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IEX 57| FCN

FE2HE
B £%7F1 (Fully Convolution)
v BNEHREERETAERE
v EREBK NI ABNFFIEEIRI AR
v ERENMERASERERMEME TR
B BEEFCNIFEXN PRI AXE R BN SB 7
KT RiF- X AFEE
B oA FHEAE T REFEHFIESRIRImaskE &k, FEIRE
TEIER

forward /inference

backward/learning

9
\)
iﬁﬁg 06 o0 21
% A% qo0 8OO
6

19

96

21

J. Long, E. Shelhamer and T. Darrell. “Fully Convolutional Networks for Semantic Segmentation”. In CVPR, 2015.



18X 5r#El: FCN

£ 4% %% (convolution)
B SHEHE: FEREEX

0 1
—>
1

Output (2, 2)

4X4 3X3 2X2



IEX 57| FCN

£ 4% %% (convolution)
B E{RERAE:
O HBREZEF, =ME

0 1 2 0 1
0 0
1
2
2 3

Kernel (3, 3) Convolution Matrix (4, 16)

3X3 4X16




18X 5r#El: FCN

£ 4% %% (convolution)
B E{RERAE:
Q MWAFFERF, himAT|EE

-
0 1 2 3

0 5
o

1
7

2
L]

3
Inputs (4, 4) ’
10
u

4X4

16 X1



18X 5rEl: FCN

£ 4% %% (convolution)
B E{RERAE:
Q@ HBRZEMWMANFFEFHITIEREER

Output (4, 1)

-
0
' 0
1
X 2
3
»

4X1

16 X1



18X 5rEl: FCN

£ 4% %% (convolution)
B E{RERAE:
@ Hitreshape

0

reshape

>

Output (2, 2)

2 X2

3

Output (4, 1)

4X1



BN 4595E|:. FCN

#% B+ (transposed convolution) B ESRTEE
B RRARNSRZEE

[ 4% 16 ] 16><4
B AR AE N RSTRISHERE
[ 16X 1 ] 4><1

B ZEREfESR

(1ox ) x (ax1) — [tox1 )— (x4 |

reshape
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> 11411
BN 2 2 1(4|3| B
3131
2 2 1
1 16 | 4 16 | 4
+ O + °
6 2 3 16 | 12 16 | 12
12112 | 4 12112 | 4
2191611
6 (29|30 7
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10129 | 33| 13
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I||1
| L1

—_
|

BN E|: FCN

4t B EFH (transposed convolution)
B ATYHEER EReE FCN-32s  FCN-16s FCN-8s  Ground truth
B AFEINERZESH -
B REWLMIGE
YHIEEIR IS R iER (skip)
B ERMF+ RGEM

B i FEEGRETD

32x upsampled 2x upsampled 16x upsampled 2x upsampled 8x upsampled
-32s)  prediction  predicti N-16s)  prediction icti

poold pool3

\
image pooll pool2 pool3 poold * -
prediction prediction

=
—
——
-
—
—
-
~ ——
e e e e s s

J. Long, E. Shelhamer and T. Darrell. “Fully Convolutional Networks for Semantic Segmentation”. In CVPR, 2015.



SLf553El: Mask R-CNN

73 3EEhH

B AMEREE: AESLHBARERE T lmask
FRIRF

B Faster R-CNNE Al 10— mask head
ZEHIFESR

e K. He, etal., “Mask R-CNN”. In ICCV, 2017.



: Mask R-CNN

I||1
| LN |

—_
|

SRV

LR HELR
Faster R-CNN: #ﬁlﬁ"lfWZF 152 B FrtE




C{5)47E]: Deep Snake

Pz LI
B AT SE % BRRY 73 TN SE I SE A5 43
B RHRERSIFE, TUNMRRE, TRSEIFRER

EARFTIE

—

(a) Initial contour  (b) Feature learning on the contour (c) Offsets

« S. Peng, et al. “Deep Snake for Real-Time Instance Segmentation”. In CVPR, 2020.



25147 El: Deep Snake

A EZRZE

B NEEMAER(@FBIBRRD)

B VIRUERERE(c), REUFETUNGRZE(), ? ﬁ%%w, 5(e)

O %}J!zé.%/\ FRER() , ?mﬂllﬁﬁrﬂ"lﬁé%%(g), %Wrer“rs(h)

(h) Object shape (g) Snake deformation (f) Octagon contour (e) Predicted extreme points
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Moy 2

Simple fusion

Single Frame Late Fusion Early Fusion  Slow Fusion
| ] [ ] [ J [ ]
| ] | ] | ] | ]
1 1 1 =
I ] I —
] ] ]
I I I %
] I ] I
I I ]
] I 1 CICIC ]

[
I
I
[
I
I
1
I
I
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T T T

A. Karpathy et al. “Large-scale Video Classification with Convolutional Neural Networks” . In CVPR, 2014.



Sports-1M Top-5 Accuracy
35

80

80.2
- E
70

Single Early Late Slow
Frame Fusion Fusion Fusion

« A. Karpathy et al. “Large-scale Video Classification with Convolutional Neural Networks”. In CVPR, 2014.
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50 43 2

BEEER: SRkt

Image at frame t _ ‘ Horizontal flow
FEEREER

BN EEHEDMIERZE ‘

F(x, y) = (dx, dy)
lieq(x+dX, y+dy) = li(X, y)

Image at frame t+1 Vertical Flow dy

« K. Simonyan and A. Zisserman. “Two-stream convolutional networks for action recognition in videos”. In
NeurlPS, 2014.




~

A 50 47 S
W7 4%

Input: Single Image
3 xH x W

Spatial stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 fullé full7 ||softmax
7X7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. norm. pool 2x2
pool 2x2 || pool 2x2

)

) 7'
.‘ - -

K BT
"Gt ak b brbebi

Temporal stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 fullé full7 ||softmax
TX7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

:’r;g:‘t) s pggln;).(z pool 2x2 pool 2x2
. optical flow
Input: Stack of optical flow: Early fusion: First 2D conv
[2*(T-1)] x Hx W processes all flow images

« K. Simonyan and A. Zisserman. “Two-stream convolutional networks for action recognition in videos”. In
NeurlPS, 2014.



A

J}_LI' \ﬁj\i

Rt A48

Sk

Accuracy on UCF-101
90

70 75
:
50

3D CNN Spatialonly Temporal Two-stream Two-stream
only (fuse by (fuse by
average) SVM)

« K. Simonyan and A. Zisserman. “Two-stream convolutional networks for action recognition in videos”. In
NeurlPS, 2014.



4

=
<

k
H k —> k —_— —
< H L
output k ¢ output
W L
w
2D Convolution 2D Convolution on multiple frames
=i N
H K ‘d<L
L output
w

3D Convolution

* D. Tran et al. “Learning Spatiotemporal Features with 3D Convolutional Networks”. In ICCV, 2015.
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(507 28

C3D:The VGG of 3D CNNs

Layer Size MFLOPs
Input 3x16x112x 112
¢ BEVGG, EKHA3XIXIETI %A Convl (3x3x3) 64 x 16 x 112 x 112 1.04
OXOX2HAY Pool1 (1x2x2) 64 x 16 x 56 X 56
Conv2 (3x3x3) 128x16x56x56  11.10
« Sports-1MFIZIER, F=# A ROOIe () NI 120X O X 20 X20
YERSYFEIR BN 25 Conv3a (3x3x3) 256 x 8 x 28 X 28 5.55
\ L Convab (3x3x3) 256 x 8 x 28 X 28 11.10
« [Ofl: BHEBEX Pool3 (2x2x2) 256 x4 x 14 x 14
AlexNet: 0.7 GFLOPS Conv4a (3x3x3) 512x4x14x14 2.77

VGG-16: 13.6 GFLOPS

C3D: 39.5 GFLOPS (29xVGG) ooy stoxaxter o

Conv5a (3x3x3) 512x2x7 x7 0.69
Convbb (3x3x3) 512x2x7x7 0.69
Pool5 512x1x3x3
FC6 4096 0.51
FC7 4096 0.45
FC8 C 0.05

* D. Tran et al. “Learning Spatiotemporal Features with 3D Convolutional Networks”. In ICCV, 2015.
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o

Sports-1M Top-5 Accuracy
35

80

84 .4
80.2
- EEE
70

Single Early Late 3D C3D
Frame Fusion Fusion CNN

« A. Karpathy et al. “Large-scale Video Classification with Convolutional Neural Networks” . In CVPR, 2014.

D. Tran et al. “Learning Spatiotemporal Features with 3D Convolutional Networks”. In ICCV, 2015.
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I3D: Inflating 2D Networks to 3D

B E3EFE—2D CNNW 2%

B 512D KxK, BRIt ZE#RA—13D KxKxK, &R/
M=

t
Filter " G5 A A
concatenation > ncaienate
Inflate 1 1 t
5x5x5 3x3x3 1x1x1

— Conv || Conv Conv
1x1x1 i 1
Conv
T 1x1x1 1x1x1
Conv Conv
’ A

Previous layer

Previous Layer

Inception module

 J. Carreira and A. Zisserman. “Quo Vadis, Action Recognition? A New Model and the Kinetics Dataset”. In CVPR, 2017.
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Moy 2

I3D: Inflating 2D Networks to 3D

B BH—12D K xK, & Input: 2D conv kernel: ~ Output:
Fth iR E A —1 g Cn X Ko X
3D KxK xK, EF3 /it .

W= v
l Duplicate input K, l Copy kernel 1 Output is the

times K, times, same!
divide by K;

B EEGRERIKRES -

. 7 s e Input: 3D conv kernel:  Output:
\ |'”.I: )
Zlgalsh, BE3DE IxKixHXxW Ciy xKix Kpx K, 1xHxXxW
AERAT

B AH2DERSHVGEKL
3DE: SHEFIK,
IR IEBR UK,




N

Mom 973

|I3D: Inflating 2D Networks to 3D

Top-1 Accuracy on Kinetics-400

80
75

70 742
65 ~o 1.1/ 1.6

60 502.2 O .0 .

55 =

45

40

Per-frame CNN+LSTM Two-stream Inflated CNN Two-stream
CNN CNN inflated CNN

B Train from scratch  ®m Pretrain on ImageNet
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HRERER: ZEHE 4K

h/fﬁjﬂﬂ
S EHRREESSHHENEEE

u XAEERM L

m unElimilg, ASIANELERH, WERS (~80 FPS GPU)

F3 EHE SR LA 18 RO 25 2 4R

127x127x3 6x6x128

+1 ifkllu—c|| <R
ylu] = o
—1 otherwise .

|
/ 17x17x1
> >

22x22x128

X

255x255x3

L. Bertinetto , J. Valmadre , J. F. Henriques , A. Vedaldi and P. H. Torr. “Fully-convolutional siamese networks for
object tracking”. In ECCV, 2016.



HIRERER: 77 KM%

}7 /Z_E Ej] .

B OBREESMAZSEES (BIrER).
m I RS AN L (multi-domain) 5 3]t AU IEFRIA

B ERER: E?ﬁ%ﬂtﬁt?ﬁﬂ’]’ T3, FSIATEZINGRX 53 SaTat s avm)
SMER. B—hiBd 7 RXXERIRIZRTFHITHRER

7 AHESR

H. Nam and B. Han. “

L5

Shared Domain=specific
Layers Layers

input convl conv2 conv3 fc4 fc5
3@107x107 96@51x51 256@11x11 512@3x3 512 512

Learning multi-domain convolutional neural networks for visual tracking”. In CVPR, 2016.



HARERER: REFFIE T BITE KR

F3 AT

B XAHEXIEREZSEX B EiF# TR

u A ASEEN EENRENSIEATEEE

B ESZREFETHWAEXEESRARESERBIHARERTAS

T EEZR 25 H4 -

W .
O Position in O Estlfr!ated
last frame position

Cropped Search Window Tracking 'Output

C. Ma, J.-B. Huang, X. Yang, and M.-H. Yang. “Hierarchical convolutional features for visual tracking”. In ICCV,
2015.



e ait: RAFT

yabr~ILi
B CHIEEFSNEE. SIANGRURTHETEFHE, SR
HIemkE, Bt YR

)7 /f 7H: Q:I:;I:,j

F v
B (1) fork =1:K
. fr=Fk-1+Af
] OOd
Optical Flow

Zachary Teed and Jia Deng. “RAFT: Recurrent All-Pairs Field Transforms for Optical Flow . In ECCV, 2020.



e ait: RAFT

X 3oy FE (UL FEE 45 {EF2 BY

B tEFrame 1f1Frame 2HFHIEARIAE FEFEC € R 1 WixHaxWs

B FHEKE: RFEBL-UERBERNER S f—1, TECEXTRAL
B X HErxrifis A4 E, MIAGRUEF=S

B 2RSS TERETXIEENBUERER, UFTEHEHIERE

XA E, LR "

H, 4
1
1
1
e © o 0 o 0 0 o o Hy x Wy E
e ¢ ¢ 06 o o o o o \Al 2
1
e e o o o o o o o . . 1
indexin :
e o6 o o o o o o o :L ______ IS Samphng
e o o o o & o o o /' /
®© @ © o o © o o @ e
® © e o o © o o o ¢ F\ﬁ".
®© o e 0 e o o o @ H, H, :_:_:Ir
Image 2 (x,¥) (; . ; & ((;)))
w; W,
Frame 1 Frame 2

Zachary Teed and Jia Deng. “RAFT: Recurrent All-Pairs Field Transforms for Optical Flow . In ECCV, 2020.
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ETRNNRFFIEI FFIEE

Input: Sequence x,, ... X;
Output: Sequencey,, ..., y;

Decoder: s, = g(Y, > S.4: C)

estamos comiendo pan [STOP]
Encoder: h = f, (x, h ) - " :
ncoder: h, =1, (x, h, ,) I N I 4
h, == h, > h, —P h, > s, P s —P s, —P s, —P s,

X4 X X3 X4 I & Yo Y4 Y, Y3

we are eating bread [START] estamos comiendo pan

A& : WMAFHRERWERR 2N EE



RNN+F =

SINEENLH

L HEXF o

(alignment scores)

k h( / h( k eti = fartn(Si-1, i)
a,, a, a3 844 estamos
A AS . ﬂmaxl A 2. 13— BRFE I
J\‘ ‘7 A From final hidden state: v, {E (attention weights)
e ®r2 Ps rem Initial decoder state s, 0< ap; < 1,
Ml ul ml u S Y =1
h, —l h, —L h, L h, P s, ol S, L *
bt 11 suErTyas
X4 X X3 X4 - c, Yo Ct — zat,lh’l
. J l
we are eating bread

[START] 4. E%ﬁSt
St = Ju(YVt-1,St-1, Ct)

«  Dzmitry Bahdanau, et al. “Neural machine translation by jointly learning to align and translate”. In ICLR 2015.



RNN+F =

SINEENLH
B REREE-SERATENLETXRE
B AEBZIKEMAFIIRAEER D

estamos comiendo pan [STOP]
y1 y2 y3 Y4
—p——— f T 1 f
h, = h, = h, =P h, P s, l s, —> S,
X1 )(2 Xs X4 C1 yo C c C4 y3
o | - A A A A
we are eating bread
[START] estamos comiendo pan

Dzmitry Bahdanau, et al. “Neural machine translation by jointly learning to align and translate”. In ICLR 2015.



RNN+I &=

Image Captioning

Alignment scores:  Attention:
HxW

1,0,0

person wearing hat [END]
€120 €121/ €122
T Y Y, Ys Ya
L :zo"j' L > h, h, ——{ h, ——{ h, ——{ h,
CNN | [%10 %] %,
Z0| 21| T T T T T T T T
Extract spatial Features:
features from a HxWxD Cof| Yo | |C|[Y Cy|[Ya| [l ¥a
retrained CNN
P X F_ t F 1
Xu et al, “Show, Attend and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015 [STARTJ person wearing hat

Xu et al. “Show, Attend and Tell: Neural Image Caption Generation with Visual Attention”. In ICML, 2015.



s walilk:l

AR AL
B EEDERIET BRI EE R BIEMQ(EI), K(EE), V(E)

Attention(Q, K, V) = softmax (QKT) 4
o NED
dyr=Q, KFFFRIZHL, B e B4

Q. KB REMEITE FRIATEREFE)T—1L
K" QK'
Q 1234 1234 1234

; 1234 ; 1 .
2 - 2 2 Softmax 2
3 X = 3 3 > 3
4 4 4 4

Z

1234

1T AR A TEREFEXT V IRECck A0

AWN =
X
1|




Ea_walilk:l

B:¥=7H (Self Attention)

Yo || Y1 | Y2

t

attention

Yo || ¥4

Y2

t

self-attention

ko | Ky || Ky Vo |l Vi || V2 9@ || 9 || %
= r
il & 4mhY
Yo |l Y1 || Y2
f
self-attention
¥
Xo || X1 || %
Po || Py || P2

1

position encoding

!

Xg

Xy

X




Transformer

Transformer#t /i
® Transformer@Google A E2017F R HBY— M B RIS L IEIEE
B TransformertZBUER T FEIWE], FEEEBATAHITHIIIZG, ™

BeemHaERER
B FER%mIEEF (Encoder) FNf#RZEE (Decoder) ZHAX
RIS E s & Gt e
4 4
& ) s )
C Encﬁder ) > Dect)der D)
C E"Czder D) > Dect)der )
C Enczder ) > Dect)der D)
C Enc?)der ) »( Decﬁder )
¢ Enc;oder D ) > e D

2 B8 —R
Ashish Vaswani, et al. “Attention is all you need”. In NeurlPS, 2017.



Transformer

Transformer /it
B IR RRAERFEN
B %35FEH (Multi-head Attention) = Transformerdr, @id#yiE—

AYHFNELEE SRR, BARZFENNE . B\ BRET
Z AR ERF=IE, BBTEIENMFEERNETESIFTRIE.

1 t
MatMul Linear
) ) 0
[ SoftMax I Concat
f AA
Mask (opt) Scaled Dot-Product h
i Attention
Scale _ﬁl- _‘l ‘ ﬁ[
| Mathul ] [Llnear -] S L] Linear J
Q K V

Q



Transformer

Transformerik /i

B 4RAESES (encoder) FA
825 (decoder) =
ZHTEJIIRRE K

B R MR ERE
E (N=6) , W&
B aF B I EE AL
FIRRERER

)

N x

.

4 | )
Add & Norm }
Feed
Forward

Output
Probabilities

|

[ Softmax |}

{

{  Linear |}

-
| Add & Norm ]«\

Feed
Forward

Multi-Head
Attention

s

[ Add & Norm Je=

| D
| Add & Norm | o

11

Positional
t *'h\\ﬂﬂg

I

Inputs

I

Oulpuls
(shilted night)

Add & Norm ] el
Multi-Head Multi-Head
Attention Attention
¥y 3 —)
®_@ o Posilic I 1Al
Y Encoding
Input Output
Embedding Embedding



Transformer

i 52 Transformer

Vision Transformer (ViT) Transformer Encoder

|
I A
: I
bl || ML . (D
I MLP
l 4
Transformer Encoder : Som
|
I
Patch + Positi i
Emveding > © J @IS “@IB | e
* Extra learnable
[clatss] embedding Lmear Pl'OjCCthﬂ of Flattened Patches | { ¢ }
l
. . 5 | ‘ . | I Norm
T T
T j Embedded
: Patches

« Alexey Dosovitskiy, et al. “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”.
In ICLR, 2021.



Transformer VS. CNN

ImageNet-1K Acc.

90

88

86

84

82

80

78

ResNet (2020
(2015) ( )

ConvNeXt
Swin Transformer
(2021)
DeiT
&

ImageNet-1K Trained

ConvNeXt
Swin Transformer
ViT (2021)
(2020)
Diameter
| | | |
4 8 16 256 GFLOPS

ImageNet-22K Pre-trained

Z. Liu, et al. “A ConvNet for the 2020s”. In CVPR, 2022.
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F X #E 8! (Generative Models)

7AW Lt
R TVIR BB IE
B [B])34 pi =8
= S

3 BUE R
A BT 2%

A BT 4% BY S R

|“I'




T INRRIBIE X

B BEINSFINESHET I —MRE, NAX—EE, FTEE
AU ATUNME R RS . ST RBENSRBREZT, Hp—Mo
KEBEE 79 FIRIREEIFIE B2 AR

B FFRAEFEZRBEMARIBIENBIEEZHN—L MR, Bl: B
%ﬂi)ug X?HB%EEZ, ET;:XTP(ZIx)iEﬁ@*Eo ERIE AN B
T eExEESZRTE-HIA AT e
> fan. HBIEB RN LSBT, T E2NRRLHNTE.

N iﬁk*%’*”)”']zei‘fp(x 2)IFITER, AERDEFHEESfp(z|0)1E
RN T =z AR EY, Eﬂ
o (zlx) = p(x,z) _plz)p(2)
p(x) p(x)
BIRT, FANTHALURBEX SR 2 fp (x, 2) RAEE BN E Zx,




RV R R E X

B EE, TMNEHAUMNTE RN IREEERR
o, SREEAIREBEREMEE.

2 m WTFRMEERE, po) TR . p(x|2)
(cFEX ZBY SR BEBEE) Kp(z|x) (BT ERFELE) =
EZRAIEEiEAx Mz KRR, MENIKE SRR
LIZRTRA:

p(x,z) = p(x|z)p(2)
X B FIRgENWNZE]x, MzE2RTE, TEHIMN.

ERERERELSBL—MUREX, Gt
T ExSRTE AR REREXSH.



RV R R E X

B ST NMERE, REEBEEP(2). p(x|2),
BN AEREREE, XBWTHREEX:

L p@) px|2)PAERETHNEEXSRETEzH)
BXE 7 p(x, 7).

1. FIAREEXARAAST T S TRE. B
AR ERREEZMARNMEBEREARR
X zi~p(z), BERUMNTEHIFHRERME
xi~p(x|z)o



F R IVIREL 773K

B RENSERBRERBAIRIE, ERIAERAUASAMRE, B0
LR RAREE R A ERRE.

B BIVRIAMEREE R WAV E TR E N A 75 9T (U R eR 3
Y5 BTV BU AN AR AT A 2R R BR B VAR B

Direct
Explicit density Implicit density

Tractable density Approximate density Markov Chain

Fully Visible Belief Nets /\ GSN

- NADE — -

- _MADE Variational Markov Chain
PixeIRNN .
PixelCNN Variational Autoencoder| Boltzmann Machine

Changeofvanabhsrnodeb
(nonlinear ICA)



F X #E 8! (Generative Models)

- VIR EY
F B ICIR B 1P
SIEIPE LS4 kil
R =F VS
ERs
A BT RN 4%

A BRI N 48 B Iz

|“I'




H o] )34 iR EY

PixeRNNFIPixelCNN

B Z2Ep(x)

n2

p(X) = Hp(ﬂiq;|$1, -o-aiUi—l) = | | | | |%

I

Likelihood of Probability of the i-th
image X pixel value given all
previous pixels

" RIS EUREHTR AR

A. van den Oord, N. Kalchbrenner and K. Kavukcuoglu. “Pixel Recurrent Neural Networks”. In ICML, 2016.



H o] )34 iR EY

PixelRNN

® FIFRNN (BILSTM)Z#&& & -0-0-0-0

Bl R 0-0-0-0-0
@90 OO

B B gk, ERUREE OO 00O

PixelCNN

B F|ACNN (masked conv)@&&g .

B B IR e

B JI|ZIRELEPixelRNN1R,
& R E KIS




H a3 45 pi iR B

1T

- AR

GRS R 8 b A
SESULTEREN SFiED
o BRI VAT o
R Sl M- a0
S e, A s
BrESiknng BRRS oL L
SHAE w VAN K- 0D
R e L O PRy

32x32 CIFAR-10 32%32 Imagenet



F X #E 8! (Generative Models)

- VIR EY
HF NIRRT S
B B34 iz R
T4 B 4mhdas
ERs
A BT RN 4%

A BT 4% B B R

|“I'

-




B Zmh3 25 (Auto-Encoder)

B Zmh5 25 (Auto-Encoder)

As close as possible

x |— |Encoder|——| z | |Decoderl—>

&)

low dimension

4————

* Embedding, feature, code
= Used as feature for downstream tasks

= Cannot generate new sample



T B4mhiss (VAE)

VAERZ R B L5 4
n AEREHRES. BEENSIUARESHILRE

p(x)
Encoder <

=
&)

Decoder|—>

>
=
S
=
6
.H.I:
M

Diederik P. Kingma, and Max Welling. “Auto-Encoding Variational Bayes”. In arXiv:1312.6114, 2013.
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S B%migzs (VAE)

BB —MINAER{x,, ..., x,}, BEBERxRiEL, BHREEz,
MMERSRTZENRKESTTA: p(x2), BTRNFXLLERA x ER,
Eltt ER AT E 79

p(x,z) = p(x)p(z|x) (1)

B EEXERD (x) BIREHERY, 1y, .., AR TxLE . RERNTE
EMELHENER, EEEMERN. FEHN.

ETk, BENp(x, 2)#ITIE M. BERKR, HINSEER—1FHELSH
Ratq(x, z)FKEiEp(x,2), BALENTURAKLEERTEE(IRNES:

KL l1aCe,2) = [[ px,2)log qﬁx Z§ dzdx @)

KLE RN REBIR, ERHRMNEFERD o hlEmig, KL
AU ML NEET . (LN, Fi1A:
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E éﬁﬁﬂl ==] (VAE>

(x)p(ZIx)

KL 2lla(,2) = | 50l plalog™ P2 dz) ax
= Be-pol [ P10 g7 2 a) 3)

(3R IEAT Bl — B 1k
KL (219G 2)) = el [ (12 10g () d2] + Byl | p(zlx)logsg hx %d N

= Ex-polog ﬁ(x)U p(ZIx)d%] + B piol [ P logl ) d2)

1
[y 108 PG+ By | p12) 0 qg 'xi 2)] )

=2C




T EimigsE (VAE)

BEBm, HNITIUS:

X

O

L=KL(p(x 2)||lqx,z))—C= Ex~ﬁ(x>[jp(2|x) logp(z| )d )]

q(x,z)

O sSNMUKLEESRENTRIMLL. ITERERER, FK(1Hq(x,2)B
q(x|z)q(z), TR—AB:

p(z|x)
q(x|z)q(z)

£ = Exepeol | pCaln) log d2)

= Ex~ﬁ(x)[_Jp(Z|x) log q(x|z)dz + fp(zlx) log (?))C) z]

= Ex~p00[Ez~pzix)[— log q(x]2)] + KL(p(z|xX)||lq(2))] (5)

\ J
|

(VREA=E T
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S B%migzs (VAE)

L = Expa)[Ez~p(zix) [ l0g q(x|2)] + KL(p(z|x)||q(2))]

B3 T B R, F;jzﬂ]ﬁ-ji%’fﬁj},fﬂzﬁlj BB q(x|2) F q(2) [EF LE—'J 1.,
B, ATHEXRKE, BIMRIEz~NO,), B ENZ TIESS T,
FLEER T q(2),

RE, pzl0tR2(ESBIMTEESHT, EHESHERGRRE,
XA RE, BRE— I HEFEIIE

p(zlx) = eXp(——

Heh, x2HENEREAN, @ENE2E100)ERE(x). XERNHEZ
W& ki 2] 7 HNEncoderBI{EA . LPBIKLEE X—INa] LIScE Bk

d
1
KL(p(z|x)|lq(z)) = P Z(u?k)(X) + U(Zk)(x) — log U(Zk)(x) — 1)
k=1
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X4

THB%miEzE (VAE)

L = Exp)[Ez~p(zix) [ l0g q(x|2)] + KL(p(z]x)||q(2))]

MER%Timﬁiﬂﬁmm@T ST RmeiksE, [RiIeEE 7T
RIEFR: BEF AR EST M.
> ﬂﬂ?ﬁdﬁ%’ﬁﬁéﬁﬁ% N _EPT:

=1

p(e)—{l’ e=0

FRBEMSHBRERT x 2E— 1M Z Tl _{ERZEMR, EEan: MNIST,
XFERT, ?ﬂl]ﬁﬁ%ﬂﬂééﬂé%p(z);l%% Mo, NmMEER:

a(xlz) = ]_[ (rao @)™ (1=p@)
SRR -
—log q(x|2) {Z [—x(k> log p((2) — (1 — x()) log (1 — P (Z))ﬂ A2 X i
X2 () BB T I Decoder BT




ﬁj\ E éﬁaﬂl ag (VAE)

L= By peo)[Ezepzi)[—1logq(x]|z)] + KL(p(z]x)|lq(2))]
RERESTT, Sr|x)RE&, REx, zXMTHE: )

a(xlz) = ! exp(——1 X~ Hz)
P \/Zna(zk)(z) 21l o(®)

XEB, HENEMARZ, ’iﬁ‘tlz'umu(Z)’ﬁaz(Z) ﬂ:zs

—logq(x|z) = > H a(z§Z) Elog 21 +— 2 loga(k)(z)

BEEALT, BINSBEERFEN—NEH, XEES:
1
—log q(xlz)NTﬂ lx — u(2)|I?

T2, XFER T HATAEAIMSERKREE ! u(z)#i#2] T Decoderiy{E
.
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]7\E éﬁﬁﬂlnn (VAE)

M, iEFKMNBRIVAERIL BF:

>

>

L = Ex 5 [Ez~p(zix) [—10g q(x|2)] + KL(p(z|x)||q(2))]

WNFHEESAMWEZI, p(z|x)RE|EncoderBI{ER, RFIRTKLELE%Encoderif
TR EIE AR ATFERNZ TTIES ST ;

HFESAMBE—IT, q(x|z)F22IDecoderfIER . T _{EEHE(GIAN:
MNIST), AR LI Decoder Fsigmoid BB #UE5E, ARG A XX HE{E iRk ik
B, XMNTFqx|2)BEEFIS; mxdF—EIE, HITBMSEIERIRLE
W, XXMNTqx|2)REERERNZ TTIESS

FZSERk/E, DecodersiZIMIAVERIREL, ERIEIEREMIRES TTIERS
DR RFESERRTEz, HiwADecoder, BATLUSEIEMEART .



gﬁj\ = éﬁﬁﬂl =]= (VAE)

O VAERIARRE{TA?

B AR UAMEITEV R, REINIZEIE. VAEE BT
EncoderiF WMt R x2mAS (BRET) AT EHHIRT =z, A
EBIREBEIMSE kR (T (EE1& N 38 X KE5 5k e
B FRT 2785 EINNAERY . MXEAIZEES EER
Auto-Encoder23EE MR, ME—HARIETVAEZ TIERT
[T ERIKLEUE AR,

B HFEFAuUto-Encoder, — MIIIZIFAYAUto-Encoder, YNSREBENSTE
I:I)IIZ,# SE| IR =S [B) 3 4E, 9*F1’EijecoderE’J¢’ﬁ“)\ AT

S8 T —PMEMRE, (BEEZEAuto-EncoderfYf2 =S [8]AY 9770
E’Emﬂﬂiﬁnﬁ’] HATC R I TRME. VAENXIFEES[E)5FE T
Iaﬂfﬁ% EELL@ﬁMynhﬁE D, XFLERR
B F KT 1S A] 5, 1S3 E B ARE

B AL, MIIZ&ERERE, VAE?/LLEB% ¥ |8) 5 2 SR AYAuto-
Encoder.



251 BmbE s B LER =

B VAERIL= -
> VAEHI)IZdF2ELE0TaE, LossERE B ES EM—/ExTia

>

ER T REEE,

HFINETERGE, VAERmIEBEEEncoder 5Sf#M585Decoderl ]
LUR{AEEIRE R S 4 2R ET R (AR BRI ARG

H) o X, RERTENRFEBSZHE, BATLRIEERE
ZN-EZ 23

mean vector

sampled
latent vector

m_» Encoder / — Decoder _»m
y (conv) \ / (deconv) | kv

standard deviation
vector
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i AR A

Imagen
by Google

L

>

e

Sprouts in the shape of
text 'Imagen’ coming out ES'A(\)LL:,E
of a fairytale book. pen

An ast.ronaut r|d|n_g a a cute fluffy bunny
horse in photorealistic

grumpily working on her
style. trip itinerary.
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P - I S i
C T CIE - GUR =Pl e %y 1]
N Eﬁ%ﬂﬁé“ " i%_

(Denoising Diffusion Probabilistic Models)

Fr

3o
X

N4 Bk

X

r:I:I:

Forward diffusion process (fixed)

Noise

Data

Reverse denoising process (generative)

https://cvpr2022-tutorial-diffusion-models.github.io/
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HERI B R =2 (DDPM)

T
Q(X1:T|X0) = H (I(thxt—l): Q(Xt|Xt—1) = N(Xt§ V 11— 5%y 135 .BtI)
t=1
T

po(Xo:7) = p(x) HPO(Xt—llxt)> po(Xt—1]x¢) = N (x¢e—1; po(xe, 1), Xo(x¢, 1))
t=1



i auRE

HERI B R =2 (DDPM)
B giEy EGETE

g(x¢|x¢—1) = N (x5 V1 — Bexe—1, Bel)
FESHUHITT x=V1-Bxa+ v Biz:i_y wherez;_; € N(0,I)

, Xt = v /tXi—1 + V1 — oz
W =1-F & = [licg i = Vorou_1%t-3 + V(1 — o-1)zea + V1 — i1

= Vayxo + V1 — ayz ) q(X¢|X0) = N (x¢; Varxo, (1 — ay)I)




B AE R

EERY B FE 52 (DDPM)
B fEEiRTEE

p(xt) = N(x71;0,1)
po(Xt—1|%t) = N (x¢—1; p1g(x, t), 071)



By R

EERY B FE 52 (DDPM)
B fEEiRTEE

. —_— p X
1jE1't E*’T ]ECI(X()) [_ lOg ])()(X(V))] < ]Et/(xo)tl(xlz'l'lxo) [_ log M] =: L

q(X1;T|XU)

=1
éé*ﬁs—rﬁ L=E, DI\L XT|XU||p (x7)) —i—YDI\L (x4—1|%¢, x())Hpg (x¢—1]%¢)) —l()gpg(x(,lxl))

L] t>1 [/fl Ln
(I(xt~1|xo)
g\Xt—-1|Xt, X0) = @\ Xt | Xt-1,X0) — 7~
el g
q(x;_1/|%o)
= q(x¢|x¢-1)————
() o)
1, (x: — \/Ottl'it—l)2 (xt-1 — V@—1%0)?  (x: — +/@xq)?
X exp ( - —( + = - = ))
2 Bt 1—ai 1—a
- 1 (&% 1 9 2‘/ ,/at 1 N
= exp < 2 (( .jf + § = dt 1)Xf 1 2 Xt 1— at IXO)Xt_.l + C(Xf, X(]))/

> q(Xt_1|Xt, Xo) = N(Xt—1§ ﬁt(xt, XO)a BtD

v/ V1= 51— a;_ ~ 1 —ay_
fiy (X, Xp) = Ge1fr Xo+ Al - a I)Xt By = Qi 1.5t
l—at l—Q’t 1—Q’t



By R

EERY B FE 52 (DDPM)
B fEEiRTEE

L=E,

Dxi(q XT}XU Ip(x7))+ Y Dir.(q(xe—1]%¢, %o)||Pa(xe—1]%¢)) — log pa(xo|x1))
Lt t>1 Li Lo

Q(Xt_1|Xt,X0) f‘ﬂ P()(Xt—lyxt) il)]%IElL.\ﬁﬁ; ;E\:KI— r_jj

1
Li—y = Dxu(q(x¢— 1|Xf X ||P9 Xi— lle) = E, l )||/Lf Xt, X0) — po(Xe, t H ]
\/ 1— 3 1—
[l (X¢, Xo) 1= %15} Xo+ V1= G Ge1) 3
1 — Oy 1 — (Y 1 M
) (X, %) = = X; — me
Xt =+Vap Xg+ (1 —ay) e e ~N(0,1) f t

1 3y
1E -LX /19 Xt, ) m (xf - m 69(Xf1t)>

)I-I\IJ L{—l = ]EXON([(X(_)).(’f“\-'."\/’(O.I) l‘ $

xt



i AR A

HRI B R =2 (DDPM)

Lsimplo = ]Exowq(xo),eNN(O,I).tNZ/{(l,T) [”6 - 60( Vi Xp+ v I — oy €, t)||2:|
N .
~

Xt

Algorithm 1 Training

I: repeat

2: x0 ~ q(x0)

3: t ~ Uniform({1,...,T})
4: e~ N(0,I)

5: Take gradient descent step on

Vo ||e — eg(v/arxo + V1 — c‘xtes,t)”2

6: until converged

SEBR

Po(Xi—1]%¢t)
4 )

4 ™ ‘
Noise
predictor

\_ J

Denoise — 779 <>

\ J




i AR A

HRI B R =2 (DDPM)

Algorithm 2 Sampling

1: x7 ~N(0,I)
oo 1) 2 A AN I [
z~N(0,I)ift > 1,elsez=0

2
3
4 x1= o (%~ JESkeo(xit)) + oz
5
6

: end for
: return xp

4 ) o

Noise
predictor

\ J
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s s vs. VAE

.
VAE ﬁ —’[ Encoder
Diffusion ﬁ _- Add noise

XN

SR vs. B B34 RAEE
PixelRNN/Pixel CNN Diffusion

= [ | [ | [=|
| [ [ [ ] Po(xi—1]xt)
Q9. 0 &
x{—l}-(: 1) .

e

T2



F X #E 8! (Generative Models)

- VIR EY
HF NIRRT S
B B34 iz R
R =F VS
ERs
A XTI 4%

A BT 4% B B R

|“I'




XTI ME 454 (GAN)

B ERXINEZE ST, ERMEFRFIAIMLEE, RIS AIRGFID
RN o

B ERMBGRYA SER0, A ERMEARMERENSHES, hh
AERR B BIE; FIRIMEDAILUIEE—TZ7KeE, AT oHaA
HWEERE "B SRR R R

1(real)
% D |— 0(fake)
1(real)

G ——  Discriminator training

Generator training




Zkid iz

B GANZEICFHNFTMERR %, HERERIAREF 5D FE plizs
PR AU ANIETE . EpER IARBHLIESE (— ﬂxﬁﬂ’?ﬁa‘#‘ﬁ‘k%‘ﬁ 57\
) AN, MEEREEE, FRISEoPFEREIEMESSHIE. sEilE
FEEESSNHE, B, FEREETRMOHESSRIRESEREIE.

................ IR B3

g sfgr zt

FlBIHERS -

B Aitt, ATNEESIRPHT, EHDSEREITIN, BHERIMWESHE
kTS, HRBELESSHE, MM lE R EESRAEE.



WEITIE

B Rz AMENMEE, xRESSHEE, £RMERMFRMERTASABECFDIER
T, HPDAIUEBIEF—1M_n3E, BLARXRARZXNERR, GANBIMILE
FRE] LB {E:

mGjn mng(D, G) = Exepynacoll0gD(x)] + Ezpn[log(1 — D(G(z)))]

B HAE—IRMD ()RR RIS S E SR AN, S ID (G () MR
X4 B R HOH B

> 2%']%% HWBERRESAUI AN, BHEHHEMEREEREESSHIED
Yo

> ERSECHERERNMEITAN, HEiLECERRBIERFHEFE
RBEESSHIED .

B E XA (Max-Min) 8 ZE, BIRZE o RIE1Le F0D 3312k
FrEE 2 m A a2 S F AN 4E, B 2IZEENashi) & s,



R R

B 5VAEAR[E, GANHILERSIGEERETERENEE, MAFE
XMRTE z MR, {BSEPR EGREURA M 7 GANRI UL BFREL AT A& 3N -
B “BEE MohmESN&/IML.

B BEEERGECHSE, MUEHMDISHE. Sp. () AESZHIET,
pg(ORERBIES . MUBIRAILIEA:

max V(D,G) =Eyx p x[logD(x)] + Ex~pg(x) [log(l - D(x))]
= [ P 108DGO) + pg(a) 0g(1 ~ DG)) d (D

B SOREXTFD()MESHE A0, AIUBEID(x)MEBmLiEA:

« _ pr(x)
D) =0 4 pa

(2)



D*(x) = pr(x)

=) + pg (O (2)

B QRHAZMFARFNTRIER, XR2—MREVWHNER. SHp, (0)5p,(x)
seEEER, WD *(x)1ER0S, EREFFRFELREZBXTESLHIES
SleInE 6 paih

B EEFIRFIONSE, MUEFHCHSEE. MILBFAILUEA:

mGjn V(D,G) = Exp ([logD(x)] + Ex~py(x) [log(1 — D(x))] (3)

B HMFRMARIFENREXKAR)R, A:

2y () py ()
2 (0) +pg (o) T e 108 o

Ex~p,(x) 108 (4)



2 () py ()
b (0) + pg (o) T e 108 o )

Ex~p,(x) 108

l O.SXPT(X) CE | O.Sng (X)
w2 080 5x (pr () + pg(0) | PID R0 (p (x) + pg ()

pr(x) pg(x)

= IE ~ 10 + ]E ~ 10
P 080 5x (0, (1) + pg(0) T PN O 0.5 (p, (x) + pg ()

— 2log?2

pr(x) + Pg (x)
2

pr(x) + Pg (x)
2

= 2JS(pr ()| |pg(x)) — 2log 2 (5)

= KL(py ()]l ) + KL(pg(x)]]| ) — 2log2



R R

A= LRI 55 A SRR 40 A
A
= rlaéM%Zgz/ P(X)
O G * iur{i F
N M2 7] M4 7]
2JS(pr(x)||pg(x)) — 2log 2 (5)

B ALER, MEXBMUENEHIT, FARlsEDEsXRHEERMFIRIZED i—“l
XAMEOE B —ERER, EmEEcHlossAl LU IE N T H&/IMELESS Sy
mEERESERD T BH))S(Jensen — Shannon) B E .

B EEl: GANBBEIETERLTNZENERR L, MFNTHIEM
R mAEERMLL.



MIZxd 32 VIR %

B NMNINIZRBESE, FRISEDER—P_mEEm0MER, B—XDRVERM
BAEED X T ESSHESE BRI (Bl AMMEERIERHTECH
MERED) , WERLEREMMEIREEX 7 ERBAVRRIAF . MGRYE RN E
IWLE BRI K AESIHER, NMESHTHYE sEHEE NRITR RIS
AOEZHIE. EXEEANNANENRIT, ERBUESNEIRITE SRR,
NERZREBER[DREBRX 7, LIURSHIESLERIUSELHIE,

ERERG: B RERFBIRIESE,  FlHlsED: RAUDERESSHIE
BRANERERETT EESREIHME. SERBIEEBIRSIHTER,

pr(X) REM

~» N
.o .o

T

) L
' D
% 0N}

i




eSO E AR

O FHAFMRGANEMR G ERBIT LIS EEEEME AN
B RBAEH(MLP)SSIRRY, SAMEESWE X, LM ELSE L,

ERERRERESINME, TEENBEERNBEEMS.

512

1024

5| s
15

\§\\ Stride 2|

Code Project and O 3 Stride 2
econv
reshepe Deconv 2 D,
Deconv 3
Deconv 4
(Radford et al. 2016) Image

O lﬂﬂ%fﬁi&%m&%wmAﬂTiﬁﬁi¢ MAERE E
FAXTHtHZ MR (DCGAN)., DCGANLEH B IRT ﬁmﬂéﬂﬁétﬂ’lﬁq:

BiE, BHEmRAREREMRRERERAGANIIZGRERIERT
Z IR 251 o

A. Radford, L. Metz, and S. Chintala. “Unsupervised Representation Learning with Deep Convolutional
Generative Adversarial Networks”. In ICLR, 2016.



5 T 4% B ILER ==

B ERREHABART REER, MAFTEITED/RAIXE;
B RBEPINGA FEX I MR ;

B ETEENEE, FRFEATEEFEINEERY, EXT
PR, EECGANREZSHEMESESERMITHIILZ.




XTI B LR =

GANRYIER 2 -

B RIGGANINIZGHEIEFSHIBEIHRNIIR, FEEMSEG
JLFTERBAEYNFEIEE, FEIIRMEVEL;

mGjn max V(D,G) =Exp,,, collogD(x)] + E,pz)[log(1 — D(G(2)))]

T I —  log(1 — D(G(z)))
- Jog(1 1.)[(1'[:)]]] 1

_— logD(G(z))

2
- \ High gradignt signal
—40.0 0f2 0f4 0.‘6 0?8 1.0 —40-0 012

2 0.6 . Tos 2. L0
Cow gradient signal




XTI B LR =

GANBYER = :

B JRIRGANHIINZGRAREE, FlAlsEDESE G BIEERETF
BEZ, fBlan: DBEFhKIX, CGEFH—IX;
v FID: 3% Z BIHEE
v'inception score: & A IER A M4

baseline: SN on D baseline: SN on D
450 5
45
400
o 4
350 8 35
a3
()] =
= 300 O 25
)
8. 2
Q
250 D v
=
200 1
0.5
150 0
0 20 40 60 80 100 0 20 40 60 80 100

Iterations (k) Iteration (k)



5 T 4% B ILER ==

GANRYIER 2 -

B JRIGGANIIZTER G, £RMNEASHIRINESL (mode
collapse) HY[a)RR

PAEIEARREE, ERERERBEEES

LTl ke iy ——

Z S R ’&.‘ B RO | ,,.,,m.- T Hew 3 1.0
e ’ fr .3‘ "y!.‘gr‘t"g*h‘\‘{. iy i '.} 9“ ST R
O ‘ : "‘-'."--’:f\"’-" ::\ . :\ (8 t M“)’ Vi 4 &, u‘.\ "y ot ko
!‘*‘"‘t’ 4 AR 3 o tv*“' b SO R

step0  step5k step 10k step 15k step 20k step 25k Target

ERE RTRZ S



F X #E 8! (Generative Models)

- IR EY
& R IR B2
H [B])3 4 i 1E 5
T4 B Ymhg 28

I EE R
E RN T 4 2%

= XS N 4% BY R FF

|“I'

LY Il“l'

To IS EFFIERREY

3 1%1'“5

SR AE oy R
RS Es

BT XA B0 B 2%

DN N N N N
[R| - [R] II)#I



“R7 BiEE X RVTRRR

] GANEl’JaHJjaIJ SALUEE—120ReE: KRESHIEITLE “E” 17
%, ®ERBUETT L “R” . Ba, XTMBE R BiE
HE X ERZE— ARG ?

O fBlan, E@879#ESH, ALUE “FK” ’ﬁﬂl?&ﬂ’]i)@ﬁ%ilﬁ‘ﬁ*ﬁﬂﬂ’\]
ElF . TR, GANATLUE 7 & i SS

_ real(E¥E)?

™ fake(1EH) ?

Ledig, Christian, et al. "Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network”.
In CVPR, 2017.



B 5 S Ak

B GANER#ATEGEMRESHIEL, BEERFINFZRGANR BEE IR
TRZENER, BREAS. FBEECGANEARBAE#HE, Ik
BigGAN. PG-GANZ, BZAI4E RS 7 HERMEIE.

= - sg o “ |
2, Q.j i L b \Q« ' N "

DCGANE ImageNet $iE4E_F4 FH0ER




5 5E Ak

B PG-GANFILAERLZHFRIERT, H£M1024 x1024 KM= B AN .
BEXIE, BEFEGERXESENEGRIEERMER.

B PG-GANRFHHHEZE|Z (coarse-to-fine) HIZFRSLILERE, TR
KoRyERRENER, RENERIEIMNSPERIHET.

G Latent Latent Latent
v
——
. .
L I : |
i : [ ]
E L ]
; [ ]
§ [ 1024x1024 |
. n - R
. | Reals Reals V| Reals
D | . [ 1024x1024 ]
E ; v ! L z : |
i ! L ]
y [ ]
‘ E | ]
Training progresses
PG- GANE’JH?%T—“%%HEW*%

Karras, Aila, et al. "Progressive growing of GANSs for improved quality, stability, and variation”. In ICLR, 2018.
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Model Accuracy | Accuracy (400 per class) | max # of features units
I Layer K-means 80.6% 63.7% (£0.7%) 4800
3 Layer K-means Learned RF 82.0% 70.7% (£0.7%) 3200
View Invariant K-means 81.9% 72.6% (+0.7%) 6400
Exemplar CNN 84.3% 77.4% (+0.2%) 1024
DCGAN (ours) + L2-SVM 82.8% 73.8% (+0.4%) 512
DCGAN#I5IZSTECIFARLO_E RIS KRR
Model error rate
KNN 77.93%
TSVM 66.55%
MI+KNN 65.63%
MI+TSVM 54.33%
M1+M2 36.02%
SWWAE without dropout 27.83%
SWWAE with dropout 23.56%
DCGAN (ours) + L2-SVM 22.48%
Supervised CNN with the same architecture | 28.87% (validation)

DCGAN#5ZSZESVHN LR 53 IR =
 A.Radford, L. Metz, and S. Chintala. “Unsupervised Representation Learning with Deep Convolutional
Generative Adversarial Networks”. In ICLR, 2016.
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log(1—D(G(z),2))

Jeff Donahue, Philipp Kréhenbuhl, et al. "Adversarial feature learning”. In ICLR, 2017.
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Yu, Lin, et al. “Free-Form Image Inpainting with Gated Convolution”. In ICCV, 2019.
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* R. Qian, et al. "Attentive generative adversarial network for raindrop removal from a single image”. In CVPR, 2018.
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« Ledig, Christian, et al. "Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network”.
In CVPR, 2017.



E G By eR

B FRINGE: RIMERNSESLHS D HEE R ZERIX 7]

Discriminator Network
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* Isola, Phillip, et al. "Image-to-image translation with conditional adversarial networks”. In CVPR, 2017.
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J.Y. Zhu, et al. "Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks”. In ICCV, 2017.
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T. Karras, S. Laine, T. Aila. “A style-based generator architecture for generative adversarial networks”. In

CVPR, 2019.
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Deepak Pathak, et al. “Context encoders: feature learning by inpainting”. In CVPR, 2016.
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Carl Doersch, et al. “Unsupervised visual representation learning by context prediction”. In ICCV, 2015.
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Hsin-Ying Lee, et al. “Unsupervised representation learning by sorting sequences”. In ICCV, 2017.
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X.L. Wang, et al. “Learning correspondence from the cycle-consistency of time”. In CVPR, 2019.
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Embedding Space

Mang Ye, et al. “Unsupervised embedding learning via invariant and spreading instance feature”. In CVPR, 2019.



