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Class scores
Cat: 0.9

g Dog: 0.1
Car: 0.01

{dog, cat, car, plane,...}

M B AR B AR S 08 09 S Bk B At

JTEBIPRAS H BH 5

P43 pf & (score function): J5 46 BAG Z0HE 2128 5 4318 1 e i

512K BR £ (loss function): &AL T 73 ZRAR XIS 43 5 B SRS 2 18] 1 — 250
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B MEBEIEALIAZERL

> b A\ K B2 .,
SEFRE: X JRIERF BAEA I R —
AN[3072*1]89 5| & 3072x1 b: X H[10*1]8

fx, W) |=[WIK +[b] 105"

Image
T 10x1 10x3072
10 numbers givin
> f(x,W) - 9ving
class scores
T ACIFARL0% 4] % 277 10
Array of 32x32x3 numbers %%ﬁ& ARERR
(3072 numbers total
) W W: Xy H[10*3072]
parameters 7%
or weights
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B MEBEIEALIAZERL

ME B E: wEINTLERORBELE

" e’k
Softmax PR £ : P=(y=k|lX=1x))= S % #Hd z= f(x;, W)
J Probability:
« Softmax layer as the output layer Tyl}; 0
s mY;yi=1
SOftmaXﬁT\ % = "gj‘ﬂ?‘ﬁ\ﬂ %7 -g.-/)\»ﬁ‘-,\ Softmax Layer %
RekE— R E, KA e o — : o >
FAMEBEERE TFRIMMAN i et el Lo 100 - z
4
BT X R = B
> | ie’f 1 —
T X I MK (cross-entropy loss): - .
e’k
Li = — log(P = (y = le — xl)) — _log (Z_er)

L(0) = L(8) + 23T 62

NZL +AR(W)  R(W) NIEWT, Bhibidile
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B MEFIEAINEML

= A (Optimization):
AR FREEFMEHHAR DRGSR TAE,

WETRERE®: HEHOHELE TEZIRREEO LA TS, AHE
7@ BT MR R ey T, AR T ) AN BT AP T 3A B R ME
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Score =Wx+b
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B BRI HEAIHERL
ZHE>REB: >
Score =Wx+b  HFIEL& M HK 5] AL

BB EWEEMN, $1345
M % A % 3% 69 AR A

7 FOAIELMERE

P L.
Score
= f(W3(f(W(f(Wix+b) + b)) + b)

{4\
e
{
0}0

T
O/
AN
‘t
W
<] \’4
R
.;

output layer
input layer
hidden layer

.‘ output layer

N
-»f

input layer

hidden layer 1 hidden layer 2
. “3-layer Neural Net”, or
“2-layer Neural Net”, or 4% JEE  “2-hidden-layer Neural Net’

“1-hidden-layer Neural Net”

“Fully-connected” layers

LHBEETHNEAELNERENNEARL LRI EEY, ERAER—A
SEBEE NN E AR R &
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ALHERGEME R T

impulses carried

toward cell body
v branches

of axon

dendrites

axon

nucleus terminals

impulses carried
away from cell body

Lo wo

synapse
woTo

axon from a neuron

dendrite

cell body

iF (Z Wi T; + b)
Z’wi.’Bi +b :

output axon

activation
function

w11
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A T2 B 409 )| 4k 5 2 AL

=1(z) dE _
Output units () (N i i l E_yl_tl
Z= 2 Wi Yk (F) )
or.- @
W ke H2 g 9E o
W] ' "l’% Z dy 0z
dE _ dE
= —— (R
gg Hidden units H2 .‘0~‘ Yk gk) 23:. W jpout %
Z= 2, WikYj
‘E‘-ﬁ \ : = }i dE _0E a
jeH1 S0
r":-'] I-'Fﬂ a0z, Y 0Z £ - W, £
3 = Iy 0z,
‘rf‘ HiddenunitsH1I() (O) ) ) Yi=f@) ﬂ% Wi kenz2 %%
_ JE _ 9E dy;
Ly = W; X; (_:__’
N R (R

Input units . 0 .

Back Propagation % (R & 1:4%)



. [o] Bk Fifis i xB
B BEIJIEAIHNERS
HHAAINZR e BHIREERES ] :

Y X TO - X Tl Tz T'g
(Label) (Feature/lmage) (InputLayer)  (Hidden Layer 1) (Hidden Layer2) (Hidden Layer 3)

T, =Y
>\ (Output Layer)

Ll AER S (BRATR) , 2 REEZHLE0, Uuhl, BERINERNEE,
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BRGAIWEREHHREEREES .
- BEEE BEERETRNNSRARHMETEE BRE

Example: 1000x1000 image

1M hidden units
mm) 10712 parameters!!!

Example: 1000x1000 image
1M hidden units
Filter size: 10x10
100M parameters

- FEHE

Pooling/=: 3x22x22 % Q

pool size #H [A] f;ﬁj@ K] _"Ef o] ;j\: Eﬂlﬁ

Conv/)Z: 3x24x24 "‘aPS\Q q %

Kernel Size: 5x5

Stride: 1 \
RF size ;
DataZ: 1x28x28 input image

AR %’51&&‘?%’3617\ BEREZRLSTH T RIS




Object
Detection

Audio
Classification

Helicopter
control

‘ffﬁ:&v A%

OCEAN UNIVERSITY OF CHINA

 eme

Image Low-level vision

Recognition

features

} MWWV
o -

Audio Low-level audio Speaker
features identification

Low-level state

Helicopter features Action
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ey > > =4 Feature learning
SIFT

Oricngliui Voting . = - 57.'?( }E % >-j E i’]
T 2 S 4|
Input Image ~ Gradient Image S %
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=

CNN{RE!

C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5
INPUT 6@28x28
32x32 S2:f. maps
6@14x14

e —

Full coanection | Gaussian connections

Convolutions Subsampling Convolutions Subsampling Full connection

BIRE ML= FEER
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RELU RELU RELU RELU RELU RELU
CONV lCONVl CONV lCONVl CONV lCONVl

:

| | ¢

:

truck

aifrplane

ship

horse
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THEER —— EERERE DR

- HETARREE, B4 “+17 ReWEDD
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- BIREE AEEMETRAMBSBMABHETARE BIE

Example: 1000x1000 image

1M hidden units y E

HE) 10712 parameters!!!
&
—
/\

Example: 1000x1000 image
1M hidden units
Filter size: 10x10
100M parameters

- FEHE

Pooling/Z: 3x22x22 % Q

pool size *H E%ﬁ@ﬂﬁ%lﬁ%—_—‘?*ﬂﬁ
ConvjZ: 3x24x24

maps\(i ® (i
Kernel Size: 5x5

Stride: 1 \
RF size ;
DataZ: 1x28x28 input image
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BIRE

Input Volume (+pad 1) (7x7x3)  Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

%[ &z 00 wO[:,:,0 WL[E 3,07 &, 8, 07

0 0O 0OOO O O -1 1 1 1=110 -1 7 6

@l i 2 ol 101 101 B 1 JA-1] 17 =0 A =2 | =3

B3 20 6 O 1 |[-1][0 10 0 63H

Q1 )2 1242 |0 wOl[:, WL [E 8,110 ol:,:,1]
et 0!]2’ 1 -1 0 -1 -6 1 -3

0 0 0 O 0 |0_

x[:,:,1] woy[:,:, WL[: 3,21

o 107 Fil 107 2 27 o 0 = E

Sl - Bia§/b0 x1x1) Bias b1 (1x1x1)

0 1 0 1 |11]0/40 bof:, /0] bl[:,:,0]

01 1 o0f2)oo 0

0 0 0 O 0 ﬁé

%[%,:,2] toggle movemerit

0 000 0 Oo/0

o1 1 2 2

0o 2 1 0 1/1/0

0 0 1 1 0

01 2 0|2 0

0 2 2 o [o/fo]o]

0 0 0 O 0|0
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FEEETEHE:

32x32x3 image -> stretch to 3072 x 1

input activation
r e 2 e sl 7
1 1
3072 10 X 3072 10
weights
1 number:

the result of taking a dot product
between a row of W and the input

%*Rﬁ{?ﬂ—_\'% g . (a 3072-dimensional dot product)
___— 32x32x3 image

/ . 5x5x3 filter w
|2 g7 ERNLESY
¢>O\ 1 number:

the result of taking a dot product between the
A filter and a small 5x5x3 chunk of the image

(i.e. 5*5*3 = 75-dimensional dot product + bias)

w|

wliz +b
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SRBRIETEE:
32x32x3 image activation maps

/ 5x5x3 filter
=
@>O convolve (slide) over all

spatial locations
L

£ 1

MRB 5 5HERZ, BAREKEE N0 ENEEE

activation maps
/ %
e

N

Convolution Layer

N

8




. CNNETGHEH

N i tH R T
(N - F) / stride + 1

- N eg.N=7,F=3:

stride 1 =>(7-3)/1+1=
stride 2 => (7 -3)2+1 =
stride 3 => (7 - 3)/3 + 1 = 2.33]

BMARS: N*N
ERZR~T: F*F

Stride: x, yJ7[E#aNAIEZK
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fFlan: AN7x7

ERZE3%3, TKHA1, EHEIMR
KHIAR

Y K/MERZE 7 %1
BESHREIKA1x1, S5HREE
FxF, 3 (F-1) /2 PMEERBR
{5140 -

F=3=>EF1MRERB R
F=5=>EF2MRERB R
F=7=>1EFE3MEENLS}

o | o |Oo | O | O
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SE 451 -

AR 32x32%3 /

10 P55 ER %, KA1, B o
) A FR?




. CNNETHEHS

S5 -

ANETR: 32x32%3

10 535 58R%, KA1, &
SHEF 2 MEE RO

gy fkFn . (N-F)/Stride + 1

L

(32+2*2-5) /1+1=32

A b HAFR: 32x32x10
T ——




. CNNEfEE

SE4 ;

BARIR: 322323 yd
10 NsxsEETRZ, $KH, B ]
SHEF 2 MMEE R0 /
XEERENSHE?




. CNNE 45

Skl

MINEER: 32x32x3 / /

10 53598 %, TKH1, 18
R T MEE o /

XEERENSHE?
FN BB E: 5x5%X3+1=76NBE=>76 x 10

=760

hl\
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- —HRECAERERH

Max Pooling

Kernel size: 2x2 Stride:2
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PR B B K -

WRAHHREE, S—EREHAS ELERMANEGMERE, TRHENSZEZ DR
kit T ANRE S I“_#H/—\

AURREEHETSIN T FEMERR, FEHEMNE T DUEREBEEFTIFL TR,
XA B ] AN AR AR 2 Ay IR L AR R R

Activation functions

Sigmoid 1 Leaky ReLU
1 max(0.1z, x)
O'(ZE) ~ 14e~*

tanh (
Maxout
tanh(z)

4 i max(wi  + by, w3 T + by)

ReLU ELU l
max(0, ) {“’ ) =i |

ale®—1) z<0 -=—rHA
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(1) Sigmoid
SigmoidfyfiA: WitEMo-1; XIMBTARERES RIFHBE
Sigmoidfoh: REHREHAN%: Wl FRBHOM Sigmoid-
TSR EEE T T e

L J J
- P
= = o
=]
- - @ .~

-
=] =

= a

o

tanh
(2) TanhW9fE=: #WHESEE-1~1, FEARFHLH ta,nh(_'}j)
Tanhf9ER S : REUBAFEHEEK; X IE ]
RelLU
max(0, x)
(3) ReLU

ReLURYME = : XSBEHHEE THENKSBEEXMNMEER; PEITEEBR
ReLURYER = : #E ho, METIEFRAE



. CNNE L5
AUE PR B T

(4) Leaky ReLU Leaky RelLU )
Leaky ReLUIE 51 IR T ReLURYHR S max(0.1z, z)
Leaky ReLUASBE A : HHFS R PR RTERE —t

Maxout
max(wi z + by, wd x + bs)
(5) Maxout

Maxout Y4 & Maxout;g XfReLUFlleaky ReLUR— 4L U344, SZFEBEReLURER =
MaxoutfJfRm : FReLUXSEL, BNHEATHSHEEM T —F, BEESHNERE

B4 EEARLURE, FREEFIE; TR ifLeaky ReLU, Maxout, tanh,
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» Softmax Loss

IR PR : E——Z log(p,, )1, €[0,L,.. ,K 1]
Hep, EESOftmaxl«_li‘Slﬁ'%pk Z - .

Eﬁﬁiﬁm- B FRZ 57 2K (0] =0 3]

» Euclidean Loss

[ | N _1 N R
?J %r—’liﬁ E=W2n=l

Vo= Yal,
SRS SKHYERYI[6)H R
» Sigmoid Cross Entropy Loss

515 BR 3 - E——Z [p,logp, +(1-pIlog-p,)]
Em%m.ﬁﬂﬁhﬁﬁﬁﬁ AT ZiREFS]

» Contrastive Loss
R eRE: E= %le[(}’)dz +(1- y)max(margin —d,0)*,d =
BRI REEEF]

a,—b

n

2
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HETNALIE (Data Preprocessing)
FEMT—1 -

original data zero-centered data normalized data
0 0 10
v §
S S 5
0 s i f I
-5 -5 -5
v
e S 19 R0 B 5 1) 4T 10

X -= np.mean(X, axis = 0). X /= np.std(X, axis = 0)
— BRI AR A1 JRIGI24Em NS R . PIE]: fEREANERE AR %

FEMEE AR E P oEdE, RS SR DR oL B AR
3 DAL AR o 22 Sfe 1 B LA Y T
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HETNALIE (Data Preprocessing)
PCAFIE L :

original data decorrelated data whitened data

10 10 10

T E 2 X 4L hAZE 2R NEMR

i RN R G E R . . S PCABRIER SR . ATLE MAWE 2T P 0r, RIa2eis 7
B 7 M R R b IR BER AT 1 A (W7 EAERE AR O fRED o AL AN
FERBRFEAE R ME VO, Rl P 7 2 AR R A N A AR R . LT B, il Xt s £E 2457 7]
EA R AE, A2 AR R A TR T 3 A ) A B A

10
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WEMIRK

1. EFMiRL (ERNAMEATR)
2, INEVLE IR (o33E, FRAEEDSDTH)

W =0.01 * np.random.randn(D, H)

3. FEHUsqrtm)BOETZE (Xavier #1351L)

W = np.random.randn(D, H) / np.sqrt(D) output layer
input layer

hidden layer

18 Fsqrt(D / 2) & sqrt(D)
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Batch normalization(2015)

fEENGEEFZHENNE, ZENHHEENPHIESNE, W, ¥TT—F,
BETRAZIENDHRET, XMEWALESMHNE, T DNN AIEINFES]
FFSE, MmEm DNN B930R . DNN 4 7 MBI A BB M EHRNRE, &

EFEZERIAESE, XS FII%EE T

r(k) _ E[x(’“)]

v/ Var[z ()]

A
1, EE—HE LITERARY
N eSS
X 2. 13—
\ zF) =
D

BEMESRENESEZERT, FLMTHRETHE
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Batch normalization(2015)

- BEREYA—, &% 7 EEAMEE mh
» IRIRWC5x~20x, FlEHEAR—MEN L EARBIES TiZLEE

Input: Values of = over a mini-batch: B = {z; ,.}: i |
Parameters to be learned: v, 3 "
Output: {y; = BN, s(z:)} . - eemmm—=—=== -
HB — — Z T; // mini-batch mean -
‘—1 = = =Inception
; ; - - BN-Basell
O — — Z(I,‘ - ug)? /I mini-batch variance 05 BN
M =1 BN-x30
il +  BN-x5-Sigmoid
B /f normalize | o, . $ Steps i metch inception
,/UB: + € ) 15M 20M 25M 30M
yi «Z; + B = BN, z(z;) /1 scale and shift
Figure 2: Single crop validation accuracy of Inception
Algorithm 1: Batch Normalizing Transform, applied to and its batch-normalized variants, vs. the number of
activation z over a mini-batch. training steps.
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L11E M4k

T wilE B iRREUEI— 1A w]. LIENESIEREREE
R EESZFRER (FBEL) FTRIWAUNLFEFEFE.

L21F M4k,

S F RS RGN Ew, B ERERTEM— Aw?, L2
o] B IR AR 3 T RSB AN E R AT R 5 5T

1
Li1+L2: ),1|W| + Elzwz



. CNNEitigEta
Dropout(2012)

> 5| ABernoulliffE#l #u, p{X Fdropout ratio

= fu>p

Ytrain — { S_I’ Where, u ~ U(0,1)

otherwise

E(Yirgin) =P 0+ (1 —p)

» MR MTEZ : Do Nothing

~ IEMMLFEr, REZILREN

(a) Standard Neural Net (b) After applying dropout.



.
. CNNZSIEE FHhisiFat

OCEAN UNIVERSITY OF CHINA

LeNet(1998) 5 HA =R

— C3: f. maps 16@10x10

: feature maps S4: f. maps 16@5x5

INPUT 6@26x28 ps 16@
S2: f. maps

6@14x1

LeNet

ussian connections

| Full contection ‘ Ga
Convolutions Subsampling Convolutions  Subsampling Full connection

 Convolution:
* locally-connected
* spatially weight-sharing
« weight-sharing is a key in DL (e.g., RNN shares weights temporally)

e Subsampling
* Fully-connected outputs
* Train by BackProp

* All are still the basic components of modern ConvNets!
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AlexNet(2012)——JF B =H

AlexNet

11x11 conv, 96, /4, pool/2

LeNet-style backbone, plus: T — !56 oo/
* ReLU [Nair & Hinton 2010]  JEZBME5E F \ 4
* “RevolUtion of deep learning”* = CO;V' e
* Accelerate training; better grad prop (vs. tanh) 33 conv. 384
* Dropout [Hinton etal 2012] B 1FiTHlS \ 4
* In-network ensembling LS Conv'i%' pool/2
* Reduce overfitting (might be instead done by BN) fC, 4096
* Data augmentation  #igigr- - X)%
* Label-preserving transformation C’*
* Reduce overfitting fc, 1000

SCIR Y REFEIIZR: B 5K ImageNet B {RELHE
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ZFNet(2013)——ILSVRC-13

image size 224 110 26 13 B 13 N N
filter size 7 13 3
$1 384 ‘1 384 256 m
I N
lstride 2 96 3x3 max C
3x_3dren.-;x pool| | contras pool 4096 4096 class
o — qr stride 2 units| | units| | softmax
\3‘ ss|L | ° g
2 | 6 256
Input Image —"\ o =
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output

AlexNet¥ 13:
CONV1: $(11x11 stride 4) B (7x7 stride 2)

CONV3,4,5: &8 28512384, 384, 256 B A 512, 1024, 512

ImageNet top 5 error: 16.4% -> 11.7%
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VGGNet(2014)—— M EIFE

[ 3x3 conv, 64 |

[_3x3 conv, 64, pool/2_|

Simply “Very Deep”! o
 Modularized design L%t P
* 3x3 Conv as the module REEER ___,Q
* Stack the same module 3 3NEIRE '

| N3 conv, 256, pool/2
W

* Stage-wise training % =i poo,,fi
* VGG-11 =>VGG-13 =>VGG-16 ( : zz
* We need a better initialization... >

* Same computation for each module (1/2 spatial size => 2x filters)

3x; 3co , 512

on 512p

[ fc, 4096 |

[ fc, 4096 ]

[ fc, 1000 ]




B onnesim

VGGNet(2014)—— M EIFE

A2 AREHEER 3NERIZKE

ﬁ\ AEI(5*5. 7%7)EFRE%?

| 4 /\ / 1. BREHFEE BN NERERRKENT
- /\ \ / s sHBRE, B—MEESREREs sHK
/ \\ R
l//

X Y [ / 2 EOHBEE—— A M NERERE—

v/ I / /
ll /I N7 7ERESEER55%;
] 7 3. CNNIMHEMZFE I ER——34 330

EREHALLIN77THNEREESNELME
#H




. CNNEIEE
GoogLeNet(2014) ——IE NS FREBRTh§E

BR: BHiEENSHE

1. XASRER —BREENEREET
BT, BAAIHIIN T U4 O BRI e

2. Batch Normalization—— 385 7 48 325 Al \’
HER, A TERNZAEN P

3. Bottlenecki¥ it——73*3/5* 552 A% A

concatenation ‘

I tion Modul
R R ATRE . SRR THET BUR D Ej.’ﬁf;‘;;;"w;ﬂ“?;
KHHRILRE, FEIIGEESH Z RN

1*1E5RNER:
1. PE#E 2 EMIELEM EEEHAER
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VGG-19 34-layer plain 34-layer residual
ResNet(2015)——fi# R P 2% 2R J& ] 31 = |
= [ ::':ﬁ [ Wewen |
CIFAR-10 ImageNet-1000 5 oo | .:;f.. ,
56- SR\ ek e
-layer \‘-\.W_“ st .
/ L314-:ayer 50 \\ . [ me;-.u_i
g 2- 9 N\»,v 33 com, 64
g < 2o-|:z:: Fo e Iayer g ete EEE—
L2 ¥
) :p::!n.ig ‘ E ,\\i - /‘j,/ 30 \ : :;’: J] [%:::: i
0::;::%5:?'; TR solid: test/val B e 18-layer o . —
: : itez.(le‘x) ! : 2 dashed: train “o 10 20 iter.(lgg) 40 50 [—'—‘"T“
[ weomwm |
i L n:}:su ] l[ 11:: 11
¥ L2
[ 2 : e —
[ omsuz | [ oowmse |
3G, 256 |
EARETINHEMEARER, SHIEERL, BE — =
[ u-:.n- ]
33 conw, 256
WESE EARBAZERN, BHRHSESEMRENSS = ie
o0 ook, /2 r“ﬁT—’!'s‘ﬁ.T]
BUET R T ——
[ eomsz |
¥
[ 3acoms2 |
‘ s h!c-'n.!n
:‘1‘ ] [ %o |

Il A\ shortcut connection, IEHFKEZFZ] ——
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ResNet(2015)——fif /R M 2% 73R & [o] #3

BREFEBRHEZMEZNMARy, HEREZH(x), 0
REEEWAEZEREEAMBER, BALEH
mEFINBIRMEF(x)=H(x)-x, BI¥%E
- X ResNetHwXMER LBRTREIEFHEEER
dentlty  |aER, BT EBERANGESEEIRY, RIFE

weight layer
F(x) ‘ relu

weight layer

F(x) +x = E’]JB%'I‘E %AM%WJ/\HEE'%E%A\ ==
ﬁﬁﬂ—%ﬁ.mﬂ%jﬁhﬂﬁgo
REFSI BT
RES S

1. 2IX??TVGGNetEI'J ERRRESNE, BETEREREGTNERE
2.57 F 7 GoogLeNetAJInception Module

3BRHREFES, FIFCNNMEZRRESE TRANEH. BRIIEKT

1522 RAIMNEE, —2EET T HEILSVRCELFEIITEE, top-5iHIRRFEMR
2£3.46%,

— Oloss Oloss Oxy, Oloss
$L=£E3+ZF($£,I"V§) = : = ( 3$L ZF(fC )

3:1‘:; Ox L 3:!:1 31?1.

i=|
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ResNeXt(2016)—— & i B 2

- A —~ ResNet-50 (1 x 64d) train stage | output ResNet-50 ResNeXt-50 (32x4d)
—— ResNet-50 (1 x 64d) val convl| 112x112 7%, 64, stride 2 7x7, 64, stride 2
—+~-ResNeXt-50 (32 x 4d) train 3x3 max pool, stride 2 | 3 %3 max pool, stride 2
45 —— ResNeXt-50 (32 x 4d) val Ix1.64 Ix1.128
conv2| 56x56 ’ .
3x3,64 %3 3%3, 128, =32 | %3
40 | I 1><1,256: I 1x1,256
\ 1x1,128 1x1,256
3 conv3| 28x28 3x3,128 | x4 3x3,256,C=32 | x4
Bear | 1xl 512 | | L, 512 |
;—; [ 1x1,256 | [ 1x1,512 ]
230 convd| 14x14 3x%3, 256 X6 3x%x3,512,C=32 | x6
| 1x1,1024 | | 1x1,1024 ]
o [ 1x1,512 ] [ 1x1, 1024
convS| 7x7 3%3..512 x3 3x3,1024,C=32 | x3
| 1x1,2048 | | 1x1,2048
=0 _— global average pool global average pool
* 1000-d fc, softmax 1000-d fc, softmax
15 ‘ ' ‘ ' ‘ ‘ 1 ' ‘ # params. 25.5%10° 25.0x10°
0 10 20 30 40 50 60 70 80 90 9 9
FLOPs 4.1x10 4.2x10

epochs

&

BEE MR MK BER, MENBSEMEREE, XEmMNLERY)I4EE
MLEEM . MVGGNetHIResNet RBUREEE R AR LD T SHEE, Fr
PUEE X % v FlInception module (B E B 1T T B S
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ResNeXt(2016)—— & i B 2

Inception: ResNeXt:

e

LR TFResNet HAZANEREREETMK, FEEBREFIHETT;

2.l Finception module, FPMRRE L FE&1F(path),{BE ZResNeXtHEFA
PathHY 12— R ;

3.5t X pathiYEE, EHERE T — N FT% Ecardinality, SKIGRAAIE ML
LB M RV R EHEEE S

AEBBEARBIOIBERAT, MEERMERET IS ResNet HY
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R —— M SRR T g
ReLU

Xception(2017), MobileNets(2017) SeparableConv 728, 3x3
gzl;:rabl.eConlv 728, 3x3

ﬁlﬁ . ::I;:rabl.eConv 728, 3x3

Xception=ResNet+Z 3 JF HYInceptionfE B —0
FInceptiont&E Ik H1 1Y EFR R {EZL A depthwise separable convolution ™% = ™

{1+ 4 2 depthwise separable convolution :
=depthwise convolution + pointwise convolution

Depthwise convolution : 1 I

K

EHNEMANSNRERMSERZMER, FERE M
]E Z Ié] /ﬁ ﬁ X ;ﬁ (b) Depthwise Convolutional Filters

pointwise convolution:
A i ERH#ATERERR %%% %

Dy - DK M-DF-DF+ZW-N-DF-DF = —s

l_l-ﬁEiE*T\-/E%*/\E,] _ D M D Dr (¢) 1x 1 Convolutional Filters called Pointwise Convolutio

]_V D_ IthpthwnsSparblC volutio:
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A2 BRtEi?

Classification Object
+ Localization Detection

OCEAN UNIVERSITY OF CHINA




. Object Detection

%45t B #rie M 777k
XHEFE — SRR RE S P S

NERHUMBHTEN BTFEFNESSHEE  SEERMBEXRMNBHETSE.
. HFARANMIBRE , ABREASHME, &¥ 2 TEHSVM. Adaboost
JREENERGNES SSEMSEREFESR 2 F

B, FINRWMRAR 4FERI—1E2E0

HE ONERNEIEE  F{E(EASIFT. HOGE)

GiTRG, MESE

BRERARHRE, FEH

HIK B L

FEANTERE: —AEETEDEOMNRKREERLIEHE, Hgs

,%"ré}?’c%‘ , BAORSR:; —fFLRITNFEXN TEHEENZEAFXERFNESE
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R-CNN(2014, CVPR)—— M 432K F1| 44 3T

aeroplane? no.

person? yes.

il L | | tvmoni.tor‘.’ no.
1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

R-CNN AT B4 YR T2 :

1. $REN20001 Z£ £ Bregion proposals, HJREES R [X 15 (ROL region of
interest)

2. XFH—region proposal i§ H 48 HI pf227* 227 K /NS E R A EICNN
R BUAFAE

3. FIREBIHYEF P region proposal FFF{ER A BISVM 73 3 8% gt 1793 26

4. SHEME#HTHNER B EABROMNE




. Object Detection -m;z\ézwg»
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14 #&region proposal?

RETHES B ROERKE., Region proposalfi/h T BARIEE
HSEE, FERMNAAXNERKEGHITED.
R-CNN{E F 7 selective search$g EXregion proposal

Bottom-up segmentation, merging regions at multiple scales

selective search 3 22 B 48

FIRE BT EFE G E

BARE N, AREXIEE  Convert
EHMNEFHTgEM RS regions
HBBWARXE, R&BHE toboxes
7 X 35
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R-CNN——ijJllZ&3hm=

R-CNN Training

Step 1: Train (or download) a classification model for ImageNet (AlexNet)

Convolution
and Pooling Fully-connected
layers
> —> H—D —> Softmaxloss
’ el Class scores
Image feature map

1000 classes




. Object Detection

OCEAN UNIVERSITY OF CHINA

R-CNN——iJI| 472
R-CNN Training

Step 2: Fine-tune model for detection
- Instead of 1000 ImageNet classes, want 20 object classes + background
- Throw away final fully-connected layer, reinitialize from scratch
- Keep training model using positive / negative regions from detection images

Re-initialize this layer:

Class scores:
21 classes

Convolution was 4096 x 1000,
and Pooling Fully-connected now will be 4096 x 21
layers
, > — — —> Softmaxloss
- Finalconv
Image

feature map
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R-CNN——iJll&RTE
R-CNN Training

Step 3: Extract features
- Extract region proposals for all images
- For eachregion: warp to CNN input size, run forward through CNN, save pool5
features to disk
- Have a big hard drive: features are ~200GB for PASCAL dataset!

Convolution
and Pooling

pool5 features

Region Proposals  Crop + Warp Forward pass Save todisk




. Object Detection *f(&iﬁ}’k%

OCEAN UNIVERSITY OF CHINA

R-CNN——iJll 45572
R-CNN Training

Step 4: Train one binary SVM per class to classify region features

Training image regions

Cachedregionfeatures

Positive samplesfor cat SVM Negative samplesfor cat SVM
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OCEAN UNIVERSITY OF CHINA

R-CNN——iJll&RTE
R-CNN Training

Step 5 (bbox regression): For each class, train a linear regression model to map from
cached features to offsets to GT boxes to make up for “slightly wrong” proposals

Training image regions

Cachedregionfeatures

Regression targets (0,0,0,0) (.25,0,0,0) (0,0,-0.125,0)
(dx, dy, dw, dh) Proposalis good Proposaltoo Proposaltoo
Normalized coordinates far toleft wide



. Object Detection

R-CNN——ft =

1. Training is multi-stage pipeline

FFHERE. 2. (MBERPAFEHE S FIIZLE. JIZGEESR F(
IZRT 87/\BY), T BT HZE{R B region proposals 2 FF{E IR BUF HY
M, BhAXRE#RETE
2. WER

FHERBURR, A region proposal FERIMAIE, SEEE
18, GPU_L47s/3K
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Fast R-CNN(2015, CVPR)

Outputs: bbox
Ti— Deep N softmax regressor
L] "ConVNet S C ul [ ]
i | Rol :tj FC
||| | pooting
ko (| [l
Y Sraro
SN Conv X Rol feature
featu re map vector For each Rol

$TXR-CNNTFFEAY[a] @, Fast R-CNN#RH T :

1. ROI pooling/Z: 1§ EE K E R A EI ML th 5t o] I EFr B ROIAY
A

2. single-stage training: ¥ H Az K FALE B VAR B 21T



. Object Detection

ROI pooling:

: Divide projected
Pr‘t)JefCt ;:roposal proposal into 7x7
onto features grid, max-pool Fully-connected

within each cell layers
Hi-res input image: Hi-res conv features: Rol conv features:  Fully-connected layers expect
3 4 640 X_480 512 x 20 x 15; 512x7x7 low-res conv features:
with region for region proposal 512x7x7
proposal Projected region
proposal is e.g.
512x18x 8

(VarieS per proposal) Girshick, “Fast R-CNN", ICCV 2015.

1. HE Ik E RN\ #HCNN 15 F] feature map
2. FEEHFROIFY A IR S Bl feature map F, 52X X i
3. XHZXE# Tpooling#R{E: HTRROIBAK/NARE, ATl
?;)Iﬁﬁﬁlﬂikll\ﬂ'\] 4% (aN7*7), TEMIE R F#EfTpooling®R
EE PR BROIEERFMETTERNEE, ABEIROI pooling#f
%{’Eﬁﬂﬁj{ﬁﬂ% HEISAEF AR KBRS, RAKHE THIER
N HY [EI



. Object Detection

Single-stage training: Fast R-CNN

(training)

WK 3k 5 A E B VB & &K H B multi-
task losst {TEX R lZR, XTF—ROI, HiRA
KREEXA:

L(p,u,t*,v) = Les(p, u) + Afu > 1] Lo (%, v)

Trainable

L. (p, u) A9 5K (cross-entropy loss), p=(Po, ---» Pk)
pAsoftmaxfyfitt, XN TFHE KNS EBTHD, vANN

class label

ConvNet

y

-\\if -~ 7 \,,“ AN
Lioe(t%,v) SRR EARK, AR B RN I
predicted boxFlground-truth box 5SROI Z |8] f4{mF% (offsets)
’ Llocﬁﬁ%miﬁi&ﬁﬁﬁ

Ligslt™; w) = Z smoothy, (t¥ — v;)
1e{x,y,w,h}
R [u > 1], FTrRAFROIMNIRE AT = EHIR(E
=APRF AR A TTEALE BT K




Faster!

FASTER!

Better!

. Object Detection

R-CNN Fast R-CNN
Training Time: 84 hours 9.5 hours
(Speedup) 1x 8.8x
Test time perimage 47 seconds 0.32 seconds
(Speedup) 1x 146x
mAP (VOC 2007) 66.0 66.9




. Object Detection

Faster R-CNN(2015, NIPS)

. classifier

Rol pooling

* Faster R-CNN=RPN + Fast R-CNN —_— P

.+ FEfeature mapfE I ARPNR 4448 % 37 B 18 /

Region Proposal Net |

AYRegion Proposal}ij%, RPNF]Fast R-CNNI =

feature map

ERESR, F3FrimElimayillk

- HEBERS, GPUo.2s/5K




. Object Detection

=]
A ZRPNM L ?
Region Proposal Network, J&iddeep learningfy 7y classify regress
. obj./not-obj. box locations
I, BE5/EFRIFast R-CNN#ETTIRE] vl F scores coordinates
3, MimizElregion proposals \ t
256-d

* RPNZEH—F M8 H 2 A feature map
« FMEXNF—PMHE:

L SR B ARE R B AR T % | \ .
2. T E BT ‘. slidkag window

~ convolutional feature map




. Object Detection

anchors

+ H—HE FLSBNTSRE X HFiIbox

, ¥R Aanchors

+ AnchorsfIAMIKFELARRR, fsk L | [t <= SR
HEH) T A 1 T R A /NG B A A 1 |-
« FMLIFanchors# TR S5ME EIT e

) intermediate layer o
1. & NanchorsH W EIFE, AIEHIR t s =
EBHR, BrIA9>ED Ay aKE \ N Ay

_;}J 2%k .
2. X‘J’ﬁjl\amhorﬂﬁﬁiﬁ IEI yEI ’ ‘?% *_sliding window
AN RIR A B MRS, FTIAEIES conv feature map
XA K E 47k

B3 F 200001 anchors, FEHscoreTx = BY R 3007 anchorsfE A Fast R-CNNM £& B
region proposals
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W&k

Classification Bounding-box

loss &] regression loss
Classification Bounding-box

— 4%, HKERRERR ”

S 1 v

RPN 5Fast R-CNNEc&l1%x, B PU M loss:

e RPN classification:

* RPN regression: proposa'S/E / //
anchor épr oposal Region Proposal Network

* TFast R-CNN classification: feature map

03K, FlErBiREH

* Fast R-CNN regression:

proposal=>box
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R-CNN. Fast R-CNNE5Faster R-CNNRJLLE:

Bounding box | Feature Classification | Test time mAP(VOC2007)
Selection Extraction per image

R-CNN Region Deep SVM 50s 66.0%
proposal learning

Fast R-CNN | Region Deep learning 2s 66.9%
proposal

Faster Deep learning Deep learning 0.2s 69.9%

R-CNN

R-CNNZR T [ B4 h—HE FproposalsfI 7%, HEAEEE
proposal, RJ5fEproposal Y& _E FUN1F 2 B #R1E (bbox) . F (1T
IXAFRE A two-stage method



. Object Detection -fmsé}w

Detection without Proposals:
* YOLO(2016, CVPR)
e SSD(2016, ECCV)

v [ ] |
. =211 :! - .‘
| : . .
> Bounding boxes + confiden

) 'ﬁﬂ
ﬁn d "*4 -

S x S grid on input

Class probability map

AN BREBEIRPN= & proposals, HIEET IS E X T Hanchor X H 1T
K KHLE EVTSF E]bbox, BJHanchor>bbox, FA1T AL T 7%
FR Aone-stage methods
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YOLO(2016, CVPR), You Only Look Once
TREE :

1. 5B {Rresize448%448, F X5 B
7* 709 M 4%

2. MR E SRS A TIRIER ) =\'g" =
BE, BERANEEEERTION: Input image Divide image into grid
a) N MIEE S FNanchors(A 1£984) 3xHxW , - ﬁ?«—“/?\ -
, XEALE (x,y,w,h bj & BARA O E A M

congc%:ii%%ﬂﬂ)&ﬁo e , RS MAgEE S STAS M IZ K

b) X% P 4& 3 1793 K (2028)
56 33 4 . : I,
AN NP xﬂx@

3. 13 JEEbbox 1S F

7
1024 30
Conv. Layers Conv. Layers Conv. Layers  Conn. Layer  Conn. Layer
1x1x256 }x4 1x1x512 }XZ 3x3x1024
3x3x512 3x3x1024 3x3x1024
1x1x512 3x3x1024

X
3x3x1024 3x3x1024-52
Maxpool Layer  Maxpool Layer

2x2-52 2x2-52
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YOLO(2016, CVPR) &l anchorst s dpredictions(a M i robject confidence), /= HLAT

TE M A& AY20 class probabilities 2*5+20=30

Inference
L=:

© RER 45hi/s »
EENBREBREERN 3 ;
feature mapiB it £EEE — i,

L= 32, bb1 bb2 bb3 b ,’/ n;%l;\es
77, HanchorsBYEH X ,_ il °
KK (98 VS 20000) ’
“‘gr\id cell (7, 7)
ﬂ} deepsysfems.\i;\‘ i - 20x1 20x1 20x1 20x1 20x1 20x1 20x1 20x1 20x1 20x1 20x1 20x1 20x1 20x1 20x1 ®

=

« YOLOXNHEZENRIENYEFOEEEER—MEFLENER), XA A
— AP RFON T ENME, FEARBT—%,

o MRXE®H, YE—XPEERNAERNKELLMEMBEREZAEIES.
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R B BUK T

F T~ Plig P Ebboxe & Th FiXobject
4 gy h

‘3objectfﬂg|ound truth boxl‘:“]loUm:‘(ﬂ‘]bbox
MHiZobject {
Pr(Object) » TOUh ;=>—1: confiden R ."I

4 xywh Acoord Z Z 137 [(:m — &) + (yi — 171;)2}

i=0j=0

Pr(Object)  JOUruh

1: confidence

oot 3 SO — V0 + (= )]

i 0 j-0
““fHobject
#bboxH]
\ Confidence +Zzl (C G)
20 \ | T i0j0
Pr(Class;|Object) — 20 xywh AN

5§ B ) R
Fhnoosy . 3157 (Cy — i)’

i—0 j—0

2 317 52 _
NN ile) - pule))?

i0 k. classes

/
F W E EH objéctBy B Mg
Mg A EHobjecthIHuls,
AR Zobjecti 2 BB E




. Object Detection

SSD(2016, ECCV), Single Shot MultiBox Detector

38x38x512 19x19x1024 10x10x512

300x300x3

Input Image

[

HEXFYOLO By B3k :

o EIFEFE L R Efeature mapi= 4 2 anchors, XH—3anchorsEt A

EXMIBRZE, SRTFENEARERENDE

* YOLOFUMKEHEFEAEEEZEE, ZEETHMNMERFE, BitEEKX. SSD
RAERERELEEE.

FERIEYREAIE Bt SCIL T BREAST, A F] T 59Mi/s
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AERRMETHN:

— 5*5%(4+21)

4 offset 21 class
]  5*5%(4+21)
150 default S it isc uu (O790) "0 N R SR L AN 090909090 P PP PP
hoxs
- —_—
4 offset 21 class

5x5%(4+21)

iX B HERZHTTIUN, UK/ A5%5* 2568 feature map A, FMIE
H6anchors, FTIXFBEFUMEIB6*(4+21), FrIABFRIZAIKRINA3*3*150



. Object Detection

mAP
YA ] m | .
Faster R-CNN
SSD

FPS: 7
Fast R-CNN mAP: 73.2 FPS: 58
FPS: 0.5 mAP: 72.1

mAP: 70
YOLO

FPS: 45
mAP: 63.4

R-CNN

FPS: -
mAP: 58.5

DPM

FPS: 0.5
mAP: 343

| | I | N
Nov 2013 Apr 2015 June 2015 Dec 2015 Time

ETCONNRBFRENTETED AWK
» |AFast R-CNN, Faster R-CNN AR AJTwo-stage method, H
anchors=>proposals=>bbox;

> PAYOLO. SSDAXFKMIOne-stageF77%, HHanchor>bbox
B Ftwo-stageJ77E = H proposalsid 8 T AEM A, FFH ManchorsE|bboxZZfh T F

KRINLEEIVT, FrIABEE T LbBAFRIMERE; Mione-stageJ7 7k B ## ManchorEl|bbox, =
REMRE EFAAXREER T MRESERREE.
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Classification Semantic Segmentation

4y EX 3
Instance SeﬁgAmentation
B ARt <5143 1
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Classification Bounding-box
loss regression loss
Bounding-box .
regression loss Rol pooling

Region Proposal Network

Classification
loss

feature map

)

Faster-RCNN MASK RCNN
CHFREI)D (S 430D
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Instance Segmentation (Mask RCNN) <4uisisx#
Roi«
Pooling
X

i I - | O
f— | e |

Faster-RCNN-5 Mask RCNNZE: #4 %7 bt &

ARSI Faster-RCNNSE 1, L0304 NTE Faster-RCNN 2% | 1 cksdt, JFEan -
D WmAEE;

2) FEESK 3 NCNN,  BEAT A AE SR B

3) FIFPNA: A& 1Y 7 K (proposals), K &A= BeNAN & &

4) A H LS 2CNNIY i 5 — /245 # feature map_I;

5) JEitRol Align/Z 5 Rol A i [H 52 X~} fiifeature map;

6) /o FIHAER L, HHE, maskEgEATEIH.



-~ box.
regression

fully connected
""""" layers

......................... fixed size feature map

classification

RoIAlign layer

............ feature map

————————— convolutional backbone

Mask RCNN 4% 7~ = K]

Instance Segmentation (Mask RCNN) <4uis

S o ®
-

E@i

37

OCEAN UNIVERSITY OF CHINA

Efaster RCNNHJ X 51

1) fii HResNet101¥ 2%

2) HIRPN R 2% H228 Bl FPN P 2%
3) ¥ Roi Pooling =&l T
RoiAlign/Z;

4) UsINIEFIER] Mask 73 35

Region Proposal Network
_).
Feature Pyramid Networks




Instance Segmentation (Mask RCNN) «m,@}w

ROI Pooling k)5 B

ROI Pooling HI1E FH A2 AR 48 T AE F A5z B AR 7 S Ak B HoRs AH . X i Ak
& RO IRFHIE ], DME AT 5 2280 0 AN a ERE R H 80 . B3R 9.

1. ¥ proposaliitit Zlfeature mapxf Moz &
2. R a0 X 3R 2 9 A [R) K /N B sections
3. XtEEsectionsi#{Tmax pooling/avg pooling#/E

7 R -

1 - TGe A )7 B 38 2 AR B R B, — eS8, it
PIRFE B R RST [ 2 » #EROI PoolingiX — A EAEAE ik AL il fE . B
1. Bl e D A= o B Ak b E

CCHEANE R A X FI Rk Xk ARG
%ﬁiﬁﬁ%ﬁ%, BEI REHE C 2 M B IT 46 B3 K RAIAL BB — € KR
%, XAMRZE SRR B 2 B R



Instance Segmentation (Mask RCNN) *f(&,&»fx&

OCEAN UNIVERSITY OF CHINA

ROI Pooling k)5 B 4

ROI Pooling f_F A 7] @4 A ILEC Bl B (misalignment) , tHEIsegment;g
pixel-level[fJ/£55, 1HZROI pooling g 2!k &AL BAE S 1 %A X455 .

* RolPool breaks pixel-to-pixel translation-equivariance s
®
“‘\* ;

RolPool coordinate
guantization

>

Rol

riginal Rol

©)




ROI Align [ EE B4

Instance Segmentation (Mask RCNN) -mfé}w

UNIVERSITY OF CHINA

N T R RROI Pooling Y iR Ek 25, Mask RCNN#E H T ROI AlignZ& 1%

ROI Alignffy =28 % HUH EALERAE, 8 XA N 36 0 J7 15 3R 13 AL b N i )
B 5 BRI EREUE, TR BN R R R R A oy — M ZE 3R .

conv feat. map L
i o (o o
Grid points of { > o | ® o
bilinear interpolation
e e |0 o
e e | o o

(Variable size Rol)

(Fixed dimensional
representation)



. Instance Segmentation (Mask RCNN) ‘ffﬁifﬂ’?
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Mask H T

Mask RCNN#1 ki #: L = Lys + Loy + Linasic

softmax
\ sigmod
R v i R s o sl

KEMVRERIE , EEIN80

X BERPIFREH7x7 K/h\BImask

A ALAKA LA, masky F1 7 SCH R 4EEEEK*M*N, - M*N Y EHE RS,
Wi B R A = KA A Mask (B> )45 H sigmoidfay H D



. Underwater Image Enhancement

@ KTFIRBARST, & TS KERMGGTAINL, 5T, FHATHAEEIRIER
E 0987k, KT BGRB8 %69,




. Underwater Image Co-Enhancement

(—) RAFE

B JUF PR IR 69K T BRI 5% 75 ik AR R AT AT 5 a2 B AR A9
Wb EAR AT AR AR GO R 2R & A AR S A TR AY

B AR —AKTHFHENERESELELT RO R FE, & KEWEFEA
38, TAHY BRI RREIIME L, REIEEER,

N

B XK FAKRT BT



. Underwater Image Co-Enhancement

B UICOE-Net M % & 4

Elz|2|2|z|3
S5 |2|5|5 |2
Double Conv - > —
v
B FARARZEMET (Conv-Units) B 50 KR IRAFAE IE AL 28 4



. Underwater Image Co-Enhancement

(=) KTEREWIR¥ERZERRL%: UICOE-Net

=/ )]
(1
VA
- sem . -’ ’_'::::::-
@) ’ fA (/) fa€ =’i’ fé
4‘ 3 E
-y Cim (i) S
AN max
f Asem Cross-comrelation . : 4l ﬁ »}L(lr} )é
Fsem
f [
Cig™ Cigm o Fgem
(m,n) & ;;::.'l—lj —
g 2™ (m,n) .."
fgem -:-:-:-:-:-:-ﬁ —
5" BV ek B (i)

B XKZLETHTER B WHRIFAEEA SHETER

CEE™ (i, j, k) = (£5°™ (0, ), fge™(m, ), Bip = AinfBksem)

(L, A= (m, n) 2 B R AFAE B e A f5eM b 0945 H & 3],

EH(a, by & T @ Zatebty wRAR,
k=(m—1Dwsem + A KLEFEC;E™ 093818 % 5]

, FEEBM)ER—— B LR, wem AT RY T,



. Underwater Image Co-Enhancement

(=) KTEREWIR¥ERZERRL%: UICOE-Net

. lOW(l ],k)
= (FRM D), F5T R ) X AFO G0 ), F0 Cm, ),
E% _b CI::I T
= — |l 1K B % JE AR 69 IC B 15 3 8 B35 LA AER 31 3, )
‘ TR 5 R
:‘—b low __ low

B KR KBRS IC B T4

(Z) MEBEK  w L-loss: FMMERE S AL ME%E 6 £ 5,

Ng Np
1 1
Lan = D (B = Ra®) + 1= > (Ea®) =~ Ro(D)’

H A E FoEg Al L, Fnlg FIUICOE-Net £ s 6938 3% B 1%, RyA=Rpi& Bl T80 5% 3R,
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. Underwater Image Co-Enhancement
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. Underwater Image Co-Enhancement

(W) KRBRBIEL S ATkt
| o Etile
> UIEB%: B4 X

!

B A5 RUIEBRAESR L5 REA KT BRI R 7T Lagr b4 e o e

14.1921

A FGAN

eyl MLFcGAN 16.5759 1.7473 0.6407
FUNIE-GAN 18.8872 1.0637 0.7945
U-Net 20.2393 0.7607 0.8578 B UICo E-Netéﬁ %Ig éy\}%ﬁy % 2k %/{t ﬂ:'—#(
Cﬁf Cj/j WaterNet 19.5732 0.9744 0.8532 FEELZHAEIERR

UICoE-Net 21.7456 0.4711 0.8944




. Underwater Image Co-Enhancement

(W) S£IBIESHH7 K ik E
> UICODEBR 42 |

raw CLAHE Fusion Retmnex HistogramPrior UDCP CBF Two-step ULAP UWCNN  MLFcGAN FUnIEGAN U-Net WaterNet UICoE-Net  reference

—
/ ’l
{ 1/ }
iy )
] % v
cem e ~
g \ g < A
N N
¥ 3

, %
T \
| | N
;' i , . "r‘. ‘ " *‘ k s " g
X4 ’ N B NG % »., __‘. ) b -
A | ey et : ¥ N -
4 W Y ) % 3 ’ e ,
» B
G

B A7 A5k 7 kAo UICOD#IE £ B4R L6938 3% 45 7 4 tb =17



(W) KBEIELS D4

» UICoD3:EE 4 X
B =5 KUICoD##E & £ 5 R & MAKT BRIG®RT Loyt bsd

UWCNN 0.6674 14.2166
# FGAN

0.7066 16.7418

R % MLFcGAN
FUNIE-GAN 0.7702 17.8983
U-Net 0.8379 20.6821

G =

“. 0.7742 19.3246

CNNZZ 5 WaterNet

UICoE-Net 0.9124 23.1643

. Underwater Image Co-Enhancement

[ CARE T [ osis T T aTas RIS T m stk b, Ak AUIEBGE S E

B PE AL, M 3% H ik £ UICoD#
g B R SRR T,
X BLPAUICOD & — ANt £ A
PR PEAGRIEE .

Ad, A AR i 89 UICOE-Net
Tk R TSR T, R
mugh ES, E—wAEE EiE
TR R RS TREA
HR % KA KT B A A A
By SR RE




. Underwater Image Co-Enhancement
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