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IASAT RIS (1600s) , TFILAAS (1975)
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d A" This is Steve Sasson who in 1975

‘ ' invented the world’s first digital
camera. It was 0.01 mega pixels and
& took 23 seconds to take a photo. But

which company did he work for?

H. P. Gage. “Optic projection, principles, installation, and use of the magic lantern, projection microscope, reflecting
lantern, moving picture machine," in 1914.
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— Keywords: Multiple View Geometry, Epipolar, Stereo
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— Keyword: Learning, Supervised Learning,

Clustering
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mouse 0.975
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Deep Neural Networks (DNN)
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DNNEFASLARIDE)[E]

— Perceptron, MLP, Neocognitron, BackProp, CNN
— DNNAYRIT D RIDEURER C (L fEATIFEUMER:
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F. Rosenblatt et al. “Principles of Neurodynamics: Perceptrons and the Theory of Brain Mechanisms” in 1961.

Rumelhart et al. “Learning representations by back-propagating errors” in Nature 1986.

K. Fukushima, “Neocognitron: A self-organizing neural network model for a mechanism of pattern recognition unaffected by shift in position”, in
1980

Y. LeCun et al. “Gradient-based learning applied to document recognition” in IEEE 1998.
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https://www.youtube.com/watch?v=zj JIVqWK1M
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DNNO\S CleE=
— ImageNet! (—FHHEEE
— NVIDIA! (ERIBRETE)
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http://www.image-net.org/

NVIDIA.

http://cvpr2017.thecvf.com/
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—IR7E (F(CEHESERIT) EmAD(FResidual Network
e 2015F(CIIANBEI=ZEBXDIBEZEIR

Revolution of Depth

152 AlexNet 1zhevsk + ILSV 01
D ILSVRC2012 Wmnery DLO)E%W%
\\\ % rd I 0] v ol o §
\ # AR R
T2 2 | (151 VGGNet [Simonyan+, ILSVRC2014]
I 16/19]E> v |, deeper:ET) b@%ﬂuﬁﬁ

3.57

|L:;/:Nc;5 (l;::gr::;; |Lszgg 14 ILSVRC'13 |;sl\é:£e1tz ILSVRC'11  ILSVRC'10 GoogLeNet [Szegedy+ ILéVRCZOl 4 /CVPRZOIS]
ImageNet Classification top-5 error (%) ILSV}?.\(\?%O 1.4/,\WH[.1\n,e::\ A%\?):/I\:Ef?/_’\) L

".-::;::,:'.-.::::.:;;;:‘.‘.;::;.:::::'

ResNet [He+, ILSVRC2015/CVPR2016]
ILSVRC2015 winner, 152f& | (GEERT(X103+EE)
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— R-CNN: ¥&tet
—FCN: Y>> T v oA FT—2 3>
— CNN+LSTM: Bif5:7EA
— Two Stream CNN E}JED:UD!E&

ResNet + FRCNN
[He+, CVPR16]
https://
www.youtube.com/
watch?
v=WZmSMkK9VUA

PSPNet [CVPR17]

Spatial stream ConvNet

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

Gl 3 norm. pool 2x2
single frame pool 2x2 class
score

Temporal stream ConvNet fon
conv1 || conv2 || conv3 || conv4 || conv5 || fullé full7 f
Tx7x96 || 5x5x256 || 3x3x512 [| 3x3x512 || 3x3x512 || 4096 2048

stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. || pool 2x2 pool 2x2

multi-frame
optical flow

- i +
Show and Tell [Vinyals+, CVPR15] Two-Stream CNN [Simonyan+, NIPS14]
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BI{RER - s ELFEN\DIBAT

— GAN: BB ZEE, Generator (G) &
Discriminater (D) MERWLVELU J7)LIRE SRz 4Rk

— DQN: #{tZFZEFI/L
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Video GAN [Vondrick+, NIPS16]
http://carlvondrick.com/tinyvideo/

https://www.youtube.com/watch?v=V1eYniJORnk
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DNNDOI L —ADT—DOWNRLZ(CUU—X
— Caffe/Caffe2, Theano, Chainer, TensorFlow, Keras,

Torch/PyTorch, MatConvNet, Deeplearning4j, CNTK,
MxNet, Lasagne (llEAR[E, ZDAtZER)

— $5(C, CaffeN B TETHBSCVICHITBDNNDIATE (FIEFE
BI(CIAD DTz

on 4 PYTORCH

http://pytorch.org/docs/master/_static/pytorch-logo-dark.svg
Chainer

https://chainer.org/images/logo.png https: //www.tensorflow.org/_static/

images/tensorflow/logo.png

# HATI(IChainer ? EuroTldMatConvNet ? tHFEB(C(ITensorFlow ? J— RED IR SKerasE KL< E <
# HJ)L—TTIEPyTorch TEFHE— L THE (Facebook TEAFL(EPYTorch, 047 I Caffe2)
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cvpaper. challenge
Dl amond 1 in you r heart Edit profile
,; - “; 16 SlideShares

1 23 Followers
8 0 Clipboards

> HP, Twitter, SlideShare 5 &= < Jo =0

o Researchers, Graduate Students

cvpaper.challenge @ ipe/nwiter com/CipaperChateng HP: https:/sites.google.com/site/cvpaperchallenge/
R wenx ) meErEsmeicasasacnnxs 1 WIitter: (@CVpaperChalleng
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EFNR—2
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ENEERA SReadingList DURLZCVFOH DICERL E U fe.
SEDOCVFOR—YICFarXivd ) Y76 DWTWETh, EROBFBHREEIENZINEBVELL
A, ICCV2015ICid) ¥ 7 b 21 TY, .

1
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J—0 Y3 v TOEIR:

BHWI—U Y3y THEWEHRTY
> 5K DR e & T 2SEHARIEUT OWSH 161F/444F
HHZ5R7—9Yav”
> COMPUTER VISION PROBLEMS IN PLANT PHENOTYPING (CVPPP)
> https:/www.plant-phenotyping.org/CVPPP2017
> BRRBECHZEANTBHNRTH D, ERFER(View, SSIRE)EEREDFOINRIRERZED
HARZRZDT, ZOWSRSERSWETRAWTLLSH
(edited)
:04 PM
EolFEIAYTF—yav&AIVVRNDF LYY T
MR DU R U D H B EREH XM Z,
EABNTWEDTL & 5H7?
JECVE S AZENDIAH =W ?

GANFa1—KU7I (R541 RED)
-jit hirokatsu.kataoka 2:13 Pm

1. Mask-RCNN
(FRTR D& D ResNet, Faster RCNNTH 7R KaimingE ADEETY, M RHE YV Ty oS
AVT=aveERBICBVEANRVD. EWSHRICEIWTWEY, ThbEE. Kaiming& A DB

BOREINDZLIR>TVNBDT, EFZOHIH REPEIAYTF—23>0) EHRRT, #idd
TIKES T LI T7A—HAALT HARLTWBD TR ? ERTWET,

2. Kd-network
ERHER

link: https:/sites.google.com/view/iccv-2017-gans/schedule

ICCV 2017

>3, &6, FEEDEILHRE, T4 XY
IW—TTEREMITDAUY ~MIZ

FIVT—avEDICTEBRZETFTVELVEVNSE

F+w & (Slack/Skype/Line)

Erhan, Vincent Vanhoucke, Andrew Rabinovich

W —)LZfE D U GESD D DN IRAR

>EFD

Anton van den Hengel,
Chris Russell, Anthony
Dick, John Bastian,

Daniel Pooley, Lachlan

Fleming, Lourdes

Confidence Predictions for Unrecognizable Images
Anh Nguyen, Jason Yosinski, Jeff Clune

Agapito
1505 Understanding Image Representations by Measuring 1505 SUN RGB-D: A RGB-D
Their Equivariance and Equivalence Scene Understanding
Karel Lenc, Andrea Vedaldi Benchmark Suite
Shuran Song, Samuel P,
Lichtenberg, Jianxiong
Xiao
1505 Deep Neural Networks Are Easily Fooled: High 1505 Small-Variance

Nonparametric
Clustering on the
Hypersphere

Julian Straub, Trevor
Campbell, Jonathan P.
How, John W. Fisher lll

Monday June 8, 10:10am-12:30pm
Poster Session

Going Deeper With Convolutions

Dumitru Erhan, Vincent Vanhoucke, Andrew Rabinovich

Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed, Dragomir Anguelov,

150 Propagated Image Filtering
Jen-Hao Rick Chang, Yu-Chiang Frank Wang

Web Scale Photo Hash Clustering on A Single Machine

Yunchao Gong, Marcin Pawlowski, Fei Yang, Louis Brandy, Lubomir Bourdev, Rob Fergus

1506 Expanding Object Detector's Horizon: Incremental Learni
in Videos

Framework for Object Detection

Rahaf Aljundi, Rémi Emonet, Damien Muselet, Marc Sebban

1506 Supervised Discrete Hashing
Fumin Shen, Chunhua Shen, Wei Liu, Heng Tao Shen

1505 | What do 15,000 Object Categories Tell Us About Classifying and Localizing Actions?
Mihir Jain, Jan C. van Gemert, Cees G. M. Snoek

1508 Landmarks-Based Kernelized Subspace Alignment for Unsupervised Domain Adaptation

CVPR2015 B2t
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(1] SUN Jianxiong Xiao, James Hays, Krista A. Ehinger, Aude Oliva, Antonio Torralba, “SUN Database:

Large—scale Scene Recognition from Abbey to Zoo”, in CVPR2010.

Keywords: Dataset, Scene Categorization, Benchmark, Recognition
BE F8U I OBE

e [ RN . —UBHICBT 539795, 130519DEENEENS.
IE2=RETIVISBN T~V BBOT—IN—ATHS  Fgp|fr~—. LBUIHERIE, HOG, denseSIFT,
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NTLVEA o7z, SUN database Tld, TNETDT—2tvbE
SLITIRARSH, 3979FARDI—VEET, KRELT—4

Y THS.
HOG https://hal.archives—ouvertes fr/inria-00548512/document
. GIST http://cvelmit.edu/scene understandinghtml
Links SSIM
- . http://www.researchgate.net/profile/Eli Shechtman/publication/221362526 Matching Local Self-
Mo ~ Similarities across Images and Videos/links/02e7e520897af25746000000.ndf

FasIorR—:



FEHERIEDLDITEXTEL ?

EAN(C(ZBEH
— E(IHLED
— RUTIE D TR D NULRARZ A THD
- AR M=Z2T(ES
- ZBEURT AT+« PA\DEEMTICTED
- 5|H#mXZIRT
- &



(3 [ AELEEOT
XBLSCBoTE] EEEHT
WLDDT, WTIAHBEDTIFERL




F

AH

TN

7]



%ILJ\ t (j: ?

C TR T =IO DK X TODETE
- BATTAT1 7ZER

— fbANEEwm (DL AM—==20, L XN)
— BIY—ARA « 715+« VD

- Dl E=#BDIRT

/1]



F—DJ— R

(& [5=5%0]

BAERET LA B

-0O¢ED KX

DEEBEBNTT AT« F&ERTZHM

« BIF(CRIZEREL)
« KDBBWNIAFTa 7HEFEND
« WD ZEI\—UET7AFT4 7N TEDS

— LA MEEXRRISENI T=DDEANVEEE
« AANSFIZ=Z—TROTANZWNIEREDONT>Sv)L

(Em L

« B E

SR (TITV SR ADEZIEY L TH <



H—~A ETLZ RDRDIEL

=9 (HMEAFEZE

— T —RA @@, 2518, zeonsEIONHA )

- RUVGESX/HINEIE EHTHD @sosocss)
— AT« T7HHRIESEICAE sown

JL X

— AT« 7 7ZIER snopimeres)
-S4 J(C, BENT, TETJ)LIOER
- W= FEIE wexru—roxrerns)




JLZ DA > N
T ZEBLTHL<
— EH](CERB/ATBN /T —RAREREZITD
—FEHERERRAICIESFEL
FERDTAT 4 TP =EE

ol

I —T =B (HHHERD
—3~A4 NDD ) —T=BEfIBEEIC & (ICSvw )L




7 A5+ DR

ENIY —RA L DIRU
- 7T« 7 UTAMITS DDMEIMNY — A

— AT« 7 EBIMY—XA7Z R THREL
—#EDIRUICKDIAFR T —ILNIVICHE

{5 : Fashion Culture Database (FCDB)

— X7 )\ DB D Ef 7z IXEE 3 NILEEE VAT ?
— City Perception (ECCV14) : HRZMDEFHEEMT

— SNSHH{RINE LT

HROEFN T 7 v > 3 T |




I

EILEYANA

AU

C—> 3 > WSV ARV FEE(LL

— URE S LB DI Z R (CEHE D
- FEBMFR T —YZSECS

— ERIRHER O E FE T

= EhlE

— LE/N\ /A~ fq

B %

- =F AR

L]



FRBREF-—LTLA
MEAANEZE] & [F— LB



H

R

K



Ex&lE?

CCTREBERUETAT 4 VART —X%&
HT (e.g imNXHE, SATLHEFE) C&
- MR—<ZHlD, EFZEIDET
St )

— ST (S E LIAD

-/

AT

UAffiE 7 2



FZHMNT

9 (JED T3

fAIcENLNS, 3
— WX DIEFER=

ERENNT

- JOUS =2 0TS
- BRRDT AT« T7ZHCTD



nElLRE

ZDIRSNIZEAEE (DE) &,
S-TA2UF vy b (fE) (CKDET
- PERTICLBEHTF TV

- HLHRIESZZCETEERTL Y v—



EENEEE (1)

BREESE L RAF(ICT—INR—X (DB) =3
— BSHBIEEDBZIER C S TCTHR TH—ORBERZIND C & (CIRD
— ZE—RBSACIRD D50, FilE=xT)L— T 5E

il

AL,

{

FFRICKDEESZERZ XD



lmh

= 7N (2)

BN TERARKOREET—YZELTED
— FK, HEREEHOMRCTEDILS(CHE
— CCICBVWTCTERENEHREDEZ AL D



|

==
4T3

BIAEE (DE) &
=—Fa>0/#% GREe
DIENDIRL, EERICHULWTE
F— AN ZER




cvpaper.challengeDif3%

— [Flzﬁi_uﬂ

B (IHRRZEZR DUV EZS R DL

. Issue] & [#ROEE: Novelty]

— Eﬂ?——f@ﬂ&%f (ifd\b \

2FH, U—A% - L - ERAECWEVIAZR

Novelty

A 151’17' T & Z R e

Bi59 nhlE

FERLIRIAFT 152’17' Fn‘ii“rETin_

Issue



IBINRZTES

RERDCVIAFRZ Rl THED
- BEMNEE, FBE(EdHD EdD{Concept-, Vision-}Driven

- ESVOTEFTIVERET DN ? TIFR LS SORAT+0a T
WNCTEDIM?ZERD

# BT TEMERELLBIC [T—972E5FD] ZHIE
# B - BEIDIRE, 7 /F7—23 PO0OXFTVIETETIROIERNDAMME, R LEZER



cvpaper.challenge®

59 HD

BT C

—_— y i

WNWCEZDPSD - R

E

— CAREBWCENTED ! EREKZRETDm

- SOEZE [EV, HHFEHYE, ATl FUFVUER
EEEASES = w - 1) k]
—HTUWLWEMIEEAEAEDN, ZORNOHDZNTEARER
ENTETBIOMN=EEE U TIHTKIT D

UE, BUCARBHDAZFTICDOUVLNTIET



Transitional Action Recognition BMVC2016

B AR 18R U CTITEN A

[Proposal] [Previous works )
Short-term action prediction Early action recognition
recognize “cross” attime t; recognize “cross” at time

Al

:
!
‘& J
v\ -
A . ) A Y -
7 { !, l- ! { lin / [

! [ Il;
Walk straight Walk straight — Cross Cross
(Action) (Transitional action) (Action)

The cross action can be predicted
- at time t5 (our proposal)
- at time t9 (previous works)

H. Kataoka et al. “Recognition of Transitional Action for Short-Term Action Prediction using Discriminative Temporal CNN Feature” in BMVC, 2016.

https://www.youtube.com/watch?v=m1AmdlYGaBY &vl=en (Acceprance rate: 39%)




Human Action Recognition without Human ECCVW2016

; (r
'Detailed motion- o.nly humanq‘

8. . 8 o

nh 7 4 ‘@*

H. Kataoka et al. “Human Action Recognition without Human” ECCV 2016 Workshop Oral (Best Paper) & MIRU 2017 Oral.



Accelerated Images

ECCVW2016
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H. Kataoka et al. “Motion Representation with Acceleration Images” in ECCV 2016 Workshop, 2016.




Semantic Change Detection arXiv2016
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Semantic Change Detection
H. Kataoka et al. “Semantic Change Detection with Hypermaps” in arXiv 1604:7513, 2016.



Movie Poster Database (MPDB) MVA2017
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Y. Matsuzaki et al. “Could you guess an interesting movie from the posters?” in MVA, 2017.



Pedestrian Near-Miss Detection MVA2017
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https://www.youtube.c’n/watch?v=WnonhQIiDs

.youtube.com/wa@v:qbKuubeXDO
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T. Suzuki et al. “Pedestrian Near-Miss Analysis on Vehicle-Mounted Driving Recorders” in MVA, 2017.



Generated Motion Maps CVPRW2017
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Y. Matsuzaki et al. “Generated Motion Maps” in CVPRW, 2017.



Dynamic Fashion Cultures MIRU2017
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K. Abe et al. “Dynamic Fashion Cultures”, arXiv, 2017 & MIRU 2017 Oral. (Best Student Paper)



3D ResNets ICCVW2017

ResNetsD71—=JLIC3D ConvZz{EFE
— BEESERA (xyt) DResNetsziEat
— [AB3&#] Kinetics Dataset Pre-trained Model

https://github.com/kenshohara/3D-ResNets
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K. Hara et al. “Learning Spatio-Temporal Features with 3D Residual Networks for Action Recognition”, ICCVW, 2017.
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