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Le et al., Building High-level Features Using Large Scale Unsupervised Learning , ICML2012 1
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Krizhevsk et al., ImageNet Classification with Deep Convolutional Neural Networks, NIPS2012

« IMAGENET Large Scale Visual Recognition Challenge 2012
— 10004731 « A7 3V H1= #1000 DFIFRE5K

Team name Error (5 guesses)

1 SuperVision 0.15315

2 ISI 0.26172

3 OXFORD_VGG 0.26979

4 XRCE/INRIA 0.27058

5 University of 0.29576
Amsterdam

6 LEAR-XRCE 0.34464

s 5& ¥ Tt I\ ook [
accordlon - w | Max R me

7-layer NN



2 3 ¢ X - [E{RETEK (schmidhuberd 4 1L—7@IDSIA)

AT A MU
— IJCNN 2011 Traffic Sign Recognition Competition; 1st

1) IDSIA

(0.56%), 2" (1.16%, Humans), 374(1.69%), 4t (3.86%) i
— ICPR 2012 Contest on “Mitosis Detection in Breast Cancer )’w{w
Histological Images” R
— ISBI 2012 challenge on segmentation of neuronal ),’
structures s

— ICDAR 2011 Offline Chinese Handwriting Competition

— ICDAR2009

 Arabic Connected Handwriting Competition
« French Connected Handwriting Competition

PR RS 2012511 A

AT QOWATE,

— NORB object recognition benchmark Dataset Bestresult | MCDNN | Relative
H L H of others [%] [%] improv. [%]
— CIFAR image classification benchmark ST o o =
— MNIST handwritten d|g|ts bench mark; NIST SD 19 see Table 4 = see Table 4 30-80
- HWDB1.0 on. 7.61 561 26
“human-competitive result” HWDBLOoff. | 1001 6.5 35
CIFAR10 18.50 11.21 39
traffic signs 1.69 0.54 72
NORB 5.00 2.70 46

Ciresan et al., Multi-column Deep Neural Networks for Image Classification, CVPR2012



25| : BEEE0k (speech recognition)
Hinton et al., Deep Neural Networks for Acoustic Modeling in Speech Recognition, IEEE SP magazine, Nov. 2012
Gifsdd
AN BEESDHSHY H LT=MFCC (Mel-frequency cepstral coefficients)
H7 HMMO X 7— bk
BZEDstate-of-the-art: GMM-HMM

A7IE®RZDNNTEE — 30%DE6EM L

[TABLE 3] A COMPARISON OF THE PERCENTAGE WERs USING DNN-HMMs AND

GMM-HMMs ON FIVE DIFFERENT LARGE VOCABULARY TASKS.

HOURS OF GMM-HMM GMM-HMM
TASK TRAINING DATA  DNN-HMM  |WITH SAME DATA WITH MORE DATA
SWITCHBOARD (TEST SET 1) 309 18.5 27.4 18.6 (2,000 H)
SWITCHBOARD (TEST SET 2) 309 16.1 236 17.1 (2,000 H)
ENGLISH BROADCAST NEWS 50 17.5 18.8
BING VOICE SEARCH
(SENTENCE ERROR RATES) 24 304 36.2
GOOGLE VOICE INPUT 5,870 12.3 16.0 (>> 5,870 H)
YOUTUBE 1,400 47.6 52.3

—_
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Merck Molecular ACtIVIty C ha"enge Scientists See Promise in Deep-Learning Programs

Finished

Thursday, August 18, 2012

< Tuesday, October 16, 2012

Competition Details » Get the Data » Make a submission

Help develop safe and effective medicines by

predicting molecular activity. Description

Help enable the development of safe, effective medicines

When developing new medicines it is important to identify

malecules that are highly active toward their intended targets but not
toward other targets that might cause side effects. The objective of W
this competition is to identify the best statistical techniques for By JOHN MARKOFF o
predicting biological activities of different molecules, both on- and off- Fuplishes: w220
target, given numerical descriptors generated from their chemical structures

A voice recognition program translated a speech giw
scientist, inte Mandarin Chinese.

Using an artificial intelligence technique inspired by K3 FACEBOOK
theories about how the brain recognizes patterns, W TWITTER

The challenge is based on 15 molecular activity data sets, each for a biologically relevant target. Each ) e . ) i eial
- - technology companies are reporting startling gains in fields 33 coosLe+

row corresponds to a molecule and contains descriptors derived from that molecule's chemical structure as diverse as computer vision, speech recognition and the

. - ” . X X o i identification of promising new meolecules for dezsigning B SAVE
In addition to the prediction competition, Merck is also hosting a visualization challenge with a $2.000 drugs. = E-MAIL
prize for the most insightful and elegant graphical represenf=*- [ SHARE
. Winners The advances have led to
Prizes total $40,000 ESEETIRIAR. widespread enthusiasm among E ::iIE
Read the Winner's Announcement on No Free Hunch Connect researchers who design software FAGE
With Us on to perform human activities like B REPRINTS

Started: 9:34 pm, Thursday 164 First Place
Ended: 11:59 pm, Tuesday 16 October|

seeing, listening and thinking.
Thev offer the promize of
machines that cenverse with
humans and perform tasks like
driving cars and working in
factories, raising the specter of automated robots
that could replace human workers.

Social Media

B George Dahl, Toronto, Canada

. Ruslan Salakhutdinov, Toronto, Canada

B Mavdeep Jaitly, Toronto, Canada

B Chris Jordan-Squire, Seattle, Washington
The technelogyv, called deep learning, has already

been put to usze in zervices like Apple’s Siri virtual
personal aszistant, which iz bazed on Nuance
Communications’ speech recognition zervice, and
in Google’s Street View, which uses machine vision
to identifv specific addreszes.

B Geoffrey Hinton, Toronto, Canada

Second Place

0 Jeremy Achin, Hartford CT, USA
. Tom DeGodoy, Hartford CT, USA
«  Xavier Conort, Singapore

But what iz new in recent months iz the growing
speed and accuracy of deep-learning programs,
often called artificial neural networks or just
“neural nets” for their resemblance te the neural
cennections in the brain.

Third Place

* Alexander A. Larko. Minusinsk, Russia “There has been a number of stunning new results

with deep-learning metheds.” said Yann LeCun. a

. Eu Jin Lok, Melbourne, Australia

*  Zach Mayer Boston MA USA 11/21/2012, The New York Times

Ly |
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class probability

A
[ |

P1 D2 Pn

u" 7 exp(x])
SOftmaX p] = Zk eXp(xk)

input pattern
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class probability

\
[ |

P1 P2 Pn

" n exp(x])
softmax pj = S exp(e)

input pattern

FEYTIV (XL Y1), oo XN, Yn)} %
BIRTAEDICRY FT—U DEH

{wis} {b;} %= FRED

:87%= (=cross entropy) &Mt

C = _zdj logp;
J

(ERNICE2FEY > T ILOKER)

kg &
M DEEHETE— backpropagation
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class probability

\
[ |

P1 P2 Pn

exp(xj)

”SOftmaX" bj = Zk eXp(xk)

input pattern

HEchRZE (GD) DREF

aC
an'j(t)

AWij(t) = C(AWij(t — 1) — €

/ /

momentum RAT(T
learning rate

B2 7IVEE - WEDFTREI A MEX
- 2% 7 IV{ER=Dbatch

19> 7IVDHIH (54 %) =R
(stochastic GD)

R ="mini batch”
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% [Simard03]
F1H8 B0l 248 R OB =387
1960 1970 1980 1990 2000 2010
Perceptron Back-propagation Convolutional NN “Layerwise pretraining”
[Rosenblatt57] [Rumelhart+] [LeCun+89] [Hinton+06]
\ | N
Simple/complex cells Neo-cognitron Sparse coding
[Hubel-Wiesel59] [Fukushima80] [Olfhausen-Field96]
l

“Linearly separable
patterns”
[Minsky-Papert]
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Bengio, Learning Deep Architectures for Al, Foundations and Trends in Machine Learning, 2009
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Perceptron Back-propagation Convolutional NN “Layerwise pretraining”
[Rosenblatt57] [Rumelhart+] [LeCun+89] [Hinton+06]

\ | /]
Simple/complex cells Neo-cognitron Sparse coding
[Hubel-Wiesel59] [Fukushima80] [Olfhausen-Field96]

l

“Linearly separable
patterns”
[Minsky-Papert]
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— Encoder-decoder

e A—FI>a—4 (Autoencoder)
— £ 5—DMA7E : Restricted Boltzmann Machine (RBM) — T4 ET )V TEHEA

min anl (W' f(Wx))|[2

y
h 000
QQO0 0 1
h=fwWx) ] W w ll y=f/Wh) & 000-0Oh
000 W
X 00O

X



TL L=V 5DO%R

e TJLIFL—ZVFLTHEL EBFEEHHITS
— L=z TR 1 F=PEMEIC

o EREEFED state-of-the-artld "X T Convolutional Neural Network
- JULML—ZVTFRE
— 80FEMRICT TICZRDFEZITAII L TLE ! [LeCun+89]

Ir===3= EX=
=Wan Wl?.\EEE E{% HIE\E'EE
[TABLE 1] COMPARISONS AMONG THE REPORTED
SPEAKER-INDEPENDENT (SI) PHONETIC RECOGNITION
ACCURACY RESULTS ON TIMIT CORE TEST SET
WITH 192 SENTENCES. — - -
—ARYNASESAE  ILSVRC2012 Supervision  CNN w/o pretraining
METHOD PER
CD-HMM [26] 27.3% CIFAR10 Ciresan+12  CNN w/o pretraining
AUGMENTED CONDITIONAL RANDOM FIELDS [26] 26.6% . ..
RANDOMLY INTIALIZED RECURRENT NEURAL NETS [27] 26.1% NORB Ciresan+12  CNNw/o pretraining
BAYESIAN TRIPHONE GMM-HMM [28] 25.6% Rl Le+12 EH#BRMTICA pretraining
MONOPHONE HTMS [29] 24.8% .
HETEROGENEQUS CLASSIFIERS [30] 24.4% X 7R MNIST Ciresan+12  CNN w/o pretraining
[MONOPHONE RANDOMLY INITIALIZED DNNs (SIX LAYERS) [13]___ 23.4%) . -
NTONOPHONE DBN-DNN: (SIX LAYERS [13] YT HWDB1.0 Ciresan+12  CNN w/o pretraining
MONOPHONE DBN-DNNs WITH MMI TRAINING [31] 22.1%
TRIPHONE GMM-HMMs DT W/ BMMI (32] 21.7%
MONOPHONE DBN-DNNs ON FBANK (EIGHT LAYERS) [13] 20.7%

MONOPHONE MCREM-DEN-DNNs ON FBANK (FIVE LAYERS) [33]  20.5%

MOMNOPHONE CONVOLUTIONAL DNNs ON FBANK (THREE LAYERS)
[34] 20.0%
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Convolutional Neural Network (CNN)

F1H8 B0l 248 R OB =387
1960 1970 1980 1990 2000 2010
Perceptron Back-propagation Convolutional NN Layerwise pretraining”
[Rosenblatt57] [Rumelhart+] [LeCun+89] [Hlnton+06]
\ [ N
Simple/complex cells Neo-cognitron Sparse coding
[Hubel-Wiesel59] [Fukushima80] [OIfhausen Field96]

patterns”

“Linearly separable
[Minsky-Papert]




Convolutional Neural Network (CNN)

« Neocognitronl</b—"Y [Fukushima80]
 Backpropagationlc &K 5EEIEFE & FEEXFRANDIA [LeCun+89]

— Backpropagation Applied to Handwritten Zip Code Recognition, Neural Computation, 1989

HERIZ DB HER
— Hubel-Wiesel O BifiiHAa - {5MEHARA

— BFEAE (local receptive field) R——
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fully connected
~ 300 links

layer H3

) 30 hidden units fully connected

~ 6000 links
Usy_ U layer H2

() 12 x 16=192 _
= o (o hidden units e ~ 40,000 links
e from 12 kernels
/ lllll 5 X 5 X 8
layer H1
12 x 64 = 768

hidden units 3

el
N\
[

Vs
F
i

~20,000 links
from 12 kernels

&5):5

—

256 input units

U —

t,sK;
K=K
Fi_gure 3 [.ng mean 5quan=.d error (MSE) (top) and raw error rate (bottom)
Fig 4 Schematic diagram illustrating the interconnections between layers 1n the neocognitron versus number of training passes

[Fukushima+83] [LeCun+89]



Convolutional Neural Network (CNN)

8
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Convolutional Neural Network (CNN)
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Convolutional Neural Network (CNN)

« Convolution + pooling Z#& Y89 (= Deep CNN) & T, %HEk

EERICT 5AEEZES
. FWETEE
— WR:TaIVZDRE, HE:/N\voTOaNTg—3v

32 4
1 1] 16
> 3 3 5 3 8. 3 .5
32 {5 = 3 3 T — e [ 130 [ 5T |
- e 32 32 32
3 32
convolution  max resp. convolution max resp. convolution
(32 filters) pooling  norm. (32 filters) pooling  norm. (64 filters)
(2:1) rect. lin. (2:1)
rect. lin.

CIFART0A CNN [Krizhevsk+11]

.3 4
Il ——
64

avg.
pooling
(2:1)

00000000

—
o

fully
connectec
layer
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[Boureau+CVPR10] [Jerrett+09] [Scherer+10] [Boureau+ICML10]
- T—UVJDESE
- EHT—UT G, MAXT—UT, L(Lp)T— Y
- TJ—U2VJDOEN = AERDOER
— RFRINZ >V DI « [EE5 « AT —)IUE - ThE?
° tl:m&tn:un%%a)g

— AAEAZEORIL

“Television set”
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— SIFT [Rowe99] (T AT U T2 DAERR)
— Bag of Features
— Spatial pyramid [Lezebnik+06]
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CNN vs. Fully-connected NN

CNN Fully-connected NN

e JLFL—ZVIFE e JLIFL—ZV5EM
— local RF, tied weights - ElidwsEEEZS5NTL
— ”prewired” feh, 5 THHEVLSLL

- T—F¥FUF vt o HOFE

L& — Drop-out: Fully-connect

~ TAWEYAR A RS NN DEFEZ#IT 578
i 753% [Hinton12]

I EHAZ e S — discrimintive7 L b L—Z

S >
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F T F Yy DEEN

Jarrett et al., What is the best multi-stage architecture for object recognition? ICCV09

« T4IbZ2ESVELEL, REAMED fully-connected BDHFH

random filters

| -

random filters

|

convolution  pooling convolution
Caltech-101
= VAL T4IbE%
—FTIVFv S A s
28, i@exiEr—1)>9 62.9% 64.7%
2B, F[9T7—-Uv7 19.6% 31.0%
18, #xE7—J>7 53.3% 54.8%

supervised learning

error rate

l

00000000

pooling fully-connected

 |e=Fesa—Pa(RR)

........ . F

LT T
==

50

100 200 500 1000 2000 4860
number of trainina samples per class



YELT7AIWE LT XTIV F v DEEN
Saxe et al., On random weights and unsupervised feature learning, ICML2010
« FEF7IWAVALEVET—FTI0FvHI2EKE
« TUVIJEDIZY FHIRERIGT BEmEAN -
— HEEHEVEREA [Saxe+10]

e
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TGS T
SUELTAIVR

. "

[Jarrett+09]

B LS
SERENR N
FEEI IV

Ny
Il
i B
> &
g

. —F T F v DEREFRZE S > Z LT 1 ]UR T [Saxe+10]
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CNN D2 Bl : Tiled CNN

Le et al., Tiled convolutional neural networks, NIPS2010

« CNNTIXEMEZ>T7 FAEE LI ERTELEL
~ BRZAE +tied weights

« Tiled CNN
— BFRTEITES 711V 3 « KW EBLEERICHT 5AEHDIERR
— Topographic ICA (TICA)

CNN
tied weights - pooling(fixed)
Tiled CNN

==

partially tied  pooling(fixed)

1
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DiCarlo, Zoccolan, Rust, How does the brain solve visual object recognition?, Neuron, 2012

- HRE (RAREHRER) OBE
- 74— K737 —FTIaE
— PERETE - Bt — EMEE 0N

— ITHETOWE . THIFHEAMEL {RSEE Mpopulation code] RS

Do
1T represeniation,
A B (IT rep )
ST, AIT
~16M
7 STP,
: g ~17 M
11
~36 M
AH?SM (V4 reprasentation)
s i
—wM

~1M (LGN ation
LGNﬁ&er iepresentalion)

. ~1M i
Retina ﬁ (RCG reprasertation)

[Dicarlo+12]

| L | I
v« ~29 M (V2 representation)
=150 M

~37 M (V1 representation)

~190M

Latency

~100 ms

~90 ms

~80 ms

~70ms

~60ms

~50ms
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V1

« HR—=IVTz—=TLvE « Simple cells/complex cells
_ 1ﬁ|§/ |-'|5_|:g | A5 —]b [Huber-Wiesel59]
— Topographic map "
——> orientation C1 units
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- EIREY A é |
== s S1 units
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Kavukcuoglu, Ranzato, Fergus, LeCun, Learning Invariant Serre et al, Object Recognition with Features
Features through Topographic Filter Maps, CVPR09 Inspired by Visual Cortex, CVPRO5




AIN—RA—FT 4T

Olshausen, Field, Sparse Coding with an Overcomplete Basis Set: a Strategy Employed by V1?, Vis. Research96

BefmE

(overcomplete)

_ 1
rgglzz Ix; — Dhy|IZ + Allhll;
[A

Natural image patches {x;} D=|[d,.., dn]T

P ~ 0.8*- + 0.3*ﬁ + 0.5%

ZI—Z3—FKh = [0,0,..,0,08,0,..,0,03,0,..,0,0.5, ..]
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Topographic ICA

Hyvarinen and Hoyer, A two-layer sparse coding model learns simple and complex cell---, Vision Research, 2001
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Schwartz, Simoncelli, Natural signal statistics and sensory gain control, Nature neuroscience, 2001
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Le et al., Building High-level Features Using Large Scale Unsupervised Learning , ICML2012 1
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DiCarlo, Zoccolan, Rust, How does the brain solve visual object recognition?, Neuron, 2012
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“The brain’s bag of features is better than ours.”
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Lee et al., Sparse deep belief net model for visual area V2, NIPS08
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Restricted Boltzmann Machine(RBM)
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RBM®DF & (Contrastive Divergence(Hinton, 2002))
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RBM®DF & (Contrastive Divergence(Hinton, 2002))

TZBREITHT B> fcimald ?
|:> Contrastive Divergence & FEIE N % BRI D &=/IMEIT T IS

TEN arg;ninﬂ[po(V)IIP(V; 0)] = Dlpr(WM)llp(v; 6)]

TRIOY>T) 9T
£ Licnm




RBM®DF & (Contrastive Divergence(Hinton, 2002))
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RBM®DEH (B TED AL Persistent CD(Tieleman, 2009))
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3. DEEP BELIEF NETWORK



Deep Belief Network(Hinton, 2006)
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Deep Belief NetworkDH#E5%
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Deep Boltzmann Machine(MNIST)
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Deep Boltzmann Machine(MNIST)
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Shape Boltzmann Machine(Eslami et. al., 2012)
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Convolutional DBN(Lee et. al. 2009)
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cuda-convnet

http://code.google.com/p/cuda-convnet/

ILSVRC2012F + > EFA > DSupervisionF—LD— F
e nVidia GTX580F%FDGPU
 Linux & CUDA

ﬁ cuda-convnet

High-performance C++/CUDA implementation of convolutional neural networks

Project Home | Wiki Issues  Source

Summary People

Project Information This is a fast C++/CUDA implementation of convalutional (ar more generally, fead-farward) naural networks_ It can madel arbitrary layer

q+1] +10 Recommend this on Google connectivity and network depth. Any directed acyclic graph of layers will do_ Training is done using the back-propagation algarithm.
Starred by 56 users Fermi-generation GPU (GTX 4xx. GTX 5xx, or Tesla equivalent) required.
Project feeds

Documentation
Code license
MNew BSD License + Compiling - how to check out and compile this code.
Labels s Data - what kind of data this net can train on.
Machineleaming, Academic, ~ * LayerParams — how to specify an architecture for the net.
Cuda, CPlusPlus, Python, * NeuronTypes - types of hidden unit nonlinearities.

neuralnet, convnet,

+ TrainingMet -- how to train the net.
convolution, GPU

s Options -- the command-line arguments that the net takes.

% Members * ViewingMet — how to look inside the checkpoints saved by the net.
akrizhev_ @gmail com s CheckingGradients - how to numerically test the gradients for correctness.
Fastresults

* 11% error on CIFAR-10 in 75 minutes, with image translations and horizontal reflections (def, params).
* 13% error on CIFAR-10 in 25 minutes, with image translations and horizontal reflections (def, params).
= See Methodology for details of training.

Filters lzarned by this nat:

* 18% error on CIFAR-10 in 20 minutes, without any image translations/transformations/preprocessing (def, params).
+ 26% error on CIFAR-10 in 80 seconds. without any image translations/transformations/preprocessing (def, params).

Recent changes
o Jul 17,2012

o Fixed bug in contrast normalization backpropagation code which caused wrong gradients to be computed near image borders. (Thanks
n bz
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http://code.google.com/p/cuda-convnet/
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“Representation(Feature) learning”
Bengio, Representation Learning: A Review and New Perspective, arXiv, Oct 2012
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Bengio, Representation Learning: A Review and New Perspective, arXiv, Oct 2012
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