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Background - Human Auditory System
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» Neuron Model

= A set of synapses(weights)

= Adder é
zZ = 21-1;@*;}. + b,
J=1

= Activation function

» Neural Network Model

= 4 basic features
= Common categories
= |Learning Methods

Activation

X3 function
Output
(I] ) = Yk
Summing
junction
Xm
Input Synaptic
signals weights
R
hyys(X)
—_

+ Layer L,

Layer L,




Background - Neural Networks

» DA EARRAE
= JEZRME. AERRME. dEEE M. JEN M
DR L EI P R 2R R R
AR 2% B/ 22 J2 IR L
A2 4% Hopfield. Hamming. XA BXAE /71 25 (BAM)

H ZH AP 25 0 [ 2H 2R BB 28 X 2% (SOM) XS JRT A 28 I 2% (CPN)
FEHLAHZE 2% . Boltzmann#l
» TUMPE RHZE ST

= iRZE1&1E 2] (Error-Correction Learning)

= B0 12 1924 2] (Memory-Based Learning)

= JifiAf 2% >] (Hebbian Learning)

= w422 3] (Competitive Learning)

= /K% % 2% 2] (Boltzmann Learning)

=

—
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Deep Architectures - Motivations

» Why Deep Architectures?

= |nsufficient depth can hurt
e Precision and Generalization
e Neurons -> Memory space
e Time consuming

= The brain has a deep architecture
e such as Auditory System

= Cognitive processes seem deep:
e Humans organize their ideas and concepts hierarchically.

e Humans first learn simpler concepts and then compose them to
represent more abstract ones.

e Engineers break-up solutions into multiple levels of abstraction and
processing
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Ref: http://www.iro.umontreal.ca/~pift6266/H10/notes/deepintro.html



http://www.iro.umontreal.ca/~pift6266/H10/notes/deepintro.html
http://www.iro.umontreal.ca/~pift6266/H10/notes/deepintro.html

Deep Architectures - Challenges

» How to train Deep Architectures?
= Layers
= Neurons in each Layer
= |nitial Weights/Activation function
= |Learning methods
These are general problems in NN design

» BUT poor training and generalization errors generally
obtained using the standard random initialization.

» gradient-based training of deep supervised multi-layer
neural networks (starting from random initialization) gets
stuck in “apparent local minima or plateaus(&= 5, “F&)”7,

and that as the architecture gets deeper, it becomes

more difficult to obtain good generalization

Ref: Yoshua Bengio. Learning Deep Architectures for Al. Chap 4.2



Deep Architectures - Attempts

» Deep Convolutional (547 117) Neural Networks(CNNs)

= [1]Y. LeCun, etc. “Backpropagation applied to handwritten zip
code recognition,” Neural Computation, 1989.

= [2]Y. Le Cun,etc. “Gradient-based learning applied to document
recognition,” Proceedings of the IEEE, 1998.

= [3]D. Simard, P. Y. Steinkraus, and J. C. Platt, “Best practices
for convolutional neural networks,” in International Conference
on Document Analysis and Recognition (ICDAR’03)

= [4]M. Ranzato, C. Poultney, S. Chopra, and Y. LeCun, “Efficient
learning of sparse representations with an energy-based model,”
in Advances in Neural Information Processing Systems 19(NIPS’06)
Three architectural ideas to ensure some degree of shift, scale,
and distortion(Z%JE, ) invariance: (Ref [2].)
1) local receptive fields;
2) shared weights (or weight replication);
3) spatial or temporal subsampling.

Ref; Yoshua Bengio. Learning Deep Architectures for Al. Chap 4.2



Deep Architectures - Attempts

» Deep Convolutional Neural Networks

= Sparse Connectivity (a) layer m+1
= Shared Weights (b) (@)  lyerm
= The Full Model (LeNet, c)

layer m-1|

feature m
layer m
(b) ); [)g |:§| )\(
layer m-1 b O
(€)

I 1 (C1) 4 feature maps (52) & feature maps {C2) & feature maps
] '

Inpuc layer {31 4 feature maps

convolution layer | sub-sampling layer l convalution layer | sub-sampling layer l fully connected MLPl

Ref: http://deeplearning.net/tutorial/lenet.html



http://deeplearning.net/tutorial/lenet.html
http://deeplearning.net/tutorial/lenet.html

Deep Architectures - Attempts

» Experiments and Results

= Data set: 9298 segmented numerals digitized from handwritten
Zip codes that appeared on U.S. mail passing through the Buffalo,
NY post office

5727 )<
FSHE0" Sy

161 19154857368U322641418¢
L35$372029929197225100%¢701
30844145910106 15406103631 omalized digits
(OLY111030475262009979966
891A05&108SSFIDIINA7955%60

original zip codes




Deep Architectures

» Experiments and Results

Network Architecture

10 output units @ -

fully connected
~ 300 links

layer H3 oooooooo
30 hidden units fully connected
~ 6000 links
layer H2 = /.
12 x 16=192
H2.1 H2.1 ,
hidden units ~ 40,000 links
from 12 kernels
B.X:8xX8
layer H1 = ™
12 x 64 = 768 s )
hidden units -
H1.1 H1.1
~20,000 links

from 12 kernels

MSXS

256 input units

- Attempts

Method: Backpropagation
and stochastic gradient

Training Error: 0.14%
Test Error: 5.0%

While a fully connected
network with one hidden
layer of 40 units:
Training Error: 1.6%

Test Error: 8.1%

More Comparisons:
MNIST database

Ref: Y. LeCun etc. Backpropagation Applied to Handwritten Zip Code Recognition


http://yann.lecun.com/exdb/mnist/

Deep Architectures - Breakthrough

» better results could be achieved when pre-training each layer with an
unsupervised learning algorithm, one layer after the other, starting
with the first layer

» Breakthrough
= G. E. Hinton, etc. Reducing the Dimensionality of Data with Neural
Networks. Science 2006. ( and Hinton, G. E., etc., A fast learning
algorithm for deep belief nets. Neural Computation, 2006)
= Yoshua Bengio,etc. Greedy Layer-Wise Training of Deep Networks. NIPS06
= Marc’Aurelio Ranzato,Efficient Learning of Sparse Representations with
an Energy-Based Model. NIPS06

» key principles in the papers
= Unsupervised learning of representations is used to (pre-)train each layer.
= Unsupervised training of one layer at a time, on top of the previously
trained ones. The representation learned at each level is the input for
the next layer.
= Use supervised training to fine-tune all the layers (in addition to one or
more additional layers that are dedicated to producing predictions).

Ref: http://www.iro.umontreal.ca/~pift6266/H10/notes/deepintro.html



http://www.cs.toronto.edu/~hinton/absps/fastnc.pdf
http://www.cs.toronto.edu/~hinton/absps/fastnc.pdf
http://www.cs.toronto.edu/~hinton/absps/fastnc.pdf
http://www.iro.umontreal.ca/~pift6266/H10/notes/deepintro.html
http://www.iro.umontreal.ca/~pift6266/H10/notes/deepintro.html

Deep Architectures - Breakthrough

asureda SHGU

== Reducing the Dimensionality of
wve the noise

zacoscy J@t@ WIith Neural Networks

ident power

Greedy Layer-Wise Training of Deep Networks

Efficient LLearning of Sparse Representations
with an Energy-Based Model

Yoshu

{bengioy, mare’Aurelio Ranzato, Christopher Poultney, Sumit Chopra, and Yann LeCun

Courant Institute of Mathematical Sciences

New York University, New York, NY 10003
Complexity thy {ranzato,crispy,sumit, yann}Recs.nyu.edu
more efficient
computational

neural networl Abstract
represent high

It was n‘:ft cleal e describe a novel unsupervised method for learning sparse, overcomplete fea-
starting from 1 tyres. The model uses a linear encoder, and a linear decoder preceded by a spar-
ton et al. recet sifying non-linearity that turns a code vector into a quasi-binary sparse code vec-
for Deep Belie tor. Given an input, the optimal code minimizes the distance between the output

of the decoder and the input patch while being as similar as possible to the en-
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Deep Learning - Autoencoders

» Autoencoders

= An autoencoder neural network is an unsupervised learning
algorithm that applies backpropagation, setting the target
values to be equal to the inputs. i.e., it uses 3% — z®

= The simple autoencoder often
ends up learning a low-dimensional

= |f the hidden layer is non-linear,
the auto-encoder behaves different
from PCA, with the ability to
capture multi-modal aspects of

the input distribution.

= The departure becomes even
more important when we consider
stacking multiple encoders

hw,b(X)

Layer L, Layer L,

Layer L,



Deep Learning - Autoencoders

» Denoising Autoencoders

= |n order to force the hidden layer to discover more robust
features and prevent it from simply learning the identity, we
train the autoencoder to reconstruct the input from a corrupted
(EFHg, #ELRHY) version of it.

= The denoising auto-encoder is a stochastic version of the auto-
encoder

= Intuitively, a denoising auto-encoder does two things:

e try to encode the input (preserve the information about the input),

e and try to undo the effect of a corruption process stochastically applied
to the input of the auto-encoder.

Hidden code (representation) KL(reconstruction | raw input)

fﬁfﬁﬁﬁooo

RORO Ol (O0000) (OOOO0)

Corrupted input Raw input reconsfruction

Ref: http://deeplearning.net/tutorial/dA.html



http://deeplearning.net/tutorial/dA.html

Deep Learning - Sparse Coding

» Sparse Coding(Olshausen & Field,1996)
= Sparse coding is a class of unsupervised methods for learning
sets of over-complete bases to represent data efficiently.

= The aim of sparse coding is to find a set of basis vectors such
that we can represent an input vector as a linear combination
of these basis vectors: L
X = Z a; Q;
i=1

(1)

= Define the sparse coding cost function on a set of m input

vectors as .
ke = &
ca Lo (7) E:'Ul'- EjTU]
minimize ) , E x\V — a’’ ¢;|| + A S(a;”")
=1 i—1 i=1

where S(.) is a sparsity cost function which penalizes(#:11]) a; for
being far from zero.

(2)
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Deep Learning - Sparse Coding

» Measure of sparsity

= [, norm (S(a:) = 1(Ja;| > 0)): non-differentiable and difficult to

optimize

m L1 penalty S(ai) = |ail,

= log penalty S(a) = log(1 +a?)
» Generalization and Restriction

i ’ | '}"Z::—lgiﬂiﬂ)
subject to il <CWi=1,.. k

C | m Gy _ 5k U)o
mlﬂlmlﬂﬂﬂf_ﬂl[ﬁ; =1 H}: i1 @@

» Learning

= L1 penalty: gradient-based methods, such as conjugate(3L#)
gradient methods

= L2 norm penalty: Lagrange dual($i4& B H 5 1)
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Ref: http://deeplearning.stanford.edu/wiki/index.php/Sparse Coding



http://deeplearning.stanford.edu/wiki/index.php/Sparse_Coding
http://deeplearning.stanford.edu/wiki/index.php/Sparse_Coding

Deep Learning - Sparse Coding

» Sparse Coding in Vision

~ (.8 * T 9=

[a,, ..., ag) =1[0,0,..,0,0.8,0,..00.3,0,..,0,0.5,0]
(feature representation)



Deep Learning - Sparse Coding

» Sparse Coding in Audio

Image shows 20 basis functions learned from unlabeled audio.
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| 1} fﬁm,m *‘F / M A o Lewicki. Efficient
w’“%'\j | W'U\‘Wﬁwﬁz of N Auditory Coding

Nature, 2006]
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Deep Learning - Sparse Coding

» Comparison of bases to phonemes
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Deep Learning - RBMs
» Energy-Based Models (EBMs)

= Energy-based models associate a scalar energy to each
configuration of the variables of interest

= |Learning corresponds to modifying that energy function so that
its shape has desirable properties.

= Energy-based probabilistic models define a probability
distribution through an energy function

_ E—Ef_ﬂ | 7 Z E_E{I) (4)
V4 T

plx)
» EBMs with Hidden Units

= |n many cases of interest, we do not observe the example x fully,
or we want to introduce some non-observed variables to
increase the expressive power of the model. We introduce
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a hidden part h o—Elx,h)
P(z) = Pz, h) = .
Zﬁ: Zﬁ: ? —Flx) (5)
* |ntroduce F(z) = — 1ogze—-’*3'-‘-rah? then p(z) = & with Z = § e F ),
1 T

Ref: http://deeplearning.net/tutorial/rbm.html
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Deep Learning - RBMs
» Restricted Boltzmann Machines(RBMs)

= Boltzmann Machines (BMs. Hinton, etc. 1986) are a particular
form of log-linear Markov Random Field (MRF), i.e., for which
the energy function is linear in its free parameters.

= BMs with hidden variables: can increase the modeling capacity
of the Boltzmann Machine (BM)

= Restricted Boltzmann Machines(RBMs) further restrict BMs to
those without visible-visible and hidden-hidden connections

Hidden () Hidden
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Deep Learning - RBMs
» Restricted Boltzmann Machines(RBMs)
v.h|0) = Zmi iE)JhJ —iimt-;jh.j (6)

;H\:EF' 0 = -[1[.-'1;.-4’;.3_.7 a;. b_j} 7"7*%%”7‘}%@ i=1 j=1
= (v, h)BIBCE R A5

o—E(v.h[6)

P(v.h|0) = 70 Z(0) = Vz;eEw.he}
+ ALBEARVIO P(v]0) |
P(v]0) = Z g~ E(v/hI6)
o %J/\fﬁ%qﬁimﬂﬁ/fﬁﬁ/ﬁ‘%i
P(h; =1|v,0) = o(b; +Z‘L Wi;)
n %%TA%EE’J#‘%@@*@EK
P(‘L—‘i — 1|h: = g(ai 4 Z I.-'I_.Fz.jh.j) J(I') = I+exp(—z) (1 O)
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Deep Learning - RBMs
» Learning RBMs - 15 2% {1t

= FIRBMIIAESS 23K tH S 4011, ﬂuﬁﬁﬁ%ﬂwﬁ%, Ot THE
A~ 0" = L(0) = arg Zl g P(v\V]0)
= dI’g ;IIEIX = EII' éIlEIX O Vv (1 1 )

= {5 FBEALES E - F+2% (stochastic gradlent ascent)>KfE, KPR
M, B FeEA TN ﬁ(Q)J}Eﬁ AR

£(8) = Z P(v®|g) = ZIOUZP ) h|g)

t=1

S exp[—E(v®) h|0)]
2y 2_nexp[—E(v.h)|0]

( ZEXP v(® h|6)] 1ogzzexp[—E(v,h)9]) (12)
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Deep Learning - RBMs
» Learning RBMs - #2824 {1t

X

d exp[—E(v(®). h|)] a(—E(v“hh\@))
=2 (Zh: S exp[—E(v(®, h|@)] a0

exp—F(v,h|0)] d(—E(v.h|0))
ZV:ZZ Zhexp[ E(v,h|)] ~ o0 )
& (/9=E(v"),n)0)) _/O(=E(v.h[9)) )
Z (< o8 >P{:hv{t)_6} < a0 >P(v.h6) (13)

HA, ()p BaRKKRT oA P HIEFHE
= i “data” F1 “model” Kfiiic P(h|v® 6)Ff1 P(v.h|@), N
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dlog P(v|0)

a[_,vij = <“L’ii'i-j>data — <Uih'j>rnode1g
Jlog P(v|0

g@af | ) - <(U1')data _ <(L!3)Illodelﬁ
dlog P(V |9)

83)3- — <h'j>data — <h'_j>1'nodel- (14)



Deep Learning - RBMs
» Learning RBMs - Gibbs¥Ff

Gibbs¥ #£(Gibbs sampling) & — AT /R K ZEF K P (Markov Chain Monte
Carlo, MCMC)SKB& IR k. ST —PNKEHEIHEX = (X, X, -, Xk), RFERATT
R R TXHECE 0 P(X), BIRAN1FE S € X B KA E0, B2 EX W01,
BIP(Xi| Xi-), Xi- = (X1, X2, , Xp—1, Xiy1, o+ » XK )o B4, BATHT AMXH —MERIR
A (En[z1(0), 22(0), - - - ,zx(0)])FF 46, FIH LR FMF A, B Ko ERKICREE, &R
RELHIIE N, BEVLARE [z (n), z2(n), - - - , 2 (n)| IR 70 A0 4% Lin B J LRI R IE B U ST XY
BREMEDMP(X). BA)TEN, AT IERFIE S8 0 P(X) BI85 M4 T X H 17 R A+
ETRBMERFIRFRGER, LR P TORESHFA L, AT LUEH Gibbs KA 77
R ARMRBME X ANV AR. ERBMA#HITEAS & MR AR EEZ N A—1
ISR (BRT L2 BRI BENLAIRES ) W18 1L 7T B HIR S vo, B AT U0 T KAF:

hy ~ P(h|V0): Mg = P(V’h())a
hl ~ P(hlvl), Vg v P(V'hl)

...... : Vil ™~ P(Vlllk)

© Bill Xia, College of Computer Science, Zhejiang University

EXHESHEEE® KB T, A1 LLE B Ak MRBMAT & X B f O BE A<, BE4h, fE
F Gibbs AR AT AT AR 220 (s) F 58 Z AT — N fbh



Deep Learning - RBMs
» Learning RBMs - Contrastive Divergence (%7 Lt &%E, CD)

o R R A CRAEIRAT T AT PAAS B XS EAUIA B BT R IS ERE B
Ry ALk, AEE 15 0 T 75 BTSSR R 2D H, X 45 RBMIFT I 24
RCRATIHAS 57, UL A2 2 W0 I 5 4 P el A0 4 200 e b

= 024, Hintonf&H J RBMI— NP2z S Fyk, BUXTEEEE, fihfs
295 A I B AE W] G4V Y, AT 75 24 K (Gl k=1) 20 75 4 7
KFEAE 0] LA 3 R 08 0 13 A

= FECDEVE—TF4s, v LB e RS B — MIZRAEAR, FFF]H
NOVTETERER T ERS. A REBIThPIRESH €
Z ), WP (10) ka2 264 n] WL ov BUE AT RIEER, #Emr=4

A] I JZ 1 —A> EE #4 (reconstruction) P(h|v)
o KB ST hOO OO
QI-'{’Z'; — 'E(<L'ih'j>data - ('Uz'h-j)recon)g \
v OOO OOO
Aﬂi — E(<L'i>data - <L'i>rec01'1)r Data Recon;;zucic;c; Data
AE)} — ((‘li'j)data — <h'j>re-:01'1)- (15)

Ht e 23R, (reconRon— 25 A B 3E 93 A



o MIAN: —NIEEEX;: BEEL M m: £3Fe ERVIESHHT.
o M XEEREEEW. FTLEMNEENEa. BEMEBERED.

o JIGHER:
Viaie: ST REETHVEREESY, = xo: W alb eI/ &E.
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Deep Learning - RBMs
» Learning RBMs - CD
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Deep Learning - Training
» Greedy Layer-Wise Training

= RBMs can be stacked ()i, &) and trained in a greedy
manner to form so-called Deep Belief Networks (DBN)

1. Train the first layer as an auto-encoder to minimize some

form of reconstruction error of the raw input. This is purely
unsupervised.

©OOOCOO) hs

2. The hidden units’ outputs (i.e., the codes) of the auto- RBM
encoder are now used as input for another layer, also trained OOO0O000) h
to be an auto-encoder. Again, we only need unlabeled exam- A
ples. E 4

3. Iterate as in step (2) to initialize the desired number of addi- @OOPOO® hi

tional layers.

4. Take the last hidden layer output as input to a supervised
layer and initialize its parameters (either randomly or by
supervised training, keeping the rest of the network fixed).

I 4
©OOOOOO) «

5. Fine-tune all the parameters of this deep architecture with

>
x
(%]
—
()
=
c
]
on
c
©
=
(D]
<
N
S
O
c
2
Q
w
|
(]
)
>
o
&
(@)
o
Y
(@]
(]
on
Q
©
(&)
8
>
)
©

respect to the supervised criterion. Alternately, unfold all
the auto-encoders into a very deep auto-encoder and fine-
tune the global reconstruction error, as in [75].




Deep Learning - Training
» Greedy Layer-Wise Training

| 500 | RB “ Softmax Qutput
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Pretraining Unrolling Fine-tuning
* After layer-by-layer unsupervised pretraining, discriminative fine-tuning
by backpropagation achieves an error rate of 1.2% on MNIST. SVM’s get
1.4% and randomly initialized backprop gets 1.6%.




Deep Learning - Explaination
» Why this Pre-training works?

* Greedy training improves variational lower bound.

* RBM and 2-layer DBN are equivalent

when W2 — w!',

* The lower bound is tight and
the log-likelihood improves by
greedy training.

* For any approximating
distribution Q(h'|v)

log Pp(v) = ) Py(v,h')
hi

© Bill Xia, College of Computer Science, Zhejiang University

Train 2"%-layer RBM
K

> ZQ(hl\v] [log P(h') +log P(v|h') | + H(Q(h'|v))
hl
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Deep Learning in Audio and Speech
Audio features
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Deep Learning in Audio and Speech

» Sparse coding on audio (speech)

8

1versi

0.9 * +0.7* + 0.2 *

o
(o]
c
©
=,
)

e

N
w’\
O
c

(o
(O

w
| .
)
—d
>
£
(@)

O

Y
©)
)
on

ks

°

)

K}

>

&
©

I

P36 =9, 9  Andrew Ng.




Deep Learning in Audio and Speech

» Dictionary of bases ¢. learned for speech
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Many bases seem to correspond to phonemes.
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Honglak Lee
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Deep Learning in Audio and Speech

» Hierarchical Sparse coding (sparse DBN) for audio
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Spectrogram

[Honglak Lee]




Second CDBN
layer
One CDBN
layer
[ICML 2009, NIPS 2009]
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» Convolutional DBN for audio

Max pooling
Detection units
Max pooling
Detection units
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Deep Learning in Audio and Speech
» Phoneme Classification (TIMIT benchmark)

— - -— A = - . e o - T e e b = 3 e S~» _— - N 3 5 Sek N e e _ B Y N R S e P o
\(:‘_—EL et o = e 1 .‘:" e R T S ) e e e S S | S T B ¥

Method Accuracy
Clarkson and Moreno (1999) 77.6%
Gunawardana et al. (2005) 78.3%
Sung et al. (2007) 78.5%
Petrov et al. (2007) 78.6%
Sha and Saul (2006) 78.9%
Yu et al. (2006) 79.2%
Unsupervised feature learning (our method) 80.3%

Unsupervised feature learning significantly improves
on the previous state-of-the-art.




>
=
(%]
_
o
=
c
)
on
c
S
=
3
i e
N
S
O
c
4o
9]
v
_
7]
)
>
a
S
o
&)
Y
S)
0]
on
Q
6
O
&
>
)
©)

Deep Learning in Audio and Speech

» Audio problems
Gender classification:

Music artist classification:

#training utterances per gender | RAW | MFCC | CDBN L1 | CDBN L2 | CDBN L1+L2
1 68.4% | 58.5% 78.5% 85.8% 83.6%
2 76.7% | 78.7% 86.0% 92.5% 92.3%
3 79.5% | 84.1% 88.9% 94.2% 94.2%
5 84.4% | 86.9% 93.1% 95.8% 95.6%
7 89.2% | 89.0% 94.2% 96.6% 96.5%
10 91.3% | 89.8% 94.7% 96.7 % 96.6%
Music genre classification:
Train examples | RAW | MFCC | CDBN L1 | CDBN L2 | CDBN LI1+L2
| 51.6% | 54.0% 66.1% 62.5% 64.3%
2 57.0% | 62.1% 69.7 % 67.9% 69.5%
3 59.7% | 65.3% 70.0% 66.7% 69.5%
5 65.8% | 68.3% 73.1% 69.2% 72.7%
Train examples | RAW | MFCC | CDBN LI | CDBN L2 | CDBN LI+L2
1 56.0% | 63.7% 67.6% 67.7% 69.2%
2 69.4% | 66.1% 76.1% 74.2% 76.3%
3 73.9% | 67.9% 78.0% 75.8% 78.7%
5 79.4% | 71.6% 80.9% 81.9% 81.4%

Outperforms MFCC baselines. Having a deeper network generally does better.
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Deep Learning in Audio and Speech

» Speaker Identification

#training utterances per speaker | MFCC ([16]’s method) | CDBN | MFCC ([16]) + CDBN
1 40.2% 90.0% 90.7 %
2 87.9% 97.9% 98.7 %
3 95.9% 98.7% 99.2%
5 99.2% 99.2% 99.6 %
8 99.7% 99.7% 100.0%

[16] D. A. Reynolds. Speech Commun,1995.

The CDBN features outperform the MFCC features,
especially when the number of training examples is small.



Deep Learning in Audio and Speech
Speech Recognition

(Zhang, Salakhutdinov, Chang, Glass, ICASSP 2012)

61 phonetic
labels HMM decoder * 630 speaker TIMIT corpus: 3,696

training and 944 test utterances.

 Spoken Query Detection:
For each keyword, estimate utterance’s
probability of containing that keyword.

* Performance: Average equal error

rate (EER).
Learning Algorithm AVG EER l
GMM Unsupervised 16.4%
DBM Unsupervised 14.7%
DBM (1% labels) 13.3%
DBM (30% labels) 10.5%
DBM (100% labels) 9.7%
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» Introduction to Deep Learning Algorithms:
http://www.iro.umontreal.ca/~pift6266/H10/notes/deepintro.html
#introduction-to-deep-learning-algorithms

» Unsupervised Feature Learning and Deep Learning:
http://deeplearning.stanford.edu/wiki/index.php/UFLDL Tutorial
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» Deep Learning Tutorials:
http://deeplearning.net/tutorial/contents.html
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