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Introduction

»+ Complex queries on raw data can be very

expensive in both CPU and I/0 cost

* Many of these queries are often repeated

or share common intermediate result

» Solution: Pre-computed information which

2007-12-1

can be used to speed up the answering of
queries or mining. Result returned can be
exact or approximate.
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Data Cubes

Two ways to look at them:

- As arelational aggregation operator to generalize
group-by and aggregate. Use to model data warehouse.
Also known as OLAP(On-line Analytical Processing)

- As the implementation for supporting the above
operator

Relational Operator

select model, year, color, sum(sales)
from car_sales

where model in {*chevy”, “ford”}
and year between 1990 and 1994
group by model, year, color
having sum(sales) > 0O;
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Data Cube: An Example

DATA CUBE
Model Year Color Sales
SALES ALL ALL ALL 942
Model Year Color Sales chevy ALL  ALL 510
Chevy 1990 red 5 ford ALL ALL 432

ALL 1990 ALL 343
ALL 1991 ALL 314
ALL 1992 ALL 285
ALL ALL red 165
ALL ALL white 273
ALL ALL blue 339
chevy 1990 ALL 154
chevy 1991 ALL 199
chevy 1992 ALL 157
ford 1990 ALL 189
ford 1991 ALL 116

Chevy 1990 white 87
Chevy 1990 blue 62
Chevy 1991 red 54
Chevy 1991 white 95
Chevy 1991 blue 49
Chevy 1992 red 31
Chevy 1992 white 54
Chevy 1992 blue 71
Ford 1990 red 64

Ford 1990 white 62 L%rgvy e
Ford 1990 blue 63 chevy ALL white 236
Ford 1991 red 52 chevy ALL  blue 183
Ford 1991 white 9 ford  ALL  red 144
Ford 1991 blue 55 ford ALL white 133
Ford 1992 white 62 et A
Ford 1992 blue 39 ALL 1990 blue 125

ALL 1991 red 107
ALL 1991 white 104
ALL 1991 blue 104
ALL 1992 red 59

ALL 1992 white 116
ALL 1992 blue 110
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Why the ALL Value?

* Need a new "Null” value (overloads the null indicator)
» Value must not already be in the aggregated domain
- Can't use NULL since may aggregate on it.

» Think of ALL as a token representing the set
- {red, white, blue}, {1990, 1991, 1992}, {Chevy, Ford}

* Rules for "ALL" in other areas not explored
- assertions
- insertion / deletion / ...

- referential integrity

- Follow "set of values" semantics.
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Data Cube: A Conceptual Views

- Provide a multidimensional view of data for easier
data analysis

Year
D 1990 1991 1992 sum
ob Ford ——8—0p——
J Chevy ————"— Red
sum l/ o
/| | Blue o©
l/ ©
/|| | White
sum
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Cube: A Lattice of Cuboids

0-D(apex) cuboid

model ]
1-D cuboids

model,year year color

2-D cuboids

3-D(base) cuboid
model,year,color
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A Concept Hierarchy: Dimension (location)

all all

region /Euro% W

country Germany ... Spain Canada ... Mexico

city Frankfurt vancouver ... Toronto
/\ RN

office L.Chan ... M. Wind
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A Concept Hierarchy: More examples

Sales volume as a function of product, month, and

region N o
Dimensions: Product, Location, Time
N Hierarchical summarization paths
S [T T 7777 |
& TS S ¥ Industry Region Year
TS S S S S
/ // Category Country Quarte
S AV J/
= AV Product City Month Week
O %
$ 7 L-
/// Office Day
Y4
Month
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Conceptual Modeling of Data Cube

* Modeling data cubes: dimensions & measures

- Star schema: A fact table in the middle connected to a set of
dimension tables

- Snowflake schema: A refinement of star schema where some
dimensional hierarchy is normalized into a set of smaller
dimension tables, forming a shape similar to snowflake

- Fact constellations: Multiple fact tables share dimension
tables, viewed as a collection of stars, therefore called galaxy

schema or fact constellation

2007-12-1 12




Example of Star Schema

time

time_key

day

day of the week
month

quarter

year

branch

Sales Fact Table

time_key

item_key 1

branch_key

branch_key

branch_type

branch_name

location_keye..,

units_sold

dollars_sold

avg_sales

Measures

2007-12-1

item
item_key
item_name
brand

type
supplier_type

location

location_key
street

city
province_or_street
country
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Example of Snowflake Schema

time

time_key

day

day of the week
month

quarter

year

V...
b,y
N
a,y

branch

branch_key
branch_name
branch_type

Measures

2007-12-1

Iitem
item_key
Sales Fact Table item_name
_ ' brand
Tu, tl me_key “" type
item_key ‘{“ supplier_key+
branch_key .
_ : location
location_key *.. | location_key
: units_sold | % street
city key
dollars_sold K
— avg_sales

-

supplier
supplier_key
supplier_type

city

city key

city
province_or_street
country
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Example of Fact Constellation

time

time_key

day

day of the week
month

quarter

year

““‘
>

"'.’.,.
.‘.,.'.
L

branch o°

branch_key
branch_name
branch_type

’V
Measures
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Sales Fact Table

time_key

item_key

branch_key

location_key

units_sold

dollars_sold

- avg_sales

item

item_key
item_name
brand

N type
supplier_type

location

Shipping Fact Table

time_key

item_key

shipper_key |..... .

from_location

.
o**
.
.
.

‘Al |ocation_key
street
city

country

province _or_street

to_location

dollars_cost

.,
o
L]
L]
L]
L]
L]
o
.
L]
.
L]
L]
L]
L]
L]
.
]
L]
.
L]
.
L]
.
L]
Y
“

units_shipped

shipper

v
shipper_key
shipper_name
location_key

shipper_type




Measures: Three Categories

distributive: if the result derived by applying the function to #
aggregate values is the same as that derived by applying the
function on all the data without partitioning.

» E.g., count(), sum(), min(), max().
algebraic: if it can be computed by an algebraic function with M

arguments (where M is a bounded integer), each of which is
obtained by applying a distributive aggregate function.

- E.g., avg(), min_N(), standard_deviation().
holistic: if there is no constant bound on the storage size needed
to describe a subaggregate.

- E.g., median(), mode(), rank().

2007-12-1 16



Typical OLAP Operations

Roll up (drill-up): summarize data

- by climbing up hierarchy or by dimension reduction
Drill down (roll down): reverse of roll-up

- from higher level summary to lower level summary or detailed data, or
introducing new dimensions

Slice and dice:

- select on one or more dimensions
Pivot (rotate):

- reorient the cube, visualization, 3D to series of 2D planes.
Other operations

- drill across: involving (across) more than one fact table

- drill through: through the bottom level of the cube to its back-end
relational tables (using SQL)

2007-12-1 17




Cube Alternatives in RDBMS

Physically materialize the whole data cube
- Best query response

- Heavy pre-computing, large storage space

Materialize nothing
- Worse query response

- Dynamic query evaluation, less storage space

Materialize only part of the data cube
- Balance the storage space and response

- Addressed in this paper

2007-12-1
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Motivating Example

Parts (p) are bought from suppliers (s) and then sold to
customers (c) at a sale price SP.

psc 6M 1. part,supplier,customer
/ (6M, L.e., 6 million rows)
\ 2. Part, customer (6M)
pc 6M ps0.8M sC6M 3 Ppart, supplier (0.8M)
‘ 4. Supplier, customer (6M)
p02M  s50.01M c0.1m © part (0.2M)
6. Supplier (0.01M)
\ / 7. Customer (0.1M)

none 1 8. None (1)

2007-12-1
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Questions

How many views must we materialize to get reasonable
performance?

» Given that we have space S, what views do we materialize so
that we minimize average query cost

+ If we're willing to tolerate an X% degradation in average
query cost from a fully materialize data cube, how much
space can we save over the full materialized data cube?

2007-12-1 20
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Dependence Relation on Queries

+ Q1, Q2 are two queries, Q1=Q2 if and only if Q1 can be
answered using only the results of query Q2, or we may say
Q1 is dependent on Q2.

- E.g. (part) =(part, customer), (part) =(customer), (customer)
=(part)

- Here, relation '=' is called partial order /

- All the views (querigs) of a cube L and dependence relations '<'is a
lattice, denoted as <L, =>

2007-12-1 22



Composite Lattices

Two kinds of query dependence

- Query dependencies caused by the interaction of the different
dimensions with one another.

- Query dependencies within a dimension caused by attributes
hierarchies.
Composite lattice
- H; is the hierarchy lattice of dimension;, then (q;,a,,...a,) =

(by,b,,...b,) if and only if a; =b; for all i.

2007-12-1
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Example

C
cp 5M customer
n c:individual customer
s 5M ch5.99M
n: country

none
np 5M c 0.1M

ns 1250  nt3750

\ part
p 0.2M 125 /\t p:individual part

S :
S. Slze

s 50 0 T: type

none

none 1
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View Queries

- Types of view queries
- Queries for the whole view

» Scanning of the whole view, cost are proportional to the size
of the view

- Queries for a single or small numbers of cells.
- The materialized view is indexed, about 1 (I/0)
» No index, the cost almost equal to scanning the whole view
- Assumption

- All the queries are identical to some element (view) in the given
lattice.

* In fact, complex access path to single cells may be used

2007-12-1
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Cost Model

Linear relationship between cost and size

T=m*S + ¢

T: running time of the query on the view

m: ratio of query time to the size

S: size of the view

c: a fixed cost (overhead of running this query on a view of

hegligible size)

Source size | Time(sec.) Ratio

From cell itself 1 2.07 | Not applicable
From view(supplier) 10,000 2.38 .000031
View (part, supplier) 800,000 20.77 .000023
View (part, supplier, 6,000,00 226.23 .000037
customer) 0)

2007-12-1
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Benefit to Materialize a View

<L, <> is a cube,

S =MV MV, ..MV} is asubset of L,all MVs are already
materialized. S always includes the top view.

A view Vel, the benefit of Vrelative to S is defined as follows.
1. For each W=V, define the quantity B, by

(a) Let Ube the view of least cost in S such that W = U. Note
that since the top view is in S, there must be at least one
such view in S.

(b) If C(V)<C(V), then B,=C(U)-C(V). Otherwise B,=0.
2. Define B(V,S)=%,-\B,

*actually, here B(V,S) indicates how much will be saved if V
IS materialized.

2007-12-1 27



Greedy Algorithm

Only k views are materialized in order to save the
space.

S = {top view};
For I=1 to k do begin

select that view V not in S such that B(V,S)
IS maximized;

5=S union {V};
End;
Resulting S is the greedy selection;

2007-12-1

28



Example for Greedy Selection

a’ Is the top view; The first loop, ‘b’ is 100

selected; the second loop, “f’ is selected,

the third loop, ‘d’ is selected 30 @75

20@ \@ Ef)ﬁm
ho
First Choice | Second Choice | Third Choice

b | 50X5=250

c | 256X5=125 | 25X2=50 25X1=25 .
If only a is

e |70X3=210 |20X3=60 20+20+10=50 cost is 800. If

f|60X2:120 | 60+10=70 bt

g | 99X1=99 49X1=49 49X1=49 mate_r lalized, total
cost Is 420

h|90X1=90 40X1=40 30X1=30

2007-12-1 29



Not an Optimal

Suppose k = 2. The first 200
loop, c is selected with

/
benefit 41X101=4141. The 100 () \ 100

second loop, b (or d) is — 99 —
selected with benefit 20 O \O O O
100X21=2100. node = > < °
Total benefit=6241. total < < < —
10000 O O O

But if a,b,d are selected,
total benefit =
20X100X4+2X100 = 8200

2007-12-1 30



However

Performance is guaranteed
- A/B>0.63 (A: optimal benefit; B: greedy benefit)

The views in a lattice are unlikely to have the same
probability of being requested in a query.
- Weight each view by its probability

Limited space may replace limited number of views

- need further considerations

2007-12-1 31
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Efficient Computation of Data Cubes

e Preliminary cube computation tricks (Agarwal et al'96)

e Computing full/iceberg cubes: 3 methodologies

— Top-Down: Multi-Way array aggregation (Zhao,Deshpande & Naughton,
SIGMOD'97)

— Bottom-Up:

e Bottom-up computation: BUC (Beyer & Ramarkrishnan,
SIGMOD'99)

e H-cubing technique (Han, Pei, Dong & Wang: SIGMOD’01)
— Integrating Top-Down and Bottom-Up:
e Star-cubing algorithm (Xin, Han, Li & Wah: VLDB’03)
e High-dimensional OLAP: A Minimal Cubing Approach
e Computing alternative kinds of cubes:

— Partial cube, closed cube, approximate cube, etc.

2007-12-1
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Preliminary Tricks (Agarwal et al. VLDB'96)

e Sorting, hashing, and grouping operations are applied to the dimension
attributes in order to reorder and cluster related tuples

e Aggregates may be computed from previously computed aggregates, rather
than from the base fact table

2007-12-1

Smallest-child: computing a cuboid from the smallest, previously computed
cuboid

Cache-results: caching results of a cuboid from which other cuboids are
computed to reduce disk I/Os

Amortize-scans: computing as many as possible cuboids at the same time to
amortize disk reads

Share-sorts: sharing sorting costs cross multiple cuboids when sort-based
method is used

Share-partitions: sharing the partitioning cost across multiple cuboids when
hash-based algorithms are used

34




Multi-Way Array Aggregation

e Array-based “bottom-up” algorithm
e Using multi-dimensional chunks All

e No direct tuple comparisons
e Simultaneous aggregation on multiple

dimensions A B C
e Intermediate aggregate values are re-used \\\
for computing ancestor cuboids
» Cannot do Aprioripruning: No iceberg AB AC

optimization \

ABC

2007-12-1

BC

/
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Multi-way Array Aggregation for Cube
Computation (MOLAP)

e Partition arrays into chunks (a small subcube which fits in memory).
e Compressed sparse array addressing: (chunk_id, offset)

e Compute aggregates in “multiway” by visiting cube cells in the order
which minimizes the # of times to visit each cell, and reduces memory
access and storage cost.

C ¢ 61 7 62 7 63 7 64
/ AR 0
Y 20 /~2n /21 /

What is the best

C

by 13| 14| 15| 16 traversing order
bd 9 to do multi-way
B aggregation?
bl 5 Jgred
bd 1 2 3| 4
a0 al a2 a3

2007-12-1 36




Order of computation

Two ways of ordering computation of a cube.
Which is more efficient ?

VAN
NN
L SN

ABC ABC

2007-12-1 37



Multi-way Array Aggregation for Cube
Compu’ra’rlon

* * *
C £ £
M ~ CZ/‘éA5m/ 4562/ 4763/ A

yd d c¥ _2qg 3 £ 31/ 24

pd bl 13| 14| 15 /16/
vd //

e B o 9
vd vd

yd b 5
A | .

11 a2 a
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Multi-way Array Aggregation for Cube
Computation

4{*{*** * oK KK &

® X 51 7 67 7 B3
A LCCZ/géAE/Aﬁ/LW/ﬂA
o c

// 03 14 | 15
d B

%
7 bl
// LA

*

11 a2 a

»*
»*
»*
»*
>
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Multi- Way Array Aggregation for Cube
Computation (Cont.)

* Method: the planes should be sorted and computed according to
their size in ascending order
— Idea: keep the smallest plane in the main memory, fetch and
compute only one chunk at a time for the largest plane
e Limitation of the method: computing well only for a small humber
of dimensions

— If there are a large number of dimensions, “top-down” computation
and iceberg cube computation methods can be explored

2007-12-1 40
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The Curse of Dimensionality

* None of the previous cubing method can handle high dimensionality!

e A database of 600k tuples. Each dimension has cardinality of 100
and zipf of 2.

1600

Full Data Cube —5¢— | |
Tceberg Cube,. Minsup=5% —F—
1400 - Quotient Cube —<— 1

1200 -

1000

800

600

Cube Size (MB)

400

7 8 9 10 11 12

Dimensionality
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Motivation of High-D OLAP

e Challenge to current cubing methods:
— The “curse of dimensionality” problem

— Tceberg cube and compressed cubes: only delay the inevitable
explosion

— Full materialization: still significant overhead in accessing results
on disk
» High-D OLAP is needed in applications
— Science and engineering analysis
— Bio-data analysis: thousands of genes

— Statistical surveys: hundreds of variables

2007-12-1
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Fast High-D OLAP with Minimal Cubing

e Observation: OLAP occurs only on a small subset of dimensions at a

time

e Semi-Online Computational Model

1. Partition the set of dimensions into shell fragments

2. Compute data cubes for each shell fragment while retaining inverted

indices or value-list indices

3. Given the pre-computed fragment cubes, dynamically compute cube cells
of the high-dimensional data cube on/ine

2007-12-1 44



Properties of Proposed Method

e Partitions the data vertically

e Reduces high-dimensional cube into a set of lower dimensional cubes
* Online re-construction of original high-dimensional space

e Lossless reduction

e Offers tradeoffs between the amount of pre-processing and the

speed of online computation

2007-12-1 45



Example Computation

e Let the cube aggregation function be count

e Divide the 5 dimensions into 2 shell fragments:

tid |A B C D E

1 al bl cl dl el
2 al b2 cl d2 el
3 al b2 cl dl e2
4 a2 bl cl dl e2
5 a2 bl cl dl e3

- (A, B, C)and (D, E)

2007-12-1
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1-D Inverted Indices

e Build traditional invert index or RID list

Attribute Value TID List List Size
al 123 3
a2 45 2
bl 145 3
b2 23 2
cl 12345 5
di 1345 4
d2 2 1
el 12 2
e2 34 2
e3 5 1

2007-12-1 47



Shell Fragment Cubes

e Generalize the 1-D inverted indices to multi-dimensional ones in the data

cube sense
Cell Intersection TID List List Size
al bl 123 45 1 1
al b2 123 3 23 2
a2 bl 45M145 45 2
a2 b2 |45m23 X 0

2007-12-1 48



Shell Fragment Cubes (2)

e Compute all cuboids for data cubes ABC and DE while retaining the

inverted indices

e For example, shell fragment cube ABC contains 7 cuboids:
— A, B, C
— AB, AC, BC
— ABC

» This completes the offline computation stage

2007-12-1
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Shell Fragment Cubes (4)

e Shell fragments do not have to be disjoint

* Fragment groupings can be arbitrary to allow for maximum online
performance

— Known common combinations (e.g. <city, state>) should be grouped

together.

e Shell fragment sizes can be adjusted for optimal balance between

offline and online computation

2007-12-1 50
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ID Measure Table

e If measures other than count are present, store in ID_measure table
separate from the shell fragments

tid count sum
1 5 70
2 3 10
3 8 20
4 5 40
5 2 30

2007-12-1 51



The Frag-Shells Algorithm

1. Partition set of dimension (A,,...,A,) into a set of A fragments (P,,....P.).
Scan base table once and do the following
insert <tid, measure> into ID_measure table.
for each attribute value a; of each dimension A,
build inverted index entry <a,, tidlist>

For each fragment partition P,

N o o > w PN

build local fragment cube S. by intersecting tid-lists in bottom-

up fashion.
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Frag-Shells (2)

Dimensions

A|B|C|D|E

F

J

Y Y

ABC DEF
Cube Cube

2007-12-1

D Cuboid
EF Cuboid
DE Cuboid
Cell Tuple-ID List
dl el {1,3,8,9}
dl e2 {2,4,6, 7}
d2el {5, 10}
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Online Query Computation

u For example, returns a 2-D data cube.

(a1, b, c1,* , el) (8,8,,...,a, : M)
TN W

2007-12-1
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Online Query Computation (2)

e«  Given the fragment cubes, process a query as follows
1.  Divide the query into fragment, same as the shell

2. Fetch the corresponding TID list for each fragment from the
fragment cube

3. Intersect the TID lists from each fragment to construct
instantiated base table

4. Compute the data cube using the base table with any cubing algorithm

2007-12-1 55
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Online Query Computation (3)

AB|C|IDIE|F|6|H|T|J|K|L|[M|INJ|..

Y Y

N J J \ RN
Y Y Y

2007-12-1



Qutline

Introduction

Data Cubes

- Concepts/Modeling
- Views selection

- Cube computation

- High dimension cube
- Other issues

Data Reduction:

- One-Dimensional Synopses: Histograms, Wavelets

2007-12-1

S7




Other Issues: Order of Materialization(IT)

Two ways of ordering computation of a cube.
Which is more efficient ?

VAN
NN
o SN

ABC ABC
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Other Issues: Efficient Range Query Processing

What if we want to restrict our aggregation to certain range of values
in each dimension ?

Eg. Total number of people with (25<age<=35) and (160 < height <180)
which is highlighted in

age

height 3 5 1 2 2 3

2007-12-1 59



Other Issues: Efficient Range Query Processing(II)

Potential Solution: Pre-computed prefix-sum array

age
sum
heioghtl | 3 15| 1|2 |2|3| M |3|8|9/|11]13]16
7 26|82 7 (10]12 |18 |26 |28
4 |2 3|3 |5 2|1 6|8 (111419
sum along
COM
sum =(40-11)-(24-8)
=13 10 | 18 | 21 | 29 | 39 | 44

12 |24 29 {40)| 53 | 63
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Other Issues: Efficient Range Query Processing(III)

 What about range max query ?
* What if the cube is sparse ?
* What happen if update is required ?

2007-12-1 61



From On-Line Analytical Processing to On
Line Analytical Mining (OLAM)

Why online analytical mining?

High quality of data in data warehouses

- DW contains integrated, consistent, cleaned data

Available information processing structure surrounding data warehouses

- ODBC, OLEDB, Web accessing, service facilities, reporting and
OLAP tools

OLAP-based exploratory data analysis

- mining with drilling, dicing, pivoting, etc.

On-line selection of data mining functions
- integration and swapping of multiple mining functions,
algorithms, and tasks.

Architecture of OLAM

2007-12-1
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An OLAM Architecture

Mining |query MmmgTresuIt L averd

“ooUserInterface

User GUI API

Layer3

<
OLAP/OLAM

Data Cube API

Layer2

MDDB

Filtering Database API Filtering
Layerl
Data cleaning Data

Data integration Repository
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Data reduction

Volume of data that must be handled in databases and data
warehouses can be very large- terabytes of data are not
uncommon

Analyses and mining can be complex and can take a very long
time to run on complete data set. There is also a need to do
some estimation of the data distribution in order to
formulate good query plan (or mining plan)

+ Is it possible to have a reduced representation of the data
set that is much smaller in data volume and yet produce the
same analytical result ?
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Measure of Performance

- Reduction Ratio

- Size after reduction/Size before reduction

- Secondary Measure
- Progressive Resolution
- Incremental Computation
- Speed of reduction - as long as not too slow

- Speed of retrieval - more important

2007-12-1
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Numerosity vs Dimension Reduction

Numerosity Reduction
- Reduce the number of distinct values or tuples
- Can involve one or more dimensions
- Methods include
* histograms, wavelet, sampling, clustering, index tree

Dimension Reduction

- Reduce the number of dimensions

- Have to involve more than one dimensions
- Methods include

- Singular Value Decomposition (SVD), local
dimensionality reduction

Of course, you can try to do both
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Parametric vs Non-Parametric Techniques

Parametric

- Assume a model for the data and the aim is to estimate the parameters for
the model

- Example: log-linear model, SVD, linear regression...
- Advantage: Give good reduction if correct model and parameters are found
- Disadvantage: Parameters are hard to estimate
Non-Parametric
- Opposite of parametric method, assume no model
- Example: histogram, cluster, index tree
- Advantage: No need to set parameters

- Disadvantage: Less reduction

Sampling: Neither parametric or non-parameftric

2007-12-1 68




The Data Reduction Cycle

more
efficient
processing

=
=
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Qur Focus of Studies

One-Dimensional Synopses
- Histograms: Equi-width, Equi-depth, Compressed, V-optimal

- Wavelets: 1-D Haar-wavelet histogram construction
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Histograms

+ Partition attribute value(s) domain into a set of buckets

- Issues:
- How to partition
- What to store for each bucket

- How to estimate an answer using the histogram

+ Long history of use for selectivity estimation within a query
optimizer [Koo80], [PSC84], etc.

[PIH96] [P0097] introduced a taxonomy, algorithms, etc.
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1-D Histograms: Equi-Depth

Count in
bucket

1234567891011121314151617181920 Domain values
Goal: Equal number of rows per bucket (B buckets in all)

Can construct by first sorting then taking B-1 equally-spaced splits

12234789101010101111121214161618 19 20 20 20
t t t t t

Faster construction: Sample & take equally-spaced splits in sample
- Nearly equal buckets
- Can also use one-pass quantile algorithms (e.g., [6GKO1])
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1-D Histograms: Compressed

[PTH96]

12345678910111213141516171819 20

Create singleton buckets for largest values, equi-depth over the rest

Improvement over equi-depth since get exact info on largest values,
e.g., join estimation in DB2 compares largest values in the relations

Construction: Sorting + O(B log B) + one pass; can use sample
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1-D Histograms: V-Optimal

[IP95] defined V-optimal & showed it minimizes the average selectivity
estimation error for equality-joins & selections

- Idea: Select buckets to minimize frequency variance within buckets
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One-Dimensional Haar Wavelets

+ Wavelets: mathematical tool for hierarchical decomposition
of functions/signals

Haar wavelets: simplest wavelet basis, easy to understand
and implement

- Recursive pairwise averaging and differencing at different

resolutions
Resolution Averages Detail Coefficients
3 [2, 2,0, 2, 3,5, 4, 4]
2 [2, 1, 4, 4] [0, -1, -1, O]
1 [1.5, 4] [0.5, 0]
0 < [2.75] 1 [-1.25]

\ / R e

Haar wavelet decomposition: [2.75, -1.25, 0.5, 0, 0O, -1, -1, O}
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Haar Wavelet Coefficients

» Hierarchical decomposition structure
(a.k.a. “error tree") Coefficient “Supports”

2.75 +

125 LT

Original data 0 +
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Wavelet-based Histograms [MVW98]

- Problem: range-query selectivity estimation

» Key idea: use a compact subset of Haar/linear wavelet
coefficients for approximating the data distribution
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Using Wavelet-based Histograms

Selectivity estimation: sel(a<= X<= b) = C'[b] - C'[a-1]
- C'is the (approximate) "reconstructed” cumulative distribution

- Time: O(min{b, logN}), where b = size of wavelet synopsis (no. of
coefficients), N= size of domain

+ At most logN+1 coefficients are
b needed to reconstruct any C value

NS

Cla]

Empirical results over synthetic data
- Improvements over random sampling and histograms (MaxDiff)
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Essential Readings

o Data Mining Concepts and techniques. Chapter 2,3,4

o [Gray+96]J. Gray, S. Chaudhuri, A. Bosworth, A. Layman, D.
Reichaxt, and M. Venkatrao. “Data Cube: A Relational Aggregation
Operator Generalizing Group-By, Cross-Tab, and Sub-Totals”. In
DMKD, pages 29-53. Kluwer Academic Publishers, 1997.

o [JKMO98] H. V. Jagadish, N. Koudas, S. Muthukrishnan, V. Poosala,
K. Sevcik, and T. Suel. “Optimal Histograms with Quality
Guarantees”. VLDB 1998
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Optional Readings

« Bar+97] D. Barbara, W. DuMouchel, C. Faloutsos, P. J. Haas,
J. M. Hellerstein, Y. loannidis, H. V. Jagadish, T. Johnson, R.
Ng, , V. Poosala, K. A. Ross, and K. C. Sevcik. “The New
Jersey data reduction report”. Bulletin of the Technical
Committee on Data Engineering, 20(4), 1997.

 [MVWO8] Y. Matias, J.S. Vitter, and M. Wang. “Wavelet-based
Histograms for Selectivity Estimation”. ACM SIGMOD 1998

e« [HG04]X. Li, J. Han, and H. Gonzalez, “High-Dimensional
OLAP: A Minimal Cubing Approach”, Proc. 2004 Int. Conf. on
Very Large Data Bases (VLDB'04), Toronto, Canada, Aug.
2004,
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