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McKinsey&Company

they are generating a
. caiegs tremendous amount of
— digital “exhaust data,” i.e.,
data that are created as a
. by-product of other
B activities.
Big data: The next frontier

forinnovation, competition,
and productivity

http://www.mckinsey.com/insights/mgi/research/technology and_innovation/big
_data_the next_frontier _for_innovation
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Krill: An Architecture for Edge-Heavy Data

Daisuke Okanohara*', Shohei Hido', Nobuyuki Kubota!, Yuya Unno', Hiroshi l\’IaruyamaJr2

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

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
requirements. Then we propose an architecture based on the

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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https://www.youtube.com/watch?v=7A9UwxvgcV0
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https://www.youtube.com/watch?v=a3AWpeOjkzw
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About TensorFlow

TensorFiow™ is an open source software library for numerical
computation using data flow graphs. Nodes in the graph represent
mrathematical operations, while the graph edges represent the

data arfays between
then, The flexit allows you ploy to
one or more CPUs or GPUs in a deskiop, server, or mobile device
with a single API. TensorFlow was originally developed by
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