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Apprentissage de réeseaux profonds:
la procedure
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Pseudocode:
pre-entrainement

-

L end for

Initialize weights W', ~ U(—a"?>,a™">) witha = max(|h"~!|, |h’|) and set biases b’ to 0

% Pre-training phase
foric {1,...,l} do
while Pre-training stopping criterion is not met do
Pick input example X, from training set
h(x,) — x,
for jc{l,...,i—1}do
al(x;) = b/ + W/hi~!(x,)
h/(x,) = sigm (a’(x;))
endfor o _______
| Using hi- I(x;) as input example, update weights W' and biases b"~!, b’ with learning rate |
'€ pre-train according to a layer-wise unsupervised criterion (see pseudocodes in appendices B :

end while




Pseudocode:
raffinement supervise

-

% Fine-tuning phase
while Fine-tuning stopping criterion is not met do
Pick input example (x;,y;) from training set

% Forward propagation
h(x,) — x,
foric {1,...,l} do
a'(x,) = b’ + Whi~! (x,)
h'(x,) = sigm (a’(x,))
end for
q/+1 (Xt) — plt! 4 WH—IEZ (Xt)
o(x;) = h'*!(x,) = softmax (a’*!(x,))




Pseudocode:
raffinement supervise

% Backward gradient propagation and parameter update

0l ¢ (Xt .
a(;ffg(g)) —1y,—j—oj(x,) for je{l,...,K}

bl+1 - bl+1 + € oot dlogoy, (x¢)

aal+1(X,)
logoy, (X;) 3>
Wi Wit e e tune aa(;ilyzg))hl (Xt)T
for i € {1,...,l}, in decreasing order do
dlogoy, (X;) i+1\ T dlogoy, (x;)
aﬁi(yxt) \ (W ) Sartt (x;)
dlogoy, (x; dlogoy, (x;) i ~ . =
ceouls) Z%;(yxf;)hj(xt) (1-Ri(x)) forje{1,..., [}
dlogo,, (x;)

] ]
b’ < b’ 4 €fine-tune Jal

/ / dlogoy, (X)) Ti—1 /¢ \T
W' «— W'+ €fne-tune aayf ~h' (Xt)
end for
_end while




Restricted Boltzmann Machine

[Q @ QQQQ] h <« unites cachées

(binaires)
biais ‘/‘/ <— connexions

[&EQQQ] X < unités visbles

(binaires)

T T T
Fonction | F(x,h)=—-h Wx—-c x—b h

d’énergie . — — Z ijhjxk — chil?k — ijhj
gk J

k
Distribution: p(X, h) — exp(—E(X, h))/Z



Inference

O©O0000) h p(h[x) = Hp
p(h; = 1]x) =

1
1+ exp(—(b; + W;.x))

= sigm(b; + W,.x)

QCOOQQ) x

(montrer preuve au tableau)

COO00®) h p(x|h) = Hp i |h)

1
o000« I = T e T W)

= sigm(c, +h' W.;,)



Inference

@IRXRXRXR b p(x)= > pxh)= ) exp(-E(x,h))/Z

he{0,1}H he{0,1}H

OO0 x

Y ep-Exh)/Z= Y - Y exp(~B(x,h))/Z

he{0,1}# h1€{0,1} hg€e{0,1}
H
“free energy” — €XD (Z lOg(l -+ exp(bj -+ WJX))) /ZF
j=1

= exp(=F(x))/ZF
(montrer preuve au tableau)



Classification Restricted
Boltzmann Machine

[QQQQQ] <« unités cachées

(binaires)
V‘/ <— connexions

[Q@QQQ] X <« unités visibles

(binaires)

T T T
Fonction . L(x;h)=-h Wx—-c'x—b'h

d’énergie . — — Z ijhja;k — Z CkLE — Z bjhj
gk J

k

Distribution: p(x,h) =exp(—FE(x,h))/Z



Classification Restricted
Boltzmann Machine
[QQQQQ] h(— uni(tl;)éi:\:iizg;ées
W<— connhexions
C@OOQ) x+- e v

——h'"Wx—-—c'x—b'h

Fonction ,
d'énergie ° = — Y Wjrhjar — Y cxwve — ¥ bih;
gk k J

Distribution:



Classification Restricted
Boltzmann Machine

[QQQQQ] <« unités cachées

(binaires)
U W(— connexions
s e Y (QOQDOO) (OQOOQ) 3 it e

N
Fonction . E(,h,y)=-h ' Wx—c x—b'h-h Uy-a'y

d’énergie . — — Z ijhja;k — Z CkLE — Z bjhj
gk J



Inference

(WXRXRXX) h

plyx)= > ply.hlx)= ) p(y, h,x)

he{0,1}H he{0,1}H p(X)

Yy QOO0 @OOQQ) x

_ Zhe{o,l}H p(y,h, x)
ZY*Gy Zh*E{O,l}H p(Xv h*a y*)

— eXp(_F(X7Y))
2 yrey eXP(—F(x,y%))

(montrer preuve au tableau)



Conditional Restricted
Boltzmann Machine

[QQQQQ] <« unités cachées

(binaires)
V‘/ <— connexions

[Q@QQQ] X <« unités visibles

(binaires)

T T T
Fonction . L(x;h)=-h Wx—-c'x—b'h

d’énergie . — — Z ijhja;k — Z CkLE — Z bjhj
gk J

k

Distribution: p(x,h) =exp(—FE(x,h))/Z



Conditional Restricted
Boltzmann Machine
[QQQQQJ h(— uni(ﬁ;:;;};;ées
W<— connexions
QOOOO) x- e e

——h'"Wx—-—c'x—b'h

Fonction ,
d'énergie ° = — Y Wjrhjar — Y cxwve — ¥ bih;
gk k J

Distribution:



Conditional Restricted
Boltzmann Machine

[QQQQQ] <« unités cachées

(binaires)
V W<— connexions
unités Zi [QOQQ] [Q@QQQ] X < unites visibles
conditionnelles (binaires)

Fonction . E(x,hlz)=-h"Wx—c'x—b"h—-h'Vz

d’énergie . — — Z ijhja;k — chxk — Z bjhj
gk k J
=) Viihjz

Distribution: p(x,h|z) = exp(—FE(x,hl|z))/Z(z)



Inference

QOO0O00Oh  p(hix,z) Hp h;lx,z)

20000 @000 x T T+ exp(—(b; + Wyx + V,.2))
= sigm(b; + W, x+ V,.z))

(montrer preuve au tableau)

QCOOOOQ)

p(xh,2z) = p(x|h) = | [ p(zx|h)

QOO0 (OCOOOV) x




Inference: regle generale

hmarg hinc Xincs hinc : variables inconnues, dont la

— e ——A—— distribution nous intéresse
(OOXOOO) h

Xcond :variables connues, qui
conditionne la distribution

de

[OOQOO] 5 hmarg : variables inconnues,
non-interessante et
| -~ __J W_/

que I'on marginalise

Xcond Xinc

tharg eXp(E(Xinca hinca hmarg ‘Xcond))

1n 7hiI1 —
D SIS S DA (I T )

Xinc




Apprentissage

e Afin d’entrainer une RBM, on minimise la
log-vraisemblance negative (NLL)

1
»Cgen (Dtrain) — E Z — lOg p(Xt)
Xt EDtrain

* On procede par descente de gradient (stochastique)

0 — log p(x+) . |OE(x, h)

- | _m OFE(x,h)
00 Y o e Y

[V _ [V _
v v

phase positive phase negative



Apprentissage

* En general, la phase positive est plutot simple
a calculer et ne presente pas de difficultes

* Tous les algorithmes d’apprentissage pour RBMs
suivent le meme principe general, et different
seulement dans la fagon d’estimer la phase negative

. |[9E(x,h)
“x.h BY:




Contrastive Divergence (CD)

(Hinton, Neural Computation, 2002)

® |dee:

|. remplacer 'esperance par |'estimation en
un seul point x, h

2. obtenir X, h en échantillonnant

3. commencer la chaine a Xy

= h%(©O00000D OOOO00)~>h" =h




Contrastive Divergence (CD)

(Hinton, Neural Computation, 2002)

o [0E(xi, ) 0B (x4, hy) o [9E(xh) _ 0E(%,h)
B Tae T T o0 b T 9 | T T o0
t E(x,h)




Contrastive Divergence (CD)

(Hinton, Neural Computation, 2002)

o [0E(xi, ) 0B (x4, hy) o [9E(xh) _ 0E(%,h)
b T 1T T T a0 B 1" | T o0
A

p(x, h)




Contrastive Divergence (CD)

(Hinton, Neural Computation, 2002)

® CD-k: contrastive divergence avec k
iterations d’echantillonnage de

Gibbs

® En genéral, plus k est grand, moins biaisé
est I'estimation du gradient

® En pratique, k=] marche assez bien

® Dans le cas d'une RBM, les mises a jour de
parametres ne dependront pas de h



Derivation de la regle
d’apprentissage

OF(x,h)
00

OF(x,h)
§ Wikhja, — Y cxrr — Y bih
OW 1 8ng ( Wik Rk - ’ ])

® Calcul de

pour 6 = W;

k

O
awjk Jzk jkNj Lk

— —hja:‘k

OF(x,h)

— _h x'
OW =




® (Calcul de E,

OF(x,h)

- OWp

OF(x,h)

OW

Derivation de la regle
d’apprentissage

x

OF(x,h)
00

= Ky [—hjil/’k ’X}

|X pour 0 = W,

= > —hjzp(hslx)

h;€{0,1}

= —zip(h; = 1|x)

h(X)dif (p(h1:1|x) )

p(hH.;1|x)

= sigm(b + Wx)




Derivation de la regle
d’apprentissage

® Ainsi, étant donné x; et X, la regle
d’apprentissage pour § = W devient

W%W—€<

%W—e(*

%W—e(”

0 log p(Xt)

th

4"1’1

&
OFE (x;, h)

T OW
_aE(Xt, h)

OW

Xt

Xt

— W + ¢ (h(x;) x, — h(X) iT)

-4‘|
“x.h

OF(x,h)

OW

_5:E(X, h)

OW

|>~<




Pseudocode CD-k

|. Pour chaque exemple d’entrainement X;

i. générer un échantillon négatif x

a I'aide de k iterations d’echantillonnage
de Gibbs

ii. mettre a jour les parametres

W «— W + ¢ (h(x;) x, —h(x) x")
b — b+ ¢ (h(x;) — h(X))

c«— Cc+€(x¢ —X)

2. Si n’a pas converge, revenir a |



Autres algorithmes d’apprenttisage:
Mean-Field CD (MF-CD)

(Welling and Hinton, ICANN2002)

® |dee: plutot qu’echantillonner, utiliser la
moyenne des elements d’'une couche
etant donnee I'entre couche

~

“«O00000) cee 000000)~>h" =

NP(VNP Xb\ \

(OOCTDOO) (OO 00  (OOOO

y
1 <" =

Xt X X



Autres algorithmes d’apprenttisage:
Mean-Field CD (MF-CD)

(Welling and Hinton, ICANN2002)

® |dee: plutot qu’echantillonner, utiliser la
moyenne des elements d’'une couche
etant donnee I'entre couche

~

h = h%(OO00000) v 000000~ h* =

\

(OOCTDOO) QOO0  (COOO

v Vi
Xt X1 X

= X



Autres algorithmes d’apprenttisage:
Mean-Field CD (MF-CD)

(Welling and Hinton, ICANN2002)

® |dee: plutot qu’echantillonner, utiliser la
moyenne des elements d’'une couche

etant donnee 'entre couche

h(x)%sigm(b + Wx)|  |x(h)E'sigm(c + W Th)

~ ~

h = h% Q00000 e OOOO00)~h" =h

w/

(OOCT)OO) (OO?OO) (OO?OO)
1 k

Xt X X" =X

-
X




Autres algorithmes d’apprenttisage:
Persistent CD (PCD)

(Tieleman, ICML2008)

® |dee: plutot que d'initialiser la chaine de
Gibbs a x,, initialiser 2 X de 'itération
precedente

~

“«O00000) cee 000000)~>h" =

NP(VNP Xb\ \

(OOCTDOO) (OO 00  (OOOO

y
1 <" =

Xt X X



Autres algorithmes d’apprenttisage:
Persistent CD (PCD)

(Tieleman, ICML2008)

® |dee: plutot que d'initialiser la chaine de
Gibbs a x,, initialiser 2 X de 'itération
precedente

~

“«O00000) cee 000000)~>h" =

NP(VNP Xb\ \

(OOCTDOO) (OO 00  (OOOO

y
1 <" =

X X



Autres algorithmes d’apprenttisage:
Persistent CD (PCD)

(Tieleman, ICML2008)

® |dee: plutot que d'initialiser la chaine de
Gibbs a x,, initialiser 2 X de 'itération
precedente

h = h%~ 000000 oo OO0000)~h" =h

NN

(OO?OO) (OO?OO) (OO?OO)
1 Xk

X« provient de X
’itération précéedente




Exemple de donnees: MNIST
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Comparaison d’algorithmes

(Tieleman, ICML2008)

125,

o ~130f

/p)

©

O 135}

3 PC

o 140/

2 i} CD-10
2

= -150r

54 W
. 155} i

©

O _160f %’/%

% %/////// MF CD

= _165] !

~'{28sec 4min 8min 17min 34min 68min 2hr 4hr  9hr 18hr
training time (logarithmic)

Figure 1. Modeling MNIST data with 25 hidden units (ex-
act log likelihood)



Echantillons générés (RBMs)

(Tieleman, ICML2008)

Figure 4. Samples from an RBM that was trained using PCD (left) and an RBM that was trained using CD-1 (right).
Clearly, CD-1 did not produce an accurate model of the MNIST digits. Notice, however, that some of the CD-1 samples
vaguely resemble a three.



Filtres

(Larochelle et al., JMLR2009)




Extension a des unites non-binaires
(Bengio et al., NIPS2007)

® Unites X reelles entre 0 et |
* Peut utiliser la meme fonction d’eénergie

* Obtient des intégrales plutot que des
sommes sur les valeurs de X

® Unites X reelles Gaussiennes

* Ajout d’'un terme quadratique a la
fonction d’energie

® Plusieurs autres possibilites



Filtres (trunc. exp.)

(Larochelle et al., JMLR2009)




Filtres (Gauss.)

(Larochelle et al., JMLR2009)




Comparaison

E NGS5 L&D TR D00 |3, i
20 ¥ 30 s 7/3 5 R 2
o ROMHNGE ( FE 217 T 9 “EWIEHI
BHOC g+ o /NS opl i 21 8
ST A T R 4

SRBM input type Train. Valid. Test
Bernoulli 10.50% | 18.10% | 20.29%
Gaussian 0% | 20.50% | 21.36%
Truncated exponential 0% | 14.30% | 14.34%




Et si on ne veut pas
utiliser des RBMs!?



Autoencodeurs

<0000
W’ %% = g (a) where G = ck+2wjﬁ;ﬁj(x)
ﬁ(x)@@@i)@@) |
W hi(x) = f(a;) where a;(x) :b,-+;vvjkxk

«OOOO00)




Autoencodeurs

e Cout a optimiser

* Somme des erreurs au carre

Meme chose

C(i, X) — E(jc\k — xk)2 que faire de

la PCA!
T a

* “Cross-entropy”

C(X X 2 xklog Xk) -+ (1 —xk) log(l —fk))
k



Pseudocode:
autoencodeur

% Forward propagation
a(x) «— b+ Wx

h(x) — sigm(a(x)) o pdae

a(x) «— ¢+ WTh(x) Wi — Wi —¢ (ﬁ?j) x" +h(x)

X < sigm(a(x)) bl bi e ag?((i,y)c)

. . ! bi!l - g %N

% Backward gradient propagation da(x)

IC(XX) o
Ja(x) X—X

dC(X,x) dC(X,X)
oh(x) W X)

IC(Xx) ICXX)7 T
aaj(X) ) a/ﬁj(x) h] (X) (1 o h] (X))

for j € {1,..., h(x)[}

/N




Filtres (autoencodeur)

(Larochelle et al., JMLR2009)




Encoder vs. Generer

® En empilant des RBMs, il est possible que
'information se perde

® Pourrait combiner les criteres de la RBM et
de I'autoencodeur

® Sur MNIST, erreur tombe a |.1%



“Denoising Autoencoder”
(Vincent, Larochelle, Bengio and Manzagol, ICML 2008)

® |dee: representation C(x, dec(enc(X)))
devrait etre robuste a E

, . = OO OO O)declenc(x)
’absence de certaines =~

entrees

® |ntroduit un processus
de corruption p(x|x) .
fixant a 0 certaines 3@@@@0 X
entrees avec
probabilite v

p(x|x)

enc(x) = sigm(b + WXx)
dec (enc(x)) = sigm (c + W enc(X))



Pseudocode:
“denoising autoencoder”

% Forward propagation
a(x) «— b+ Wx

h(x) < sigm(a(x)
a(x) «— ¢+ W'h(x)

X « sigm(a(x))

% Backward gradient propagation
IC(XX) o
Ja(x) X—X

dC(X,x) IC(X,X)
oh(x) W X)

oIC(xx)  IC(Xx)7 ™
aag(x)) | a;(j(x)) hj(x) (1 —h; (X))

for j € {1,..., h(x)[}

/N

% Update
W — W —¢ (

AN

0C(X,X) . T
oa(x)

bi - bi P IC(X,X)

oa(x)

bi—l - bi—l _ ¢

IC(X,x)

da(x)

AN

x' +h(x)




Pseudocode:
“denoising autoencoder”

% Forward propagation
a(x) «— b+ WX

h(x) < sigm(a(x)
a(x) «— ¢+ W'h(x)

X « sigm(a(x))

% Backward gradient propagation
IC(XX) o
Ja(x) X—X

dC(X,x) IC(X,X)
oh(x) W X)

oIC(xx)  IC(Xx)7 ™
aag(x)) | a;(j(x)) hj(x) (1 —h; (X))

for j € {1,..., h(x)[}

/N

% Update
W — W —¢ (

AN

0C(X,X) . T
oa(x)

bi - bi P IC(X,X)

oa(x)

bi—l - bi—l _ ¢

IC(X,x)

da(x)

AN

x' +h(x)




Filtres (“denoising autoencoder”)
(Vincent, Larochelle, Bengio and Manzagol, ICML 2008)

® Sans entrée manquante




Filtres (“denoising autoencoder”)
(Vincent, Larochelle, Bengio and Manzagol, ICML 2008)

® 25% d’entréees manquantes:




Filtres (“denoising autoencoder”)
(Vincent, Larochelle, Bengio and Manzagol, ICML 2008)

® 50% d’entree manquantes:




Comparaisons experimentales
(Larochelle, et al. ICML 2007)

® Problemes genéres
Variations sur MNIST

Large ou mince?

Convexe ou pas?

Vo4




® Resultats

Resultats
(Vincent, Larochelle, Bengio and Manzagol, ICML 2008)

Dataset SVM, SAA-3 DBN-3 SdA-3 (v)
basic 3.03+0.15 3.46+£0.16 3.11%0.15 2.80+0.14 (10%)
rot 11.11+0.28 | 10.30+0.27 | 10.30+0.27 | 10.29+0.27 (10%)
bg-rand | 14.58+0.31 | 11.2840.28 | 6.73+0.22 | 10.38+0.27 (40%)
bg-img 22.61+0.37 | 23.00+0.37 | 16.31+0.32 | 16.68+0.33 (25%)
rot-bg-img | 55.184+0.44 | 51.93+0.44 | 47.394+0.44 | 44.49+0.44 (25%)
rect 2.15+0.13 2.41+£0.13 2.601+0.14 1.9940.12 (10%)
rect-1mg 24.04+0.37 24.05+£0.37 22.50+0.37 | 21.59+0.36 (25%)
conver 19.13+0.34 | 18.41+0.34 | 18.63+0.34 | 19.06+0.34 (10%)




e

Cout de ’erreur au carr

® |a PCA n’est plus la meilleure solution
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e

Cout de ’erreur au carr

‘est pas equivalent a du “weight decay”
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Quelle sorte de bruit utiliser?

® “Enlever” un pourcentage des unites
d’entrees marche bien, mais n’est peut-etre
pas optimal

® Est-ce que le bruit Gaussien est le mieux
qu’on puisse faire pour des donnees
continues?

r .

| Piste de recherche !

N A



Deep Learning using Robust

Interdependent Codes
(Larochelle, Erhan and Vincent, 2009)

® On introduit des connexions (=777 dec(enc(x)

laterales V parmi les elements wT
de la couche cachee _
enc(x)

® [ypiquement, ces connexions TW
impliquent des interactions OO000=
recurrentes entre les neurones §p(X]x)

(Shriki, Sompolinsky and Lee, 2001) OOOOO) x
enc(x); = sigm (b + Z WikZr + Z Vikenc(x )k)

k#J



Deep Learning using Robust

Interdependent Codes
(Larochelle, Erhan and Vincent, 2009)

® Malheureusement, un tel encodeur necessite
plusieurs iterations pour converger

® A la place, on insere des connexions non-
récurrentes

A

1) enc(x) = sigm(b + Wx)

A A

2) enc(x); = sigm (d + Vjjenc(x); + ZV]kenc( )k)7 ou Vj; >0
k#j



Deep Learning using Robust

Interdependent Codes

(Larochelle, Erhan and Vincent, 2009)

3
i
L
N
AR
i
o
%
N
n
B
by
B
of
W




Deep Learning using Robust

Interdependent Codes
(Larochelle, Erhan and Vincent, 2009)

Neurones connectés positivement par V:

Neurones connectés négativement par V:

HEEFEESSERE

Exemple J—— ! |
d’interaction — - | .
d’inhibition E— i |




Deep Learning using Robust

Interdependent Codes
(Larochelle, Erhan and Vincent, 2009)

Resultats de classification

Dataset SVM,;,r | DBN-3 | SDA-3 | SDA-6 | SDAIC-3

MNIST-rot 11.11 9.01 9.53 9.68 8.07
OCR-letters (fold 1) 9.70 9.68 9.69 10.15 9.60
OCR-letters (fold 2) 9.36 9.68 9.92 9.92 9.31
OCR-letters (fold 3) 9.94 10.07 10.29 10.32 9.46
OCR-letters (fold 4) 10.32 10.46 10.42 10.51 9.92
OCR-letters (fold 5) 10.19 10.58 9.93 10.58 9.50
OCR-letters (all) 9.90 10.09 10.05 10.30 9.56




Deep Learning using Robust

Interdependent Codes
(Larochelle, Erhan and Vincent, 2009)

MNIST-rot
27
¥ RBM
¥ SRBM
24 o+ DA
# DA-settling
\ o

.
v,
.
.
.
.
.
.,
‘e

12 =
500 750 1000 1500 2000

OCR-letters
27 u]
¥ RBM
¥ SRBM
O DA
24 8 # DA-settling
O
21
|8
|5
250 500 750 1000

Resultats extraction de caracteristiques (features)



Deep Learning using Robust

Interdependent Codes
(Larochelle, Erhan and Vincent, 2009)

MNIST-rot OCR-letters
0,0500 0,0450
0,0425 0,0375
0,0350 - 0,0300 ™ -
0,0275 \/\J/o 0,0225
0,0200 0,0150
500 750 1000 1500 2000 250 500 750 1000

Resultats extraction de caracteristiques (features)



Quelle sorte d’encodeur utiliser?

® Plusieurs autres choix d’encodeur
pourraient sont possibles

® |'encodeur “optimal” depend peut-etre de
la tache (image vs. signal sonore vs. texte)

r .

| Piste de recherche !
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Deep Learning via Semi-Supervised Embedding
(Weston, Ratle and Collobert, ICML 2008)

® Pourquoi ne pas s’inspirer de la litterature
sur I'apprentissage semi-supervise

| fi — f51I7 if Wi; =1,

Fir I3 Wea) = {maxm,m = |I1fi = 1) i Wi =0

Des entrées X;, X devraient avoir des
sorties [;, /; similaires si elles sont voisines



Deep Learning via Semi-Supervised Embedding
(Weston, Ratle and Collobert, ICML 2008)

INPUT cout supervise

v
Zg(f(xi)vyi)

=1 colt non-supervise
+ )\ Z L(f(.CUZ),f(Qf]), Wzg)
LAYER 3 i,j=1

OUTPUT G



Deep Learning via Semi-Supervised Embedding
(Weston, Ratle and Collobert, ICML 2008)

INPUT cout supervise

v
Zg(f(xi)vyi)

1=1 n .
Embeddin colit non-supervisé
LAYER 2 f¢——g1ace LU =
k
X Y L(fF (), (), Wiy)
LAYER 3 i1

k°couche cachée
OUTPUT



Deep Learning via Semi-Supervised Embedding
(Weston, Ratle and Collobert, ICML 2008)

INPUT cout supervise

l
Zg(f(xi)vyi)

1=1

| AYER 2 . co‘tit}w-supervisé

OUTPUT

Embedding
Layer



Deep Learning via Semi-Supervised Embedding
(Weston, Ratle and Collobert, ICML 2008)

Algorithm 1 EmbedNN

Input: labeled data (x;,y;), ¢ =1,..., L, unlabeled
data x;, 1 = L+ 1,...,U, set of functions f(-), and
embedding functions ¢*(-), see Figure 1 and equa-
tions (9), (10) and (11).
repeat

Pick a random labeled example (x;, y;)

Make a gradient step to optimize £( f(x;),y;)

for each embedding function ¢*(-) do

Pick a random pair of neighbors z;, x;.
Make a gradient step for AL(g"(z;), g% (z;),1)

Pick a random unlabeled example z,,.
Make a gradient step for AL(g"(z;), g%(x,),0)
end for
until stopping criteria is met.




Deep Learning via Semi-Supervised Embedding
(Weston, Ratle and Collobert, ICML 2008)

® Resultats
Mnstlh Mnst6h  Mnstlk  Mnst3k

SVM 23.44 8.85 777 4.21
TSVM 16.81 6.16 5.38 3.45
RBM™) 21.5 - 8.8 -
SESM ™) 20.6 - 9.6 -
DBN-NCA™)  _ 10.0 _ 3.8
DBN-rNCA®™)  _ 8.7 _ 3.3
NN 25.81 11.44 10.70 6.04
Embed®° NN 17.05 5.97 5.73 3.59
Embed'*NN 16.86 9.44 8.52 6.02
Embed*' NN 17.17 7.56 7.89 4.93
CNN 22.98 7.68 6.45 3.35
Embed® CNN  11.73 3.42 3.34 2.28
Embed’>CNN  7.75 3.82 2.73 1.83

Embed*®*CNN  7.87 3.82 2.76 2.07



Deep Learning via Semi-Supervised Embedding
(Weston, Ratle and Collobert, ICML 2008)

® Resultats

Table 4. Mnistlh dataset with deep networks of 2, 6, 8, 10
and 15 layers; each hidden layer has 50 hidden units. We
compare classical NN training with EmbedNN where we
either learn an embedding at the output layer () or an
auxiliary embedding on all layers at the same time (4%%).

2 4 6 3 10 15

NN 26.0 26.1 27.2 283 342 47.7
Embed® NN 19.7 151 15.1 15.0 13.7 11.8
Embed***NN 182 126 79 85 6.3 9.3



Deep Learning via Semi-Supervised Embedding
(Weston, Ratle and Collobert, ICML 2008)

® Resultats

Table 5. Full Mnist60k dataset with deep networks of 2, 6,
8, 10 and 15 layers, using either 50 or 100 hidden units. We
compare classical NN training with Embed**“NN where
we learn an auxiliary embedding on all layers at the same
time.

2 4 6 8 10 15
NN (HUs=50) 29 26 28 31 31 42
Embed® NN 2.8 19 20 22 24 26

NN (HUs=100) 2.0 19 20 22 23 3.0
Embed** NN 19 15 16 17 1.8 24



Deep Learning via Semi-Supervised Embedding
(Weston, Ratle and Collobert, ICML 2008)

® Avantages

* n’a pas de decodeur, pratique en haute
dimension

® Desavantages

* doit definir quelles paires d’entrees sont
voisines

r .
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Kernel Methods for Deep learning
(Cho and Saul, NIPS 2009)

® Est-il possible d’avoir une machine a noyau
profond!?

® Est-il possible d’avoir une couche cachee
infinie!?

L

105

Figure 1: Single layer network and activation functions



Kernel Methods for Deep learning
(Cho and Saul, NIPS 2009)

® Dans une machine a noyau, on s’interesse
aux produits scalaires entre vecteurs

m

Z O(w,; - x)O(w; - y)(w; - x)"(w; - y)",

m
N\
'S
N—"

ﬁ
N\
<
N—"

|

L

105]

fonction d’activation



Kernel Methods for Deep learning
(Cho and Saul, NIPS 2009)

® Nb. d’'unites infini: somme devient integrale

2
_ liw |
e 2

kn(x,y) = 2/dw OStE Ow-x)O(w-y)(w-x)" (w-y)"

™~

on suppose que les poids sont generes
selon des Gaussiennes N(0, 1)



Kernel Methods for Deep learning
(Cho and Saul, NIPS 2009)

® Ce noyau peut etre calcule analytiquement

0 = COS_l( * Yy
x|l |

kn (X,

> Jn(0) = (=1)"(sin§)>"+! (Sirlle §9>n (21;99

1 n n
y) = = x|y " Jn ()

)

~N




Kernel Methods for Deep learning
(Cho and Saul, NIPS 2009)

® Ce noyau peut etre calcule analytiquement

0 = COS_l(

X'y

I/l

> Jn(0) = (—1)”(sin6’)2”+1(

kn(X,y) =

1 n n
— [[x " [y [I" /n (6)
T

1 0

sin @ 00

) (

T— 6

sin 6

)

~N

Pour n € {0,1,2}

T — 0

sinf + (m — 0) cos 6
3sinfcosf + (m — ) (1 + 2 cos” §)



Kernel Methods for Deep learning
(Cho and Saul, NIPS 2009)

® || est meme possible d’empiler des couches!

—1/2
0 = cos™ (06 [ 0 KO )] )

1 n/2
D y) = = RO o) KD (voy) | (00)

EO(x,y) = ®(®(..8(x))) - ®(P(...8(y)))

S—— S——
¢ times ¢ times




Kernel Methods for Deep learning

26

24

WA
g

(Cho and Saul, NIPS 2009)

Test error rate (%)

22

RN EEE FEEEEE T AEEEE
1 2 34 56 1 2 34 56 123456 )
Step (n=0) Ramp (n=1) Quarter—pipe (n=2)

SVM-RBF

DBN-3

Figure 2: Left. examples from the rectangles-image data set. Right: classification error rates on the
test set. SVMs with arc-cosine kernels have error rates from 22.36-25.64%. Results are shown for
kernels of varying degree (n) and levels of recursion (¢). The best previous results are 24.04% for
SVMs with RBF kernels and 22.50% for deep belief nets [11]. See text for details.



Kernel Methods for Deep learning

21

18|
17

(Cho and Sa

ul, NIPS 2009)

Test error rate (%)

1 2 34 56
Step (n=0)

______________ SVM-RBF

.................. . DBN_3

1 2 34 56 123456 )
Ramp (n=1) Quarter—pipe (n=2)

Figure 3: Left. examples from the convex data set. Right: classification error rates on the test set.
SVMs with arc-cosine kernels have error rates from 17.15-20.51%. Results are shown for kernels
of varying degree (n) and levels of recursion (¢). The best previous results are 19.13% for SVMs
with RBF kernels and 18.63% for deep belief nets [11]. See text for details.



Kernel Methods for Deep learning
(Cho and Saul, NIPS 2009)

® Comment ajouter de I'apprentissage non-supervise

1. Prune uninformative features from the input space.

2. Repeat / times:
(a) Compute principal components in the feature space induced by a nonlinear kernel.
(b) Prune uninformative components from the feature space.

3. Learn a Mahalanobis distance metric for nearest neighbor classification.




Kernel Methods for Deep learning
(Cho and Saul, NIPS 2009)

® Comment ajouter de I'apprentissage non-supervise

“kernel PCA”
[

w1. Prune uninformative features from the input space.
2. Repeat / times:
(a) Compute principal components in the feature space induced by a nonlinear kernel.
_— (b) Prune uninformative components from the feature space.
&3. Learn a Mahalanobis distance metric for nearest neighbor classification.

“feature selection’

“large margin nearest neighbor”




Kernel Methods for Deep learning
(Cho and Saul, NIPS 2009)

Test error rate (%)

= DBN-3

0 1 2 3 45 1 2 3 45 1 2 1 2 ()
Step (n=0) Ramp (n=1) Quarter—pipe (n=2) RBF

Figure 4: Left: examples from the mnist-back-rand data set. Right: classification error rates on the
test set for MKMs with different kernels and numbers of layers £. MKMs with arc-cosine kernel
have error rates from 6.36-7.52%. The best previous results are 14.58% for SVMs with RBF kernels
and 6.73% for deep belief nets [11].



Kernel Methods for Deep learning
(Cho and Saul, NIPS 2009)

Test error rate (%)

- el - = i - SVM-RBF
........................... . DRN_3
0 1 2 3 45 1 2 3 45 1 2 1 2 ()
Step (n=0) Ramp (n=1) Quarter—pipe (n=2) RBF

Figure 5: Left: examples from the mnist-back-image data set. Right: classification error rates on the
test set for MKMs with different kernels and numbers of layers /. MKMs with arc-cosine kernel
have error rates from 18.43-29.79%. The best previous results are 22.61% for SVMs with RBF
kernels and 16.31% for deep belief nets [11].



Kernel Methods for Deep learning
(Cho and Saul, NIPS 2009)

® Desavantages
* pas possible de faire du raffinement supervise
* couteux en temps et memoire (kPCA)

® Avantages
* suite d’operations convexes

* possible d’utiliser autre chose que la kPCA

r .
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Slow, Decorrelated Features for

Pretraining Complex Cell-like Networks
(Bergstra and Bengio, NIPS 2009)

® Un autre exemple d’application du principe
du pre-entrainement

* avec un critere non-supervise different

* avec un “‘encodeur’ different



Slow, Decorrelated Features for

Pretraining Complex Cell-like Networks
(Bergstra and Bengio, NIPS 2009)

® |es neurones sont entrainés sur des séquences

d’'images

® |e critere:

Covy(hg, hj)
L2004 = @ Z Var(h : ;)Var(h

’L':j

_

—

neurones doivent
etre non-correles

LL zt _ hi,t—1)2
p - Var(hz)

neurones doivent
etre “lents”



Slow, Decorrelated Features for

Pretraining Complex Cell-like Networks
(Bergstra and Bengio, NIPS 2009)

® | es neurones sont plus complexes

filtre du neurone filtres excitateurs filtres inhibiteurs
Y v, . V-

® |nspires des “complex cells” du cerveau



Slow, Decorrelated Features for

Pretraining Complex Cell-like Networks
(Bergstra and Bengio, NIPS 2009)

® Resultats:

* MNIST: sans pre-entrainement = 1.56%
avec pre-entrainement = 1.34%

* Avec seulement 100 exemples etiquetes

Pre-training Dataset ~ Number of pretraining iterations (x 10%)
0 1 2 3 4 S

MIXED-movies 23.1 21.2 20.8 20.8 20.6 20.6
MNIST-movies 23.1 19.0 18.7 18.8 184 18.6



Quel est le meilleur module
non-supervise!?

® Y a-t-il d’autres criteres d’apprentissage non-
supervise intéressants!

® Qu’est-ce qui est plus important: le critere
non-supervise ou le type d’encodeur?

® Est-ce utile d’introduire aussi un critere
supervise en pre-entrainement!?

r .
| Piste de recherche !

N oA



Applications



Automatic ldentification of Instrument Classes

in Polyphonic and Poly-Instrument Audio
(Philippe Hamel, Sean Wood and Douglas Eck, ISMIR 2009)

® Exemple d’application autre que vision

SVM | MLP | DBN

Spectral Features (16) | 0.51 | 0.74 | 0.81
12 MFCCs (72) 0.75 | 0.85 | 0.85

20 MFCCs (120) 0.81 | 0.86 | 0.87
All Features (136) 0.84 | 0.84 | 0.88

Table 1. Global F-score for different features subsets (fea-
tures vector length in parenthesis)



Automatic ldentification of Instrument Classes

in Polyphonic and Poly-Instrument Audio

(Philippe Hamel, Sean Wood and Douglas Eck, ISMIR 2009)

SVM | MLP | DBN % SVM | MLP | DBN %
Bass 0.88 | 0.88 | 0.88 | 13.85% Bass 0.86 | 0.83 | 0.85 | 50.00%
Brass 0.87 | 0.88 | 091 | 22.37% Brass 038 | 045 | 0.63 | 25.90%
Guitar 0.0 0.0 0.21 | 2.13% Guitar 0.05 | 0.15 | 0.28 | 11.94%
Organ 096 | 0.89 | 096 | 7.46% Organ 0.84 | 0.84 | 0.85 | 62.99%
Piano 045 | 043 | 057 | 6.39% Piano 0.83 | 0.80 | 0.83 | 64.44%
Strings 094 | 095 | 097 | 9.59% Strings 0.37 | 0.37 | 0.36 | 18.82%
Woodwind | 0.82 | 0.85 | 0.89 | 29.83% Woodwind | 0.31 | 041 | 0.52 | 31.81%
Global 0.84 | 0.84 | 0.88 Global 0.72 | 0.72 | 0.74

Table 2. F-score for solo instrument audio. The results that
clearly outperforms the other models are highlighted in
bold. The percentage of positive examples in the training
set for each instrument is shown in the rightmost column

Table 3. F-score for poly-instrument audio. The results
that clearly outperforms the other models are highlighted
in bold. The percentage of positive examples in the training
set for each instrument 1s shown 1in the rightmost column



Reducing the Dimensionality of

Data with Neural Networks
(Hinton and Salakhutdinov, Science 2006)

e e e , : Decoderi
30
® Application: L, o !; ﬁ

WI W-1r+88
e o 2000 2000
7 . 500 AWT AWT+8
redUCt|On de i Tw L 1000 - o0
' 3 ' ' y Y i y'y
. . o, 7 1000 : = wi : Wi+e
: RBM; 3 : 3+
dimensionalite === ; S 5 o
WI _____________ WI+’35
1000 A — 30| Code layer: 30
[ w, '
2000 RBM.
RBM

Pretraining Unrolling Fine-tuning



Reducing the Dimensionality of

Data with Neural Networks
(Hinton and Salakhutdinov, Science 2006)

Resultats: reconstruction

Fig. 2. (A) Top to bottom: A BN
Random samples of curves from
the test data set; reconstructions
produced by the six-dimensional
deep autoencoder; reconstruc-
tions by “logistic PCA” (8) using
six components; reconstructions
by logistic PCA and standard
PCA using 18 components. The
average squared error per im- ,

age for the last four rows is | ' A" - __
1.44, 7.64, 2.45, 5.90. (B) Top -. _ ' 5 ! ‘ |
to bottom: A random test image - ! y - ‘
from each class; reconstructions

by the 30-dimensional autoen-
coder; reconstructions by 30-
dimensional logistic PCA and

standard PCA. The average

squared errors for the last three . ] ‘i 3 ’ F
rows are 3.00, 8.01, and 13.87. "
(C) Top to bottom: Random

samples from the test data set;
reconstructions by the 30-
dimensional autoencoder; reconstructions by 30-dimensional PCA. The average squared errors are 126 and 135.




Reducing the Dimensionality of

Data with Neural Networks
(Hinton and Salakhutdinov, Science 2006)

Resultats: visualisation

Fig. 3. (A) The two- A ” £ % . Vi
dimensional codes for 500 S e o '
digits of each class produced s
by taking the first two prin-
cipal components of all
60,000 training images.
(B) The two-dimensional
codes found by a 784-
1000-500-250-2 autoen-
coder. For an alternative
visualization, see (8).

L) =

4
Do~ E W =0

+ OO0




Reducing the Dimensionality of

Data with Neural Networks
(Hinton and Salakhutdinov, Science 2006)

Resultats: recherche d’information

Fig. 4. (A) The fraction of
retrieved documents in the
same class as the query when
a query document from the
test set 1s used to retrieve other
test set documents, averaged
over all 402,207 possible que-
res.

A
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Reducing the Dimensionality of

Data with Neural Networks
(Hinton and Salakhutdinov, Science 2006)

Resultats: visualisation

European Community
Interbank markets monetary/economic
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74 o+ accidents
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Semantic Hashing
(Salakhutdinov and Hinton, IJAR 2009)

® Application: recherche d'information

Address Space

-
- ~-o

O \ Semantically

Similar
Documents
Semantic
Hashing
Function

Document

Fig. 1. A schematic representation of semantic hashing.



Semantic Hashing
(Salakhutdinov and Hinton, IJAR 2009)

® Application: recherche d'information

2000
A
_________________________________________ Wl +€¢
= RBM: 500
: A
I W3 E W2 +€5
: 500
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W3+e4
500 RBM: 32 Code Layer
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R i el | +€
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I Wl i T WI+81
2000 2000

__________________________________________

Recursive Pretraining Fine—tuning



Semantic Hashing
(Salakhutdinov and Hinton, IJAR 2009)

® Application: recherche d'information

7% 10 5 2% 10 5

6 | Pretrained | 6 Fine—tuned
5 5

4 4

37 3
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1 1 1

0 — -
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Semantic Hashing
(Salakhutdinov and Hinton, IJAR 2009)

® “Constrained Poisson Model”

exp(4i + Y _;hjwy)
Zk CXp (Ak + Zjhjwkj )
phyj=1|v) = G(bj + Ziwij v,-),

N

p(vi=nlh)=Ps| n,

® Pas tres elegant...Voir plutot:

Replicated Softmax: an Undirected Topic Model,
NIPS 2009



Semantic Hashing
(Salakhutdinov and Hinton, IJAR 2009)

Resultats: visualisation

Reuters 2—D Topic Space

Disasters and Accidents

European Community

Monetary/Economic

ot 0..0 %
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Precision (%)

Semantic Hashing
(Salakhutdinov and Hinton, IJAR 2009)

Resultats: recherche d’information

20-newsgroups

90

5 5 5 5 +Fme—tuned 128 bit codes
SOk ST e ERREREREEE SR '--F-l----LSA128 ----- T PP -
: : Blnarlzed LSA 128

32 64 128 256 512 100
Recall (%)

Precision (%)
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Precision (%)
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Semantic Hashing
(Salakhutdinov and Hinton, IJAR 2009)

Resultats: recherche d’information

Reuters RCVI v2

: : : : : = 9' TF IDF : :
- - SR SR SR o === TF-IDF using 20 bit filter' ]
NN : : : Locallty Sensmve Hashlng

01 02 04 08 16 32 64 128 25.6 51.2 100
Recall (%)

Avec 20 bits +
“Hamming ball” de rayon 4

- 0.5 ms pour filtrer
documents

(~2500 / 402 207)

- 10 ms pour traiter ces
documents avec tf-idf




Semantic Hashing
(Salakhutdinov and Hinton, IJAR 2009)

® Trucs pour la modelisation de texte
* enlever les mots communs

* enlever les informations de genre et de
nombre

* porter attention a I'impact du nombre de
mot de chaque document



Semi-supervised Learning of Compact Document

Representations with Deep Networks
(Ranzato and Szummer, ICML 2008)

® Meme application, mais en utilisant des
autoencodeurs Code 3

Input count

® |nhnovations:

* entrainement partiellement supervise

* autoencodeur adapteé aux documents



Semi-supervised Learning of Compact Document
Representations with Deep Networks

® Autoencodeur (en images)

(Ranzato and Szummer, ICML 2008)

encodeur décodeur
Y e e e Y e e o
| JJ code
nputy | jog Wg | logistic-— Wp exp [PeINLL
count @Ioss
Label 3 We softmax CE
g
classifieur

® Cout d’entrainement:

L =FEr+a.Ec



Semi-supervised Learning of Compact Document

Representations with Deep Networks
(Ranzato and Szummer, ICML 2008)

® Autoencodeur (en equations)

log() a cause du exp() en sortie

/
encodeur zZ = O'(WE log(m) + bE)
décodeur = ﬂeWDz+bD

distribution P(a:) _ H P(ZEZ) _ H e_)"" >\i.

Poisson

NLL ER — Z(ﬂe((WD)zz—l-sz)_xz(WD)zz—beDZ—I—lOg X -

Poisson



Semi-supervised Learning of Compact Document

Representations with Deep Networks
(Ranzato and Szummer, ICML 2008)

® Pour eviter log(0), on ajoute | a la frequence
de tous les mots d’'un document

® | es autoencodeurs des couches
subsequentes utilisent le cout de I'erreur au
carre pour la reconstruction (sans log(x))



Semi-supervised Learning of Compact Document

Representations with Deep Networks
(Ranzato and Szummer, ICML 2008)

Resultats: classification (20 newsgroup)

70
60r
50r
”
M4Of
3
®
Y
s 30
3]
3]
o
201 1 : : : i
——Semisup.: 1lst layer(200)+SVM
10- ——Semisup.: 4th layer(20) +SVM
Unsup. : 1st layer(200)+SVM
——tf-idf: (2000)+SvM

2 5 10 20 50
Number of labelled training samples



Semi-supervised Learning of Compact Document

Representations with Deep Networks
(Ranzato and Szummer, ICML 2008)

Resultats: recherche d’information (profond ou pas)

0.7
0.6 o—
5
E 0.5F |0 shallow(2) g
(;3 shallow(3)
ﬁ A shallow(10)
0.4 shallow(40) |
-©-deep (2)
O i O |-=-deep(3) )@ OO O N
0.3f -A-deep (10) o
| deep (40)
|-o-tf-idf
Yo 107 1072 107 10°

RECALL



Semi-supervised Learning of Compact Document

Representations with Deep Networks
(Ranzato and Szummer, ICML 2008)

Resultats: recherche d’information (taille vocab.)

0.8 —————
A
0. F———83
gu-
0.6P---_
ARt £
50> T
H -
3 0.4 |-6-shallow 1,000 words
§ -9-shallow 2,000 words
Ao.3 shallow 5,000 words
shallow 10,000 words
0.2 |-© tf—-idf 1,000 words
-o-tf—-idf 2,000 words
0.1 tf-idf 5,000 words
tf-idf 10,000 words
03 3 O 0
10 10 10 10

RECALL



Semi-supervised Learning of Compact Document

Representations with Deep Networks
(Ranzato and Szummer, ICML 2008)

Reésultats: recherche d’information (autoencoder vs RBM)

0.7
0.65
0.6
0.55
8
H 0.5F
0
-
I%50.45
B 0.4 |—O-tf-idf(2000)
-©-binary (1000)
0.35 |-B-deep(7)
0.3l deep (20)
] DBN pre—-trained(20)
0.25r DBN fine—-tuned(20)
| AN S N S S I B S S S
107 10°° 10~ 10°

RECALL



Semi-supervised Learning of Compact Document

Representations with Deep Networks
(Ranzato and Szummer, ICML 2008)

Resultats: similarite entre les mots

Word stem

Neighboring word stems

livestock

beet, meat, pork, cattle

lend

rate, debt, bond, downgrad

acquisit

merger, stake, takeov

port

ship, port, vessel, freight

branch

stake, merger, takeov, acquisit

plantat

coffe, cocoa, rubber, palm

barrel

oil, crude, opec, refineri

subcommitte

bill, trade, bond, committe

coconut

soybean, wheat, corn, grain

meat

beef, pork, cattl, hog

ghana

cocoa, buffer, coffe, icco

varieti

wheat, grain, agricultur, crop

warship

ship, freight, vessel, tanker

edibl

beet, pork, meat, poultri



“to be continued...”



