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I should have used 
a column-store  

SELECT max(toys)  
FROM     store 
WHERE  mam=won’t yell 

everybody will need to be a 
“data scientist” 
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it is time for a paradigm shift
in how we design databases systems
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but it depends on workload!
which indices to build?
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and when to build them?
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database cracking
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incremental, adaptive, partial indexing

indexing

initialization querying

13

idle time
workload 
knowledge

external 
tools

human 
control

every query is treated as an advice 
on how data should be stored
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touch at most two pieces at a time
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update monetdb 2M
code footprint
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traditional databases

database cracking

monolithic/full indexing

partial/adaptive/continuous indexing
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log crack actions and replay to align columns dynamically

query

sideways crackingreplace tuple reconstruction with cracking
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time-series indexing

00

01
10

11

10

00

11

PAA representationOriginal data series

N(0, 1)

SAX representation Normal Distribution

10

time-series

...

time-series={a1,a2,...,an}
typical query: find a time-series which is similar to time series x

leaf node
(contains raw time series)

tree on 
representations

time-series index
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state of the art in time series
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load tune query

loading

copy data inside the database
database now has full control

slow process...not all data might be 
needed all the time

32
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93%

7%Loading
Query Processing

1 file, 4 attributes, 
1 billion tuples

0 550 1,100 1,650 2,200
DB
Awk

single query cost (secs)

break down db cost

... but writing/maintaining scripts is hard too

loading is a major bottleneck

33

Adaptive Loading, CIDR 11



/50

adaptive loading

load/touch only what is needed 
and only when it is needed

34

Adaptive Loading, CIDR 11
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tokenizing - parsing - no indexing - no statistics 

challenge: fast raw data access

35

but raw data access is expensive

Adaptive Loading, CIDR 11
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query plan
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files cache

access raw data 
adaptively on-the-fly

selective parsing  
file indexing 
file splitting 

online statistics
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so what’s next?

load tune query

disk based cracking
multi-core cracking

compression

aggregationsrow-store cracking

multidimensional cracking

adaptive (load-store-execute)

...and many more...

towards auto-tuning data kernels

cracking(+ AI, + OS, +ML)
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interactive data systems
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load tune query

querying

SQL interface
correct and complete answers

complex and slow - not fit for exploration

40
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just touch the data you need

this is not about query building
it is about query processing

41

dbTouch, CIDR 2013 
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dbTouch CIDR 2013 

data

column1

touch/
query
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dbTouch demo (ICDE 2014)
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dbTouch, CIDR 2013 

what does this mean for db kernels?
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select R.a from R 

db

44

dbTouch, CIDR 2013 

what does this mean for db kernels?
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dbTouch
56 38 45 2

select R.a from R 

db

process only 
what you touch

44

dbTouch, CIDR 2013 

what does this mean for db kernels?
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explore: touch,observe and react

the system does not have control of the data flow
the user dictates which is the next tuple

45

dbTouch, CIDR 2013 

hierarchies of samples 
incremental and adaptive operators
adaptive indexing - adaptive loading
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rethink db kernels: correct Vs. interactive
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70%

30%
Pointer chasing
CPU

break down cost for hash join

46

rethink db kernels: correct Vs. interactive
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an exploration tool
get a quick feeling about your data 

focus on interesting areas

47

dbTouch, CIDR 2013 

+

HCI + databases
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db 

db explore 

a database system
allows you to answer queries fast

a data exploration system
allows you to find fast which queries to ask
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easy to use
(no tuning, no set-up)

interactive navigation
(no need for correct/complete answers)

properties of data exploration systems



3 Ideas for Big Data Exploration

Stratos Idreos

adaptive systems - tailored for exploration
it is not the strongest species that survive, nor the most intelligent, but the ones most responsive to change

adaptive 
indexing

dbTouch adaptive 
loading

[Darwin, Megginson]



3 Ideas for Big Data Exploration

Stratos Idreos

adaptive systems - tailored for exploration

Thank you!
it is not the strongest species that survive, nor the most intelligent, but the ones most responsive to change

adaptive 
indexing

dbTouch adaptive 
loading

[Darwin, Megginson]


