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Physical design problem

Workload-Adaptive Indexing

Erwin M. Bakker & Stefan Manegold Database systems perform efficiently
only after proper tuning...

https://homepages.cwi.nl/~manegold/  DBDM/
http://liacs.leidenuniv.nl/~bakkerem?2/dbdm/

which indexes to build?
on which data parts?
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Sample Analyze Prepare Estimated Sample Analyze Prepare Estimated
Workload Performance physical design Workload Performance physical design Queries
Timeline Timeline
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Sample Analyze Prepare Estimated Sample Analyze Prepare Estimated
Workload Performance physical design Queries Workload Performance physical design Queries
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> Timeline > Timeline
Complex and time consuming process Complex and time consuming process
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Dynamic environments

idle time workload knowledge

some problem cases
e Not enough idle time to finish proper tuning
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Dynamic environments

idle time workload knowledge

some problem cases
e Not enough idle time to finish proper tuning
® By the time we finish tuning, the workload changes
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Dynamic environments

idle time workload knowledge

some problem cases
e Not enough idle time to finish proper tuning
® By the time we finish tuning, the workload changes

e No index support during tuning
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Adaptive Indexing

For dynamic environments:

Remove all tuning, physical design steps but still
get similar performance as a fully tuned system

(operators, plans, structures, etc.)

DBA with adaptive indexing ma”‘e’ ¢ db)
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Dynamic environments

idle time workload knowledge

some problem cases
e Not enough idle time to finish proper tuning
® By the time we finish tuning, the workload changes

e No index support during tuning

e Not all data parts are equally useful
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Adaptive Indexing

no monitoring
no preparation

no external tools

no full indexes

no human involvement
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Adaptive Indexing

no monitoring
no preparation

no external tools

no full indexes

no human involvement

Adaptive Indexing

no monitoring
no preparation

no external tools

no full indexes

no human involvement

Continuous on-the-fly physical reorganization Continuous on-the-fly physical reorganization
partial, incremental, adaptive indexing
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offline indexing offline indexing
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workload analysis o &
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Abstract ign centered around index accelerators for in-
dividual tables and join-indices to speed up exploration of
Query performance strongly depencs on finding an eve- semantic meaningful links.
cution plan that as possi- ABSTRACT T this paper,wo xploe  adialy e approach i daa-

ble. The access structures deployed for this purpose, how-

ever, are non-discriminative, They assume every subset of

the domain being indexed is equally important, and their

sirctures caus a igh maininance ovrhead during up-

dates.This approach often fails in port

wennﬂc it where nde Seecion represnts &
ak compromise amongst many plausible plans.

An alternative route, explored here, is to continuously
adapt the database organization by making reorganization
an integral part of the query evaluation process,
query is first analyzed for its contribution to break the
database o mulple pecs, such i both the required
subset is easily ne-

however, it i a priori less evident what subsets are relevant
for answering the -mostly staistical- queries. Queries tend
to'be ad-hoc and temporarily localized against a small por-
tion of the databases. Data warehouse techniques, such as

tools to improve performance [Rafo3].

In both domains, the ideal solution is approximated by
a careful choice of auxiliary information to improve nav-
igation (o the database subset of interest. This choice is
commonly made upfront by the database administrator and
its properties are maintained during every database update
Altenatively,an utomati ndex electiontool may help in

fitfrom the new partitioning structure,

o study the potentials for this approach, we developed
a small representative multi-query benchmark and ran ex-
periments against several open-source DBMSS. The results
obtained are indicative for a significant reduction in system
complexity with clear performance beneft.

1 Introduction

query p

those twples in the database that matter for the production

of the query answer. This ideal cannot be achieved easily,

becaus i ries ot ooy o te users ey
intent.

pplica able database subsets
e consderedof squal | "mmnance for query processing
“The queries mostly retrieve just a few tuples without satis-
tically relevant intra-dependencies. This permits a physical

Permision o copy vithout feeal o part o this meteril is ranted pro-

1o apa,an i s ven st coing iy 1
Very Large Data Base Endonmert. To copy ohewise, of o republich,

et el itcichel et

Proceedings of the 2005 CIDR Conference.

work
on the system [ZLLLOL, ok 04]. Between successive
database reorganizations, 2 query s optimized against this
static navigational access structure,

ince the choice of access structures s a balance be-
tween storage and maintenance overhead, every query will
inevitably touch many tuples of no interest. Although the

partial
it is only after the complete predicate evaluation that we
know which access was in vain.

In this paper we explore a different route based on the
hypothesis that access maintenance should be a byproduct
of query processing, not of updates. A query is interpreted

as both a request for a particular database subset and as an
Sicstocrac e tabese stor Il smallr piees e

to access them. Ifit
touch Unarinteresting tuples during query evaluation, -
we use that o prepare for a better future?

Toillustrate, consider a simple query sel ect * from R
where R a <10 and a storage scheme that requires a full
table scan, i . touching all tuples to select those of interest
“The result produced in most systems is 2 stream of quli-

g tuples.
1o fragment the table into two
fragmentation. This operation does not come for free, be-
cause the new table eamaton should be written back to
persistent store and s pr stored in the catalog. For
Sample, the crigina ale can be repaced by  ONION Ta-

The cracking ap-

Database indices provide a
infrastructure 1o localize tuples of interest. Their maintc-
nance cost s taken during database updates. In this pa-
et we sty the complemantary appronch, addressing -
G maitenance a8 prt of query provessing wing contm-
ous physical reorganization, ., crucking the database into
menngble o Thomoirsion i i by satomatioaly
organizing data the way users request i, we can achicve fast
accs and the much desied sl axganied bl
presntth st e crckig eitectre and v
port on out implementation of cacking i the context of a
fll g rlionl system: I o minor nbancement
1o s slaonal alebra ke, s that cracking could b
acked withont ineurring ton much procesing o
Tt Furthermore, we flustrate the ripple ot of e
eongaization on the qury plass derivd by the SQL. opi

wigational

i e o he Hypotheis it s i ensons
hould be a byproduct of query process
ezt
e an adice o tnck the
Each piec i desribed

el While s sne processcd and adapis 1o
i query workloads,

. ~|zmm ant reduction in system complexity. We show that
Iting system i able to self-organize based on incom-

ing requets wihclon. prformance banfs, Thisbenvio
i visible even when the user focus is randomly shifting to
et pate of the dta

1. INTRODUCTION

Novadays,th challengo o dtabase acitcture dosgn
s ot in achieving ultra high performance but (o design sys-
T tha are. sumple and fierisie. A databace syt shonld
be able to handle huge sets of data and sclf-organ
corling 10 the nvirontent, .., ho workload, avlabl
e, et aic discunsion o sach e can b o
{6 T adition,the trend towards disributed environments

sis 10 attack the challenges described in the beginning of this
section. With eracking, the way data is physically stored
wlborganie ,.mmumg to query workioad.  Even with a
uge data set, only tuples of nterest are touched, leadin
o sgnificats atn i query perloreoanes, T asethe octs
o different part of the data, the cracker index auto-
justs to that. In addition,

intopices ives u isint ot of out i argtd by e

cifc querics. This information can be nicely
for high-speed distributed and sulti-core query procesing.
“The iden of physically reorganizing the database bnsed on
incoming queries has first been proposed in [10]. The con
tributions of this paper are the following., We prosent. the
firs mature eracking architecture (a complete cracking soft-

alls for new
The same holds for multi-core P architectures that are
starting to dominate the market and open new possibilties
and challenges for data management. Some notable depar-
tares from the usual paths in database architecture design
include [2. 3,9, 1]

anice i published under & Cresive Commans Licese Agreement
(picestivccommons o censcyy2 )

Yoo may copy. distrbue, dispay. and perform the work, make dervaive
works i make commercal s of 1 o you T e the
work tth autor snd CIDR 2007

ware stack) i the context of column mummmw We
report on our o cracking on top of
DB/SQL, + column rinted dtabo

it kg b et gt o s et
e systom smpllcaton. e preset. the eracking algo
it tht physieally oorganiz the dtastore an the e
cracking operators to enable cracking in MonctDB. Using

ok o aury ot con

ully g v plans that deploy

peraiorand ths o the bencie o oo crncone

Furthermore, we evaluate our current implementation and
We clearly

the resulting system can self organize according to query

Each query is treated as an advice

on how data should be stored

monetdb
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Q1:

select *

from R

where R.A> 10
and RA< 14

o 1D

invent

Physically reorganize based on the selection predicate
Cracker column of A

Q1:
select *

Database Cracking CIDR 2007 W [ﬁﬁ]

Cracking Example

Each query is treated as an advice on how data should be stored

Column A

13
16
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Cracking Example

Each query is treated as an advice on how data should be stored

Column A

13
16

4
9
2
12
7
1
19
3

14
11
8
6

Piece 1:
A<=10

Piece 2:
10<A<14

Piece 3:
14<=A
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Cracking Example

Each query is treated as an advice on how data should be stored

Physically reorganize based on the selection predicate
Column A

13

Q1: 16

select * 4
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Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate

Column A Cracker columnof A
13 iy 4
Qi 16 / 9
select * 4 / 2
from E 9 / 7 Piece 1:
wheffe R.A > 10 2 f11 | A=T0
aNd RA<14 73
E 8
"a 6 ---------------------
Piece 2:
10<A<14
Piece 3:
14<=A
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Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate

Column A CraC.k.er. columnof A .
13 4
16 ilo9
4 2
9 7 Piece 1:
5 1 A<=10
12 3
7 8
1 o8
19 13 | Piece2:
3 12 10<A<14
14 11
11 16 | Piece 3:
8 19 14<=A
6 14
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Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate

Column A Cracker column of A
13 P4
Q1: 16 i 9
select * 4 2
from E 9 7 Piece 1:
whe 2 1 | A<=10
and RA<14 12 3
7 8
1 K3 ....6..... aresssssssnssnnennnel
19 13 | Piece2:
3 i 12 10<A<14:
14 EO0 0L :
1 16 | Piece 3
8 19 14<=A
6 14
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Cracking Example

Each query is treated as an advice on how data should be stored

Physically reorganize based on the selection predicate
Column A Cracker column of A

13

Piece 1:
A <= 10

Piece 2:
10<A<14:
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Each query is treated as an advice on how data should be stored

Physically reorganize based on the selection predicate
Column A Cracker column of A

13
Q1: 16
select *

Piece 1:
A <= 10

Piece 2: ._
10<A<14:

Piece 3:
14<=A
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Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate
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Column A

13
16

Cracker column of A

4
9
2
7 Piece 1:
1 A<=10
3
8

1e ....6..... sesssssssssssnannannl
18 | Pigce2:
12 10<A< 14
11 H
16 | Piece 3:
19 14 <=A
14
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Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate

Column A CraC.k..er. columnofA .

13 P4

16 ilo9

4 2

9 7 Piece 1:

2 1 A<=10

12 3

7 8

19 18 | Piece2 | £
3 il 12| 10<A<t4i | =
14 i1 iy 3
11 {116 | Pigce 3: o
8 119 | 14<=A

6 Pl 14
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Cracking Example

Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate

Q1:
select *

Column A

Cracker column of A

13
16

4
9
2
12
7
1
19
3

14

11
8
6

Gain knowledge

on how data is
organized

A<=10

9
2
7 Piece 1:
1
3
8

K3 ....6..... T TTTTTTTTTTT T e E
13 | Ppiece2s | £
12 10<A< 14 ;
11 13
16 | Piece 3: o
19 14 <= A
14
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Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate

Q1:
select *

Column A Cracker column of A
13 4 .
16 il o Gain knowledge
4 2 on how data is
9 7 | Piecet: organized
2 1 A<=10
12 3
z 8
! K ....6. ......................... E
19 i1 18| Piece2z | S
€ Pl 12| 10<A<t4i | E
14 I 13
1 £1 16 | Piece 3: s
6 |14

Dynamically/on-the- fIy within the select -operator
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Each query is treated as an advice on how data should be stored Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate Physically reorganize based on the selection predicate
Column A Cracker column of A Column A Cracker column of A
13 4 13 4
Q1i: 16 9 Q1: 16 9
select * 4 2 select * 4 2
from R 9 7 Piece 1: from R 9 7 Piece 1:
where R.A > 10 2 1 A<=10 where R.A> 10 2 1 A<=10
and RA< 14 12 3 and RA< 14 12 3
7 Q1 | 8 7 Qt | 8
1 G 1 16
19 13 | Piece2: Qz2: 19 13 | Piece2:
3 12 10<A< 14 select * 3 12 10<A<14
14 11 from R 14 11
11 16 Piece 3: where RA>7 11 16 Piece 3:
8 19 14<=A and R.A<=16 8 19 14<=A
6 14 6 14

Dynamically/on-the-fly within the select-operator r\ Dynamically/on-the-fly within the select-operator r\
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Each query is treated as an advice on how data should be stored Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate Physically reorganize based on the selection predicate
Column A Cracker column of A Column A Cracker columnof A )
13 4 13 Y :
Q1: 16 9 Q1: 16 i 9
select * 4 2 select * 4 2
from R 9 7 Piece 1: from R 9 H 7 Piece 1:
where R.A > 10 2 1 A<=10 where R.A> 10 2 A A<=10
andRA<14 12 3 andRA< 14 12 il 3
7 Q1 | 8 7 Q1 | 8
1 | e 1 o T —
Q2: 19 13 | Piece2: Qz: 19 S118 ] Piece2:
select * 3 12 10<A<14 select * 3 12 10<A<14:
from 14 11 14 i 11
whe RA>7 11 16 Piece 3: 11 ::‘ 16 Piece 3:
an§ R.A<=16 8 19 14<=A 8 19 14<=A
6 14 6 P14
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Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate

Column A Craclge.r. coumnofA Cracker column of A
13 N 4
Q1: 16 il : 2
select * 4 2 1 :

: Piece 1: A<=7
from R 9 P 7 Piece 1: : 3 <
where RA> 10 2 f| o1 | A<=10 6

and RA <14 12 il 3 : 7
7 ] Q2 9
1 1 T 8 | PeeET<A<STO
19 13 | Piece2: 13
3 12 10<A<14§ 12 Piece 3: 10<A< 14
14 11 i 11
1 16 | Piece3: 14 o
8 19 Ue=h i 16 Piece 4: 14 <= A <=16
6 14 5 19 [» Piece 5: 16 <A

Dynamically/on-the- fly within the select -operator
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Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate

Column A Cracker column of A  Cracker oolumn Of A _._..............
13 ‘o4 P4
Qt: 16 o P2
select * 4 2 1 ;
: . . Piece 1: A<=7
from R 9 7 zlece11. P 3 <
where R.A> 10 2 1 <=10 I
and RA<14 12 il 8 4
7 Q1 i| 8 Q2 S 19 ‘ %
1 tl6 . TiTl g | Pece27<A<«=i0
Q2: 19 18 | Piece2: 13
select * 3 i 12 10<A<14§ 12 Piece 3: 10<A< 14
from 14 i1 11
wheff RA>7 11 116 Pieces: LS
anQRA <= 16 8 19 14 <2 A 16 Piece 4:14 <= A<= 16
6 P14 19 |» Piece5: 16 <A

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

mone@

Database Cracking CIDR 2007 W (ﬁ'g]

Database Cracking CIDR 2007 W (,f'g]

Database Cracking CIDR 2007

invent

Cracking Example

Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate

Column A Crac_k.e.r_ coumnofA Cracker column of A
13 ! 4
Q1: 16 ) : 2
select * 4 2 1 .

. Piece 1: A<=7
from R 9 (| 7 | Plecet 3 <
where RA> 10 2 Ploq | A=10 6

and RA<14 12 il s : 7
7 Ql :| g Q2 9
1 T T 8 | PeeeETA
19 13 | Piece2: : 13
3 12 10<A<14: 12 Piece 3: 10< A< 14
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Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate

Column A Cracker coumnofA_  Cracker UM OFA ...
13 il o4 :
Q1: 16 ‘9
select * 4 2 .
from R 9 7 Piece 1: Piece 1: A<=7
where R.A > 10 2 Pl A<=10
and RA<14 12 L8 T g
7 Q1 :| 8 Q2 _
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select * 3 P12 | 10<A<14i i | 12 | Piece3:10<A<14
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A o | Peces 1o | Piece 4 14<= A<= 16
6 P14 19 |» Piece5: 16 <A

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

mone@



i A

invent

Cracking Example

Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate

Column A Cfac!%?!. columnofA . . Cracker column of A ...
13 ! Pl 4
Q1: 16 il I
select * 4 P2 P 1 '
: . i Piece 1: A<=7
from R 9 f| 7 | Plecet i) g <
where R.A> 10 2 N A=10 i i | g
andRA <14 12 |8 0 0 A0 .
7 Q1 :| g Q2 +
> Piece2: 7<A<=10
1 i ....6..... errnssrrnrrrnra et "
19 13 | Piece 2:
3 12 10<A<14
14 11
1 16 | Piece 3
8 19 14<=A
6 14
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The more we
crack, the more
we learn

Cracking Example

Physically reorganize based on the selection predicate

ColumnA  Cracker coumn of A ~Cracker columnofA. ...,
13 Y P4
Q1: 16 ‘9 il 2
select * 4 P2 1 '
: : . Piece 1: A<=7
from R 9 P07 Klece11. 3 <
where R.A > 10 2 1 <=10 6
and RA<14 12 il 8 7
7 Q1 i| 8 Q2 9 1
Qz2: 19 13 | Piece2: E
select* 3 P12 10<A<14 =
14 i1 . §
11 £116 | Piece 3 o
8 19| A .....Ff'.‘?.?ﬁ.‘.‘...‘.f‘..f.‘..ﬁ.:.‘..‘.? v
6 P14 Piece 5: 16 < A
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Each query is treated as an advice on how data should be stored
Physically reorganize based on the selection predicate

Q1:

select *

from R

where R.A> 10
and RA<14

Column A

13
16

Cracker column of A

Cracker column of A

Piece 1: A<=7

o4

o9

2

o7 Piece 1:

1 A<=10

il s

Q1 i| 8 Q2

13 | Piece2: i
12 | 10<A<14; |
11 P
16 | Piece 3:
19 14<=A
14

|lllllll|||||||||||||||||||n'.‘- A

Piece2:7<A<=10 i

< Result tuples

Dynamically/on-the- fIy within the select -operator
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Each query is treated as an advice on how data should be stored

set-up

100K random selections

random selectivity
random value ranges

in a 10 million integer column
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100 F

Response time (secs)

0.1

0.001 Y L

Index ™
'.. -"-,-‘p. H
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100 1000
Query sequence (x1000)

10000 100000
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100K random selections
random selectivity

random value ranges

in a 10 million integer column

almost no
initialization overhead
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set-up

100K random selections
random selectivity

random value ranges

in a 10 million integer column

almost no
initialization overhead

continuous improvement

Response time (seg

Response time (secs)
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Each query is treated as an advice on how data should be stored

! Full Index
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Query sequence (x1000)

10000 100000
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Each query is treated as an advice on how data should be stored

set-up

100K random selections
random selectivity

random value ranges

in a 10 million integer column

almost no
initialization overhead

continuous improvement
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Each query is treated as an advice on how data should be stored

:
feee el

1

10 100
Query sequence (x1000)

1000 10000 100000
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Each query is treated as an advice on how data should be stored

set-up

10K random selections
selectivity 10%

random value ranges

in a 30 million integer column

Cumulative average response time (secs)

200 -
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0.004 | Crack -
0.001 It it it i ]
1 10 100 1000 10000

Query sequence
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Each query is treated as an advice on how data should be stored

set-up

10K random selections

selectivity 10%
random value ranges

in a 30 million integer column

Cumulative average response time (secs)

10K queries later,
Full Index still has not
amortized the initialization costs
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ABSTRACT

Modern business applications and scientific databases call for in-
herently dynamic data storage environments. Such environments
are characterized by two challenging features: () they have lit-
e idle system time to devote on physical design; and (b) there
is litle, if any, a priori workload knowledge, while the query and
data workload keeps changing dynamically. In such environments,
traditional approaches to index building and maintenance cannot

physical data reorganizatior
eryprocessng. racking im v coninuously and utomat
510 the workload at hand, without human intervention.

exi
Tiver workloadrobsmess hey pefor much bere with Fandorn
workloads than with others. This frailty derives from the inelastic-
ity with which these approaches interpret each query as a hint on
how data should be stored. Current cracking schemes blindly reor-
ganize the data within each query’s range, even if that resuls into

Successive expensive operations with minimal indexing benefit
In this paper, we introduce stochastic cracking, a significantly
more resilient approach to adaptive indexing. Stochastie cracking
data, but not

making. Thereby, we bring adaptive indexing forward to a ma-
ture formulation that confers the workload-robustness previous ap-

proaches lacked. Our extensive experimental study verifies that
stochastic cracking maintains the desied properies of orginal da-
b ing while at the same time it performs well with diverse
realistic workloads

1. INTRODUCTION

Databse esarch s st out 0 recxmine estblshed assump-
tions in order to meet the new challenges posed by big data, sci-
enific daabases, highl dynamic, distibwed, and s core CPU
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environments. One of the major challenges is to create simple-
use and flexible database systems that have the ability self-organize
according to the environment [7]

Physical Design. Good performance in database sy
relies on proper funing and physical design. Typical
choices happen up front, assuming sufficient workload knowledge
and idle time. Workload knowledge is necessary in order to deter-
mine the appropriate tuning actions, while idle time is required in
oder to perom thoe actions. Modern databse sysims ey on
auto-tuning twols o carry out these steps, .., (6,8, 13, 1, 28]

However, in d)mmlc
workload knowledge and ide time are scrce esoures. For cx-
ample, tific databases new data arrives on a daily or ev
Ry b, while query patern fllow i exploratory path o the
scientists try to interpret the data and understand the patterns ob-
served; there is no time and knowledge to analyze and prepare a
different physical design every hour or even every day.

Traditional indexing presents three fundamental weaknesses in

such cases: (a) the workload may have changed by the time we
finish tuning: (b) there may be no time to finish tuning properly;
and (c) there is no indexing support during tuning.
y. a new approach o the physi-
. namely database cracking [14].
Cracking introduces the notion of continuous, incremental, partial
and on demand adaptive indexing. Thereby
tally built and refined during query pro
posed in the context of modern column-stores and h
erto applied for boosting the performance of the select operator
[16], maintenance under updates [17], and arbitrary multi-attribute
queries [18]. In addition, more recently these ideas have been ex-
tended o exploit a partition/merge -like logic [19. 11, 12

Workload Robustness. Nevertheless, existing cracking schemes
have not deeply questioned the particular way in which they in-
terpret queries as a hint on how to organize the data store. Th
have adopted a simple interpretation, in which a select operator is
taken to describe a range of the data that a discriminative cracker
index should provide easy access to for future queries; the remain-
der of the data remains non-indexed until a query expresses inter-
est therein. This simplicity confers advantages such as instant and
lightweight adaptation; still, as we show, it also creates a problem

Existing cracking schemes faithfully and obediently follow the
hints provided by the queries in a workload, without examining
whether these hints make good sense from a broader view. This ap-
proach fares quite well with random workloads, or workloads that
expose consistent interest in certain regions of the data. However,
in other realistic workloads, this approach can falter. For exampl
consider a workload where successive queries ask for consecutive
items, as if they sequentially scan the value domain; we call this
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Workload Robustness

Observation:
Queries define adaptive indexing actions

The kind of queries and the order of queries matter!

Goal:

Maintain adaptive behavior regardless of query input
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vary initialization and incremental steps taken

Adaptive merging and Cracking are extremes

What is there in between?
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Adaptive Indexing: P Progressive Indexing  {fikilsreie
1% Query Costs

Can we / how to:

)

‘E; 4 * Reduce / limit 1* query cost / overhead?

j= * Improve query performance predictability and robustness?
— . ' ?

> 5 Ensure convergence towards full index

Q

S

@)

Yet unexplored “dimensions”:

* Other sorting algorithms than quick-sort

o
Cracking - .
Stochastic - .

<
(&)
c 2 @ = * Suspend/resume steps / iterations
S « @ °
N 8) 8 £
o —
Mark Raasveldt, Pedro Holanda, Hannes Muhleisen monetdb ’
W . . Universiteit W . . A AR Universiteit
‘ Progressive Indexing iden Progressive Quick-Sort
| After 3 Querie§ 7 After 4 Queries After 10 Queries R N
) l R ) ) 13 Initialize Refine
16 <
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0 0 0 2 ? N >4
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0 |ig 7|~
) 3 ; > 9 > 9 -
0 |14 >9
| a i ) 11

mone@ mone@



pCVL Progressive Merge-Sort (i Progressive Bucket-Sort il

13 ’ — 13

16 Initialize Refine 16

4 : [—00,10) [—o00, 10)

: >

2

12 12 PETTPRTIE E— >
. z Initialize Merge

1

EOREEO BELG EEEO BEL O BEL S |
Uninitialized

19

3 3 [10, <] [10, o]
14 14

11 11

retds)

mon

% Universiteit

retds)

mon

R Universiteit

W Progressive Radix-Sort

Experimental Setup

* Software:
13 * stand-alone C++ program, g++ -O3
16 * Fedora 26
4 * Hardware:
9 * Intel Core i7-2600K CPU @ 3.40 GHz, 8 cores, 8 MB L3 cache
2 * 16 GB main memory

* Data:
12 —>-—> > * 8-byte integers
7| LsD [ Next Digit + 1078 uniformly distributed values
1 - * Queries:
19 * SELECT SUM(R.A) FROM R WHERE R.ABETWEEN V1 AND V2
3 - * Experiments:

* repeat entire workload 10 times

14 * report median runtime per query
11 * Default: 1000 queries, 10% selectivity, random workload
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1°t Query ~= 2x Scan
Indexing Method )
Bucketsort 0.009
Mergesort 0.05
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Radixsort 0.08
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\CVL_ Skewed Workload @) o \CVL_ Different Workloads

Random Sequential Skewed
| Coarse
- — Cracking
| 2 Prog Stoch
° 1.00 - — Stochastic
@ | £
(@) | | =
c | | || 2 0.10 . [
S Ot 5
s b T L . | -
3 il |
‘G—) | 0 100 200 300 0 100 200 300 0 100 200 300
S Query (log(#))
o Random Sequential Skewed
Bucket
| —Merge
| Quic
O — Radix
T T T N N
0 50 100 Niay YT
|
Query (#) ™ |
200 300 0 100 200 300 0 100 200 300
Query (log(#))

W # Queries until Pay-off

Progressive Indexing

Indexing Method Random | Sequential | Skewed * Robust & predictable query performance under various
Full Index 56 56 56 workloads

Standard Cracking 28 63 22

Stochastic Cracking 69 40 49 * Balance between

Progressive Stochastic 67 47 48 * Fast convergence to full index

Coarse Granular Index 42 76 38 * Small overhead for 1% query

Bucketsort 258 261 257 _ _ . _

Mergesort 113 114 114 . Varlo_us basic sorting algorithms

Quicksort 136 128 139 : I(\D/Ilélr(g:;ke-.ssoor:t

Radixsort 200 200 200 « Bucket-sort

* Radix-sort
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