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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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Spatial stream ConvNet
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> norm. pool 2x2
single frame pool 2x2
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Temporal stream ConvNet fon
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multi-frame

Two-Stream CNN [Simonyan+, NIPS14
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Target Actor
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DenseNet [Huang+, CVPR17]
CVPR Best Paper

YOLO YOLOV2
batch norm? v v v v v v v v
hi-res classifier? v v v v v v v
convolutional? v v v v v v
anchor boxes? v v

new network? v v v v v
dimension priors? v v oV v
location prediction? v v oV v
passthrough? v oV v
multi-scale? v v
hi-res detector? v

VOC2007 mAP | 634 |65.8 69.5 69.2 69.6 744 754 76.8 78.6

YOLO_v2 [Redmon+, CVPR17]
CVPR Honorable Mention Award
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Unlabeled real

SimGAN [Shrivastava+, CVPR17]
CVPR Best Paper
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Predicting Human Activities Using Stochastic Grammar

First-Person Activity Forecasting With Online Inverse Reinforcement Learning
Visual Forecasting by Imitating Dynamics in Natural Sequences

Fashion Forward: Forecasting Visual Style in Fashion (J 7w 3> X451 )LDFAE)
The Pose Knows: Video Forecasting by Generating Pose Futures

What Will Happen Next? Forecasting Player Moves in Sports Videos

Encouraging LSTMs to Anticipate Actions Very Early

Anticipating Daily Intention Using On-Wrist Motion Triggered Sensing
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*]. Redmon & A. Farhadi, “YOLO9000: Better, Faster, Stronger”, in CVPR 2017. (Best Paper Hornable Mention)
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Poster Session

Going Deeper With Convolutions
Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed, Dragomir Anguelov,
Dumitru Erhan, Vincent Vanhoucke, Andrew Rabinovich

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

inding Object Detector’s Horizon: Incremental Learni
in Videos
Alina Kuznetsova, Sung Ju Hwang, Bodo Rosenhahn, Leonid Sigal

Framework for Object Detection

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

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

Landmarks-Based Kernelized Subspace Alignment for Unsupervised Domain Adaptation
Rahaf Aljundi, Rémi Emonet, Damien Muselet, Marc Sebban
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Transitional Action Recognition BMVC2016

B AR 18R U CITEN A

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

e

Al

|
|
!
v '
v\ e
! [ P [ !, - [ [ fo [ [
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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‘
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B 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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fiIi& (RGB), EE
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(Flow) (Z3XF U THERE 7z

I I’ (1*-order diff.)

I’ (2"-order diff.)

Physics quantity
Input RGB Flow image Acceleration image
Stream Spatial-stream Temporal-stream Acceleration-stream

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




Semantic Change Detection arXiv2016
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Results t, Results t,
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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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\ . - Canyou correct the Academy Award 20177
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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

anp
1{a)

HITED T Z REZ IR
— BEIRER S T = REBDSITE DO EBERILS
- TV ZRBPTOREBREEED TRIHATAE

Bounding
f_l Box
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Score

CNNs Fully Connected Output Example

¢

pS: ww.youtube.com/watéﬂ#qbKu ufbEXDO

Risk high Risk low

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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2014

geo-tag imgs
person bboxes
cosmopolitan cities

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



3D ResNets ICCVW2017

ResNets®D 1 —=)LIC3D ConvZa{ER:
— BEERA (xyt) dDResNetsz i@z
— [ARiEF+] Kinetics Dataset Pre-trained Model

https://github.com/kenshohara/3D-ResNets

2D Conv_/ﬁ\

‘ Convolutional Layer ‘

‘ Convolutional Layer ‘

N\

ConvMap
(3D) /

K. Hara et al. “Learning Spatio-Temporal Features with 3D Residual Networks for Action Recognition”, ICCVW, 2017.
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Weak Supervised City Analysis VIEW2017
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BAREES. ‘BHEMGFEFEE (CXLHE T O LML in VIEW, 2017.



Near-miss Incident Database (NIDB) icrazo1s
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NIDB

Near-Miss Incident DB

6,200+ videos,
1,300,000+ images,
7 near-miss/bg categories

H. Kataoka, et al. “Drive Video Analysis for the Detection of Traffic Near-miss Incidents” in ICRA, 2018.



Adaptive Loss for Early Anticipation (AdaLEA) CVPR2018

178 — AR S ST =53

[3

EELSIRNN SN BITE ] EVSABC LD

A penalty weight must be increased in the positive sample when
a video frame is closer to an accident frame.

T. Suzuki, et al. “Anticipating Traffic Accidents with Adaptive Loss and Large-scale Incident DB” in CVPR 2018.



Analysis of 3D Convolution CVPR2018
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K. Hara, et al. “Can spatiotemporal 3D CNNs Retrace the History of 2D CNNs and ImageNet?” in CVPR 2018.




Out-of-Context Action In submission
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H. Kataoka et al. “Weakly supervised out-of-context action understanding” in submission 2018.
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K. Abe et al. “Dynamic Fashion Cultures”, in submission, 2018.



AlphaBokete In preparation
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Minoguchi et al. “AlphaBokete”, in preparation, 2018.



Fractal DB In preparation
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