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88 1. R-CNN

R-CNN: Regions with CNN features

] warped region

1. Input 2. Extract region 3. Compute
1mage proposals (~2k) CNN features

N = BRI NITE FEMEEE
ANER 20000 ERmONNAE

aeroplane? no.

person? yes.

tvmonitor? no.

4. Classify
regions
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Ross B. Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik, “Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation,” CVPR 2014
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3¢ 1. R-CNN: ﬂi 7% X 12} A Pk,

egigns with CNN features

= wi{rped region ﬂ‘ aeroplane? no. |
= =\\ I-l>| person‘7 yes. |
CNNN :
____________________ 4‘ tvmonitor? no. |
: 3. Compute 4. Classify
proposals (~2k) CNN features regions

¢ Selective Search(SS, UEFHER): RIERE. 508, RIMTEIRZRSHEUERRNLY
2000 region proposal ((REEX1E).,
& FEA)EA:
v SITEKEGR, CEEIYMIZEERregion proposal e
v ZEFIESREIE M region proposaldy4FHiEEZE KERIF eI AR
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BS 1. R-CNN: %—E‘I
R-CNN: Regions with CNN features
= warped region ﬂ{aeroplane? no. |

s

"; =T = person? yes. |
r H CNN\ :
i P/ st [ S R A‘tvmomtor? no. |
1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

¢ Warped region (Xigfi{#): i@idSelective SearchF4ERNREXIBANA—E, ATS
CNN (AlexNet) %%, R-CNNEZEEMMBRURIEXEGZF—EI227*227RIR T,
& FERR:
v g8 region proposalZ—pakEFIIR T, FEE%HI‘]CNNTEHY%ﬁE’JF 2
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2¢ 1. R-CNN: 4%?&?%52

R-CNN: Regions wzth CNN features

aeroplane? no. |

person? yes. |

tvmonitor? no. |

1. Input 2. Extract region 3. Compute 4. Classify

image  proposals (~2k) CNN features regions
FAEFEEN
v BT EHERLEIZICNN ;)\ HM\
YIE, ATFHZR /\ (K

& FEEE:
v {REFrER EiMEIE XY
SEAFRZY 5 AT 200GHIZS A,

1000

128 Max
pooling

2041 2048
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82 1. R-CNN: Kiais3

R-CNN: Regions with CNN featur,
= : warpef rleglon ﬂl aeropla:ne? no. |

X = ] .
REHESS . = -
AN B /- = s N - R 9
e xl‘ﬂf’ n <> person? yes. |
N .

AL %"’i”- 4|tvmonitor? no. |
1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

¢ Classify regions(Xi#o3): I8—13E (BEE=XR) JIIZSVM,
¢ FEE:
v SVMEEEMAY)Z, FEM)IZ& EEMSESY, BEEZSFIRIEIm)

HREZIENN. b, BEMUTSVMD R EFRERZRIATE,

ZSVMBEIER
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82 1. R-CNN: hRiEMDT

B —MFEI—MIRGRR, MWEINMERERAEHITHEN (Refine) :

B G: E3CMR

B P: Rol#%r (Selective Search3k18)
B G: (EIE/GHR

FS—FhIREgYf, BlER/JMYRegion
Proposal (py, py,pw,pr) FAGround
Truth (G, Gy, G, ,Gy) BIER

f(pxr Py, Pw, ph) — (5;, G;» é;» 671) ~ (Gy, Gy: Gw, Gp)
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R-CNNIR=: A& region proposaliEBUFIE,
88 2. SPP-Net |onmunit mmymineiasa.

H SPP-Net FREEMIEING MBEXKIFAUFIE, ™

S = B RMEREEE NERATAE, BEREELLE
CNN CNN Hjijmazz:ﬁregion pr0p05a|E|’\J|XﬁE

CNN CNN 2 CNN ,
A
4 e o’ f A o~y . 7

N
—

R-CNN SPP-NET

2000 nets on image regions 1 net on full image )_k- \T}IEHX 'TJ-.EEIJH:“ EI—_.I *D%;E?—ﬁ% 'TJ-.EE/J |E|—_Io
1B MERUFLE — IR R
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He, Kaiming, Xiangyu Zhang, Shaoging Ren, and Jian Sun. “Spatial pyramid pooling in deep convolutional networks for visual recognition.”, ECCV 2014, PAMI2015
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R-CNNERs: ElWarp, A& region proposali—R
8 2. SPP-Net | wagpcnnEEUSEORE.

fully-connected layers (fcs, fc7)

|

fixed-length representation
I N ... | 1 | |
r A I
L1 EYTEYT] I
4 16x256-d 1 4x256-d 4 256 d
[, S S S S
YA AR AR AR 4
[, /S /S S S
_ [ o , L7777
image - crop / warp » conv layers ->{ fc layers > output N spatial pyramid pooling layer
image - conv layers L-> spatial pyramid poolin fc layers > output | ANPXIAR feature maps of convs
g y patial pyramid pooling |+ fc lay tp N _EEY bty siz0)
max poolin
%%{ =] ,U\/ ﬂ: SN p g ' convolutional layers

input image

Eidspatial pyramid pooling#&{EE K/ \RolFHER—EERIBIR T

U

AL EE AN BRIEX S, AEREwarpBAEL, 5 A
A7 CNNZERWFERNRE, R IEESE
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e 3~ Fast R-CNN: 1§43 34RSHEBREF—ER—MES
- Outputs: ,
Deep bhox v BEl&Bwarp->5iEaJwarp
i o [ softmax regressor
2 |© |ConvNet| | = }
“ ]| | Rel =IFC o
= B || | pooiing v R svm+regressor->%
_ Rol | (L] laver N £
: projectioﬁ\*i:g;; U= - (EESEINGS
Conv X[ Rol feature (softmax+regressor)
feature map Vector .. coch rol

Ross B. Girshick, “Fast R-CNN,” ICCV 2015
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B8 3. Fast R-CNN: 1§93 3RKHEBRKF—ER—MESRR
BAELESIR, SRR

T— Outputs: bbox AUIEN S FRFNEREE (L
~Deep | softmax regressor

4 |" [ConvNet| | » :
- | Rl o v ElfgRwarp->HiERYwarp
| == pooling
|- Rol L laver g
W& = projection<_ U v HRIK: svm+regressor->Z5
Conv X[ Rol feature (FEIRE
feature ma vector
P For.each fol (softmax+regressor)
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g 3. Fast R-CNN Rol Pooling [;ﬁggxg[g;;m ooling ]
)
EINROIFFEEIRIA/N: 24*12 max pooling: stride(4*2)
EINROIFIEERIA/N: 12*18 max pooling: stride(2*3) —
AR 6%6
£ AREERR, NETEE (FEF/NEoalFI ™ERER)
Conv feature map 3 Ro'l "—5SPP-NetH"JEEZ
- v BRSSO
- SR v SPP-Net2sSiAI@ itk
o v" Fast R-CNN;ZRol poolin
Region of Interest (Rol) ® o O0— @ ~oscoverr

max pooling
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B8 3. Fast R-CNN:

i Outputs: bbox
i ~{Deep o D softmax regressor
d | ConvNet| | © o '

B R EmAFOIRK R —ER—MEZRH

v B&Hwarp->4FiErwarp

- T[] Rol - v iR svm+regressor->%
B pooling =
projection\_ U (softmax+regressor)
Conv X[ Rol feature
feature map VECTOr £y each pol {RHAFIIEE
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8¢ 3. Fast R-CNN

& ISR

BESLOFERIR (xy,w,h)
TR0 FAAEAL

R

AU L (@0 D)

L(p, Uu, tu, ’U) = Lcls(p: u)
?
T ;igfé% PSES IS
gRliNESEITE S

f
B FHERIFHRZKR-LT loss

u=0NE=RE, FINAHELRR
2R3, FoB5REFHmK

Outputs:

bbox
regressor

m=) in which

softmax
L 7 ]
ol .-
L7
FC

Rol feature
vector

L]OC (tu, ’U) =

For each Rol

smoothy,, (t — v;),

2.

i1e{x,y,w,h}

0.5z2 if || < 1

smoothy, () =
1, (2) {x—0.5 otherwise,

o—O—o O
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B¢ 3. Fast R-CNN:

Fast R-CNN
(training)

IGEFINI R

Fast R-CNN (test time)

Multi-task loss

Fully-connected layers

# Trainable Regions of
Interest (Rols)
from a proposal

YIS erE

Mﬁ E(Fh%ﬁ MEERIE)
o o O0— @
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58 4. Faster R-CNN: ixZlimtSiMmLE, RAIRA 7HEME

o classifier

'  SUIEIESSIE
Rol pooling

p v ERE—ERERERIIRegion Proposal

roposals
o / / Network (RPN)

Region Proposal Networ [ 1|5E]_ I:i;k EE RP N IX—)S|2§ET$Z§EEJZ Z_ ﬁ{&? gl\
feature maps
ST MRS REE (J0SS)

v RPN EBYRIEXIE S, Z{LIFast RCNN,
{&8FHRol Pooling, BHMERM s 5llitEZE5
AR HER]T

Shaoging Ren, Kaiming He, Ross B. Girshick, Jian Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” NIPS 2015
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e 4‘ Faster R-CNN RPNRI4E: EIRESTUSIE LitEBIFaIsERI(uE
A O v IERE— RS IE L shED
T e I R,
‘ - t (1) 735 #rE1anchor (ER) X
intermediate layer ' NESZIEER
: (2) E)F: BEanchornZFIENAIE (R
\\ \\ | BN G AL e Il = e Gl S 1)

sliding window

conv feature map

v BRI EAOE, XIRTRE L

3*3*(2k +4K) BRI E] Ligz) v HRHEET, {Eanchor{jﬁﬁbﬂ*%ﬁa

O

2kXI Nk PanchorfUgIE/E520E

v EIRPNIEE] LA R E BT A e R R i

Ak3FhzkNanchorfIUE(RE
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82 5. FPN: ;_’,l:ﬁEEmé, ZEFNLEFHERE v HGRERMHEE, BERENERERE
v BRERHEE, e LT ERERE

|-.—| |-.—|

E’predlct
. / = predict
= 7_ il [
(a) Featurized image pyramid (b) Single feature map
_______________________________
predict| : l
; — E 2x up
- | : f
: —» 1x1 conv
(c) Pyramidal feature hierarchy (d) Feature Pyramid Network \\ i E
FPNIBI R RERHE S X EFEERES, FESER:
v IBERT REFIERNEN, FIEINSE, T EE
v RSIRIERE, JTEENNEAREF R ot G e

Lin, Tsung-Yi, Piotr Dollar, Ross B. Girshick, Kaiming He, Bharath Hariharan, and Serge J. Belongie. "Feature Pyramid Networks for Object Detection." CVPR 2017
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& WREERIXIEL :

B Faster RCNN

region wsal
( 1 (
|
convolutional network

RPN

Z N iR feature map

Faster R-CNNTEER—R E4FEE _E{F
FARPNM%g, #2Hregion proposal,
FHE R B SR E A T T

FPNTEFAILEF 15 EEFARPNMIZEIE
Hlregion proposal, HEfFIEEFIE
HZ P RE L T

@)
(2]
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B¢ 6. Mask-RCNN

& TEIEL

v EIAYEAMZE: EidResNet-101+FPN
FIERHIERREUNES, 1XElstate-of-the-art
HIRLER.

RolAlign

Y

v 3FRol Align, f#&E#Rmisalignment

v RS EUESHD X EREEIAMNES
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He K, Gkioxari G, Doll& P, et al. Mask r-cnn, Proceedings of the IEEE international conference on computer vision. 2017: 2961-2969.
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8% 6. Mask-RCNN Rol Align
“RoiPool” /

[ 665/32 = 20.78 ]

Oviputs bbox
softmax regressor

—
|

x TFC

pool ng
\\‘\\\\~ﬁﬁi* H}
(s

Coordinate quantized . Coordinate auantized Coordinate
. > ——
on image k on feature map on Rol feature

T Rol pooling#RIENEEER(E, £2idRol pooling,
SfFEr=Emisalignment, SFE|FMREE(RE,
YT ERRENE, 2EIREINEX

Rol Align:

=== 1= - - = T T = T =
| | | |

| | | |

| | | |

| | | |
i =F-—A-1--T-]
| | | @ | o
| | | |

L /< L

| A I -
| | + +

| | | |
SRR IS
| | | |

| | | |

| | | |

| | | @ | o
L N O
l | 1 l

| | | |

| | | |

| | | |

| l_ _— _ _ _ A _ 1

_____ T T T T 71
I |

I [

I |

I [
S
I |

I |

I |

I [

I |
A — 4

I |

I [

I |

I |

I |

I 1

I |

I |

I [

I |

I |

N
I [

I |

I [

I [

_____ J_____1

Rol Align>RFENEEE, RHFAIRRT

misalignment

£
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[ B
A ELT—2 R-CNN. SPP-Net, Fast R-CNN.
k PN ERTIIA | Faster-RCNN, FPN. Mask-RCNN
( N
—MNEXT & YOLO. SSD
\. y
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]%%EEJE loU-Net, GloU
\. J




Unified, Real-Time Object Detection

_Wﬁiﬁ IZ-E [You Only Look Once: ]

52 1‘ YOLO: s‘gﬂjmﬂ)llj v YOLORJieMIEEAE e, #ETitan X b, FEELITHAMNE, iR
ERRAHIYOLOR FEr] AR IRA55KES;  YOLORIMRIERRRAS
B LAGME 1500TE&.

v YOLOFEHFTNIREH R, (ERNEERE/R. Ssliding window
Fregion proposaliXzkmiEaAE, YOLO—R "&" —EH5KE
&, FRABEHLUSYIIARRIZIAR (contextual) RIZEEIER
(class information ) LAK SMI{EE (appearance
information) #H{T4wIB, BRERDEETAIMER(E.

v YOLOZEZEWIAE ZHRMFIERT. STEBRZRER D)%
YOLO, BEZANIStEGRETESE XM YOLORS, YOLO
HRIFELV AR EYF, YOLOEELEEE tFHIE R HISTIE,
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Joseph Redmon, Santosh Kumar Divvala, Ross B. Girshick, Ali Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” CVPR 2016
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8¢ 1. YOLO: #EZ8
& EETE

v

H— N
1 [ — SxSxXx (Bx5+ C) =7 x7x{2x5+20)
| 7 .7
NI 1 | |%
v 7 y B: num of bbox in each grid
o C: num of object class

)
EE) n = = 1024 »

R NBIBHS I FLS SRS mE SECRE R E-EE <7 T

Maxpool Loyer  Maxpool Layer IxIx256 3x3x1024
2242 2x242 1x1x254 Ix1x512 3x3x1024
Ix3x512 3x3x1024 3x3x102442

(S=7) T
v EARAETTIBANA FAEFXA '
D FERYIARRIRER _
(Objectness),BiARY, MR u.f == B
ESTRMESME:X,Y,wW,hFIEE
EPr(Object)*loU(truth&pred)
v B RIETTUCS IR

AN

Class probability map
yolo o

JIlZERS, BYPRETPr(Object)=1, &RIPr(Object)=0
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B¢ 1. YOLO: }EQ&E%{

s? B :
Acoord Z Z ] 22 (.’13 53%)2 + (yi — QZ)Q:I

o33 18 (v Vi) (Vi Vi) ]

ZRHSB IS TSR N FIE

I FHERNTFHRIK-19T51RE

=0 3=
——S2 B
A1 1/\q == obi .
ik s | |t (-6’ TUREFASS
r = . ———=037=0
s?2 B . s
+ PIPD 115 (¢i - ¢i)
2

PTS=— (i (¢) — pilc))? FuAARSE R
i, B DRERERAN, RRAIK + 27 D pale) — pile) ; %
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82 1. YOLO default box: EER, BES
v F—ak4STEE, sE—MIEL

SOl | iREGREERIdefault box,
0 I A e
e O M e / v EREERHIEE AR
Pl - proposal 7T, ERLEATE
I loc } A(cz, cy,w, h) B ‘ B
A conf ; (c1,¢2,- -} ¢p) B BRI BERXE, REAIE
(a) Image with GT boxes (b) 8 x 8 feature map (c) 4 x 4 feature map EEEF
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Wei Liu, Dragomir Anguelov, Dumitru Erhan, Christian Szegedy, Scott E. Reed, Cheng-Yang Fu, Alexander C. Berg, “SSD: Single Shot MultiBox Detector,” ECCV 2016
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SSD
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B2 2, SSD MIBL5HE: EEIR, BES

— =/

v EARERERMFLE
Extra Feature Layers
VGG-16 ) a A= S
- _through Conv5_3 'ﬂ%’ Classifier : Conv: 3x3x(4x((CIasses+4)) j I Ej?ﬁj:mﬂy%ﬁjlx
\ —
\ N\ Classifier : Conv: 3x3x(6x(Classes+4)) e
\ ZUHEdefault box |,

e ST

300

38

Image

FC7
(FCe) Fe7) Conv9_2

300

\
\
\
\

38
19 19 i 8 Cony10_2 Convi1_2

3

NS = __c_orT\J/: 3x3x1024100z:1v:1x1x102410(2:4onv:1x1x256512 Conv: 1x1x122856 Conv:1x1i:628 Co1x128 ‘/ j:%_l%_*‘/‘jvn\ U*%Eg (jt
HE/NBinB81ET)

le
e e e

| Detections:8732 per Class |
| Non-Maximum Suppression |

|
|
|
|
|
Conva_3 | | conve Conv? 10 5 Conv: 3x3x(4x(Classes+4))
|
|
|
|
|
|

Conv: 3x3x512-s2 Conv: 3x3x256-s2 Conv: 3x3x256-s1 Conv: 3x3x256-s1
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= ! SRABIRE

® @ ~ oiscoveny round truth
2. SSD imXE T
%g }m?&@%ﬂ L(SL‘, C_l:|£) — %{Lconf SC, C) + aLloc(xa la g))

l Z \%I& — T\_ =
TR ALt =SS ELFRE

il gl — Z Z 2 smoothLl(l —§7")

1€ Pos me{cx,cy,w,h} \

TE S ELSCHEj T2 FINTTNESFENELEXCTRBIKERITE: 0, 1

AlpAYItES, F/9psE
NEI’\J*%%@%, RSN

- - . exp(c;)
_ E: p — -
Leonf(2,¢) = — zi;109(&)|~ Z log &) 15 = > exp(c;)
i€Pos 1€ENeg a ’
FRUEESSSEE, N @I softmax4pk,
TS RS, e— @ O @ Al DISCOVERY
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52 1. loU-Net & HAENMS (FEHAEINE))

v RE—SHMEREIIE, RRDSREEERF
Fr

v BE5pXREEEESHEIIERNESER
(loU) KF—EBHEREIERFR

v DRAMERIES, BiaH— 1 oREEERS
HUtEiE, BEE E—2E(F

(BT ARRKEIDS], EERTTARATIIE

Borui Jiang, Ruixuan Luo, Jiayuan Mao, Tete Xiao, Yuning Jiang “Acquisition of Localization Confidence for Accurate Object Detection” ECCV 2018
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TENFE, PXREFES, SENFE ENNEEES, NRERDXEREE
KIHITNMS, TERATRMESHRARE, SEITRUESWER, RIBE, E3aIRGIF
T, FERIFTIERIREREY.
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B¢ 1. loU-Net: ML

v 1EHPrRol-Pooling, k&

Standalone IoU-Net SFEEE R misalignment
v REEIIZRIoUN T, 1EEE
_ _ NORIENRNEEE
e [ L1024 P U v )14, fEFittered Rols
RO, LIS
"""" 1 024 1 FC 1 EC, Cussifiation  10U%33%
L » B-B-Reg.
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8% 1. loU-Net: PrRol-Pooling
1. Rol Pooling 2. Rol Align 3. PrRol Pooling

(Lmljjrtle)
(z1,y1)

l
Rol PoolingBiizER, —EREEARMERES (misalignment) !
fERol AlignsRk N EIEIZE, FEMZNAI L '

PrRol Pooling A2, BE#EAFRDEUYE
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B¢ 2. GloU

& |oUZ1ERY[a]-E ;

v loUSEEMIRERERIaET

v MEFHANEFES, WoUEEHE, HERSRKMR
B AR A0S

v IoUZG A DRI SRAIXITE AN

A

AMNB

AN B
AU B|

ToU =

Hamid Rezatofighi,Nathan Tsoi, JunYoung Gwak,Amir Sadeghian,lan Reid2 Silvio Savarese “Generalized Intersection over Union: A Metric and A Loss for Bounding Box
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% RO FUER] TRk,
L (LT1-smooth, MSE)

BEET1-5ef02-58

8¢ 2. GloU: ;ﬁ#&@iﬂ

loU
5%
FARY
w&

3@1‘@
F N

2BV

loU/GloUANE:

152 IEEEE
loU/GloUANE]:

I, =841
loli=m (.26
GloU=10.23

II.III =907
loll = 0027
Gloll =024

Wi, =841
Tl e 0 450
Gloli=041

(a)

I.III =907

loll =059
Gloll =0.59

ik

I, =841
lollm (.65
GloUs 065

II.III =9I

loll = 0
Glol) =052
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Dg 2. GloU: ;*yemgg BBACEEABEIRINE?
Algorithm 1: Generalized Intersection over Union / AN XS s MMEY 2 b (GBRIRETED

input : Two arbitrary convex shapes: A, BC S e R"

output: G'lol/

_______
- -~
o ~

1 For A and B, find the smallest enclosing convex®Object C'

—- -

where (' C r" >
AN B 4

2| Toll = | I - |

| A U B

3| GToU = ToU — IC\([ZUB

y 4
S

-
--------

Liou=1—10U, |Lcrou =1—GIoU.

loU-Loss

GloU-Loss

SEIOERAE, RBEEROFIERF7SZHHRA/IGloU-Loss, EIJ_B?E%Z% 14%E’J¢ﬁ,LJ 14E8E
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(a) Image classification

bottle

(c) Semantic segmentation

g llluuml \mulmm :

(b) Object localization

(d) Instance segmentation

Bl ER 7 R EGSTTES, HH:
(OFRENDE] (semantic
segmentation) .

(d)F=EfloEl (instance
segmentation) .

15 Mo EIRHERE GO, msE
IR X o ElIS BiMalliES.
ATBAWGLIE N EIA0, THEER
PEIRERRA,
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E&goalRn=1E#% (complete scene understanding) BIX#ERA, EBIIEH, AVIRE,
BGER, BR8lSclEZZHENAREFEEEESN, 1FENIEmvZz O a,
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REZIEEG D BRI EER -------- FCN (Fully Convolution Network)

%ﬂﬁ_b_{—o
S e A N N

1

convolutionalization

“tabby cat” i
forward /inference

||‘1

backward/learning

tabby cat heatmap |

00 b 21
a2 9> 50 pO” a0

EVGG-16RIEN DPREEREEHRNGIHE, WL EMRETAED Ko, XERFTH/N SRS
HEXRE (MIRRETR) 158, R EBERERERBIRIFT, .5 o
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Jonathan Long, Evan Shelhamer, Trevor Darrell “Fully Convolutional Networks for Semantic Segmentation
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32x upsampled

image pooll pool2 pool3 pool4 pool5 predicti FCN-32s)
_ﬁ
poold  2x upsampled 16x upsampled FCN-32s FCN-16s FCN-8s Ground truth
prediction  prediction predicti FCN-16s)

N

pool3 2x upsampled b‘( lfpsamplefl
prediction prediction prediction (FCN-8s)

TR EEEt i, ST CNNAMERTLZEE X 4> BIa8T Earsxiistoiis, me
BN S T AMIETEEA MIB IS X5 BIRER=£E (S 205 (pixe |- wise)SOTRL
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0 E-TF FCN Eﬂiuwmﬂfnﬁlﬂg

v FRMIEEES (Integrating Context Knowledge)

Deeplab

v RAEEsAFh  (Decoder Variants)

SegNet U-net




O?f?it%ﬂ (Dllated Convolutions)

dilated&# 5%
ESINp S

(a) 1-dilated (b) 2-dilated (c) 3-dilated F.=2i+1-1
VskETRNARAZIREF (a-trous convolutions), RIE KR ERY, AZTHEMUEHT, X
METUZRI LIS K MAERD IR, XEWREY KERALIERER D ERE R L3
MR SR ¢ O & O @uosonn O & O ®

*. Deeplab 22— FFIM%, BRIAL—HEEONMEES B v1, v2, v3, v3+, EIEEXTEFX ETFXES (integrating context knowledge) RARIFA.




DeepLab 25 4E

a Al DISCOVERY

€ Atrous Spatial Pyramid Pooling (ASPP)

woww o R
rate 24 ﬁ ﬁﬁ Z:la / QEESL

rate 18
rate = 6 u
e i u O ~ .
HE E ] bed bhed|
nlinlin _— %
h oo ¢ L o - K+(K-1)*(rate-1)

— " Atrous Spatial Pyramid Pooling K%%ﬂﬂ@ﬂ’\]i’l\

Input Feature Map / / / /
Y

DeeplLabFITASPPEEH, 15 RIS EFTHTHIFEN, FREHTRE, Mk
5| TS BEE AR e e

Liang-Chieh Chen, Yukun Zhu, George Papandreou, Florian Schroff, Hartwig Adam “Encoder-Decoder with Atrous Separable Convolution for Semantic Image Segmentation” ECCV 2018
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Convolutional Encoder-Decoder

Output

Pooling Indices
-Cnnv + Batch Normalisation + RelU Segmentatlon
B Pooling I Upsampling Softmax

RGB Image

SegNet{fFE TR HAYSRIDEE-iRIDS8 (encoder-decoder) 4543, SegNet&Z T FiEIRIZE THIE
N8, BTEEENToEIEENEKIFRES, SegNet?EfRiSestln it Ty {ift, F1EHEE

% ESCINE N 5F] (real-time semantic segmentation) BYEK,
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Vijay Badrinarayanan, Alex Kendall, Roberto Cipolla “SegNet: A Deep Convolutional Encoder-Decoder Architecture for Image Segmentation”  IEEE Transactions on PAMI (2017)
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Convolution with o )

trainable decoder filters 7
g|l0|0|0 Xy | Xz | X3 | Xg Yi|Vz|V3|Va
0(0|b |0~ - Xe | Xg | X7 | Xg Yo | Ve | V7 Ve
0j0ojo0|d Xa | X10|X11|X12 Ya Yio|¥11|V12
c|0|0O|O X13 J?nr:I*E;_,Xﬁ X15 Y13|¥14|V15 | V16
Deconvolution , , :
for upsampling ~ & Dimensionality
a|b | HONN reduction
cld Max-pooling 215
SegNet  Indices g Encoder feature
map FCN

fRTOEENTLL: SegNet (£&) FCN (£)

v HGEERT, SegNetEFINRIRIBSRICRIVIEEEMT LRI, EUUIBNE. XENSE
DR PUEBROEATRE, 7 7 SIS EIRITR.
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v FCN{ERRSTRIERESHT LR, A SX MAmAaas A (EmREAE 0.



E3 %31%6%]533%@*‘% net

o @ ~ oscovery
- ¢ U-netth 241088
| | A9— NS B2
input output — s NN
maﬂglz > . ":"": fﬁggﬂemﬂtion v %ﬁ:ﬁg%%ﬁéﬁﬁ T }i%* ,WEZ%%
LﬁJ:“’ﬁ FHEDIXT N

BB SRALRAE,

KR HFEERIXGIA

4 up-conv 2x2
=» cOnv 1x1

v TERRIBERERSS, FRREMT

=R E

/\o

Ei‘;i’l =»conv 3x3, RelLU v EsegNetZ:EJ! IE?{%XEI-
e w t0 copy and cop FCRMERAS, (B3
— - § e poot 222 ERIEEEREZ,
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Olaf Ronneberger, Philipp Fischer, Thomas Brox “U-Net: Convolutional Networks for Biomedical Image Segmentation” MICCAI 2015
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Hand crafted features
(BRERSFE. FAAREHE. X
IREFIE. SIFT. SURF)

GoogleNet

CNN based features
(AlexNet,
GoogleNet, ResNetZ)

. 20124 ImageNet’> 25 %
o E—UCIEH T CNNAE R 88 1A 24k, 3 HGPU
A RN ZRAE W 422 52 (1) B ) S | N A5 31 45 R

. 20144 ImageNet7 25 7%
« WEB T HEZFEM, BRI E R LS R T4
14 o

« 20154 ImageNet/; 285w
« GoogleNetfJit—254E, R 7] BEIR
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Hashing methods

¢ HHARISRIRT? |
BERMEEN SRS EISE (ZEE) s B pe—

T, ML R R T— IR,

* BRI AITL?
IR T B BRATH BNAEEANER, 12 |

BTIRERE, SEFNEERERGRNER, | '

Hand-crafted

Unsupervised Semi-supervised

Supervised methods methods methods

¢ RHRREBBILMER? “einods features based “methods
RAMER: ESFREEINR, RIS

VIRSERIMAEER, 750|652 ERIHOERIIA PSRBT {Hsmiany preceri smiary presening

553, EEXMIARHEBNR, HPBNEFRISERN

HFIBRMEFEMET, NTEHRRIERRS, Uit 0. i
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Fully
Training Connected
Images Max 500
Riary B ‘Pooling Average @) I-DSS
' 3%3x32 | 2 Pooling /o \”‘q * Dlscrlmmatwe
- _ , 3x3x64 /2 / s i * Binary-like
/ O == - ,
Convl \ | dense |:
5x5x32/1 : .
Query = @
Image \ .jw @ Bfnaf&
5x5x32 / 1 5x5x64 | 1 ® = atioy,
; @ Binary-like
’"_' Outputs
k
rs =/ TiE = Fiv? —
ESISILRENE IRHRRIENFEIE

HILRIEHIR A RIEERTE,

BEERIESENMREIEG. SERIGEREFIFZEAR, FERBRIBF
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v BRREEEIT BT RUREARE—, FEREIZNA., BERERESE. TAVRIERIBR

IRIRFEPFEEAR T BRiRERAN.,

v BfRREHEEESISIFS S, B FrERE

DRNERR, BSERRTERIGIIINIE. SE

EEE—mH BRSNS, TEE F—EE&RF BiriiaIiE.
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63 Q%EEE:RHEE (MD-Net)
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o EEESERBII, SRR

v ARREFSIRSRERAR, ERYIAE BHATUTEE, BENAS |
—NFFPEREER, TR T T I S
EF'—J-%E /|:\| 7?5 %:. % Layers Layeas

& RAFE:

v BESTHHEEIISEERE, RO , , I8
AR, WEEEEMBRETEIN ' 2 &

CNN=FEFK

v B8NS A— N s, X .

i 3@107x107 96@51x51 256@11x11 512@3x3 512 512 2

R—MAEN—S%E (FIF/ER)
® )IIERpER:

& ERIRERMER:
v AESHE— MG HEE

v SN REE O E A NE R, ¢ ETEWEN, EAENLEER (fU-i6) BH
R ZRE SRR DX v EDSMEEREREHEARE, REEEERERE

Hyeonseob Nam, Bohyung Han. "Learning Multi-Domain Convolutional Neural Networks for Visual Tracking." CVPR 2016.


http://cvlab.postech.ac.kr/~hyeonseob

B&IRIEHE (Siamese Network)
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R | | 153 R e B FRATERL
N BB (S NE
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g
I
I 1! .
. ! s Correlation | |
I CNN ™ Fiter | 7] P
| 49x49x32 17x17x32
Training image: 255x255x3 i % -
_———— : A 33x33x1
£
: _d1___ ||7" ONN —
s
. .:_ o : : 49x49x32
1
Y
Test image: 255x255x3
» N \
fESiameseplE ENMA T CFE (HBXigiR) , FAEALIH TiRE %o

BNTEZD AR, BLiRizEn ZABTE—BUi—Ifinetune, EER, 1Elr SRy
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Crested Auklet

e
\

© &

- I8

Coarse-grained

Groove Billed Ani Parakeet Auklet Red Winged Blackbird
Al EE KEESHE eSS
J

|

Fine-grained
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BRIIREEREE S Part
annotations B FHRICHHIER

Mask-CNN&E5:iEPart annotations
&2 9bounding boxfer, (Ko
Head/Torso) , FEREAEAGT
mask, EFFCNFllHead/TorsoRY

mask
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»
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Mask-CNN%3 8= Stream,
PRIRIMRE]. Head, TorsoX
HER,

AR SZERVGGH RIS
FUFIE, FHCIBFCNFRHAY
Maskii{TDescriptor selection,
FRE FRYHIEH TR S,
BREZIFHITIR

A

/

EEEYMYPa rtiFIIIMaskd‘/fj_I,
AZ3R1E, 75T BEAS

Whole image
448x448

'

H;:ad
224x224

'

Torso
224x224

(a) Inputs

Eyss o
:'_'| | ) 'nl
. - -
2B i8ig
g2 & 8
-------------------------
-
,'_‘I | - Ihl
>3 P9 5
g2 9 g
100 o
O Q

(b) CNN w/o FCs

0 MRIE D ZF—Mask-CNN
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E
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:g_ b ) () Classification

-
2
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(¢) Convolutional
activation tensor

(d) Descriptor  (e) Weighted aggregation
selection and concatenation

o—O—o O
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Xiu-Shen Wei, Chen-Wei Xie, Jianxin Wu, Chunhua Shen “Mask-CNN: Localizing parts and selecting descriptors for fine-grained bird species categorization” Pattern Recognition 2018
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BT R EE &R o AR AN
=3, RA-CNN{ERI5EEERTTS
BRI R IR E R0 X5,

€ Attention Proposal Network

tx ty RN EFE D KO m Rinis
€ Rank Loss

Lrank (pt(S): P

(s+ 1))

(

max{0, p(s) ptSH) + margin}

Jianlong Fu, Heliang Zheng, Tao Mei “Look Closer to See Better:

MBiE D Z—RA-CNN

\\I
pSES

/

2%

e FR25

coarse

(a1)

scale 1

(b1) 1% convolution

W

\

\ b

Q

)

v
W
]

region parameters (tx,ty,t)

(a2)
scale 2

%
/
7/
~,
7,

crop KY\A N

(b2) 2™ convolution

\)

region parameters (tx,ty,t)

\ ¥

Q

\

v
W
1

1) APN

zoom inv

(as3)
scale 3

finer

Recurrent Attention Convolutional Neural Network for Fine-grained Image Recognition”

(b3) 3" convolution

'l

-
Tme
-
-
wl

(d2) APN

(c2) 2™ classification y2
P((z)—t_ <
fc  softmax =
(c3) 3" classification Yo _
_’ -
P'(3)—§_ /
fc softmax
] @ &, @ Al DISCOVERY
CVPR 2017

Leis

= Lrank

Leis

i Lrank

Leis
ot

O Painted bunting
O Laysan albatross
© Common yellowthroat

—gp O Red bellied woodpecker

O Hooded warbler
O Crested auklet

O Painted bunting
O Laysan albatross
© Common yellowthroat

O Red bellied woodpecker

O Hooded warbler
O Crested auklet

© Painted bunting

O Laysan albatross

© Common yellowthroat

QO Red bellied woodpecker

O Hooded warbler
O Crested auklet
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TENHEZRRERAIRATARAR, BBMHFEERATT DA, FEHEXERBANES CHELE

feature-mapAEHRR 7 EGEARRE 5
ELRRE, FLURRBEIFARER

t t
AR o e O
t t ;

VGG 19

| = content. ™|
Representations

D= _Qﬁi oLl

Convolutional Neural Network

J = ==l

maxpool | maxpool | maxpool | maxpool

! T depth=256 depth=512 depth=512 size=4096 Content Reconstructions
depth=64 depth=128 3x3conv 3x3 conv 3x3 conv FC1
3x3 conv 3x3conv  conv3_1 conv4_1 convs_1 FC2
convl 1 conv2_1  conv3_2 conva_2 convs_2 size=1000
convl_2 conv2_2  conv3_3 conv4_3 convs_3 softmax
conv3 4 conv4_4 convS 4 L

Leon A. Gatys,Alexander S. Ecker,Matthias Bethge “Image Style Transfer Using Convolutional Neural Networks” CVPR 2016
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0 texture representatlon
B ERYfeature-mapED KESFEI TEIGHIREFE, XEfeature-mapi{aR-ERAISERFETE?

NE—REZE, 1E§i§7§N/|\channeIE’\erature—map'
, B P mapllsize=heightxwidth, BRAEHEA |

Style Reconstructions ETISEReErRa

channeliglgfit&&inner-production, FHZEH
O Represeniations ]
TEARERTextureZRAEFE, #F EFRZA X ; ; ; -

Gram matrix

Vel

Content
Representations

ZFl F!,

FEfeature- map%}SlZEJ:FEJﬂ-DEI’\JFEU%; 2HE e
index; /ARREIERRIAEfeature-maphy
channel-index; ExZHEIRfERIERE

WEER, EER, XISsiAE.
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AT NERBTANXE, BINMLLE
RS

Liotal = aLcontent + BLstyle

BGRIASHNE e eio . 2K
BEASRKBEARREANERE, HEREYFET
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AR THRESKERE, FrlA, FATaILASE
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mﬁﬁi: EL= Z (GL - AL)Q Etotal - Oé»ccontent + 6£style
A /NS — V=V =P o — G{}:zk:f;’;fjfk.
VGGRIB N EIREEPRI LAIBEIRZ 2 E
feature map, B—ERHEEPHERR 2 s |
. 5HEEEGEEEMNfeature "Eeerzy—— U U = ,
F K, SRERERIIEN = ﬁ
mapﬁ%Gram matriX, ?EJ:ZEUM@EE"\QE 1m|EIE§conv3_::EE = ’J—’ D D ;/v |[
L e (
REHE: =———a e
. . ) — poolt =~
RNBEGEIMEHRBSERR e — -0 0 |
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v BMIANE—KE R, BiEE—aXE R
ITHIRRINA, XAEEGIREER

v B—sREIRER—SEIAZE, B
ZIFRERERNEEASTITISNY, &
ERABSHIES NFIaE1E N KER

“Two people are walking down at river in a wooded area”
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EligtreiEpk—EimiRencoder-decoder
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HarAkZ#E)Image CaptionfgiZEFencoder-decodert&®l, Efencoder—ig HEFRHLERK
%, MHEREEERELEGREIFHHEEAEBIGRFE, decoder—figmidldfEiss, FER

TENSHEIARIZERK.

Vision Language A grou_p of people
Deep CNN Generating shopplng at an

RNN outdoor market.

Y — -
A i @ There are many
. vegetables at the

fruit stand.

Figure 1. NIC, our model, is based end-to-end on a neural net-

work consisting of a vision CNN followed by a language gener-
RY L L

ating RNN. It generates complete sentences in natural language
from an input image, as shown on the example above.
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FoEld Biniall + AR5, BRI APEISEAIEED
IRBIHE, SENERXZ BREREEEMEETE
FHIZL, SAIBSRAEMultiple Instance
Learning(MIL) NS5 E 735 TIEA).
TERE:

v detect words: 1RBIZL{KIF

v’ generate sentences: A+

v re-rank sentences: BEEAFLEH

\

woman, crowd, cat,
camera, holding, purple

A purple camera with a woman.
A woman holding a camera in a crowd,

A woman holding a cat,

#1 A woman holding a
camera in a crowd.

Figure 1. An illustrative example of our pipeline.
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bicubic SRResNet SRGAN original
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SRGAN:

Generator Network B residual blocks v ERES RN EBIRER
k9n64s1 ' k3n64s1 k3n6ds1 ' ' k3n64s1 kan256s1 k9n3s1 ENUERE R,

v FRIEEF RN B

il iy *m SRR ENSIE

EFIRHIE D HFERER,

v SRR IFBRREIT A

PixelShuffler x2

skip connection

Discriminator Network k3n128s2 k3n25652 k3n512s2
\ NS\ E
k3n64$L k3n64s2 k3n128s1 k3n256s1 k3n512s1 - . g&&{—tw gﬁ\’ E§g§1§$

‘1024)
Leaky RelLU

s
Dense (1)

m Rl ER R E E  Ea
' BB PERENE,

1§
Leaky RelLU

s
=
)
o
>
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o
v
-
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Christian Ledig, Lucas Theis, Ferenc Huszar “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network” CVPR 2017
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Kermany D S, Goldbaum M, Cai W, et al. Identifying Medical Diagnoses and Treatable Diseases by Image-Based Deep Learning[J]. Cell, 2018, 172(5):1122-1131.e9.
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Kermany D S, Goldbaum M, Cai W, et al. Identifying Medical Diagnoses and Treatable Diseases by Image-Based Deep Learning[J]. Cell, 2018, 172(5):1122-1131.e9.
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Esteva A, Kuprel B, Novoa R A, et al. Dermatologist-level classification of skin cancer with deep neural networks[J]. Nature, 2017, 542(7639):115-118.
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Ding J, LiA, Hu Z, et al. Accurate Pulmonary Nodule Detection in Computed Tomography Images Using Deep Convolutional Neural Networks[J]. 2017.
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Rui Yan et al. A Hybrid Convolutional and Recurrent Deep Neural Network for Breast Cancer Pathological Image Classification. 2018.
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