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Big data is not just some abstract concept used to inspire and mystify the IT crowd; it is

the result of an avalanche of digital activity pulsating through cables and airwaves across

the world. This data is being created every minute of the day through the most innocuous

of online activity that many of us barely oven notice. But with avery website browsad, status.
shared, or photo uploaded, we leave digital trails that continually grow the hulking mass

of big data. Bolow, wo axplore how much data is generated in one minute on the Internet.
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Big data is not just some abstract concept used to inspire and mystify the IT crowd; it is
the result of an avalanche of digital activity pulsating through cables and airwaves across
the world. This data is being created every minute of the day through the most innocuous
of online activity that many of us barely even notice. But with every website browsaed, status
sh

ared, or photo uploaded, we leave digital trails that continually grow the hulking mass
of big data. Below, we axplore how much data is generated in one minute on the Internet.

.7 » : .

| U T BE nnoaefitr
. " 1 p:': s Qt
rn ‘guuuirty

| " \

‘) o} 1 EBEBRE] ] | % :O i
) USERS UPLOAD UUUULL ¥
; TCEIVES
4 vES A go > %

32

easy data

mahnagement

EN

2.5 exabytes

FACEBOOK

USERS
4? SHARE

} 684,

’@ PIECES OF CONTENT.

NEW WEBSITES
ARE CREATED.

DN >t Y BRR Y( RGN Ros { DU 3 2y S
-~ o . - d = -
D o SESE E 2E . ‘ {8 BOROZOR TR
JRSQUARE USERS FEF €7 > 3 - g nDe

39’,4_-.'{»»’ LB AR A o
U

daily data

N

years 2012
[IBMbigdata]

) < S ] ‘
& p d [,
BTV Vo & 'e‘:;.&'p‘iifd’n}:’
! AT

‘ OFO
1 g 853

¥ RECEIVES ABOUT ¢

ISTIERY  rymere 47,000

,.cb
S

IV

Every two days we create as 99990 APP
much data as much we did from | fois e
dawn ofhumanity to 2003 WITH NO SIENS OF SLOWING, THE DATA KEEPS GROWING

These are just some of the more common ways that Internet users add to the big The global Internet population

° ° data pool. In truth, depending on the niche of business you're in, there are virtually grew 6.59 percent from 2010
rl C C m I t countless other sources of relevant data to pay attention to. Consider the following: to 2011 and now represents




data exploration

not always sure what we are
looking for (until we find it)

Big Data V’s

Consrafu'afions,
i€ only took you |,
65299 seconds

volume

velocity

variety

veracity
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databases

5 decades of research
>$100B industry, growing 10% every year I ]A

[Economist, “Data, data everywhere”]
facebook.
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WIRED MAGAZINE: 16.07

SCIENCE : DISCOVERIES £

The End of Theory: The Data Deluge Makes the
Scientific Method Obsolete

By Chris Anderson 06.23

. ~ )
Mustration: Marian Bantjes

LA - "
THE PETABYTE AGE: All models are wrong, but some are useful.

it is time for a paradigm shift
in how we desigh databases systems
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database systems greatl...
declarative processing, back-end to numerous apps
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expert users - idle time - workload knowledge

but databases have become too heavy and blind!

load tune query
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data systems tailored for data exploration
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no workload knowledge

no installation steps

data systems tailored for data exploration
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no workload knowledge

no installation steps

minimize data-to-query time

data systems tailored for data exploration
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3 ideas
adaptive indexing
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adaptive loading
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3 ideas
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query
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indexing

query

tune= create proper indices offline

load

performance 10-100X
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indexing

query

tune= create proper indices offline

load

performance 10-100X

but it depends on workload!

which indices to build?
on which data parts?

and when to build them? g
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load query
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human administrators + auto-tuning tools

sample workload analyze create indices query
timeline

>

complex and time consuming process
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what can go wrong?

not enough space to index all data

not enough idle time to finish proper tuning

by the time we finish tuning, the workload changes

not enough money - energy - resources
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initialization
auto-tuning database kernels

Incremental, adaptive, partial indexing

\ drkload
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initialization querying

Q
auto-tuning database kernels

database cracking
Incremental, adaptive, partial indexing

every query is treated as an advice

on how data should be stored
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column-store database
a fixed-width and dense array per attribute

relation|/tablel
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full iIndexing example

column A
)
select R.A 16
from R
where R.A>10 9
and R.A<I|4
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the more we crack, the more we learn

Ql:

select R.A

from R

where R.A>10
and R.A<|4

Q2:
select R.A
from

where

column A

)
13

16

CDCDOO—L\II\)CO-Pj

J
~\

13 piece2:
1211 /10<A<14
| 11
"1 16
19 piece3:
14 A>=14
N

piecel|:A<=7

} piece2: 7<A<=10 4

<
} piece3: |0<A<I|4

’ pieced: |4<=A<=6

result

J

> piece5:A>16

dynamically/on-the-fly within the select-operator

15/52



16/52



]
I

select [15,55]

16/52



(O
I

select [15,55]

16/52



(O
I

select [15,55]

10 20 30 40 50 60

Gl EENNN

16/52



(O
I

select [15,55]

10 20 30 40 50 60

(LIl 1]
I

select [15,55]

16/52



(O
I

select [15,55]

10 20 30 40 50 60

(oo [ [ [e8] ]
I

select [15,55]

16/52



touch at most two pieces at a time

pieces become smaller and smaller
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open-source column-store
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code footprint
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select join aggr

database kernel
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workload analysis
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query processing

traditional databases
monolithic/full indexing

offline indexing

online indexing
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traditional databases
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database cracking
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select R.A from R where R.A>10 and R.A<14
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Stochastic Cracking, PVLDB 12

stochastic cracking

robustness: maintain performance levels or have

graceful degradation when input or status changes
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adaptive indexing
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N —)

column with 100 unique integers [|,100]

blindly adapting to queries
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Stochastic Cracking, PVLDB 12

cracking on Skyserver (4TB)

(Sloan Digital Sky Survey, www.sdss.org)

cracking answers 160.000 queries while full
indexing is still half way creating one index
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copy data inside the database
database now has full control
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loading
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copy data inside the database
database now has full control

slow process...not all data might be

needed all the time
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Adaptive Loading, CIDR 11

database vs. unix tools
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database vs. unix tools

single query cost (secs)
0 1,100 1,650 2 200

1 file, 4 attributes, B o8B
1 billion tuples Awk?

break down db cost

@® Loading
@ Query Processing

loading is a major bottleneck

... but writing/maintaining scripts is hard too
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Adaptive Loading, CIDR 11

adaptive loading

load/touch only what is heeded

and only when it is heeded
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Adaptive Loading, CIDR 11

but raw data access is expensive

tokenizing - parsing - no indexing - no statistics

challenge: fast raw data access
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selective parsing
file indexing

file splitting
online statistics

query plan

access raw data
adaptively on-the-fly
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towards auto-tuning data kernels

query
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towards auto-tuning data kernels

query

sO what’s next?

adaptive (load-store-execute)
cracking(+ Al, + OS, +ML)

compression

disk based cracking multidimensional cracking

multi-core cracking

row-store cracking aggregations

...and many more...
42/52



interactive data systems

43/52



querying
“query \

R



querying
“query \

R

SQL interface
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querying
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SQL interface
correct and complete answers
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querying

complex and slow - not fit for exploration

SQL interface
correct and complete answers

44/52



doTouch, CIDR 2013

just touch the data you need
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doTouch, CIDR 2013

just touch the data you need

this is not about query building

it is about query processing
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doTouch, CIDR 2013

HCI + databases
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what does this mean for db kernels?
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db

[ — J select R.a from R

what does this mean for db kernels?
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doTouch, CIDR 2013

[ — J select R.a from R

what does this mean for db kernels?

dbTouch
5638 45 2

process only
what you touch

49/52



doTouch, CIDR 2013

explore: touch,observe and react

[ | J

the system does not have control of the data flow

the user dictates which is the next tuple

hierarchies of samples
incremental and adaptive operators
adaptive indexing - adaptive loading
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doTouch, CIDR 2013

an exploration tool

get a quick feeling about your data
focus on interesting areas

HCI + databases

come play with the dbTouch demo on iPad!
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adaptive adaptive

indexing loading

3 Ideas for Big Data Exploration

adaptive systems - tailored for exploration

it is not the strongest species that survive, nor the most intelligent, but the ones most responsive to change
[Darwin, Megginson]
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3 Ideas for Big Data Exploration
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adaptive adaptive

indexing loading

3 Ideas for Big Data Exploration

adaptive systems - tailored for exploration

it is not the strongest species that survive, nor the most intelligent, but the ones most responsive to change
[Darwin, Megginson]

Thank youl!

Stratos Idreos
CWI, Amsterdam
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