label) 0.3 0.2 0.7 0.8 0.5

Yy ={y1,¥2,¥3 -, ¥} Where y, € R , , , , ,

Multivariate Gaussian distribution:

P %0) = —=— exp( ;- - w @ @ @ ‘ @
(2m) /2]51"/

saw the yellowdog
where ¥ . o _ ,
Since CCNF can be viewed as a multivariate Gaussian, the

: matrix Ve prediction of y’ is simply the mean value of distribution:

y' =arg maX(P(ylx)) = U
and u =X y

» Optimized using gradient ascent or BFGS.
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High-Order Continuous Conditional Neural Field

Continuous output variables: (e.g., continuous emotional label)

Yy = {y1,¥2, Y3, -, ¥e} Where y, € R

Multivariate Gaussian distribution:

P %0) = —=— exp( ;- - w @ @ @ ‘ @
(2m) /2]51"/

k-order potential functions:

[ e Y1) = —%(Yt — Veoi)®

Language Technologies Institute



Fully-Connected Continuous Conditional Neural Field

Continuous output variables: (e.g., continuous emotional label)

Yy = {y1,¥2, Y3, -, ¥e} Where y, € R

Multivariate Gaussian distribution:

—exp (307~ W27y - 1) @‘@éé“‘é

p(yl x;0) = n/
(2m) /213"

k-order potential functions:

[ e Y1) = —%(Yt — Veoi)®
Grid potential functions:

22 (vuy;) = =25, - v)°

where S; ; specifies which nodes are connected.

Language Technologies Institute




Fully-Connected CRF,

Krahenbuhl and Koltun, 2013]

“Semantic” image segmentation

[

y;. object class label

x;. local pixel features

P (y, ; 0) Mixture of kernels
y PO, x; 6) A

p(y|x; 0) = >

C
( )
where CDl-j(yi, Vi 9) — z u(m)(yi' y]le)k(m)(xl' x])
m=1

Language Technologies Institute



CNN and Fully-Connected CRF .. ... L4

Aeroplane
Coarse Score map
Deep
; Convolutional . "
Neural __‘4
Network
Final Output Fully Connected CRF Bi-linear Interpolation
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Fully Connected Deep Structured Networks
[Zheng. et al., 2015; Schwing.and Urtasun,..2015]

“Semantic” image segmentation

gz|gz

|g3|g4|gs

jegelele]

. Computation of marginals q(

Algorithm: Learning Fully Connected Deep Structured Models
Repeat until stopping criteria

1.

Forward pass to compute f.(z, §,;w) ¥Vr € Ry, € Y,
(7;) via filtering for t € {1, ..., T} *—

z,y),1

2
3. Backtracking through the marginals ¢{, , ;(9:) fromt =T —1downtot =1
4,

5. Parameter update

Backward pass through definition of function via chain rule

Using
apprd

g mean field
)xXimation

Language Technologies Institute




Fully-Connected Temporal CRF

Fully-connected CRF applied to video sequence:

Category Coor il Category Ci0
Object Door ject Cup'

Action Walk i Take

F

Progress Start Tes: Start |

Scene Dining - Dining &

= _Fuﬂ}."

Language Technologies Institute

Add latent variable over

Intent = the whole sequence

T —

Connected ,Temporal Model”

= e
= e ———————— —
— —— ——

Cios / Category Cios Category Coor
Cup ¢ Object Water ! Object Door
Pour Action Drink Action Walk
Mid Progress Mid & Progress End
Dining & Scene Dining Scene Hallway

~—"]'ime




Soft-Label Chain CRF
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Phrase Grounding by Soft-Label Chain CRF

Two main problems:

(1) Dependencies between entities (2) Multiple region proposals

at a sporting event toss a

il High into the ai Old man sits on rocks while working
girl high up into the air .

with his hands .

Liu J, Hockenmaier J. “Phrase Grounding by Soft-Label Chain Conditional Random Field” EMNLP 2019

Language Technologies Institute




Phrase Grounding by Soft-Label Chain CRF

Two main problems:

(1) Dependencies between entities (2) Multiple region proposals

at a sporting event toss a

il High into the ai Old man sits on rocks while working
girl high up into the air .

with his hands .

Solution: Formulate the phrase grounding as a sequence labeling task
U Treat the candidate regions as potential labels

O Propose the Soft-Label Chain CRFs to model dependencies among regions
O Address the multiplicity of gold labels
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Phrase Grounding by Soft-Label Chain CRF

- Input sequence: x = x7
exp 5(y, ©)

>y exps(y’, @)

p(y|x) = - Label sequence; y = y1T

- Score function: s(x,y)
Standard CRF
= Cross-entropy Loss: L = —logp(y|z) = —s(y, z) + log Z(x)

> Each input x! is associated to only one label y*
Soft-Label CRF:

= KL-divergence between the model and target distribution:

Sequence of target distribution: q = g*'T

q(y|z)
L= Z { (y|z) log p(y|:n)} - Label distribution over all K possible

labels for input xt: gt € RX
» Each input x' is associated to a distribution of labels y*
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Phrase Grounding by Soft-Label Chain CRF

For efficiency: Reduce the model to a first-order linear chain CRF,
whose scoring function factorizes as:

S(y7 m) — Z S(ytﬂ yt_17 m)
=Y {r' ) e ) )

where 7(-,-, ) are the pairwise potentials between labels at t — 1 and t
(-, ) are the unary potentials between label and input at ¢
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Phrase Grounding by Soft-Label Chain CRF

A man in Young man in A woman in A child is holding
reclines in a lounge chair in with other young people in and skirt enjoys dancing in front of an oven .
a living room of a house . background . with a male friend .

Soft-Label

Soft-Label
Chain CRF
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