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Image classification

Easiest classes
red fox (100) hen-of-the-woods (100) ibex (100) goldfinch (100) flat-coated retriever (100)

tiger (100) hamster(100) porcupine (100) stingray (100) Blenheim spaniel (100)

Hardest classes

muzzle (71) hatchet (68) water bottle (68) velvet (68) loupe (66)

» . VB

hook (66) spotlight (66) ladle (65) restaurant (64) letter opener (59)

B

https://[www.technologyreview.com/s/530561/the-revolutionary-technique-that-quietly-changed-machine-vision-forever/
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[Chung+2016]

[Newell+2016]
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R-CNN/Faster-RCNN [Girshick+2015,Ren+2016]

- PEEREDIS R-CNN: Region-based Convolutional Network
ASHFCNN & | acroplane? no. |
ZiiH ~ —

. RRESERS ” o 4
b‘@ﬁiﬁf“ (_* :\ { SN = w 2N . < ‘- : = CNNE-\DIP yes. l |:> |
E‘:) ﬂfbﬁﬁﬁ \ o f‘ s ' “': . = W e Y

|tvmonitor? no. I

+
ENTHELEWL

YOLO(You Only Look Once)/ YOLOV2 [Redmon+2015,2016]
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b) Stage > 2

b, XI br

Convolutional (a) Stage 1

o (
Pose Machines ’
(T-stage) 2

: P | Pooling

C | Convolution

stage 3

R. Elbow R. Shoulder Neck Head R. Elbow R. Elbow

Shih-En Wei, Varun Ramakrishna, Takeo Kanade, Yaser Sheikh, Convolutional Pose Machines, 2016

Newell+, Stacked Hourglass Networks, 2016



AlphaGo

D Silver et al. Nature 529, 484—489 (2016) doi:10.1038/nature16961

LEE SEDOL _ , -:"\:° Google DeepMind

Challenge Match

b
Policy network Value network
P, (als) vy (5)
~

ALPHAGO
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Rollout policy SL policy network RL policy network Value network .
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& .

P, P, P, vy % S :
5 g o
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Policy gradient e}
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Human expert positions Self-play positions



#EWEIER (Google‘'s NMT)

Wu+, Google’s Neural Machine Translation System: Bridging the Gap between Human and Machine Translation, arXiv, Oct. 2016
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Rajpurkar+, CheXNet: Radiologist-Level Pneumonia Detection on Chest X-Rays with Deep Learning,

<%

arXiv2017
« XHEREBEMEN S 12FE DR DZHA
« 112,120 DEIFZE REFE
- EHRRIEDFITZ _EO|S2MHEE

F1 Score (95% CI) Input
- - Chest X-Ray Image
Radiologist 1 0.383 (0.309, 0.453)
Radiologist 2 0.356 (0.282, 0.428) CheXNet
Radiologist 3 0.365 (0.291, 0.435) il
Radiologist 4 0.442 (0.390, 0.492) Output

Pneumonia Positive (85%)

Radiologist Avg. 0.387 (0.330, 0.442)
CheXNet 0.435 (0.387, 0.481)
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C ITYSCA P E S https://www .cityscapes-dataset.com/examples/

IMAG E N ET http://image-net.org/index

. —REHIDD S AR

e 2184105 X - 14,197,122#%

s REAZTA—RK - TUZR KA

« 30035 - 508B - 5,0004%/20,0004%
FANLS— - FILAS a5y BIRKAD

I « BHHDASOEREMAOWMEIS K

School, schoolhouse (B

1
Abuilding where young people receive education; "the school was buift in 1932"; "he walked to school every it
morning'

o of r ton | Images of the Synset | Downloads

¢ Building, edifice  School, schoolhouse

2)
I~ sport, athietics (176)
- artifact, artefact (10504)
I- nstrumentalty, instrumentatior
- structure, construction (1405)
I airdock, hangar, repair shed (
L aitar (1)
- arcade, colonnade (1)
L aren
area (344)
balcony (4)
|- baicony (2)
|- bascule (0)

fpordm ) i g SRR e B e e | 3

CelebA nttp://mmiabie.cuhk.eduhik/projects/CelebA htmi

. EREIf

MPII Human Pose Dataset » AORTE - 10,177A%) - 202,5991%
° . http://human-pose.mpi-inf.mpg.de §}§qﬂjj($
o AMER—X . -
. BIEBIERAIE - 40,000 %) - 25,0004% ] ; oA

» Max Planck Institute Informatik

Catege

VQA http://visualga.org/index.html KI—l—rI VISIOn
s BHFHDS -2 (T DEMEER

o BEfREZDIG5.480 - 10[EZ - 265,0164%
« Virginia Tech., Georgia Tech.

+ >100GB

Velodyne HDL-64E Laserscanner

Point Gray Flea
N Video Cameras
Q: Where is the cat?
Q: Is the cat safe?

Q: What color is the car?

Q: What toy does the elephant have in his cage?
Q: Is this animal in an enclosure?

Q: Where is the woman?

http://www .cvlibs.net/datasets/kitti/index.php

BHHOASBRENSDRFTLAR - AT HILT70O—Ah

« Karlsruhe Institute of Tech., TTI Chicago

—5

C OCO http://cocodataset.org

o WMAD SR & DEHSTEE
o S80I+ 9IRS S X - 330,0004%
« Cornel U, Microsoftt

ACTIV ITYN ET http://activity-net.org

. EFAUUYTRAITES
. 200752 - 20,0007\ v 7 (64885R5)
s BHODEUREEKX - JILFK (OO ETR)

[Eoaacoeei

8 Release 12 (10:2015)

© Eating and drinking Activities(549)

© Sports, Exercise, and Recreation(3485)

ing in Sports, Exercise, or

5(141)
in martial arts(197)

© Playing sports(1277)
© Weightifting(168)

135 Object D‘fetectio?
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FlowNet2
(123ms)

AT H)LJ0O—

Image Overlay Ground Truth

Wb |
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[1lg+2017]

Fhow
S
Vans
o || — > - | "
Fhow

EPE: 7.92 jj >( 5%%
sl as '\
JT’E (XT l/7|_ 'ng) [Mayer+2017]

Groundtruth DispNetCorr

[Ummenhofer+2017]

SR Groundtruth
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Generative Adversarial Network (GAN)

« ZTODXRY MI7—Y ZFHFM (adversarial) ICFE
— GIEIBBARLLFYMS UDWEHRZERK LU TDZERI &LDIC, DIFE
Y& BMzIEMEICRIES TGICEREINGaWE SIS

Ry bI7—9

1R (Generator) | = OB

________________________________________________________________

ROE® | mgizy ho—o
or (Discriminator) | Rorf®
ABDE/S

min max V' (D, G)
G L

V(D G) = Emwpda,,, (x) [logD(a?)] I EZNP: (2) [log(l _ D(G(Z))]

GAN (unconditional)

Positive examples Negative examples

Real or fake pair? Real or fake pair?

G tries to synthesize fake
images that fool D

D tries to identify the fakes

“pix2pix”
(Conditional GAN)



Generative Adversarial Network (GAN)

« ZDODXRY M7= Z#HFM (adversarial) ICFEE

— GREGBIXKFYS UDWERZER U TDZRI & S5ic, DREZF
PRI EEICRBOH TGICIRENBEWE SIC

E‘i-ﬁﬂ L |t ¥
Fhoo P T S
o PRV R e AL

Wasserstain GAN [Arjovsky+2017]
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Kim+, Deep Video Portraits, SIGGRAPH2018

Deep Video Portraits

Source Sequence Reenactment
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- fl@ﬁUJTZI 1) SRk —VRaE YEEL, YT I VAT VR)
tﬁX/T—/az e

EET-VWERE) ZDLTIRABFICE E ULIAD

— ABXah ?
- H{R(2D), EhE{R(3D), IEBEEIR, =B, RIT—Y, I 7HEEetc.

- HAR?

— AOW—-HADYyEYSIHDDNNTRIRRIEED ? ZNIETFEHRIEED ?

ETFI%EEZD

- Xy bEE  CNN,RNN, \1JVUw K, 757> 3>, Graph-
NN(GNN/GCN)

- ORAE#, s

T—H%&EHD

— K SAEFSHWVERIIEBREEEEZD

— BRIKEH>TIECGIHRETERR « KA VHEIRKED
FERALZERD

- BEHD (94 OF - EHEEPE) , ¥ i- ised), #
i (adversarial)% BE FH) , FHEM(semi-supervised),




FHOREDSHHDOFEN

St

— FTHE —

> BUE

i g

v

— BWRFEE —

St b

— BEE —

Vg

FA=TF—==2Y
(RBb—HICFE)




XY NI—=OBEDTH1 Y
« |LSVRC Winners

2012

« Za—JILEWBROEE

Google’'s NMT Attention is all you need CNN is all you need
[Wu+16.09] [VasWani+17.06] [Chen-Wu,17.12]
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707147 (=SETESRENVWI L)
E{5DH 5D B MIEZCNNTHELS BFK
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[1lg+2017] Labels to Facade. BW o Color
input input ut

output outp
Day to Night Edges to Photo

= ma
AASEZ [Ummenhofer+2017]

N
DeMoN
! v
: I

[Chung-+2016] 2z r b H-Wr%“?ﬁ}* - '

output input ‘ output
AR

original

RIEF B OHfAE

-9

Do you think the yes no

boy on the ground yes no )
has broken legs? yes yes s
Why is the boy his friend is hurt ghost

on the right other boy fell down ||ghtmn?

freaking out? someone fell sprayed by hose

19



HET — 5 DD BWEEDIIER

T4 —775—=V%ddata-hungry
— SRAEEEAIE THAFF T BIEE S m<EL

XIR

— T —% 53R (data augmentation)
— BE5FBZFE (transfer learning/domain transfer)
— R XA i@t (domain transfer)
- BRER—TRAIVDEZT—IDHDD, AAT—9HPULES
— T—Y9DER
- BRYRVIGEWAANT—FZEH ; FNITFIEY Y
— Bkl (self-supervised/self-taught)
- BRE(BR)VESTAIEBHSE, FINIFIFHYS
— YA E (semi-supervised)
« DEDINIGETF—I+XKEDINILEBELT—H
— ZF0fth

- 55¥Efi(weakly-supervised), #EHEf(unsupervised), YILF5 X
2 %38 (multi-task learning)
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Wood+, Learning an appearance-based gaze estimator from one million synthesized images, 2016

» FRIRMEEDTZHDERT —4

High-resolution head scans | > 1,000,000 rendered images Input real-world image

¥
Generative eye region model

Transfer

Matched | rendefed image

Figure 1: We rendered one million realistic images of eyes using
our generative eye region model. These are matched to an input
image using a nearest-neighbor approach for gaze estimation. Our

model manages to find good matches even with extreme gaze angles
and glare from glasses.

and glare from glasses.

geometry pupil @
geometry iris —— \ \ ("

«d—

(@) virtualiris plane

Figure 3: We model iris refraction by altering texture look-ups.
In (a), a viewed pixel is refracted correctly to show black (pupil)
instead of blue (geometry surface). Example renders with (top) and
without (bottom) refraction are shown in (b).

Figure 10: We use HDR panoramic images for reflections and
ambient light in the scene. Here you can see two example equi-
rectangular panoramas, with example eye renderings.

‘igure 2: Our eyeball mesh (a) shown rendered with physically-
ased materials and refraction effects. We model pupillary con-
gaze estimate raction (b) and dilation (c) as part of the refraction shader.

.

—30° 0° +30°

Figure 7: We use anatomically inspired procedural geometric
methods to animate eyelid, avoiding the need to manually rig the
model. Shown are renderings for eyeball pitch at 0° and +30°.

Figure 13: Nearest-neighbour pairs showing in-the-wild images
(top) and our renders (bottom) along with estimated gaze (green).
The top three rows show qualitatively good gaze estimates, even
under difficult lighting, low resolution, and extreme gaze angles.
The bottom row shows failure cases from unmodelled variation e.g.
makeup and hair.



dgﬂgﬂﬁé%‘ (self-supervised learning or self-taught ---)

- BWY XY &385”"Proxy task” ¢”pre-train”

Predictions

[] ;-'===::::‘ ——————————— Do e &
Learning a representation via (z,y) pairs A i e B S
Jar gar gar Gar A, > \'\ S \
\ \

2t \ Zt+1 Zt+2 +2t+3 +2z+4
ey | o
/genc\ /genc\ /genc\ /genc\ /genc\ /genc\ /genc\ /genc\
| Ti—2

Classification

Tg-3 | Tt—1 T4 Ttt2 Tt43 | Tiya
Self-supervision e
2 M“”mm"m“f“““ "‘"r‘lm ' 'II”"MW\‘I\ o ~"W”W|""
Bx 3: lnpamtmg (rcmove patch and then predict it)
Gar - Output
. Jenc - output
A ot gooe N 7’: :,/1:]_']*' —J-J-_I: Ct
— 1 1LY
Ex. 2: Context (given two patches, predict their spatial relation) i . . ey L
il T _-"/
({- E} , “south east”) ; <{.,.} : “wcst”) L g Zt+3| T T /./-/ Predictions
Ct+4| e T
50% overlap [
Ex. 3: Colorization (predict color given intensity) 256 px: :
v input image |
(-’ -) REAOEIHFBEZROIFHZ FRIT DN, 2R ET
DEDT(FRL, TR EZDITIC/IRDEDDM
OB BREZIRDINREOBERRZFE
[Larsson-Maire-Shakhnarovich CVPR17] Contrastive Predictive Coding

22 [van den Oord-Li-Vinyals arXiv18]
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FfER D OTRIE [zou+CvPRr16] JAF>T (BULTEERRD)

(d) Classifier, probability
(a) Input Image of correct class

Australian
terrier

Class Activation Mapping

True Label: Pomeranian

Class
Activation
Map

‘ ' (Australian torrier)

Figure 2. Class Activation Mapping: the predicted class score is mapped back to the previous convolutional layer to generate the class
activation maps (CAMs). The CAM highlights the class-specific discriminative regions.

+ Wy« AP 000 A

[ Tsnbus4-19]197]

¥ True LabeliéarWheel -

HFE5EOFEE (LHAINSHEERE)

Forward pass

1 | 1
Guided Back ibuti = 7_
(Baehres ertaaldslsgntyan etal) e De(gsﬁ:pe\l,!: - UI(S:ngenb:S et g)rop 3 EE H H d) : @ O)
7 Wk (0772
J g
~ N £~
>32%)

function approxil ma:\oln

[8TOZ+Suewspuly]

Example Forward ReLU Forward ReLU Backward ReLU Back ‘ReLU @ ok o
VGG-16 classification (activated) (deactivated) (activated) (deactivat u
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Szegedy+, Intriguing properties of neural networks, 2014

ARIBEUICRZ %D, CNNICIEZ2E->TRZS
: * Minimize ||7||2 subject to:

1. flz+r)=1
2. x+re€|0,1]™

Correctly ‘ Additive Recognized
recognized noise as“Ostrich”
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Adversarial example(d
e SR (CBURRTT NS00
BcLIETlE?

[Lu+2017]

/X b7Radversarial example Adversarial patches

[Athalye+ ICLR2018] [Brown+arXiv Dec. 2017]
=N=P4

« BEEMFICLISTEEIDRLDICNED « WREITDCNNIC, >—>OMOYMAZ R
o, BEEOMKRTESTERX

Classher input Classihier Output
75’*‘ -

';‘.-o-—-;

revolver, si

Fooling Image
Recognition
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Raia Hadsell@DeepMind, ERF2017 D ¥—/—NE&

ﬁ DeepMind

General Atari Player
https://www.youtube.com/watch?v=Erkt7HelEco
240
B

Could deep RL allow robots to learn end-to-end?

e Sensorimotor control

e Exploration of complex spaces

-

=3 ~
Seaquest
e Strategy and decision making q

f-

[Mnih et al, Playing Atari with Deep Reinforcement Learning, 2014]

Maze havigation Lesson: use supervised learning when possible

Human expert Supervised Learning Reinforcement Learning Generates New Data Value network
positions policy network policy network (80 mil. Positions)

—HOHES ®—

:8: AlphaGo

https://youtu.be/zHhbypmKaj0
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observation

224x224x3

Model trained with simulation + real images: Go to Do(ues
Target: door =

224x224x3

—\

R

Zhu+, Target-driven Visual Navigation in Indoor Scenes using Deep Reinforcement Learning, ICRA17
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Giusti+, A Machine Learning Approach to Visual Perception of Forest Trails for Mobile Robots, 2016

IDSIA USI/SUPSI - Lugano - Switzerland
University of Zurich - Switzerland
http://www.bit.ly/perceivingtrails

) University of = S robotcse
Eifee Gl Bk

Quadrotor camera «o»

;

3 "

@ turn right © go straight Q turn left
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J\F 2R E U < HEESHIE : CNNTEENEERL
Bojarski, End to End Learning for Self-Driving Cars, arXiv, 2016
. BN S RT 7Y S IBFE S ECNND EIEETE
— JNXRI(F 1Ry

command i i

Figure 3: The trained network is used to generate steering commands from a single front-facing
center camera.

Network

Q Output: vehicle control
|
[0 neurons ] Fully-connected layer
[ S0neurons Fully-connected layer
[ 100 neurons ] Fully-connected layer

—_— feature map
o ——————— 64@1x18
3x3 kernel _

o Convolutional
feature map

64@3x20

k |
E //3 - ergne Convolutional

feature map
48@5x22

5x5 kernel
Convolutional
feature map
36@14x47

5x5 kemel Convolutional
feature map
24@31x98

fo kernel Normalized
input planes

3@66x200

Input planes
3@66x200

Figure 7: How the CNN “sees” an unpaved road. Top: subset of the camera image sent to the CNN.
Bottom left: Activation of the first layer feature maps. Bottom right: Activation of the second layer
feature maps. This demonstrates that the CNN learned to detect useful road features on its own, i. e.,
with only the human steering angle as training signal. We never explicitly trained it to detect the
outlines of roads.

H
_I
H

Figure 4: CNN architecture. The network has about 27 million connections and 250 m?@nd
parameters.
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James, Davison, Johns, Transferring End-to-End Visuomotor Control from Simulation to Real World for a Multi-Stage Task, arXiv17

« CNN+LSTM : §'§¥EOD4@1%%%3)\73 ainIarythjj%ﬂH%—“Tf”éf

CONV  128x128x48 8x8x256 2x2x256 LSTM

ocities

O/ IGppeAt
—bo—b

ICb e Pos

256 x 256 x 32 64 x 64 x 64 16 x 16 x 192 4x4x256 IGrIpDGfPOS

Joint Agle
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H?JEH :usg)
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Convlution+Downsampling

2iAd (E) 7=I29 (8

Skipconnection (ResNet) 2015

weight layer

RelLU

weight layer

RelLU

— 8%8x%xN

ReLU 2011

X1

To W2
r3 Ws

Wy
T4

Batch Normalization 2015

v
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Adversarial training Attention

14x14 Feature Map c_ <
r

" | - flying
e 3 ; g Fo .y LsTM | over
I AART ML {ADES \/ ] E‘E’ﬂ > P >l a

R 5 body
g | :

LRy NO—2
(Generator G)

By RO —O = or 15 _ water
(Discriminator D) — R Ooris Ll Input 2. Convolutlona! 3. RNN with attention 4. Word by
Image Feature Extraction over the image word
generation
\_ J
[Xu+2015]

Models for sequences Models for graphs
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layers
= . . § too 1 A “h® Z by I )
; N(A) Z he :
GPU2 . e GPU3 Nx /% .
—> Attention =7
GpuL . - GPuL Ml Head INPUT GRAPH 1 B
e e A Y a
Positional Positional
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[Ying+2018]



