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Progress report on new research in deep learning

LIU Shuaishi, CHENG Xi, GUO Wenyan, CHEN Qi
(College of Electrical and Electronic Engineering, Changchun University of Technology, Changchun 130000, China)

Abstract; Deep learning has recently received widespread attention. Using a model structure, this paper gives a
summarization and analysis on deep learning by describing and reviewing the structure and characteristics of differ-
ent models. The paper firstly introduces the concept and significance of deep learning, and then reviews four typical
models: a convolutional neural network; deep belief networks; the deep Boltzmann machine; and an automatic
stacking encoder. The paper then concludes by reviewing the applications of deep learning as regards speech pro-
cessing, computer vision, natural language processing, medical science, and other aspects. Finally, the existing
deep learning model is summarized and future challenges discussed.
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Fig.1 Convolutional neural network model
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Fig.2 The evolution model of boltzmann machine
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PR il B% /R 2% = #L ( sparse group restricted Boltzmann
machine ,SGRBM) "7 532552 B il 3% /K 2% 2 4L class
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Fig3 The illustration of deep belief network framework
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Fig.4 The illustration of autoencoder
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Fig.5 The evolution model of autoencoder
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Fig.6 The illustration of stacked Autoencoder framework
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Table 1 Typical deep learing model
e S BIETBuN L NE e Y Ve, SCHk, 46
B M 2 ZAEBRZEM T RIEZE GIE sMHbrm B, AR Lecun Y,[65],1990
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3D BEMHAEMA G TR D A S A W, 8 BE AL WIS BT Ji S,[66],2013
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1 Fi, SR 5 78 L 5 R B Marquardt
13D BRI AR ] Rk
2 [ 4 e A HAT X431
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ST EBBMAEMY 5 CNN K JH, J& Siamese
Wz I 2R P54k 2R Fan H,[13],2014
(PCNN) N E A Sl
WO fF & W 4% 24 RBM R2INrE CRESAEEE N i U, B{& AL Hinten G E,[67], 2006

(DBN) JiE 1 4% I A WERON 3, AR bR
(BP)
2 BRUREMAMY K DBN th RBM B#ul, GBS 2T PR AL, Lee H,[21],2011
(CDBN) CRBM YNk, A W EEE AL
Mt TR P A7 5 6 DBN 1 RBM &4l oM B 57484 2 il L Halkias X C,[22] 2014
(SDBN) SRBM P25k, A W
REBURZZ2H Z4 RBM RN, 5 JCWE % 2w G ab Salakhutdinov R,
(DBM) DBN R[a) 2 [ 5  Je i & I 25, 15 3517 3% 1 [68],2009
He A T B ET R EE A R
S EOE T ¥ (BP)
GRBER /R 2HL ¥ DBM H RBM & # iy JCME 0462 Wil G ab 3 #2£ 6912014
(CDBM) CRBM YLk, it
ERE A W
A
HES A Bt ZA~ AE I o8 A B 2 T g ab Bengio Y,[70],2009
(SAE) I, Pk 2% Jre
I A WO
(BP)
HEF LM [ ShAmiS s FF SAE o AE Bl DAE G W B 048 2 T SR SEN Vincent P,[25],2008
(SDAE) YN, PR 45 Ep/S =P 08

I A7 B el
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Table 2 Boltzmann machine and its evolution model
P45 IR FR (EEBU 1E# , SRk, -0y

BERLI 2 T —AEBELALES , —Fb

1 BURZEZHL(BM)

2 ZWREIPIR 2 S HL(RBM)

Hinton G E,[71],1986

B Lt 1 e 22 1 2%
5 BM SRR, RSB 2 18] 1 4%

Smolensky P ,[72],1986

=JZPIERTC I FBUR i TR |

3 BRZREIBURZZEHL(CRBM)

Lee H,[15],2009

RGN JZ = 2 A

15 RBM X 2fBLR H bR ek %L 1,
ST — A B AT I

4 Wz BRI SR %G 2 HL(SRBM)

5 Mgz BRI DR 22 2 HL(SGRBM)

Fr A8 7 0 H 2 RBM

Lee H,[ 16],2008

WHE,[17],2011

AL A RERLAL i B ook

6 rIAZIREIB/RZE 2 HL(CRBM)

Larochelle H,[ 18] ,2008

A AL 5 2R 28 I 5 0 i

®3 BIREDIRHEENER

Table 3 Automatic encoder and its evolution model
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1 AZh%ii%4E(AE)

2 KMEA SR (DAE)
3 Wi A sh4mih A% (SAE)
4 Wi A St (CAE)
5  HBHANGHEE(CAE)

15 AE B AJZTIABEHLEE P
AE AR g 4 BR 4]
XF AE B4 T2 4 A i LA PR )
AE BB J2 0T 2 HR A AR

Rumelhart D E,[73],1986

Vincent P,[25],2008
Bengio Y,[26],2007
Rifai S,[27],2011
Masci J,[ 28] ,2011

3) U, TR A TR AL LA
S E 3Tz R 2 EORE TR, B2,
TE FRIE T AL B I i R — SR
Sl 338 UE P 22 I 4% 25 i e 3 — Il i, SCHR [ 74-
T8 ] Rk A ot 28 ) 24 A SCAS A UL 4 8 3% 1 1 P
O T TR R R . T, 3 U R 28 ) 2 114 28 A A
BRI IE 2B (long short-term memory , LSTM )
WHIE I LU A2 55 (0 338 D b 28 D 2% B A 467
3.2 EEAHE

D) BRI 25408, H Hinton 2 ¥R %K)
SRR LR, B 2800 B0 R TR 2 > B8 SRR
P AR AR f g A T 45 B E LA TRT BRLBEARY (4 AR,
RBM ) 25 JIT00 80 ) % 32 0 2%, a2 JL AR IR J3E 2 >
R BAAR SN, e by IR 2 I A X RIE X
MBI AN BB A AT T 2 T A3, R B AF e -
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I EATRE G X2 A 5 EFFE R [R)E

2)NZT7 ekt RIE S B & H DO
SR T AR R R, AR TR 2 A B AL B R
MW= 5 (B2, B8 2 T IR 2 iE
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YRI5 ATIOR T A W B O, O IO 3 S A L
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B AR ) AR TR E AL

3) WA UIGRIN ], 515 M R 4 T Bt T 52 2%
R P~ I R R 2 R ik, 2 5 ORI 2kt
AL LTt 27 i I EABURRE R RE R 2R F T
X B AT | A PRAIENS BE Y [R] s, 2 g Y 25 T
& o BT i AU ZR ] T3 DR B 2 > 7 255 1Y
W5 I,
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SRHIC B B 2 5 M B ol e & 9 0 sk AT
SR, — HLAELRINGE 5l ARJRRO, 24 R EA
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35 IR AR B R EH RIRE

5) SEMRXFGUREA i i il Gl S PR A | T
Fa It A5 RS | 22 i — >0 2Rl U LA A
HEAE THRI P XA TR 5 I X LA
DRSO B A B R AT R LA AT 3k
TR 24z, SR, H AT 1k I BOA B 05 ik
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