H1255 3 5 B AR Vol.12 No.3
Information Technology Letter Jul. 2014

AR F S A

AL WL

R YOI SRR I USRI — MR 10, b0 BAE T BB A2 G B 430, ek T
BT SAKUBUER B R TEEERSCAD . AR, SR ST PSR ¥ L
SIS U E K B T TR IR 27 T BB et . ASCRIES IO . RIEFITR.
L YNGR ST LA A SO PRI, RIS 3 10 KRRt P2

SERRA PIEST: RS BUTEOEST RIETLRNG S A

1 5|F

CRRE FL T 24 BB AR PFE (Technology Review) ) #4524 >] (Deep Learning) %1% 2013
TEIE 10 REORTRBL L — o (AU LTI R (1) S RSAEIR B 27 ST Bk ok — e PE N TR RE BT HOAR
Wil K887 . AN LR RIS (Andrew Ng) TAH VR 2% 31 0] LA B 4F
H PR, AERR ) 30 3] 40 4, IRIE 2 ) HORAT B B BRAT T 638 H O A i
IR IIHLAS o

W2, ATERES 312 B ARk ?

RIS 2 SR AR TR R M5 1 ARG IINLER 22 2 7, WS Fe 1 5L (support
vector machines, SVMs) , boosting &5, #/&ikZ5% 3 ik, FENLAS 100k, FrisiR iR
—AN B (Flow graph) Hr ki A 214 H (0 s KB I  lln, SVM TRIE Ry 2, 3L
B — 0 I A B H B R AE A (0], 5 R N LS VR A B A S o AR G R 2
2% VR P 25 T 2RI B H o A5 (Bengio) WIRTyR B2 ST IOWFIT R, A BB AT
FLF e MR B, RIEIE SR F FORATRE AT S5 IS AT IR B BRI 5 BT B 1 5
HRKIIKFR. WL (Hastad) 25 NPRIE], W5 —MRETLAL k2R g5 5
HiZos RIS 80D, B ATH k-1 2 0 28 B0 2 D) 7 S48 5003 1 1 5 2R T
TRIZ A5 AT DA 2T ek 2503 S A s 1R o E B PR 0 SR 3O R R v B AR IR R 2, X K2
AT HRENL RS S ITEA T LU . L, A7 BV Ay, 8000 94 44 435 ) R B N
G F IR ARG ST A N . 2 )25 pR A S 1 n] LU AR BT IR R IA R ) HEAS R — AN Rl 1)
KL, BRI T AR S SC[29][10]. 50K, BRI (Utgoff) A% 5 (Stracuzzid B4
TR 2 (R G5 MR T BT AR IR 5, A A (LeCun) P00 T2 45
P IA e ) S AR N T REFIAL #8257 314008 T BE I N F

B 7 S e KR R R T e RS AP RV A RE T R BE 2 S I 4 R LU IR B AR AT T 2
FRAE S & R R AR o i, R PEARSE A AT DL R B R R R > 1 S T >k
(2 ST AR, XA S A BRI R AT 3. [, RS 23R KB ok
SVRHIE,  HEAR 48 B9 N A R AIE 1R 7 vk S R 20 K (0 = ' N TEAR R, TR 284 T3 2K
BT RIHERRE . hn, YRFES: 2] RERe I R EER A B R R gl XA
SO, R AT TC I B R IES: 3] Cunsupervised feature learning) .

TR PE 7 SIS B L B RO S5 T TR ST HRAS T R RIRERE, TF)R T “ KEHR
+ERBI” A RBESE ST R N AT T R G . o ST KB

35



RIS ) ik

SR UL LB A S S
2 WEEAIRERREDRE

HHT, SRR T B 1R 5 X G B 2R 2 R M2 AL N2 k2%
IR, AP (Perceptron) SEIACGRIERIBIN . 20 ) H4EAR, 55 AU
25 Bl f%4%  (back propagation, BP) Jii%5: S M4 S8, (E— L e T4 gy
ftERE. (HAZ, BP WUATEAREEE, W RIEAL, AELBARBED. Zh, e
56 (Vapnik) AR )T I8 Y T —Phos R (R RN B —S2 Rf [ L. AR A,
AN NZRFEA " HERR IR I A S A2 ZRAE A DR BE (R RFALL , BRI R0 45 R m] LA 2
IRAERIFIE T3 MR . SRR IR EEALAF GEv SR AE B 70 A RN T AR AT T BRI R
FOUBEROTEREEAT T WTFUE TR bR, P2t W) 2% (R A Rk N I AT

AR 208 v g O T IR RS TR L AN R i, EAEIZRIRZ e 4 (1 B 2 AN B
J2) I BRI IROR o« (HAR WS NI SCI i, B TR0 A IE T 2 )2 p
oM . BRI BAE R M 28 1 J= b R S SR AT R AP IR 5 1 o (B2 I 17 JE A4k
Ja s EIFANEEAT RO P EARR 0 S LA 2 PUBRAR (R DX, IXAT AR A 22 U E AR 7 )
BN 2Rl fse M« AEAR 2 L, FEAER R 2 IR M 28 IO I R A S i 22 T30 )= 1)
CER

2006 LAk, SEfil (Hinton) &5 —fEAF 08 MO T 22 J2 e ) 28 it o IR ME A 1)
Jey i A BT g g per 2 STRRRRAT T ) S I, 300K T LS 2 ) BB, s b
BIh YR T B % E W4k (layer-wise pre-training), Hl4E— 2 LUBHURE £~ AE N
fN, WM A 2 NN B m (BoED E s Ron gl BB #3143
FIIRIZ W 48 2 BB AT B IR AAAE, SR 5B (5 T00 1) 1 P B 5 2% 3 R 48 09 28 S 4000 o i) J2
IRFAE, TREGR T S AL R 7 IR R BES 15, A a5 2RI 5 I RO 45 AHOC IR

3 WEFEIRBRM GG
VRIE 7 STHURIAE B £ L 5 AL SRR A I, SR Ah A . LR, R
5 ST T S I SRR 0 2L
3.1 EEKREFIRE
- BRWHEN%

L B pi 22 W 4% ( Convolutional B L
neural networks, CNNs) P& —Ffills
Bt o) PR, B R R
G R . LA S A
JE LE T J2 W 285 TR AN [R) 437 T e 2 R A

BFIBUR, L2 A% Rl b 2 S
HO8H LIS E IR R \ N J
AT 2 0 25 LS A3 SRR ()

IBERR7ZR2T A DO o 2 AN e 07 K O

VA B A, (v £ o
PRI R B AE, AR U BRI, A i (T

36



H 1255 3 5 B AR Vol.12 No.3
Information Technology Letter Jul. 2014

TG A FE 7 10 S 7 tH AR AR AR o AE MR AR BT 1T, N GRS AR I 25 R F D S5 M fig
TRUFHOW) A5 FEAESEEURIAE 2023 28T LLIR] I HEAT , foff 4o 25 0o 28 45 Ky 2R 45 B B, 30 2 B i
P, JE T BRI I RS R 4 A MEHrERE, fian, b NPl T %
U N4, FEETF 5 200 BT T AV IR . SIS 70 R — /M 7 AN B
B OMUFREERE) BB E MRS T ImageNet 5458 .

ASHEE Qarrett) 25 NPV, WAL B2 (K R R R (K B U I 2%, ) m] £E TR0 ]
BRI, AT, EEMRINT RS NGRERILE ML . 8 (Saxe) %
NBAEN, X ANEL G R B R 4% S5 R I TE R PR S R I, B R 4 RIS R 2 I 2Ry LA
IR IF ISR L B0 5 PR A AR

- RRBURZENNREER MR

Z PR H-2% 2 Ml (Restricted ©000000 h3

Boltzmann Machine, RBM) 14 RBM
2 (J2) PR, "ErRBIRZE 2L
— AR, B2 R AR 1 3 IR 2% ﬁ*g;l;

LR L2 A ) B R A A
IR . Z R H 22 22
—FpETREEMAE, Hrh gk B3 RMRBOREENL () FREEEMLZE ()
TR 20 0 I A 2 (1 mT DA 3 il

(1) AR R 0) R AL RESRAS, (EH 6L B 8U% (contrastive divergence) J7VEAR KFEE F3E s
TR IR RCE

Z R H 22 @ AR T IR A ) RE WS I Tk, i BT RSGE S 1 =0 i, RIAS 2
RIEPORZE 2 W RAESELT ] DL 570K DL r il 6 CRITAT o) BERSERY, 3K AR AR B
JE S R B RS, T A B azs B T LR B A T 2 BRI 22 2 0L, RIS 3R A
4% (Deep Belief Networks, DBNs) MBI duie] 2 () From. W BAS 4% T LAB A2 —
Ty A AT, P v SRR i Sk R s T A R, MR SRR 2 R RIS U I R (R

PR o

TR S A W SRR R 25 T 78 0 PR B TR B2 2D IR SR Sl I e 1) B 3 = T
e STRHATIAAA, AR AT T A S IO (fine tune) AR S M. Acqs lARRlR
H TR B BT W26 1038 2 ST AR R 538, BB 21 3 2 ool 232 BRCH 22 2 0L, I
Hhve S B2 BR 3 26 2 LU ZRIN AN R J2 IR 1) 32 BR 35 26 2 W LA 3ot o ERCORVAR T A A
KOLAH VL N, B FAC o AN SR . D T AE I RE S N T B s
b (B, AEEESERR TR BB, BECE TP R AR ML I TR T, W
RO P A P 2 0,

- B3mEs

I3 RIRE 5 )AL L) A Bt o W w
(autoencoder, AE) M Bl e Py 2 ©-0) 00
~ N R "
gi, WE 3 () Pir. SEEERE gﬁ)\lﬁm#% WAy Aﬁ)\i*’]én%
WO 2 IR 2 SRR AN [R], 1 ) Mo - RE
S

"3 uﬁ*“] ‘Igé;jl‘ ,ij‘J ,ﬁE/T’t E(J H*f]\ [_l‘:J: ‘iﬁ/ ’ :[/ﬁ _ -
2 7 I = 2 1 I
) 2 5] N B (. B Ka. HAgmides ()R shdmigss 6D

(RTG BR S (BRI . 221 A 4% 2% (denoising autoencoder, DAE) P& [
37



RIS ) ik

SNt Es 1 —FHEEALY . E R H Ao AT A 1 fan At P B SRR RN, T SE LR
PRITRFIESE ] o

ZAN A SR 2% A LU RS N B 3h 4 i 2% (stacked autoencoder), I FHVAR B 2% > [ I
AT S e h T AR L5 B0 I B, RS A0 5N SE 3040t T A% 6% 15 2 4 i 23 B0
Contractive AE (4 H 84t ss ) BUEAR i,

3.2 KRN FTTE

WIHTSCATHE RN, R AR I R HG: (1) BT M B 2 S — )2 W 4 1A T4
Uk, JERE LI ZRgt FAE A — 2 I N (2) BT B SO AN M I S 4. S
H, 3D A AR BE 2 > BT tH B R I B LR 3% o VR ) P IR B A T
BEMLES N F% (stochastic gradient decent, SGD) J5i:, HSHUE WHANAE AN Gk A D —
NS INGFEA AT o BARBENLER RS N I 5 ALy i B aE F T ORI 25 s, (R X
NG AT A S AR N T AT A R, B R 12 7 AR AR IS i) 8038 b T I ) e R0

RIS IR 2 AT “ KA+ 4 e b, @l (Google) Ik}
LA 1.6 J7 A b RS AL R (1R A0 28 0 24 REAE AN 1000 5 JCARYE AT Hh 27 45 50 A
AL Uk, O T B S R BRI, R S T R I R A, FRATT A 2R
W% ST . HAl, IR R Gt 1B 'S %0 F BRI RN
CPU ¥ A KBt 5 7k LA R IR (Jeff Dean) FlI5EEGA A & HIWFFEE R T %k
HA 1B S8 KBRS, R T el Bz XK. 122 (pooling) iRt bk
IE 4L Clocal contrast normalization ) 77 %, UL Je #8570 347 46 A1 57 20 B HLBS B2 &
(asynchronous SGD) 759k, Hir, Bl (Coates) ZMOHR h Ik T Ik ps it i M RS T 44
(Commodity Off-The-Shelf High Performance Computing, COTS HPC) £ R [RIVR JE 2 =] R4k,
Z ARG CBR A 5E FLC GPU RSS2 if 4L, Y14k 1B S8 3 G ilas, 1f HLAE Y
| NGO S T

4 BREEEES BRI H
SCTHRBES), e IR FT 04 LR T SBLRNSE . 525 VA S U P D )«
HHEHIRE

FESENURLGE AR, VR 25 ST S e o FR 8 P 2 7 i e e B L 5 R A e i
UEAESR, R SITESE 02 (R SR S AR R e b, ) o PR 2PTE8T g g
e RME RN B F e ROy e ) 81 e e8] g7y 8
S, BRI TN AR 2012 4, 2AG 2 KSR SRR F I A B 2 I 4%
7E ImageNet GR35 6 oA 1R % 26 % MK E] 15% 19,

)[4%:%‘ ‘/\ %IJ

2011 FELICR, BN OB S a1, B R 2 BRI 2% R UAR L B AT M 4%
SN BN P B A 2 Y iy, AR RN A U R e PR AT B REED, A A3E7iR
S VR A AR T 44 30%, T8 5 YLIATI 1 2 AF Rt K (R e i ek R e s I,
IBM. 73 3R45 A W) 56 Jo T RE 1 6 TR BE 27 ST iR S R 9, O HLERE ke fERAN, FTE.

1900
38



B12EH 3 5 B AR Vol.12 No.3
Information Technology Letter Jul. 2014

FEIES REBE B S BTAE 2w ST STz, BT TR 2% S & UM _E BT
FoAth T 55 45K

VAL 2 S AR T A B T B AT EOR 3 0, RO H AT I S0 B B
PUNAAE (ISR o I, S WA AR AE 9 AT AR IR B 25 ) T ik KR 1 kBl ]
RERCH 25731, IXIUR bk 43 T BRoe. (Merck) A B — IR, Hse b, W
L BB BE 2 R FIIN ) 0T A T REFR BUTREE 7 21 (Il s, IR (1 4 (45 (fEAS
JIRRTD: HIRMAT Ity SCR A izl BaifEd] e N RE) 5545,

5 BHgERYE

VIR 2 SRR A B 28 22 0 W) VR 5 o 28 T8 26 TR 308 3o 6 WA 119 77 2 K i v 2
SURGRAE, ARV TR S RIS T BRI . B, R 2 S iR
[ ELIE [ RENLI QIR T — 25, (8, YRBESE SR —TIUT R IOEAR, & BEAR YL LU
R AL T I I ) R P 1543 o TE A AL K2 30002 36 3. 15 P 17 ( Gary Marcus ) 28]
Bies: “SliE@sr T AMBEFIRE T, (HIEABE T IR B3 A Bk, 7

FT O B TAEFRTE , AT TR 2% 20 W AR e (14 1) RN A K I 507 ) B 2
FEWIR:

1. EREES )b Gevt 2% ) B A 1 sCe, BN TR PEy n) 5 Sk DL ] AT
THEPE S R BER In) A 7 TR AT

2. HMERPERE IR BEME 2%, PH B AL B S N id ZE A AR H i« FRAT 1oV e 4
YR NI P AT DR B, AR R B 2% 20 (1) R D) A A BT S T S DG i ot 22 ) 2%
BEST, AHOCI B FC I H W 5 A 55 ML, KM & R# 48 (Era of Big
Neuroscience) .45k,

3. URBEARAN Bl AR E A I SR H A B, IR I 1) e 2 Kl S AR I e A
G

4. URPESESILERASUNZR . LI A RS g T s B — 2P 0 A, 9 v () 45 B
2 ) RN ZRIA Ty IR B A BB 2R T e () SR . L PR A 1656

5. ARG ITIE R Y S AMEAF O I ) . AR R BRI AR, R ST W RE
FEAENE—IEFE o — LeAL G MLAS 2 ) J7 15 A0 AT £t S0 iR P88 2 > 1 SO AR o K i 2y
REZM AT ), L AE AT

6. IRBEARAERRAE S W R TSI T 2 AT 55 2% ST I, B 2 AMT 45 2 T HL 2 5 4y
SRR R R IER S, T A 5] BRAT 550 I 1) 8 SRR AR R s 2 AR ] AT TR
KA T B AT 5 YR B 2% 2] R s T 1R S B

S 3HR:

[1] L. Bazzani, N. Freitas, H. Larochelle, V. Murino, J. Ting. Learning attentional policies for tracking
and recognition in video with deep networks. In Proceedings of the 28th International Conference on
Machine Learning (ICML), 2011.

[2] Y. Bengio, Y. LeCun. Scaling learning algorithms towards Al. Large Scale Kernel Machines. MIT
Press. 2007.

[3] Y. Bengio, P. Lamblin, D. Popovici and H. Larochelle, Greedy Layer-Wise Training of Deep
Networks, In Advances in Neural Information Processing Systems (NIPS), pp. 153-160, MIT Press,
2007.

39



RIS ) ik

[4]

(5]

(6]

[7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

Y. Bengio. Learning deep architectures for Al. Foundations and Trends in Machine Learning,
2(1):1-127, Jan. 2009.

Yoshua Bengio, Aaron Courville, and Pascal Vincent. Representation Learning: A Review and New
Perspectives. arXiv: 1206.5538v2 [CS.LG], Oct. 2012.

A. Coates, B. Huval, T. Wang, D. Wu, A. Ng, B. Catanzaro. Deep learning with COTS HPC systems.
In Proceedings of the 30th International Conference on Machine Learning (ICML), 2013.

Ronan Collobert, Jason Weston, Léon Bottou, Michael Karlen, Koray Kavukcuoglu, Pavel Kuksa.
Natural Language Processing (Almost) from Scratch. Journal of Machine Learning Research, Vol.12,
pp. 2493-2537, 2011.

Clement Farabet, Camille Couprie, Laurent Najman and Yann LeCun. Learning Hierarchical Features
for Scene Labeling. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2013.

J. Hastad, M. Goldmann. On the power of small-depth threshold circuits. Computational Complexity,
1, 113-129. 1991.

G. Hinton. Connectionist learning procedures. Artificial Intelligence. Vol. 40, 185-234. 1989.

Hinton, G. E. and Zemel, R. S. (1994). Autoencoders, minimum description length, and helmholtz
free energy. In Advances in Neural Information Processing Systems (NIPS), 1993.

G. Hinton, R. Salakhutdinov. Reducing the dimensionality of data with neural networks. Science, 313,
504-507, 2006.

G. Hinton, S. Osindero, and Y. Teh. A fast learning algorithm for deep belief nets. Neural
Computation 18:1527-1554, 2006.

Geoffrey Hinton, Li Deng, Dong Yu, George Dahl, Abdel-rahman Mohamed, Navdeep Jaitly, Andrew
Senior, Vincent Vanhoucke, Patrick Nguyen, Tara Sainath, and Brian Kingsbury. Deep Neural
Networks for Acoustic Modeling in Speech Recognition. IEEE Signal Processing Magazine.
November 2012.

D. Hubel, T. Wiesel. Receptive fields, binocular interaction, and functional architecture in the cats’
visual cortex. Journal of Physiology (London), 160, 106-154. 1962.

K. Jarrett, K. Kavukcuoglu, M. Ranzato, Y. LeCun. What is the Best Multi-Stage Architecture for
Object Recognition? In Proceedings of International Conference on Computer Vision (ICCV), 2009.

S. Ji, W. Xu, M. Yang, K. Yu. 3D convolutional neural networks for human action recognition. In
Proceedings of the 27th International Conference on Machine Learning (ICML), 2010.

K. Kavukcuoglu, P. Sermanet, Y. Boureau, K. Gregor, M. Mathieu, Y. LeCun. Learning
Convolutional Feature Hierachies for Visual Recognition. In Advances of Neural Information
Processing System (NIPS), 2010.

A. Krizhevsky, | Sutskever, G.Hinton. ImageNet Classification with Deep Convolutional Neural
Networks. In Advances in Neural Information Processing Systems (NIPS), 2012.

Q. Le, A. Karpenko, J. Ngiam, A. Ng. ICA with reconstruction cost for efficient overcomplete feature
learning. In Advances of Neural Information Processing Systems (NIPS), 2011.

Q. Le, W. Zou, S. Yeung, A. Ng. Learning hierarchical invariant spatio-temporal features for
action-recognition with independent subspace analysis. In Proceedings IEEE Computer Society
Conference on Computer Vision and Pattern Recognition (CVPR), 2011.

Q. V. Le, M. Ranzato, R. Monga, M. Devin, K. Chen, G. Corrado, J. Dean, A. Ng. Building high-level
features using large scale unsupervised learning. In Proceedings of the 29th International Conference
on Machine Learning (ICML), 2012.

LeCun, Y. (1987). Modeles connexionistes de I’apprentissage. Ph.D. thesis, Universit’e de Paris VI.

Y. LeCun, B. Boser, J. Denker, D. Henderson, R. Howard, W. Hubbard, L. Jackel. Backpropagation
40



91255 3 1 & BEAPAR Vol.12 No.3

Information Technology Letter Jul. 2014

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

((ENIPLE

AL
Ll 5¢ -

applied to handwritten zip code recognition. Neural Computation, 1(4), 541-551. 1989.

Y. LeCun, L. Bottou, Y. Bengio, P. Haffner. Gradient based learning applied to document recognition.
Proceedings of the IEEE, 86(11), 2278-2324. 1998.

H. Lee, R. Grosse, R. Ranganath, A. Ng. Convolutional Deep Belief Networks for scalable
unsupervised learning of hierarchical representations. In Proceedings of the 26th International
Conference on Machine Learning (ICML), 20009.

H. Lee, R. Grosse, R. Ranganath, A. Ng. Convolutional Deep Belief Networks for scalable
unsupervised learning of hierarchical representations. In Proceedings of the 26th International
Conference on Machine Learning (ICML), 20009.

Marcus, G. (2012). Is “Deep Learning” a Revolution in Artificial Intelligence? The New Yorker.
November 25, 2012.

J. McClelland, D. Rumelhart, the PDP Research Group. Parallel distributed processing: explorations
in the microstructure of cognition, vol.2. Cambridge: MIT Press. 1986.

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 (NIPS), MIT Press,
2007.

Rifai, S., Vincent, P., Muller, X., Glorot, X., and Bengio, Y. (2011a). Contractive auto-encoders:
Explicit invariance during feature extraction. In Proceedings of the 28th International Conference on
Machine Learning (ICML), 2011

A. Saxe, P. Koh, Z. Chen, M. Bhand, B. Suresh, A. Ng. On Random Weights and Unsupervised
Feature Learning, In Proceedings of the 28th International Conference on Machine Learning (ICML),
2011.

G. Taylor, G. Hinton, S. Roweis. Modeling human motion using binary latent variables. In Advances
of Neural Information Processing Systems (NIPS), 2007.

P. Utgoff, D. Stracuzzi. Many-layered learning. Neural Computation, 14, 2497-2539. 2002.

Vincent, P., Larochelle, H., Bengio, Y., and Manzagol, P.-A. (2008). Extracting and composing robust
features with denoising autoencoders. In Proceedings of the 27th International Conference on
Machine Learning (ICML), 2008.

Naiyan Wang, Dit-Yan Yeung. Learning a Deep Compact Image Representation for Visual Tracking .
To Appear in Proceedings of Twenty-Seventh Annual Conference on Neural Information Processing
Systems (NIPS) , Lake Tahoe, Nevada, USA, 5-10 December 2013.

J. Xie, L. Xu, E. Chen. Image denoising and inpainting with deep neural networks. In Advances in
Neural Information Processing Systems (NIPS), 12.

W. Zou, S. Zhu, A. Ng, K. Yu. Deep learning of invariant features via simulated fixations in video. In
Advances in Neural Information Processing Systems (NIPS), 2012.

R, RS ] ——HLEs A TR, CREP 51),  2012.02.

b R = B SRR SIS 5L, changhong@ict.ac.cn
PR BT BRI IS B, B R S BAC T I 5 s %0 45 | T 4F, sgshan@ict.ac.cn

41



