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Overview

e JOOOOODO Productl OO0
o Products of Experts (PoE) (Hinton, 2002)

e NIPS 2007: Deep Learning O O O O OO O

o http://www.iro.umontreal.ca/ lisa/twiki/bin/view.cgi/
Public/DeeplLearningWorkshopNIPS2007

o JDeepBelefNetUOUDUOOOOOOOOO Banquetd O
e Contrastive Divergence [ [
e JI0O0OOOO@WO)YOOOOO
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http://www.iro.umontreal.ca/~lisa/twiki/bin/view.cgi/Public/DeepLearningWorkshopNIPS2007

Mixture models and Product models

e Mixture Model
p(x|6;A) Z Am P(X|0) (1)

o JUUOUOUOOUl1boduoooouoootnon

e Product Model

T, p(x]6m)
X|0) = o
POIO)= ST o) @

o JUUDOOOoubobbboouddbn
o JUUUUOuun, ottt

o JUOUupunood,
— PCFG,ngram, 00004, d0d,odo, .00
J000o00o0ooooooooooon (ef.0ooono)

— bbbt bbbttt mdoogd
etc..
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Loglinear and Product of Experts

[ L P(x[01m) [T, e* &
x|0) = 2 — p(x|A) = = (3)
AN 3 | BTET % B D SN | IERTAC:
e Product of Experts (PoE) ... 10 1000000,00000 6
NN EREREREEE

e loglnear, 00000 (I OOO0OODO)d DO0OODOOOO

HgN \ _
1 otherwise
e IO OOO (Unsupervised):

o 0000 p(-|61)---p(|fx) 0000000 DOO (OOO)
00000000000,000006e000000

o 00DDOMOOOOO (ater)
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Problem with Estimating PoE

Hole) = o ®

e 00O Z=5 1], px|6,,) 00000000000
o Y 00000,00000x0000000000000

e loglnearJ OO, 0000000 (x L-BFGS)
e JOOODODO.
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Contrastive Divergence learning (Hinton 2000; 2002)

o 1010,

p(xl) = f(xI8) ;2= F(xI6) ©

X

Dooodbddondn.
e 100 X ={x1,x9,--,xy} 0000,

L= <logp(X\«9)>ﬁ<x) (7)
N

=) (i) log p(x[6) ®)
1=1

Juootuuogdboog.
e DO OO, logp(x|f) =log f(x|0) —logZz OO0,
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Contrastive Divergence learning (2)

9, 1,
5g 08 P(x|0) = - [log f(x|0) — log Z] (9)
1, 1 0
0000
1, 0 0
@Z =20 EX: f(x|0) = EX: %f(XW) (11)
(1[0
1, 1 9,
5g 108 f(x]0) = F0) 597 (x10) (12)

%f(x\@) — f(X|9)% log f(x|0) O0OO, (13)
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Contrastive Divergence learning (3)

oL 6’ f(x|0) 0
pP(x)
ak)f\@ z: 0) =5 1_f(m 15
g log f(x p(x og f(x (15)
p(x)
9 9
og F(xi6) ) = { 3510w ) ) 0
< 06 px) \OY p(x]6)
— (D 1og £(x10)) — {2 log f(x0) a7)
A R R .

e 000,0000 p(x)=po, 00000 p(x|0) =pee 00O DO.

o JUOUOOOO,MCMCL ccolOOOUOOOOUOOOON
L1 [
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Contrastive Divergence learning (4)

g—g = <886’ log f(x|9)>pO — <886’ log f(x9)> (18)

Poo
Jodouodoeetououoouooon,

(7108 f<x9>>p0 ~ (g tos i) ) 19

P1
Dodbboobbobbdd

e p 0,000 xO00 MCMC 1000 reconstruction
(confabulation)

e [ IUO,HUOOOOOOOOOO O
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Contrastive Divergence learning (5)

oo,
D(pnl|poc) an ) log pn(x an )logpos(x)  (20)

— _H(pn) — <10gpoo>pn _<1ngoo>pn (21)
Jogdgon,

0 (Pollpoe — P1l[Poo) < 0 log p > < 0 log p >
0| |Poo 1 oo — an 00 — \ 3 00
90, 0r, 0r, N
0
- (an,

0
log p(x|0m, )> < 10gp(X!9)>
Po 89 Poo

_<%logp(xe )>p1 <%logp(xt9)>p

(22)

oo
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Contrastive Divergence learning (6)

0 0
= (g omroitn)) (g tosr(ca)) @

P1
0O,

oD 0 0
%—<09 log p(x|0rm )>p0 <5,9 log p(x|0m )> (24)

D1

O MCMClOOOoodooooo, e, duououdod.
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Contrastive Divergence learning (7): O O

e “Self supervised boosting” (Welling, Zemel, Hinton 2001; SVM
000,2002) 0000

0

20

3+
+

15-

,+4¥»:hﬁ; +
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e 100000 DOO,0000UOUOOTON
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Relationship to other works (1/2)

e “Contrastive Estimation” (Smith and Eisner, ACL 2005)
LCODOOOUOOOoOo (oooooooooboooooon)

o CE [

g—)l\:; — Z <fj|X7l>)\ — <f] |N(XZ)>)\ (25)

L 000 )\j L 000
o [][]L[]
][ p(xilV(x:), A) (26)

1
Dododbododbdn
o N 0O “Neighborhood” 0 00 [0,

—l000/00000000/0000000/00000
HREN

— oot

Contrastive Divergence learning,Product models,and Deep Belief Nets — p.13/28



Relationship to other works (2/2)

e “A Discriminative Language Model with Pseudo-Negative
Examples” (Okanohara, ACL 2007)
LLeDoooooond

o "o b0ouobooodo,bbouobobogotdn
Jooodood

o JOU0O,0000000DOOUO0OoUOOobO(UooOon)
o JOO bigramO OO OOO

o O MEDOO,000OO0OOOOOOMN
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Text modeling through Products of Experts

e Rate Adapting Poisson (RAP) Model
(Gehler, Holub, Welling: ICML 2006)
http://www.kyb.tuebingen.mpg.de/bs/people/pgehler/rap/

Binomial

Fieure 1. Markov random field representation of the RAP model.

x; h;
€ P c’ . i
p(x, h) o 1:[)\2 ;! ; 1 —pj hil(M;—h;)! lzllzlwzszhj (7)

e N00DIDODNDN:x, 0000000 h Energy
e Restricted Boltzmann Machine OO O QOO0 O00OOOOOOOO

e ‘Prior0 00O OO0
o JO0O0ODO ZOOOOOO (OO
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RAP (2): Conditional distribution

e xJ hOOOODODOOO Poisson,Binomial O O [
p(x|h) = HPO Aj €XP wa (28)
h|X HBln 5]' + Zwijmi),Mj) (29)
)
o g(x)=1/(1+exp(—x)): 0000000

° fBj =logp;/(1-p;) DO OO

e 100 x, 00000 h, 0000000, h, OO
“Reconstruction” x,, OO0 OO0 O
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RAP (3): Marginal distribution

e JUUUOUOUO hUOODUOOUOOUOO,

X

p(x) H A

e
Lg

: : H eMi (1 + exp(z wijz;—0B5))  (30)
J C _

~

Oodoy0odn xd
“activation”

\ . J/
~

Oodody0ooono >1

o xJ0OO ~Poisson0 xOOOOODOOODO Activation
L] [
— xU00ddobobotogoboibt,bddgg
activation 00O O OO
(','6021)
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RAP (4): 000

e JJUI0O0O ZOOODODOOOO, Contrastive Divergence 0 0 O
(M; =1000)

[ Slog i o< ()5 — (1)
0B; o —(o(wj-x—B5))p — (o(W;-x — 5;))p (31)

\ 5?,07;]' X <33'7;0'(Wj'X — 5j)>p — <37i0'(wj'X - ﬂj»ﬁ

'\

e “Reconstruction”"p] x - h - x0000,000000000
HREEN
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RAP (5): 000

e 20 Newsgroup :

c
o 1
R
[&]
o |
o
—e— RAP 100 dimensions AN |
0.2F - a- PLSI 250 dimensions R |
=< LS| 175 dimensions o Ny
0.1k e TF-IDF ot
]
ob ‘ ‘
107° 1072 B 10°
Recall

Figure 4. RPC plot on a log-scale of the 20 Newsgroups dataset
for various models. As a baseline the retrieval results with tf-
idf reweighed word-counts are shown. Number of topics for each
model was chosen by optimizing 1-NN classification performance
on the test set corresponding to the average precision for retriev-
ing a single document (left most marker).
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RAP (6): 000

e RAPOOO: 00O xOOOODOOO, “Latent representation” [
B+ Wx (32)

J0o0o0doooo @uooooooooooon)
o LDAO HDPOUOUDOUOUOOODOODO
o GaussianO OO OOOO -OO0OCOOODDOOOOOO:O0O
o JUUOUUOUOLODOOOON
— gduboboobbdodobtodnbbd
e RBMO, 0000000000000 “Harmonium”’O OO
OO0O00oO0Ooood (Smolensky 1986)
o JOO,Hnon(2002) 0 OO0 ODO0OO0OOOOOOOO

e IO OOOOOONO

o “Exponential Family Harmoniums” (Welling, Rosen-2vi,
Hinton: NIPS 2004)
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From Harmoniums to Deep Belief Nets

e Deep Belief Nets (Hinton+ 2006, Neural Computation)
o RBMUOOOO

o “Encoder’d “Decoder’0 000 ddd,0n0ooooogn
Joodoooouood ebud

o Variationalbound DO O OO OOOOO (ODOO)
e “Semi-supervised Learning of Compact Document

Representations with Deep Networks” (Ranzato, Szummer
(Microsoft), ICML 2008)

Code 3
Code 2
Encoder 3 I
I
Code 1_| Encoder 2 _'_I_ |
Input count |+ | Decoder3 | |
Encoder 1 | _ 4
Rt | | Classifier 3 |
* | * | Decoder2 | | L2
l | -
| ———— - | | Classifier 2 |
| Decoder1 | ! L Z
L
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Deep Document Representation (Ranzato&Szummer 2008)

e [ 100, Poisson(Decoder)+Gaussian(Encoder) ... RAP [
HgN

e [J 200000, Gaussian(Decoder)+Gaussian(Encoder)

1 Code
Inpu%i log | WEe | logisticF5— Wp — exp [INLL

count X \\ ?Ioss
Wc —{softmax—CE =

Label y M

Figure 2. The architecture of the first stage has three com-
ponents: (1) an encoder, (2) a decoder (Poisson regressor),
and (3) a classifier. The loss is the weighted sum of cross-
entropy (CE) and negative log-likelihood (NLL) under the
Poisson model.

o Encoder: z ~ o(Wlog(x+1) +bg): 00O

o Decoder: x ~ Po(Bexp(Wpz+bp)) : 0 10
XNN(WDZ+[)D,U) 02000
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Semi-supervised Learning

e J0IOOODODOOO Semi-Supervised Learning
L =Fr+ aFEc (33)

O0000.(e=0000000)
e Er : Reconstruction error

Ep = Z [ﬁ exp(Wpz+bp;) — (x;Wpz+ z;bp; — log(z;!))| (34)

.

7

e F~ : Classification error

o JUUO zODODODOOODODODONO

~ _ exp(Wegiz+bes)
Yo = > exp(Weiz+bei) (35)

K N
Fc == ;4 Yyilogy;
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Jooooboon

e “Using Deep Belief Nets to Learn Covariance kernels for
Gaussian Processes”, Salakhutdinov and Hinton, NIPS 2007

e Gaussian Process: D0 OO OO0OO0OO0OO
o 00000000000 wOOOOO
o O000:D={(y;,x))} (i =1...N)
o JUUOUUONNOO

p(y|x, D,0%) = N(k' (K + 0°I) "'y, %) (36)
_ kK:00O0O00O0O
— k = K(x,X)
~ K= K(X,X)

oy DODODODOO, Db ooooonn
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00000o0oa (2

e J000DDDDDODODODOODD:
c 0000D0D0DODO (ex. SVM)

o 0O (ex. OO)DOOOOOO IDOOOODOOOOOO
— Treekernel OO0 OO0 00000 OOOO

e Deep Belief Nets 0 00 O O (Gaussian) O Gaussian Process [
HRERERERE

1
K;j = aexp <_ﬁ | h;|x; — hj|x; ||2> (37)

o hix, W :DBNODOODOO x0O map
o o, 0 GPOOOOOOODO,O0O0O0OO0 Optimize O O
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Future Agenda

e NO0OOO/MOOOOOOO?

e JOOOOOOOO?

o JOOODODODODODOOO (tRBM; Mnih, Hinton 2007) 00 O
HEEEN

e Structured Outputd 00 O ?
Y
e GPUOUOUOUOOOOOOOOOOODONO
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HRERE

e J00DDD,00D0D0DDODO 100
o 1998 0 NAIST M1 0 [
o 00000DO00.. (ATR etc.)

e OO OOOOOOOO,O0OOOOHOHOHHn
o U000 (OUOOoOobOooO)
o OO, 0ottt dtn

e OO ODOODOODOO?
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Fin

e U HUOOUOUOLOOOOLOOO
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