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NTT, Toyota Seek ‘Deep Learning’
JAPAN Expertise

TECHNOLOGY By Takashi Mochizuki
OEEP

LEARNING Google’s Larry Page,

NTT Facebook's Mark Zuckerberg
PREFERRED and Tesla’s Elon Musk aren't
NETWORKS

the only ones getting

ot core  passionate about “deep
leaming™a kind of self-study
technology for machines.
Now major Japanese
companies are also taking a
greater interest in the
technology and putting
money where that interest lies.

TOYOTA

/AN VR~



53 61 [ A 7 — K FINANCIAL TIMES

(RyFr—E- - KPEEHEER)

TECHNOLOGY

£
S | T — |

&
2
4

A
8 A
=

o A %7 -8 H G
2% 2 4 # A G
& )t AP 5 7% %{/%t /;; 3% A BOLDNESS UGN
) i & F 7 e ik X % 4 INBUSINESS | EXPo
E Yy ¥/g\\7 ey &Y % \Aw;\m)
é Ao aABRBREE B A X y \2014
FOSEMAES 17 R BA 1
= $EFeFE: AL & 15 >
& ’_! & q #}" & a ]‘g E3) H\A‘R’N: "l'ofon-‘\dN\ ror,
3 ﬁ'i ‘ %Z‘ N o i&g ) 7}"#\ ‘F& 7-"1’~7' etworks
ol 3 R | BPE Wi 7 EREHIL 2
p Ny Z\ % 6 J]! lz g l‘/\ l‘ M{QMM \/'}.‘L*:‘/a“/ e
ld%;JElT;A % y;{si& :&L 53 w\z g% iy, 01370 o
! ‘%‘ﬁ ekl %/ﬁi
JETTA~ R Hi % 1<
*xtﬁ!tﬁn‘l'\'\'wll N‘anrknWLj . 0 ;-;(,;45" : %

%

f

&

4
T
» = @ S

R8T INEEI

7 »

i)
':

REEEXKEE Boldness in Business Awards 2017: Winners



e —
Preferred Networks, Inc. (PFN) nttps://www.preferred-networks.jp

o 5%37 : 2014483 F

o ANFL 1 RFFH]

e PFN America, Inc. San Mateo

o f1EE #J60%

e W32
IoTIRMRICHEIFIEHRLWI EQ1—SFZEIET D
H5WHE/ (CHEEZEEE. DeFEZRIRdT S

R SCimDIR 2 EE CERAET S




————

Preferred Networks’ positioning in Al: Industrial [oT

Google DeepMind
ggm':::- ““““““““ gv-&.ﬂ v?. = .

what socest changes did you made with this competer T

waer | vpdated my computer
= P i R
4::: :mmmmmwm— V\\. | vh V"_ |
:é: AlphaGo
Text
Game

" Microsoft

Google
Consumer pr

Humanoid Robot Automotive

Industrial loT



— 5D &1 OFEFEEIT7ILTA LNIE

o IoT—HFUTT RISGEDDFETIR MY (CHIEH
- TAHDMEZEMES. TR MMIREDRN

7T —23 2 (C KD TREERFF SR

Conjecture
Edge Heavy V7

TR %ZE>TTHEDILW,
EWSBLEEE

“Edge-Heavy Data”
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Abstract

We argue that most of data will be stored and processed at
the edge of the network in the next “BigData” era. We call
this phenomenon “Edge-Heavy Data”, and we propose an ar-
chitecture named Krill' for it. One important characteristic
of BigData is its low value-density. If the data are never used,
it is wasteful of sending it to the data centers (with a network
cost) and storing them into expensive enterprise-grade data
servers. Instead, the low value-density data will be stored

near where they are generated, that is, the edge of the net-
work.

This paper discusses requirements and a possible archi-
tecture for efficiently dealing with the phenomenon of edge-
heavy Data. We first consider a few scenarios where edge-
heavy data is desirable, or even inevitable, and identify its

q . Then we propose an architecture based on the

Krill: An Architecture for Edge-Heavy Data
Daisuke Okanohara*!, Shohei Hido', Nobuyuki Kubota', Yuya Unno', Hiroshi Maruyama'?

IPreferred Infrastructure, Inc. Japan.
2The Institute of Statistical Mathematics, The Research Organization of Information and Systems, Japan.

assume that each camera is allocated 100GB of storage, the
total size is 750PB, which is already too large to collect or
store into one place.

Each camera has its own “value-density,” that is, the value
per bit. The data of the front entrance where many people
pass by are much more valuable than the data from a camera
that monitors the activities of the backyard parking lot where
the activities are infrequent and far in between. The value-
density can also vary depending on the time of the day, or the
day of the week. It is desirable that the data will be distributed
among multiple recorders so that the overall storage capacity
can be maximally utilized depending on the value-density of
the data.

The data of a camera should be associated with those of the
cameras nearby. For example, if we want to track a movement
of a particular person (e.g., a potential terrorist), this informa-

IEEE Second Workshop on Architectures and Systems for Big Data (ASBD 2013)
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A Powerful, Flexible, and Intuitive Framework of Neural Networks
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