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Abstract

Real datasetsare often large enoughto necessitate

2. Datavaluesessentiafor deriving the datavaluesin (1)

usingM .

datacompession Traditional syntactic'datacompession 3 Datavaluesthatdonot t M i.e.,outliers.

methoddreatthetableasa large bytestringandoperate at

thebytelevel. Thetradeof in sud caseds usuallybetween
the easeof retrieval (the easewith which onecanretrieve

a single tuple or attribute value without decompessinga

mud larger unit) andthe effectivenes®sf the compession.
In this regard, the use of semanticcompessionhas gen-

erated consideable interest and motivatedcertain recent
works.

In this paper we proposea semanticcompessional-
gorithm called ItCompeessiTeratve Compressionwhich
achieves good compessionwhile permitting accesseven
at attribute level without requiring the decompessionof
a larger unit. ItCompeessiteratively improvesthe com-
pressionratio of the compessedoutputduring eac scan
of the table The amountof compessioncan be tuned
basedon the numberof iterations. Moreover, the initial
iterationsprovide signi cant compession thereby making
it a cost-efective compessiontechnique Extensiveex-
perimentswere conductedand the resultsindicate the su-
periority of tCompresswith respectto previously known
tehniquessuct as 'SRARTAN' and “fascicles'.

1 Intr oduction

Advancesin information technologyhave necessitated
the creationof massve high-dimensionakablesrequired
for new applicationssuch as corporatedata warehouses,
network-trafc monitoringandbio-informatics. The sizes
of suchtablesare oftenin the rangeof terabytesthereby
makingit a challengeto storethemef ciently. In orderto
reducethe respectie sizesof suchtables,an obvious so-
lution is the use of traditional datacompressiormethods
which are statisticalor dictionary-basede.g.,Lempel-Zv
[17]). Suchmethodsare “syntactic' in naturesincethey
view thetableasalarge byte stringandoperateat the byte
level.

More recently compressiortechniqueswhich take se-
manticsof the tableinto consideratiorduringcompression
[9, 1], have receved considerableattention. In general,
thesealgorithms rst try to derive a descriptve model,M ,
of the databasédy takinginto accounthe semanticof the
attributesand then separateheminto the following three
groupswith respecto M :

1. Datavaluesthatcanbederivedfrom M .

By storingonly the modelM togetherwith the second
and third groupsof datavalues,compressioris achieed
sinceM typically takesup substantiallylessstoragespace
thantheoriginal databaseSuchsemanticompressiomgen-
erally hasthefollowing adwvantage®ver syntacticcompres-
sion:

Mor e Complex Analysis

Sincethe semanticof the dataaretakeninto considera-
tion, comple correlationand datadependeng between
the dataattributescan be exploited in caseof semantic
compressiorof data. Note that this is not supportedn
caseof syntacticcompressiomethodssincethedatabase
is viewed as a large byte string in suchmethods. Fur
ther, the exploratorynatureof mary dataanalysisappli-
cationsimpliesthatexactanswersareusuallynotneeded
andanalystamay prefera fastapproximateanswerwith
anupperboundontheerrorof approximation By taking
into consideratiorthe error tolerancethat is acceptable
in eachattribute, semanticcompressiorcan be usedto
performlossycompressionto enhancehe compression
ratio. (Thebene tscanbesubstantiabvenwhenthelevel
of errortolerancds low).

Fast Retrieval

Givenamassve table,only certainrows of thetableare
typically accessedo answerdatabas@ueries.As such,
it is desirableto be ableto decompressnly certaintu-
plesin thedatabasewhile allowing theothertuplesto re-
mainuncompressedSincesyntacticcompressionmeth-
ods,suchasgzip, areunavareof therecordboundaryit
is usually not possibleto do so without uncompressing
the whole databaseln fact, it haseven beensuggested
[12, 13] thattablesare bettercompressedolumn-wise.
Separateompressiorof individual tuples,and evenin-
dividual attributes,is possible.However, syntacticcom-
pressioris usuallynot effective on very smallstrings.As
such thissortof ne granularitycompressioris notused
frequently

Semanticompressiompermitslocalreconstructiorof se-

lectedtuplesandevenattributeswithout having to recon-

structthe entiretable. In fact, it is evenpossibleto store

the compressediatain a relational databasethereby

makingthe query optimizationandindexing techniques
of relational databasesvailable also for compressed
data.



Query Enhancement

In additionto the compressioritself, therecould be in-

trinsic value in obtainingthe descriptve modelM for

semanticcompressionFor example,in [1] whereM is

a setof classi cation or regressiontrees,the following

rule could have beenfound*“if X = a, thenY = bwith

100%accurag”. In sucha case,for a querysearching
for tupleswith X = aandY = c, anemptyanswerset
couldbereturnedvery ef ciently. Suchsidebene tsare
not availablewhensyntacticcompressioris used.

Although semanticcompressiorhasseveral advantages
over syntacticcompressionthe two typesof compression
are not mutually exclusive. In fact, it has beenshavn
in [9] that applying semanticcompressiorbefore syntac-
tic compressiomesultsin bettercompressiorperformance
than from either syntacticcompressioror semanticcom-
pression(However, syntacticcompressiomsedin the sec-
ond phasewill nullify the fastretrieval bene t discussed
earlierfor semanticcompression.)

In this paper we proposea new semanticcompression
schemebasedon the selectionof representatve rows.
Eachtuplein the tableis assignedo one of the represen-
tative rows andits attribute valuesare defaultedto be the
samewith the assignedepresentatie rows unlessthe ac-
tual value differs from the default value by more thanan
acceptablesrrorthreshold.In suchcasesputlying values
are speci cally storedfor the row. Our schemeis similar
to clustering,with eachrepresentate row consideredike
a clusterrepresentatie. However, thereis a signi cant dif-
ferencedueto the outlying valuesthatarepossible.These
attributescould have valuesin a row wildly differentfrom
its assignedepresentate row. As such,by moststandard
metrics,the distancebetweena row andits representatie
could be very large. Let usillustrate the conceptwith an
example:

Example 1 Considerthe tablein Figure 1(a) which con-
tains 5 attributes and 8 tuples. Let the acceptablesrror
thresholdfor thenumericattributesage, salary andassets
be 5, 25,000and 50,000respectiely, while no errorsare
allowed for categorical data. We shav a selectionof rep-
resentatie rows in Figure1(c) andthe compressethblein
Figure 1(b). As canbe seen,eachrow in the compressed
tableis associatedvith one of the representatie rows us-
ing arepresentatve row ID (RRid). A bitmapis assigned
to eachrow to provide the positionfor the outlying values.
A 1" atthen™ bit indicatesthatits ™" attribute valueis
within an acceptableerror tolerancethresholdof the nt
attribute valuefor the representatie row, while a "0 indi-
catesotherwise.Thusfrom the bitmapin the rst row, we
canseethat the valuesfor attribute “age” and“assests’in
thatrow are '20' and"25,000' respectiely insteadof “30'
and"200,000'asindicatedby its representagie row. 2

To compresglataaccordingto the schemethe dif cult
issueis to chooseagoodsetof representatie rows. For this
purposewe developanalgorithmcalledltCompresgITer
ative Compressionyvhich iterati vely impr ovesthe setof
choserrepresentatie rows. Fromoneiterationto the next,
new representatie rows may be selectedandold onesdis-
carded.A key analyticalresultof this paperis the “conver-
gence"theoremshawing that, even thoughthe representa-

age | salary assets | credit | sex
20 | 30,000 | 25,000 | poor | male
25 | 76,000 | 75,000 | good | female
30 | 90,000 | 200,000| good | female
40 100,000 | 175,000 poor male
50 | 110,000 250,000| good | female
60 | 50,000 | 150,000| good | male
70 | 35,000 | 125,000 poor | female
75 15,000 | 100,000 | poor male
(a) An ExampleTable
RRid | Bitmap | OutlyingValues
2 01011 | 20,25,000
1 11011 | 75,000
1 11111
1 01100 | 40,poor, male
1 01111 | 50
1 01110 | 60,male
2 11110 | female
2 11111
(b) TableT¢
RRid | age | salary | assets | credit | sex
1 30 | 90,000 | 200,000| good | female
2 70 | 35,000| 100,000| poor | male

(c) Representate Rows

Figure 1. Representative Rows and Com-
pressed Table

tive rows may keepchanging.eachiterationmonotonically
improves the global quality. In fact, for mary casesthe
rateof corvergencds highi.e.,evenasmallnumberof iter-
ationsmay be sufcient to deliver signi cant compression
performance Furthermoregachiterationof the algorithm
requiresonly a single scanover the data,leadingto a fast
compressiorscheme.

The restof this paperis organizedasfollows. Section
2 givesaformal de nition of the problemof semantiaata
compressionwhile our proposedtCompressalgorithmis
presentedn Section3. In Section4, we briey describe
competingapproachesanddiscussheir comparatie mer
its. In Section5, we presentresultsfrom an extensie ex-
perimentalstudy comparingour approachwith theseap-
proaches. Section6 describesother relatedwork, while
Section7 concludewwith directionsfor futurework.

2 Problem Description

GivenatableT, which hasm attributesX 1; ::;; X m and
n rows, we useR[X;] to representhe valueof A; for row
R. We denotethedomainof attribute X; asdom(X;). Our
aim is to performa lossy compressioron T suchthatthe
valuesreconstructedrom the compressethblesatisfycer
tain errortolerancegor eachcolumn. We denotetheseer
ror tolerancesas a vectore = [e;;:::;en] with g being
the errortolerancefor X ;. Thevalueg is interpreteddif-
ferently dependingon the (domain)type of X;. Our tech-
niguesareapplicablerrespectve of the speci ¢ de nitions
chosenfor tolerance.For instance we could useedit dis-



tancesfor string types,or distanceto the closestcommon
ancestoffor classi cationtypes. To keepmattersconcrete,
in all examplesandexperimentsn this paper we focuson

two of the mostpopulartypes: An attribute X; is saidto

be numeric if thevaluesin dom(X;) canbeorderedwhile

attributeswith unordereddiscretedomainvaluesare said
to be categorical With these ,we associatehe following

toleranceaules:

1. Categorical
For a categoricalattribute,thetolerances; de nesanup-
perboundon the probability that the approximatevalue
of Xj in T, is differentfrom the actualvaluein T. This
meanghatgiven X; = x for a particularrow in T and
Xi = x%forthesameow in T¢, Probx = x% 1 g.

2. Numeric
Giventhatthevalueof anattribute X; is x in T andthat
x%is it corresponding/aluein T, thenthe tolerancee,
de nestheupperboundthatx® candeviate from x. This
meanghatx shouldbewithin therangelx® e ;x%+ g].

Given the error tolerancespeci cations,our aim is to
derive a compressiorschemethat minimizestotal storage
while satisfyingthesecriteria.

De nition 2.1 CompressionScheme

Giventhetable T, our basiccompressiorschemeconsists
of two partsthesetof representativerows P andthecom-
pressedableT,

1. Representatize Rows
The setof representatie rows P consistsof a setof k
rows f Py;:::; Pyg whereeachrow P; 2 (dom(X 1))
(dom(X5)) ::(dom(Xp)). We saythatarow in R
matchesarepresentatie row P; onattribute X; if oneof
thefollowing conditionsis true:

(@) P[Xi] & R[Xi]< P[Xi]+ & if X; isnumeric
(b) R[Xi]= P[X;]if X; is categorical

2. Compressedable
For eachrow R in T, thecompressetableT. hasa cor
respondingrow which can be further split into the fol-
lowing threeparts:

(a) A representatve row id, RRid, which indicates
thatR is mostsimilar to representate row Prrig
in the setof representaie rows.

(b) A bitmap which hasabit for every attribute. A bit
representingf; is setto 1 if Prr|p [Xi] matches
Rrrip [Xi] andO otherwise.

(c) An outlying list which storesattribute valuesin R
that cannotbe inferred satishctorily from the rep-
resentatie row id andbitmap.

Givenour compressiorschemepneobviousconclusion
is thatif we can nd a setof k representatie rows, P =
f P1; ::3; Pyg suchthatall rows arefully matchedy atleast
one memberfrom P, thenthe numberof outlying values
thatneedto be storedwill bezerogiving riseto very good
compressiomatio. However, thisis notalwayspossibleand
henceouraimis to minimizethenumberof outlying values
thatneedto be storedusingthe notionof coverage

Notation Description

e errortolerancevector
errortolerancefor attribute X i
the most frequentvalue/interal for at-
tribute X; in groupG(P;)

€i
f V(Xj X G(Pi ))

G(Pi) a setof rows which have P; asthe best
match
m numberof attributesin atable
n numberof rowsin atable

P asetof representatie rows

P; thei™ representatie row in P
Pi[Xj] value of attribute X; for representate
row P;
Pmax (R) therepresentate row thatbestmatches
row R
R arow in atableT
R[X;] valueof attribute X; for row R
RRid representatie row id
T atable
Te acompressegersionof T
X asetof attributes

Figure 2. Notations

De nition 2.2 Coverage

LetR bearow in T andlet P; be arepresentate row in
P. We saythat the coverageof P; on R, coP;;R) is
the numberof attributesX; in which R[X;] is matchedby
PXil. 2

As an example, the coverageof representatie row Py
on the secondrow of T in Examplel is 4 sincethe age,
salary, credit, andsex attributeslie within the errortoler
ance.

Now let usde ne thetotal coverageof a setof represen-
tativerows P onatableT.

De nition 2.3 Total Coverage

Let P beasetof representate rows P1; ::;; Py andlet the

table T containn rows Ry;::;;R,. For eachrow, R; let

Pmax (Ri) betherepresentate row from P thatgivesthe

maximumcoverageamongP; (i i k) toR;. Wede-

pe thetotal coverageof P on T to betotalco\(P;T) =
i=1:n COV(PmaX (Ri); Ri) 2

Maximizing thetotal coverageis equivalentto minimiz-
ing thenumberof outlying valuesandthuswe have thefol-
lowing problemde nition:

De nition 2.4 Maximum Coverage(MC) Problem

Given a table T, an error tolerancevector e and a user
speci ed valuek, nd a setof k representatie rows P
which maximizestotal cov(P; T). 2

For easeof referencewe shaw in Figure2 the notations
usedin this paper

3 TheltCompr essAlgorithm

The MC problemis easilyshovn to be NP-hardsincea
specialcaseis equivalentto the k-centerproblem[5]. As
such, our solution to this problemis to nd an efcient



Algorithm TtCompr ess

Input: A tableT, auserspeci edvaluek andanerrortolerance
vectore.

Output: A compressetiable T, anda setof representate rows
P = fPy1; 5 Po.

Pick arandomsetof representatie rows P
While total cov(P; T) is increasingdo
f Foreachrow RinT, nd Pmax (R)
RecomputeachP; in P asfollow:
f Foreachattribute X,
Pi[X;]= fV(X;;G(P)
g

ONogRrLONE

g

Figure 3. The ItCompress Algorithm

heuristic. While optimality is not guaranteedor our algo-
rithm, experimentsshav thatit givesa good compression
ratio without sacri cing ef ciency.
TheltCompresgITeratve COMPRESSionglgorithmis
presentedn Figure3. The algorithmbegins by picking a
randomsetof k representatie rows from thetableT. It
theniteratively improves this randomchoicewith the ob-
jective of increasingthe total coverageover the tableto be
compressedTherearetwo phasesn eachiteration:

Phasel: (Step3 of ItCompress)in this phaseeachrow
R in T is assignedo a representatie row Pnax (R) that
givesthemostcoverageto R amongthememberof P. Let
G(P;) denotethe setof rows thatareassignedo a repre-
sentatve row Pj.

Phase2: (Steps4 to 6 of ItCompress)in this phase,a
new setof representatie rows is computed.Eachnew P;
is computedby setting eachattribute value P;[X;] to be
f v(Xj; G(P;)) which denotesthe mostfrequentlyoccur
ring value/interal for attribute X; in G(P;).

For a categorical attribute, this can easily be done by
keepingcountof the numberof occurrencedor eachcat-
egoricalvaluein G(P;) during Phasel. For a numericat-
tribute,f v(X;; G(P;)) is aninterval of width [x & ;X +
g ], x 2 dom(X;) thatis mostfrequentlymatchedby the
rows in G(P;). An ef cient mechanisnis to partition the
rangefor X; into micro-intenals of size that are signi -
cantlysmallerthane; saye =10 andkeeptrackof the fre-
gueng of occurrenceof eachsuchmicro-intenal in Phase
1. A sliding window of size2 g is thenmoved along
thesesortedmicro-intenalsto nd the rangethatis most
frequentlymatched.This methodensuresa lineartime al-
gorithmfor computingf v(X; ; G(P;)) while ensuringthat
theerrorin estimatingf v(X;; G(P;)) is notmorethanthe
sizeof themicro-intenal.

The above two phasesarerepeatedintil thereis noim-
provementin total cov(P; T). In somepracticalsituations,
it canalsobespeci edthatterminationwill occurif theim-
provementin total cov(P; T) is negligible in comparisorto
thepreviousiteration. Example2 demonstratetherunning
of theltCompresslgorithm.

Example2 Consideragainthetablein Figurel andlet us
assumehattheerrortolerancevectoreisf 5,25000,50000,
0, 0 g. Assumingthatk = 2 andthatthe rst andsecond

RRid | age | salary | assets | credit | sex
1 20 30,000 | 25,000 | poor male
2 25 | 76,000| 75,000 | good | female
(a) Representate Rows
age | salary | assets | credit | sex
20 | 30,000| 25,000 | poor | male
60 | 50,000| 150,000| good | male
70 | 35,000| 125,000 poor | female
75 15,000 | 100,000 | poor male
(b) G(P1):Rows assignto Py
age | salary assets | credit | sex
25 | 76,000 | 75,000 | good | female
30 | 90,000 | 200,000] good | female
40 | 100,000| 175,000 poor | male
50 | 110,000 250,000| good | female

(c) G(P2):Rows assigrto P2

Figure 4. lteration 1 for Example 2

row of thetablearepickedastheinitial representatie rows,

we depictthe situationfor the rst iterationof ItCompress
in Figure3. Therepresentatie rows P, andP, areshavn

in Figure4(a)while Figure4(b)and4(c) showv therowsthat

areassignedo P; andP; respectiely. We leave it to read-
ersto verify thateachrow is assignedo the representate

row thatbestmatchest (arbitrarily breakingties). Having

doneso, P; and P, arerecomputediy assigningto each
attributethemostfrequentlyoccurringvalue/interal (high-

lightedin bold).

This new setof representatie rows is shavn in Figure
5(a) and we highlight the changesfrom the previous set
of representatie rows in bold. With this changetherows
in the table are again reassignednd only one of the row
changesnembershigrom G(P;) to G(P1). Notethatthe
total coverageof thetwo representatie rowsimprovesfrom
25 to 31 aswe move throughthe two iterations. The it-
erative processcontinuesuntil thereis no improvementin
totalcov(P; T). 2

Note that throughoutthe ItCompressalgorithm, the er-
ror boundfor categorical attribute is not utilized as part
of the optimization. However, this can be easily done
at the end of the algorithm. Given G(P;), the set of
rows which have P; asthe bestmatch, we can compute
for eachcategorical attribute X, the frequeng of occur
renceof P;[X;] within G(P;). Let us denotethis fre-
queng of occurrenceasf reqP;[X;]; G(P;)). Sincewe
have anerrortoleranceof g for X;, we will remove up to
=1 ¢) freqPi[X;];G(Pi)) outlying valuesfrom
therows in G(P;) aslong astheseoutlying valuesarein
the domainof X;. Theseremoved outlying valuescanbe
assumedo be P; [X ] withoutinvalidatingthe errorbound.
From here,we canseethat ItCompresds indirectly utiliz-
ing the errortolerancedor cateyoricalattributesby trying to
maximizecoverageandthusallowing moreoutlying values
to beremoved.



RRid | age | salary | assets | credit | sex
1 70 30,000 | 125,000| poor male
2 25 | 90,000| 175,000| good | female
(a) Representate Rows
age | salary assets | credit | sex
20 | 30,000 | 25,000 | poor | male
40 | 100,000 175,000| poor | male
60 | 50,000 | 150,000| good | male
70 | 35,000 | 125,000| poor | female
75 | 15,000 | 100,000| poor | male
(b) G(P1):Rows assigrto P1
age | salary assets | credit | sex
25 | 76,000 | 75,000 | good | female
30 | 90,000 | 200,000| good | female
50 | 110,000| 250,000| good | female

(c) G(P2):Rows assigrto P3
Figure 5. Iteration 2 for Example 2

3.1 Convergenceand Complexity

Given the ItCompressalgorithm describedabore, we
have thefollowing theorem:

Theorem 3.1 The total coverageof P on T is non-
decreasingdor every iterationin ItCompress.

Proof: Our aim is to showv that the total coP; T) either
increase®r remainthe samein bothPhased and2.
In Phasel, this is trivial since eachrow is assigneda
representatie row P; that provide the most coverage. If
Pmax (Ri) changedor arow R;, thenit meanghat
coM(Ri; Pmax (Ri)) has increased, otherwise without a
changein Ppax (Ri);cOMRi; Pmax (Ri)) would have re-
mainedthe same. Sinceall rows either have the sameor
increasedcoveragefor the samesetof P, total couP; T)
musthave increasedr remainedhe same.
In Phase?, we rst obsere that R2G(P)) coUR;P;) is
eqpal
0 .m match(G(P;); X;) wherematch(G(P;); X;)
is the numberof rows in G(P;) thatmatchP; on attribute
X; . Sincef v(X;;G(P;)) is chosensuchthatthe number
of rowsfrom G(Rp) thatmatchP; [X; ] is maximum,we are
alsomaximizing g, p,) COMR; Pi). Sincethisis done
for eachpatternP; 2 P, we arethusincreasingor main-
tainingtotal co(P; T).

As canbe seen,both Phasel and 2 eitherincreaseor
maintaintotal cov(P; T), thusproving thetheorem. 2

From Theorem3.1, we canconcludethat tCompresswill
eventuallycorvemge sincetotal cou(P; T) is nite.

We now look attheissueof ef ciency. SinceltCompress
iteratively goesthroughthen rowsin thetableandmatches
eachof themagainstthe k representatie rows, the num-
berof rows compareds kn. Eachrow comparisorrequires
2m operationswherem is the numberof columns. Thus,
therun-timecompleity for Phasel is O(kmnl), wherel is
the numberof iterations. In Phase2, computingeachnew
P; requiresggoingthroughall thedomainvalues/interals of

eachattribute. Assumingthatthe total numberof domain
values/interalsis d, thenPhase will have aruntime com-
plexity of O(kdl). Thus,thetotal runtime compleity of
[tCompresss O(kmnl + kdl). Sincek, d, m andl areusu-
ally muchlessthann, we infer thatltCompressasalinear
runningtime of O(n).

To further reducethe runningtime in practice,we run
ItCompres®nasampledravn from alargetableand nd a
setof representatie rows P for the sample.Theremaining
remainingrows in the table are then assignedo the best
matchednembelin P. Experimentsn thenext sectionwill
shav thata 5% to 10% samplds sufcient to producegood
compressiolin this manner

4 Discussion

Two semanticcompressioralgorithms[9, 1] have pre-
viously beensuggestedn the literature. Both thesealgo-
rithmsarequitecomple, andtheltCompresslgorithmde-
scribedabove appeardo be muchlesssophisicatedWhile
an extensie performancecomparisorwill be presentedn
the next section,herewe will highlight someof the dif-
ferencesand motivate someof the designchoicesmadein
ItCompress.

4.1 Previously Known SemanticCompressionAl-
gorithms

In this section,we presenta brief sketchof the two pre-
viously known semanticcompressioralgorithmsthat we
mustcompareoursehesagainst.

The fasciclesalgorithm presentedn [9] is the rst se-
manticcompressioralgorithmdevelopedfor tablesandre-
lations. Given a table of m columnsanda userspeci ed
value of u (u m), the algorithm extractsa model M
consistingof w fascicles gachof which is representedy
au-tuple. Theu columnsarecalledcompactattributesbe-
causethesearecolumnswith very similar values(i.e., val-
ueswithin the errortolerance)for all the rows assignedo
thefascicle.

While thefasciclesalgorithmdeterminegsheu compact
columnslocally on a perfasciclebasis, SFARTAN [1] tries
to separatehe m columnsinto a setof predictorattributes
anda setof predictedattributesglobally for the entirere-
lation. The model M, in this case,is simply the set of
the predictorattributes. SPARTAN identi es the predic-
tor columnsby constructingBayesiarNetwork andCaRT's
(classi cationandregressiortrees).

As seenn thefasciclealgorithmandSFARTAN, thekey
aspectghat differentiateone semanticcompressioralgo-
rithm from anotherarethe exactde nition of themodelM
usedto compresshedatabasandhow it is constructed.

4.2 Simplicity and Dir ectness

In bothfascicleandSFARTAN, theproces®f compres-
sioncangenerallybe separatedhto 2 steps.

Stepl: Findinga setof patternsor rules.
Step2: Usingthediscoreredpatterns/rulein Stepl, form



theglobal model,M for compressinghedatabase.

To assesshe usefulnes®f the patterns/rulesn Stepl,
criterialike lengthof the patternsor accurag of the rules
areusedto guidethemining algorithms.Therearehowever
no directguaranteghatthe patterns/rulesliscoreredusing
suchcriteria are actually usefulin forming a good global
modelfor compressionFor exampleconsideran example
in which thefollowing 6 rulesarefoundby SFARTAN:

Rulel: X1;X2; X3! X7(100%)
Rule2: X 4;X5;Xg ! Xg(100%)
Rule3: X3;X4; X5 ! X7(80%)
Ruled: X3;X4; X5 ! Xg(80%)
Rule5: X; ! X,(80%)

Rule6: X1 ! X¢(80%)

In this example,althoughboth Rule 1 and2 have 100%
predictionaccurag but utilizing themin the global com-
pressionmodel will requirethe storageof 6 predictorat-
tributes(i.e. X1,..., Xg). On the otherhand,Rule 3 to 6
allow usto storeonly 4 predictorattributes(i.e. X1, X3,
X 4 andXs) althoughmoreoutliersareexpecteddueto less
accuraterules. The tradeof in performanceéetweenthese
two choicesds notentirelyclear

Basedon this example,we can seenthat it is entirely
possiblefor SFARTAN to nd excessie numberof pat-
terns/ruleghatarenot usefulin constructinga goodglobal
compressiomodelwhile otherpotentiallyusefulrulescan
bemissedasednthecriteriaadoptedn Stepl. Thiscon-
clusionseemsunsatisctory consideringthat we muchgo
throughthe complex procesf training BayesiarNetwork
in SRARTAN (which have atime compleity of O(m* n)
[1], m beingthe numberof columnsandn the numberof
randomlysampledrows). Likewise, fasciclessuffers from
similar dif culties sinceit too hasatwo-stageprocess.

Furthermoresincetheselectiorof theoptimalsetof pat-
terns/rulesn the secondstepis NP-hardfor both fascicles
andSRARTAN, greedyalgorithmsareusedfor thispurpose,
with no guaranteesn the quality of resultsobtained.

[tCompreson the otherhandadopta simple philosogy
of “direct optimization”. Sincetheaim of acompressioml-
gorithmis to reducethe storageequirementor adatabase,
[tCompresdirectly usethis asa optimizationcriteria and
ensurethat only patternswhich improve the compression
arefoundin eachstepof its iterations® . While the opti-
mizationproblemis NP-hardin our caseaswell, theheuris-
tic usedis aniterative hill-climbing techniquethatcanrec-
ognizewhenit hasreacheda (local) maximum. As men-
tionedearliet this simpleapproachresultin a muchlower
time compleity comparedo SFARTAN.

4.3 Constraining the Optimization

If one views the compressiortask as an optimization
problem,a questionto askis whatconstraintsareimposed

5This philosopy is inspiredby the proposalto have a microeconomic
view on dataminingin [11]

on feasible solutionsby virtue of the choice of solution
technique.

SPARTAN imposesa constraint that each attribute
mustbe either a predictedor predictorattribute globally.
In consequenceSFARTAN is not able to exploit situ-
ations where there is only local “column-wise” depen-
deng in a datase(i.e., exhibited by a subsebf the rows).
For example, “age< 20” could be a strong predictorfor
“assets< 50,000". However “age>20" might give no
goodindicationon apersons assetsin suchacaseage is
saidto give only a“local” predictionfor assets andhence
will notbesuitableasa predictorattribute sinceSFARTAN
is constrainingts compressiomodelto useonly globalde-
pendeng exhibited by all therows.

Similarly, a fasciclehasthe constraintthat there must
be u compactattributeswhich are matchedcompletely by
everytuplein it. If evenonetuple hasa differentvaluefor
oneof theu attributes,it cannotberetainedn thefascicle.

[tCompressovercomesthis problemby groupingrows
basedon approximatematchingto the representatie row
andtrying to maximizethe numberof matchingcolumns
withoutary constraints.

4.4 Tuning Parameters

Everyalgorithmhasengineeringparameterthatmustbe
speci edfor effective performance.

For instance,consideru, the numberof compactat-
tributesrequiredin a fascicle. For a fasciclewith n rows,
thesaving in termof storagewill bein theorderof O(un).
Becausef this, theresultof the compressiorwanberather
sensitve to u. A smallvalueof u will obviously give little
compressiorevenwhenn is large. A large valueof u will
resultin only a few rows in eachfascile,makingthe value
of thethis productsmall. Thereis no easywayto determine
anoptimumchoicefor u.

Similarly, the parametersfor the construction of
BayesiarNetwork and CARTs which is neededhy SFAR-
TAN arealsonot easilyselected.Theis especiallytrue for
BayesiarNetwork sincethe network structuremust rst be
inferredbeforeary trainingcantake place.

[tCompresstoo hasusertunableparametersHowever,
theseparameterganbe tunedmore easilydueto the sim-
plicity of thealgorithm.Oneis thethe numberof represen-
tative rows. Too large a numberwill resultin little com-
pression.Too smallanumbemayleave too mary attribute
valuesstoredasexception,again leadingto little compres-
sion. Fortunately our experimentalresultsshav thatthere
is arather at optimumregion, andthe quality of compres-
sionis not greatly affectedby the choiceof valuefor this
parameter

Anotherparametein ItCompresss the numberof iter-
ationsit is run for. Here,we know whento stop,sincethe
improvementis easily measuredrom oneiterationto the
next. As suchiit is not necessaryo have ana priori deter
minationof this parametewalue.

5 Performance Study

In this sectionwe studytheperformancef ItCompress,
and evaluateits senstvity to variousparametersWe also



compardts performancenotonly againstthefasciclesand
SFARTAN algorithm,but alsoagainstgzip[17, 18], awell-
known syntacticcompressiomlgorithm.

Sincethe SFARTAN systemis proprietaryandthe code
is non-trivial for usto reproducerom scratchwe decided
to follow the experimentsreportedin [1] andcompareour
resultsagainstthosedescribedn it. We implementedand
ran the other three algorithms. Faithful reproductionof
datasetgprovidesa fair basisto comparethe compression
obtainedby thefour algorithms.To compareaunningtimes,
we performedour experimentson a single processoPC
with a700MhzAMD Duronprocessoand256MB of main
memory which is clearly lesssuperiorto the systemused
in [1] thathasfour Pentium700Mhzprocessorandl GB
of memory This providesanadwantageto SFARTAN over
theotheralgorithms,anditCompressn particular

Syntacticcompressiocanoptionallybeappliedafterse-
manticcompressionsincethe two techniquesarecomple-
mentary As such,in additionto runninggzip by itself, we
alsorangzip on theresultsof the otheralgorithms.For It-
Compressandfascicleswe areableto reportresultsboth
with andwithoutthis nal syntacticcompression.

In the caseof SFARTAN, theresultsin [1] areobtained
afterapplyinggzip ontop of theinitial compressiomy fas-
ciclesandSPARTAN 6. As such,we do not have the num-
bersfor compressiotny SFARTAN alone,withoutthegzip
thatfollows.

Real-life Data Sets. As in the experimentsin the SFAR-
TAN paper[], we select the following three real-life
dataset$or experiments.

Corel.(http://kdd.ics.uci.edu/databases/€lbeatues)
This datasetonsistof 32 numericalattributesandcon-
tains68,040tuples. Sinceonly a 10.5MB subseis used
out of the 20MB datasetin [1], we followed likewise
and randomly selectedtwenty suchsubsetsn orderto
reducethe error due to variationsin the sample. Ex-
perimentsshov that the differencein performanceover
the twenty subsetss negligible. Eachsubsetconsistsof
around35,000tuples.

Forest-coer.
(http://kdd.ics.uci.edu/databasesientype)

This datasetwvas also dovnloadedfrom the given web-
site. It is a 75.2MB datasetcontaining581,000tuples
with 10 numericand44 cateorical attributesdescribing
theelevation,slope,soil typeetcfor aforestcover.

Census(www.bls.census.gg

This datasetis obtaineddirectly obtainedfrom the au-

thorsof [1]. It consistsof 7 categorical attributesand 7

numericattributesselectedrom a censugiataset.There
are676,000tuplesin thedataseandit takesup a storage
of 28.6MB.

Default Parameter Settings. For SFARTAN, we usedthe
default parametewaluesusedin [1]. To obtainthe result
for fascicleswithoutgzip, we alsousedthe optimalsettings
providedin [1]. For ItCompressthedefault valuefor error

6 For fascicle,gzip is appliedon the whole compressediatasewhile
for SFARTAN, gzipis appliedon the predictorattributes.

tolerancewas x edat O for all cateyorical attributes. For a
numericattribute X, we speci ede; asapercentagef the
width of therangeof X valuesin thetable,andwe hadset
this percentageo 1% by default. For otherparametershe
default value of k was x ed at 300 andthe samplingrate
was 10%. The numberof iterationsfor tCompresswas
limited to 3, unlessotherwisestated.

5.1 Effect of Random Initialization

Theinitialization of ItCompresss basednarandomse-
lectionof representatie rows. We investicatedthevariation
in compressiorperformanceproducedby ItCompressdue
to this randomselection.For this purposewe performeds
setsof experimentausinga differentsetof initial represen-
tative rows eachtime. To seeif thisrandomchoicebecomes
more signi cant when more or fewer representates are
chosenwevariedk, andaginrepeatedheexperiment ve
timeswith differentrandominitial representatie rows for
eachvalueof k. For the samereasonwe alsorepeatedhe
experimentwith differentdatasetsOurresultsareshovnin
Figure6 whereeachcolumnof thetablerepresenteneset
of verepetitiondor achoserdataseandspeci edvalueof
k. As canbeseenall valuesin ary columnarealmostiden-
tical, indicatingthatthe variancein compressiomatio due
to differentrandominitializationsis insigni cant for all the
threedatasetsvith the value of k rangingfrom 50 to 500.
Wethushavereasorto believe thatthecompressiomatio of
ItCompresss stabledespiteherandominitialization. To be
doublysure all ourreadingdor tCompressn thenext two
sectionsarereportedasthe averageover 5 runs. Note that
we did not obsere a signi cant variancebetweenrunsin
ary of thesecases.

5.2 Empirical Comparison of Algorithms

We next compareltCompresswith the other compres-
sion algorithmsin terms of both effectivenessand ef -
cieng. In Figure7, we vary the error tolerancethreshold
from its default value and look at the compressiorratio
achieved by the variousalgorithmson the three datasets.
Fromthegraphsin Figure7, we make thefollowing obser
vations:

Combining syntacticand semanticcompressiorgener
ally gives betterperformancehan pure syntacticor se-
manticcompressionThe only exceptionalcaseis noted
for the Coreldatasein which ItCompresdy itself out-
performsfascicle(gzipwhenthe errortolerancethresh-
old is high.

For pure semanticcompressionthe compressedables
producedby ItCompressare around 1.2 to 1.7 times
smallerthanthoseproducedby fasciclesfor the small-
esterror tolerancethreshold(i.e. 0.05%)while the dif-
ferenceincreaseso 2 to 3 timesfor largerthresholdslt-
Compres®xhibits a muchsteepeimprovementin com-
pressiorratio astheerrortolerancehresholds increased
as comparedto fascicles. This result clearly shavs
that ItCompresswhich dynamicallyswitchesthe mem-
bershipof a row to a groupthat bestmatchest, is able
to give bettercompressiorthanfasciclewhich x esthe



Forest-Cwer Corel Census
Exp.No. | k=50 | k=300 k=500 | k=50 | k=300 | k=500 | k=50 | k=300 | k =500
1 0.451 0.283 0.271 0.538 0.431 0.421 0.505 0.281 0.270
2 0.455 0.281 0.270 0.529 0.430 0.419 0.492 0.277 0.268
3 0.447 0.279 0.270 0.528 0.430 0.420 0.501 0.284 0.270
4 0.443 0.281 0.269 0.533 0.431 0.420 0.503 0.275 0.272
5 0.447 0.285 0.270 0.535 0.430 0.421 0.497 0.281 0.272

Figure 6. Compression Ratio

Under Random Initialization

membershipof row onceit is assignedo a particular
group.

For “combined” algorithms involving both semantic
compressiorand gzip, ItCompress(gzipglways yields
better compressiorexcept on the Forest Cover dataset
where SFARTAN(gzip) is only slightly betterfor small
error tolerancethreshold. For other datasetshowever,
ItCompress(gzip)s always the clear winner producing
compressethblesthatarel.5to 3 timessmallerthanthe
closestcompetitor This again illustratesthat the under
lying strateyy of tCompresswhich simply aimsto max-
imize the total coverageof its representatie rows, is a
more effective methodthanothersemanticcompression
algorithms.

Giventheimpressie compressiomatio thatis achieved by
[tCompressthe naturalquestionto askis whetherthis is
doneby payingapricein termof ef ciency.

To answerthis question,we comparethe runningtime
of ItCompressfasciclesand SFARTAN in Figure 8 for an
error toleranceof 1%. We expecterror toleranceto have
insigni cant impact on the running time of the three al-
gorithmsand we pick an error toleranceof 1% sincethe
runningtime for SFARTAN is taken from [1] which uses
the sameerror tolerancethreshold. Note that for SFAR-
TAN, runningtime is dependenbn the CaRT selectional-
gorithmthatis beingused.Therearethreesuchalgorithms,
Greedy, WMIS(P arent) and WMIS(Mark ov). For each
datasetywe take SFARTAN 's runningtime to be the mini-
mumoneamongthethreealgorithms.As canbe seenfrom
thetable,fasciclesalwayshasthe bestrunningtime among
thethreealgorithms.Comparedo fascicles]tCompresss
runningtime is around10%to 15% more.We feel thatthis
smallincreasen runningtimeis justi able comparedo the
large gain in compressiomatio. Moreover, onecanalways
tradeoff the compressiomatio slightly by runningfewer it-
erationsof ItCompresgo substantiallyreducethe running
time. PleaseseeFigures 9(c) and10(c). For SFARTAN, its
runningtimeis almost2.5to 4 timesmorethanltCompress.
This clearly indicatesthat tCompresscanachieve compa-
rablecompressiomatio with SFARTAN while maintaining
asigni cant advantagen termsof runningtime.

5.3 Effect of Parameter Settings

Having comparedtCompresdo the othercompression
algorithms,we will next investicatethe effect thatdifferent
parametesettingshave on ItCompress.To keepthe num-
ber of parametesettingcombinationssmall, we will only
vary the settingfor one parameteiat a time, while keep-

ing the settingfor otherparameterso their default values.
Experimentsareconductedn all threereal-life datasets.

5.3.1 Effectof Parameter Settingson CompressionRa-
tio

We will rst look at how the settingof parameteraffects
thecompressiomatio of tCompress.

Varying number of representative rows. In Figure9(a),
we vary k, the numberof representate rows, from 0 to
500andlook at the compressionmatio achieved by ItCom-
pressandItCompress(gzippn thethreedatasetsFromthe
graph,we canseethatincreasingk will improve the com-
pressiorratio of ItCompressandItCompress(gzip)but the
improvementis only maginalfromk = 100onwards.This
improvementis dueto the factthatwith highervalueof k,
eachrow is morelikely to be allocatedto a representatie
row thatcouldmatchit on highernumberof attributes.This
resultsn feweroutlyingvaluesandreduceshetotal storage
neededor them.

However, we also note that the storagefor representa-
tive rows will increasewith k. Thusif k is subsequently
increasedo an extremevalue wherethe reductionin out-
lying valuesis not enoughto offset the additionalstorage
needfor therepresentatie rows, thenthecompressiomatio
will increasenstead.

Althoughthis situationdoesnot occureasilyasevident
from our experimentswe will still try to startwith a small
valuefor k whenwe aretrying to optimizethe performance
of ItCompress. This canthenbe increasedyraduallyto a
pointwheretheincreasaén compressiomatio is negligible.
As we had obsenred earlier this is not too dif cult since
thereis alargerangeof valuesfor k wherethereis no sig-
ni cant increaseor decreasén thecompressiomatio.

Varying Sampling Ratio. We next vary the samplingratio
from 1% to 20% to seeits effect on tCompresss perfor
mance FromFigure9(b), we obsenre thatwhile increasing
the samplingratio improvesthe compressiomatio for both
[tCompressaaswell asltCompress(gzip)this improvement
is negligible. AmongthethreedatasetsitCompresseems
to be mostaffectedby the samplingratio whenit is run on
the ForestCover dataset.This is dueto the higherdimen-
sionality of the datasetvhich meanghata highersampling
rateis neededo capturethedistribution of the data.

Varying Number of Iterations. Finally, we investicate
how the compressiorratio of ItCompressimproves with
the numberof iterations. In Figure 9(c), we plot the com-
pressiorratiofor ItCompressandltCompress(gzipagainst
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Ratio.
Data Set RunningTime(sec)
[tCompress| Fascicles| SFARTAN
Forest-Coer | 169.66 151.00 670.00
Corel 23.29 20.12 80.73
Census 57.93 50.51 153.00
Figure 8. Comparison of Running Time
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Figure 9. Parameter Settings vs Compression
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ate. Note that we considerthe numberof iterationsto be
0 whenwe randomlypick k representatiesandassignthe
remainingrows to the bestmatchedrepresentatie. From
the graph,we seethatthe rst 1 to 3 iterationsof ItCom-
pressbring aboutthe mostimprovementin compressioma-
tio, while theperformancdevelsoff for highernumberof it-
erations AmongthethreedatasetsheForestCover dataset
takesthe mostnumberof iterationsfor the performancedo
level off. Onceagain, this is dueto its high dimensional-
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Figure 10. Parameter Settings vs Running
Time.

ity which gives more room for performancamprovement
in termsof the numberof matchedattribute valueswhich a
databaseow shareswith the closestrepresentatie rows.

From this, we can concludethat tCompressdoesnot
needtoo mary iterationsin orderto achieze goodcompres-
sion. Thisis importantsincemary scanghroughthetable
will resultin lossof ef ciency.

5.3.2 Effect of Parameter Settingson Running Time

Having seerhow theparametesettingsaffectthecompres-
sionratio of ItCompresswe will examinethe effect of pa-
rametersettingson the runningtime of ItCompress.Note
thatwe leave out ItCompress(gzipin this sectionsincethe
gzipalgorithmtakesup anegligible amountof runningtime
ascomparedo ItCompressandthuswe will seeno differ-
encebetweenthe runningtime of ItCompressand ItCom-
press(gzip)pn the samedataset.Also all runningtimesin
this sectionare obtainedfrom the samesetof experiments
asin the previous section. Thus, readersshouldfeel free
to comparethe tradeof in compressiomatio and running
time by performinga directmappingbetweenhe two sets
of graphs.

Varying k. Figure 10(a) depictsthe running time of It-
Compressagainstk. The graphcon rms our analysisin
the earlier sectionthat the runningtime of ItCompressis
linearwith respecto k. By comparinghis graphwith Fig-
ure9(a),we seethattherunningtime of tCompresgan,in
fact,beimprovedby selectingk to be 100without sacri c-
ing toomuchoncompressiomatio. Thisalsomeanghatthe
runningtime we have shawvn in Figure8 canbe improved
withoutary signi cant effect onthe compressiomatio.

Varying Sampling Ratio. As shawn in Figure 10(b), the
running time of ItCompressis also linear with respectto
thesamplingratio. Notethattherunningtime doesnottend
to zerotogetherwith the samplingratio sinceour running
time is basedon thetotal time thatltCompresgakesto run
onthesampleandthetime takento allocateeachrow in the
tableto the bestmatchedrepresentate row at the end of
therun. In fact, we canseefrom the graphthat the total
runningtime is dominatednainly by thetime takento allo-
cateeachrow in thetableto thebestmatchedepresentatie
at the endwhile the time spenton discovering representa-
tive rows from the sampleis generallylesssigni cant.

Varying Number of Iterations. From Figure 10(c), we

canseethatthe runningtime of ItCompresss alsolinear

with respecto the numberof iterations. This is consistent
with our analysisin Section3. By comparingFigure 10(c)

with Figure9(c), we canseethatthe time spenton the 3rd

iterationandbeyondwill notbring signi cantimprovement
in compressiomatio, thusjustifying our default value for

the numberof iterationsthat we allow [tCompressto run

through.

5.4 Performanceon Noisy Datasets

In all previous experiments our testsare performedon
the original datasets One aspecbf real-life datasetdon-
ever is the existenceof randomnoisewhich might result
in a degradationof performancdor all the semanticcom-
pressionalgorithms. In this section,we will look at how
ItCompresss affectedby the amountof randomnoisethat
is presentedn thedataset$. Figurellillustratesthealgo-
rithm for corruptingthe datasetsThe algorithmessentially
goesthroughevery row in the table and attemptsto cor
rupteachin turn. Eachattributein arow have a (corruption

“While the original datasetsnight alreadycontainnoises,this is not
measurablérom our perspectie.
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Algorithm Corrupt
Input: A tableT, auserspeci ed corruptlevel, clevel%. Out-
put: A corruptedtableT ° with a noiselevel of clevel%.

1. ForeachrowR in T,
2. Foreachattribute X,

3. If rand() clevel%
4. corruptR[Xi]
5 Outputcorruptrow R%to T°

Figure 11. Algorithm for Dataset Corruption

level) clevel% probability of being changedto a random
valuewithin thedomainof the attribute.

We ranltCompreson the datasetsvith corruptionlevel
of 5%to 50%andcomparet againstthefasciclealgorithm.
Defaultvaluesareusedfor theparametesettingsof [tCom-
presswhile theparameterfor fasciclesaretunedto givethe
bestperformance As showvn in Figure12, the compressed

le sizefor ItCompressncreasedinearly with the corrup-
tion level for all datasetsvhile theperformancef thefasci-
clealgorithmdegradessharplyevenwith asmallcorruption
level (thoughit levelsoff afterwards).

This behaior canbe explainedby our earlierobsena-
tion in Section4 thatthe compressiorschemeadoptedby
[tCompresss lessrestrictve thanthatof fasciclesalgorithm
whichrequiresaperfectmatchfor all thecompactttributes
for therowsin afascicle.In thepresencef noise,a perfect
block of fasciclecanbreakdown rapidly especiallywhen
the numberof compactattributesis large asin the case
of the ForestCover and Censusdatasets.This is because
the probability of having a perfectmatchin the presence
of noisedropsexponentiallywith the numberof compact
attributesconsidered As evidencedfrom Figure12(a)and
12(c),alargenumberof compaciattributeswhich orginally
bring bettercompressioperformancenon becomealiabil-
ity to thefasciclealgorithmwhennoisesareintroduced.

While we are unableto perform ary comparisonto

SFARTAN dueto reasonganentionedearlier we note that
SFARTAN malkesuseof rulesthatare of the form “X !
Y " in orderto performits compression.Suchrules also
requireperfectmatchfor all the attributesinvolvedin both
their L.H.S. andR.H.S. As such,we have every reasonto
believe thattheperformancef SFARTAN will alsodegrade
substantiallylik e thefasciclealgorithmwhennoisesarein-
troduced.

6 MoreRelatedWork

Sincewe have comparedtCompressto both fascicles
and SFARTAN in earlier sections,we have only one ad-
ditional issueto raisein term of decompressioefciency.
SinceltCompresessentiallynds abestmatchrepresenta-
tive for every row, uncompressing row is relatively sim-
ple andis performedby rst extractingthe particularbest
matchedrepresentatie row and then substitutingthe out-
lying attribute valuesfrom the outlying list. The computa-
tional compleity of suchan operationis O(m). Datasets
compressedoy SFARTAN do not enjoy this adwantage.
Sinceeachpredictedattribute valueis only available after
passingthe predictorvaluesthroughthe classi cationand
regressiontrees,a row which hasm attributescould take
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Figure 12. Noise Level vs Compression Ratio.

O(m?) time to beuncompresseih theworstcase.

As with othersemanticcompressiomlgorithms JItCom-
presscan provide lossy compressiorwithin the speci ed
error tolerance. The rearrangementf columnsin a rela-
tion hasbeenshawn to affect the compressiorachiezed in
previousstudieg13, 12]. Underthe proposedschemethis
ideais carriedfurthersincetheoutlying attributesaredeter
minedon a pertuple basiswith respecto its representate
row.

To achieve scalablespatialclusteringjt is commonprac-
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tice to reducethe size of the datasetby grouping points
into micro-clusters[16, 6, 15, 14] and then perform the

actualclusteringon the compressedlataset.However, no

error tolerancethresholdis allowed along eachdimension
andthetechniqués applicableonly to numericalattributes.
SinceltCompressadoptsan iterative re nement approach
for compressionin somesenset canbe comparedo the

k-meansalgorithm[7]. We notehowever thatthe k-means
algorithmis alsonot applicableheresinceit doesnot give

ary guaranteecerror boundsand convergesonly on Eu-

clideandistance.Our contrikution lies in the development
of a semanticcompressiorschemein which the iterative

re nement technique(withcorvergence)is applicableand

in which errortolerancels obsered for datasetsnvolving

both categyoricalaswell asnumericalattributes.

An important aspectof [tCompressis dimensionality
reduction(which leadsto compression).“Featurereduc-
tion” is a fundamentalproblemin machinelearningand
patternrecognition. Therearemary well-known statistical
techniquegor dimensionalityreductionncludingSingular
ValueDecompositior(SVD) [4] andProjectionPursuit[3].
Thekey differencehereis thatdimensionalityreductionis
appliedto the entiredataset.In contrast,ltCompresshan-
dlesthe additionalcomplity of nding differentsubsets
of the data,all of which may permita reductionon differ-
entsubsetof dimensions.The samecommentextendsto
FastMap[2], theSVDD techniqud10], andthe DataSphere
techniqud8].

7 Conclusion

In this paper we have presenteda simple and general
semanticcompressioralgorithm, ltCompressanddemon-
stratedit to be remarkably effective over a variety of
datasetsltCompressvorks by choosingrandomrepresen-
tative rows andthenimproving uponthis choiceiteratively.
We thushave the possibility of tradingoff therunningtime
of the compressioralgorithmfor compressiorratio. The
goodnews is thatthe asymptoticcompressiorimit is ap-
proachedafteronly afew iterations.

Like other semanticcompressionalgorithms, ItCom-
pressis complementarywvith respectto byte-orientedsyn-
tacticcompressionSyntacticcompressiotechniquesnay
be appliedto the resultsof ItCompresdo obtainadditional
compression.

As partof our future work, we are currentlylooking at
how the compressediatabaseand semanticmodel of It-
Compresscanbe usedto speedup more comples mining
taskssuch as BayesianNetwork building or CaRTs con-
struction. Achieving thesecould meanthat more com-
plex semantieanodelscanbediscoveredef ciently andsuch
modelscouldprovide evenbettersemanticcompressionlt-
Compresscanthus be usedas a “bootstrap” compression
algorithmfor enteringinto a positive loop wherecompres-
sion enhancesnining and mining, in turn, enhancegom-
pressionThisis adifferentform of iteratve compression.
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