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flower

Beach & Total # images o

1713 97.48% - covering
An area of sand sloping down to the water of a sea or lake pictures  Popularity gsordﬂel )
5% tree invertebrate

Percentile
4% %
mammal _\ ° /_ 3%
6%
structure
6%
person »

O Numbers in brackets: (the number of Treemap Visualization Images of the Synset Downloads
synsets in the subtree ).
*- ImageNet 2011 Fall Release (32326)
/. plant, flora, plant life (4486)
- geological formation, formation (11
L aquifer (0)
4 beach (1)
plage (0)
|- cave (3)
i cliff, drop, drop-off (2)
- delta (0)

fabric
1%

tool

diapir (0)
r folium (0)
- foreshore (0)
L ice mass (10)
| lakefront (0) | 3
massif (0)
- monociine (0)
mouth (0)
+ natural depression, depression (
| natural elevation, elevation (41
oceanfront (0)
- range, mountain range, range of |
relict (0)
- ridge, ridgeline (2)
L ridge (0)
- shore (7)
‘ slope, incline, side (17)
- spring, fountain, outflow, outpo -
L talus, scree (0) images
/L~ vein, mineral vein (1)

zoft

i 1%
vegetable
geoi'c()’@ical

. tensil
device utgr
11% appliance
ampibian

0%

V.

es of children synsets are not included. AUl images shown are thumbnails. Images may be subject to copyright.

Bl2 3][4][5]]6][7][8][9][10] ... [48] 49] Next
!

i Total number of non-empty synsets 21,841

1 wall ()

Total number of images 14,197,122
Number of images with bounding box annotations: 1,034,908
Number of synsets with SIFT features 1,000

Number of images with SIFT features 1.2 million
http://looseleaf0727.hatenablog.jp/entry/2017/12/17/233709

_ ;D Preferred
http://www.image-net.org/about-stats etworks



2015: A MILESTONE YEAR
IN COMPUTER SCIENCE

IMAGENET
Accuracy Rate

&

® Traditional CV » Deep Learning

2010 20m 2012 2013 2014 2015

https://blogs.nvidia.co.jp/2016/01/12/accelerating-ai-artificial-intelligence-gpus/
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target object target box

CNN
embedding embedding
Speech (transcribed text)
. “Pick up the tissue box in the bottom
vision (RGB) cropped images  right blu, and then put on top left bin”
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https://anlp.jp/proceedings/annual_meeting/2018/pdf
_dir/C5-1.pdf
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ImageNet top-1 validation error

38
(=]

64 128 256 512 1k 2k 4k 8k 16k 32k 64k
mini-batch size

Accurate, Large Minibatch SGD: Training ImageNet in 1 Hour [Goyal+, 2017
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ChainerMN: S BGREZEREM/ Sy 5—2
BLWRI—FEU T4 (1024GPUTI1000fSDi=R L)

—— ChainerMN
- ldeal speed-up

8 16 32 64 128 256 512 1024
Number of GPUs

MN-1: The GPU cluster behind 15-min ImageNet

https://preferredresearch.jp/2017/11/30/mn-1-a-gpu-cluster- ;D Nrefe rred
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ResNetS50 ImageNet Training Acceleration
(against 8 GPUs baseline)

140
120 15 min
100
31 min
40
62 min
20
29hr
0 ssabial
Heet al. Goyaletal. Cordeanuetal. Youetal PFN
(Microsoft) (Facebook) (SURFsara & (UBC, TACC&
Intel) ucD)

https://www.preferred-networks.jp/ja/news/pr20171110

ERE(CHNWTHFRGERZER

Preferred Networksd IS5 A4 R— b « X—/\—
E1—4&h Top 500U R bdDindustrysBigk CEIA 1 i
(CERTE

® 2017%F11HB148 @ 54 MN-01, supercomputer & By preferred

PRt =ttPreferred Networks (A%t RR&THHAX, FREEHE =IE: )l Y
FPENBEERIATE IS AR~k - 2—/){—2E1—% HVIN 1J b‘ LINPACK ™' 1£&EBIED

R, M1.39RFFLOPS "2 =B UFE LIz, ThICLD. 201781 AMR—)(— 0> E1— S
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Z=){—OYE1—4=EL5 o F o JICBN T, R, ER13fiI&RDET.

PFNDTSA~R—b + Z—){—O>E1—5MN-1D#E **
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® Tesia® p100GPU%1,024 5483 L TLVET
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https://www.preferred-networks.jp/ja/news/pr20171114
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Preferred Networks, Inc. LL Object detection is a central task in compt
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Open Images — Object Detection Track C#£/§
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Takuya Akiba
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) o ‘ len Images Challenge THEEES U 12
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InfiniBand FDRx2 (112Gbps) EDRx2 (200Gbps) U N1 EOFEIC 512 GPU T 33 Kb,

PREFERRED-NETWORKS.JP
www.preferred-networks.jp

MN-2 (2019/03) R IR
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STRIDE FIU: Factors Influencing Uncertainty

Development Operation
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Information Denial of Elevation of ® Training L7 Inference
disclosure service privilege i &t o Conc:pt % Santory
T%#EEEEEI Y —E X EE *E BE?I—@ oncep i E Ita data A Inferred da’a

abeling state 4

class selection,

training & testing

Krzysztof Czarnecki, Waterloo Intelligent Systems Engineering Lab erred

Safety Assurance of Machine Learning Based Func7ons in Automated Dri wn%yste{_ns (ADS)
pb etworks



Safety Assurance of Machine Learning Based Func7ons in Automated Driving Systems (ADS)
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