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@beam?2d (Twitter, Github, etc.)
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_ =g = — .
20114F: Ezoaklc DT DAID

acoustic model & training RTO03S Hub5’00 voicemails tele-

FSH SW SWB MS LDC conf
GMM 40-mix, ML, SWB 30%h 30.2 40.9 26.5 45.0 33.5 35.2
GMM 40-mix, BMMI, SWB 30%h 27.4 37.6 23.6 42.4 30.8 33.9
CD-DNN 7 layers x 2048, SWB 309, this paper | 18.5 27.5 16.1 32.9 22.9 24.4

(rel. change GMM BMMI — CD-DNN) | (-33%) | (-27%) | (-32%) | (-22%) | (-26%) | (-28%)

e DNN-HMM ZfE> [ZFEN. BFEEEM word error rate THEK
iﬁ (GMM) &D 10% BIEENE
o EFIRKICHITDEEERIEIC Deep Learning BMFIAESNBLSI(C

F. Seide, G. Li and D. Yu.

Conversational Speech Transcription Using Context-Dependent Deep Neural
Network, in INTERSPEECH, pp. 437-440 (2011)
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2012* 15%,[,\.:"15(;2]3 075552173

o —S¥IAERHADI>FT XX i:
ILSVRC2012 (CHBUL\T :

0.28 ILSVRC 2010

L L
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 09

Deep Convolutional g e e :
Neural Network ZH/U) E

f=F—/\ Supervision ht 2 I EE. . . . |
& (C 10% DTS —%= IISVRC 2012 1
% DI TRSF “

Error (5 predictions/image
J. Deng, A. Berg, S. Satheesh, H. Su, A. Khosla and F.-F. Li (5p /image)

. Large Scale Visual Recognition Challenge 2012. ILSVRC2012 Workshop.
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2013* Ki%(;dzéh,\\ AMFEE

e 3 H : Google 1* DNNresearch ZE&UX
- Geoffrey Hinton, Alex Krizhevsky and Ilya Sutskever

e 4 A : Baidu H' Institute of Deep Learning &%z
- RYIDOAFTEE LT Kai Yu =il X 7z
e 8, 108 : Yahoo NWEEER#MD XY — 7w T IQ Engines &
LookFlow ZE&LX
- Deep learning group Z{EdTzebDmAEHRL BND
e 12H : Facebook Al Lab %37
- Yann LeCun Friff. Mtt{C¥E Marc’Aurelio Ranzato 7 &

e 2014%18 : Google H' DeepMind Z&ELX
- G. Hinton MAFRZEDEEZELE, Deep Learning (C KBa#{LF B4l
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HCORREHBLEAUET

- EFILOBANZHTT
BOIESSTARDTNSINSHULTNEFRT
- EHRIEEARSA RELUBSEXMETE ZE

T——————

6 /47

T

Adh 53]
=



S
/N

Deep Learning MpkI
Deep Learning MOEE
Deep Learning & a2:Rk
Deep Learning &i&Eis
Deep Learning M5
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Deep Learr“ng @i‘lﬂ;{ (7'/\/:/“) Cf.) Y. LeCun and M. A. Ranzato.

Deep Learning Tutorial. ICML 2013.
/< AR
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Coding@
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Feed-Forward Neural Network
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y&%E (activation)

‘ — f(wjlxl + W22 -+ W;i3T3 -+ ’LUj4.CE4)

oy O Qi
T4 ()
4 : A& (pre-activation)

SEME{EBEER (activation function)
d=whk  hjostERKEFIRESTH = f(Wa) 8133
(BzRUEZ DS (EZE X R0))
NAT7REELLMES: h= f(Wax +b)
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N s e e 1L/
=9 = WLIEE backpropagation IIRfzi2 forop

€--- P:iE bprop
) ) ) ) )
Ol 1O O] O] sapn|©
: : : E (error) | :
P ] > e >
5 Pole-—-| ! Je---| L :
O] (O] O] |O O
~—— ——/ — — —
ANE [RNVE [ENVE HaE 1%

N Y N ¥ N Y (groundtruth)
BHOAE BHODE BHOHE
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EE{LEIER (activation function)

o MEREFZTEA REDOEABNANSNTELL

1 | _ e
LT T L =

1+e™ 0 1+e®

S JEA REE AN 4 IF H AR

o FAK < EHONBDI(L Rectified Linear Unit (ReLU) /
- BF5R0 DEDAEMERICKOVDTEZ LT — —

o [BZFRIEL Linear Unit &IE(ENS

o 1E#30 Linear Unit ® max ZH3: maxout unit*

* 1. Goodfellow, D. W.-Farley, M. Milza, A. Courville
and Y. Bengio. Maxout Networks. ICML 2013.

.0.
RelLU

max (0, x)




Neural Network

o HENT—4~% B ET
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i e =

OD% = a

DR 3 Mini-Batch SGD 73“3:<1§?I’)ﬂ5

8L CIZ‘B )
o LUTOFriMEETHENIND W W TR Z
- Momentum, Nesterov’s Accelerated Gradient* '
- L2 IFRIYE (weight decay). L1 IERIE
- ATV IMROBEENHZEE (AdaGrad**, vSGD***)
o MEENELWVIT—XTIEZ1— hER-ADFESE (L-BFGS,
Hessian-Free ;&72 &)

* 1. Sutskever, J. Martens, G. Dahl and G. Hinton. On

he importance of initialization and momentum in deep learning. ICML 2013.

** J. Duchi, E. Hazan and Y. Singer. Adaptive Subgrad

ient Methods for Online Learning and Stochastic Optimization. JMLR 12 (2011) 2121-2159.

**% T. Schaul, S. Zhang and Y. LeCun. No More Pesky [ earning Rates. ICML 2013.
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Dropout o SGD B, S>HACRARIS
v hDEMEZ 0 (CTD
- BEERLE. ANIZwv BE 20%. BNy ~
(& 50% D dropout Rz & 4EENERLN
o EUWIFAMEDZNEN D D
L TIHYIILEE
- Iy v —IERTHITEE B L2 AL
o XRFEI1—w b (ReLU, maxout)

THFICEHERRY
G. E. Hinton, N. Srivastava, A. Krizhevsky, I. Sutskever
and R. R. Salakhutdinov. g o HEHBHTETUL VS (DropConnect,
Improving neural networks by preventing co-adaptation of
feature detectors. ArXiv 1207.0580. i
* S.uWager, S. Wang aan P. Liang. Ad d pt|Ve D ro po Ut, etc )

Dropout Training as Adaptive Regularization. NIPS 2013.
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Restricted Boltzmann Machine

BUAIRE BERS o mm—E8IS5IDIS T« HILETIL

v o ETDESHRTRILE—BSERH ORI
W
v I L 2REFTNTN U HED LEHEDSED
ITRILFE—RE (h FHCTEZEE)
o WELELRIFIRTEITD

T ) (o
421; ¢ F—ACxdD  RBMHKRT
HAE PECHTS

INA T RIS A—=4 HAfHE
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Contrastive Divergence (CD-k)

e Model BAFHE(LETENEH L L\DT. k EE
B> TJU D U TEIEERRNZERZED

Awij — <U7jhj>data — <U'ihj>reconstruction

|44

) h
o WHAEDHBETIFRLIEO>TUED

- Contrastive Divergence &UL\DEDAEZDIT
B (BB (S EARBERDOLEE L THEE TR
o FREFHDILALIE k=1 TRU\4REZFIE
- HCCD &E-7125 CD-1 =189
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Deep Belief Network*
o REDIERITERRXITISIT1HILETIL
o FEC &(C RBM MEHNRUVVIIHAMEICTRD
- Greedy Layer-wise Pre-training &ME(ENS
- Deep Learning DT LD X)L—
o E1&(C Up-down AT fine-tuning
o FEENZENT Contrastive Divergence %
FAUW\3 7556 (top-down regularization**)
o FFEHML(CEDSH. DNN OHIHMEC T D

* G. E. Hinton, S. Osindero and Y.-W. Teh.

A fast learning algorithm for deep belief nets. Neural Computation 2006.
** H. Goh, N. Thome, M. Cord and J.-H. Lim.

Top-Down Regularization of Deep Belief Networks. NIPS 2013.




Deep Boltzmann Machine

o EZE(COHMIZEEIS I+ HILEFTIL
e DBN &EUL. NEIDEE L TFRADEMNSD
J+4—RI\wDOZZTD
- EFIINZHEAHILTCIROEHEN LMD
e RBM THErIFH. 4% RBM OLDICFEH
812%}];(/0) — <Uz'hj>data — <U7th>model

18 / 47—

- 122U data BIFFEGREEICGTE TSRV (FHfFE
DH factorize =NIRLY) — EDHETE
- Model BAfFE(X Persistent MCMC

R. Salakhutdinov and G. Hinton.
Deep Boltzmann Machines. AISTATS 2009.




Autoencoder (AE)

o AN%ZIEILID2/ED NN AHE
o [BEFEMABZFHULBVWLDICEITDIR
- ABELD/N=1RENE (bottleneck)
- 1FEIME (Contractive AE*, Sparse AE/R &) AR
- ABEICA4X%&NZD (Denoising AE**)
o HIFI W =W ' ZL<<EL (tied weights)
- TZFR%E DAE (FZo#fInE L. BIDEREEER (score

matching O#FfE) E—EHU. RBM &Mz TRILF—B L
S &r/E

* S. Rifai, P. Vincent, X. Muller, X. Glorot and Y. Bengio. Contractive Auto-Encoders: Explicit Invariance During Feature Extraction. ICML 2011.
** P. Vincent, H. Larochelle, Y. Bengio and P.-A. Manzagol. Extracting and Composing Robust Features with Denoising Autoencoders. ICML 2008.

**%* P, Vincent. A Connection Between Score Matching and Denoising Autoencoders. TR 1358, Dept. IRO, Universite de Montreal.

OO]?[OO]
<
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Denoising Autoencoder (DAE)
o ANIC/AXENMATHMS2ED
N NN T3
o JAXIIHIR JAXX> Salt-and-
Pepper /A4 X (S>HF LR —R
=01 TLEESE) Z2FS
W’ o JARCHBIEMERET L, BER
DAE (3 ) o X & 18T DIRIEDIR D&
LhE T IL T EEDERE DT &
STANF—IDDEERERT B+

*Y. Bengio, L. Yao, G. Alain and P. Vincent.
Generalized Denoising Auto-Encoders as Generative Models. NIPS 2013.

Q
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Stacked Denoising Autoencoder

e DAE ZENRD _

o 2/BELIE®D DAE Z#¥E T3 qf(f'f)»s
=8 ZNLFIDBETOES //”XE,
BALT, FEISEDAIIE P. Vincent, H. Larochelle, 1. Lajoie, Y. Bengio and P.-A. Manzagol.

(CXH LT /A XZIMA D e Deco Nt o o Toeal Derotene Crterion MERTT
(2010) 3371-3408.
e DAE (I—9IDMDEHRBEZFEBLTLD
- RO <R EEFAZAD UESIRZERIICER I D (disentanglement)
- Stacked DAE (3Z#5£4AZELD U DESICERAL TV ZEICHIET S

e DAE (CPES T 1D AE EEIT deep net Z/EDZ EHZEL)N

1<
7
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Deep Learning
o T—HDFEL (ZED) YIEEAKRZEBELTEEBITD
o FlRlE., BHAEFTILZLKMNDIRWIY —XTEBTEDIZ L
- 2JE® Neural Network THERDEZZ. RBM TEERDDMZERIATSE
D ENUCEREOENIZY bEXEDOFBT —INME(CIRD
- Deep Learning MFE. BIUEE - pmaRRIDIDICHERI—YV b - T —
BENENETILICHEARTERN (DR TED
- Deep Neural Net TEFZEUCEEZ [#ET] & U TEU Neural Net ZF&E =
E5nd*MN. BUKEDETILZEXRL Neural Net TEIESDCEE BIUE

BAXBMTIF (BDECHR) TERRL
* L. J. Baand R. Caruana.
Do Deep Nets Really Need to be Deep? ArXiv 1312.6184.
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Convolutional Neural Network (CNN)

o HZRDMMEAMIC. BIUEHDE Feature maps
X514 REEIHSEH layer m-| / // Nenlayerm
- YRR I EAZE & WL D ERTAG
- IS A= DAY —— BEX
L = 2BRY ND— (BEEE) g | i“- T1--4e R
o 5HUL\IEAMEDRIR . ._ S L
e GPU stE &AM o
o FFT Z{E>TERILT DEEHD .
e Simple cell &M

Convolutional Neural Network (LeNet) in Deep Learning 0.1 Documentation.
http://deeplearning.net/tutorial/lenet.html#details-and-notation
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Pooling (subsampling)
e Feature map B(C. FEF_LOEMEZEN T DULIE
e L2-pooling, max-pooling, average-pooling 'k <fEHDN S

1 Z
Z LB?J' |rectangle\ (i,j)Erectangle :
rectangle| max  Tj; "7

(i,7)Erectangle

(i,j)Erectangle

- L2-pooling ¥2 average-pooling TIEIHIRFHZESZEEHD
o PITHREAREZIERFT I DDICEILD
e CNN (IEAKRH(C convolution / activation / pooling D#& DR L
e Complex cell ED3Ft
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L ocal Contrast Normalization

o }%FEE’J (Z=ERISEH KUE IR T DEEL feature maps fE) (C

- Subtractive 1pq
- Divisive N 2
' Uzjk/max(ca E :wpqvi,j+p,k+q)
- W ERMERBIICKIO>D>TEEES ipq
. K. keuoglu, M. A. dy. .
- 'fﬁ(/ \jj_ :5 i -5 gs -5 What is the Best MultIfS{:,&l;reegrgiitlggxiecfl(l)?go%ié\gt ée?o%q%ziétlitgn%nlcﬁ({)\lfdzcogg.

o IERUENEN K SWREICEET DDMNIAHA
- AL CTERERZ EVWSBEEHS
o —RHEREFD_1—-0O>DHEEZSZE(CLTND



o l(c_(affdb\b\ pooling M™% A (C Local Response Normalization
280 GPU T=E3&E

224

Max
pooling

48

EN - >
v 3 | AV .
L L
— 195 128 2048 2048
13 13
AN\
ENER 17 > 2
4..“ T 13 dense | [dense
192 192 128 Max L L
. 2048
_ " pooling 2 2048
pooling

dense

1000

A. Krizhevsky, I. Sutskever and G. E. Hinton.
ImageNet Classification with Deep Convolutional Neural Networks. NIPS 2012.

(E TN Toa NN ZNIG. B2 feature

maps ZF > TL\D)

2013F(F Nz TE (HLRT D) ARMSH O
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Deconvolutional NN
e Max-pooling W ARBIFIRDT
O=w bRIFREAEE L)
- ERR(CE®HZ AT, pooling T
BIRENEEO®ILZEZ THL
e ILSVRC2013 D55 X V2R
& (clarifai) OFE
- IZ=w heJR{EDFE
- Fa1—ZIONHKE

M. D. Zeiler and R. Fergus.

I
el

T——————
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vh‘qr"‘lk
Visualizing and Understanding Convolutional Networks. ArXiv 1131.2901v3. “‘ﬁ‘

Max Locations
“Switches”

Unpooled
Maps

N

JeTR

Rectificd WS

Layer Above
Reconstruction X Pooled Maps
Switches
. Max Poolin
Max Unpooling @ H g
Unpooled Maps Rectified Feature Maps
Rectified Linear AN Rectified Linear
Function Function
Rectified Unpooled Maps Feature Maps
Convolutional AN Convolutional
Filtering {F} Filtering {F}
Reconstruction Layer Below Pooled Maps
Layer Above I N
Reconstruction I% ““ Pooled Maps
Unpooling @ S 13 Pooling
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Stochastic Feedforward NN
H? H3

x I (@F @ L , o BRCNULA—ADHICHST
O 15| |®F @ Sl —y MEANS
Ol O oo o 2B/ EM ZILTUR A
O O 8 8 O - E-step (FEZY>TU>D

- M-step (& backpropagation

Stochastic neuron OEMNT T

JIVFE—FILRRFRANTES

- AMEEDSLADEZHENS 7EDD
KBZ AT DY R TDFER

Y. Tang and R. Salakhutdinov.
Learning Stochastic Feedforward Neural Networks. NIPS 2013.
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ﬁ*ﬁﬁgﬂ TOpographic ICA Decc{er /Encoder

e Sparse Autoencoder (DZEfE ~ Minimize > (”W?WlT z® — 20|+
1=1
e Pooling BDiEM4E(CX U TR/IN—=X

k
ERFILF 4 —E523 AY et H(WEz0)2 ).
o IBIHFAFOBFZET CHEAIAD i=1 | N
< (T —y M Pooling AR (ZHEL
BdE., IELICHBDI=Y MMUZ s e
BHEFDOLDICIRD

- —REEBHOZI1—0O> &BITHE
- HIRBAEMREL D BEMIGARMEDERS

Q. V. Lee, M. A. Ranzato, R. Monga, M. Devin, K. Chen, G. S.
Corrado, J. Dean and A. Y. Ng.

Building High-level Features Using Large Scale Unsupervised
Learning. ICML 2012.
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Google DIEEDE t

Input to another layer above

L 3 Eﬁd)ﬁ*ﬁﬁﬁﬂ TIC A (image with 8 channels)
A S g Number of output
channels =8

- Local Contrast Normalization > TL\3
- Convolution Tld72Ly (BEH=EZHBULRIW)
e Youtube O&hE 10,000,000 JL—L H

TEEIDEMOE. AOHRRECHE 2 o maps = &
B~ 2 w
3_51:\\] I\b\'fﬁ:bné = Number of input
v channels =3
< >
Image Size = 200
N 3EERDTZED

Q. V. Lee, M. A. Ranzato, R. Monga, M. Devin, K. Chen, G. S.
Corrado, J. Dean and A. Y. Ng.

Building High-level Features Using Large Scale Unsupervised
Learning. ICML 2012.
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DNN & U C® Recurrent Neural Network

O
O

O o BNEOEEEANO—EELTRD
> 2T v S TORNECANT S
o ¢ EnEEN EUL—FERNUE N ED

DNN &XIE9 3D (BEHNHBIND)
i--.lo o FEETHEFICHIDEAHT., BHEMIC

----I Part units part unit & categorical unit iM85N 3

(B(& Recurrent Sparse Autoencoder)
EENE gnm

Categorical -.
units -.

[¢)
L
©

Discriminative Recurrent Sparse Auto-Encoders. ICLR 2013.

..- J. T. Rolfe and Y. LeCun.
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Recursive Neural Network

o BIUEHDEZARDIZICENRD

o KRIBIEDFH|

- FTHEODOLSC2 /—E5ENSH
B/ — REAETH LWL R

o HIFHEEZ
Neural Network

B >
CTF&

o KAHAK=TlTNIL

deep X EFIL

WSCO re , S
mW P

(eo0e0e0ee) (00e0eo0)

Cq Cy

ﬁ
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Parsing Natural Scene Images

%

Gras eople BUI|dl

N“"?”

AN ﬁi
l

) )

/_
@f‘;u

Semantic

Representations
Features

Segments

Parsing Natural Language Sentences

A small crowd
quietly enters

S
ST

NP VP/E NP
seeenn ceepee

D the historic
A small quietly \ P church
crowd enters Det. Adj. N. Semantic

Representations

[ ] ( ( l Indices
the historic (church] words

R.Socher, C. C.-Y. Lin, ATY. Ngand C. D. Manning.
Parsing Natural Scenes and Natural [.anguage with
Recursive Neural Networks. ICML 2011.
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. —
Recursive NN OFEHRZ
Neural Tensor Layer
Recursive Matrix-Vector Model Slices of Standard
o) - vector Tensor Layer Layer
f(Ba, Ab)= © 9 . matrix ( (e _ 3 h
Ba=©3s 20 | SO (0009 (9!
:Eo o x : 8888 :
o 00 p - f | | +
. very movie ———=—=—=—=—===Z=
(a,A) (b,B) (c,C) eoee8see |
slog ©Sfoe °o0 | 3838 |
|
R. Socher, B. Huval, C. D. Manning and A. Y. Ng. N - y, J
Semantic Compositionality through Recursive b T b b )
Matrix-Vector Spaces. EMNLP 2012. 1:2
p=f Vi W
R. Socher, A. Perelygin, J. Y. Wu, J. Chuang, C. D. Manning, C C C
A.Y.Ng and C. Potts. -

Recursive Deep Models for Semantic Compositionality Over a -
Sentiment Treebank. EMNLP 2013. }:E@ D .

http://nlp.stanford.edu/sentiment/
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Recurrent Neural Network Language Model (RNNLM)

X7, B

.l
(=]

il

o NEZFHACT. IRDXFVEEZ AT

Ol mns ROAD  BEFI (EEEFIL

: ~~— " e Recurrent Neural Network TEZJUL

O O O ENEDEM, ROBRDANICEENS
A ENEIEEDAACET BTIEERIETS

o/1d &

N-gram EF)ILEWD S < AZEEICUIE LSRR
_ ' P UB (8B B DIER FTB8iAF (word
C') i embeddings) &72>TWL\B

T. Mikolov, M. Karafiat, L. Burget, J. H. Cernocky and S. Khudanpur.
Bzl t-1 OREN=E Recurrent neural network based language model. INTERSPEECH 2010.

/

7’
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RNN 0)“*“ Backpropagation through Time

e RNN DERAZEHEAEICE
FHIDE DNN DKDICIRD

o BEDFEHZREITHITFIL.
Backpropagation TAJEZH
STETED

o WEAPEHEFBITHBYIDZLE

t

1

@ @
: — :
@ @
@
t=2 |:
O

t

O O--O
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Deep Recurrent Neural Network

—— o DNN DOFRE(CIL—THH3
C_) Recurrent Net
T e EVBECEVBEODTIE
O =REIS
e - EKULIBEBEEIEBDRT—
JLEEDSIRLKIRD

9 [ [ [

Oesnes (2 Rlont

O O
oY oy
O O

M. Hermans and B. Schrauwen. Training and Analyzing
Deep Recurrent Neural Networks. NIPS 2013.
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Kip-g

ram model

INPUT PROJECTION OUTPUT

w(t)

w(t-2)

w(t-1)

| I
.
|
\\ w(t+1)

w(t+2)

T—————
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o FNDDEEZFATEZDILDIC
BRTIBEDIAFZEFE T D
e Deep Learning TI(I/RL\HY, HHEE
DFRIRFH
e Analogical Reasoning [CB%)
- v(“brother”) - v(“sisiter”) +
v(“queen”) = v(“king”)
o EENMNNBHEINTULVS: word2vec
- e ESADEETM

T. Mikolov, K. Chen, G. Corrado and J. Dean.
Efficient Estimation of Word Representations in Vector Space.

ICLR 2013.
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@1% 1T Dﬂt & O) Iﬂjm/\ D eVI S E A. Frome, G. S. Corrado, J. Shlens, S. Bengio, J. Dean, M. A.

Ranzato and T. Mikolov.
DeViSE: A Deep Visual-Semantic Embedding Model. NIPS 2013.

Traditional Deep Visual Semantic Skip-gram
Visual Model Embedding Model Language Model
label | similarity metric | nearby word
|
softmax layer f i
C yer ) [ transformation | Cootmaxiayer)
|
core core embedding embedding
visual _ visual vector < vector
model parameter model lookup table parameter lookup table
initialization I initialization I
image image label source word

e Supervision & Skip-gram model Z#AEHE T, BUFHN SEEEIE
DIABHNRDT N EFRTEDLDICTS

o YIHOTRIMATE. BHRIARSERIAGENDNIESAN)LZTFHTSE
2 (zero-shot learning)
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o HENERAKILT DRI ARDIEBEVASZEEETILTEBITS
o F(IfFIFBSNIBHTULVD: Deep Q-Networks

At 53]
=

D

50N
muLE

G—=LTLA2TDHFRXT, POMDP DERE
IDEME(CH T RIEHFAHF_1—T)L=7RY NTEKIRTD
e DeepMind (5tH Google [CENENTZ)

ﬁ
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T, {TEMIERIE B EER T L —

B. Rider | Breakout | Enduro | Pong | Q*bert | Seaquest | S. Invaders
Random 354 1.2 0 —204 | 157 110 179
Sarsa [3) 996 5.2 129 —19 614 665 271
Contingency [4] 1743 6 159 —17 960 723 268
DQN 4092 168 470 20 1952 1705 581
Human 7456 31 368 -3 18900 | 28010 3690
HNeat Best (8] 3616 52 106 19 1800 920 1720
HNeat Pixel [8] 1332 4 01 —16 | 1325 800 1145
DOQN Best 5184 225 661 21 4500 1740 1075

V. Mnih, K. Karukcuoglu, D. Silver, A. Graves, I. Antonoglou, D. Wierstra and M. Riedmiller. Playing Atari with Deep Reinforcement Learning.
NIPS Deep Learning Workshop 2013.
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C. Gulcehre and Y. Bengio.
Knowledge Matters: Importance of Prior Information for

Optimization. NIPS Deep Learning Workshop 2012.

o R KZJ/NIAXRTREUFEN
D__EDFEFEZRFE TSR0
- RO OHER%Z NN T
Uiz &, HAOBERDERT
2EBEREFBETES

10 20 30 40 50 60 0 10 20 30 40 50

(a) sprites, not all same type (b) sprites, all of same type
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