Tokyo Institute of Technology
School of Computing
Department of Computer Science

Introduction of Kanezaki Laboratory

@ Assoc. Prof. Asako Kanezaki




> Short bio.

Mar 2008 Graduated from Department of Mechanical Information Engineering, Faculty of Engineering, The University of Tokyo

Mar 2010 Completed master's course, Graduate School of Information Science and Technology, The University of Tokyo

2010-2011 (a half year) visiting research at Technische Universitat Miinchen T”TI

Mar 2013 Ph.D. (Information Science and Technology), The University of Tokyo, Lﬁﬁg‘éﬁ%

MUNCHEN
Apr 2013 Full-time employee, Research and Development Center, Toshiba Corporation

Dec 2013 Assistant Professor, Graduate School of Information Science and Technology, The University of Tokyo

7‘ 2015.8-9 visiting research at Microsoft Research Redmond =. Microsoft

Apr 2016 Researcher -> Senior Researcher, Atrtificial Intelligence Research Center, National Institute of Advanced Industrial

Science and Technology (AIST)

Apr 2020 Associate Professor, School of Computing, Tokyo Institute of Technology



Vision Learning
h AIST (Iast 4 years)

Lisban

5 Research

Master — Ph.D. student

3D features & Object recognition

] ~ | RN
A A e 3D object ) = ¢
A 1| LA =LA Bzd .. E / ‘ﬁ \
ik gk Bk recognition  c[] ramiener 4 }:f 3
4 1A LA h./Iulti-view images Object category and pose
i il Sl il Deep Learning
oD A e
4 i A Unsupervised
e 4 A - -
TR (T Image Robot Navigation
A A .
e — Segmentation




“ison Mach|_ne Robotics
Vision Learning
h AIST (Iast4years)
B 1
“Chair”

5 Research

3D object B@ $W$

recognition m RotationNet & ¢

Multi-view images Object category and pose

Deep Learning

c
\




CVPR 2018, accepted to TPAMI

RotationNet: Joint Object Categorization and
Pose Estimation Using Multiviews from
Unsupervised Viewpoints
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Asako Kanezaki, Yasuyuki Matsushita, and Yoshifumi Nishida.
National Institute of Advanced Industrial Science and Technology (AIST)




5¢ 3D object recognition?

Takes 3D data as input and outputs the probability of
object categories (object classification)

system » Stargazy pie

Cf.) object detection, object retrieval, parts segmentation




5% 3D object recognition?

Approaches:

RGBD based Point Cloud based Voxel based Multi-view based
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5 RotationNet is the best!

State-of-the-art scores on the ModelNet

dataset http://modelnet.cs.princeton.edu/

- ModelNet40: 40 categories
- ModelNet10: 10 categories
- 2020/4/25 leaderboard =

ModelNet40

First : RotationNet
Multi-view based

Second : IMHL
Multi-view based

ModelNet10

First : RotationNet

Multi-view based

Second : SPNet

Multi-view based

ModelNet40 | ModelNet40 | ModelNetld | ModelNetld

Algorithm Clazzification | Retrieval | Clazsification | Retrieval

(Accuracy) (mAP) Accuracy) (mAP)
RS-CMN[63] 93.6% - - -
LP-3DCHM[62] 52.1% - 54.4%
LDGCHNN[61] 92.9% - -
Primitive-GAN[60] 86 4% - 52.2%
52.T% - 94.7%
93.40% 50.76% 4.71% 2.12%
- - 3.56% 6.85%
L05% 34.54% 19% 3.15%
NN [5 4.16% 52.84% - -
iMHL [34] 1.16% - -
HGNM [33] 96.6% - -
SPNet [52] 92.63% 8521% 4 20%
MHEBN [51] 847 - -
VIPGAN [50] 51.98 85.23 90.69
Point2Saguence [49] 92.60 - -
Triplet-Center Loss [48] - 8.0%
PUNet[47] 93.2% 9.3%
G\ CHN] 46] 93.1% 3.7% -
93.11% 94 B0%
95.0%
93.40% 39.08% 94 82% 91.43%
91.13% 93.1%
84.5% 910
iD- Cg ets[40] B).73% 70.1% 93.08% 38.44%
ECet[35] 91.0% ‘5‘4.—'?»
FoldingNet[38] B3 4% 54.4%
binVoxMNetPhoa[37] 83474 9132%
DeapSets[36] 90.3%
3D-DescriptorMet{35] 92.4%
S0-Nat[34] 53.4% 93.7%
Minto et al.[33] 89.3 93.6%
RotationNat[32] 97.37% 98 46%
LonchaMet[31] 9437
Achlioptas stal [30] 95.4%
PANOBRAMA-ENN [25] 36.34% 96.85% 93.28%
3D-A Nets [28] 50.1%
Soltani et al. [27]
Arvind et al. [26]
LonchaNet [25] 53T
FV- 53.2%
51.5%
Wong <t ol 2]

ECC [21] 50.0%
PANOFAMA-NN[2 83.5% 51.1% 874%
MVCHN-MultiRes [19]

FPNN [18]

Pomtiat 1]
Klokov and Lempitsky[16] 9407
LightMNeat[15] 93 549
Ju and Todorovie[14] B3.00%
Gecn’etr\ In’;ve [13] 51.3% B3.4% 74.9%
T1.6%
ID-GAN[10] 83.3% 91.0%
VRN Enzemble [9] 93 54% 97.14%
ORION[8] 93.8%
sionet [7] 50.8% 93.11%
ze ) 50.7% 52.8%
90.1% 7o

GIFT[ ] B3.10% 3L 94" 9135% 91.12%

Voxllat [2] 83% 2%

DieepPano [4] 77.63% 76.81% B345% 34.18%
3DShapelats [1] T% 45.1% 83.5% 68.3%



http://modelnet.cs.princeton.edu/

5 Motivation

Object recognition by robots
“Move and see” to achieve better performance

o,

[a single image input]
Not always captured from a best view
to recognize an object.

No, it's a cup.




5% RotationNet (Overview)

Takes multi-view images as input and predicts object category and pose

‘- Applicable to real-time applications E__ Improved accuracy by rotating in a direction
that is easy to recognize
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Video
https://kanezaki.qgithub.io/rotationnet/

1


https://kanezaki.github.io/rotationnet/

5 Competition & Exhibition

SHREC2017 - 3D Shape Retrieval
Contest 2017

Participated in 2 out of 7 tracks and won the first
prize for both of them!

[Subject 1]

Competition to find a model similar to a query
shape from a large three-dimensional CAD
object database

[Subject 2]

Competition to find a CAD model similar to a real
guery shape data captured by an RGB-D sensor

Demonstration of Hololens application at
CEATEC2017: 152,066 participants
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See my Japanese website: https://kanezaki.github.io/index_jp.html

5 Invited Talks on 3D Recognition

[EHETEZEZRAWE3RTT—FREICOINT) , FIAFHRUEZESELIF— AIESTEREQ) :
Ef% - BELEBOKER, THAERX, 2019.9

[RBFEEZAVV =2 TWEEE]  HREEERFEICET AFE2RBCRESTY VRI Y L,
BREAKX=E, 2018.10

MBRFTYEBEEN , £1128AORy FIZEEI+— ORy FOEOHOEEGNIER T, 2018.5

[EiERtE  ZAN:-RBLE L =R TYEREICREET 2R . BERCARMEMEES
L2016 EFE 3EMES, 2016.9

[KinectEDREH L VT ZHNV:-ABLEBLEIDMAFERH - —R—L v I BT EEEHER - VD
FOx7DBN—] , F220REB LT VR L (SSI2016) Fa— kY FILERE, &
mEHABLY, 2016.6

[RGBDE{ZNIE & = RTEBEBOMARRN] , 2BHFZEAN BEIFS KRKRRED 3Rt
SHRIEERE - ETIIVEBMEMEZEES F20RIEFHATS, A4, 2015.12
[EXRTEENMOVMFERE EZRHEEE] | FR KAV EL2—3ZEZHMY I D7
ERER{ER - TS5y b 7+ — LIRS, KR, 2015.6

etc.
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https://kanezaki.github.io/index_jp.html

5 Research

h AIST (Iast 4 years)

Deep Learning

Unsupervised
Image
Segmentation
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https://github.com/kanezaki/pytorch-unsupervised-segmentation

5% Unsupervised Image Segmentation using Deep Learning

sEach area is shown in the same random color.

Asako Kanezaki. “Unsupervised Image Segmentation by Backpropagation.” IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP), pp.1543-1547, 2018.

15


https://github.com/kanezaki/pytorch-unsupervised-segmentation

https://qithub.com/kanezaki/pytorch-unsupervised-segmentation

5% Unsupervised Image Segmentation using Deep Learning

End-to-end feature learning and differentiable clustering
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Back Propagation

High-pass filter
Component | Component M
Loss

Feature Extraction

Asako Kanezaki. “Unsupervised Image Segmentation by Backpropagation.” IEEE International

Conference on Acoustics, Speech and Signal Processing (ICASSP), pp.1543-1547, 2018.
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https://github.com/kanezaki/pytorch-unsupervised-segmentation

5 Research

h AIST (Iast 4 years)

Deep Learning

Robot Navigation
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5% Robot navigation using deep learning

Video
https://kanezaki.qgithub.io/goselo/

A. Kanezaki+, "GOSELO: Goal-Directed Obstacle and Self-Location Map for Robot Navigation using Reactive Neural
Networks.” IEEE Robotics and Automation Letters (RA-L), Vol.3, Issue 2, pp.696-703, 2018. (presented in ICRA’18)

18


https://kanezaki.github.io/goselo/

5% Robot navigation using deep learning

Key Idea: By creating a goal-directed map representation, we can learn the relationship
between visual patterns of the surrounding environment and movement patterns
without being constrained by the shape of a particular environment!

Output:
probability

environment map

Input: candidate
sub-regions of the map directions
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5% Follow-up studies (1/2)

Yoko Sasaki, Syusuke Matsuo, Asako Kanezaki, and Hiroshi Takemura. “A3C Based

Motion Learning for an Autonomous Mobile Robot in Crowds.” IEEE International

Conference on System Man and Cybernetics (SMC2019), pp.1046-1052, 20109.

ERARFF, REEBH ZWBIAF ﬂTWS*ﬁ%ﬁﬂEﬁéﬁmt RERIEFEICEK
HEHwAONY ~OMEEY U R BIEE R, B AR

. ARTFAOR-AAAZH R
amEe, 2019,
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FEFEIZ L DHEFHAIGE
EIZIEE L= ADFRNhD Y
2 a1 L—2< 3 2. Meeting on
Image Recognition and
Understandings (MIRU),
2018.




5% Follow-up studies (2/2)

Kei Ota, Yoko Sasaki, Devesh K. Jha, Yusuke Yoshiyasu, Asako Kanezaki. “Efficient
Exploration in Constrained Environments with Goal-Oriented Reference Path”, arXiv, 2020.

Produce Waypoints Generate Waypoints Follow Waypoints

Dataset P 7~
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Traditional Path Supervised Reinforcement Generalization to

Planning Algorithm Learning Learning Novel Environments
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5?  Student internships at AIST

Robot navigation by reinforcement learning | E#X

Yoko Sasaki, Syusuke Matsuo, Asako Kanezaki, and Hiroshi Takemura. “A3C Based Motion Learning for an
Autonomous Mobile Robot in Crowds.” IEEE International Conference on System Man and Cybernetics
(SMC2019), pp.1046-1052, 2019.

Product recognition using deep learning CEIX

mimERtL, FMHE—%, £BEAF SBREH BINERL RBZFBICL5MARBEDO-OOT—HOBRE ~F—
R - AlexNetlT & RBHEOLER~. BABRFRORT A VR - AH FAOZI XFEER, 2019.

Shared
ski

Deep Multi-modal learning R K ot ﬁ smemson o LOu
Ryohei Kuga, Asako Kanezaki, Masaki Samejima, Yusuke Sugano, . L — .
and Yasuyuki Matsushita. “Multi-modal U-Nets for Multi-task - T hLAD Shares : k_"'_; -
Scene Understanding.” IEEE ICCV Workshop on Multi-Sensor | roersseniation S
Fusion for Dynamic Scene Understanding, pp.403-411, 2017. - T P .[—,_ \s ‘

Unsupervised image segmentation by deep learning

Real-time object detection by RotationNet
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5> Researchplan [OP (Internet of Perception)’?

A robot system for active information search and database construction
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5% Research topics (examples)

Action planning for autonomous mobile robots using reinforcement learning

Automatic generation of daily life search engines

Machine
Learning

Information collection planning for interactive robots

Computer
Vision

Robot intelligence with superhuman recognition technology

Robotics

Global and local action planning for robots e

Computer
Interaction

Map, GPS Multi-wavelength ’ ! N
sensing - \
v A ‘I 24 —
&Yy | /
Multi- %{(V v' ) Database
cameras Qa e~ i ‘
Construction of robot intelligence with Global and local movements FIBEAL :
superhuman recognition technology (Manipulation, etc.)

24



Computer
Interaction

Global and local movements
(Manipulation, etc.)
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5% Why Kanezaki Laboratory?

New lab. (You will be first members!)
Can try new things as you wish.

The infrastructure will be in place. —
Use of computer clusters such as TSUBAME, AIST-ABCI

Managing source code and tips on GitHub
Sharing of library know-how such as deep learning and

robot simulation

Ookayama Campus
West Building 8 is conveniently located. IS

_____
8.




Tokyo Tech

Questions?

<X kanezaki [at] c.titech.ac.jp W @kanejaki




