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it is time for a paradigm shift
in how we design databases systems

5



/52

database systems great...
declarative processing, back-end to numerous apps

6



/52

database systems great...

but databases have become too heavy and blind!

declarative processing, back-end to numerous apps

6



/52

database systems great...

but databases have become too heavy and blind!

timeline

declarative processing, back-end to numerous apps

6



/52

database systems great...

but databases have become too heavy and blind!

timeline

load

declarative processing, back-end to numerous apps

6



/52

database systems great...

but databases have become too heavy and blind!

timeline

load tune

declarative processing, back-end to numerous apps

6



/52

database systems great...

but databases have become too heavy and blind!

timeline

load tune query

declarative processing, back-end to numerous apps

6



/52

database systems great...

but databases have become too heavy and blind!

timeline

load tune query

declarative processing, back-end to numerous apps

expert users - idle time - workload knowledge

6



/527



/52

data systems tailored for data exploration

7



/52

data systems tailored for data exploration

no installation steps

 no workload knowledge

7



/52

data systems tailored for data exploration

no installation steps

 no workload knowledge

minimize data-to-query time

7



/52

adaptive indexing

adaptive loading

dbTouch

7 years, 7 papers

3 years, 3 papers

0.5 year, 1 paper

Martin Kersten, Stefan Manegold, Felix Halim, Panagiotis 
Karras, Roland Yap, Goetz Graefe, Harumi Kuno, 

Eleni Petraki, Anastasia Ailamaki, Ioannis Alagiannis, Renata 
Borovica, Miguel Branco, Ryan Johnson, Erietta Liarou

3 ideas

8



/52

adaptive indexing

adaptive loading

dbTouch

7 years, 7 papers

3 years, 3 papers

0.5 year, 1 paper

Martin Kersten, Stefan Manegold, Felix Halim, Panagiotis 
Karras, Roland Yap, Goetz Graefe, Harumi Kuno, 

Eleni Petraki, Anastasia Ailamaki, Ioannis Alagiannis, Renata 
Borovica, Miguel Branco, Ryan Johnson, Erietta Liarou

3 ideas

8

load tune query

adaptive 
indexing

adaptive 
loading

dbTouch



/52

tune= create proper indices offline
performance 10-100X

load tune query

9

indexing



/52

tune= create proper indices offline
performance 10-100X

but it depends on workload!
which indices to build?
on which data parts?
and when to build them?

load tune query
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human administrators + auto-tuning tools
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incremental, adaptive, partial indexing

indexing

initialization querying

12

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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traditional databases

database cracking

monolithic/full indexing

partial/adaptive/continuous indexing
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stochastic cracking

robustness: maintain performance levels or have 
graceful degradation when input or status changes

Stochastic Cracking, PVLDB 12
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<2 <3 <4

blindly adapting to queries 
is not always a good idea
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indexing  is still half way creating one index

Stochastic Cracking, PVLDB 12
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slow process...not all data might be 
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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

37

Adaptive Loading, CIDR 11
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adaptive loading

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

38

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

challenge: fast raw data access

39

but raw data access is expensive

Adaptive Loading, CIDR 11
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selective parsing  
file indexing 
file splitting 

online statistics
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Adaptive Loading, CIDR 11
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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

44
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just touch the data you need

this is not about query building
it is about query processing

45

dbTouch, CIDR 2013 
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dbTouch CIDR 2013 

data

column1

touch/
query
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table touch/
query
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dbTouch, CIDR 2013 

+

HCI + databases
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dbTouch, CIDR 2013 

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

db

49

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

49

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

50

dbTouch, CIDR 2013 

hierarchies of samples 
incremental and adaptive operators
adaptive indexing - adaptive loading
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an exploration tool
get a quick feeling about your data 

focus on interesting areas

51

dbTouch, CIDR 2013 

+

HCI + databases

come play with the dbTouch demo on iPad!
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Stratos Idreos
CWI, Amsterdam

adaptive systems - tailored for exploration
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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]
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