MOAYAIAZTATA EYPETHPIA

[Lavvng Kwtidnc



[Tou BploKOpaOTE

» Eupemnpia evog (iowg ouvBeTou)
YVWPIOUATOC
— ATTAQ eupETNPIO
— B*-trees

— KaTtakepuaTIOHOC

* 2TATIKOG
—=> * Auvapikég (Extendible, Linear Hashing)

* [ToAudidoTaTa eupeTnpPIa



Mapadeiyua

* Bpec TIC eyypagec TNC oxEonc Employee
TTOU IKAVOTTOIOUV TIC OUVONKEC

DEPT ="Toy” AND SAL > 50k



[Tapadoxn

e 2TN YEVIKN TTEPITITWON, VA EUPETHPIO OU
TTPOCPEPEI (ME YPNYOPO TPOTTO) OEIKTEC
(pointers) TTpo¢ TN 60N OOWYV EyypPaPwWvV
O0TO OIOKO IKOVOTTOIOUV [ia ouvenkn



2.TPpaATNVYIKNA I

« XPNOIYOTTOINOE EUPETNPIO TO YVWpPIoHa Dept.

— ATTO TO EUPETIPIO PBPICKW TIC EYYPAYPESC OTTOU Dept =
“Toy” ka1 oTn ouveEXEla eAEyXw av SAL>50K

T yiveTal av ol TTEPIOCOTEPO!
UTTAAANAOI OOUAEUOUV OTO
Dept="Toy", evw TTOAU Aiyol aTT0
QuTOUC £xouv SAL>50K?

— I1

/1IN




2Tpatnyikn Il:

« XpNOIYOTTOINOE 2 aVveECAPTNTA EUPETHPIC
— [ape TRV TOUN TWV AMICTWYV ATTO pointers

— Toy —
SAL>50K

- N Mia atro TIC OUO AIOTEC UTTOPEI va Eival
LMEYAAN (TTAPOTI N TOPN TOUG €ival UIKPN)

- Yaxvw o€ OUOo eupeTNpPIa avTi yia 1

- guyva dgv UAoTTOIEITAI




2Tparnyikn lll-a:

* Eupetnplo og TTOAAQTTAG yVwpiouaTa

[1: EUPETAPIO OTO NPWTO YVWPIOUA
I2,13: eupetnpIa oTo OUTEPO YVWPIOHA



[Tapadelyua

10k ;
s
Art | 1/K | 7
N 21k
Toy \\ Eyypaon
Dept 12k // Name=Joe
15k -| DEPT=Sales
Index 15k | < SAL=15k
19k N
Salary
Index




[ 10 TTOIEC EPWTNOEIC €ival TO
TTPONYOUUEVO EUPETNPIO ATTOOOTIKO;

Dept = “Sales” AND SAL=15k
Dept = “Sales” AND SAL > 15k
Dept = “Sales”

SAL = 15k




21patnyikn Hl-b

* Eupetnplo oe auvBeTo KAsI0i (Dept,SAL)
— Iy (Sales,10K)

10



AANO TTAPAOEIVHA:
Xwplikec Baoeic Asedopevwy

2. Xeon Restaurants:
<X1,Y1, Attributes>
<X2,Y2, Attributes>

12



[TapadeiypaTa XWPIKWV
ETTEPWTNOEWV
 POINT QUERY (avalntnon onpueiou)

— [olo gival 1o eoTiatopIo aTn B€an <XI,Yi>;
« RANGE QUERY (avalntnon eupoug)

— Bpec OAa Ta 0TIATOPIO O ATTOOTACN MEXP! KAl S
XINIOPETPa aT1Td TN B€0n pou <Xi,Yi>

* NEAREST NEIGHBOR QUERY

(avalNTnon KOVTIVOTEPOU YEiTOVa/WV)

— [1olo gival To KOVTIVOTEPO ECTIATOPIO ATTO TNV
TpExouoa BEon pou <Xi,Yi>;

13
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) RANGE QUERY

O

17
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Transformed Range Query

O i e

False positive
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NN-Queries

* Bpec Ta 3 KOVTIVOTEPA ECTIOTOPIO O€ Ui
ToTT00E0ia Q

— Avagepetal ws NN (g) (k=3) avadntnon

* To epwTNUO OEXETAI 2 TTAPAMETPOUC
—Tn Béon g

— Tov apIBuo TWV KOVTIVOTEPWYV YEITOVWYV TTOU
avalntw K

20
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Nearest Neighbor Query Results (k=3)

O

22



AANNEC EQAPUOYEC JE TTOAUDIACTATA
OeOOMEVA

* Mechanical CAD

« VLSI

* Bio Medical Imaging

« OLAP

23



On-Line Analytical Processing
(OLAP)

AvaAluon TTWANOEWYV (TTX OUVOAIKEC TTWANROEIC ava pyayadi Kal
TTPOIOV)

Product
2 3

$468 $800
$296 - $240
$652 -  $540 $745

24



ATT00NKEeC AedOPEVWV

* Multi-dimensional space
— 2uvnBlwcg 20-30 SN
OIAOTACEIC
— 2-6 €TTITTEDA IEPAPXIAC OE
KGBe dilaoTaon

_ I_IX Tonoeao-l’a E\Bl\ri(%ﬁgo?gl) Cross ;’ag |
’ 7 e By Color ChevyFord By Color
Mayadi->1ToAn->vouog—> e o
X(bpa oE By Make NI

Sum
Sum u

25



[ToAudiaoTaTta Eupetnpla

AlguepIoPEVOC KATAKEPUATIOUOC
Space filling curves

K-D-Tree

Quad-Tree

R-tree

26



XpNon KATaKEPUATIOMOU;

« Xpelaloual eupetnplo ota (Dept,SAL)
* MtTopw va XpnolIJoTToINow Mid
ouvaptnon h(Dept,SAL) PE TIMEC OTO
dlactnua [0,b-1];
— OK via Dept="TOY” AND SAL=15K
— Tiyivetal av waxvw yia Dept="SALES™?

27



AIQUEPIOUEVOC KATOKEPUATIOUOC

Keyl

010110(1110010

Y Y

f f

Partitioned hash function
h(key1,key2)="h1(key1)h2(key2)”

Key?2

28



[Tapadeiypa (Dept,SAL)

N1(toy)
n1(sales)
n1(art)

N2(10K)
N2(20Kk)
N2(30k)
N2(40k)

Insert )

=0
=1
=1

=01
=11
=01
=00

000
001
010
011

100
101

110
111

<Fred>

<Sally>

<Joe>

<Fred,toy,10k>,<Joe,sales,10k>
<Sally,art,40k>

29



Bpecg uttaAAniAoug ottou Dept=Sales AND SAL=40k

n1(toy) =0 000
n1(sales) =1 001 <Fred>
n1(art) =1 010

. 011
2(10k) =01 100
N2(20k) =11 101 <Joe>
n2(30k) =01 110
n2(40k) =00 111

Record: <Sally,art,40k>

False Positive: ©a diaacel Tnv eyypagr) kal 6a TNV atroppiyeEl




Bpecg uttaAAnAoucg ottou SAL=30k

n1(toy) =0 000 <Fred>

nl(sales) =1 001 <joe><Jans—>-

iar) =1 010 cvar> | )
: 011

2(10k) =01 100 <Sally>

2(20k) =11 101 > —

N2(30k) =01 110 <Tom><Bill>

12(40k) =00 1111 <Andy>

Wa&e auta Ta buckets

31



Bpecg uttaAAnAoug ottou Dept=Sales

n1(toy) =0
nl(sales) =1
n1(art) =1
h2(10k) =01
n2(20k) =11
n2(30k) =01
n2(40k) =00

000 <Fred>

001 <Joe><Jan>
010 <Mary>

011

100 T <SaTW>

101

1101 <Tom><Bill>
1111\ <Andy> /

Wake 0w

32



Why Multi-dimensional indexing
IS hard?

N
’ AN
! \
! \
! \
! \
! 1
I 1
! 1
| @ ’
i 1
' [
\ ’
A ’
\ -- ,
A ’
N

~ =~ -

It becomes harder to maintain locality of multidimensional data,

when dimensionality increases

Disk pages
Recl Rec4 Rec’/
Rec2 Rech Rec8
Rec3 Rec6

Ideally, we want nearby points
to be stored in the same or in

adjacent pages on disk

33



Space filling curves

* Objective: map n-dim points into 1-dim space
« Assumption: space has finite granularity
— e.g. 232 x 232 grid

« Example with 4x4 grid :

1 loloy 1!

10

01 @) I i IO
00 O

00 01 10 11



Simple Idea

 Map data row-wise

R e e
lﬂ.ﬁtiz_i:%.
01 (@[T~
00 [Q{ D 1=

00 01 10 11

Is it good?

Consider a larder grid

36



Preserving locality?

®
@O[O] 10[O] 0] [10]10]O

\ J
|

All these points will be mapped/stored in between A and B




Z-ordering

« A.k.a. bit-shuffling/linear-quadtrees
— few long jumps
— scoops out a whole quadrant before leaving it
— thus the name space filling curves

11
10
01
00

R

00 01 10 11

Apply recursively

11
10
01
00

ke

00 01 10 11

38



11

10

01

00

Z-values

13

5] ‘\Ik7 \\\ 15

N

NN
\2 \]8 \10

00

01

10

11

39



Z-ordering

 How to compute z-value ?
— recursive computation, bit-shuffling, linear

guad-trees
A
Z, = shuffle(x,, y,) = shuffle(“01”, “11”)
11 Nl A [\.
10 N Q = 0111 = (7)49
01 Zg = shuffle(*“10”, “01”) = 1001 = (9),,
00
00 01 10 11
B

Similar computation for d>2 dims

40



Implementation

 Use a B-tree to index the z-values

— E.g. use z-value as a key in order to index the
multidimensional records

:
NN

10 N N
v
00

00 01 10 11
B

— Can be also utilized in (key,value)-stores 42



Range Queries

* A range (rectangular) query in 2-d is
mapped to a set of ranges in 1-d
— Trick: decompose only non-full guadrants

Qa
P
11: NN [\. Q, = range [4,7]
fivan
01 Qg = ranges [2,3] and [8,9]
00 ||
00 01 10 11

Qe

43



Space filling curves

* We want points that are close in 2-d to
be close In the 1-d

« Z-curve has some “jumps” that we
would like to avoid

 Hilbert curve avoids the jumps:
recursive definition

44



Image from Wikipedia

Hilbert Curve

45



Hilbert Curve - detalls

It has been shown that in general Hilbert is better
than the other space filling curves for retrieval [Jag90]

« H; (order-i) Hilbert curve for 2'x2' array

1]

-

|

l _I_

—
-

-
L

H,

Nl
el

Hneay
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2.TN OUVEXEIQ. ..

* Hierarchical (tree-based) multi-
dimensional indexes
— K-D Tree
— Quad Tree
— R-Tree

56



1-Dimensional Range
Searching

O
O

O
O
O
O
O
O
O

O
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1-Dimensional Range
Searching

O
O

O
O
O
O
O
O
O

O
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1-Dimensional Range
Searching

O
O

O
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1-Dimensional Range
Searching

LN T T T TN T NS
21 (1451|061 |77 109 12111130141 | | 157
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Vk\\\
157

130 | | 141

121

77

R [
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Binary Search Tree

100
50 | 125

20 165 115 150

1 |I
'/\/\'/\

15 |

o1 [[asfe1][77] | [109] [121]130]|141] [157
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o T

© o
R ﬁ i

15 61| |77 109 12111130141 | | 157




Range Search: [40,110]

/\@

115 //

RWA

1571211145 (|61 | |77 109 1211 (130|141 | | 157

64



1-Dimensional Range
Searching

Etficiency:

O(log N) + output size

N = # indexed points

65



K-D Tree

O

66

Data K-D Tree



X<a

O

67

K-D Tree

Data



a
o
o
g o
o - ©
g o
| q
p___ 2 mmmmmm-s
O 0O
| o
o OO
o

Data

ALY

y<q

K-D Tree

\y2q
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K-D Tree
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K-D Tree

Data
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a
b i C
1 O E ;
o
I i O
r s A
............. A
O ©
O
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O 0O
w0
ow! iV
- © |
e d

Data

Split on X

Ol w

Split on Y

Split on X

d

\plit onY

S

SV ANFAN

O O O O
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K-D Tree



a
. ”
o
_____________ i O
r S A
_____________ R
O ©
O
i q
Oy
o o
_____ u_ 0
ow .V
© i
¢ d

Data

Search for (x,y)

X<a

X>b

K-D Tree

A\
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Search rectangle

r

74

K-D Tree

Data
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K-D Tree

Data
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K-D Tree

Data
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K-D Tree

Data
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K-D Tree

Data
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o O
False positive (discarded)

_— s e e e s S . .
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K-D Tree



K-D Tree: Range Search

Eftticiency:
O(VN + output size) (2 dimensions)

1-1/d , ,
O(N + output size) (d dimensions)

N: # of indexed points

80



KD-trees In secondary storage

= 1000 leaves =
l0g,(1000) =

CSalary 150

—— ol -
- g

10 levels. Age.
" It each internal Gosory ) [r0a10] ooy son>) 3027
node is stored = 0,260

In one block
then too many
disk I/O’s 22 =2

e Solution:
Group nodes
Into blocks

81



K-D-B Tree: Disk based K-D Tree

* More than one points per leaf
* 1 Leaf =1 Disk block

« Pack multiple internal nodes into 1 disk
block

Not very clean

No strong guarantees about space

82



Quad Trees

83



Quad Trees

O
o O
O
O
o O
O
O O ©
o O
O
o O
O
© O
© O
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Quad Trees

||||||||||||||||||||||||||||||||
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I =

|||||||||||||||||||||||||||||
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Quad trees lNapadelyua 2

(UTTOBETW KABE PUAAO XWPAEl 2 eyyYPOPEQ)

2.€ avrtiBeon pe 1o K-D-tree ol
KOM[BO!I OTTAve TAUTOXPOVA O€
OAEG TIC DIACTACEIG

[la v dlaoTAoEIC KABE
EOWTEPIKOC KOPPBOC £xel 2V
TTaidId

2.€ KOBe diadoTaon OoTTAW OTN
HMEON TO TTEDIO TINWV

Unbalanced tree [Age 50, Sal 200]

s053<2%

400 o @
)
o C
Sal e
ol".g.‘l.f
o i :ﬁ
0 Age 106
« o |Age 25, Sal 300
I d ab
: ] — 86




Roadmap

« Multl-Dimensional Indexes

—)> — R-Tree

87



R-Tree

o XpPNOIUYOTIOIEITAI VIO AVTIKEIMEVA d-
dlacTtaocewyv (d-dimensional boxes)

* Y1rootnpilel TTANBOC epwTNUATWY
— Range queries (containment)
— Intersection queries (overlap)
— “Proximity” queries
* NN-Queries, Reverse NN-Queries

— NANBoC GAAWV epappoywv: skylines,
cubetrees, etc

88



R-Tree

Ta 1..12 ival dicdiadoTara
QVTIKEIJEVA VIO TA OTTOIA

XPEIGdopal EVa XWPIKO EUPETAPIO 1
2
3
4
5
1
6
11
—— 7
vl )
8
10

89



Minimum Bounding Rectangles

e Ta xwpika 0edopEva
OMadOTTOIOUVTAl OTA PUAAC
— KdaBe oudda mrepiypageTal JEOW [—=—=—==- +-1  F
eVOG vEou opBoywviou (MBR) tToU
TNV TTEPIKAEIE
« Ta MBRs opadoTrolouvTal JE TN
oclpd TOUG OTA AvwTEP o
eTTiTTEOA TOU R-tree R —

e 2710 TTapadeiyua Ta E,F,G,H civai |
Ta MBRS Twv @UAAWYV TOU |
|
|

OEVTPOU
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R-Tree
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Minimum Bounding Rectangle
(MBR)
+ C = {Low_X,Low_Y,Hi_X,Hi_Y)

y
C (Hi_X,Hi_Y)

l
: !

I !

I G : e - — - -
!

I !

(Low_X,Low_Y)




R-Tree: EocwTEpIKOi KOU[BOI

n “key” slots

(MBRs)

R1 R2

R3

n pointer slots

/

~—

/

Mpo¢ ecwTEPLKOUC KOUBOUC
N dUAAA TOU SEVTPOU PE
QVTLKELMEVA TTOU
eowkAelovtal oto MBR R1

—
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R-Tree

anoBnkevel Ta MBRs
TWV EVOIQUECTWV

PiCa Tou devTpou,
KOMBwWV

P o s . e . . .
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B
E | F
) / x G \
4 5 § 1 2 10 1 11 | 12

R-Tree
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2nNuavTikn lNaparnpnon

Ol E0WTEPIKOI KOUBOI uTTopouV va
sTTIKOAUTTTOVTOI!!!

Alapopa atrd OAa Ta EUPETAPIT
TTouU €idape w¢ Twpa!

96




Intersection, containment Queries

Q)¢ amrdvTnon o€ £va XWPIKO pwTnua
Q 10 R-tree avakaAei OAoucg Toug
KOMBoug, To MBRS Twv OTTOiWV €XEI 1N
MNOEVIKN ETTIKAAUWYN PE TO EPWTNMA

270 QUAAQ €TTIOTPEPOVTAI OAA TO
OedoUEVA TTOU £XOUV ETTIKAAUWN
(intersection query) | EYTTEPIEXOVTAI
TTANPWG OTO EpwTNUa (containment
query)

2.TO TTApAdEIyua, TO containment query
Q avakaAegi Ta QUAANa E,G,H kal yéoa
atrdé autd Ta dedouéva 5,7

— ’'Eva intersection query Ba €TECTPEPE
(emimTAéov TV 5,7) kal Ta 8,9
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Avalnon

(containment)

e o - - - e e -

12

11

e\

10
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= AUO €nIBUPNTA XapaKTNPIOTIKA Twv MBRS COHSthCtIOﬂ

= EAaxioTonoinon enikaAuync (overlap)
= EAaxioTonoinon kevou Xwpou (dead space)

Mia avalnTtnon o€ : |
auTo TO onueio Ba | |
u(l:JlZ oényﬁrlflil oTOV /E—f | Mia avadntnon €dw Ba pag
Koupo E vy dev =~ odnynoe! aToug Koppoug E,F
undpxel avtikeipgevo _U____, —— 1 EVO) HOVO O MPWTOG MEPIEXE!
oTO OUVKEKDILEVD  'e=—= G 1] 7 | QVTIKEiPEevo (4) Mou pag
s ' |_ 1 o' evdiapepel

OnNMEIo :17 Lo I

| I === !

! : H
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[1€PI000TEPEC AETTTOUEPEIEC

R-Trees: A Dynamic Index Structure for
Spatial Searching; A. Guttman, SIGMOD ‘84

102




