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Abstract

This paper proposes a new dimensionality reduction technique
and an indexing mechanism for high dimensional data sets in
which data points are not uniformly distributed. The pro
posed technique decomposes a data space into con ex poly
hedra and the dimensionality of each data point is reduced
according to which polyhedron includes the data point. ne
of the ad antages of the proposed technique is that it reduces
the dimensionality . This local dimensionality reduction
contributes to impro e indexing mechanisms for non uniformly
distributed data sets.

To show the applicability and the e ecti eness of the pro
posed technique this paper describes a new indexing mech
anism called le  ompact ile which is a re ised

ersion of the le. ith the proposed dimensionality re
duction technique the si e of data points stored in index les
can be reduced. urthermore it can estimate upper and lower
bounds of each entry in index les by using geographic prop
erties of con ex polyhedra. esults from experimental simu
lations show that the le is better than the le for
non uniformly distributed real data sets.
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Constructing e cient inde ing mec anisms for ig
dimensional data as been a c allenging topic
because of t e Some of
recent researc es conclude t at it is in erently
impossible to construct e cient inde ing mec -
anisms under t e assumption t at data points
are uniformly distributed and dimensions are not
correlated erc toldetal,1 7 weyeretal,l
e can observe suc a kind of problem in t e
pyramid-tree tec ni ue erc toldetal,1 8 ic
maps -dimensional points into a 1-dimensional space
and uses a  -tree to inde t e l-dimensional space
igure 1 illustrates t e range uery of lengt in
pyramids of a unit space Int is gure, if t e center
of t e uery is placed in one of t e  ite trian-
gle areas, t e searc procedure can be locali ed to
t e triangle T at is, e can omit to ¢ eck data
points stored in ot er triangles If data points are
uniformly distributed, t e probability t at a uery is

opyright ¢ ustralian omputer ociety nc. This pa
per appeared at the Thirteenth ustralasian atabase onfer
ence elbourne ustralia. onferencesin esearch

and ractice in nformation Technology ol. iaofang hou
d. eproduction for academic not for pro t purposes permit
ted pro ided this text is included.

locali ed to a single triangle is proportional to t e to-
tal amount of t e areas of triangles o ever, t is

amount is rapidly decreasing as t e dimensionality
ig er Actually, t e total amount of areas

, and t is amount becomes
is large, even if

becomes
of triangles is 1

almost 0 en is very small

igure 1: ange uery in Pyramid-tree
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o ever, it is very unlikely t at data points in
real data sets are uniformly distributed and dimen-
sions are independent of eac ot er igure is a

istogram of t e unit color feature vector space of a
certain image data set T is gures o st e distri-
bution of coordinate values composing vectors in t e
data set In t is data set, about 78 5 of coordinate
values arein t erange 00 005 , and about 11 of
coordinate values of all data points are in t e range

00501 T is means t at almost all vector com-
ponents ave values of nearly 0, data points are not
uniformly distributed

y e ploiting t e non-uniformity of real data

sets, e can ave room for avoiding t e di-



kinds of researc
clustering called

mensionality curse Suc
ork include t e pro ected
P C USAggar aletal,1 T is cluster-
ing algorit m nds subspaces, in  ic a subset of
data points are close toget er, from original ig
dimensional space In t is algorit m, eac subspace
is composed of a small set of dimensions T e sets
of dimensions selected for eac subspace may not
be identical T at is, dimensions are reduced
for eac cluster T is tec ni ue is also useful for
constructing inde ing mec anism
To scale to ig er dimensionality, a com-
monly used approac is t e dimensionality re-
duction T e ast ap tec ni ue proposed in
aloutsosetal,1 5
pro ects data points in an Euclidean space into its
subspace In S ino araet al, 000, anot er tec -
ni ue applying t e ast ap to distance space is
proposed T ese tec ni ues reduce t e dimensional-
ity T erefore, all data points are represented
in a common reduced subspace
Int is paper, e propose ane dimensionality re-
duction tec ni ue Unliket e ast ap,t e proposed
tec ni ue reduces t e dimensionality ,ie,t e
set of selected dimensions for a data point may di er
from t e ones for ot er data points T islocal dimen-
sionality reduction contributes to improve inde ing
mec anisms for non-uniformly distributed data sets
ne of t e ma or advantages of t e proposed tec -
ni ueist at it e ploits geograp ic properties of con-
ve poly edra In general, -dimensional unit yper-
cube can be decomposed to conve poly edra ic
are clipped by lo er dimensional yperplanes e re-
duce t e dimensionality of eac data point according
to ic poly edron includes t e data point T is
approac is very e ective to decrease t e loss of in-
formation caused by t e dimensionality reduction
T e proposed tec ni ue is idely applicable to a
class of inde ing mec anisms To verify t e e ec-
tiveness of t e tec ni ue, e apply it to t e A-
le eberetal,l 8 and construct anot er inde -
ing mec anism called C A- le Compact A- le
y t e proposed dimensionality reduction tec ni ue,
e can reduce t e si e of data points stored in in-
de les urt ermore, e can estimate upper and
lo er bounds of eac entry in inde les by e ploit-
ing t e properties of conve poly edra esults from
e perimental simulationss o t ee ectivenessoft e
proposed tec ni ue
T e remainder of t is paper is organi ed as fol-
lo s Ne t section e plains our idea it a simple
-dimensionality e ample enerali ed description of
t e idea and de nition of t e conve poly edra used
int e proposed tec ni ue are given in Section 3 Sec-
tion describes t e structureof t e C A- leand t e
mec anism to estimate t e lo er and upper bounds
by t e poly edra Section 5 con rmst ee ectiveness
of t e proposed tec ni ue it somee periments us-
ing real data sets Section concludes t is paper

t t A r ac

T is section e plains t e idea of our approac it

a simple -dimensional e ample as illustrated in ig-
ure 3 Data space is normali ed into a unit s uare
and t us any data point can be represented by t o

coordinates on and range over 0,0 to 1,1
In t is gure, lines and 1 divide
t e space into  dis oint triangles T ese triangles
ave base lines 0 1 0 and 1
respectively is called t e oft et o
triangles and because it parallels or is

t e base line of eac of t eset o triangles Similarly,
is called surface a is of t e ot er t o triangles
Eac data point as s orter distance to t e base line

of t e triangle ic includes t e data point t an to
base lines of ot er triangles or e ample, in igure
3 a t e data point as s orter distance to base
line 0t an to 0, and as s orter dis-
tance to base line 0t anto 1 ecallt is
distance t e of t e point
According to  ic triangle t e data point falls in,
some certain coordinates of t e data point are omit-
ted, enceresulting in a smallerinde le y omit ,
emean t att e coordinate values are not stored in
t einde entryoft e datapoint enerally, t e coor-
dinates of non-surface a es are omitted or instance,
t e coordinate of in igure 3 a is omitted, and
so is t at of Similarly, for and ,t e coordi-
nate of t eir non-surface a is is omitted T at is,
t e triangle a data point belongs to speci es omitted
coordinates of t e data point In ne t section e give
t e de nition of conve poly edra generali ed trian-
gle for ig er dimensional space and formally describe
t e condition t at determines ic conve poly e-
dra a data point belongs to
igure 3 b illustrates o t einde entryfort e

data point is constructed T e
is omitted since  is not a surface a isoft e triangle
to ic  belongs In our approac , is stored

int einde entry as appro imation of t e coordinate

of surface a is or eac data point, eader
area of t e inde entry records ic coordinate val-
ues are omitted for t at data point

enerally, stores t e so-called partition val-

ues on a is Int e case of igure3 b, is
taken ast e appro imation of fort ereasont at
1 inary partition values

are intuitive and simple ones for dividing a is value
into  partitions determined by a given parameter
it binary partition values eac is e pressed
as a bit pattern, and usually takes muc smaller space
t an storing t e coordinate itself
It is possible to apply our approac of dimensional-
ity reduction to a class of inde structures ere eil-
lustrate an e ample of t e applicationto A- leinde
structure eberet al,1 & Supposet at an inde
le is built for all data points as described above
T is leis called Consider a uery point
ose coordinate values are 1 is given as
illustrated in igure 3 b  -nearest-neig bor -NN
searc it C A- leis performed asfollo s Int e
rstp ase,t e C A- leisscanned andt elo er and
upper bounds are calculated for eac entry If t e
lo er bound of ne t entry is greater t an t e -t
biggest upper bound of entries e amined so far, t en
t e entry is pruned, or in ot er ords, t e real data
of t e entry needs not to be accessed since better
candidates ave already been found In t e second
p ase, real data are accessed in t e increasing order
of t e lo er bounds to determine nal ans er set
Note t at it is not necessary to e amine all entries in
t esecondp ase ent elo er bound of ne t entry
is greater t an t e distance of -t nearest neig bor
found so far
it C A- le, bounds of omitted coordinates can
be estimated as follo s ecauset e uery point is
in rig t-and-upper position of data point ,t elo er
bound denoted by and upper bound denoted by

of ould be 1 1 and
, respectively ort e case

t at distance function is 1
1 ere 1list e

)
s o nin igure 3b can be obtained in t e

similar ay

Int ecaseof igured b, or is omitted,
and ence t e bound of coordinate lo er bound
and upper bound is donated by , ,respectively

ave to be estimated Since
, it is guaranteed t at

falls into t e triangle
is not greater t an
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igure 3: A -Dimensional E ample

oreover,t e idt oft o vertical s aded rect-

angles is 1 T us, of can be used as
t eupper appro imation for of As a conse-
uence,t elo erbound for on | 1

7

can be estimated by 1 Tise -
pression means t at t e range of s value is pre-
dictable to be in t e left vertical s aded rectangle of

igure 3 b ecause of t e symmetry bet een t e
t o triangles it surface a is , t e opposite side

1 1 must be taken into account

see igure3 b eret e data point ast esame
partition number as T erefore,

1 1 1 Similarly, t e up-

per bound is 0 1 If
comes into t e t o vertical s aded rectangles t at

is, 0 1 1 1
t en is 0 Conse uently, and
, it and 1 S on

int e igure3 b
inally, it is ort noting t at en t ere are

more t an one non-omitted coordinates like ,
t en t e minimum value of t em is used to estimate
omitted coordinate value

ra
ac

A -dimensional unit ypercube is covered by
1 -dimensional yperplanes surfaces , and some of
t e 1 -dimensional yperplanes make -
dimensional tangents In general, a -dimensional y-
percube is covered by 1 0-dimensional

yper- planes  or e ample, a 3-dimensional cube
is covered by si  -dimensional surfaces planes ,
t elve 1-dimensional surfaces lines , and eig t 0-
dimensional surfaces points In general, t e number
of -dimensional yperplanes ic a -dimensional
ypercube as is

No , e eplain o to partition a -
dimensional ypercube into conve poly edra of
e ual si e by using lo er dimensional yperplanes

e start it t e e planation of t e Pyramid
Tec ni ue erc toldet al,1 8, since it is a special
case of our Conve Poly edra Tec ni ue

In t e Pyramid Tec ni ue, a -dimensional unit
ypercube is divided into = pyramids aving center
of t e ypercube 0505 05 ast eir top and

1 -dimensional surfaces of t e ypercube ast eir
base igure a illustratest is tec ni ue en
3 Since a 3-dimensional cube as si  -dimensional
planes, t e Pyramid Tec ni ue partitions a cube into
si pyramids

bviously, eac data point in a pyramid as t e
s ortest distance tot e base yperplanet anto ot er
surfaces In t is paper, t is is called t e

T e pyramid property can be mat emati-

cally described as follo s or a pyramid , assume

t at ist eais ic is ort ogonal to t e pyra-

mid s base in t is case, t e pyramid s base can be

de ned as 0 1 In igure a,te
base is de ned by

0 1

et be a data pointin T en, t e

follo ing ine uation olds:

ere
05
10 05 1
ereafter, e call t e of t e dimen-
sion of t e data point

T e Pyramid Tec ni ue uses 1 -dimensional
yperplanes as bases e generali et istec ni ueso
t at it uses -dimensional yperplanes asbases T e
Pyramid Tec ni ue partitions a unit ypercube into
pyramids of e ual si e, ile our tec ni ue parti-
tions it into conve poly edra of e ual
sie T us, ecallourtec ni uet e

f course, t is tec ni ue is identical

tot e Pyramid Tec ni ue en 1
igure b illustrates our tec ni ue en 3
and 1 In t is case, t e base is 1-dimensional

ie, a line since 1 Int is gure, a conve
poly edron  ose base is a line de ned by

1
0

is depicted ike t e Pyramid Tec ni ue, eac data
point in a poly edron as t e s ortest distance to
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t e base line t an to ot er lines T us, t e follo ing
ine uations old

Since a cube ast elvelines, our tec ni ue partitions
it into t elve conve poly edra

In general, a -dimensional surface can be de ned
as

0 1 1

and t e number of suc surfaces is

mentioned above
ike t e pyramid property,

, as

e can de ne t e
for any data point
,t e follo ing ine uation olds

1 1
5

ere and are t e face-altitudes of t e di-
mension and , respectively

A A cat A

In t is section, es o o to apply our approac
to ot er e isting inde ing tec ni ues In t is paper,
a ell kno n inde ing tec ni ue called A- le is
used Note t at our approac is not limited to A-

le
A
A-le eber et al, 1 & is invented as an inde
structure  ic acceleratest e se uential scanby t e

use of data compression T e basic idea of t e A-
le is to keep t o les: a bit compressed, uanti ed
version of t e data points and t eir e act represen-
tation ot les are unsorted, and t e positions of
t e data pointsint et o les agree -NN ueries
using A- le are processed in t o p ases In t e
rst p ase, t e uanti ed points are loaded into main
memory by se uential scanning T e ltering is per-
formed based on t e lo er and t e upper bounds of
t e distance of t e appro imative data points from
t e uery point etter appro imations lead to bet-
ter ltering and less candidates In t e second p ase,
t e candidates ic cannot be pruned are re ned,
t at is, t eir e act coordinates are called in from t e
data le in t e order of t eir lo er bounds of dis-
tance T e nearest neig bor algorit m stops en
ne tlo er bound is greater t an t e distance of -t

0

1-d face Convex Pol yhedra
(m=1)

(b)

: Conve Poly edra

actual nearest neig bor found so far Tig ter lo er
bounds cause t e algorit m to stop earlier and visit
less number of candidates, and t erefore less number
of page accesses to t e secondary storage caused
igure 5 compares t e number of page accesses

bet een t e rst and t e second p ases for a uni-
formly -dimensional distributed data set of 70,000
data points It can be seen t at in t e case of -
dimensions, page accesses int e rst p ase is propor-
tional to t e number of bits used to partition eac
dimension In t e second p ase, t e number of page
accesses is tremendous if t e pruneint e rst p ase
is not enoug , t e random access used in t e second
p aseis ine ectual

To make lo er and upper bounds tig ter, more
bits are need for partitioning eac dimension o -
ever, using more bits makes t e inde le larger, and
as a conse uence, t e number of page accesses in t e

rst p ase ill be bigger

Prune Effect
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igure 5: E ect of Pruning

s at ct b
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To address t e tradeo bet een tig tness of bounds
and si e of inde le, e propose a ne inde le
using dimensionality reduction  ic enables us to
use more bits for partitioning  ile keeping inde les
small C A- le proposed ere is constructed in t e
follo ing ay
or a -dimensional data set, parameter
is determined, and t e data space is partitioned into
conve poly edra based on -dimensional faces as
described in Section 3 a es are used to de-
ne t e bases of conve poly edra like E uation 1
and 3 emaining are called
oreover, by t e number of bits



for appro imating eac data point , uanti ation
parameters  are determined for eac dimension for
1 as described in  eberetal,1 8
T ent e inde le is constructed by appending t e
entry of one by one, in t e follo ing steps

1 eepa -bit eader

C oose largest face altitudes of , and set cor-
responding bits of t e eader

3 Append t e entrys appro imation of t e -
coordinate values corresponding to t e bits set in
eader T eir order is kept asin t e coordinates
oreac e ective dimension ,t eappro imation

is

igure s o st estructure of A- leand C A-
le InC A-le b, eader elds dim inf preserve
e ective dimensions for eac data point, andt e A-
data elds preserve data appro imation of e ective
dimensions Alt oug t e eader elds are over ead,
t e si e of C A- le is smaller t an A- le because
data appro imation of many non-e ective dimensions
can be omitted
As an instance, if 3 ,
and 01 03 0 0 ,tent einde entry
for is 0110 010 10 , because t e second and t ird
dimensions are t e e ective dimensions t us leads to
eader 0110 , in ic t e corresponding bits are
set T e coordinate value of t e second dimension 0 3
03 8 falls into t e t ird partition of t e

8 partitions counted from 000 , and so fort
In case of t o coordinates aving e ual value during
¢ oosing largest values rst larger -values, prior-
ity is set to same as t e order of dimensions T ere-
fore if t ere is a data point 0 010 01,
t ent e rst coordinate is ¢ osen fromt et o 01
values, and leads to an inde entry 0110 000 10

st at s A

et  be t e number of e ective dimensions,  be
t e number of data points, and be t e number of
dimensions euse {1 } to range over data
points, and t e dimensions is divided into t o parts,
one is non-e ective dimensions 1 ,
and t eot erise ective dimensions 1
denotes an individual data point, and
is s coordinate value of -t dimension ist e
number of bits re uired in eac appro imation, and
indicates t e number of bits assigned to dimension
All notations are summari ed in Table 1
et us consider a uery and a distance function
, for some  An appro imation of determines a
lo er bound and an upper bound suc t at:

cell for ui
Vi

igure 7: o er ound and Upper oundin A- le
T is is sketc ed in igure 7 T e lo er bound
is simply t e s ortest distance from t e uery to a
point in t at cell Similarly,t e upper bound ist e

longest distance to a point in t at cell ormally,

and arederived asfollo s Assumet att e dimen-
sionality of yperface is , non-e ective dimensions
are ,and t ee ective dimensions

are T en, t e bounds
and are de ned by t e e uations:

and aret elo er and t e upper bounds
of e ective dimensions 1 , re-
spectively T ey are computed like A- le asfollo s

if

if

As it data points, a uery consists of coor-

dinate values 1 , and t ese fall into
regions numbered or e ective dimensions, t e
components 1 of are easily
e tracted

or non-e ective dimensions, 1

1 asnot been stored in C A- le, and t us suc
components must be estimated E uation 7 and
8 givet e estimation rom t e conve poly edron
property mentioned in Section 3, for a data point |
t e bounds of non-e ective dimensions are estimated
by E uation 5 in Section 3

Range of Xnon-eff’s val ue

Range of Xnon-eff’s val ue

XefL. Xeff.T
pi.mn
pi.mn
U j X . X
! 1.
Ih.) =0

(Xj is non-effective dinmension)

Query Qis in range Query Qis out of range

igure 8: Estimating ounds of ace A es

T olig tly s aded rectanglesin igure 8 indicate

t e bounds of all non-e ective dimensions for T e
idt of lig tly rectangles is computed by se-
lecting an e ective dimension ic ast e smallest

among e ective dimensions In igure 8,
is denoted by  ange of s alue
1
1 05
10 05
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Table 1: Notations and asic De nitions

number of dimensions
number of data points
range over data point,
-t data point

-t partition point in -t
a uery
bounds:

s coordinate value of -t
region into  ic
distance function
contribution to
contribution to

number of e ective dimensions

{1

number of bits per appro imation

bits per appro imation in dimension
falls in dimension
number of data points in result set

for non-e ective dimension
for e ective dimension

dimension

dimension

1

Any non-e ective dimension s coordinate value of
must beint et olig tly s aded rectangles of t e

gure, so e can compute t e lo er and t e upper
bounds of from uery point ,accordingto et er
is inside or outside of t e range
0 if 1
1
if 1
0 if
7
1 if 1
1
if 1
if
8
rr ac a at

e evaluate t e performance of t e proposed
mec anism it a real data set of color images
available from t e Corel Database Color Database

ttp: corel digitalriver com and color istograms
provided online at t e UCI DD Arc ive eb site

ttp:  kdd ics uci edu databases Corel eatures
T e si e of t e dataset is 70 000 81
dimensional data points are e tracted from t e data
set T esi eof pageissetto8 bytes T e distance
function is of t e metric Euclidean distance

As mentioned above, t e A- le approac se uen-
tially scans all data points in inde to Iter can-
didates in t e rst p ase T is contributes to t e
gain of t e performance because t e cost of se uen-
tial access is signi cantly lo er t an random access

ic risesin t e second p ase A factor of 5 to 10,

ic means t at random accessis ve times or more
slo er t an se uential access, is assumed in A- le

eberetal,l 8 aving no int on t is factor,
yet to compare it  A- le fairly, e evaluate t e
performance in di erent ay

et bet esi eoft edataset, bet enumber
of bits of one dimension of an inde entry et be
t eaverageof ,t ent esi eof A- leis n
t eot er and,in C A- le,t e number of bits are

assigned to eac dimension et bet e number of

e ective dimensions and bet e averageof ,t en
t esieof C A-leis T us, t esie
of C A- le compared to A- le can be e pressed as
follo s

Int esimplest case en e assigntoeac dimension
t e same number of bits asin A- le, namely ,
t is e pression is simpli ed to

10
1

Since isabout7or8 eberetal,l 8,t atis

1 0,t esi eof C A- leis smaller t an A- le
at t e rate of about Since t e number of page
accesses in p ase one is in proportion to si e of A-
leor C A- le, C A- le inde mec anism vastly



cuts do n t e number of page accesses in p ase one
T is compensates e cess page accesses in p ase t o
because of less tig t bounds t an A- le

ecause t e factor of random access and se uen-
tial access are not stable, e consider t o e treme
situation

irstly, e control C A- ile to ave t e same
number of page accesses as A- ile in t e second
p ase by tuning t e parameter igure s o sef-
fective dimensions of C A- le comparing it t at of

A-le ic ast e same number of dimensions as

original dimensionality In igure 10, t e number of
se uentially accessed pagesint e rst p ase is com-
pared, and C A- ile outperforms A- ile T ee ect
becomes signi cant as t e dimensionality increases
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igure 10: Comparison of Number of Page Accesses

Secondly, e compare t e total number of page
accesses among S -tree, A- ileand C A- ile Cer-
tainly, a tradeo ist at C A- le gives loose bounds
t an A- le, and ence re uires more page accesses
in t e second p ase In order to investigatet ee -
ciency in total, e compare t e number of page ac-
cesses of our approac toot er met odsont eabove-
mentioned real data set igurel s o st e results

or eac of dimensionality of 81 , e
perform 10-nearest neig bor ueries or eac dimen-
sionality, t e number of bits assigned to eac dimen-
sion for A- leis ¢ osen to 8 bits for to  dimen-
sionality and 7 bits for 3 to  dimensionality T ese
decisions are made according to  eberetal,1 8

ic concludes t at t is c oice gives t em t e best
appro imation le
ur e periments measured t e number of t e most
e ective dimensions of C A structure T e average
of t e number of e ective dimensionsiss o nin ig-
ure 11 T e results indicates t at t ere is a slig t
increase of t e number of e ective dimensions in ig
dimensionality Comparing to A- le ic is linear

to dimensionality of t e dataset, our approac reduce
t e dimensionality to t e number of e ective dimen-
sions, ic is signi cantly smaller t an t e original
dimensionality urt ermore, t e e ect of t e reduc-
tion becomes more remarkable as t e dimensionality
becomes ig er
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igure 11: T e E ect of Dimensionality educ-
tion total
igure 1 s o s t e number of page accesses

in various dimensions e can observe t at C A-

le al ays outperforms A- les, and it outperforms
S -tree atayamaetal,l 7 for ig -dimensional
dataset T e margin increases as t e number of di-
mensionality increases or t e case of -dimension,
t e number of page accesses of C A- leis almost 3

of S -tree atayamaetal,1 7 ,and1l of A-
le
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igure 1 : Comparison of T ree Approac es ec a-

nisms

c S S

Int is paper, e observedt e ske ed distribution of
ig dimensional real data set, and proposed a ne
dimensionality reduction tec ni ue An application
of our tec ni ueto A- leimplements anot er inde
le C A- le T e performance evaluation s o s sig-
ni cant improvementsont eI  cost of ueries over
original A- le approac for several real datasets
T e proposed approac of dimensionality reduction
can be used for any applications in  ic similarity,

distance and nearest neig bor searc are treated

As future ork, e are planning to study t e ef-
fect of di erent data patterns of coordinates in ig
dimensionality, by varying e ective dimensions or by
dynamically assigning e ective dimensions e are
also considering tig ter bounds to en ance t e lter-
inge ect of C A- le
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