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Abstract  As the important research achievement, deep convolutional neural networks have been
widely applied to various fields such as computer vision, natural language processing, information

retrieval, speech recognition, semantic understanding., and have attracted a wave of neural
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networks research from both academia and industry and have contributed to the development of
artificial intelligence. The convolutional neural networks directly treat the original data as input,
automatically learn the feature representations from a large number of training data. The
convolutional neural networks have the characteristics of local connection, weight sharing and
pooling operation, which can effectively decrease the network complexity and reduce the number
of training parameters, so that the model has some certain invariance to translation, distortion
and scale. Currently, many approaches of deep neural networks, including the increase of size
and complexity of neural networks, the use of larger sets of training data, the improvement of
neural network architecture and training methods, etc., have been proposed to simulate the
complex hierarchical cognitive attributes of human brain and pull close the gap between the
human brain and visual system, so that the machine has the capability to capture “abstraction
concepts”. The deep convolutional neural networks have been a great success in many computer
vision tasks, such as image classification, object detection, face recognition, and person re-identification.
In this paper, we first review the history of the development of convolutional neural networks,
and briefly introduce M-P neuron model, Hubel-Wiesel model, Neocognitron, LeNet for
handwriting recognition, and deep convolutional neural network for image classification in the
ImageNet competition. Then we have a detailed analysis of the fundamental principle of deep
convolutional neural networks, and introduce the mathematical representation and the respective
functions of the convolution layer, the pooling layer and the fully connected layer. Besides, this
paper focuses on the representative works of convolutional neural networks on the following three
aspects, and demonstrates various technical methods in improving the accuracy of image
classification using examples. In the aspect of increasing the number of neural networks”’ layers,
the architectures of classical convolutional neural networks such as AlexNet, ZF-Net, VGG,
Googl.eNet and ResNet are discussed and analyzed. In the aspect of increasing the amount of
data, we introduce the difficulties of increasing the number of annotated samples by manual way,
and the effect in improving the performance of convolutional neural networks by data augmentation.
In the aspect of improving training methods, we introduce the generalized regularization
techniques such as the L2 regularization, Dropout, DropConnect and Maxout, several frequently-used
neuron activation functions such as the sigmoid function, the tanh function, the RelLU function,
the LReLLU function, and the PRelLU function, several different loss functions such as the softmax
loss, the hinge loss, the contrastive loss and the triplet loss, and the basic idea of the batch
normalization technique. In the field of computer vision, this paper focuses on the more recent
research progress of convolutional neural networks in image classification, object detection, face
recognition, pedestrian recognition, image semantic segmentation, image captioning, image super
resolution, human action recognition and image retrieval. From the prospective of the human
visual cognitive mechanism, we analyze the relevant theoretical achievements of hierarchical
processing in the visual system and “global first” visual and cognitive process, and some theoretical
implications for the current computational models. Finally, some remained problems and challenges

of the brain-like intelligence research based on deep convolutional neural networks are concluded.
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ALK 24 K 2B S50 A 2 AR/ 5 5
U8 R Z AR8R. IAE AlexNet H1, {if 7LJZ2 5 R 2
AL 5000 AR AN FE T A M4 950 it
B mE =R REEBE L AME SN m¥dS
B H NGB SV Xl BT 2 S HOR T
BT U ) R A BE R O L G T 2 BR A R R
GoogleNet HARIG N 1 4 28 1) I8 52 H 8 A 1) 2% 1)
ZHHEA 6 ML HICTHER T Bk 2= S80S 5 5
UE A AP G L 3R B0 58 70 MR IR H 9.

B .78 2015 ImageNet H8EHLIH 51 9k ik 2% o
T3 S N BIF 5 e i) A8 B A N 4R M Y Bk 22 K 2%
(Residual Networks,ResNeO)™"! $i15 [&] 4 4 2% L K 14
SE AL LA K AR A = A = 20 B i e % AE [R]— 4R
A COCO L 3§ b AR A5 A6 I A0 43 51 1 ef 45, 7E
ImageNet FL3E b, Bl HTRY 152 J2 I8 B 5k 22 M 2% IR

JEJ& VGG P28 BB 1 8 %, {H N 2% 1) 2 K i 40
e VGG M 452D,

F Rk ReLU,PRelLU, batch normalization %% —
RINITIE MR A D 1 TR B i 22 X 2% )11 5 1) A6 2
T 2% SRR M DL R A 3 A AN 249 5 26 1) el B 78 I 5
AR 60 10 265 00 Bl 2 0 28 R 32 A1) 38 m » Pr 1 I )i 2 )2
F8 NN S R0 ) 5% R ST G I R R AR 2 I 4 i
U7 highway 45 B U, 744 38 0 2% ) 35 1
T4 0I5 S 2 A i 0 AN SR A% 0 i 4 I 4 v A A
P TR S5 o T2 i A ) TR SRS R e A I P 6
IR POERERAL I B 6 Ry AR 22 R L F (o).

F(x)

F(x)+x
relu

Bl 6 5822 I 45 11 2 2 BBk

T 1 BA T Y E RSB A M
T 2549 1% 2 B0 ) L AE TmageNet B3 iE4E |
(0 TELG A JokG B . DN v O B8 m] LA s 385 o ) 285
JE B BE 98 18 T ER 4 B MRS B 2 GoogLeNet
W22 FEU R g 31 2 (R R EE N 41 %6 i,
W26 24 N 6. 8 M3 1 8 M3 i 18%0) , B %
432 Top-5 A iR il 7. 9% FIEF 5. 82%. Wik
PAE 5 B o] 18 B 48 42 ) MSRA 8 #40Y 5
GoogLeNet [i]2h 22 JZ M4 AH T & S8R &5 &

K1 MBAFEHENEHNNEMR . SHER
£ ImageNet IGF & F I KB\ IR ER

Top-1 Top-5

CRIY| SR /M R , . ,
i 4 S/ 4;&1%3{:—/% 451}%%3/%
AlexNet 8 )2 -
2012667 (5conv—+3fc) 60 107 15.3
82 I
ZF-Net (5conv-3fc) 60 37.5 16.0
19 2
yGLol ~ 14/
VGG (16conv+3{c) 144 24. 4 7.1
GooglLeNet!10] 22 2 ~6.8 — 7.9
Google-BN ,
Mt 312 ~8 21.99 5. 82
MSRAM* 22 2 ~200 21.59 5.71
ResNetl11] 152 )2 ~22 19. 38 4. 49
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(1 29 £, Top-5 #EIRZ R R T 29 2. 2%. 5% 22 M 48 7E
FIM5 53 AT 55 119 Top-5 SEBERFARE] T 4. 49%.
2.2 HEHN SR E iR S AR

TEUN 25 b 3A Tt B R pi 28 I 45 1, i 2ROA
T WU R0 L A AR AR A RTRE R A LA B
A B EDUAY R BN IR 7 BR. B I Zhad AR Y
HEAT AT A J BE RGN, ZE N SR AR b 1 4t 15 236 T 47 0
AN AR TR B U AR 1 ) 1R R A AT R L LA
I S PR — A s — e VIR AR i R/ 15 3]
{14 1) 28 22 J0AS e o A 400 500 19 40 A s 02l TR
YA % B 3ok vy o IR A A R A R 8 T e L i
BRI 340U T M 2 M S T 220 W% T OE A R AR 4
it DR S AR SR X DI 2 B A 0L 5 AR R A ER X
TN P BB A R A R 22,

« Uil Snt
o B
=
Py
B
B S

7

A 3ok 40 ) A TR B B4 0 kA 4 il
ZRREAR B, 78 LEW Bda 46 B AR 5 AT 55
i, DeepID " DeepFace '™ | FaceNet! ") £ 45 %1 4K
C sk 3 1 N n SIS B2 X 26 455 AR A
TN ELIR TR A3 v el bR 2 N AR AT M X
Y 2 (Pre-train). Fo Al DeepID {# I 7 10 K 2519
SR B Hi 4 FaceNet A 132 8 M A AN [
. INRbT 0 TR B A 28 0 24 38 A Ry R AE £ B %
T FH A R 1 NG 360 F B8 0 1 1A T A 36 i

SR OB 2 R B A T AR E
N30 3 FE g i LA A e B Y B SR AR L
A DG I Bl P DR T L A0 AR AR AN B
BRI AT

T — i ] B AR CEE 22 A 1) 7 SRR S s 9
1 (Data Augmentation) , & 18 3 %) J5 4R & i 47 4%
Fofr A% 4 ok 4 3 55 22 1 B o 9 0 < B D B 1 R T —
AN/ EE SN B AL P A 5 Y R A AR R B
B R i — 8B40 45, K 8 JBos T — i T £ dls 4R 4
a5k N—5K 256 X256 K/ i A L& H L Fie 1R
224X 224 18 7€ R/ A TR 7 B AR 2 A4 IR B
P38 3k 7K T B A A R B I R I R A s SR

AR

Sun F¢ AHF & 4 DeepID, J— 5K A B4 H A HS
AN TF RN R SAE R FEA LR T 60 A2 M 45
e K 38 i T VI 2R B4R 19 B Simard 2 A5 X
MNIST™ o [ Il ZRF AR il T 45 ol 25 Bl ™ 1 ok 42 /35
R HE. GoogleNet #1 VGG M #5 7 ImageNet [t
FEPARAE T 2 ROEE SR U R4 09 05 3 - DI 5K )
Y NE R R BT (il 512X512,256 X 256) il 24~
BERY, i J5 256 VEAR T A B AL (0 LR 45251 ) ik Ay
PR T R 5 B AR N B RE 8 55 D

- B A% AT LLAE 120484 1%

8 My

2 R R T AR 3 B 5 X 2 R 4 1k
RESR T4 11 .

%2 CIFAR-10 M8 b5 K iR E

Jri ﬂ%%ﬂé %%%Wﬁ
(BT 7 CBls 978
CNN+ Spearmint 14. 98 9.5
Conv.maxout+ Dropout 11.68 9.38
NIN-+Dropout 10. 41 8. 81

2.3 EN4

DI G5 R B 2 Al 22 N 465 ok T 86 R I 5 B 9 4
A3 2 A I Ak 2 O B 1k e LA T L R
A at UG IR A — i e R AR N i IX[R) B R RR(E
8 28 A AR ) B 3 R A R BT 2 Ul K 1
2 /)N X R] B AR5 B0ME (2 0P ED JE % . T A 2 5l
T 24 RS B B LR R, DA U R IR R 1Y
O F= B AT U /N M 7 i (R 3 30, AT DA A — o I
D i A L

Lo 1E WAk 2 fe i 8 — 1B DA 4 R SURR AL
I (weight decay) . B J& 78 J5U IR 51 2k R 25 C,
i TR b A T D Ak

C=Cot 43wl

TE DU A I BT A7 I 48 AU w0 (9705 A AQA=>0) 52
TE D0 3T A K SR AU IE W T C B FE . O3 Ah &

D)

@ http://neuralnetworksanddeeplearning. com. Chapter 3. Impro-
ving the way neural networks learn
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Bol/2, B2 T A R RO T 55 .

WX (DK S A
oC _ oG,
Jaw  Jw taw
(8
lacaco
ob ob

MRS DL B Lo T W0 A 3506 i o B BT IR
SRS AH R T A w IS B A S
— 7 22— — <1—77A>w—7723 9

TEAE Lo 1E WAL SR 5 45 R P w 1 R 5L
L L IEWARS w BT R B 1—92 . B8 9
A FRIEIE M TR 1= <1, BRI/ w,
T A AN R A R Y w S IR BB S Y
w A2/ 2w U BT IS Y w A2 ORI B AR
REIE w ] 0 5 2% th AL S AT RESY 0,4
A Y TN T 48 AL L BEAR T I 48 52 TR B L Bl
I[UE{/E

L, 1F ) Ak 2 3 5 18 AR A0 eR Bk SE 3R L T
Dropout* I J& i 55 15 B 4t 28 ) 45 A B ok 52 3
(1 B 7 Uk W 2% 1) ] B — B 45 35 . Dropout & 7E
Y FErp L 1— pCp —FEL 0. 5) (A R f pa 2
OB HEE 0.0 F BP 55k HURTAU(E I A Fi B
BT SR BUE. E 9 () R, F R
R v B8 n X1 4E A & W RIR d X n
AR A s a () & — DR a (0) =0 By TE R
M OEA d X1 g, A TR IR
p ASE A A % E W - A DV AT
5 2

W w

r=M. Xa(Wy) (10)

iz T Dropout Il gt B2 A4 T %k T 45
BTN 1 A R BB 2 BT Y pl 2 R 2% (T RR R
LB LET) L B 2 B 4% R AT DL 45
— RS P A N 4 B % 1) 4 R R R X B o 4R
W 28 3JE 47 SF 34 B & 45 B, Dropout 1] DL A %542 = K
LB PERE IR I A

DropConnect' il Maxout'®®?, #f 7] DL 32 5 %
JE A 28 W 25 Bz AR RE T P & X Dropout 1Y HUHE.
DropConnect 5 Dropout B[R Z AL 2, & A REL
FERRJZ T s g 0. TR TP A S H
FHIE T ABUE LA (1 — p) %35 0 (DropConnect
ST RCEAE A i Dropout J& % # 28 o i /B F » n
9 Fras).

DropConnect AR UT :

r=a((M.XW)y) (1D
P R DX 9 ol LA

(b) DropConnect ¥ 4% 7~ &

[ 9 Dropout Fl DropConnect %% %} Ft,

Maxout 522 — i i i o8 HOE 0 — B Ol

T RS R BOCR A ReLU R U, 76 11 ) 14 1%
FErb 5 AR ZE T R 2Rk

h;(x) = max(x"W..,+b,,0) (12)

Horh w2 450 W, R W 55 51 ] &L X T

Maxout Ji% e B, Q1 1E 10 iz, FBRUZ 5 5 it

h; (x) = max z; (13)

JELLk]

2, =x"W.., +b, (14)
HobWeR" ™. d £RBAZHHAEm %
NBRZT R R RO FIRRZ T R X R
AN B2 T SR S e A T R T A Y
BUX kA B2 A P B R B IR E. B Ry

10 Maxout W %% & K
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HOE BB A T max BRAE L T LARE S Maxout (4%
JE— P AR £ M Y AF 4. Maxout B A AR H 58 A9 814
RE T B AT AR AT 2 0 0 R B

3 4 T ORR E WAL 7 :UAE CIFAR-10 F
CIFAR-100 Zdi 4L 1435 45 R iy L.

£ 3 AEEMKAXTE CIFAR-10 F1 CIFAR-100
iRk P RBIRED
Method CIFAR-10 CIFAR-100

Without Dropout 15. 60 43.48
Dropout in fc layers 14.32 41. 26
Dropout in all layers 12. 61 37.20
Dropout-+ Maxout 11. 68 38.57
DropConnect 11. 10 —

2.4 Http#ilgEIhE

6 R 22 ) 2% T ek I e =) Y O R BR T B
IEMAE AN 3 A B R 0TS oA AR SOAS R 40 2% pR %R
{fi A batch normalization Z& & i A.

TR JZ P22 X 285 v () 80T R RS 5 (0 AR 2 R
B30 R AR LR M R A1 A T LA AE I AT ] pR Bk AE 0D
B Y P28 T BTG BRI EOAT Sigmoid #R 4R, tanh
B % . ReLU . LReLU fl PReLU %45, Sigmoid i
o — AR LR R BB AN (o) =
L Sigmoid BRI i 4 76 1 i th i WU 31
[0, 1 ]2 [E]. X F IR )2 & A& W 4, Sigmoid R 4L
S B R B AR 25 S H BB B 0 2 i [m) R X 2
1€ Sigmoid 11X, R BE R 3208 F 0, ) m A% 1%
P E RS ST 0. XAETES O o
AR BRI ILZ B LTE R 0. M S HILT A&
FEREH. 7381, Sigmoid oK Y i H(H IR 44 FE 0 Al 1
ZEL X R E — 2 & oo LY a2
Ik 0 BIEEIEAE o f A EAR A batch #EAT Il Z5
RE— P2 B G2 ff AR O Y aX — [m] 80, H 4 45 K
W 2% f ) 25 4 1 A {F . Tanh 8005 BRI B TE o8
C A G B i WA 5
[—1,1 Ja RN, Tanh pRECH i 2 0 BME A . 725K
R N H, tanh BRER G sigmoid PR (B A 7E B
FETE O ), 25 T BN GRCRILT .

ReLU(Rectified Linear Units, & IF £ 14 #.50)
BRI B T JUAE TR B 27 >0 S0 AR 1 AT A — Fh il 22 e
OIS BB BEE N f(0) =max(0,2) , R £
WME 11 fiR. ReLU BREULE «>>0 W {46 B2 18 45
T 1, B B 7E B 1l 4% 4 3 A v, miT L2 M 2% 19 S 5
WL RETS 2 P B R, G2 T RS I K IR L 55 4b

f(x) =

sigmoid Fl tanh pRECHR 5 B AL KA TH 5 5 Clnds %k
TSR S Re LU bR 5000 2 58 2o 5 187 50 04 139 A £k 1)
WG X S H AT B AE. BT ReLU oA ARG 2R 1k
JE M FPE L 5 sigmoid Fl tanh PRECH . ReLU %L
Al B P Bl 28 I 4 1 i S L SCk L6 148
A HE tanh R L8R ReL U p& 50 B0 e S0 B
PRI 6 A5 s 11(h) .

| I I S (Ll S (S TR S S S ST S S T S (R S |

~10 -5 0 5 -10
(a) ReL UM i if % ith 2%
0.751
0.501
ha(
B
= T~
. e
" 0.25 e
0 5 10 15 20 25 30 35 40
Epochs

(b) %5 PP £ W 2% 76 1 FIRe LU BR $ (55 28D I 1)
T IR FE A A Ftanh o6 0O 28O B (116 4%

Bl 11 ReLU ik ek %

16 ReLU s 25 B b, 23 i — 4> ReLU
PR T A BE ORI L AT R BOZ M & T AL E S 4L
AR, W R T s LA B TR Ry AT
5 B0 AR 33X S 28 0 ) b BE R KO S F . A SR ki
o) RAE i R RE S B I 4000 1 N 45 b AE
“FETT R KR 43 B 2 T AR B S I G B R R
B o 3 BB 2 2 R ] DU AR —
L.

T e RelLU # & BAOTE YN 2RI ] RE S BT
M4, LRelLU(Leaky Rectified Linear Unit) J4 % bR
Hfsrph 22 o0 £ B D I 2k B b BE R 2245 B SR
LReL U 3 pR 2y Fak 0 F
x>0
=<0

X s
flo)=

aX s

(15)
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Horp o Gl 5 BC— R/ B [ E A6 4 @ =0. 01.

PReLU (Parametric Rectified Linear Unit) 3%

BRI B — A HE W Z 80 ReLU B4 PReLU
Em% B A A ML H PReLU ) o 2 4>FfHL
A ISR B AE 45 5 T B BEALIBUE. 2 o =0 WY,
PRel.U #124F Rel.U; 24 o B—AR/NAY (RN AH
M F LRelU.

AT 0 45 S B AT 55+ 08 9 6 3 0 400 2K R BBCTE R
. W I I5 K BRBUCA softmax pR &Y, hinge 15 2K &
% . contrastive i 2 pR % . triplet LE' PRA A, FEA
TIPSk A 4T softmax pf %, X L 14 49 HoAl
EVUETPE 8

Hinge i 2% B BUF A T -

:i N _ — D T (i) »
L m;[max(o,l S(Y=y"w 2] (16)

A, Y B 28 2% 4y RIE R . 6 (Y = )
Oy L EWEHR — LR Y p=1. BN bRiER
hinge 12k ((Fx 2 L1 —Loss)s 4 p=2, EANF
J5 hinge 14 (B{fx K L, —Loss). 545 #E hinge i
2 BREOR L L~ J7 hinge 45 2% o& B0 52 2% 1 A9 A )
HER.
Contrastive $1 2% bR ZCH H T Il 45 Siamese ¥
éﬁ Siamese 2% i 1 45 14 A1 [7] H. 3t = AU(E 1) 7 4>
& U 22 I 45 AR i A — XS PR ] 12 Ca) B
ARV () s S — X A MG f () F f () S
iy N\ PR A 2 UM 28 T 5% o G 2 42 B ) AR ALE ]
. Contrastive 1 2% s 1Y 3 22 H 09 /2 78 ¢ AiF 25 8]
A [ — 2R AR 2 (6] B R I 4 DR A [ 2R 001
FEAS Z [a] Y R

SiameseH 4% ) Triplet®£%
a N i N
[ Contrastivedi 4 b %1 I I Triplet45 5% i % 1
) fx) : fx > f(x“)I fxH
i i v
£ ! = =
CNN jfxﬁ ,| CNN i CNN $ H J CNN S .| CNN
|
J I
I
? 1 ? v IEFEAXS ) T GUREARRE
| » i ’
- P

r“ #z!m‘

& 12  Siamese M 2% Fll Triplet X 4% i) 45 14 78 72 [ (Siamese P 2% 61 5 5 S 2844 A4 7] B 2503 =19 CNN

B, DA — X AR A D A T constrastive 461 25 bR HEAT I 2k, Triplet [ 4% &1 5

=AHHAEN

CNN., DA =T AR i A o T 45025 BR BN triplet 45125 2R 50

Contrastive i 2 BRELAI E LUTF -
1
:ﬂ;y . D(Il 712)—'_

(1 —y)max[0,z— D(x;,2,) ] a7

o B ooy s e B A ARLPE B3 TR AR 25 ) 1
BRESE T BE B i D () = | f () — f () |7
Mz sx) JB T F— 2K EE, y BUE N 1, 55 2900
WP 75 BB D ey s o) A RE MR 0 2. A1 2L 24
(), J8 T A BB, v BUE A 0, 75 23 K
D(x,»x) HBEIKTFBE <.

Triplet X 45 45 #4 4 [7) B 4L EAUE 1 =446
TR 25 W 2 2 B, A0 18 12(b) i 7. Triplet [ 4% 1 i
AREZICH (22t s s R KR [ TR — A2
FUZR (2 2?) Fil— 5k ok 8 ) 28 51 1) AR 4 B =
Triplet 41 2% MU Fe /ME T 2

m

=L M max[0,D(a* ) =D ) 2] (18)
i=1

Hﬂifﬂﬂ’triplet 2K o B A AL B A R TE 45

23 (8] b B BRSO BE S L A ) 200 i R 2
%@T%XUL(I S IR T —AHH <.

TR BE A5 TR 28 R0 2% 1 DI 2 2 — S A 3 B 2R 1 2
Ak AR BEALBE BE R Bk h T R B | o O R L
IR W 28 14 3200 07 125 (H 2 B i EF SN B
TR P28 S50 o 2] B B 0 S8 LR
ﬁﬂji’%ﬁl Dropout B 55 i3 26 2 $ i) 1 5 X I B

B PR 28 I 2 1 U1 R 45 SR 2 00 H 2 AR I b 2
KR B MR SEEAR . 25 %
2 A B o3 A OO A A e i HL RN O
At B A8 Ak Bl ) 28 TR B 1 3 R A2 R B 4 EFQZI—J
2 e A R A AR 2% 2 2 3 1 AN [R] 1Y 43 A1 X
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FEAE 23 RO AT 25 I 2% 110 )1 5 38 B . o 22 I 2% 11
B2 A I o R o R A R HR A U i — AL R
>N internal covariate shift.

Batch Normalization [t 2t A< B AR , 3@ i< 70 4b 2
AR LA BRUZ B9 B A 5T R0 SO A A —
BB 0 5220 1 By bR RS 20 A, JF B9 1E
ATy 26 #4824 1 2% AL A mini-batch HEA B 3H 575
2. B HEAS mini-batch FIFEALCH S m, B 2% 3 A
FZMAICH o0 2 7€ mini-batch 1 m A~ BUH F R
Flxr sz, . A TT « £ mini-batch HFI(H 1
)5 % oy B

m
~Li>
ESR NI
HBT o
i=1
m
2 1 _ 2
op< — (x;—pp)
mi=

ZM 404 11 Batch Normalization #24E J5 15
@JE"JUﬂ“’f‘t{E{Il LRIV } 9%‘:27?\‘11[17: :

(19)

(20)

X pp
Horr e AR/ IE R B 1 B A

an R 2 gl B E A — A 2 % 4 a2
B 1 A A — A T BE 2 B2 WA L U= B R AR A
RE 1. 25 B U B 0 2R U2 27 ~F B A A i A B
Sy A #E Sigmoid bR B MN AR 2 PR X, 20—k Ak
UG RRAE RS A2 40 2] T Sigmoid oA Ei b ] 1 £k Pk
DXk IR TR O A O T AN I — Ak
JE AR IR BE ST A2 U7 — L3R AR 5 T 22 A AT ek

AR

X, <

2D

yi<vyx:+pB (22)
Hr , RESH y MAEBS50p TR IR UG FRAE
B B0 43 A

3 SRMEMBZHILA

B PR 22 W 28 23 JLAF R R il 53 U B A
(1 — BRI CR » B AR TR AE L 35 5
HARTE 5 AL B 22 B2 1 22 BTSRRI T 1B RO
Iy AETH AL SE SR 25 RAT 55 o R 0 24T 55
T AR T 515 U B e Y AS ] AR A HE A [ 2 531 14
FIAR A5y LN RBLAR) DX T ok BRI 25 5 1 P )
IR C— AT SR - 100 AR R I 2 E 7 ) K2R
FARTE & b i B0 10 DX 5 R 53 2 AT 55 ST
PG 0 B AN [) PR T SO 2275 B R 1R R R

B B AR A EE . B b AR e @ TR R
M8 SCHL R b 20K A 3 R B ARTE S B i H
b K H AR R AT R R, A8 T B 4 5 H B
R G 1 T 2 28 s B e Wy 1A H AR 19 IX 23 BE AL, A
I F AN AT AR AT 55 0 43 0l R 4 T Ak AT A
(0 B BER. O3 b — BT 55— UG 7 PE R L BB
AL T BT A PR DA SR 2 Y R AT S R R AL
AT 55 PR AL B A A A

AT E S AR W B RB K H
PRI A TR AT PR R L R AR B A
U DA R BB 2R 1) B it 58 e
3.1 BEf/aE

BG4 2 2 1138 LA 5 S0 8 — A~ 2
F R IE XS 4 € ) — R AR A TS ALAR B & e
R PN 20 23 2R 3 5 3 A 200 20 T — A 1 L )
PRIc. TR B 4 BR8N 2% 1 R 43 26 vh i T S Y i
JERBLLE ImageNet ILSVRC #k fik H 11 B 15 23 24T
55 b — TR R X RAT 55 R A AT L M 2 A
A, 40 AlexNet™™ | ZF-Net, GooglLeNet" | VGG
1 ResNett 25 55 BN FLEGA.

R ImageNet K15 B4 46 Z 5h, & 53 28 % H
WHE 4R A Caltech-1012%, Caltech-256 @, Tiny-
Image ™, SUNMS &5, & 4 B 26 T — s6 /g [ (R 43 25
UBCH P A0 A S T A

*4 BEBRHSETHERBES

Eis T 2R B &l B
Caltech10126] 101 9146
Caltech256 256 30607
TinyImage?”) 75062 79302017
SUNL28J 899 130519
TmageNet!2'] 21841 14197122

3.2 Hirtea

H FrA M (Object Detection) 42 i1 35 HL 4R 5 45
) — AT 55, 32 B2 0 R R A
LI XS B AR, 5 BG4 F A B ARk
TSI G P AR 11 Je 305 DX S A AR 1) ) A 2K ) 4
B B B0 A2 24k 10 P 5 R ) )

TRGE R B AR 31 K 22 ok i 3h 2 11 i 5 =X
i - BT A RRAE v F A R AE 38 7 Haar™ |
SIFT(Scale-Invariant Feature Transform)“'  PCA-

@ Griffin G, Holub A, Perona P. Caltech-256 object category

dataset. California Institute of Technology, 2007. http://
authors. library. caltech. edu/7694
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MU - R JRE A BRI 22 I 4% 1) B e S HUAE TS LA 5 SIS 1 165

SIFT®# | SURF (Speeded Up Robust Feature)t*
LN R IR BRI SR — R 2 o AR R
2001 4, Viola Fl Jones™" £ 1 H F K Ml 4% 5 5 H
S 3 B ARG I B39 BE SN Ak B AR A ) [ i
A AR S A I A8 B R O R AR AR el
AdaBoostP By HESR , BB H dF Haar-likeP $R4E ,
SR R F i 3h B 11 45 2R SR me S B ME Aff A 80 E L
Dalal % N7 DS A8 B2 J5 1) B )5 ] (Histogram
of Oriented Gradient, HOG) {E J4F4E , 8 FH = £ [
L (Supported Vector Machine, SVM) P50 4k 2
SRR HEATAT AR I, T 8 SR S R A M ik A
TEAENIATE A% . Felzenszwalb 58 AW T 2 RUE
FEAE & A4F 45 B ( Deformable Part Model, DPM).
DPM 4f7K 1 ffi i HOG $F#AEF1 SVM 73 28 &% 19 18
A DPMH Fre i g o — > i I 4 A — S8 4 O
B 2H B 2 A 1) O A28 o B s AT 4R B T
HIARASEAR 23 B A8 8] 18 L 55 12 R ¥ 3l 0 100 SR 7 A
[ri) FRURE 1 58 i L 118 B AR B AR 5 28 TAE R A
[F] S s i T DPM () 55 48 2% 5 i

& 48 B AR R 3 i 32 SRR BT W e s
PR A o T TR AR, S 7T RS
BRI Hag it A B S S —
Xof X J3E A PR RS WU AT 55 v 2 40 IS A0 oy TS AU IR
A Tl B S RO AR & IR . 5
48 B b DU 35 LE 5, TR A BRI 22 I 2% T LA
MRBHRWFEANEFRL A EICLE LS
B R AR R R R AR B (R AE 2 ) 3 AR
AR,

W& 2012 45 IR B 45 FRUM 28 N 2% 7 L8 4 R AT
55 bR B R R AR 2 4 4 JT 1R A ] Deep CNN
IR JZ 7 2 A A e H AR sz )R] 8L, sl 5l 1 H bR
RS B2 0 i T A S e ) ) AR A R
R-CNNM, Deep MultiBox™, Overfeat™®, Fast
RCNNMF1 SPP-Net™® | fz B AL F M9 J& Girshick
& N\AE R-CNN 42 H #) 2 F Region Proposal K
TRBE 2] HARR M AE 2. an[&] 13 /R, R-CNN 5k
5 R % B M3 & (Selective Search)M 5 W& 7£

4
tvmonitor no.

DT BIHEEME  LXE%
(extract region R 28 45 1E

proposals(~2k))
Pl 13 R-CNNH by 0 55 325 i o e el -

i A PR b SR IO T e 1 ) T T B 4 B 2 )
28 e 1 B 2 IO B RRAE L AR IS A SVML 88 48 1
O3 AR AL TR R e 1 03 g H BR AT L B il
PR AR 1 J7 125 45 55 88 40 Mt ok %7 . 15 ) H AR )
PR R o2 235 2R A 6 71 5 7k RE 06 iy 250 7 P 44 Ak 1k
DX sl A HEAT R B Sy 0 Ak R ) AR BE b Y AR
A+ DT A 5 v 1) A6 DN I 7 2.

BT REFEVE I R R MR CNN Ay B s Ao i 55 1
TE E AR F AR G i) 8508 i J B T AR e L
i 2] Bk H X R ARG 5L B B T AT,
TR BRI R Ty 0 i AL g i 181 43 0 7 2R R
— IR MR 205 B 2 s A RE 58 A% 18 7 Y18 R L X AR R
PR 0 3303 9 I R A0 3 e ) X6 3X — 5], Ren
a2 NSO S Y Faster R-CNNH 5 86 I 7 15 5% H]
TRIZ A R 28 I 28 5 X A% 500 1O 0 5% 1R 49 2 SR g
Faster R-CNN Hlin A1 —Ff A= g i 326 X 38 ) RPN
(Region Proposal Network) R 2%, Fl H #5 #: I #
ZRILE B BUZRFAE RO A 1 AR ik 12 %7 /Y I
[i]. RPN X HC A 4 i 26 8 0 AT J8 95 57 38 S i 5t
B W LA K ke D AE A7 B Y & IE (Bounding Box
Regression) , oA i) A6 0 HE S A 25 46 D00 199 4% 400
R 114 7 SR BEONS Y PG DUAE (32 242 IE. Faster R-CNN
i VGG-16 M 5 #8417 K40 GPU | # 47 H #3
K AT 55 i iz 17 3 BB 3 5 mi%g b, £ PASCAL
VOC 2007 I mAP(mean Averaged Precision) ik %
73.2% 48 VOC 2012 FHGKF T 70. 405, [ 14 R
42 Faster R-CNN' [ A& ) 5 5.

& 14 Faster R-CNN % 4 i 3i 1.0

% T 3 T Region Proposal ¥R B 23 B Fr 6
ME B A B Deep CNN 34T end-to-end
FEAL A H AR K I A, 1 YOLO™Y, DenseBox™*
G TE NI VA AT NS B bR DA 55 B HOS TAR
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T R385 L I 2R T B AR o 5 B A ) g ] 1% 38 B AT
PLVERIA W B AR a2 B A &, B 15 R 1) &
DenseBox #& KITTT %4k 42 Y 2= K I 25 21

Al 15 DenseBox 7£ KITTI 45 £ (14 4 5 A6 ) 25 S )

3.3 BEBRIEXSE

TEid £ ILAE D BEE THEE ML NG L A% 2 ) 55 4
BRI SE 0 A W IR A BIF 9T N D 8 WK B O 81 X
PG A B 0 Sk RS o ) B 5 00 M. AR 0 Sy )
(Image Semantic Segmentation) [i] &5 [F &~ T 1 /&
X —BER AR 0 v AT U R R B N AL TE
3 E) AR 1 [8] I AR A5 R BIr A 2 1 X 2 4
MR R TE L T R AT B R TN 2 R B
TE. BRSO3 E) A AT 200 B AR 43 %) I8 34
S A R E R T L SR g X ) H bR 2
SR AT WA 0O T R AR E SO BN AL RE 5 A
ROEATR S 22 1 G 40 17 55 TR L 38 SORE 3R 56 8 2 1K
1 55 4k P o it [ B SR AR B MR B Z5 A AR
B ERAE oy E R R U £ MSRCv2®,
PASCALVOC20125 Microsoft COCOM*! | PASCAL-
CONTEXT™% [ Sift Flow" "™ &, K& & X /%1% H
A PEAN 48 b 2 T8 T A 1 SIS S IE A A SR
Mg E S E A JE (Intersection Over Union, IOU) ,
T BB e AT AR (Y T R

1&g iy B AR T8 43 #) J ¥k W A5 = A AR
o R EE AT AR R ZE 2 H R AR R
Ir A DX B AR A A BT DO IS 2 R
fiE G0 5, L S IR IR A5 5 5 = 0 2 2 IR 2 R
TIE 3] 157 J2 1 S a5 T i i 55k, AR 90 27 2 B 1Y) e S A
RUBR T ER  R00 H ER S 2= 8RR i
SCHG. T EARE M T AE W Shotton 48 AW 4 H 1Y)
TextonBoost J5 ¥4 il ] #12 T+ P 5 4 73 28 4%, 76 Fr A7
1% 1% F ¥4 B 2% 14 B L 3% ( Conditional Random
Field, CRF) H, DL &S0 3 A Jey 08 s =7 ] BB R Y
L RAEE R R IE SUbR T ) B A T 3 M 29 L i i
/MEBENLIZ BE i 15 BB R IE AR T, G ir £
TAEX S5 AR 9 3 BE R BCEE ) 1 AS W) 09 0 Oy
15852 L i Shotton %8 A2 32 1 19 TextonForest
JEEAd T —Fh 3 T B L AR AR (Random Forest) fY

FRAE , JLT- B8 55 30 52 B 1 RS 0 531

Bt % 32 A R 28 ) 238 7 TRTAR AN L 3 2 5 2
55 B A, BT &4 A5 51 Deep
CNN i F 21 FUZ 38 oy F) 45, 40 Farabet 4§
N 22 RS A B 22 X 45 OAS [) K/ 1R 3R
PG = 5 2 H bR FRAE , % K 2 T 118 41
BOR 7E PASCAL VOC2012 43 #1 8 95 4 |3k 5
62.2% 1 IOU ¥5 BE. Long % A7 CVPR 2015 I
A2 EFL M 4% (Fully Convolutional Network,
FCN) fg 4% 3 8 ¥ Cend to end) 584 MME R H
Fror2e 4R, 54 CNN i A & K/ANER &
TR Z 05 0 ] 4 it 432 2459 3 [ 4 BE (9 R AE ) 54
[, FCN A] LA4% 52 AT 2 ROT 19 4 A B B 23R8
MBEBZE. FCN R R BRZX i E — & HRER
FRAE BT HEAT FORAE R A K 2 51 5 A LSO )
F9 RS s DT AT RAK 4 AR R AR 77 A T — A i T
. e R R B T R e A R T i s T E B
5 TE LR FEMRRE ] B8 R 157 softmax 432K
O 2. &1 16 2 FH T35 SCo3 380 B >R I 424 BRI 4%
(FCND 1 25 4 7% 5 .

Forward/inference .
- \,\‘Q
L L

-l

- Backward/learning o
Q\

21
Pl 16 4 RO 45 11 2 1 s

FCN EIRTE IR E S350 07 T A A ROCR
R R 25 8] R A5 D B 20 o), 3 B s 1)
15 oy B0 55 1t s MRS . Chen 28 A3 89 DeepLab!®™
I SRR 68 ] 41 i 1y 42 3% $ CRF #2784, % FCN
{1 i L 85 R A BE — 2D 1 0 R B2 b 3L /E PASCAL
VOC2012 4y E1%iE 4 FiL 5 71. 6 %519 10U 5 B,
Zheng 55 A" 42 i 1) CRF-RNN ¥4 4 % $ CRF [y
2] HEHL TR E MU 3 H Bl 2 B 4% (Recurrent
Neural Network, RNN), Jf Hitx A 2] FCN #£i#11,

@ Criminisi T M A, Winn J. Microsoft research cambridge
object recognition image dataset, version 2. 0. http://research.
microsoft. com/en-us/ projects/objectclassrecognition, 2004
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ST s B i B IN LTIN. 3% J7 EAR T FCNL AJ
DARS Gy b fife e R RGH 245 B 25 2R 0 0] R %o 30 52 53 1)
K AR KT, % 7 278 PASCAL VOC2012 43
FNHR A F RO 10U K Bk 3 74.70%. |17 2
CRF-RNN 4 FCN, DeeplLab 7 PASCAL VOC2012
a3 EVBUE B T S B AE SRR OR.

Input image "N-8 Deeplab

et N

Ground Truth

Bicycle Bird
Chair Cow
] Potted-Plant Sheep

B 17 £ PASCAL VOC2012 4+ %% 44 I CRF-RNN 5
FCN . Deeplab (f]1& S 43 #1485 F 1 4

Motorbike

T IR BE U B G ) XS B A MR R
H AR o 288 K RUERIE SUo 5007 ik e Bl F K
10 A5 28 bm 9 500 1 S U R B8 SR . B ok
TE TAEEE# FERT, 3 2 H00% 3E 7 47 BR. R 4% Microsoft
COCO H " b 2 50 G B b 7 B AR 3K AR
B E bR i HARRIAE B 15 £5%. 8 T se IR E K
PR 3 o B T AE & 25 i 3 i L4y
FH . Dai 8 AU 1 1Y BoxSup S L & 46
HE (B 7 15 B AE A W BH5 5. BoxSup B 561 IR I
B 1 i 32 XS A B 3 7 A D 2B A E A AR AR S
— 2 R AE A1 FCN 3 21 (19 3k F15 2 05 09 B
{5 8. Bearman % A7 il T 2278 4 0K (0 054 o0
BAG Sl A R B BB AR R B, 2R
Y% FCN [ $3 2% o L. Pinheiro 2 A7 38 1 T —
Toft T PR bR 25 110 55 W B 3 S0 0 5 v L AE DI 3t
PR T CNN R 45 fff 3¢ 8 1% & 5 800 7 38 K
LS DT 5 B PR A5 v 45 45 3R O h o 1) s 3 (A /]
18 fr7).

-
= B

CNN features 3. Aggregatior
Layer
aggreg

{o0ocoeo0o0000000000000)
4. Image-level training

1. Weakly Annotated

\ Imagenet set

2. Pixel-level labeling

Bl 18  Pinheiro 48 A42 ) & T B AR 2 1Y
55 W IR oy E kT

3.4 ERREEN

PR B 2B B (Image Captioning) £ K, 4§ A
A HARE SRR R — R N A Bl E TR
FE2E TR B SR TR 5 P AR 0 S AH G B R 1 R, A
Fr AR A B AR AE 2014 ~2016 4R35 T VIR 1Y &
J&. 7E 2015 4§ COCO & J b S22 . ok B %
BRI R L 24 2 K N SR R R R R AT
T 2441 5 R 43 AT SRR T AILAG 1 Sk AR
As 74 NN . B T A IR (BT CNIN L5
FRAEFD RNN 5 5B R 0 0 (R T DX 38 1 53] 46
D0 5 A 18 5 A T8 HOR AV R D T AL T e
Hu Az

—FB 3 R il A AR fe T AR A T Ok A A 5
Fr A ZE. Fang 58 NP0 1B R iR B 4 S =25
K 19 Fizs. & 5e M £2 78 # % 2 (Multiple Instance
Learning, MIL) J7 . #2 95 & R 4% 4> & 21 #2 B
CNN FEAE 7 A= A1 XF N 19 4% 0] | 3l 18] F1JE 25 30) 5 2K J5
i FH 5 K 1E 5 A 7 (Maximum Entropy Language
Model, MELM) 7 4 [&] Jr b5 8 5 $5¢ J5 058 ] B /) i i
i) %k (Minimum Error Rate Training, MERT) X}
S A ) AT RE T B e 1 JLEH ) 3R AT AT 40 IR HEY.
Kiros 2 AP #) FH CNN #1 LSTM (Long Short-
Tem Memory network) Xt & i #4745 55 . 4% )5 # A
B30 ) SC-NLM (Structure-Content Neural
Language Model) il /7] 45 ¥4 > 5 30 fift i

UL AR AR O — 3K A
i3 T A5 355 2035 07 0. Vinyals % A7 52 HL28
B H AR B S &, B CNN SRS $2 B & R R AE
P RNN A RS A 8] R b i, 40 181 20 A 21
JIi 7 . Karpathy % A7 fil Mao % AU 4 F) A

\ 1. Test Image
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woman, crowd, cat
camera, holding, purple

words ’
v,

i : A purple camera with a woman. i
2. generate A woman holding a camera in a crowd.,
sentences A woman holding a cat. y,

<4 s

3 fé-fank : ’

#1 A woman holding a
camera in a crowd.

sentences

/

Bl 19 Fang 55 AR i 3 A Al O ik A i 1

Vision  Language 1?1 group of people
) Generating| | shopping at an
peenICN RNN outdoor market.

H

Q There are many
vegetables at the
fruit stand.

mRNN(Multimodal Recurrent Neural Netowrk) &
R SRR AR A () T 4 18] R S e S ) ] —
%3 6] Chen 45 AN 7 & R R SC T 4 3R 22 ) 1 2
7T BB 56 FR . Donahue 4§ M 2 1 #) LRCNs
(Long-term Recurrent Convolutional Networks) f#
BB e AE AT AR B TG e ) i AR AT A8 KR ) ST
A 2 TR T ST 0GR Xu 58 TR R
B ARl #E LSTM 58S, DA T A5 5 30]) A il 72
o R B A GV R b 1 B BRI Jia ST
N A gL.STM(Guiding Long Short-term Memory)
BB FE LSTM LR Bk 15| A SN B i AE B
Az BB G AR e

5 5t T[] UG AR A A T A TE A R
PR ALYE BE B9 45 R LB PR R AR SR T BLEU &
pElY ) FE 4 h R 41E B Hard-Attention #1 gLSTM
1E MSCOCO % #s 13k 3 F 47 i 1 fie.

x5 AEEERSDERFELE MSCOCO M BE b &

Ik B@1 B@2 B@3 B@4
Multimodal RNNL77J 62.5 45.0 32.1 23.0
Google NICL7! 66. 6 46.1 32.9 24. 6
LRCN-CaffeNet[78! 62.8 44. 2 30. 4
m_RNNL& 67.0 49.0 35.0 25.0
Soft-Attention-76’ 70.7 49. 2 34. 4 24.3
Hard-Attention[76] 71.8 50. 4 35.7 25.0
gL.STML83] 67.0 49.1 35.8 26. 4

Pl 20 Vinyals 58 A4 i 14 3 20 3 057 125 26 B R T

A person riding a
motorcycle on a dirt road.

Two dogs play in the grass.

A group of young people
playing a game of frisbee.

Two hockey players are
fighting over the puck.

A herd of elephants walking

across a dry grass field. A close up of a cat laying

on a couch.

Bl 21 Vinyals % S H i B R bRA: 5O 2 80CR TR R

3.5 ARiRH

THEALAR DE 65 58— > 51 2 Bk a2 A TR
A NS TR B T AT 55, I 36 AN B R
N 38 T PR AT 55 2 0 B v e AT B 2 5 e T IR) —
AN JE T A A ) B AL (9 IE B R 502, A
AR AT 55 2 4 — sk R A &5 N A5
2850 Z — 3K JE A 24y R R BEHLSS 1Y 1 3 2
1/ N HEHE B Pt X 2 BE A 28 0 B0
g Z2 Mg Ok AR R B B e R Bk R dnAeT B T
LR VSR FE R R TR N, DL T
Sy 2R AN TR] 7 A 1 2 1) A2 Ak 33k Ao A2 A 0 A 1
N2 A BRI AR LR 1Y 15 58 1 2 P A B TE VA S B
TAERX 73 . & P & W 4 v DLl o 2 )2 19 9k
LR AE AR H L ST RE 22 Ml 25 B2 P AR AL L TR IO B S )
A

LFW (Labeled Faces in the Wild)™ & X4 A &
E-EAOPNIE AT /NSRRIy NN P & S
THTZAM2 AN AR 0TGRS e R
PEAPE T BN B UE L AR (AN 22 i 7R). 18 LFW
MR AL b IR P IE B 302 97, 53 0615 T R Ji 2
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MU - R JRE A BRI 22 I 4% 1) B e S HUAE TS LA 5 SIS 1 169

) B A v A 2R 96. 330617 L H R IR B 2
A LLEE] 99. 47 B R BT 8 2 A KR
VIECRFS (PR RON PN UN e IS £/ TE o
DA B IR 10 AT 55 38 2 1 2 00 245 58 20 2 o) N
iE 45 3 5 FEAE P T T NG 38 AT 55

K 22 LEW A $ods £

2013 4, Sun 48 N R B Bl AT 5516 o i
BAE S RIS B 2 I 4% 2% ) N R AE . /£ LEW
FHART 92,5200 R IR, X — S5 RER S 5Lk
TR BE 27 2] 5 A FE AR H B i 1T R 2 8RR
Ji 2% 2] k. fE CVPR 2014 | % % DeeplD™
M DeepFace™™, R FI A K IRAE W B 155, 7
LFEW EHUS T 97.45% %1 97. 35 % (8 5] . ]
1)L B o 2 IO 8% 00 s A N T ) 28 3] 3 TR
I e I B 2 SRR S IR R AE CUn ] 23 7R 7E I 2k
IE AR Bl 0 2 T B IX 43 R N 28 51 (B AN A
DeeplID Hr#E X 43 1000 28 AR o P A e ik A3 75
TR RN AR B T H AR Rz A
RE J7.

Convolutional Soft-max

layer 1 Convolutional layer

31 layer 2 Lorivolutional COHIVOlUlii)nal .
1 1 ayer 3 ayer 460~
6 e
B g : -8
= 25 AT B3 ;
& 18 16 - 6 _
20 40 40 . Y Max-pooling ™-Ii
1 20 Max-pooling Max-pooling layer3 h‘g[‘d y
Input layer laver 1 layer 2 eep hidden|
i’ identity "
features
(DeepID)

&l 23 DeeplD W4 4 41!

DeepID2"* A ff F A i oA R B4 by
WEBHE 5 A5 B N R A 7E O 35 25 8] A2 1k 1 [] st
H/MEZEN AR AL T LEW | i A K38 51 R 48
3 99.15%. F A Titan GPU, DeeplD2 47 Bt — g
O G 0 R AE 235 38 35 ms, T FL AT DL BS 28 k47
2833 PCA JE4i 4455 80 4 By AL ) & o A T
PRyt A MG 7 26 H X 7 IR 82 (1) T A L DeeplD2 +
XF DeepID2 38 42 in K B £ 45 ¥4 . 38 Jm il 25 548 » LA
RAERE— 2 H A W B A5 B AT T i — 2 ik 7E

LEW k5] T 99.47% By 2. FaceNet " 42 1 T
i Triplet [ 28 45 5 2% > A RRAE L i A RE A LA
Pk [ 28 & 7 Fn— sk AN [ 21 R i O 5L R e e
— 2 BRI )2 B K EC R B ok B R A B R
B8] ¥ AH AL B2 . FaceNet £ LEW £4fg 48 I 56 E 4G B
K% 99. 63%.

3.6 ITAFEIRA

A1 N H a2 M s 0 d Ry o A B Ry ORI
H AR Xt 22 A W 0083 PR 355 A7 N H b 19 46 R [ B
R NAT AR (Person Re-identification) 7] £,
FERT R IREE T L AR A L I B 55 A W R AR AT A
FRUN O 02 500 B AR SR T, Wa 5 40501 1) B4
3w AR R 2 20 B S A AR 2 AN AT 45 [ 2 Ik 4y 3E
P B SO A AR R AT N B
o 3 AR 25 o PR I A M R TR A 1 K R AR
b 2 IR A B8 N I AT N ZE 1 A AR A48 4 1 )
i S A MR ARRE SR S AT N TR Hh R ) W 4
TNEIAT ANAETE KRB A RO RS 22 S T e S EOR
[ W 2 A AN R AT N B AR I S RARRAE FE R — 1T
N BB 055 FRAE B AR AT 2 A0 A s 48k 1 )
KIGHEK 2R GO AR R AR AT TR
AT, B HET 2 A TFBUE E A VIPeRY!™ |
ETH-Z* .CUHK'" PRID2011"" i-LIDS ** 4.

E A AT NFRR I KB S B T HE
B R AR ) W O VA N T AR IE R AR Y k. TR
B R A2 2] W 5 W SR 2T B REAT N HARRRAE 4 A 1Y
PR S pR S, RO TRIAT N H AR A R AE B B (K T [
— TN H AR AR AE B 25 /. B T AR AR 3R 1
TRV AT SR B R B A AT N BR AE
fiE, BVBERS A 80 X 4y ANl 47 N H AR, HLAEAR 2 R
JE LA B B A AR A 1Y R )

B % Deep CNN 7E 31 52 ALWL 52 5 &5 153 45
BT ;S I AR SR F £ 2% 35 R T Deep CNN K
fif AT N 0 Ta) B, 9 HAE S O ) Bl 4 -
HUAS T 5 4 i 03 45 SR, 9 4, Ding 26 AU 4
T =0 B ) 2% 5 4L, A ] Triplet Loss W&
W28 1) 2 2] b AR TR /N ECHE AR IO T AR B i s
B DeepReIDM” 2 T — ff Filter Pairing Neural
Network (FPNN) {4k 3 [ 15 2K X #E 56 B 1 LA 22
o HEPHFN A A% 15 o 5 0] AL, R R ORI Y MR L
mFilter™* (i Fj Ja P [&1 15 B DT Bt 1) J5 35 2% > Jey i 4
fiE 458 T HRRAE 22 180 19 40 51 B8 7). Ahmed % AW 4
T — Rl R TR 4 5 A L T 4% i — AT
(1 A i 8 1 ke AR P AR R Y A N s et —
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A~ Siamese [ 45 2% > 1 5K EIR  F AL . 7 554 58
TH rp g o A AR S 0 =3 RN 5 Y 2% )1 R
I W 45 HL A AR 58 1 12 Ak BE /). Cheng 48 MY #E
CVPR 2016 |4 A1) F 3 B2 45 BUpf 22 1 2% 3 53] A
4 Jmy R Jey B A [e] 1) £ B R AT N AR AR AT o )
CAn &L 24 PR » 2 2] 19 B A R ' B AL AR L o3 BF
71 5 5% DR 28 ELA AR 5 Y B B L 2 5 R AR
O bR B A 3 b BRUAS T B A A5 R
il 4 7 PRID2011 %4 £ F U5 Fedr 45 21 4.1 4
H 1 8 TE VIPeR £l 45 4 it 45 1 7. 28 4>
57 8. 7E FLIDS Bl 4 b4 Se i dr 45 5L 8.3 N E

. T W
| | Max Max
32 pooling pooling

l
! 32

100
\
B i e S WY
Max
32 pooling 100

—_—

=z7 SO
Max

Max

pooling 10

¢

800

e 100
7 pooling

24 Cheng 55 A2 H 19 2338 Deep CNN [ £5 45 #y-10

3.7 EBRBABE

58— i A1 73 R IR s B R F K e
He A R B R RS 5 1 TR R 0 B 5 A A
9 20 1 TR R PR R B A £ BB R TR
BR 22 Wi A VF 2 90 B L AP 2 B R R R A
JEONEE EE ARG B RS e oy B R B RO —
AN ORE B 25 TR AL 36 T 3 — g 25 [ AL 3l R
FIAE T SC R CRE N Ot S5 56 86 1 Jo IR 4F 45 ) ok
R G B B SEIZ HnT LK A TTE
SRVETHEEN T EAT TR
DR BT A R R A B AR R B 4

Set5"*) [Set14) | 4TI, BG4 B % 0m &
W B WTEN 8 4R B i PSNR, SSIM 3K fi 8 1
45 T2 WLPEAN 48 br A7 I JC ¥ AR B A0 N 19 32 0
PEA I — 350, A6 B R 1 32 024 A A B

2014 4, Dong % AN AR I T IR S
TR 228 0 2 27 2] AR 53 P 32 RGN i 0 B R R 2 T
Uiy X g 1) R S 0GR L AT ISR J3 PR R X TAE TS
N RN S A TR X N D E | 2 o e 2 - I s
A E =G B2 IR G R 4l AR
S BRI A A, HE T A 3 bR AR Y
PR G B ) RO, 78 S i S B i
A e GIOR =580 AFFETE setS | PSNR #2551
0.47db, 7 setl4 |- PSNR F#:F} T 0.33db. ZJ5
Dong & A\ 3E— 25 5iF B i B0 5 38 n i 25 i
] AT DA &% ek I 2R i B Y, 595 PSNR i — 20
$255 0. 3db.

BT XTI B A5 FR i 8 DO 2 )11 1 B [ 4 1 (] A8
Liang 88 NV 42 11 25 A BUR 58 56 0 U0 B4
FE B SRR LG 11 2 2T b A it T 24 o B 3 R
W SFJ 1) 272 20 S B 3% 1 0 7R DR A O R 3R 4% |
AT — AR $R BUZ (W B 25) 4 i 2o 4 B
S ER R SE50A5 B OB B R 48 T o HER KR R
HERL R I B S 56 R AE R K T 2% 11 2 )
R CHAT 10 f5 A4 ) L 15 2] T 8 4 78BS i
PR LE R, 2015 4F Wang 48 NUUKH 55 55 5 5
AR B 45 R 28 I 45 11 B 1 o, ) R B R 2 R g
25 W 48 IR B O 5 EOBT PR T A B R A S (R
AFA R 0. 1db i3 ), W] I 0 A 5 47 i) i Sk
JE AR FUPEM R g0 b %y AR BT £8P Y
.

3.8 ANEEBHEIRZA

FE TR 08 A S AE I 2 i TSR 4
S — > BN TR) T, G S B R A X AR LR
S R0 54 4 Ak 3R 43 BT o U0 I 2L A A A e
N SIERAT . T 0058 i R 2l 4 1R 51 3o 72 i
FALE LA ZAN 98 i e N Ry 51 v ke T 2 3
8 I P R I 2 R AE 5 H RO A s g AT
SRR AT AR s fie T A ST BRI )2 A R AE A B
VEAT R 2R 00 45 1 J2 1 SCAR JE 22 TR B X B 56 R

Fig BEOE S PP 45 L 04 {87 PR B2 5k 1 00 1) A AR
SNAER I 5 1w LA 43 P 26 < I 2 R AR 1k R i
FEAERR Ty 3. T B A RRAE 0 A Bl 4 0 O TR A
PR 5] v 4 U 80 B AE FRAE X 207 vk R
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conv 11 conv 2 . conv 31l
o //' _
LR ‘” [ <. A Ff'\
training { /4 : . e
example
®2 Weighl sharing i
conv 12 i conv 2 i conv 32
4 y/4 g
LR f/ ) S
training § e [ .~
example !
®3 Weight sharing i
conv 13 ! conv 2 ' conv 33
/¥ / b
LR ff ) S e
training § e . -
example @/
®4

777777777777777

Priors
o training

example

Feature extraction
Layer

Priors

Priors

training
example

Feature extraction
Layer

Bl 25 S 43 PGS0 50 10 R S B 38 203 T TR A AR bl e e 4 2 g

PLfR] BB AR AP BT DAy S 3 T R R AE
FETF I A3 OB AL D 3 i A B R AR
G5 J7 . T R AR B O AR Sl R R ) Oy 1k AE R
11 R 25 2R Rl B 2 08 B ] AT O 2 (A Y B
SEI AT LA o 48 AR R Jy kR R A vk AR R
FELCH AT E AN 2 A T R B 1R B T
FH T 56 Uk AS [\ 2l A TR 00 5 i i R e W B A
Weizman ") [ KTH!"™  Hollywood''?*) ,UCF101%*1 #1
HMDB-510100 2

I FH A FRUpp 28 ) 2% 2 2] B R R AE B AT —
ME AR B B JLARRE T 2 B T ARl 1 U0 %
—AE55 . Ji AR T — Rl 3D CNN A {4 3l
FEUN J7 2% 38 5 BAT = 4G AR AR L A6 AH 4 i 2 1A
877 31 1 DA B[] A 253 [i) 7 A 2 B 42 B S A R 1. 3D
CNN DL Z A3 18 M iy A R ICR R E S B G
T 2 A 8 0 R AR AE B R 1Y B AR RRAE.
Varol 2 A2 1 T Long-term Temporal Convo-
lutions (LTC) #ff,5 CNN Z5 & fig 76 0 < i [A]
H AT SDCNN, #E— 25 4 & 1 2 7E U0 1 14 fg.
Cheron % AN 4 —Fh B T 8 K15 L 4 (Pose-
based CNN,PCNN) iy A A 5l 4 U3 J5 2. 1% 07 12
FEARII 51 v B R AR e N AR B AN B AL O A8 B 5K
A R v 4 RS TR A &1 08 A5 0F R D' U 4

fiE. PCNN X It A #2518 18 19 21 WL A1 16 3 4 ik
PEAT A - A2 R A S AR 9 SR LA A AE A
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visual system hierarchies of areas
and cell types

ISV B NS B e L= R T o =

0T 4 ] {7 8 Ak T e

5 B 2
N T 22 W 2 Jg b BE AR A B0 T 3R R ot e AR
KA A A — i ) 2 - GA 5 4  F R AR UL AR R
5B AL B R L L LA 2 ) U SR AL 3 s gk
BEE T RrE SRHLER. ARG H A —Fh g
TR —— PR R 22 B A 28 T B B B 4 T IR
JE 35 A 265 1 RE 1Y B R T 3 RN TE TS AL A i 40



34 K OTAE L A AR 2 I 4% 114 R M AR T ST AL AN i 50 ) 1 ] 475

(I S I3 T N T R85 AL 1 ) A R R 2 i
LI — LB TR

S Y TR BB R 2 AL el an 2= S I ik A
TARK MR & EAR T Z A AT S NI SE &R
SRR AR KM 2205, MARAS I I & A il o A5
TAI I M A (] J. 2R o 56 TR B2 46 B 48 I 2% 1y 2%
0 88 REATF 55 A5 15 25 iR 15 fiff e 1) 0] 805 Bk A

(1) 5 %6 A0 50 DA R0 0 BIF 90 B o B i 25 ) 2%
F14) 455 750 25 4y

3 N R0 3R G0 1 et S 0 9 R ik 2
25 W 2% 1 2548 L ML RS AR AT v 2 R 2SI e L 2
AR AT I — A FE W I T ). B P 2
ZEAB IR S N R G A T o R AT 4 )R
PSR B R o R i A PR GE AT R AIE 4 BB 2o
B — A~ B 3k A S AF N B 6 A A TR 1 R AE
BRI S A — s A T BRI E BT B
BRSO R =N R CIE S DN L S = B T AP
PG Ja 3 40 777 0 R P00 7O s A R 4 ) 46 4
o DASRE i RS o 7 G RS 55 ARG B (AR 0F —
HAF5E.

(2) T Jo W B R AR 2% T I IS

Y& 4y 1k TR B 2% 20 v W B SRR AIE 2 2 AR
TARH KB AH S B AR AIE 2 ) Sk i U 2
AR T T L b bR T A
T RAR Z 0 N T3 1 58 OB AR i . SR T L 78 N AN
YR R R B A ) BN FREA
FAT 3 ok W5 N By R 00 o e A SR i O A T
Fof N5 R FRATT B — 1S 4 44 .

I JUAE, BUAR A 2 058 N BT 4R 06 1 T W 2
) 3X — 4R, A O T W B R AE 2 2 SRk 1 5 LA
TSR . (A RRAE HE AT 5 A% 35 10 BE T A
Xof T B SRR A7 o Bk AT 25 B . AneT A" e fil
PLAS AR N SR8 ) — AR AL i WL 5t 5L 3k e
ARBUHE R TC B 2 T B ) B Rk ) — A
Sy

(3) ) FH Vi 5 48 0 o) B ok — 20 2 o 5 B &
W 2% 119 FEAIE 2 2] ik

TR BE 2% ) BUAS BT I — R OG B R R 2 M 4% g
] B R 7R RN B A ) b 4 S A
FEA 8 B0 K 11 1 52 20 500 L LSO VB R
BB AR LS ROk . B 4R AT
R B 23 A 00 i 28 X 5 A TR A I R B A B L B 8K
TE I A5 RGBT B ) 52 % 3 45 5 T A 7 AR R T
BEIPRER . PR an ] e 2 R R R B Sk i B B

FRIEFRIK BE T (9 28 P 28 B A0 L I (6 75 3 — D BF .

(D AP 2 P 28 AT AT 50 5 s

U] P22 ) 25 A T RO T R RE Y GPU AT
THEC I 6F B 26 5 5 AT 55 57 B GPU SR 47 9117
I OGO 5 4R TR R S 4b,
B W TR AR % B A R AT ol 4 O 2 A R A ik ALK
77 E AR T . TR AIRBEAE L RS BE 1 pl 2 Y 4
BRI 17 77l At B A 2 55 2 2

(5) 7% 4 B 22 I 2% 11 3 7% A2 AL B

ERIECY AR EZY Gy BB il o e Sy €k |
G, e ) — Bs 4 1 vk e e B R A AR T AE LA
B A T IR B P KRS Y 1 i U 2 K
TR WIS 2 PR LR 2% 2T % i & I 45 A5 8 3
A1 AN BT 1) 3 B R B T 1 i 8 X 2% 1 72 Ak Be ) 2
A — B FE T ).

2 % x #

[1] Hubel D H, Wiesel T N. Receptive fields., binocular interaction
and functional architecture in the cat’s visual cortex. The
Journal of Physiology. 1962, 160(1): 106-154

[2] Fukushima K, Miyake S, Ito T. Neocognitron: A neural
network model for a mechanism of visual pattern recognition.
IEEE Transactions on Systems, Man, and Cybernetics,
1983, 13(5) . 826-834

[3] Fukushima K. Neocognitron: A self-organizing neural network
model for a mechanism of pattern recognition unaffected
by shift in position. Bioological Cybernetics, 1980, 36 (4) .
193-202

[4] LeCunY, Jackel L, Bottou L, et al. Comparison of learning
algorithms for handwritten digit recognition//Proceedings of
the International Conference on Artificial Neural Networks.
Paris, France, 1995, 60: 53-60

[5] LeCun Y, Jackel L. D, Bottou L, et al. Learning algorithms
for classification; A comparison on handwritten digit recognition
//Proceedings of the Neural Networks; the Statistical
Mechanics Perspective. Pohang, Korea, 1995;: 261-276

[6] Krizhevsky A, Sutskever I, Hinton G E. ImageNet classifi-
cation with deep convolutional neural networks//Proceedings
of the Neural Information Processing Systems, Lake Tahoe,
USA, 2012;: 1097-1105

[7] Rumelhart D E, Hinton G E, Williams R ]. Learning
internal representations by error propagation. University of
California San Diego. USA. Technical Report ICS-8506,
1985

[8] Rumelhart D E, Hinton G E, Williams R J. Learning
representations by back-propagating errors. Nature, 1986,

323: 533-536



476

it "

i1 2019 4F

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

Simonyan K, Zisserman A. Very deep convolutional networks
for large-scale image recognition. arXiv preprint arXiv:
1409. 1556, 2014

Szegedy C, Liu W, Jia Y, et al. Going deeper with convolutions//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Boston, USA, 2015. 1-9

He K, Zhang X, Ren S, Sun J. Deep residual learning for
image recognition//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. lLas Vegas, USA,
2016 770-778

LeCun Y, Bottou L, Bengio Y, Haffner P. Gradient-based

learning applied to document recognition. Proceedings of the

IEEE., 1998, 86(11). 2278-2324
Toffe S, Szegedy C. Batch normalization: Accelerating deep

network training by reducing internal covariate shift//
Proceedings of the International Conference on Machine

Learning. Lille, France, 2015; 448-456

He K, Zhang X, Ren S, Sun J. Delving deep into rectifiers:
Surpassing human-level performance on imagenet classification//
Proceedings of the IEEE International Conference on Computer
Vision. Santiago, Chile, 2015; 1026-1034

Sun Y, Wang X, Tang X. Deep learning face representation
from predicting 10, 000 classes//Proceedings of the TEEE
Conference on Computer Vision and Pattern Recognition.
Columbus, USA, 2014: 1891-1898

Sun Y, Chen Y, Wang X, Tang X. Deep learning face repre-
sentation by joint identification-verification//Proceedings of
the Advances in Neural Information Processing Systems,
Montreal, Canada, 2014: 1988-1996

Sun Y, Liang D, Wang X, Tang X. DeepiD3: Face recognition
with very deep neural networks.

1502. 00873, 2015
Taigman Y, Yang M, Ranzato M A,

arXiv preprint arXiv:
et al. DeepFace:
Closing the gap to human-level performance in face verification
//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Columbus, USA, 2014: 1701-1708
Schroff F, Kalenichenko D, Philbin J. FaceNet: A unified
embedding for face recognition and clustering//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Boston, USA, 2015;: 815-823

Simard P Y, Steinkraus D, Platt J C. Best practices for
convolutional neural networks applied to visual document
analysis//Proceedings of the International Conference on
Document Analysis and Recognition. Edinburgh, UK, 2003
958

Lin M, Chen Q, Yan S. Network in network.
1312. 4400, 2013

Hinton G E, Srivastava N, Krizhevsky A, et al. Improving

arXiv:

neural networks by preventing coadaptation of feature

detectors. arXiv preprint arXiv:1207. 0580, 2012
Srivastava N, Hinton G, Krizhevsky A, et al. Dropout: A

simple way to prevent neural networks from overfitting.
The Journal of Machine Learning Research, 2014, 15(1).
1929-1958

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

Wan L, Zeiler M, Zhang S, et al. Regularization of neural
networks using DropConnect//Proceedings of the International
Conference on Machine Learning. Atlanta, USA, 2013:
1058-1066

Goodfellow 1 J, Warde-Farley D, Mirza M, et al. Maxout
networks//Proceedings of the International Conference on
Machine Learning. Atlanta, USA, 2013. 1319-1327

Li Fei-Fei, Fergus R, Perona P. Learning generative visual
models from few training examples: An incremental Bayesian
approach tested on 101 object categories. Computer Vision
and Image Understanding, 2007, 106(1): 59-70

Torralba A, Fergus R, Freeman W T. 80 million tiny images
A large data set for nonparametric object and scene recognition.
IEEE Transactions on Pattern Analysis and Machine Intelligence,
2008, 30(11): 1958-1970

Xiao J, Hays J, Ehinger K A, et al. Sun database: Large-
scale scene recognition from abbey to zoo//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
San Francisco, USA, 2010: 3485-3492

Deng J, Dong W, Socher R, et al. ImageNet: A large-scale
hierarchical image database//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Miami, USA,
2009 248-255

Papageorgiou C P, Oren M, Poggio T. A general framework
for object detection//Proceedings of the International Conference
on Computer Vision. Bombay, India, 1998. 555-562

Lowe D G. Distinctive image features from scale-invariant
keypoints. International Journal of Computer Vision, 2004,
60(2): 91-110

Ke Y, Sukthankar R. PCA-SIFT:. A more distinctive
representation for local image descriptors//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Washington, USA, 2004. 506-513
Bay H, Tuytelaars T, Van Gool L. SURF. Speeded up
robust features//Proceedings of the European Conference of
Computer Vision. Graz, Austria, 2006 404-417

Viola P, Jones M. Rapid object detection using a boosted
cascade of simple features//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Kauai, USA,
2001 511-518

Freund Y, Schapire R E. A decision-theoretic generalization
of on-line learning and an application to boosting. Journal of
Computer and System Sciences, 1997, 55(1): 119-139
Lienhart R, Maydt J. An extended set of Haar-like features
for rapid object detection//Proceedings of the IEEE International
Conference on Image Processing. Rochester, USA, 2002:
900-903

Dalal N, Triggs B. Histograms of oriented gradients for
human detection//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. San Diego, USA,
2005 886-893

Cortes C, Vapnik V. Support-vector networks. Machine

Learning. 1995, 20(3) . 273-297



34 3k

MU - R JRE A BRI 22 I 4% 1) B e S HUAE TS LA 5 SIS 1 477

[39]

[40]

[41]

[42]

[43]

[44]

[46]

[47]

[48]

[49]

[51]

[52]

[53]

Lin C. F, Wang S D. Fuzzy support vector machines. IEEE
Transactions on Neural Networks, 2002, 13(2). 464-471
Suykens J] A K, Vandewalle J. Least squares support vector
machine classifiers. Neural Processing Letters, 1999, 9(3):
293-300

Felzenszwalb P F, Girshick R B, McAllester D, et al. Object
detection with discriminatively trained part-based models.
IEEE Transactions on Pattern Analysis and Machine

Intelligence, 2010, 32(9): 1627-1645

Szegedy C, Toshev A, Erhan D. Deep neural networks for
object detection//Proceedings of the Advances in Neural
Information Processing Systems. Lake Tahoe, USA, 2013:
2553-2561

Erhan D, Szegedy C, Toshev A, et al. Scalable object
detection using deep neural networks//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Columbus, USA., 2014. 2147-2154

Girshick R, Donahue J, Darrell T, et al. Rich feature hierarchies
for accurate object detection and semantic segmentation//
Proceedings of the IEEE Conference on Computer Vision and

Pattern Recognition. Columbus, USA, 2014 580-587
Erhan D, Szegedy C, Toshev A, Anguelov D. Scalable
object detection using deep neural networks//Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition. Columbus, USA, 2014. 2155-2162

Sermanet P, Eigen D, Zhang X, et al. OverFeat: Integrated
recognition, localization and detection using convolutional
networks. arXiv preprint arXiv:1312. 6229, 2013

Girshick R. Fast R-CNN//Proceedings of the IEEE
International Conference on Computer Vision.
Chile, 2015. 1440-1448

He K, Zhang X, Ren S, Sun J. Spatial pyramid pooling in

1IEEE

Santiago,

deep convolutional networks for visual recognition.
Transactions on Pattern Analysis and Machine Intelligence,
2015, 37(9): 1904-1916

Uijlings ] R, van de Sande K E, Gevers T, Smeulders A W.
Selective search for object recognition. International Journal
of Computer Vision, 2013, 104(2): 154-171

Ren S, He K, Girshick R, Sun J. Faster R-CNN: Towards
real-time object detection with region proposal networks//
Proceedings of the Advances in Neural Information Processing
Systems. Montreal, Canada, 2015: 91-99

Redmon J, Divvala S, Girshick R, Farhadi A. You only look
once; Unified, real-time object detection//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Las Vegas, USA, 2016 779-788

Huang L, Yang Y. Deng Y, Yu Y. DenseBox: Unifying
landmark localization with end to end object detection. arXiv

preprint arXiv:1509. 04874, 2015
Shotton J, Winn J, Rother C, Criminisi A. TextonBoost:

Joint appearance, shape and context modeling for multi-class
object recognition and segmentation//Proceedings of the
European Conference on Computer Vision. Graz, Austria,

2006 1-15

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

Everingham M, Eslami S M A, Van Gool L, et al. The
challenge: A
International Journal of Computer Vision, 2015, 111 (1);

98-136

pascal visual object classes retrospective,

Lin T-Y. Maire M. Belongie S, et al. Microsoft COCO:
Common objects in context//Proceedings of the European
Conference on Computer Vision. Zurich, Switzerland, 2014 .
740-755

Mottaghi R, Chen X, Liu X, et al. The role of context for
object detection and semantic segmentation in the wild//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Columbus, USA, 2014. 891-898

Liu C, Yuen J, Torralba A. Nonparametric scene parsing:
Label transfer via dense scene alignment//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Miami, USA, 2009: 1972-1979

Lucchi A, Li Y, Smith K, Fua P. Structured image segmen-
tation using kernelized features//Proceedings of the European
Ttaly, 2012;

Conference on Computer Vision. Florence,

400-413

Tighe J, Lazebnik S. SuperParsing: Scalable nonparametric
image parsing with superpixels//Proceedings of the European
Conference on Computer Vision. Heraklion, Greece, 2010
352-365

Gould S, Rodgers J, Cohen D, et al. Multi-class segmentation
with relative location prior. International Journal of Computer
Vision, 2008, 80(3): 300-316

Ladicky L., Russell C, Kohli P, Torr P H S. Associative
hierarchical CRFs for object class image segmentation//
Proceedings of the IEEE International Conference on Computer
Vision. Kyoto, Japan, 2009.: 739-746

Shotton J, Johnson M, Cipolla R. Semantic texton forests
for image categorization and segmentation//Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition. Anchorage, USA, 2008 1-8
Farabet C, Couprie C, Najman L, Le-Cun Y.
IEEE Transactions

Learning
hierarchical features for scene labeling.
on Pattern Analysis and Machine Intelligence, 2013, 35(8):
1915-1929

Mostajabi M, Yadollahpour P, Shakhnarovich G. Feedforward
semantic segmentation with zoom-out features//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Boston, USA, 2015. 3376-3385

Pinheiro P H, Collobert R. Recurrent convolutional neural
networks for scene labeling//Proceedings of the International
Conference on Machine Learning. Beijing, China, 2014.
82-90

Long J, Shelhamer E, Darrell T. Fully convolutional networks
for semantic segmentation//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Boston, USA,

2015: 3431-3440



478

it "

i1 2019 4F

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

(78]

[79]

Chen L-C, Papandreou G, Kokkinos I, et al. Semantic image
segmentation with deep convolutional nets and fully connected
CRFs//Proceedings of the IEEE Conference on Learning
Representations. San Diego, USA, 2015. 1-14

Krihenbithl P, Koltun V. Efficient inference in fully connected
CRFs with Gaussian edge potentials//Proceedings of the
Advances in Neural Information Processing Systems. Granada,
Spain, 2011: 109-117

Zheng S, Jayasumana S, Romera-Paredes B, et al. Conditional
random fields as recurrent neural networks//Proceedings of
the IEEE International Conference on Computer Vision.
Santiago, Chile, 2015 1529-1537

Dai J, He K, Sun J. BoxSup: Exploiting bounding boxes to
supervise convolutional networks for semantic segmentation
//Proceedings of the IEEE International Conference on
Computer Vision. Santiago. Chile, 2015 1635-1643
Bearman A, Russakovsky O, Ferrari V, Li Fei-Fei. What’s
the point; Semantic segmentation with point supervision//
Proceedings of the
Vision. Amsterdam, The Netherlands, 2016 549-565

European Conference on Computer
Pinheiro P O, Collobert R. From image-level to pixel-level
labeling with convolutional networks//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Boston, USA., 2015.: 1713-1721

Fang H, Gupta S, Iandola F, et al. From captions to visual
concepts and back//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Boston, USA,
2015 1473-1482

Devlin J, Cheng H, Fang H. et al. Language models for
image captioning: The quirks and what works. arXiv preprint
arXiv:1505. 01809, 2015

Vinyals O, Toshev A, Bengio S, Erhan D. Show and tell: A
neural image caption generator//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Boston, USA, 2015: 3156-3164

Xu K., Ba J, Kiros R, et al. Show, attend and tell: Neural
image caption generation with visual attention//Proceedings
of the International Conference on Machine Learning. Lille,
France, 2015; 2048-2057

Karpathy A, Li Fei-Fei. Deep visual-semantic alignments for
generating image descriptions//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Boston, USA, 2015. 3128-3137

Donahue J, Anne Hendricks L, Guadarrama S, et al. Long-
term recurrent convolutional networks for visual recognition
and description//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Boston, USA,
2015: 2625-2634

Jiang Shu-Qiang, Min Wei-Qing, Wang Shu-Hui. Survey and
prospect of intelligent interaction-oriented image recognition

techniques. Journal of Computer Research and Development,

2016, 53(1): 113-122(in Chinese)

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

G, PIEEPC, EABLL 1 1) 8 78 5 5. 0 R OR I FER 25
WRERY. WHEHIR SR, 2016, 53(1) . 113-122)
Kiros R, Salakhutdinov R, Zemel R S. Unifying visual-
semantic embeddings with multimodal neural language
models. arXiv preprint arXiv:1411. 2539, 2014

Mao J. Xu W, Yang Y, et al. Explain images with multimodal
recurrent neural networks. arXiv preprint arXiv:1410. 1090,
2014

Chen X, Lawrence Zitnick C. Mind’s eye: A recurrent visual
representation for image caption generation//Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition. Boston, USA, 2015. 2422-2431

Jia X, Gavves E, Fernando B, Tuytelaars T. Guiding
long-short term memory for image caption generation. arXiv
preprint arXiv:1509. 04942, 2015

Mao J, Xu W, Yang Y, et al. Deep captioning with multi-
modal recurrent neural networks (m-RNN). arXiv preprint
arXiv:1412. 6632, 2014

Huang G B, Ramesh M, Berg T, et al. Labeled faces in the
wild: A database for studying face recognition in unconstrained
environments. University of Massachusetts, Amherst, USA.
Technical Report 07-49, 2007

Kumar N, Berg A C, Belhumeur P N, et al. Attribute and
simile classifiers for face verification//Proceedings of the
International Conference on Computer Vision. Kyoto, Japan,
2009. 365-372

Chen D, Cao X, Wen F, et al. Blessing of dimensionality:
High-dimensional feature and its efficient compression for
face verification//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Portland, USA,
2013: 3025-3032

Sun Y, Wang X, Tang X. Hybrid deep learning for face
verification//Proceedings of the IEEE International Conference
on Computer Vision. Sydney, Australia, 2013 1489-1496
Taigman Y, Yang M, Ranzato M, et al. DeepFace: Closing
the gap to human-level performance in face verification//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Columbus, USA, 2014, 1701-1708
Sun Y, Wang X, Tang X. Deeply learned face representations
are sparse, selective, and robust//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Boston, USA, 2015: 2892-2900

Gray D, Brennan S, Tao H. Evaluating appearance models
for recognition, reacquisition, and tracking//Proceedings of
the IEEE International Workshop on Performance Evaluation
for Tracking and Surveillance (PETS). Rio de Janeiro, Brazil,
2007 1-7

Schwartz W R, Davis L. S. Learning discriminative appearance-
based models using partial least squares//Proceedings of the
Brazilian Symposium on Computer Graphics and Image

Processing. Rio de Janeiro, Brazil, 2009: 322-239



3 1

K OTAE L A AR 2 I 4% 114 R M AR T ST AL AN i 50 ) 1 ]

479

(93]

[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

Li W, Zhao R, Wang X. Human reidentification with trans-
ferred metric learning//Proceedings of the Asian Conference
on Computer Vision. Daejeon, Korea, 2012 31-44

Hirzer M, Beleznai C, Roth P M, Bischof H. Person
re-identification by descriptive and discriminative classification
//Proceedings of the Scandinavian Conference on Image
Analysis. Ystad, Sweden, 2011; 91-102

HOSD Branch. Imagery library for intelligent detection systems
(i-LIDS) / /Proceedings of the Institution of Engineering and
Technology Conference on Crime and Security. London,
UK, 2006. 445-448

Ding S, Lin L, Wang G, Chao H. Deep feature learning
with relative distance comparison for person re-identification.

Pattern Recognition, 2015, 48(10): 2993-3003

Li W, Zhao R, Xiao T, Wang X. DeepRelD: Deep filter
pairing neural network for person re-identification//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Columbus, USA, 2014, 152-159

Zhao R, Ouyang W, Wang X. Learning mid-level filters for
person re-identification//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Columbus,
USA, 2014 144-151

Ahmed E, Jones M, Marks T K. An improved deep learning
architecture for person re-identification//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Boston, USA, 2015: 5:25

Yi D, Lei Z, Liao S, Li S Z. Deep metric learning for person
re-identification//Proceedings of the International Conference
on Pattern Recognition. Stockholm, Sweden, 2014 34-39

Cheng D, Gong Y, Zhou S, Wang J. Person re-identification
by an multi-channel parts-based CNN with improved triplet
loss function//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas,
USA, 2016 1335-1344

Keys R. Cubic convolution interpolation for digital image
processing. IEEE Transactions on Acoustics, Speech and
Signal Processing, 1981, 29(6): 1153-1160

Irani M, Peleg S. Motion analysis for image enhancement:
Resolution, occlusion, and transparency. Journal of Visual
Communication and Image Representation, 1993, 4 (4):
324-335

Aly H A, Dubois E. Image up-sampling using total-variation
regularization with a new observation model. IEEE Transactions
on Image Processing, 2015, 14 (10): 1647-1659

Freeman W T, Pasztor E C, Carmichael O T. Learning
low-level vision. International Journal of Computer Vision,
2000, 40(1) . 25-47

Yang J, Wright J, Huang T, Ma Y. Image super-resolution
as sparse representation of raw image patches//Proceedings
of the IEEE Conference on Computer Vision and Pattern

Recognition. Anchorage, USA, 2008 1-8

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

Liang Y., Wang J, Zhang S, Gong Y. Incorporating image
degeneration modeling with multi-task learning for image
super-resolution//Proceedings of the International Conference
of Image Processing. Quebec City, Canada, 2015: 2110-
2114

Bevilacqua M, Roumy A, Guillemot C, Morel M-L A.
Low-complexity single-image super-resolution based on
nonnegative neighbor embedding//Proceedings of the British
Machine Vison Conference. Guildford, England, 2012.
1-10

Zeyde R, Elad M, Protter M. On single image scale-up
using sparse-representations//Proceedings of the Interna-
tional Conference on Curves and Surfaces. Berlin, German,
2010 711-730

Dong C, Loy C C, He K, Tang X. Learning a deep convo-
lutional network for image super-resolution//Proceedings of
the European Conference on Computer Vision. Zurich,
Switzerland, 2014, 184-199

Dong C, Loy C C, He K, Tang X. Image super-resolution
using deep convolutional networks. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2015, 38(2):
295-307

Liang Y, Wang J, Gong Y. Zheng N. Incorporating image
priors with deep convolutional neural networks for image
super-resolution. Neurocomputing, 2016, 194 340-347
Wang Z, Liu D, Yang J, et al. Deep networks for image
super- resolution with sparse prior//Proceedings of the
International Conference on Computer Vision. Santiago,
Chile, 2015.: 370-378

Willems G, Tuytelaars T, Van Gool L. An efficient dense
and scale-invariant spatio-temporal interest point detector//
Proceedings of the European Conference on Computer
Vision. Marseille, France, 2008: 650-663

Everts I, van Gemert J C, Gevers T. Evaluation of color
stips for human action recognition//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Portland, USA, 2013. 2850-2857

Yuan C, Li X, Hu W, et al. 3D R transform on spatio-
temporal interest points for action recognition//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Portland, USA, 2013: 724-730

Ke Y, Sukthankar R, Hebert M. Spatio-temporal shape
and flow correlation for action recognition//Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition. Minneapolis, USA, 2007 1-8

Bobick A F, Davis ] W. The recognition of human movement
using temporal templates. TEEE Transactions on Pattern
Analysis and Machine Intelligence, 2001, 23(3) . 257-267
Lv F, Nevatia R. Recognition and segmentation of 3-D
human action using HMM and multi-class AdaBoost//
Proceedings of the European Conference on Computer

Vision. Graz, Austria, 2006: 359-372



480

it "

i1 2019 4F

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

Wang H, Klaser A, Schmid C, et al. Dense trajectories and
motion boundary descriptors for action recognition. Interna-
tional Journal of Computer Vision, 2013, 103(1): 60-79
Tran S D, Davis L. S. Event modeling and recognition using
Markov logic networks//Proceedings of the European
Conference on Computer Vision. Marseille, France, 2008
610-623

Damen D, Hogg D. Recognizing linked events: Searching
the space of feasible explanations//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Miami, USA, 2009. 927-934

Ivanov Y A, Bobick A F. Recognition of visual activities
and interactions by stochastic parsing. TEEE Transactions
on Pattern Analysis and Machine Intelligence, 2000, 22(8):
852-872

Joo S W, Chellappa R. Attribute grammar-based event
recognition and anomaly detection//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition
Workshops. New York, USA, 2006 107-107

Zhang Z, Tan T, Huang K. An extended grammar system
for learning and recognizing complex visual events. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2011, 33(2): 240-255

Gorelick L, Blank M. Shechtman E. et al. Actions as
space-time shapes//Proceedings of the IEEE International
Conference on Computer Vision. Beijing, China, 2005.
1395-1402

Schuldt C, Laptev I, Caputo B. Recognizing human actions:
A local SVM approach//Proceedings of the International
Conference on Pattern Recognition. Cambridge, UK, 2004 .
32-36

Marszalek M, Laptev I, Schmid C. Actions in context//
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Miami, USA, 2009: 2929-2936
Soomro K, Zamir A R, Shah M. UCF101: A dataset of 101
human actions classes from videos in the wild. arXiv:
1212. 0402. 2012

Kuehne H, Jhuang H, Garrote E, et a. HMDB: A large
video database for human motion recognition//Proceedings
of the International Conference on Computer Vision. Barcelona,
Spain, 2011: 2556-2563

Ji S, Xu W, Yang M, Yu K. 3D convolutional neural
networks for human action recognition. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2013, 35(1) .
221-231

Varol G, Laptev I, Schmid C. Long-term temporal convolu-
tions for action recognition. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2017, PP(99) . 1-8
Cheron G, Laptev I, Schmid C. P-CNN. Pose-based CNN
features for action recognition//Proceedings of the IEEE

International Conference on Computer Vision.

Chile, 2015: 3218-3226

Santiago,

[135]

[136]

[137]

[138]

[139]

[140]

[141]

[142]

[143]

[144]

[145]

[146]

Karpathy A, Toderici G, Shetty S, et al. Large-scale video
classification with convolutional neural networks//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Columbus, USA, 2014; 1725-1732

Simonyan K, Zisserman A. Two-stream convolutional
networks for action recognition in videos//Proceedings of
the Advances in Neural Information Processing Systems.
Montreal, Canada, 2014: 568-576

Liu Y. Xu D, Tsang I, Luo J. Using large-scale web data
to facilitate textual query based retrieval of consumer photos//
Proceedings of the ACM International
Multimedia. Beijing, China, 2009: 55-64

Conference on

Jeon J, Lavrenko V, Manmatha R. Automatic image anno-
tation and retrieval using cross-media relevance models//
Proceedings of the ACM SIGIR Conference on Research and
Development in Information Retrieval. Toronto. Canada,
2003: 119-126

Fergus R, Li Fei-Fei, Perona P, et al. Learning object
categories from Google’s image search//Proceedings of the
IEEE International Conference on Computer Vision. Beijing,
China, 2005: 1816-1823

Zheng Y, Zhang Y, Larochelle H. Topic modeling of multi-
modal data: An autoregressive approach//Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition. Columbus, USA, 2014, 1370-1377

Niblack W, Barber R, Equitz W, et al. The QBIC project:
Querying images by content using color, texture, and
shape//Proceedings of the IS&T/SPIE’ s Symposium on
Electronic Imaging: Science and Technology. San Jose,
USA, 1993 173-181

Bach J, Fuller C, Gupta A, et al. Virage image search engine:
An open framework for image management. Electronic
Imaging: Science & Technology, 1996, 2670(1); 76-87

Xia R, Pan Y, Lai H, et al. Supervised hashing for image
retrieval via image representation learning//Proceedings of
the Association for the Advancement of Artificial Intelligence.
Québec City, Canada, 2014 2156-2162

Wan J, Wang D, Hoi SC, et al. Deep learning for content-
based image retrieval: A comprehensive study//Proceedings
of the ACM International Conference on Multimedia. Orlan-
do, USA, 2014. 157-166

Zhao F, Huang Y, Wang L., Tan T. Deep semantic ranking
based hashing for multi-label image retrieval//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Boston, USA, 2015: 1556-1564

Lai H, Pan Y, Liu Y, Yan S. Simultaneous feature learning
and hash coding with deep neural networks//Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition. Boston, USA, 2015. 3270-3278

Liu H, Wang R, Shan S, Chen X. Deep supervised hashing
for fast image retrieval//Proceedings of the IEEE Conference

on Computer Vision and Pattern Recognition. Las Vegas,

USA, 2016: 2064-2072



34 K OTAE L A AR 2 I 4% 114 R M AR T ST AL AN i 50 ) 1 ] 481

[147] Hubel D H, Wiesel T N. Receptive fields of single neurons
in the cat’ s striate cortex. The Journal of Physiology,
1959, 148(3): 574-591

[148] Ungerleider L G, James V H. “What” and “where” in the
human brain. Current Opinion in Neurobiology, 1994,
4(2): 157-165

[149] Ungerleider L. G, Susan M C, James V H. A neural system
for human visual working memory. Proceedings of the
National Academy of Sciences, 1998, 95(3): 883-890

[150] Ungerleider L G. Functional brain imaging studies of cortical
mechanisms for memory. Science, 1995, 270(5237): 769-
775

[151] DiCarlo J J, Zoccolan D, Rust N C. How does the brain
solve visual object recognition? Neuron, 2012, 73(3): 415-
434

[152] Poggio T, Ullman S. Vision: Are models of object recognition
catching up with the brain? Annals of the New York Academy
of Sciences, 2013, 1305(1): 72-82

[153] Poggio T, Serre T. Models of visual cortex. Scholarpedia,
2013, 8(4): 3516

[154] Anselmi F, Poggio T A. Representation learning in sensory
cortex: A theory. Center for Brains, Minds and Machines
(CBMM), 2014, 26: 1-56

[155] Ullman S, Humphreys G W. High-Level Vision: Object
Recognition and Visual Cognition. Cambridge, USA: MIT
Press, 1996

[156] Pinto N, Cox D D, DiCarlo J J. Why is real-world visual
object recognition hard? PLoS Computational Biology,
2008, 4(1) . 27

[157] Treisman A M, Gelade G. A feature-integration theory of
attention. Cognitive Psychology, 1980, 12(1): 97-136

[158] Marr D. Vision: A computational Investigation Into the
Human Representation and Processing of Visual Information.
San Francisco, USA: W. H. Freeman and Company., 1982

[159] Navon D. Forest before trees: The precedence of global
features in visual perception. Cognitive Psychology, 1977,

9(3): 353-383

ZHANG Shun, born in 1987, Ph.D.,
assistant professor. His research interests
include computer vision and machine

learning.

[160] Chen L. Topological structure in visual perception. Science,
1982, 218: 699-700

[161] Chen L, Zhang S W, Srinivasan M. Global perception in
small brains: Topological pattern recognition in honeybees.
Proceedings of the National Academy of Science of the
USA, 2003, 100(11): 6884-6889

[162] Zhuo Y, Zhou T G, Rao H Y, et al. Contributions of the
visual ventral pathway to long-range apparent motion.
Science, 2003, 299 417-420

[163] Chen L. The topological approach to perceptual organization.
Visual Cognition, 2005, 12; 553-637

[164] Zhuo Y, Zhou T G, Rao H Y, et al. Contributions of the
visual ventral pathway to long-range apparent motion.
Science, 2003, 299 417-420

[165] Wang B, Zhou T G, Zhuo Y, Chen L. Global topological
dominance in the left hemisphere. Proceedings of the
National Academy of Sciences, 2007, 104 21014-21019

[166] Zhou K, Huan L, Zhou T G, et al. Topological change
disturbs object continuity in attentive tracking. Proceedings
of the National Academy of Sciences, 2010, 107(50):
21920-21924

[167] Han Shi-Hui, Chen Lin. The relationship of global feature
and local feature— Global precedence. Dynamic Psychology,
1996, 4(1): 36-41(in Chinese)
CRRTHEME . BRAR. A SR 3 JoT 1 56 R —— R TR AR
Jetk. DHEAENA, 1996, (1) 36-4D)

[168] Hochstein S, Ahissar M. View from the top: Hierarchies
and reverse hierarchies in the visual system. Neuron, 2002,
36(5): 791-804

[169] Ahissar M, Hochstein S. The reverse hierarchy theory of
visual perceptual learning. Trends in Cognitive Sciences,
2004, 8(10): 457-464

[170] Bar M. A cortical mechanism for triggering top-down
facilitation in visual object recognition. Journal of Cognitive
neuroscience, 2003, 15(4): 600-609

[171] LeCun Y, Bengio Y, Hinton G. Deep learning. Nature,
2015, 521(7553): 436-444

GONG Yi-Hong. born in 1963, Ph. D.. professor,
Ph. D. supervisor. His research interests include multimedia
content analysis, machine learning and pattern recognition

WANG Jin-Jun, born in 1977, Ph. D., professor, Ph.
D. supervisor. His research interests include pattern recogni-

tion, machine learning and multimedia computing.



482 it =3

Es i 2019 4

Background

Benefited by the rapid growth in the amount of the
annotated data and the recent improvements in the strengths
of graphics processor units (GPUs), the research on convo-
lutional neural networks has been widely applied to many
fields of computer vision and pattern recognition, and have
attracted huge attentions from both academia and industry.
This paper aims to present a comprehensive introduction of
deep convolutional neural network and its applications in the
field of Computer Vision. We first introduce the working
principle of the convolutional neural network. Then we list
many general approaches that are proposed to improve the
performance of deep neural networks, including the increase
of size and complexity of neural networks. the use of larger
sets of training data, the improvements of neural network
training methods, etc. Besides, we show many applications
of convolutional neural networks in the field of computer
vision. Based on the above analysis, we also point out its
possible future directions from the human visual cognitive
mechanism.

This work is supported by the National Basic Research

Program (973 Program) of China under Grant No. 2015CB351705,
the State Key Program of National Natural Science Foundation
of China under Grant No. 61332018, the Youth Program of
National Natural Science Foundation of China under Grant
No. 61703344, and the Fundamental Research Funds for the
Central Universities under Grant No. 31020170QD021. Our
research team has been working on handling various tasks
(such as image classification, object detection and recognition,
face verification and recognition, person recognition, super
resolution, etc.) in the field of Computer Vision with the
techniques of deep learning for years. Works related to these
projects have been published in international journals and
conferences, such as TNN, IJCV, TIP, IJCAI. CVPR,
ECCV, ete. The technique of deep learning has been widely
applied in various fileds, and its power capability of learning
features is exploited by us to learn discriminative features for
different objects in images or videos. This review paper can
help us to get a understanding of the fundamental system,
generally used training techniques, and recent developments of

the convolutional neural networks.





