Probabilistic Graphical Models

Graphical Models
and Deep Learning

Maruan Al-Shedivat
Lecture 18, March 27, 2017

Reading: see class website
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DL module overview

e Lecture 18:
e Historical remarks and an overview of DL building blocks
e Similarities and differences between NNs and GMs
e Ways to combine GMs and NNs

e Lecture 19:
e Learning and inference in DL: VAEs and GANs
e \Ways to incorporate domain knowledge into NNs
e NNs for NLP applications

e Lecture 20:
e Convolutional and recurrent neural networks
e Memory and attention mechanisms
e Applications in computer vision
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Outline ot

e An overview of the DL components
e Historical remarks: early days of neural networks
e Modern building blocks: units, layers, activations functions, loss functions, etc.
e Reverse-mode automatic differentiation (aka backpropagation)
e Distributed representations

e Similarities and differences between GMs and NNs

e Graphical models vs. computational graphs
e Sigmoid Belief Networks as graphical models
e Deep Belief Networks and Boltzmann Machines

e Combining DL methods and GMs

e Using outputs of NNs as inputs to GMs
e GMs with potential functions represented by NNs
e NNs with structured outputs
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Outline ot

e An overview of the DL components

Historical remarks: early days of neural networks

Modern building blocks: units, layers, activations functions, loss functions, etc.
Reverse-mode automatic differentiation (aka backpropagation)

Distributed representations
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Why is everyone talking

Motivation ,
about Deep Learning?

* Because alot of money is invested iniit...
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Why is everyone talking

Motivation .
about Deep Learning?

* Because alot of money is invested iniit...
— DeepMind: Acquired by Google for $400 ,\
million Gssgle

— DNNResearch: Three person startup

(including Geoff Hinton) acquired by Google
for unknown price tag

— Enlitic, Ersatz, MetaMind, Nervana, Skylab:

Deep Learning startups commanding millions
of VC dollars
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Why is everyone talking

Motivation ,
about Deep Learning?

* Because alot of money is invested iniit...
— DeepMind: Acquired by Google for $400
million
— DNNResearch: Three person startup

(including Geoff Hinton) acquired by Google
for unknown price tag

— Enlitic, Ersatz, MetaMind, Nervana, Skylab:

Deep Learning startups commanding millions
of VC dollars

* Because it made the front page of the
New York Times

Gssgle

Ehe New Pork Eimes
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Why is everyone talking

Motivation ,
about Deep Learning?

L 1960s  Deep learning:
— Has won numerous pattern recognition

( _11980s competitions
— Does so with minimal feature
] 11990s engineering
2006
E‘, 2016

the slide is courtesy of Matt Gormley © Eric Xing @ CMU, 2017 8



Perceptron and Neural Nets -

e From biological neuron to artificial neuron (perceptron)

Inputs McCulloch & Pitts (1943)
Hard

Linear
\A‘\C‘ombiner Limiter
Output

Threshold

X1
X

e From biological neuron network to artificial neuron networks

Synapse

Synapse Dendrites

Axon
Axon

e =

=)

Soma Soma

Synapse —*

Input Signals
Output Signals

Dendrites

|
O

Middle Layer

Input Layer Output Layer
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Remark: sece

Real biological neural networks 4

e The real biological neural networks are a physical substrate
e Neural cells communicate using voltage pulses, aka spikes

e Biological neural networks are completely analog, oscillating systems and can be
described using systems of ordinary differential equations (ODEs)

e E.g., the Hodgkin-Huxley (1952) model (Nobel Prize, 1963)

Extracellular Medium

{
Cn| 9nltV) 9
Synapse _ Ip<

N

Svnapse Dendrites E, E;
Axon yhap T $ T
/ Intracellular Medium
4:;12 SnA
Soma *r

Soma

Dendrites

Synapse —*
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Remark:
Real biological neural networks

e The real biological neural networks are a physical substrate

e Neural cells communicate using voltage pulses, aka spikes

e Biological neural networks are completely analog, oscillating systems and can be
described using systems of ordinary differential equations (ODEs)

e E.g., the Hodgkin-Huxley (1952) model (Nobel Prize, 1963)

“Computation” performed by real neural networks is still not
understood well

e Spiking models are often used for simulating brain activity, not for computing

e There are various hypothesis of what exactly spiking networks compute:

E.g., the neural sampling hypothesis (Fiser et al., 2010, Trends in Cog. Sci.) states that
chaotic neural behavior is used by the brain to approximate probability distributions, just
like the Monte Carlo methods.

e There is a research area termed “neuromorphic engineering” that aims to build
efficient computing machines based on spiking neurons (e.g., TrueNorth chip)
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The perceptron learning algorithm | ¢

,, @ ~O
net =X w; x; L
=0

o0 = G(net) =

e Recall the nice property of sigmoid function Z—(z =o(l—o0)
e Consider regression problem f: XY, forscalarY: ¥ = f(z)+e

e \We used to maximize the conditional data likelihood
W= argmz}xlnHP(yﬂa:i; W)
e Here ... :
1 .
W = argm%nz 5('% — f(xs;0))?
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X4 = input

The perceptron learning algorithm .-
o = Bua o)
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Xq4 = input

ty = target
i ] output
The perceptron learning algorithm c.-osen
output
' w; =weight i
OEplw] 0 l e |
8wj N (9’11)@ 2 ;“d Od)
1 O Incremental mode:
= =) 2(tqg—o04)5—(ta — 0a)
2 ; Ow; Do until converge:
80d
— Z(td - Od)( - 8w') » For each training example d in D
d (2
o Z(t o) Hoy Onet 1. compute gradient VE ,[w]
" Onet; Ow; 2. = W — NV Eg|wW]
I Z(td — Od)Od(l — od)wil where
d
VEd[ZB] = —(td — Od)Od(l — Od)fd
Batch mode:

Do until converge:

1. compute gradient VE [w]
2. W = W — UVED[ZE]
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000
0000
o000
e
Neural Network Model :
Inputs
tput
Age Outpu
0.6
Gender
“Probability
of beingAlive”
Stage
D dent
Independent ~ Weights  Hidden Weights va?;‘elz leen

variables Layer
Prediction
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000
0000
0000
11 m » - yy : : ®
Combined logistic models :
Inputs
Age Output
0.6
Gender
“Probability
of beingAlive”
Stage
D
Independent  Weights  Hidden Weights vaelf;ZZZen f

variables Layer

Prediction
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Combined logistic models :
Inputs
Age Output
0.6
Gender
“Probability
of beingAlive”
Stage
D
Independent  Weights  Hidden Weights vaelf;ZZZen f

variables Layer
Prediction
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“Combined logistic models”

Inputs

Age
Gender

Stage

Independent  Weights
variables

.
7‘\2
-,

=

Hidden Weights
Layer

Output

0.6

“Probability
of beingAlive”

Dependent
variable

Prediction

© Eric Xing @ CMU, 2017

18



Not really, eecs
no target for hidden units... 4

Age
0.6
Gender
“Probability
of beingAlive”
Stage
Dependent
Independent  Weights  Hidden Weights valf;able

variables Layer
Prediction
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Backpropagation: cece
Reverse-mode differentiation

e Artificial neural networks are nothing more than complex functional
compositions that can be represented by computation graphs:

© Eric Xing @ CMU, 2017 20



Backpropagation: eecs
Reverse-mode differentiation ot

Artificial neural networks are nothing more than complex functional
compositions that can be represented by computation graphs:

A2D—
0‘9'“6‘0
By applying the chain rule and using reverse accumulation, we get

8fn B afn ale o 8fn afh af%l _
Z (9le Ox Z Z 3fw Ox B

i1 €m(n) zlew(n) i2€7r(z'1)

The algorithm is commonly known as backpropagation
What if some of the functions are stochastic?

Then use stochastic backpropagation!
(to be covered in the next lecture)
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Auto-reverse-mode differentiation | ¢

e A lot of engineering effort has been put into packages that can
automatically compute derivatives for a given computation graph:

Caffe ‘o DL4'J m EMNM'}K MatConvNet

Chainer Deeplearning4j KERAS
vV
MINERVA  mxnet % Tens(l;', . theano .\I * torch

and the list is growing...

© Eric Xing @ CMU, 2017 22



Modern building blocks

e Activation functions Xy Wy

e Linear and ReLU Xz\:;\\\*
//////’

X3 W3

output

input

Linear

© Eric Xing @ CMU, 2017

f(Wx + b)

—

output

A

/

input

Rectified linear
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Building blocks of deep networks e

e Activation functions Xy Wy
e Linear and ReLU N w\‘ f(Wx + b)
2 R
e Sigmoid and tanh /'
e Etc. X3 W3

A A

1 3
/ 5
o
inpu:[ / input
1 -1

Sigmoid Hyperbolic tangent

o
koutput
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Building blocks of deep networks

e Activation functions

e Layers

Linear and RelLU
Sigmoid and tanh
Etc.

Fully connected
Convolutional & pooling

Recurrent C?D
ResNets [_,_Aj

Etc. (I@

© Eric Xing @ CMU, 2017 25



Building blocks of deep networks

e Activation functions Putting things together:
e Linear and RelLU

e Sigmoid and tanh
e FEtc.

e Arbitrary combinations of
the basic building blocks

e Multiple loss functions —
multi-target prediction,
transfer learning, and more

e Layers

e Fully connected
e Given enough data, deeper

e Convolutional & pooling architectures just keep

e Recurrent

improving
e ResNets e Representation learning:
e Etc. the networks learn

increasingly more abstract
representations of the data
that are “disentangled,”
l.e., amenable to linear
separation.

e Loss functions
e Cross-entropy loss

e Mean squared error
e Etc. (a part of GoogleNet)

© Eric Xing @ CMU, 2017 26



Inspiration:

Signal processing in the brain -

e “Computation”
IS hierarchical

e Hypothesis: the brain builds
hierarchies of more and more
abstract representations

e More abstract representation
have nice invariant properties

Motor. command

Catggorical jngments, 140-190 ms ‘ )
decision making _,a—r"' Simple visual forms
MC

120-160 ms._P . 25 B edges, corners
100-130 ms PEC /
40/00 ms

High level object
descriptions,
faces, objects

To spinal cord
< Tofingermuscle «—_~__ —160-220 ms
180-260 ms
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Signal processing in the brain

“ . ” Individual
e “Computation i

is hierarchical m

e Hypothesis: the brain builds

hierarchies of more and more Llif;ergﬁﬁz
abstract representations hyperplane

e More abstract representation m
have nice invariant properties

Actual pixel space Individual 1
(‘Sam’)

IT space

V1 space

Single V1 unit Single IT unit
© Eric Xing @ CMU, 2017 28



Hand-crafted features

Normalized patch Spin image

R e ——| @~ 1.0.i=0.1

T «
V. il el el £ N
ABRNLUE
7
* o x

p P s | (.4,i=03 .
= T, o > f ,f/@ "I
AEELREIRE \ / .
e | T ¥l || \ !
e ;ls ; :_‘
5 « T~ b

Image gradients Keypoint descriptor

SIFT

Orientation Voting

; \
\
* 1 v T
R o
N b ]

\ | :
(Y \ ; )
o 1 Lo :
N Voo

| \ |

\ | |
\ \ |

\
| 1

~~—Opverlapping Blocks

Gradient Image . ' 1\

1. Needs expert knowledge
2. Time consuming hand-tuning

(e)

| azgd Ng
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Using DNN to capture

hierarchical representations

Trainable
Feature
Extractor

Good Representations are hierarchical

Trainable
Feature
Extractor

Trainable
Classifier

- In Language: hierarchy in syntax and semantics

— Words — Parts of Speech — Sentences — Text
— Objects, Actions, Attributes... — Phrases — Statements — Stories

- In Vision: part-whole hierarchy

— Pixels — Edges — Textons — Parts — Objects — Scenes

© Eric Xing @ CMU, 2017
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Outline

e Similarities and differences between GMs and NNs

e Graphical models vs. computational graphs
e Sigmoid Belief Networks as graphical models
e Deep Belief Networks and Deep Boltzmann Machines

© Eric Xing @ CMU, 2017 31



Empirical goal:
Structure:

Objective:

Vocabulary:

Algorithm:

Evaluation:

Implementation:

Experiments:

e.g., classification, feature
learning

Graphical

Something aggregated from
local functions

Neuron, activation function, ...

A single, unchallenged,
inference algorithm —
Backpropagation (BP)

On a black-box score —
end performance

Many tricks

Massive, real data
(GT unknown)

© Eric Xing @ CMU, 2017

<
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e.g., latent variable inference,
transfer learning

Graphical

Something aggregated from local
functions

Variable, potential function, ...

A major focus of open research,
many algorithms, and more to
come

On almost every intermediate
quantity

More or less standardized

Modest, often simulated data
(GT known)
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(Y X
o000
o000
eo0o
H o0
Graphical models vs. Deep nets :
Graphical models Deep neural networks
e Representation for encoding e Learn representations that
meaningful knowledge and the facilitate computation and
associated uncertainty in a performance on the end-metric
graphical form (intermediate representations

may not be meaningful)

(S1) 4 feature maps

E_‘ (C1) 4 feature maps (S2) 6 feature maps  (C2) 6 feature maps

a.——'< : )—'@N Br—el

D .. Topics
Topic proportions : |
Topic assignments |
oooooo
_
The Wellcome Department of Imaging Neuroscience, Institute of Neur \
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Graphical models vs. Deep nets :

Graphical models

e Representation for encoding
meaningful knowledge and the
associated uncertainty in a
graphical form

e Learning and inference are based
on a rich toolbox of well-studied
(structure-dependent) techniques
(e.g., EM, message passing, VI,
MCMC, etc.)

e Graphs represent models

Deep neural networks

Learn representations that
facilitate computation and
performance on the end-metric
(intermediate representations
may not be meaningful)

Learning is predominantly based
on the gradient descent method
(aka backpropagation);

Inference is often trivial and done
via a “forward pass”

Graphs represent computation

© Eric Xing @ CMU, 2017 34



Graphical models vs. Deep nets o

Graphical models
Utility of the graph
e A vehicle for synthesizing a global loss
function from local structure
e potential function, feature function, etc.
e A vehicle for designing sound and
efficient inference algorithms

. mi»a('xi): Hmc%i(xi)
e Sum-product, mean-field, etc.

ceN(i)\a

. . . . . b oc . .
e A vehicle to inspire approximation and 2(X2) fa(Xa).elN_([)’"Ha(xz)

penalization m(x)= Zf(X) Im,..(x,
o Structured MF, Tree-approximation, etc. e

e A vehicle for monitoring theoretical and

empirical behavior and accuracy of = {0 € RA0) < oo}
inference ~ o e
(e (e
Utility of the loss function F,:° o © ?3?71(;
: : o ©
e A major measure of quality of the o o o
learning algorithm and the model UF) i= {9 € Q[0 =0V (s,8) € B} QT) := {0 €Q [0,y =0V (s,t) ¢ E(T)}
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Graphical models vs. Deep nets o

Graphical models
Utility of the graph
e A vehicle for synthesizing a global loss

function from local structure
e potential function, feature function, etc.

e A vehicle for designing sound and
efficient inference algorithms

e Sum-product, mean-field, etc.

e A vehicle to inspire approximation and
penalization

e Structured MF, Tree-approximation, etc.

e A vehicle for monitoring theoretical and
empirical behavior and accuracy of
inference

Utility of the loss function

e A major measure of quality of the
learning algorithm and the model

Deep neural networks

Utility of the network

e A vehicle to conceptually synthesize
complex decision hypothesis

e stage-wise projection and aggregation

e A vehicle for organizing computational
operations

o stage-wise update of latent states

e A vehicle for designing processing
steps/computing modules

e Layer-wise parallelization

e No obvious utility in evaluating DL
inference algorithms

Utility of the Loss Function

e Global loss? Well it is complex and
non-convex...

© Eric Xing @ CMU, 2017 36



Graphical models vs. Deep nets o

e So far: neural nets are flexible function approximators

e Some of the neural nets are in fact proper graphical models
(i.e., units/neurons represent proper random variables):

Boltzmann machines (Hinton & Sejnowsky, 1983)

Restricted Boltzmann machines (Smolensky, 1986)

Learning and Inference in sigmoid belief networks (Neal, 1992)
Fast learning in deep belief networks (Hinton, Osindero, Teh, 2006)
Deep Boltzmann machines (Salakhutdinov and Hinton, 2009)

e Let's go through these models one-by-one

© Eric Xing @ CMU, 2017 37



Restricted Boltzmann Machines °°

@ Assume visible units are one layer, and hidden units are another.
@ Throw out all the connections within each layer.

75
Slide from Marcus Frean, MLSS Tutorial 2010

© Eric Xing @ CMU, 2017 38



Restricted Boltzmann Machines: | $32:
Learning and Inference

8% logL
—ZZPh|V logP* Zth logP*( )
veD h
W ~ ~ J
data av. over posterlor av. over joint

Both terms involve averaging over ;2 log P*(x).

Slide from Marcus Frean, MLSS Tutorial 2010
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Restricted Boltzmann Machines: | $32:
Learning and Inference :

8% logL
—ZZPh|V logP* Zth logP*( )
veD h
W ~ ~ J
data av. over posterlor av. over joint

Both terms involve averaging over ;2 log P*(x).

Another way to write it:

<6%logP*(x)> — <3%108P*(X)>
veD, h~P(h|v) x~P(x)
clamped / wake phase unclamped / sleep / free phase
TT7T conditioned hypotheses 11l random fantasies

Slide from Marcus Frean, MLSS Tutorial 2010
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Restricted Boltzmann Machines: | $32:
Learning and Inference :

0
35 l0g L
—ZZPMV logP* Zth logP*( )
VE’D h
data av. ove:gosterlor av. over joint Contrastive

Divergence estimates

the second term with
Both terms involve averaging over ;2 log P*(x). a Monte Carlo

estimate from 1-step

i 1
Another way to write it: of a Gibbs sampler!

<8%logP*(x)> — <3%108P*(X)>
veD, h~P(h|v) x~P(x)
clamped / wake phase unclamped / sleep / free phase
711 conditioned hypotheses L 1] random fantasies

Slide from Marcus Frean, MLSS Tutorial 2010
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Restricted Boltzmann Machines: | $32:
Learning and Inference :

8% logL
—ZZPh|V logP* Zth logP*( )
VE’D h
data av. ove:gosterlor av. over joint Contrastive

Divergence estimates

the second term with
Both terms involve averaging over ;2 log P*(x). a Monte Carlo

estimate from 1-step

i 1
Another way to write it: of a Gibbs sampler!

<6% log P*(x)> — <6% log P*(x)>
veD, h~P(h|v) x~P(x)
clamped / wake phase unclamped / sleep / free phase
TT7T conditioned hypotheses 11l random fantasies
Slide from Marcus Frean, MLSS Tutorial 2010 The negative phase is problematic:

- slow convergence & extra computation
© Eric Xing @ CMU, 2017 42



000
0000
TIX
u u u : : .
Sigmoid Belief Networks :
OOQQ Hidden units
Hidden units OOOO Symptoms ¥ OOQO Diseases
‘CyOO OOOQO Symptoms
\\ OOOO Hidden units } OOOO Hidden units
0000 OO0 ¥ OQOO Hidden units ¥
Symptoms Diseases OOOQO Diseases ¥ OO0 Symptoms

OOQOQ Diseases

e Sigmoid belief nets are simply Bayes networks with
conditionals represented in a particular form:

P(S; =x1|S; =s; - ]%*1)
O(P(Si=.’C|Sj=SjIj<i)
-HP(S_,:S,-lS,-:Jc, S =8t k<, k#i)

J>i
P(Si=si|Sj=sj:j<i) = a(s;Zs,w,-,-)
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Sigmoid Belief Networks: T
Learning and Inference -

e Radford Neal proposed to use Monte Carlo methods to do
inference (Neal, 1992). oL _ gttt OP(V = 7)
(Vv

dwij =17) owij

Approximated with Gibbs sampling

e Conditional distributions: T Bl T AU E e
P(Si=x|Sj=5;:j#1) veT Sililii 1 i 8P(Sa (h v))
i 1] Wi
( Zs,w,,) Ha( (ij, 2 skwjk>). P(S = (h,v}) d
j<i J>i k<j k#i

veET s
e No negative phase as in RBM! Y SP(S =5V =9)
_ veT 3 1 00 (S! Y 4ei SkWik)
e Convergence is very slow - —— s
9 y SIOW, 0 (8] e SkWik) dwi;
especially for large belief nets,
due to the intricate = | XY PE =51V =9 si50(-s; kX:.skwik)-
“ . ” o~y Py <!
explain-away” effects... LLRiL
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RBMs are infinite belief networks | ¢

Alternating Gibbs sampling

Since none of the units within a layer are interconnected, we can do Gibbs
sampling by updating the whole layer at a time.

(with time running from left — right)

Slide from Marcus Frean, MLSS Tutorial 2010
© Eric Xing @ CMU, 2017 45



RBMs are infinite belief networks | ¢

RBMs are equivalent to infinitely deep belief networks
to generate:

visible layer

Slide from Marcus Frean, MLSS Tutorial 2010
© Eric Xing @ CMU, 2017 46



RBMs are infinite belief networks | ¢

RBMs are equivalent to infinitely deep belief networks
to generate: and so on...

. P AL AL AP \

w el
visible layer N \3‘%{'/ Y

. ,

w A"'ﬁ’h

‘9]e4auab 0]

sampling from this is the same as sampling W Y
from the network on the right.
WT
Y
" Y
visible layer

Slide from Marcus Frean, MLSS Tutorial 2010
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RBMs are infinite belief networks | ¢

RBMs are equivalent to infinitely deep belief networks

and so on...
i ]
Q
®
3
’ u
o)
Y@
Y
¢ ‘ ’,‘“‘\ RBM
! V ‘\1 Q a |
‘ ¢ /| ALK K} Y 5 \ ‘.""‘:RBM
Y /LA, 20y ,‘\ \ Iy —
@ &«‘\‘yw/\/w ¢ Q\A\Aﬂ/\r/v ' ({C)\v\} )T/ 4 C/\\(«\v\ ¥
w Y Uv XL/ w \ DR
31@ \*’( visible layer 3"* \ﬁf visible Iayer ?]& \gb vis.b:layer

Slide from Marcus Frean, MLSS Tutorial 2010

© Eric Xing @ CMU, 2017

to generate

£ &

Y ) )\:%_)
¢ (

\
visible layer
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RBMs are infinite belief networks

RBMs are equivalent to infinitely deep belief networks

and so on...
~
o
Ik
L LA F B o
! QA KN 0}
L X X ¥V / a
W e 9
D\ ZNT7Y Yo
WT
Y ,
( |
: [\ RBM
& ’ : ‘ A | '
W: ' '\':)S."’/«,“_' [ ¢ WT / ‘ ;“ ,:‘ )‘ 4 WT In‘ \”l'r‘ "I lﬁRBM to generate
THAII N T "V 200000
w‘\\rV{/\r/) 4 \4\{\}&/\%/#/? - \«\\1'\3 «/\ (/T/ﬂ \
siw v W/y v VN iy
INVZEYY '
‘ ) visible layer \# ) visible layer visible layer ) \\?x visible layer

@ So when we train an RBM, we’re really training an co” deep sigmoid
belief net!
@ It’s just that the weights of all layers are tied.

Slide from Marcus Frean, MLSS Tutorial 2010

© Eric Xing @ CMU, 2017
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Deep belief networks:
Layer-wise pre-training

Un-tie the weights from layers 2 to infinity

If we freeze the first RBM,
and then train another RBM
atop it, we are untying the
weights of layers 2+ in the oo
net (which remain tied
together).

visible layer

W is <>
frozen % /‘\\\ i
@ ©

Slide from Marcus Frean, MLSS Tutorial 2010

© Eric Xing @ CMU, 2017
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Deep belief networks: T
Layer-wise pre-training o°

Un-tie the weights from layers 3 to infinity

and ditto for the 3rd layer... and so on...

Slide from Marcus Frean, MLSS Tutorial 2010
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Deep belief networks:
Pre-training and finetuning

Setting A: DBN Autoencoder

|. Pre-train a stack of RBMs in
greedy layerwise fashion

II. Unroll the RBMs to create
an autoencoder (i.e.
bottom-up and top-down
weights are untied)

lll. Fine-tune the parameters
using backpropagation

Figure from (Hinton & Salakhutinov, 2006)
© Eric Xing @ CMU, 2017
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Deep belief networks:
Pre-training and finetuning

Setting A: DBN Autoencoder N

Pre-train a stack of RBMs in ...
greedy layerwise fashion R

. Unroll the RBMstocreate | oo 1 .
an autoencoder (i.e. R — |
bottom-up and top-down |
weights are untied)

lll. Fine-tune the parameters
using backpropagation

Pretraining

Figure from (Hinton & Salakhutinov, 2006)
© Eric Xing @ CMU, 2017
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Deep belief networks:
Pre-training and finetuning

Setting A: DBN Autoencoder
. Pre-train a stack of RBMs in

greedy layerwise fashion

Il. Unroll the RBMs to create
an autoencoder (i.e.
bottom-up and top-down
weights are untied)

lll. Fine-tune the parameters

using backpropagation

Figure from (Hinton & Salakhutinov, 2006)
© Eric Xing @ CMU, 2017
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Deep belief networks:
Pre-training and finetuning

Setting A: DBN Autoencoder
. Pre-train a stack of RBMs in

greedy layerwise fashion

II. Unroll the RBMs to create
an autoencoder (i.e.
bottom-up and top-down

weights are untied)

lll. Fine-tune the parameters |

using backpropagation

Fine-tuning

Figure from (Hinton & Salakhutinov, 2006)
© Eric Xing @ CMU, 2017
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Remark: cecs
Layer-wise pre-training for FNN

input 000 .0
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Remark: cecs
Layer-wise pre-training for FNN

features o .
input o0 ..
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Remark: eecs
Layer-wise pre-training for FNN o

Reconstruction
of input

features

input
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Remark: cecs
Layer-wise pre-training for FNN

features o .
input o0 ..
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Deep Belief Networks: cece
Layer-wise pre-training

More abstract
features

features

input
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Remark:
Layer-wise pre-training for FNN

Reconstruction
of features

More abstract
features
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Remark: cecs
Layer-wise pre-training for FNN
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Remark:
Layer-wise pre-training for FNN

Output ? Target
f(X) = Y

Even more
abstract features

More abstract
features

features

input
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Deep Boltzmann Machines o

Deep Belief Network

e DBNs are hybrid graphical models (chain graphs):

e Inference in DBNs is problematic due to explaining away effect

e Training: greedy pre-training + ad-hoc fine-tuning; no proper joint training
e Approximate inference is feed-forward
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Deep Boltzmann Machines

Deep Belief Network Deep Boltzmann Machine

e DBNs are hybrid graphical models (chain graphs):

e Inference in DBNs is problematic due to explaining away effect

e Training: greedy pre-training + ad-hoc fine-tuning; no proper joint training
e Approximate inference is feed-forward
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Graphical models vs. Deep nets

e So far: neural nets are flexible function approximators

e Some of the neural nets are in fact proper graphical models
(i.e., units/neurons represent proper random variables):

Boltzmann machines (Hinton & Sejnowsky, 1983)

Restricted Boltzmann machines (Smolensky, 1986)

Learning and Inference in sigmoid belief networks (Neal, 1992)
Fast learning in deep belief networks (Hinton, Osindero, Teh, 2006)
Deep Boltzmann machines (Salakhutdinov and Hinton, 2009)

e Note that in all these models:

The primary goal is to represent the distribution of the observables

Hidden variables are secondary (auxiliary) elements used to facilitate learning of
complex dependencies between the observables

The quality of hidden representations is judged by the marginal likelihood

e In contrast, graphical models are often concerned with the
correctness of learning and inference of all variables
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An old study of belief networks cece
from the GM standpoint °

[Xing, Russell, Jordan, UAI 2003]

Mean-field partitions of a sigmoid belief network for subsequent GMF inference

el
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Study focused on only inference/learning accuracy, speed, and partition
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Outline

e Combining DL methods and GMs

e Using outputs of NNs as inputs to GMs
e GMs with potential functions represented by NNs
e NNs with structured outputs

© Eric Xing @ CMU, 2017
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Combining sequential NNs and GMs I

Hybrid: RNN + HMM
(s )—— (s )——()—()
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Combining sequential NNs and GMs

o\ —;_013)

Hybrid: RNN + HMM KO

The model, inference, and
learning can be analogous to

our NN + HMM hybrid
* Objective: log-likelihood g; g g ’z
* Model: HMM/Gaussian ?1\ zi\— s

¥4

emissions

* Inference: forward-
backward algorithm

* Learning: SGD with
gradient by
backpropagation
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Hybrid NNs + conditional GMs e

Hybrid: Neural Net + CRF

V|3 V.5

n 4 vin/p d n s vin p/d

P 0.1 v ia.4/.2/.3 P 0.1 v ia|.4].2(.3

d 0.1 ni.8la/4|0 d 0.2 ni.8/a/4/0
pl-2/.3/.2].3 pl.2/.3/.2].3
d .2 800 d.2.8 0 o0

* Inastandard CRF, each of the factor cellsis a
parameter (e.g. transition or emission)

* Inthe hybrid model, these values are computed
by a neural network with its own parameters
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Hybrid NNs + conditional GMs 4

Hybrid: Neural Net + CRF

Forward computation

_

Qo (B (<
<
e |2 (v O

o w0 W A
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Hybrid NNs + conditional GMs

A\
\Nesxo“'w )
£ B

O Hybrid: CNN + CRF

“NN + SLL” B

* Model: Convolutional [ QO00000
Neural Network o RS e e Ty
(CNN) with linear- | Pl
chain CRF l}l | l |

* Training objective: hg-t-E--
maximize sentence- o
level likelihood (SLL) o GV —

Linear

Figure from (Collobert & Weston, 2011)
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Dealing with structured prediction | ¢

e Energy-based modeling of the structured output (CRF)

y*(x;w) := argmin E(y, x; W)
y

e Unroll the optimization algorithm for a fixed number of steps
(Domke, 2012)

y*(x; w) = opt-alg E(y, x; W)
y
e Now, y* is some non-linear differentiable function of the inputs
and weights — impose some loss and optimize it as the
standard computation graph using backprop!

e Similarly, message passing based inference algorithms can

be truncated and converted into computational graphs
(Domke, 2011; Stoyanov et al., 2011)

© Eric Xing @ CMU, 2017 75



Dealing with structured prediction | ¢

(Domke, 2012) (Zheng et al., CVPR 2015)
CRFs as recurrent neural networks

fo
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Input Image FCN-8s Deeplab CRF-RNN Ground Truth
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NNs + nonparametric GMs e

Gaussian processes can
be combined with DNNs to
correlate outputs across
the samples and provide
uncertainty estimates
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ic GMs

NNs + nonparametr

Lane prediction: LSTM vs GP-LSTM
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NNs + nonparametric GMs :
Lead vehicle prediction: LSTM vs GP-LSTM
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Conclusion

e DL & GM: the fields are similar in the beginning (structure,
energy, etc.), and then diverge to their own signature pipelines

e DL: most effort is directed to comparing different architectures
and their components (based on empirical performance on a
downstream task)

e DL models are good at learning robust hierarchical representations from
the data and suitable for simple reasoning (“low-level cognition”)

e GM: lots of efforts are directed to improving inference
accuracy and convergence speed

e GMs are best for provably correct inference and suitable for high-level
complex reasoning tasks (“high-level cognition”)

e Convergence of both fields is very promising!
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