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‘Godfather’ = St HO| 2 &5SIA| 4., Ssin

- “"Cake analogy” at NIPS 2016:

= “If intelligence is a cake, the bulk of the cake is unsupervised
learning, the icing on the cake is supervised learning, and the cherry
on the cake is reinforcement learning (RL).”

: “Unsupervised Learning0| MLO|Al &S| 5%t 257t &[0
|: StC}”



# "Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar
reward given once in a while.

» A few bits for some samples

& Supervised Learning (icing)

» The machine predicts a category
or a few numbers for each input

» Predicting human-supplied data
» 10-10,000 bits per sample

# Unsupervised/Predictive Learning (cake)

» The machine predicts any part of
its input for any observed part.

» Predicts future frames in videos
» Millions of bits per sample

# (Yes, I know, this picture is slightly offensive to RL folks. But I'll make it up)




‘Godfather’ = St THO| CEA| TH2ASIA| 2L, Jon

= Yann LeCun eee
42 302 -Q

| now call it "self-supervised learning”, because "unsupervised” is both a
loaded and confusing term.

In self-supervised learning, the system learns to predict part of its input from
other parts of it input. In other words a portion of the input is used as a
supervisory signal to a predictor fed with the remaining portion of the input.

Self-supervised learning uses way more supervisory signals than supervised
learning, and enormously more than reinforcement learning. That's why
calling it "unsupervised” is totally misleading. That's also why more
knowledge about the structure of the world can be learned through self-
supervised learning than from the other two paradigms: the data is unlimited,
and amount of feedback provided by each example is huge.



Y. LeCun

How Much Information is the Machine Given during Learning?

P “Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar reward given once in a
while.

> A few bits for some samples

P> Supervised Learning (icing)

» The machine predicts a category or a few numbers
for each input

P Predicting human-supplied data
» 10—10,000 bits per sample

P> Self-Supervised Learning (cake génoise)

» The machine predicts any part of its input for any
observed part.

P Predicts future frames in videos
» Millions of bits per sample 7

© 2019 IEEE International Solid-State Circuits Conference 1.1: Deep Learning Hardware: Past, Present, & Future 59
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P “Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar reward given once in a
while.
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At St5 (Pre-training) »SiA

Q. "AHd =E0| =2

= Al. "RBMO|L} DBN &2 AKX & HXN sh5A|7|= HEOrR. Layer-wise
Training?”

= A2, “O|O| X0 A et=AlZ] ResNetO|Lt VGG €2 RES CHE HO[HO =t
SsA7lE AR

==, = b X5,
ol AFE =50 s g kl= &2 Ol A =20| OF gL L},
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Pre-training with RBM [Hinton, 2006b] ) SIA

- = @ 54 (Dlmensmn Reducion)
- O A|: Auto-encoderE SA|AHNM

- 2H|™: Random Initial Weight2+= Auto-encoder”} 3t&0| & ¢t
=]

output - -

\ \;?\\\\{/ \'l \\\ /// / ) ’//// / /

\ \(\Qf.é/i//’

\ NN/ decode
hidden - --

/ A
N
NS > 4 f
\\ )< \ XX , «/ \
X : encode
>

input - | | 12
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Pre-training with RBM [Hinton, 2006b] ) SIA

..........................................

................

..........................................

RBM ! Encoder

.......................................

Pretraining Unrolling Fine-tuning
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Greedy Layer-wise Training ([Bengio, 20071]) e

Greedy Layer-Wise Training of
Deep Networks

Yoshua Bengio, Pascal Lamblin, Dan Popovici, Hugo Larochelle
NIPS 2007

Presented by
Ahmed Hefny

14
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Greedy Layer-wise Training ([Bengio, 2007]) "=

 Extends the concept to:

-  Continuous variables
RBM 2 + * Uncooperative input distributions
L * Simultaneous Layer Training
REM1 A * Explores variations to better understand the training method:
r * What if we use greedy supervised layer-wise training ?
RBMO - * What if we replace RBMs with auto-encoders ?

15
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Greedy Layer-wise Training ([Bengio, 2007]) "=

Error Rate
Abalone Cotton
train. valid. test. train.  valid. test.
1. Deep Network with no pre-training 423 443 42 452% 429% 43.0%
2. Logistic regression : : : 44.0% 42.6% 45.0%
3. DBN, binomial inputs, unsupervised 459 460 447 440% 42.6% 45.0%
4. DBN, binomial inputs, partially supervised 4.39 445 428 433% 41.1% 43.7%
5. DBN, Gaussian inputs, unsupervised 425 442 419 357% 349% 35.8%
6. DBN, Gaussian inputs, partially supervised 4.23 443 418 27.5% 28.4% 31.4%

16



Greedy Layer-wise Training ([Bengio, 20071]) e

"Backprop would be
dead by 2010.."

RLP

Backpropagation
1963-200?

17



Greedy Laye /'\ /\ . ., 2007]) SsiA

KEEP

CALM would be
010.."

AND

ADMIT
YOU'RE WRONG
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Q: Layer-wise Pre-Training2 2 S =7t %

- A: Bl FV| O =0
- Sigmoid -> RelLU [Glorot, 2011]

* Optimizers
= AdaGrad [Duchi, 2011]
= RMSProp [Hinton, 2012]
= Adam [Kingma, 2015]
- Regularization (e.g. Dropout [Srivastava, 2014])
- 2 E Weight Initialization 2'22= (e.g. Xavier Init. [Glorot,
2011])
« Computational Resource -> Over-parameterization (2010~)
= 10 FA0f= K= =X 2.
= [Zhang, 2017], [Shen, 2018], [Arora, 2018], [Simon, 2019a], 19
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RIP

Backpropagation
1963-200?

o
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\6-2/ Long Live '

the Back-prop!

RLP

Layer-wise
Pre-training
2006 - 2010
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DL} AE Bl O] AFEIAIE Y2 QI QACH I

- Q: 2?
-A: Held R2S hsA7|7] flold GIO[E 71 &|A| BEOLoF 17| M &=.
5

- [2tM 2010EFH A st52 B2 XN E 25 A7]7] SIBHAZF OF
L|2f, 0| &M (Data-efficiency)= =27 3 AN A AT

/4 — 1\

o
SSPA =

- (VA2 2 A45H710]) O] A0 S07I= A+ FH =
= 1) MO| &t& (Transfer Learning)
= 2) O|Ef & (Meta-Learning)
= 3) Domain Adaptation
-8t A=, A O €59 A &50|2t= A. 23
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0| st& (Transfer Learning) ) SIA

 Classic Works: [Pratt, 91], [Pratt, 93], [Caruana, 95], [Thrun,
96]

= "Multi-task Learning”0/2} £ &.

* http://socrates.acadiau.ca/courses/comp/dsilver/NIPS95 LTL
/
NIPS*95 Post-Conference Workshop

"Learning to Learn: Knowledge Consolidation
and Transfer in Inductive Systems"

24


http://socrates.acadiau.ca/courses/comp/dsilver/NIPS95_LTL/transfer.workshop.1995.html

2etAEE &0 AFE (T2000)

* Transfer Learning

* Learning to Learn

- Multi-task Learning
- Life-long Learning
» Continual Learning

. 0] BO|S0| ME [} MZ =20t ERYE 0] AHBEYS

N

) SIA
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2 AYHE 80 AFE (F2010)

- Inductive Transfer Learning
= Target Domain/Task Label /&

= Source Domain/Task Label
v 28 Self-taught Learning
v Q& Multi-task Learning

- Transductive Transfer Learning
= Source Domain/Task Label 9;18
= Target Domain/Task Label 8i&
= Domain Transfer, Sample Selection Bias

- Unsupervised Transfer Learning
= Source Domain/Task Label & HA.:.
= Target Domain/Task Label §l=

- Taxonomy Reference: [Pan, 09]

N

) SIA
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'EE|'G|—@ 2| 7} Ot=, “Transfer Learning””’| ‘3 e 7

- [Bengio, 12] ZHALSHILE- MM Y

* “Deep Learning relies heavily on unsupervised or semi-
supervised learning, and assumes that representations of X

that are useful to capture P(X) are also in part useful to
capture P(Y[X).”

27
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Transfer Learning= S F 205 Ql7rp s

- (+) “ImageNet-trained Model2 1% O|C}H1”
= ImageNet-pretrained Model& AI&5t= =2 H4=
» [Hendrycks, 2019] “RobustnessLt CtE {F&3t side-effectE & 7| 2"
= [Li, 2019] “Object Detection = YA Data-efficientstCH”

L (A)“EIE 2 ZX|B, AIRIE0| Y BE O BEE H ZAE 22O

=
= [Kornblith, 2019] “& &[?! St=0| Fine-grained Task0{| 4 & ©t

* [He, 2018] “Data-efficiency 2H0|A = I 20tHeIG|, HO[H 7t Hd

H ZFHe ds0l= B2 o2 BIE

= [Zamir, 2018] “Z2 EH QA= TaskOCt HH L= B O] HEH7} E| A 0| Cf

A 0O 1/4
o= ULt

° (_) “EE C)|_|- __é__.]__l.l'x__llol_l Zd 7E|'%|:.”n
 [Paghu, 2019] “2|2 Y40IM HX|OLT Sh= L7t atoh 22 LHH QL2

fijru
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| Kornblith, 2019]

ImageNet-pretrained

Model

[
) SIA

Dataset Classes | Size (train/test) | Accuracy metric
Food-101 [5] 101 75,750/25,250 top-1
CIFAR-10 [43] 10 50,000/10,000 top-1
CIFAR-100 [43] 100 50,000/10,000 top-1
Birdsnap [4] 500 47,386/2,443 top-1
SUN397 [84] 397 19,850/19,850 top-1
Stanford Cars [41] 196 8,144/8,041 top-1
FGVC Aircraft [55] 100 6,667/3,333 mean per-class
PASCAL VOC 2007 Cls. [22] 20 5,011/4,952 11-point mAP
Describable Textures (DTD) [10] | 47 3,760/1,880 top-1
Oxford-IIIT Pets [61] 37 3,680/3,369 mean per-class
Caltech-101 [24] 102 3,060/6,084 mean per-class
Oxford 102 Flowers [59] 102 2,040/6,149 mean per-class

Table 1. Datasets examined in transfer learning

30
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| Kornblith, 2019] ) SIA

® Log. Reg. < Inception v1  V Inception-ResNet v2 r DenseNet-121 @ MobileNet v2 Inception v4 @ 448px
o8} . ®Fine Tuned A BN-Inception — ResNet-50 v1 + DenseNet-169 @ MobileNet v2 (1.4) ¥
97} ® Random Init » Inception v3 | ResNet-101 v1 <« DenseNet-201 W NASNet-A Mobile
— SOTA V¥ Inception v4 X ResNet-152 v1 & MobileNet vl * NASNet-A Lal'ge

Food-101 CIFAR-10 CIFAR-100 | Birdsnap | SUN397 Cars Aircraft | VOC2007 DTD Pets  Caltech-101 Flowers
Figure 6. Performance comparison of logistic regression, fine-tuning, and training from random initialization. Bars reflect accuracy across
models (excluding VGG) for logistic regression, fine-tuning, and training from random initialization. Error bars are standard error. Points
represent individual models. Lines represent previous state-of-the-art. Best viewed in color.
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| Kornblith, 2019]

Fine Tuned
o 00 O
O O, o

50 60 707580 85 90 95
Trained from Random Init

[
) SIA

® Food-101

® CIFAR-10

® CIFAR-100

B Birdsnap

B SUN397

B Stanford Cars
FGVC Aircraft

m VOC2007
DTD

B Oxford-llIT Pets

@ Caltech-101

B 102 Flowers
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| Kornblith, 2019]

Dataset Classes | Size (train/test) | Accuracy metric
Food-101 [5] 101 75,750/25,250 top-1
CIFAR-10 [43] 10 50,000/10,000 top-1
CIFAR-100 [43] 100 50,000/10,000 top-1
|Birdsnap [4] 500 47,386/2,443 top-1
SUN397 [84] 397 19.850/19.850 top-1
Stanford Cars [41] 196 8,144/8,041 top-1
FGVC Aircraft [55] 100 6.667/3,333 mean per-class
PASCAL VOC 2007 Cls. [22] 20 5,011/4,952 11-point mAP
Describable Textures (DTD) [10] | 47 3,760/1,880 top-1
Oxford-IIIT Pets [61] 37 3,680/3,369 mean per-class
Caltech-101 [24] 102 3,060/6,084 mean per-class
Oxford 102 Flowers [59] 102 2,040/6,149 mean per-class

Table 1. Datasets examined in transfer learning

o

) SIA
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[Paghu, 2019] pSIA

ImageNet

retinal fundus
photographs

CheXpert datasets

34



[Paghu, 2019]

-’

oN¢
) SIA

Dataset Model Architecture Random Init Transfer Parameters IMAGENET Top5
RETINA  Resnet-50 96.4% + 0.05 96.7% + 0.04 23570408 92.% + 0.06
RETINA  Inception-v3 96.6% + 0.13 96.7% + 0.05 22881424 93.9%

RETINA CBR-LargeT 96.2% + 0.04 96.2% + 0.04 8532430 77.5% + 0.03
RETINA CBR-LargeW 95.8% + 0.04 95.8% + 0.05 8432128 75.1% + 0.3
RETINA CBR-Small 95.7% + 0.04 95.8% + 0.01 2108672 67.6% + 0.3
RETINA CBR-Tiny 95.8% + 0.03 95.8% + 0.01 1076480 73.5% + 0.05

Table 1: Transfer learning and random initialization of two standard IMAGENET architectures and a family of
simple convolutional neural networks have very similar AUCs for diagnosing moderate DR. Model performance
on DR diagnosis is also not closely correlated with IMAGENET performance, with the small models performing poorly on
IMAGENET but very comparably on the medical task.

35
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[Paghu, 2019] A

Model Architecture Atelectasis Cardiomegaly Consolidation Edema Pleural Effusion
Resnet-50 79.5240.31 75.23£0.35 85.49+1.32 38.34+1.17 38.70+0.13
Resnet-50 (trans) 79.76+0.47 74.93+1.41 84.42+0.65 88.89+1.66 88.07+1.23

CBR-LargeT 81.52+0.25 74.83+£1.66 88.12+0.25 87.97+1.40 38.37+0.01
< CBR-LargeT (trans) 80.89+£1.68 76.84+0.87 86.15+0.71 89.03+0.74 88.44+0.84
CBR-LargeW 79.79+£0.79 74.63+0.69 86.71+1.45 84.80+0.77 86.53+0.54
< CBR-LargeW (trans) 30.70+0.31 77.23+0.84 86.87+0.33 39.57+£0.34 87.29+0.69
CBR-Small 30.43+0.72 74.36+£1.06 88.07+0.60 86.20+1.35 86.14+1.78
< CBR-Small (trans) 30.18+0.85 75.24+1.43 86.48+1.13 89.09+£1.04 87.88+1.01
CBR-Tiny 30.81+£0.55 75.17+£0.73 85.31+0.82 84.87+1.13 85.56+0.89
< CBR-Tiny (trans) 80.02+1.06 75.74+0.71 84.28+0.82 89.81+1.08 87.69+0.75

Table 2: Transfer learning provides mixed performance gains on chest x-rays. Performances (AUC%) of diagnosing
different pathologies on the CHEXPERT dataset. Again we see that transfer learning does not help significantly, and much
smaller models performing comparably.

36



O Ef-2{ Y E3H @5 2| 0f| A{Q| 3 Z 0| OfL|Djsn

Meta-training stage Meta-testing stage

Sampled N classes

Base class data X - MHS”)_'Y Novel support set S,, ””S")
(Many) Support set (Novel class data X,, )
conditioned model
___________________________________________ Support set conditioned model A/(-[S)
MatchingNet / ProtoNet */ RelationNet MAML ;
¥ Class £ Class i E 5
-.\ . mean” U S—.—’ Q‘Y

Relation

Module

Cosine : Euclidean
Q . distance ' dlstance

[Chen, 2019] 37




HER2{ Y 8t BE 2R 0| A Q| 3124 0| OfL|DfEn

Meta-Training on mini-ImageNet [, mini-ImageNet —CUB

Baseline 65.57-+0.70
Baseline++ 62.044-0.76
MatchingNet 53.07+0.74
ProtoNet 62.02+0.70
MAML 51.344+0.72
RelationNet 57.71+0.73

Table 3: S-shot accuracy under the
cross-domain scenario with a ResNet-18
backbone. Baseline outperforms all other
methods under this scenario.

[Chen, 2019] 38
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- Domain0j 9|3.f—751 0|1 ([Paghu, 2019]
= Source Domaindt Target DomainO| H|=g =& £, CIE

» Task®| 2|=HM 0|11 ([Zamir, 2018], [Kornblith, 2019])
= Source Task®l Target Task’f H|=& =& £11, C}Z =& ¢t L}

- Architecture0 2|&H 0|11 ([Paghu, 2019])
= Architecture?} A& =5, A3 {X| st=1f ©O| 52| XtO|7F Z 0| =0t

» Regularization0i| 2|=A 0|1 ([Kornblith, 2019])

St
=

» SourceO|M Q| H&50| & LIE =2 TargetO|A| & LI2Ct=s 232 Qi
QLD E Q HIH M AlS™H O = XSl A] 7 Q = 1 = /1
L o O — O [ - — —

Lr—
L OFRIZIX|E G177} O TRBICY, 5




NPT SE!

- H0| &t50|=, HEF HF0l= A o550 2ot 28 952

- Domain0j C’I"’H |2 ([Paghu, 2019
= Source Domain2} Target DomainO| H

» Task®| 2|=HM 0|11 ([Zamir, 2018], [Kornblith, 2019])
= Source Task®l Target Task’f H|=& =& £11, C}Z =& ¢t L}

- Architecture0 2|&H 0|11 ([Paghu, 2019])
* Architecture?t AE =5, A32X| gt& 1} O] g&2| X0|7} Z0{ECt

» Regularization0i| 2|=A 0|1 ([Kornblith, 2019])

1
=<

= Sourced|AMe| d&0| & LIZ =& TargetO|A| & LI2CH= E&2 211,
LOLOE QAL O A AFS MO = XFQ 3l ] 7 O ==>;
— o -« — - — — L —

Lr—
L OFRIZIX|E G177} O TRBICY, 4
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Self-supervised Learning= A}

Self-supervised Pretext Task Training
Unlabeled Dataset

Transfer Learning

Supervised Dawnstream Task Training
Labeled Dataset

= Downstream
Task
m

42
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Self-supervised Learning ) SIA
1) Self-supervised Learning?| S& XM= 7| E2| Pre- trainingJ.I- S Yolrt.
. "AHSIETE BHEZ S5l Downstream TaskO| Al 0|52 2Lt

2) “Self-supervised”2| ££?
- "2f B10| (Unsupervised) X|= S5 (Supervised Learning)”
- == 2t Q= O|O|E{ 0| M Task2} Ef'j"o 2F= 0 OF otC}

3) 7| = Pre-training &4
« O|O|X[= ofOfX| 2to| &rA0] Y11

o o O
. 242 24 Bt YA0| 9l

. HlClo& H|C| arel gtalo] Y
- TElolE xotol ol ol et

!

4) A= 523t 42 Downstream Task0|Al2] M=
« Downstream TaskOf|A] &OiLt M2 22 Hs
« 2l M Pretext Task TrainingO1|/\19| a5 AtMl=
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Self-supervised Learning ) SIA

- Yt o 2 USH= JHE XX 9| self-supervised learning A=
Context Prediction ([Doersch, 2015]).

- QI o=z MRS Mff, x[=9| (&= El) self-supervised
learning=...
= Word2Vec ([Mikolov, 2013a], [Mikolov, 2013b])

44



Word2Vec

INPUT PROJECTION

oN¢
) SIA

OUTPUT INPUT PROJECTION  OUTPUT

w(t-2) w(t-2)
w(t-1) w(t-1)
\SUM /
R w(t) w(t) —>
w(t+1) 7' \ w(t+1)
w(t+2) w(t+2)
CBOW Skip-gram
NOTE] Full Softmax= X|LEX|A| HAAZFO|LE 22| @73 0| B -> Hierarchical Softmax or NCE AFE 45



Word2Vec - Skip-Gram

Source Text

B

brown |fox jumps over

The

brown |fox | jumps over

The quick-fox Jjumps | over

The| quick

brown - Jjumps| over

O|O|X| =X : ratsgo's blog (https://ratsgo.github.io)

the

the

the

the

lazy dog.

lazy dog.

lazy dog.

lazy dog.

[
) SIA

Training
Samples

(the, quick)
(the, brown)

(quick, the)
(quick, brown)
(quick, fox)

(brown, the)
(brown, quick)
(brown, fox)
(brown, jumps)

(fox, quick)
(fox, brown)
(fox, jumps)
(fox, over)

46


https://ratsgo.github.io/

[

Word2Vec - Skip-Gram ) SIA

Training
Samples

Source Text

-quick brown |fox jumps over the lazy dog. == (the, quick)
(the, brown)

The brown |fox|jumps over the lazy dog. == (quick, the)
(quick, brown)
(quick, fox)

The quick-fox jumps |over the lazy dog. == (brown, the)
(brown, quick)
(brown, fox)
(brown, jumps)

The| quick brown-jumps over |the lazy dog. = (fox, quick)
(fox, brown)
(fox, jumps)
(fox, over)

SEXIRE 9 O|ZH SHEAIZ|=X| E7HF ChA| MBS EZ

O|O|X| £X: ratsgo's blog (https://ratsgo.github.io) 47



https://ratsgo.github.io/

2-D PCA of the 1000-D Skip-gram vectors

Country and Capital Vectors Projected by PCA

1.5

0.5

-1.5

[ [ I I |
Chinas
»Beijing
- Russias
Japarx
L Moscow
Ankara ~Jokyo
Turkey«<
Polandk
= Germ;anyx
France Warsaw
v =>Berlin
- ltaly< Paris
Greece w -=>Athens
L Spain¢ Rome
B Por’[u>< al ‘Madrid
g »Lisbon
| | | | | | |
-2 -1.5 -1 -0.5 0 0.5 1 1.5

N

) SIA
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Word2Vec < Self-supervised Learning s
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Context Prediction ([ Doersch, 2015]) ) SIA

Example:

s X E 7|2 = CFE 1j
KXol &4UA X E 055t=
=M E U= g5

“Note that the task is much
easier once you have
recognized the object!”
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Context Prediction - Architecture »SIA
feo (g N m
fc8 (4096) D
. Swnnf Sunne Sans
fc7 (4096)
i i,
fc6 (4096) e fc6 (4096)
pool5 (3x3,256,2) pool5 (3x3,256,2)
conVv5 (3x3,256,1) froeemeemememmenneenneennnd conv5 (3x3,256,1)
X p— conv4 (3x3,384,1) |foreeeemremeemeemeeneeneesy conv4 (3x3,384,1)
conv3 (3x3,384,1) |-eeemmmemememmmeennnennes conv3 (3x3,384,1)
LRN2 LRN?2
pool2 (3x3,384,2) pool2 (3x3,384,2)
conv2 (5x5,384,2) |f--reemememeemeeneeneey conv2 (5x5,384,2)
LRN1 LRN1
pooll (3x3,96,2) pooll (3x3,96,2)
convl (11x11,96,4) f----=-=smremrnmmnneenee convl (11x11,96,4)
o, P N
/ Patch 1 / / Patch 2 /
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Context Prediction - VOCO7 Benchmark ="

VOC-2007 Test mAP

e (— Scratch-Ours 39.8
Ours-projection 45.7
Ours-color-dropping | 46.3

krihenbihl, 2016) 4smmm V(G G-K-means-rescale | 42.4
VGG-Ours-rescale 61.7
magelet smmmmm V(G G-ImageNet-rescale| 68.6

pretrained
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SSL ==2| 7= Lf FEL s

* 1) Introduction

- 2) Related Works

- 3) O Self-supervision= & Z1217t?: OIO|H =OQle| 4 27
. 4) O|E 7 &S AlZ HolTt?

- 5) A&
= Linear Separability (Classification): SSL=l 22 & FrozenA|Z7|1 M £
=
=

= Fine-tuning (Classification, Detection, Segmentation...)
= M XI=0| A5t Ablation Study
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JE-)I El’ ) SIA

Self-supervised Pretext Task Training
Unlabeled Dataset

1%
v
& L0
.
.
:
:

- Self-supervised LearningO|Zt
« TOQlo] AL OO|H 25 W E4= 0|8

0P04,

- 58 HAJS 820 effs OAX=E B=1,
« 0|2 Soff ZO|QI0] BHe BY &S A7|E A2
I:é -c')lj. |:|_ Transfer Learning

Supervised Downstream Task Training
Labeled Dataset

. Pretext/Downstream Task= A2 ¢2H0]
212 +E rt z ..

. Pretext Task d&0|= 24 0] g1,
Downstream Task9| 4S0f 3k 2HA 0| QLT >

Downstream
Task




2 Self-supervised Learning &1,
AALEZ SO E7]
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. 0|0 x|

Self-supervision &

= Context Prediction A&
v Jigsaw [Noroozi, 2016] & DeepPermNet [Santa, 2017]
v Contrastive Predictive Coding ([Oord, 2018], [Hénaff, 2019]) & Selfie [Trinh, 2019]

= Generation A <€

v"Image Inpainting [Pathak, 2016] & Colorization [Larsson, 2017] & Split-Brain

[Zhang, 2017]

= Geometric Prediction A€
v Counting [Noroozi, 2017] & Ranking [Liu, 2019] & RotNet [Gidaris, 2018] & AET

[Zhang, 2019]
. H|C|2

= Frame Prediction [Srivastava, 2015] & Flow Prediction [Luo, 2017]
= Ordering [Misra, 2018] & Time Contrastive Learning [Sermanet, 2018]

= Ego-motion: [Agrawal, 2015]
= Label Generation from Hard Program

v EAdAAa Tl DOD1A&AT1T MoaviinAa ODhsoact TDaFWAL ON1771 Dalarivie DNentFh TlimnnAa DON1Q7

—
—

N

) SIA
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® ® | I
047 A 122 Self-supervision &S ySiA
- 2LC|2 (w/ Cross Modality)
= Self-supervised synchronization
v ([Owens, 2018], [Arandjelovic, 2018], [Korbar, 2018])
o Bl AE
« =2 M0 25 AT EHI'_ Hﬂ*lﬂr—;Oﬂ CHSH 4 S 2 CrHE LTk
cCHE EO|QIS9 AT Iorvrimie 't 818 X 2L 55
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. 0|O|X|

Self-supervision &

= Context Prediction A€
v Jigsaw [Noroozi, 2016] & DeepPermNet [Santa, 2017]
v Contrastive Predictive Coding ([Oord, 2018], [Hénaff, 2019]) & Selfie [Trinh, 2019]

= Generation A <€

v"Image Inpainting [Pathak, 2016] & Colorization [Larsson, 2017] & Split-Brain

[Zhang, 2017]

= Geometric Prediction A€
v Counting [Noroozi, 2017] & Ranking [Liu, 2019] & RotNet [Gidaris, 2018] & AET

[Zhang, 2019]
. H|C|2

= Frame Prediction [Srivastava, 2015] & Flow Prediction [Luo, 2017]
= Ordering [Misra, 2018] & Time Contrastive Learning [Sermanet, 2018]

= Ego-motion: [Agrawal, 2015]
= Label Generation from Hard Program

v EAdAAa Tl DOD1A&AT1T MoaviinAa ODhsoact TDaFWAL ON1771 Dalarivie DNentFh TlimnnAa DON1Q7

—
—

N

) SIA
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Data Synthesis Pretext Task -~



0| 0| X| - Jigsaw [Noroozi, 2016]

—

N

w

N

O

Permutation Set
index permutation

64 9.4,68.32,5,1,7

o~

Reorder patches according to
the selected permutation

e |

(0¢]

) A Bl

v

Permutation-independent

o
) SIA

11x11x96  5x5x256 3x3x384 3x3x384 3x3x256

N

Pre-defined Permutation Set:
9174 Q| VectorE 0f|Zot= A2 &K

4608 ff4096 I 100 /_ o ¢4

fc7 fcg softmax

Permutation-
dependent
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(0100

0010
0001

1000

Permutation
Matrix

- DeepPermNet

o

[Santa, 2017} ) SIA

b

_ Doubly
> [convifce =22 Stochastlc Matrix
p— Q —
—>»| conv1-fco 2=t 0.7.2.1
»|fc7 2228 |fc8|15 > SKﬂ»-g-%-g-%
convl-fc6 =222 .9.1.0.0
| - _
convl-fce |21 Sinkhorn
Shared welghts__| Normalization

w [Noroozi, 2016]2} H| 5}
atel 2 ALR3H A Olrt=

ermutation=
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O‘ Dl X‘ - Contrast Predictive Coding [oorq, 2018 ="

Predictions

o e — e ——— .
T g —_— . )
- = . i

_— . — -

1) Auto-regressive Prediction2 Noise Contrastive Estimation H & X2 HEt
2) 0| 242t InfoNCE FormulationO| (c_t, x_(t+k)) ZF Mutual Information2| Lower
BoundE Z|CHZlol= Ay} SX[¥= e 63
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O‘ Dl X‘ - Contrast Predictive Coding [oorq, 2018 ="

P\P\ Jar - Output
Jenc - output
— ] Ct-
=
/
T
Zto| T 7/
Zt;FB pyms ey _/'/ Predictions
Zt%|_4 «-—--—'"”/
50% overlap
206 px
\ input image
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O|O| X[ - Contrast Predictive Coding [Hénati, 20197 *S™A

= Ol &2 = oA
* CPC [OOrd, 2018]9| 7H ol: 2E=S El-T'__ = E__I'L Pascal VOCO7
_ Method mAP
ImageNet _g—"
0.9- o
o /" Transfer from labeled ImageNet:
/ ® Supervised - ResNet-152 74.7
0.8 @ /
>
§ / @ Transfer from unlabeled ImageNet:
80.7- o Exemplar (Ex) [17] 60.9
0 Motion Segmentation (MS) [50] 61.1
l%_} ® Colorization (Col) [69] 65.5
0.6 o Relative Position (RP) [14] 66.8
Combination of
0.54 Ex + MS + Col + RP [15] 70.5
-o-Best supervised ResNet geep Cl(lj’lfter L] 233
® -e-Semi-supervised with CPC eeper Cluster [J] '
0.4 , , ; , , ; CPC - ResNet-101 70.6
10 20 50 100 200 500 1000 CPC - ResNet-170 72.1 65

Number of labeled images per class



O|O|X| - Selfie [Trinh, 2019]

Cross Entropy with ‘

Softmax - Cross Entropy
with true label

A

Resnet-50

Convolution
block

Convolution
block

Convolution
block

Convolution
block

[1 f([)‘ 0]
Decoderé /Soﬁﬁax\
UThl UT/’I2 UT/’l3
A: Transformer-like
+ Positional Embedding
of Patch 4
u » U
Encoder :
A A A
P P P P
A A A A
Patch
O 1 | ... ]
: ' | Distractor
' »‘ PatCh : * : 10 .’:‘ PatCh 3
yd '\_"' 4 :____i
o Dis_tr_éét'or
. Patch 8
Pretraining

Finetuning

[

) SIA
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. 0|O|X|

Self-supervision &

= Context Prediction A&
v Jigsaw [Noroozi, 2016] & DeepPermNet [Santa, 2017]
v Contrastive Predictive Coding ([Oord, 2018], [Hénaff, 2019]) & Selfie [Trinh, 2019]

= Generation A€

v"Image Inpainting [Pathak, 2016] & Colorization [Larsson, 2017] & Split-Brain

[Zhang, 2017]

= Geometric Prediction A€
v Counting [Noroozi, 2017] & Ranking [Liu, 2019] & RotNet [Gidaris, 2018] & AET

[Zhang, 2019]
. H|C|2

= Frame Prediction [Srivastava, 2015] & Flow Prediction [Luo, 2017]
= Ordering [Misra, 2018] & Time Contrastive Learning [Sermanet, 2018]

= Ego-motion: [Agrawal, 2015]
= Label Generation from Hard Program

v EAdAAa Tl DOD1A&AT1T MoaviinAa ODhsoact TDaFWAL ON1771 Dalarivie DNentFh TlimnnAa DON1Q7

—
—

N

) SIA
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0|0|X| - Image Inpainting [Pathak, 2016] =

" » * o
i . | 2
8| 2
, @ | Channel-wise |3
Encoder’ | L Fully L ||Decoder® E
- o Connected T 4
g = |
o |
LU " « | O |
! ] # * | :
|
|
l
............................................................. I
Pretraining Method Supervision Pretraining time  Classification Detection Segmentation
ImageNet [26] 1000 class labels 3 days 78.2% 56.8% 48.0%
Random Gaussian initialization < 1 minute 53.3% 43.4% 19.8%
Autoencoder - 14 hours 53.8% 41.9% 25.2%
Agrawal et al. [1] egomotion 10 hours 52.9% 41.8% -
Wang et al. [39] motion 1 week 58.7% 47.4% -
Doersch et al. [7] relative context 4 weeks 55.3% 46.6% -
Ours context 14 hours 56.5% 44.5% 30.0%

Table 2: Quantitative comparison for classification, detection and semantic segmentation. Classification and Fast-RCNN
Detection results are on the PASCAL VOC 2007 test set. Semantic segmentation results are on the PASCAL VOC 2012
validation set from the FCN evaluation described in Section 5.2.3, using the additional training data from [ 1], and removing G 8
overlapping images from the validation set [25].
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O|O|X| - Colorization [Larsson, 2017] ) SIA

Ex. 3: Colorization (predict color given intensity)

—

Initialization Architecture Class.  Seg.
9%mAP  %omIU
ImageNet +Fov)  VGG-16 869  69.5
Pathak et al. [31] AlexNet 56.5 29.7
Wang & Gupta [35] AlexNet 58.7 -
Donahue ef al. [5] AlexNet 60.1 35.2
Doersch et al. [4, 5] AlexNet 65.3 -
Zhang et al. (col) [42] AlexNet 65.6 35.6
Zhang et al. (s-b) [43]  AlexNet 67.1 36.0
Noroozi & Favaro [28] Mod. AlexNet 68.6 -
Larsson et al. [20] VGG-16 - 50.2
Our method AlexNet 659 384
+Fov)  VGG-16 77.2 56.0
(+Fov)  ResNet-152 77.3  60.0

Domain Mismatch

Initialization Grayscale input Color input

Classification 66.5 < 69.5
Colorization 56.0 55.9
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O|O| X| - Split-brain [Zhang, 2017]

X >

‘F .

Raw Data

Traditional Autoencoder

Predicted Color Channels X,

L Grayscale Channel X;

N

#

Input Image X Pred

Predicted Grayscale Channel X,

ab Color Channels X,

(a) Lab Images

X

Reconstructed
Data

icted Image X

oN¢
) SIA

Bimiminin
J1
x |7 ¢
\‘
Raw D fz
aw Data i
X2 Hims Predicted
Data
Raw Data Predicted Data
Channels Channels
Split-Brain Autoencoder
RGB Channels X, Predicted HHA channels X,
Input / \ Predicted
RGB-HHA RGB-HHA
image image
X \ / e

Predicted RGB Channels X;

HHA Channels X,

(b) RGB-D Images
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. 0|O|X|

Self-supervision &

= Context Prediction A&
v Jigsaw [Noroozi, 2016] & DeepPermNet [Santa, 2017]
v Contrastive Predictive Coding ([Oord, 2018], [Hénaff, 2019]) & Selfie [Trinh, 2019]

= Generation A <€

v"Image Inpainting [Pathak, 2016] & Colorization [Larsson, 2017] & Split-Brain

[Zhang, 2017]

= Geometric Prediction A&
v Counting [Noroozi, 2017] & Ranking [Liu, 2019] & RotNet [Gidaris, 2018] & AET

[Zhang, 2019]
. H|C|2

= Frame Prediction [Srivastava, 2015] & Flow Prediction [Luo, 2017]
= Ordering [Misra, 2018] & Time Contrastive Learning [Sermanet, 2018]

= Ego-motion: [Agrawal, 2015]
= Label Generation from Hard Program

v EAdAAa Tl DOD1A&AT1T MoaviinAa ODhsoact TDaFWAL ON1771 Dalarivie DNentFh TlimnnAa DON1Q7

—
—

N

) SIA
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1) XO|A LIEILF= Semanticet Object= YOl Al LEEFLEX]
=Lt

2) ©A| X2| o|O|X[of| A LIEILt= Objectl| 7= X2

(AX[X| =) K| O[O[X|0| M LIEIL= 2= Object®

Figure 1: The number of visual primitives in the whole im- =
= 35t 3P4,
age should match the sum of the number of visual primitives T= gl A gt
in each tile (dashed red boxes).
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O|0|X| = Counting [Noroozi, 2017]

114x114x3

/

3x3x256

PVANR €-f-\-> «f\s PAWR
share AlexNet
weights cqnvl-5

v

fc6 4096
e=Xe ReLU

C——1fc7 4096
=t ReLU

“— fc8 1000
ReLU
d(D o x)

) SIA
Method Ref Class. Det. Segm
Supervised [20] [43] 79.9 56.8 48.0
Random [33] 53.3 43.4 19.8
Context [9] [19] 55.3 46.6 -
Context [9]* [19] 65.3 51.1 -
Jigsaw [30] [30] 67.6 53.2 37.6
ego-motion [1] [1] 52.9 41.8
ego-motion [1]* [1] 54.2 43.9 -
Adversarial [10]* [10] 58.6 46.2 34.9
ContextEncoder [33] [33] 56.5 44.5 29.7
Sound [31] [44] 54.4 44.0 -
Sound [31]* [44] 61.3 - -
Video [41] [19] 62.8 47.4 -
Video [41]* [19] 63.1 47.2 -
Colorization [43]* [43] 65.9 46.9 35.6
Split-Brain [44]* [44] 67.1 46.7 36.0
ColorProxy [22] [22] 65.9 - 38.0
WatchingObjectsMove [32] [32] 61.0 52.2 -
Counting 67.7 514 36.6




0|0|X| - Ranking [Liu, 2019] s

Nx14x14x1

Mini-batch: 2N .
& Vg v .Y ‘ A s TR . ~ FTTTTTT oo \ Counting loss
8" ol R €. 7, I, Il: (over images)
- A ™ - 9 PO SING = :: >
ﬂ L4 D SN o el ) - : : VGG conv - 3x3x1 conv
oy« — S~ P . @ ' Ranking | : "
ST oL e : > Xt 2 ' ‘ y —
o Sy, : = B R . Ranking loss
p . , 2Nx14x14x512 2Nx14x14x1 m ) (over pairs)

Nx14x14x1 Nx1

Input GT (3406) Prediction (3052)

. : 4 | o ) l' 3 ' " . f' ‘ \g . { R 9, ,
a . e & ."5 ?; 4 g B4 = ; v\ 3 S
Q‘QN’ u= s ’ g g < ﬁy%’ “ AP~

i) > Cy) > C(ly
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O|0|X| - RotNet [Gidaris, 2018] ) SIA

90° rotation 270° rotation 180° rotation 0° rotation 270° rotation
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O|0|X| - RotNet [Gidaris, 2018] ) SIA

| Objectives:
5 | ConvNet 0 Maximize prob. |
glX,y=0) >N > omodelF) | TR . Method | Conv4  Conv5
Rotate 0 degrees : g . ! Predict 0 degrees rotation (y=0) | - - -
i | } ImageNet labels from (Bojanowski & Joulin, 2017) | 59.7 59.7
ez, y=1) | ol Comte || (e | Random from (Noroozi & Favaro, 2016) | 27.1 12.0
7 | 5& model F(.) ! F'(x") 1 -
Rotate 90 degrees . - - g 3 Predict 90 degrees rotation (y=1) | TI'aCkll’lg Wang & Gupta (201 5) 38 .8 29 8
otated image: | [
U ‘g | | Context (Doersch et al., 2015) 45.6 30.4
T ‘ = | Colorization (Zhang et al., 2016a) 40.7 35.2
2 X, 9=7) | > . o~ onvNet ! Maxm;lzezprob. ! . .
. model F(.) | ’ F(X?) | Jigsaw Puzzles (Noroozi & Favaro, 2016) 45.3 34.6
mage X e 4y - | : : oy !
Image Rotate 180 degrees ottt Tuter | Predict 180 degrees rotation (y=2) | BIGAN (Donahue et al.’ 201 6) 41 .9 32.2
, | ! NAT (Bojanowski & Joulin, 2017) - 36.0
+ g(X.y=3) A . modelB) |+ e . (Ours) RotNet | 50.0 43.8
Rotate 270 degrees ‘1 Predict 270 degrees rotation (y=3) |

Rotated image: X°

_______________________
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O|O|X| - AET [Zhang, 2019] Sin

E(x)

—

E(t(x))

X

(b) Auto-Encoding Transformation (AET)

D —

m) convolutional block mmp global average pooling [ classification
[ concatenation map fully connected layer

ConvBl1

ConvB2 ConvB3 ConvB4

: sh.ared weigh?s : - -

-+>

ConvB2 ConvB3 ConvB4

Unsupervised training stage

Classifier I:> y

Frozen weights
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o

7| A A2 Self-supervision A1 = A

. O|O| X|
= Context Prediction A<

v Jigsaw [Noroozi, 2016] & DeepPermNet [Santa, 2017]
v Contrastive Predictive Coding ([Oord, 2018], [Hénaff, 2019]) & Selfie [Trinh, 2019]

= Generation A<

v'Image Inpainting [Pathak, 2016] & Colorization [Larsson, 2017] & Split-Brain
[Zhang, 2017]

= Geometric Prediction A €

v Counting [Noroozi, 2017] & Ranking [Liu, 2019] & RotNet [Gidaris, 2018] & AET
[Zhang, 2019]

= Frame Prediction [Srivastava, 2015]

= Ordering [Misra, 2016] & Time Contrastive Learning [Sermanet, 2018]
= Ego-motion: [Agrawal, 2015]

= Label Generation from Hard Program

/Ed?e [Li, 2016], Moving Object [Pathak, 2017], Flow Prediction [Luo, 2017],
tive Depth [Jiang, 2018]




N
H|C| 2 - Frame Prediction [srivastava, 2015] "S"*

Learned Uy Us Us
Learned Us () U1 Representation

A o e Y] e ] [l
U U UL

(] Va2 V3 U4 Vs

U1 U2 U3 U3 V2

Figure 2. LSTM Autoencoder Model Figure 3. LSTM Future Predictor Model

< Input Sequence Ground Truth Future
ANNEEEEEDDDEEEEEEEEE
EEEEEEEEREEEERRRDDRAD

Input Reconstruction Future Prediction

R I S S I I S D D D D O S S
cofeepecyecl of o of of ef o] &) o] o] ¢f cJosfefodo]e

Two I aver Combpos<ite Model with a Conditional Future Predictor




[

H|C|2 - Frame Ordering [Misra, 2016] '

(a) ; Positive Tuples (b) Negative Tuples
Temporally Correct order : - ’

Original video

Temporally Incorrect order
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H|C|2 - Frame Ordering [Misra, 2016] '

(a) Data Sampling (b) Triplet Siamese network for sequence
Positive Tuples verification
| K ! Input Tuple AlexNet architecture

&
~

Frame Motion | =

.

High
motion
window

fC ; | B | 4@& (3;34) 229
=1 ‘ L fer fe8

i ‘ ' ' ~ \
3 - e L g -~ Sk — —— Y
S % ¥ B - - . 9 K~
yes S
] I I
1 I I
I 1 1 I

Bias the
sampling
to high
motion
windows

concatenation
classification

o ----e Shared parameters
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N
|C| 2 - Time-contrastive Learning [sermanet, 20187

metric loss
attraction repulsion
Sl BN ey BN
anchor? positive ?
self-supervised imitation
TCN embedding
Views I | I
(and modalities) / deep network \ ) )
A Fig. 5: Simulated dish rack task. Left: Third-person VR demon-

stration of the dish rack task. Middle: View from the robot camera
during training. Right: Robot executing the dish rack task.

View
1 =

View _
5 ol o =
Fig. 6: Real robot pouring task. Left: Third-person human demon-
stration of the pouring task. Middle: View from the robot camera

during training. Right: Robot executing the pouring task.
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N
|C| 2 - Time-contrastive Learning [sermanet, 20187

Step 1: Learn representations Step 1: Learn representations
[ embedding ] embedding ]
TCN " TeN

S vl

:&’

1st-person observation 3rd-person observation 1st-person observation 3rd-person observation

Step 2: Learn policies Step 2: Learn policies

Reinforcemeant Reinforcement
Learning Learning
o T
TCN TCN

drd-person observation drd-person observation 83



N
|C| 2 - Time-contrastive Learning [Sermanet, 20187

Learning to imitate, from video, without supervision

3rd-person observation Self-regression
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7| A A2 Self-supervision A1 = A

. O|O| X|
= Context Prediction A<

v Jigsaw [Noroozi, 2016] & DeepPermNet [Santa, 2017]
v Contrastive Predictive Coding ([Oord, 2018], [Hénaff, 2019]) & Selfie [Trinh, 2019]

= Generation A<

v'Image Inpainting [Pathak, 2016] & Colorization [Larsson, 2017] & Split-Brain
[Zhang, 2017]

= Geometric Prediction A €

v Counting [Noroozi, 2017] & Ranking [Liu, 2019] & RotNet [Gidaris, 2018] & AET
[Zhang, 2019]

= Frame Prediction [Srivastava, 2015]

= Ordering [Misra, 2016] & Time Contrastive Learning [Sermanet, 2018]
= Ego-motion: [Agrawal, 2015]

= Label Generation from Hard Program

/Edf;e [Li, 2016], Moving Object [Pathak, 2017], Flow Prediction [Luo, 2017],
tive Depth [Jiang, 2018]




H|C| 2 - Ego-Metion




Moving Object [Pathak, 2017] & ¢

H|C| 2 - Label Generation

Edge [Li, 2016]

R = (! =

0 I U I :é
giin | *igiﬁx L
L :
(4) compute edges (3) train cdgc dctector

[

semi-dense matches (1) compute flow (2) compute motion edges

[

(I

"..('A' L]

oooo.oa.".oooooo

o—— Observed frames
T-1

T+2 T+8

Relative Depth [Jiang, 2018]

— Input frames —
2 o :ﬁ% T —
™ i AR LY. { ‘. .' Sdk | N ] \*‘T_
' MG . iy . N —t 1 1l 3
: . _ A ™ | 40 fe e [y 1L Tl

Flow [Luo, 2017],

Output: Predicted 3D flows ——
T+2 T+8

b
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o

® ® | I
04 7| A A2< Self-supervision A1 = ySiA
- 2LC|2 (w/ Cross Modality)
= Self-supervised synchronization
v ([Owens, 2018], [Arandjelovic, 2018], [Korbar, 2018])
o Bl AE
« =2 M0 25 AT EHI'_ Hﬂ*lﬂr—;Oﬂ CHSH 4 S 2 CrHE LTk
cCHE SO QISO] AT0| Dorvei i H 812 2 ZELICHES
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) SIA

QP LC|2 w/ Cross-modality - [Owens, 2018]

Predicted on-screen sound

[ fc & siAgmoid j g :
global average pool ; i
( [3x3x3 conv] x 4,512 /[122] | = 1N
[ [8x3x3 conv] x 4, 256 /[12.2] ) :
H
[ [8x3x3conv] x 4,128 /[22,2] ) (s
( 1x1x1 conv, 128 ) R HTY
ééé—;
[ 1x1x1 cony, 512 ] i
4 2 '?
tile & concatenate ~ges Sh
t * i g
([ [3x3x3convlx 4,64/[222] ) ( 3x1x1 conv, 128 =1l
A A Time —»

pool /[1,2,2]
( sx7x7conv.64/[222] )

pool / 3
( [15x1x1 convl x 2, 256 /4

(a) Sound localization (b) Action recognition  (c) On/off-screen audio separation

([ [M5xixiconvix2 128 /4 )

[ [15x1x1 conv] x 2, 128 /4 ]

-
pool / 4 0}‘
( 65x1x1 conv, 64/ 4 ) %g
i " Misaligned sound
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conv4_2 3x3
14x14x512

conv4_1 3x3
14x14x512
|
pool3 2x2
14x14x256

conv3_2 3x3
28x28x256

conv3_1 3x3
28x28x256
|
pool2 2x2
28x28x128

conv2_2 3x3
56x56x128

conv2_1 3x3
56x56x128
|
pooll 2x2
56x56x64

convl_2 3x3
112x112x64

convl_1 3x3
stride 2
112x112x64

224x224x3

(a) Vision ConvNet

t

conv4_2 3x3
16x12x512

conv4_1 3x3
16x12x512
|
pool3 2x2
16x12x256

conv3_2 3x3
32x25x256

conv3_1 3x3
32x25x256
I
pool2 2x2
32x25x128

conv2_2 3x3
64x50x128

conv2_1 3x3
64x50x128
|
pooll 2x2
64x50x64

convl_2 3x3
128x100x64

convl_1 3x3
stride 2
128x100x64

T
257x200x1

=

"‘ log-spectrogram

1 second 48kHz audio

(b) Audio ConvNet

Vision subnetwork

Corresponds: yes/no?

{

softmax
2

fc3 1x2
2

Euclidean distance

7 N

L2 normalization

L2 normalization

128 128
fc2 128x128 fc2 128x128
128 128
fcl 512x128 fcl 512x128
128 128
poold 14x14 pool4 16x12
1x1x512 1x1x512
Image ConvNet Audio ConvNet
14x14x512 16x12x512
| 257x200x1

Objects that Sound [Arandjelovic, 2018]

Audio subnetwork

o

) SIA
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Objects that Sound [Arandjelovic, 2018] ="

INnput single Frame/ Localization
frame Localization
overlaid

 https://www.youtube.com/watch?v=TFyohksFd48
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[ Suriya, 2018] ) SIA

Mask Prediction

g -

Adversarial Training

Scheme g
Self-supervised Pre-training Semantic Inpainting
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[Suriya, 2018] s

Method Encoder Bottleneck Decoder Results

i — =S Potsdam SpaceNet DG Roads DG Lands

Context Prediction [8] X X 0.273 0.593 0.478 0.257
Context Encoders [36] AlexNet v X 0.298 0.610 0.478 0.339
Splitbrain AE [45] v X 0.265 0.641 0.482 0.411
ImageNet ResNet-18 X X 0.493 0.701 0.669 0.575
Scratch X X 0.414 0.657 0.643 0.495
Scratch ResNet.18 X v 0.418 0.661 0.607 0.507
Autoencoder v v 0.502 0.748 0.749 0.515
Autoencoder X v 0.499 0.742 0.742 0.499

v X 0.540 0.730 0.478 0.501
Context Encoders (Ours) ResNet-18 X 7 0562 0.762 0.759 0.503
Coach Mask (Ours) ResNet-18 X v 0.568 0.770 0.768 0.529



3D Facial Performance Rendering [Yoon, 2019] NS

Robot Navigation
[Kahn, 2018]

EXIF metadata

CameraMake: NIKON CORPORATION
CameraModel: NIKON D5360
ColorSpace: sRGB
ExifImagelLength: 3947
ExifImageWidth: 5921

Flash: No

FocalLength: 31.0mm

Manipulation
Detection
[Huh, 2018]

CompressedBitsPerPixel: 2

CameraMake: EASTMAN KODAK COMPANY
CameraModel: KODAK EASYSHARE CX7300
ColorSpace: sRGB

ExifImageLength: 1544

ExifImageWwidth: 2080
Flash: No (Auto)
FocalLength: 5.9mm

éompressedsitsPerPier: 181/100'

360° Video

! 5 : SpatlaIAudlo

»JMW_

360" Camera +
Spatial Audio

' [Morgado, 2018]
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Transfer Learning: Pretext Task <> Downstream Task '

Top5 T '
prediction: =
Grand piano, 2 r
grand shoji, - i
sliding door,
| dining table, :
R, board library

Input Object Reshading Semantic Surface
classification Segmentation normals
Pretrained
models for n e
) tasks
O\bject Class.
(1090 cldss)
4.
New task/domain
Curvature
Model
'\ ] selection
o K 2.5D Segm.
Normals > Distance . ¥ Semiantic
¢ Segm.
; a)
1' . L]
, Dwivedi, 2019]
: [Dwived,
Is
..... 4 X 2D edges
Cam. Pose
2D Segm. (%)
Room
2D Keypoints  @loencoding Cam. Pgsg) Layout

(non-fixated)

Scene Semantic
classification segmentation

W~ »
Top 5 prediction: : . 4
Home office,

office, 4
television room, ‘
computer room,
office cubicles

Task

Denoising oo :
= Similarity matrix

Vanishing Pts

[Zamir, 2018] :

High
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» [Doersch, 2017]
« “CIYSt SSL HHES oM MBS X Z Multi-taskZ S&sSHH o Z &
E|‘"

 [Kolesnikov, 2019]
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» [Goyal, 2019]
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“Tracking Emerges by Colorizing”
[Vondrick, 2018]

Co-Part Segmentation by SSL
[Hung, 2019]
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Tracking by Colorization [Vondrick, 2018] 'S

Reference Frame Input Frame

Reference Colors Target Colors
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Tracking by Colorization [Vondrick, 2018] 'S

Grayscale Video

Reference
Frame

Target
Frame

A
©

Embeddings

C.
Ac: Reference

-jEn-
-jEn-

. Colors
Predicted
® A:,;j Colors
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[Vondrick, 2018] '=*

ion

1Izat

Tracking by Color

thout any supervision!

... WI
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CHE 27HE 0l ML 22X 9| $j 22 S Sam
EAZAC| SSL

 GAN: [Lucic, 2019], [Chen, 2019]

= O H2 ds, O 832 2tE, O 82 O[Ho[d, i 28X 2

2l et50| 7I50tLt.
« Semi-supervised Learning: [Zhai, 2019]

= CH3E SSLE & SOTA 852 semi-supervised learning 82 M2 5= UL
 Clustering: [Zhang, 2019]
= Subspace Clustering0i| A 2| ds1} A|[ZtS = Cf

- Anomaly Detection: [Golan, 2019]

= 7|Z&2| density estimation, generative modeling 7| 22| 2 &
ML},

o

o AL
= T UL,

22 gExoz o

- Robustness & Uncertainty: [Hendrycks, 2019]
= Robustness®t Uncertainty & Z0j|A| &1tH0|Ct, 108
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