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B BAKEZ (TTE LEE)
» Twitter : @tomoyukun
> g : BIOK (2126
- BAHARE
- FEEHATARA (2017/5~)
- cvpapar.challenge (2017/5~)
> FAFT DR
- 1TENERGE, FTIRFAMRE
> EFRFER

- Anticipating Traffic Accidents with Adaptive Loss and Large-scale
Incident DB, CVPR 2018.

- Learning Spatiotemporal 3D Convolution with Video Order Self-
supervision, ECCVWS 2018.

- Semantic Change Detection, ICARCV 2018.
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» ~ CVPR 2017

» ~ CVPR 2018
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BEPR VSERRAFH L ?

BEINT2NT =S ZFHAWNTEN S DRV
KRIZEFTIT DL (zoxz)

B SOORUYFHEERIR = discriminative /45 HZRIR

- RET=U\Y XD (target task)[CBEXNIRT — S DFFHERIRZ
B 75 X 2 (pretext task)Z EH (CAE< C & TEBIT S

- disentangle (B#FRBIEETR) X E, MMORE(CDULNVTIERINIRLY
W Self-supervised Learning

- BEITERTZI3HEENES ZHL \ Cpretext taskz EE

- HifRk, #E, S5, YILFE-HIL
B Self-supervised{ 4} (Unsupervised)

- T—=APMEXRIRIDIETIZFEEITD EER IR

F(C, ERODHZFL\I=Self-supervised Learning(C DL\ T
(WE(ZIS U TSelf-supervised AN BAENET)

cvpaper.challenge




ESVPOTRVMVFHFRIANZI T S ?

Ml 75 A : 45EH I + 5EEBI R
» Pretext task CEZH UIc T )L 2 EBHEIFEDIF SR & U THL),
Target task COD4%gE%Z D
» BU7—Fty MRTFHET D2 EHZ0N
— Pretext : SANIVIXUlmageNet => Target : 5/\)Ldp DImageNet
» AlexNet CFHiI g 2DMNRAY A — R ([CIRD>TLFERDTLYD)

Pretext task Target task
¥3 _EIR

s

ex. AlexNet ex. ImageNet
w/o labels (ex. ImageNet classification)

cvpaper.challenge



ESVPOTRVMVFHFRIANZI T S ?

B A E®D : Fine-tuning
» Pretexttask CEZH U /\7>( — S 7=#HAE L U CTAL)Y, target task
CTFine-tuning UTZiF D 4EEZ HI D

» BB —Ftv MEATIHMEZITD Z ENE L
~ Pretext : SAJLIRUImageNet => Target : 5/\JLdp D Pascal VOC

» AlexNet CHi I DN RS > 45 — RIQDIEEHIE5ED & [FIEK

Pretext task Target task
iy iy % s~
K x~ 7
a . = a =
ex. AlexNet ex. ImageNet

(ex. Pascal VOC segmentation
w/o labels 9 )

Sal(F =L UlmageNet => Pascal VOC(cls, det, seg)z H%E

cvpaper.challenge b



Pretext task® X5l

B CVPR2018FE CODOiAZL%Z Pretext task’ sl KBl
B EELODIETHBICEITER
» VAT TPR—ADFENZ NG, DFENEH O

sl 3R

Context prediction

HBiEpR

AutoencoderX

T A

Counting

Jigsaw Noise as target

Context Encoder

Instance
Discrimination

Jigsaw++

Colorization

Rotation

Split-brain
Spot Artifact

cvpaper.challenge




Pretext task® X5l

m FEBIR
» HERUFT—Fx(CW T D, BEITESNDINTIUtEESE
- R DT —F{x, t} E1RD
- x[CHEESNTZARI S HDUIB (HICIE U TtEEE T DIHENZLL)
- ZDGEIHEENHD DT —5{p(x),t}

sl 3R HBiapkR

Context prediction Autoencoder¥

T A

Counting

Jigsaw Noise as target

Context Encoder

Instance
Discrimination

Jigsaw++

Rotation

Split-brain
Spot Artifact

cvpaper.challenge




Pretext task® X5l

= BiEmR
» x = {x1,x, JD—BPZEA TS CLVDIRRE Tx XK T (Fx, ZIHETE
- 2 CEHAITETL\DIZE N Auto encoder
- EEEZPOERMMGESERTETILN 7T O—-FHH D

sl 3R

Context prediction

HBiEpR

AutoencoderX

T A

Counting

Jigsaw

Noise as target

Instance
Discrimination

Context Encoder

Jigsaw++

Split-brain
Spot Artifact

cvpaper.challenge
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Pretext task® X5l

B E£REFTFIVR EXEHICself-supervised& Shniiuy
> F—INTp(x)EFEZ I B LU TERIEZES
- VAE(ZBTEZZY, GAN(Idiscriminatord 4R &
- (BEANIICE) SELEETCFNE—BFBRVWKRIRZIEEF TEED
- UL, px)DEZBHRELV (FROEANE, ==YV U XRRE)

sl 3R HBiapkR

Context prediction Autoencoder¥

T A

Counting

Jigsaw Noise as target

Context Encoder

Instance
Discrimination

Jigsaw++

Colorization

Rotation

Split-brain
Spot Artifact

cvpaper.challenge
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Pretext task® X5l

B CVPR2018FE CODOiAZL%Z Pretext task’ sl KBl
B EELODIETHBICEITER
» VAT TPR—ADFENZ NG, DFENEH O

sl 3R

Context prediction

HBiEpR

AutoEncoder%

Context Encoder

Split-brain

cvpaper.challenge



EﬁEU% (~ CVPR2017)

B Context Prediction (CP)
» Pretexttask : EBfRZIXIICHENIL, ZDD/)\w FOHEMIEDET 5 X 34E
- & &E I DSiameseNet(C2DD) \w F & AT
> EROT—IEEZFIA UTcRzmIIDSelf-supervised IR FRIRFEB F L
» Fine-tuning{ER (X5 > 5 LAFIHMER DAV URVVZE

ZT0) ;....._; Laat ;....._;
fc8 (4096) Ly D Ly
P T T
L foewe | Fine-tuning on Pascal VOC
fc6 (4096) fF-------- fc6 (4096)
pool5 (3x3,256,2) pool5 (3x3,256,2)
conv5 (3x3,256,1) |-~~~ conv5 (3x3,256,1) Cls. Det. Seg .
conv4 (3x3,384,1) f-=-=-=----- conv4 (3x3,384,1)
conv3 (3x3,384,1) }-------- conv3 (3x3,384,1)
LRN2 LRz random 53.3 43.4 19.8
pool2 (3x3,384,2) pool2 (3x3,384,2)
conv2 (5x5,384,2) F-------- conv2 (5x5,384,2)
2 e CP 55.3 46.6 —
pooll (3x3,96,2) pooll (3x3,96,2)
convl (11x11,96,4)f - ------~- convl (11x11,96,4)
- =9
[ patch ] [ patch2 ]
SiameseNet

Doersch et al., “Unsupervised visual representation learning by context prediction”, ICCV 2015.

cvpaper.challenge 13



sl 3R

(~ CVPR2017)

B Jigsaw Puzzie (JP)

» Pretexttask: /\wFZS>A ALARRIBICADL, 1IEUWIESIZ DS XG5

— SiameseNet(Cc9D®D/) W FZ=RERF(C AT

- NEFN(FRZRIRELC TR DD T/I\Z TR A S <IRD KD ITBALL

10000 S A TF&E

» CP(F/\yF(CKDTIEFMRDHBWNEWEND D(TH)

> Y RO—IOhRNZ/INY FHZNIEHRHENEVENRD

£ EE AT EOROHS D
B E S B DR DBE LU

Cls. Det. Seg.

random 53.3 43.4 19.8
CP 55.3 46.6 —
JP 67.7 53.2 —

Norooziet al., “Unsupervised learning of visual representations by solving jigsaw puzzles ”, ECCV 2016.

cvpaper.challenge
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trivial solution

B SXRREHEZEHEE UKL \Pretext taskDfifixk
» UHU, ERICIEZ TEFELLDIEER(semantic)’ |G

1 d =

» )\ FIREFRDELANILRIBEHRDH T
XU EDHEE N BIEE ?
- J\WFRIICGAPZDITSD
- ) \w A& Zjittering
=> IRFPEDINETHIF TE/R<
EES)

» BINE(CK> THEEAIEDHETE N BIEE ?
- S IT2F v %)L& Gaussian noise

(CEE|X y AN
SR CF v RILED TIE] %= []
Bo5NRE<T3D

BURE DB

cvpaper.challenge 15



BiEpR

B Context Encoder (CE)
» Pretexttask : RIBEURDME T

(~ CVPR2017)

— Adversarial Loss + L2 LossZiRE LU CWLD N, RIEFHDEER(L

L2 LossDdH+
- DEDOEZoL)E
» v NJ—D(FIXRIFFZOEFETRIEESRUMNRE TLVRU

)
]

Pathak et al., “Context encoders: Feature learning by inpainting ”, CVPR 2016.

cvpaper.challenge

E = Cls. Det. Seg.
b 2 | Channel-wise |3
Encodery |- | Fury | |IDecoder) ° ! random 53.3 43.4 19.8
L3 o Connected E 4
gl |8 | CE 565 445 297
i pe— i JP  67.7 532 —

16



BiEpR

Colorful Image Colorization (CC)

» Pretexttask : 2L —X& —)LBEHROEST T {L => ab}

> BHHIREE TR, EFHEUTzabZE R0k fER-E

17 1% <

(~ CVPR2017)

» JL—XRT—)VBRA D ZRIIRE U CKRIRFBIT DT, H5—
ZIRDHGE(E, LabANEL, abFrRILIES A AICHIERE

Color ab Lab Image

Zhang et al.,

conv conv onv
atrous / dilated &
e
512 512 ik | o
Ji uw \ U — [

32 32 b
i
;.

(a,b) probability
distribution 5 224

313 64 2

“Colorful Image Colorization”, ECCV 2016.

B Split-Brain (SB)
» R ND—DZFvR)ILBEIC2HEIL,
{L=>ab,ab=>L}DF7>H>T)L
> EETIER<S EFEU THRBIBREIC
I3 RVMFHRIALNESNE

Zhang et al.,

Input Image X

{5
Cls. Det. Seg.
random 53.3 43.4 19.8
CC 65.9 46.9 35.6
SB 67.1 46.7 36.0
JP 67.7 53.2 —

ab Color Channe

Is

Predicted Color Chan

Predicted Grayscale Chann

rayscale Channe
T
N .
g Y “ﬂ
Sl o . §
W X 3 3
; T .
N
" AL 2
._> FZ

Xz

Predicted Image X

el X;

“Split-brain autoencoders: Unsupervised learning by cross-channel prediction”, CVPR 2017.

cvpaper.challenge
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Pretext task® X5l

B CVPR2018FE CODOiAZL%Z Pretext task’ sl KBl
B EELODIETHBICEITER
» VAT TPR—ADFENZ NG, DFENEH O

sl 3R

Context prediction

HBiEpR

AutoEncoder%

T A

Counting

Jigsaw Noise as target

Context Encoder

Instance
Discrimination

Jigsaw++

Split-brain
Spot Artifact

cvpaper.challenge

Rotation




T

(~ CVPR2018)

B Learningto Count (LC)
» Pretexttask : L FOHIKZ i@ I FHE22FE

> #Hl#Y  BoEIERE TEGRZE ENENE OCNNICAAD L, TEUIROE S
BEHh D EEMROLE NFEOME—HNT D

=> HINFEHOZRTHEIRAD [HDEREprimitive] DEZXRTIFEI(C
FEEOHINZ/mET CENTED

> BEABCHhRDEBWnAT 7

BB primitve DEX NI S ADKSBREDCIRD  BIEK N E
= NMII&
206 1 e
&b ll-lxll—le
504 i PANR <7/\,
2 sh are AleXNet
go.z ' ' : Welg ts convl 5 s
0 ! 1 ' 1 1 1 1 L [ v ] [ v ] [ v v \l' v ] fc6 -1()(;6
0 300 400 500 600 700 800 900 1000 ) v v v Y ReLU
neurons [ L ] [ L ] [ L ] [ L ] [ \l' ] [ * 1 fe7 4096
E = £ = = £
Cls_ Det. SQg_ [ - ] [ - ] [ L ] [ - ] [ s ] [ . IgSLII(J)()O
random  53.3 43.4 19.8 4(Dey) ¢(Tiox) #Teex) ¢(Tsox) ¢(Tiox) ¢(Dox)
. 67.7 51.4 36.6 \ %/
|§_| L/A max{0, M — |c — t|*} . ¢ d —t|? d
67.7 53.2 —

Noroozi et al., “Representation Learning by Learning to Count”, ICCV 2017.
cvpaper.challenge 20



% @‘m (~ CVPR2018)

® Noise as target (NAT)

» Pretexttask : —#k(CH > T > &N Jztarget vectorsCHBURN S DH 1
ZU (SIS EH, EDFD

- Target(I2ART > TI)LDERZEDIINER/INIIRDB KL S (CEIDHTLY
- 2EBEFBRUVOTINYFZEIT/\H U7 ETIHMRICEID AT
—E %'J]EET BA. 751%’%0)4% HARD M ZFEZERE L (C—HRICHOBcE D &

S ey —HE TS Taret space Nearest Nelghbor

B> TUSD(EE)

19.8

f(X) P NAT 65.3 494 36.6
Features Assignment JP 67.7 53.2 —

=
Q
5
Q
o
3
(@)
w
w
N
w
~

Bojanowski et al., “Unsupervised Learning by Predicting Noise”, ICML 2017.
cvpaper.challenge 21



%@ﬂi‘! (~ CVPR2018)

CVPR2018

B Instance Discrimination (ID)
» Pretexttask : FEURA > XY > AZ21DDI S A EUTEEERIEIE
- LogitZz BiiterD & EFRFE & ADBEFRIFHONIEE UIZED
CrossEntropy% &=/]\t
- ERRIDT S RN ARDIZS, NCEZFHULD
> ERIE/PARRE & U TIFBEEROFFENRD MUEBEK L (CFRIES(CEID KD

IBDIAFH IR DIET
=> NATEMNMRDIFEWC EZ LU TWBDZ ECIRDBIET (BIAERL)
Hiliterd
BRI
CNN backbone [ | Vi
low dim L2 norm / L‘ - 32 CIS- Det. Seg.
H [Non-param| Lo Memory random 533 434 198
‘ ‘ »| Softmax |—> [ ith image Bank
128D 128D \ E . ID - 48.1 —_
] P e JP 67.7 532 —

Wu et al., “Unsupervised Feature Learning via Non-Parametric Instance Discrimination ”, CVPR 2018.
cvpaper.challenge
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E*ﬁﬁﬁ% (~ CVPR2018)

®  Spot Artifact (SA)

» Pretexttask : $#¥ W T L TRIES I EROMET
- RIEZ#H5E 9 Brepair layers & discriminatorf] CROHHYFE S
~ discriminatorn RV VFAFRIRZ 15D Z & = HAfF 7 : corrupt, % : real
» KIFZFFZ EDRFATH SN LW Ny BT o i

- BUUMI(CEB I BIs, 2O TFHANL
RUFHZE TV EVLDDIFTIERRLY

—It5, WRERDIA DT 1 THHT 2 R
RiBMIEEHETE bﬂ % a0
x E 1 4@ D Ds Dy ,Dsff \

/ (l i i l © Cls. Det. Seg.
w>ﬂ d(@) "H" DsD" DS” \@ random 53.3 434 1938

,,,,,,,,,,, N SA 69.8 525 38.1
___________________ - ‘ \
JP 677 532 —

\

Repair layerz

Wu et al., “Self-Supervised Feature Learning by
Learning to Spot Artifacts ”, CVPR 2018.

cvpaper.challenge 23



sl 3R

(~ CVPR2018)

® Jigsaw Puzzle++

» Pretexttask : 1~3/)\w FZMMDERD) W F(CESTIRZ J=JP

(b)

cvpaper.challenge

- B3/ Wy FAo - B NS D)\ F =513 2B NS D
- BHEDOSAICEIT D ENRWVWKDS/I\Z2 TRt ZZEE U ClES]%&iER
~ BE%f(Cpretext taskDEE N LD

Cls. Det. Seg.

random 53.3 434 19.8

LC 67.7 514 36.6

[ L“/)b[ JP++ 69.8 555 38.1
JP 67.7 53.2 —

Noroozi et al., “Boosting Self-Supervised Learning via

Knowledge Transfer ”, CVPR 2018.

24



Eﬁ?ﬂ]% (~ CVPR2018)

B Classify Rotation (CR)
» Pretexttask : BE{SODCIELIETE
- 0°, 90°, 180°, 270°D40 =S A48

- ENLL LMV AR (S EER R (CHERHNA N E
=> artifact(C K Btrivial solutionDJRE[E]

» objectDEEEAZHETE I DI (C(IobjectDERINBIERNNE
C CETODOEEEE(CIs., Det. ) & Ei= b‘ﬂ"ﬁf‘.ﬂﬁ

‘ Objectives:
5 ConvNet Maximize prob.
—» g(X,y=0) —» g P model F(.) F(x°) ‘
Rotate 0 degrees J ‘ Predict 0 degrees rotation (y=0)

\
\
Rotated image: X° |
\
\

ConvNet ‘ » Maximize prob.
» g(X,y=1) .% > model F(.) ‘ FI(XI)

Rotate 90 degrees

Cls. Det. Seg.
random 53.3 434 19.8

Predict 90 degrees rotation (y=1) ‘
Rotated image: X'

_ ConvNet Maximize prob.
. ) ‘@4 Comter | Muimiep | CR 73.0 544 39.1
Image X Rotate 180 degrees i i =) ‘
Rotated image: X° ‘ Predict 180 degrees rotation (y=2) ‘ J P++ 69 . 8 55- 5 3 8 . 1
\
s ConvNet Maximize prob.
> g(X,y=3) }—» i model F(.) M F(Xx°) ‘ \
Rotate 270 degrees ‘ Predict 270 degrees rotation (y=3)

Rotated image: X° N

Gidaris et al., “Unsupervised Representation Learning by predicting Image Rotation”, ICLR 2018.
cvpaper.challenge 25



Eﬁﬂ“% (~ CVPR2018)

B Classify Rotation (CR)
> F—ABECIRTF ?
» EHRRXAA 2 (CKD TIHERRRIFECRIERDIEE N RIEET (& ?
- EPE(CPlacesD > — 5B AT TIIEDRR L
» BEHAEERECESRVWKDORREERESHDET

. Places
Al =% N
- MEBERE 7
Method | Convl Conv2 Conv3 Conv4 Conv5
Places labels Zhou et al. (2014) 22.1 35.1 40.2 43.3 44.6
ImageNet labels 22.7 34.8 38.4 394 38.7
Random 15.7 20.3 19.8 19.1 17.5
Random rescaled Kriahenbiihl et al. (2015) 21.4 26.2 27.1 26.1 24.0
Context (Doersch et al., 2015) 19.7 26.7 31.9 32.7 30.9
Context Encoders (Pathak et al., 2016b) 18.2 23.2 23.4 21.9 18.4
Colorization (Zhang et al., 2016a) 16.0 25.7 29.6 30.3 29.7
Jigsaw Puzzles (Noroozi & Favaro, 2016) 23.0 31.9 35.0 34.2 29.3
BIGAN (Donahue et al., 2016) 22.0 28.7 31.8 31.3 29.7
Split-Brain (Zhang et al., 2016b) 21.3 30.7 34.0 34.1 32.5 ;
Counting (Noroozi et al., 2017) 23.3 33.9 36.3 34.7 29.6 P
(Ours) RotNet | 21.5 31.0 35.1 34.6 33.7

BIRE, ZEDAIEDHT
CEHEETED

Gidaris et al., “Unsupervised Representation Learning by predicting Image Rotation”, ICLR 2018.

cvpaper.challenge
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LEE

{Self, Un}-supervised learning on ImageNet => Fine-tuing on Pascal VOC2007

Method Conference Classification Detection Segmentation
(Y%omAP) (YomAP) (YomloU)
Random init. — 53.3 43.4 19.8
Context prediction ICCV15 55.3 46.6 —
Context encoder CVPR16 56.5 44.5 29.7
Colorize ECCV16 65.9 46.9 35.6
Jigsaw ECCV16 67.7 53.2 —
Split-Brain CVPR17 67.1 46.7 36.0
NAT ICML17 65.3 49.4 36.6
Counting ICCV17 67.7 514 36.6
Rotation ICLR18 73.0 54.4 39.1
Spot Artifact CVPR18 69.8 52.5 38.1
Instance Dis. CVPR18 — 48.1 —
Jigsaw++ CVPR18 69.8 55.5 38.1
Supervised — 79.9 59.1 48.0

cvpaper.challenge
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LEE

{Self, Un}-supervised learning on ImageNet => Fine-tuing on Pascal VOC2007

Method Conference Classification Detection Segmentation
(Y%omAP) (YomAP) (YomloU)
Random init. — 53.3 43.4 19.8
Context prediction ICCV15 55.3 46.6 —
Context encoder CVPR16 56.5 44.5 29.7
Colorize ECCV16 65.9 46.9 35.6
Jigsaw ECCV16 67.7 53.2 —
Split-Brain CVPR17 67.1 46.7 36.0
NAT ICML17 65.3 49.4 36.6
Counting ICCV17 67.7 514 36.6
Rotation ICLR18 73.0 54.4 39.1
Spot Artifact CVPR18 69.8 52.5 38.1
Instance Dis. CVPR18 — 48.1 —
Jigsaw++ CVPR18 69.8 55.5 38.1
Deep Cluster ECCV1i8 73.7 55.4 45.1
Supervised — 79.9 59.1 48.0

cvpaper.challenge
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B Deep Cluster (DC)
» BT OOREZEDIR

@O CNNOHREEFEE T(Ck-means I S5 XA ) >0
2@ EIDHTSNIEI S XI%Pseudo label & U CiaplIRIEEFE

E=FhE) 0]

S — —

L1TD

» E#]Diteration TlES >4 LAPIEI{EESNIZCNNOE = TICOTST R >

» ImageNet TD3XEBRT(Ik = 10000 (> 1000)HEREELY
> BN DIFE (CHNIRFE

Classification

Input

Al
E=

Convnet

2| ub

\ Clustering

o~ _

- TEOHEADZRANWTMLPZZFERB LU TE12% D => ANBEREHDIEERFNTD

1 Pseudo-labels

Cls. Det. Seg.

random 53.3 434 19.8

CR 73.0 544 391

JP++ 69.8 55.5 38.1

DC 73.7 554 451
30

Caron et al., “Deep Clustering for Unsupervised Learning of Visual Features ”, ECCV 2018.

cvpaper.challenge



E=FhE) 0]

B Deep Cluster (DC)

» LITOBIEZ#EDIRUITD
@O CNNODOH[EHF#%E TtICk-means I S X5 U >
@ EBDHTSENIEOI SRS %ZPseudo label & U CikplIIREE X

» E{Diteration TES >4 APEHMELESNTZCNNOE N ZTICOST RIS
- TOHEPDZHAWTMLPZEZ U THE12%HE D => ANIBHRIIHDIEESRIFNTS

» ImageNet CDOEERTI(Ik = 10000 (> 10000 E&EHEERLY

» B DIFE (R DIRTFE

ImageNet label& 2S5 X 5D epochfElDHBE IBIREHMEN]

HEBHREMNMENML TN = JSRAFEDLHTHEE
£0.45 | | 0.72 | | Cls. Det. Seg.
§040 T 0.70! NV il random  53.3 434 19.8
30. et o v
E / S CR 730 544 39.1
30'35/ §066/ JP++ 69.8 55.5 38.1
g :
=0.30 ZO.GJ DC 73.7 554 45.1
=
Z0.25 ‘ ‘ 0.62 ' '

0 100 200 300 0 100 200 300

epochs epochs

Caron et al., “Deep Clustering for Unsupervised Learning of Visual Features ”, ECCV 2018.
cvpaper.challenge 3]



E=FhE) 0]

Deep INFORMAX (DIM)
» ABDxEFFENRD MLz BRIEHREI (x; 2) 2B KT DL DICFH
- HEICES ExlzikFEREL<TD
- ERR(C(FzExDEINY FORBIBREZAEN KSR R = FE

» (x,z)Dpositive or negative/N 7 Dii5l%&E 9 S discriminatorzE D7 T
end-to-endlCEB I BETTI(x; 2)DFIRZERAKILTDICENTES

» GANDOKX SRR EHEFBILTERVLDT, EE - FEHHE
» ETCOFEEDIEE(Z U TULVRWLWAEETSD DEZ (EVVEE

M x M feature map (see Figure 1) Score Tiny ImageNet(CdS U\ TEEDS D (AL WEE
“Real” Tiny ImageNet
> [ conv fc (4096) Y (64)
/ Feature vector Fully supervised 36.60

m / VAE 1863 1688  11.93

Y Discriminator AAE 18.04 17.27 11.49

BiGAN 24.38 20.21 13.06

“Fake” NAT 13.70 11.62 1.20

> ] DIM(G) 11.32 6.34 4.95

DIM(L) 33.8 34.5 30.7

M x M features drawn from another image

Devon Hajelm et al., “Learning deep representations by mutual information estimation and maximization”, arXiv 8/2018.
cvpaper.challenge 32



E=FhE) 0]

B Contrastive Predictive Coding (CPC)
» RHNBERICBNTHDEFR TDFRFENRD Nle, EFED A x, BD
HEBREZEANL
» CZ B 5(ddiscriminatorDN{EID/RT7 51 DDpositive/R 77 Z 5851 3 BNT SR
NHEEHEL CETHRBHRED TR ZEANL
> HBROBEEIRDKID(CRINZFHHY TDLENSTDAEE UTIRZD
» ETCTOFEEDLER(EUTWLRWVWAERRA T (ZERIIZEE

Jar - Output
Method | Top-1 ACC
GJenc - output
-t —| A Using AlexNet conv5
B e Cti Video [27] 29.8
— = —= ',,_|_| L Relative Position [11] 304
—=227 T 77 BiGan [34] 34.8
64 px —aalad =T Colorization [10] 35.2
. // S T B V- PS) PR e oy '/_//(/' Jigsaw [28] * 38.1
g /// Zt+3| el ~ Predictions Using ResNet-V2
e al Zt'+4 < T Motion Segmentation [35] 27.6
50% overlap : | Exemplar [35] 31.5
| | Relative Position [35] 36.2
256 px | Colorization [35] 39.6
\ 4 input image | CPC 48.7

Oord et al., “Representation Learning with Contrastive Predictive Coding”, arxiv 6/2018.
cvpaper.challenge 33
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= Yal. )

® CVPR2018XT

» FATTIR—XATERBFENERSNCEL (BBEABELEASBDOEET)

> BROT—IEEICEHR UTzSelf-supervised learningM B ER (CHBEBAIIZ o 12
(Rotation, Jigsaw...)

IREDOERE
> T—IBECTF ULIRWFEN D EKWEEUHTZ (Deep Cluster, tHHEIEIRE (C
Z2Burr7Z70O0-F)
> F—IEECUF UIEFEEERT —FDRAAUICKDTIEL WM ES
=NDEX (rotation on PlacesDiERESE) (IF#H
SEDRESE
> FIENLRREE
- TIBECMEF UIBRWFEN S S (CRE (BARN(CEEEHELS DHRWN)
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