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AI%08E (Artificial Intelligence)
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- No.1 of top 10 breakthrough technologies in 2013 (MIT technology review)

]U BREAKTHRUUGH Introduction The 10 Technologies Past Years
M7
==xdl TECHNOLOGIES 2013
DeepLearning mporary Social Prenatal DNA me gzﬁte; '2: Blue-
a ing acturing ar t
With massive amounts of
= With mtassi've 'R%ading mlleb?e’\tlr? of h Hosie
C O m p u tatl O n a | p Owe r, 221moﬁﬂtgt?onal power, Messages that quickly nee;('lts?r%r‘ftlier of tr?e Skeptical about 3-D newre;:{cr;%(ziosnsis
machines can now

self-destruct could
enhance the privacy

nomic revolution.
ut do you really want

printing? GE, the

easy to interact with,
world's largest

recognize objects and but the complex

machine can now recognize aite Anecal W Gompcaosans Wl Srce nosrmer [l he i ciancie Wl i re v
intelligence is finally make people freer to musical aptitude of technology to make hard it is to get along
getting smart. 3§ be spontaneous. s your unborn child? jet parts. = with people. &3

objects and translate speech

. 1: . Memory Implants Smart Watches l;lp‘[lra-Efﬁcient Solar BigData from Cheap Supergrids

in real time. o s

- - . A maver.ickf ; Coloct .

Al is finally getting smart. o e, Dcuting he Sk e

deciphered the code efficiency of a solar from simple cell

CNETD “intelligence” | FADEKETLIEA VT YUY

by which the brain
forms long-term
memories. Next:
testing a prosthetic
implant for people
suffering from long-
term memory loss.

-

The designers of the
Pebble watch realized
that a mobile phone is
more useful if you
don't have to take it
out of your pocket.

-

cell would completely
change the

economics of
renewable energy.
Nanotechnology just
might make it

possible. %,

phones can provide
surprising insights into
how people move
about and behave -
and even help us
understand the

spread of diseases. _,

A new high-power
circuit breaker could
finally make highly
efficient DC power
grids practical. i

https://www.technologyreview.com/lists/technologies/2013/
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2AIAFZ1—T)LFK Y NT—7 [LeCun1998]
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Y. LeCun, et.al. “Gradient-based Learning Applied to Document Recognition”, Proc. of The IEEE, 1998.
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Convolutional Neural Network
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Sports Video
Classification
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Amazon Robotics Challenge 2017
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ARC2017 Stow task (201 7F7H28H) i ™ \PRG G

Team MC22: Stow task in ARC2017

https://vimeo.com/227401334
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sHfifaR(EIAXA VY T—2a V)

Global Accuracy[%] | Class Accuracy[%] Mean loU[%]

SegNet 78.19 72.16 53.97
] +14% ] +15% 1 24%
REFRK 91.80 87.31 78.30

AFEN SEMER  SeaNet  IBEFE

AR, “NILF T XU FEE % E A U TzDeconvolutional Single Shot Detectoric K 2WYFEH E LI A Y T—2 3V DOERBEL", MIRU2018(PS3-6)
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RIE[%] KBEEDS] | boxDERDE[%]

DSSD 88.43 30.19 81.37
l +3% l +0.5% l +2%
IREF 91.50 29.68 83.68

T
i i
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K, “NILF Y A EE % E A U TzDeconvolutional Single Shot Detectoric K 2R E I XY TF— 3 Y OEREE(L", MIRU2018(PS3-6)
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World Robot Summit WRS rrc 6

World Robot Summit
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AlexNet e Q B QA]\ >< Team year Error
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AL W e Clarifai 2013 11.2%
VGG 2014 7.32%
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R-CNN — OverFeat — MultiBox — SPP-Net —+ MR-CNN — DeepBox — AttentionNet —

2013.11 ICLR’ 14 CVPR’ 14 ECCV’ 14 ICCV" 15 ICCV” 15 ICCV’ 15

Fast R-CNN — DeepProposal — Faster R-CNN — OHEM — YOLO v1— G-CNN — AZNet —

ICCV* 15 ICCV” 15 NIPS’ 15 CVPR’ 16 CVPR’ 16 CVPR" 16 CVPR’ 16

Inside-OutsideNet(ION) — HyperNet — CRAFT — MultiPathNet(MPN) — SSD — GBDNet —

CVPR’ 16 CVPR’ 16 CVPR’ 16 BMVC’ 16 ECCV" 16 ECCV" 16

CPF — MS-CNN — R-FCN — PVANET — DeepID-Net— NoC — DSSD— TDM — YOLO vZ —

ECCV’ 16 ECCV" 16 NIPS’ 16 NIPSW’ 16 PAMI’ 16 TPAMI’ 16 arXiv' 17 CVPR" 17 CVPR" 17

Feature Pyramid Net(FPN) - RON — DCN — DeNet — CoupleNet— RetinaNet — DSOD —

CVPR" 17 CVPR" 17 ICCV" 17 ICCV" 17 ICCV" 17 ICCV" 17 ICCV" 17

Mask R-CNN —- SMN — YOLO v3 — SIN — STDN — RefineDet —» MLKP — Relation-Net —

ICCV" 17 ICCV" 17 arXiv' 18 CVPR’ 18 CVPR" 18 CVPR" 18 CVPR" 18 CVPR’ 18

Cascade R-CNN —» RFBNet —» CornerNet — PFPNet — Pelee - HKRM — R-DAD — M2Det

CVPR’ 18 ECCV’ 18 ECCV’ 18 ECCV’ 18 NIPS’ 18 NIPS’ 18 AAAI' 19 AAAI' 19

https://github.com/hoya012/deep_learning_object_detection -




YOLO V3[ Redmon+, ArXiv2018] Vel o

— DarkNet19 -> DarkNetb3 0 creme ) o 1 (

Stride: 32

SSSSSS

* %E ﬂz 0) % 5EI\I_ YOLO v3 network Architecture
- PIN—RYITADSDA Ty hFHl

38 : W voLOv3
° Q z — -z— RetinaNet-50
RetinaNet-101
36 @ Method mAP__time

[B] SSD321 28.0 61

L, ~ C] DSSD321 28.0 85
3DAT =)L S¥YRiE it & |
_— [D] R-FCN 299 85
D ILDvS L T %
O A [F] DSSD513 33.2 156

[G] FPN FRCN 36.2 172

RetinaNet-50-500 32.5 73
RetinaNet-101-500 34.4 90

) ¢
- %17_}1/0)%1%5{7 \\/ 7€ 30+ @ RetinaNet-101-800 37.8 198
I TI) T el i |

50 100 150 200 250
inference time (ms)

YOLOv3-416 31.0 29
YOLOv3-608 33.0 51

https://towardsdatascience.com/yolo-v3-object-detection-53fb7d3bfebb
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CornerNet [Law+, ECCV2018]
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M2Det [zhao+, AAAI2019]
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DeeplLab V3 [Chen+ ArXiv2017]
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DeeplLab V3+ [Chen+ ECCV2018]
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UPSNet: A Unified Panoptic Segmentation
Network [Xiong+, ArXiv2019]
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info@cocodataset.org

People Dataset- Tasks- Evaluate-

What is COCQO?

Fawxta

COCO is a large-scale object detection,
segmentation, and captioning dataset.
COCO has several features:

Object segmentation
Recognition in context
Superpixel stuff segmentation
330K images (>200K labeled)
1.5 million object instances
80 object categories

91 stuff categories

5 captions per image

LQLLCCCCLe

250,000 people with keypoints

Collaborators

Tsung-Yi Lin Cornell Tech
Genevieve Patterson MSR
Matteo R. Ronchi Caltech
Yin Cui Cornell Tech
Michael Maire TTI-Chicago

Serge Belongie Cornell Tech

Lubomir Bourdev WaveOne, Inc.

Ross Girshick FAIR
James Hays Georgia Tech
Pietro Perona Caltech
Deva Ramanan CMU

Larry Zitnick FAIR

http://cocodataset.org

Sponsors

3k CVDF

B¢ Microsoft

Mighty Ai

laces @2

THE SCENE RECOGNITION DATABASE

spare bedroom teenage bedroom romantic bedroom

B il e

wooded kitchen messy kitchen stylish kitchen

http://places.csail.mit.edu

misty coast sunny coast

Open Images bataset Vo +

EXtensions

https://storage.googleapis.com/openimages/web/index.ntml
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train/val - fine annotation — 3475 images

train — coarse annotation — 20 000 images test — fine annotation — 1525 images

https://www.cityscapes-dataset.com/ M. Cordts, The Cityscapes Dataset for Semantic Urban Scene Understanding, CVPR2016

1 TOORFREI Ak D1ES

DeepDrive }

http://bdd-data.berkeley.edu

TIOAYT—=2a3r IR, MERERANO YT TRy 7R
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Deep learning

Other machine learning tools
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FEYTVTIVE VS EEERE MPRG

mean AP —
&
mean AP —
&

60
10
@—@ [Fine-tuning @—@® Fine-tuning
@@ No Fine-tuning 10 @—@ No Fine-tuning
0
10 30 100 300 10 30 100 300
Number of examples (in millions) — Number of examples (in millions) —

Figure 4. Object detection performance when initial checkpoints
are pre-trained on different subsets of JFT-300M from scratch.
x-axis 1s the data size in log-scale, y-axis 1s the detection per-

formance in mAP@][.5,.95] on COCO minival* (left), and in

ImageNet : 1005 —FIIiET — % Z 3EKIIBN
50GPUT2y AN ZEE UIER, BER T —YHOMKICHHALTHEE

Chen Sun, Abhinav Shrivastava, Saurabh Singh, Abhinav Gupta, “Revisiting Unreasonable Effectiveness of Data in Deep Learning Era”, ICCV2017
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Class Activation Mapping(CAM) [Zhou+, CVPR'10]

Global average pooling

.............................
\d .

Average —QOW
Average —_>O<W2§O Australian terrier

PR W\ A

Output

Conv. 1 1
Conv. 1 2
Conv. 2 1
Conv. 2 ?
Conv. 3 1
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Conv. 4 1
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Conv. 5 1
Conv. 5 2
Conv. 5 3

Average : >

ostrich

1.00()0
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Attention Branch Network[Fukui+, CVPR2019] VPRG @&

GAPH 5 Attention mapZ4&KI 2Ry KT —7
— Feature extractor : H#EINy 7Z 7
- Attention Branch : Attention map% &A%
— Perception Branch : Attention mapz BWTHRENAHEFER = H

Attention map : @—
1
1

E E (%)

éH Eper(x)

Output layer

Input image
v
Conv. 1
Res. Block 2
Res. Block 3
Res. Block 4
é
Res
Attention
Block
GAP

Feature Extractor

Res. Block 5

FERE L, (x)=E,(X)+ Eper(X)

Attention branch®=Z &8 %= Perception branch®®&:8%=
(Softmax + Cross entropy) (Softmax + Cross entropy)

Perception Branch

—Attention Branch & Perception BranchZzEnd-to-end CE&
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Attention Branch Network[Fukui+, CVPR2019] VPRG @&

GAPH 5 Attention mapZ4&KI 2Ry KT —7
— Feature extractor : H#EINy 7Z 7
- Attention Branch : Attention map% &A%
— Perception Branch : Attention mapz BWTHRENAHEFER = H
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E E (%)

éH Eper(x)

Output layer

Input image
v
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Res. Block 2
Res. Block 3
Res. Block 4
é
Res
Attention
Block
GAP

Feature Extractor

Res. Block 5

FERE L, (x)=E,(X)+ Eper(X)

Attention branch®=Z &8 %= Perception branch®®&:8%=
(Softmax + Cross entropy) (Softmax + Cross entropy)

Perception Branch

—Attention Branch & Perception BranchZzEnd-to-end CE&
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. End-to-End=®E I X 2 BEES
— NVIDIA Self-Driving Cars [Borjaski+, arXiv'16]
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Recorded

steering
wheel angle | Agjust for shift Desired steering command
and rotation

Network

steering \
i command
and rotation "' /
Right camera ]— f

Back propagation |, ErTor
weight adjustment

FPEEHDZa1—FRY NDREAZHT

Network
Cotmpl_lted https://www.youtube.com/watch?v=ghUvQiKec2U
steering

command | Drive by wire
.
{Center camera l—> CNN interface

https://devblogs.nvidia.com/parallelforall/deep-learning-self-driving-cars/ 56
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AlexNet : $16,1107/85 X —%
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M. Mitsuhara, “Embedding Human Knowledge in Deep Neural Network via Attention Map”, ArXiv, 2019 .
Perception Branch
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M. Mitsuhara, “Embedding Human Knowledge in Deep Neural Network via Attention Map”, ArXiv 1905.03540, 2019

75



Attention mapDEIEIC &k 2R RS DHIR VPRG &

' - '
B 83.2 15.8

‘bottlecap™ 0.99 ‘eft’: 0.97 ambulance ‘police van’: 0.84 ‘ambulance’: 0.98

Attention mapDIEIEIC & D FRHIERDEH T8

M. Mitsuhara, “Embedding Human Knowledge in Deep Neural Network via Attention Map”, ArXiv 1905.03540, 2019
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M. Mitsuhara, “Embedding Human Knowledge in Deep Neural Network via Attention Map”, ArXiv 1905.03540, 2019
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M. Mitsuhara, “Embedding Human Knowledge in Deep Neural Network via Attention Map”, ArXiv 1905.03540, 2019
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M. Mitsuhara, “Embedding Human Knowledge in Deep Neural Network via Attention Map”, ArXiv 1905.03540, 2019
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