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@:J/ S Data Warehousing

Data warehousing: Star Schema

L One fact table (volume)

O Many dimension tables

Star Join Queries

Selections on dimension tables
= Multiple joins (between fact and dimension tables)

= No direct joins between dimensions

Requirements

= Lowering response time
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Horizontal Partitioning is well adapted for Star Join Queries
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L Objective
Decompose table instances into disjoint groups of instances

UTwo types :
Primary [Ceri’82] Derived [Ceri’82]
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Cust_Female
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First Classification
[DEXA’07]
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VP MV
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pc HP

Structures

UMaterialized Views (MV)
Qindex (1X)

UHorizontal Partitioning (HP)
QVertical Partitioning(VP)
UParallel Computing (PC)

v

Non redundant

HP PC
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Redundant

MV IX VP
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Classification of HDP approaches
U g l{i"ﬁ'-”d"Finit\; [Karlapalem, 1996]

nconstrainead
' @ Minterms [Ozsu and Valduriez, 1999]

Horizontal Data Partitioning /

A @ Cost Model |Bellatreche et al. 2000]
Ay = Constrained '
@ Data Mining [Mahboubi and Darmont, 2009]
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Algebra allows to generate an encoding and a HDP schema

Generating incremental encoding

Generating HDP schema

Attl| vall | else —> Attl | vall | val2 | Else Quantity
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Attl| vall | val2 | Else [—>Attl| vall | val2 | Else Color
Att2]| vall | else Gender
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—_— | =k [ =k [ =k [ =
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11 1
11243
11212 |Merge
1| 2
1| 2 .
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Algebra allows to generate an encoding and a HDP schema

Generating incremental encoding

Generating HDP schema

Attl| vall | else —> Attl | vall | val2 | Else Quantity | 1 1 1 Quantity [ 1 1 1
. . ]
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Generating incremental encoding
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Algebra allows to generate an encoding and a HDP schema

Generating incremental encoding

Generating HDP schema
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Horizontal Split Season | 1 | 2 | 1 |3 |Season| 1 )2]4])3
Type 1121 3 _Type 1122 Merge
Attl| vall | val2 Else —>Attl] vall val2 Else Color 1 2 Color 1 2
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. . © L e Split
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WORKLOAD PROCESSING
to t1 t2 ... end
. : } |
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Quantity] <100 | else | ! Quantity| <100 | else i __Finalencoding:
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see o & ] ] ] Quantity[ 1 | 1 | 1 Quantity| 1 | 1 [ 1
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. : Gender | 1 1 Sp lit
Vertical Split
WORKLOAD PROCESSING
to t1 t2 i end
H ] : -
E n COd | ng ¢ ->Q1 >Q2 >Qi
Predicates o T : ;
Quanty[ <100 ske | | Quantty[ <100 [ o vty S e ] Generating HDP
; | Season | Automn | else : uant :1000
! | ! | Season Automn | Winter | Spring | Summer SChema
S2: v : s2: vy i Color Color1 else
Quantiti« <100 | else | Quantity| <100 else i;yp: m T2 else |
Season| Automﬂ else i Season | Automn | Winter | Spring ‘ else ‘ : enaer | Female Male
.:‘..‘:’.‘:’_ » « * . . . Quantity| 1 | 1 | 1 Quantity| 1 | 1 | 1
*/ # »  Multiple View Processing Plan Season | 1 | 2 | 1 | 3| Season| 1 | 2| 4 | 3
NG ,B, ) s.‘.«:m,,., Type 1 2| 3 Type 1 2| 2
£ 4 F o R0, 4 Color 1 2 Color 1 2
. o . Gender | 1 1 Gender | 1 2
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Algorithm EQHDP

I: generate_encoding() ; MVPP

2. EQA():

k2 e:=1;

4 sphit_all(): /\

5: E := elected(e)

¢: while E not .cmpl) (EIoA Generate Grou p

7 prune_encoding(E) ; . .

s so(E): encoding Queries

9 S = required_attributes(E) ;

N agos) s ol e i $ @ 7 .
11:  sort_attributes(S) oo G | l‘ w
12 foralla & Sdo ot Farie| e | : -

13 for all sd € SubDomains(a) do EIeCt!ng

14 if ( (U(sd) = 0)and(N < W)) then Queries

IS merge(sd, Fy):

16 end if

17 if ((U(sd) = k)and(NV < W)) then

18 merge(sd, P

19 end if Merge
20 end for (by u sage)
21 end for
22: while k& > O do Cost
23 foralla ¢ Sdo Model
24 for all sd € SubDomains(a) do I
2 if (N < W) then Split
26 merqge(sd, F,): (by usage)
27 else
28 merqge(sd, Py ) :
2 end if If (N<W)

30 end for

31 end for Elect

32 k=k-1;

<O - o SUcCCcessors

34 split_disjoint(): \l/

35 ‘ e+1; Quantity[ 1 [ 1 [ 1

I e HDP schema

37 l'nd Whllt Color 1] 2

Gender | 1 2
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Algorithm EQHDP

I: generate_encoding(): . .

2+ EQA(): Grouping Queries MVPP

2e:=1; & /\

4: sphit_all(): . .

s [-‘_";;: lectadie) Generatlng Encodlng

¢: while E not .cmpl) (EIoA Generate Grou p

7 prune_encoding(E) ; . .

s so(E): encoding Queries

9 S = required_attributes(E) ;

10:  usage(S): Qo | J/ \L @ 7 5
1 sort_attributes(S) f""" Aclrnr:: ‘Tl:l:r s.,nng|5ummer\ g
12 foralla & Sdo ot Farie| e | ; )

13 for all sd € SubDomains(a) do EIeCt!ng

14 if ( (U(sd) = 0)and(N < W)) then Queries

IS merge(sd, Fy):

16 end if

17 if ((U(sd) = k)and(N < W)) then

18 merge(sd, P

19 end if Merge
20 end for (by u sage)
21 end for
22: while k& > O do Cost
23 foralla ¢ Sdo Model
24 for all sd € SubDomains(a) do I
2 if (N < W) then Split
26 merqge(sd, F,): (by usage)
27 else
28 merqge(sd, Py )
2 end if If (N<W)

30 end for

3 end for Elect

32 k=k-1;

S - ond kil SUcCCcessors

34 split_disjoint(): \l/

35 € =€ l . Quantity| 1 1 1

36 E - '-v/u'hd[r ) ?j::m 1 Z : 3] HDP Schema

37 l'nd Whllt Color 1] 2

Gender | 1 2
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Algorithm EQHDP

I: generate_encoding() ; . .

2 EQA(): Grouping Queries MVPP

e:=1; & /\

4: sphit_all(): . .

s ["_?;;: lectadie) Generatmg Encodlng

6. while E not empty do . Grou

7:  prune_encoding(E): Elect queries Gener_ate : b

8 sort(E): & Prune encoding enCOdIng Querles

9 S = required_attributes(E) ;

10:  usage(S): boniodial 1 J/ \L @ T S
e sort attributes(S) St &
12 foralla & Sdo ot Farie| e | ; )

13 for all sd & SubDomains(a) do EIeCtIng

14 if ( (U(sd) = 0)and(N < W)) then Queries

IS merge(sd, Fy):

16 end if

17 if ((U(sd) = k)and(N < W)) then

I8 merqe(sd, Py ).

19 end if Merge

20 end for (by u sage)

21 end for

2 while & > O do Cost
23 foralla = Sdo Model
24 for all sd € SubDomains(a) do I

2 if (N < W) then Split

2 merge(sd, Py): (by usage)

27 else

28 merqge(sd, Py )

By If (N<W) |,

30 end for

3 end for Elect

32 k:=k-1;

S - ond kil Successors

34 split_disjoint(): \|/

33 € =€ l . Quantity| 1 1 1

36 E - -vlu’hd{r ) ?j::m 1 Z : 3] HDP Schema

37 ('nd Whllt Color 1] 2

Gender | 1 2
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O if \ Y
Algorithm EQHDP
I: generate_encoding() ;
2: EQA():
2e:=1;
4 sphit_all():
5: E := elected(e)
6. while E not empty do
7:  prune_encoding(E);
8 sort(E)
9 S = required_attributes(E) ;
10:  usage(S):
1 sort_attributes(S)
12 foralla & Sdo
13 for all sd € SubDomains(a) do
14 if ( (U(sd) =0)and(N < WW)) then
IS merge(sd, Fy):
16 end if
17 if ((U(sd) = k)and(N < W)) then
18 merqe(sd, Py ).
19 end if
20 end for
21 end for
2 while £ > () do
23 foralla = Sdo
24 for all sd € SubDomains(a) do
25 if (N < 1) then
26 merqge(sd, F,):
27 else
28 merqge| sd, [". ).
29 end if
30 end for
31 end for
32 k:=k-1;
33 end while
34 split_disjoint():
35 e:=e+1;
36 E = elected(e) ;
17: end while

Grouping Queries
&
Generating Encoding

Elect queries
& Prune encoding

€——Sort elected queries by

Cost & attributes by usage

Generate
encoding
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Season yrr—

>=100 & | else
<1000
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oot "Colort
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else

Type Ti

T2 | eke |
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O if \ Y
Algorithm EQHDP
I: generate_encoding() ;
2: EQA():
2e:=1;
4 sphit_all():
5: E := elected(e)
6. while E not empty do
7:  prune_encoding(E);
8 sort(E)
9 S = required_attributes(E) ;
10:  usage(S): =
1 sort_attributes(S) e
12 foralla & Sdo
13 for all sd € SubDomains(a) do
14 if ( (U(sd) =0)and(N < WW)) then
IS merge(sd, Fy):
16 end if
17 if ((U(sd) = k)and(N < W)) then
18 merqe(sd, Py ).
19 end if
20 end for
21 end for —
2 while £ > () do
23 foralla = Sdo
24 for all sd € SubDomains(a) do
25 if (N < 1) then
26 merqge(sd, F,):
27 else
28 merqge| sd, [". ).
29 end if
30 end for
31 end for
32 k:=k-1; -
33 end while
34 split_disjoint():
35 e:=e+1;
36 E = elected(e) ;
17: end while

Grouping Queries
&
Generating Encoding

Elect queries
& Prune encoding

Sort elected queries by
Cost & attributes by usage

From highest usage rate
(by elected queries):
Merge subdomains

Having the same rate

MVPP

/N
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s |
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Algorithm EQHDP
I: generate_encoding() ; . .
2 EQA(): Grouping Queries MVPP
¢ s ¥ /\
4: spht_all(): . .
s: F = elected(e) Generatlng Encodlng
6. while E not empty do . Grou
7:  prune_encoding(E): Elect queries Gener_ate : b
8 sort(E) & Prune encoding enC0d|ng Querles
9 S = required_attributes(E) ;
10:  usage(S): = Quonty) < ot | ‘ J/ .
1:  sort_attributes(S) —— Sort elected queries by o oo e """°| Aa)
12 foralla & Sdo : ot Farie| e | :
< Pt Rl R WO R Cost & attributes by usage Elect!ng
14 if ( (U(sd) = 0)and(N < W)) then Queries
IS merqe(sd, Fy)
16 end if
17 if ((U(sd) = k)and(N < W)) then
18 merqe(sd, Py ).
19 end if Merge
2 end for From highest usage rate (by usage)
21 end for b . .
. il ko O (by elected queries): Cost
be! foralla € S do Merge subdomains Model
24 for all sd € SubDomains(a) do : ;
;i gl Having the same rate Split
26 merqge(sd, P): (by usaQE)
27 else
28 merqge(sd, Py )
29 end if If (N<W)
30 end for
31 end for Elect
32 k:=k-1;
N < 2 successors
s split_disjoint(): Improvement: 3
e e Sl move to successors of oy SN SRR
37: end while elected queries (e € e+1) w [z HDP schema
Gender | 1 2
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Configuration of experiments

o
- - =
Dynamic Interaction-Aware 3
Encoder Partitioning Module E
t Mstadata
DBA
DBA <+—» 3| Cost Model «—» DBMS
interface interface DBMS
c — >
# Partioning script
& Rewritten Q
—»  Simulated Annealing
S TR
Encoding
SSB of 100 GB Oraclellg DBMS
Workload1: 12 queries (no interaction) Server of 32 GB of RAM

Workload2: 22 queries (with interaction)

Intel Xeon CPU : 2x2.45 GHz
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Optimization in RDW by HDP

Considering query interaction

Incremental encoding for representing schemas

Pruning predicates and steering HDP by elected queries
Considering query interaction in other optimization techniques
Include MVPP optimization in Physical Design

InterPhase project
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