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Jubatus supports Scalable Parallel Machine
Learning
“Loose Model Sharing”

Each node updates its Nodes only exchange
model incrementally by differences between
learning from raw data models in each node
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1000 Petabytes/Year > 200 Petabytes

In Edge Devices In Huge Computing Cloud
(Surveillance Cameras and Smartphones in (300,000 nodes, each node has 2TB HDD,
Japan) redundancy is 3)
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EEFE (Deep Learning)
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http://ai.stanford.edu/~ang/papers/icml09-ConvolutionalDeepBeliefNetworks.pdf
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Functions and Improvements of Visual Recognition

‘vae | Error @ 0.1 fppi*

Feb. 2014 l 40%
PoOY, 0
May. 2014 ‘,\v@;} 19%

*fppi means false positives per image.
e  Will improve further with more learning data

\
"3 position Estimation on the Map

1. Attribute Classification
Error of Each Tag

Feb. 2014 199% -
new

\
2% 10%

New

\
May. 2014 3%

e Higher accuracy compared to other position
estimation methods based on e.g. Wi-Fi
strength, geomagnetism

e Improvement given by Deep Learning

e  Will improve further with more learning data
erred

e Can be improved by usinﬂuplfi% cameras
(to be added) 19



Evolution of loT/loE occurs together with Evolution of
Machine Learning

More ?jata bring higher accuracy

on machine learning (esp. deep learning)

%"” e®3 g
Distributed & Cooperative % T Pe
Intelligence can bridge “&Q‘ i‘ &,
In 10T Era, !f
edge-heavy data Is increasing 3
enormously.
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Preferred Networks, Inc. (PFN)

N AV 2014¢3ﬁ
o 1P A (BRREFSCRIX) . San Jose (CA, USA)
o HUFI% : AR, MEFREKEH. RS)IINE—
o W3
IoTIRMS(CEF LW E1—SEEIET S
HEWBE/ [CHEZELE., DEHEEERTS

SIOTEZE(C T A —HNRAT DI,
M =ftPreferred Infrastructure (2006FE38EI%) KDRXE> AT UE

w Preferred
23 F nfrostructure



T—————

ALSALEATSA%E [UTILEIA L] TR

T/ EATAIN
D7 )LIA LT [l 95

&

24



Copyright © 2006-2011

Preferred Infrastructure All Right Reserved.

Preferred
F Infrostructurs.


http://preferred.jp/

