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Abstract

Real datasetsare often large enough to necessitate
datacompression.Traditional`syntactic'datacompression
methodstreatthetableasa largebytestringandoperateat
thebytelevel. Thetradeoff in such casesis usuallybetween
the easeof retrieval (the easewith which onecan retrieve
a single tuple or attribute valuewithout decompressinga
much larger unit) andtheeffectivenessof thecompression.
In this regard, the useof semanticcompressionhas gen-
erated considerable interest and motivatedcertain recent
works.

In this paper, we proposea semanticcompressional-
gorithm called ItCompressITerative Compression, which
achievesgood compressionwhile permitting accesseven
at attribute level without requiring the decompressionof
a larger unit. ItCompressiteratively improves the com-
pressionratio of the compressedoutputduring each scan
of the table. The amountof compressioncan be tuned
basedon the numberof iterations. Moreover, the initial
iterationsprovidesigni�cant compression,therebymaking
it a cost-effective compressiontechnique. Extensiveex-
perimentswere conductedand the resultsindicatethe su-
periority of ItCompresswith respectto previously known
tehniques,such as`SPARTAN' and`fascicles'.

1 Intr oduction

Advancesin information technologyhave necessitated
the creationof massive high-dimensionaltablesrequired
for new applicationssuch as corporatedata warehouses,
network-traf�c monitoringandbio-informatics. The sizes
of suchtablesareoften in the rangeof terabytes,thereby
makingit a challengeto storethemef�ciently . In orderto
reducethe respective sizesof suchtables,an obvious so-
lution is the useof traditional datacompressionmethods
which arestatisticalor dictionary-based(e.g.,Lempel-Ziv
[17]). Suchmethodsare `syntactic' in naturesincethey
view thetableasa largebytestringandoperateat thebyte
level.

More recently, compressiontechniques,which take se-
manticsof thetableinto considerationduringcompression
[9, 1], have received considerableattention. In general,
thesealgorithms�rst try to derive a descriptive model,M ,
of thedatabaseby takinginto accountthesemanticsof the
attributesand thenseparatethem into the following three
groupswith respectto M :

1. Datavaluesthatcanbederivedfrom M .

2. Datavaluesessentialfor deriving the datavaluesin (1)
usingM .

3. Datavaluesthatdonot �t M i.e.,outliers.

By storingonly the modelM togetherwith the second
and third groupsof datavalues,compressionis achieved
sinceM typically takesup substantiallylessstoragespace
thantheoriginaldatabase.Suchsemanticcompressiongen-
erallyhasthefollowing advantagesoversyntacticcompres-
sion:

� Mor eComplexAnalysis
Sincethesemanticsof thedataaretakeninto considera-
tion, complex correlationanddatadependency between
the dataattributescanbe exploited in caseof semantic
compressionof data. Note that this is not supportedin
caseof syntacticcompressionmethodssincethedatabase
is viewed as a large byte string in suchmethods. Fur-
ther, theexploratorynatureof many dataanalysisappli-
cationsimpliesthatexactanswersareusuallynotneeded
andanalystsmayprefera fastapproximateanswerwith
anupperboundontheerrorof approximation.By taking
into considerationthe error tolerancethat is acceptable
in eachattribute, semanticcompressioncanbe usedto
performlossycompressionto enhancethecompression
ratio. (Thebene�tscanbesubstantialevenwhenthelevel
of errortoleranceis low).

� FastRetrieval
Givena massive table,only certainrows of thetableare
typically accessedto answerdatabasequeries.As such,
it is desirableto be ableto decompressonly certaintu-
plesin thedatabase,while allowing theothertuplesto re-
mainuncompressed.Sincesyntacticcompressionmeth-
ods,suchasgzip,areunawareof therecordboundary, it
is usuallynot possibleto do so without uncompressing
the whole database.In fact, it haseven beensuggested
[12, 13] that tablesarebettercompressedcolumn-wise.
Separatecompressionof individual tuples,andeven in-
dividual attributes,is possible.However, syntacticcom-
pressionis usuallynoteffectiveonverysmallstrings.As
such,thissortof �ne granularitycompressionis notused
frequently.

Semanticcompressionpermitslocalreconstructionof se-
lectedtuplesandevenattributeswithouthaving to recon-
structtheentiretable. In fact,it is evenpossibleto store
the compresseddata in a relational database,thereby
makingthe queryoptimizationandindexing techniques
of relational databasesavailable also for compressed
data.



� Query Enhancement
In additionto the compressionitself, therecould be in-
trinsic value in obtainingthe descriptive model M for
semanticcompression.For example,in [1] whereM is
a setof classi�cation or regressiontrees,the following
rule couldhave beenfound“if X = a, thenY = b with
100%accuracy”. In sucha case,for a querysearching
for tupleswith X = a andY = c, anemptyanswerset
couldbereturnedvery ef�ciently . Suchsidebene�tsare
notavailablewhensyntacticcompressionis used.

Althoughsemanticcompressionhasseveral advantages
over syntacticcompression,the two typesof compression
are not mutually exclusive. In fact, it has beenshown
in [9] that applying semanticcompressionbeforesyntac-
tic compressionresultsin bettercompressionperformance
than from either syntacticcompressionor semanticcom-
pression.(However, syntacticcompressionusedin thesec-
ond phasewill nullify the fast retrieval bene�t discussed
earlierfor semanticcompression.)

In this paper, we proposea new semanticcompression
schemebasedon the selectionof representative rows.
Eachtuple in the table is assignedto oneof the represen-
tative rows and its attribute valuesaredefaultedto be the
samewith the assignedrepresentative rows unlessthe ac-
tual value differs from the default value by more thanan
acceptableerror threshold.In suchcases,outlying values
arespeci�cally storedfor the row. Our schemeis similar
to clustering,with eachrepresentative row consideredlike
a clusterrepresentative. However, thereis a signi�cant dif-
ferencedueto theoutlying valuesthatarepossible.These
attributescouldhave valuesin a row wildly differentfrom
its assignedrepresentative row. As such,by moststandard
metrics,the distancebetweena row andits representative
could be very large. Let us illustrate the conceptwith an
example:

Example1 Considerthe table in Figure 1(a) which con-
tains 5 attributes and 8 tuples. Let the acceptableerror
thresholdfor thenumericattributesage, salary andassets
be 5, 25,000and50,000respectively, while no errorsare
allowed for categorical data. We show a selectionof rep-
resentative rows in Figure1(c) andthecompressedtablein
Figure1(b). As canbe seen,eachrow in the compressed
tableis associatedwith oneof the representative rows us-
ing a representative row ID (RRid). A bitmapis assigned
to eachrow to provide thepositionfor theoutlying values.
A `1' at the nth bit indicatesthat its nth attribute valueis
within an acceptableerror tolerancethresholdof the n th

attribute valuefor the representative row, while a `0' indi-
catesotherwise.Thusfrom thebitmapin the �rst row, we
canseethat the valuesfor attribute “age” and“assests”in
that row are`20' and`25,000' respectively insteadof `30'
and`200,000'asindicatedby its representative row. 2

To compressdataaccordingto thescheme,thedif�cult
issueis to chooseagoodsetof representativerows. For this
purpose,we developanalgorithmcalledItCompress(ITer-
ative Compression)which iterati vely impr ovesthe setof
chosenrepresentative rows. Fromoneiterationto thenext,
new representative rows maybeselected,andold onesdis-
carded.A key analyticalresultof this paperis the“conver-
gence”theoremshowing 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) TableTc

RRid age salary assets credit sex
1 30 90,000 200,000 good female
2 70 35,000 100,000 poor male

(c) RepresentativeRows

Figure 1. Representative Rows and Com­
pressed Table

tive rows maykeepchanging,eachiterationmonotonically
improves the global quality. In fact, for many cases,the
rateof convergenceis highi.e.,evenasmallnumberof iter-
ationsmay be suf�cient to deliver signi�cant compression
performance.Furthermore,eachiterationof thealgorithm
requiresonly a singlescanover the data,leadingto a fast
compressionscheme.

The restof this paperis organizedasfollows. Section
2 givesa formal de�nition of theproblemof semanticdata
compression,while our proposedItCompressalgorithmis
presentedin Section3. In Section4, we brie�y describe
competingapproaches,anddiscusstheir comparative mer-
its. In Section5, we presentresultsfrom an extensive ex-
perimentalstudy comparingour approachwith theseap-
proaches. Section6 describesother relatedwork, while
Section7 concludeswith directionsfor futurework.

2 ProblemDescription

Givena tableT, which hasm attributesX 1; :::; X m and
n rows, we useR[X i ] to representthevalueof A i for row
R. We denotethedomainof attributeX i asdom(X i ). Our
aim is to performa lossycompressionon T suchthat the
valuesreconstructedfrom thecompressedtablesatisfycer-
tain error tolerancesfor eachcolumn. We denotetheseer-
ror tolerancesas a vector e = [e1; :::; em ] with ei being
the error tolerancefor X i . The valueei is interpreteddif-
ferentlydependingon the (domain)type of X i . Our tech-
niquesareapplicableirrespective of thespeci�c de�nitions
chosenfor tolerance.For instance,we could useedit dis-

2



tancesfor string types,or distanceto the closestcommon
ancestorfor classi�cationtypes.To keepmattersconcrete,
in all examplesandexperimentsin this paper, we focuson
two of the mostpopulartypes: An attribute X i is said to
benumeric if thevaluesin dom(X i ) canbeorderedwhile
attributeswith unordered,discretedomainvaluesaresaid
to be categorical. With these,we associatethe following
tolerancerules:

1. Categorical
For acategoricalattribute,thetoleranceei de�nesanup-
perboundon theprobability that theapproximatevalue
of X i in Tc is differentfrom the actualvaluein T. This
meansthat given X i = x for a particularrow in T and
X i = x0 for thesamerow in Tc, Pr ob(x = x0) � 1 � ei .

2. Numeric
Giventhatthevalueof anattributeX i is x in T andthat
x0 is it correspondingvaluein Tc, thenthe toleranceei
de�nestheupperboundthatx0 candeviatefrom x. This
meansthatx shouldbewithin therange[x0� ei ; x0+ ei ].

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

De�nition 2.1 CompressionScheme
Given the tableT, our basiccompressionschemeconsists
of two parts,thesetof representativerowsP andthecom-
pressedtableTc

1. Representative Rows
The setof representative rows P consistsof a setof k
rows f P1; :::; Pk g whereeachrow Pi 2 (dom(X 1)) �
(dom(X 2)) � :::(dom(X m )) . We say that a row in R
matchesa representative row Pi onattributeX i if oneof
thefollowing conditionsis true:

(a) P[X i ] � ei � R[X i ] < P[X i ] + ei if X i is numeric
(b) R[X i ] = P[X i ] if X i is categorical

2. CompressedTable
For eachrow R in T, thecompressedtableTc hasa cor-
respondingrow which canbe further split into the fol-
lowing threeparts:

(a) A representative row id, RRid, which indicates
thatR is mostsimilar to representative row PR R id
in thesetof representative rows.

(b) A bitmap which hasa bit for every attribute. A bit
representingX i is set to 1 if PR R I D [X i ] matches
RR R iD [X i ] and0 otherwise.

(c) An outlying list which storesattributevaluesin R
that cannotbe inferredsatisfactorily from the rep-
resentative row id andbitmap.

Givenourcompressionscheme,oneobviousconclusion
is that if we can�nd a setof k representative rows, P =
f P1; :::; Pk g suchthatall rowsarefully matchedby at least
onememberfrom P, then the numberof outlying values
thatneedto bestoredwill bezerogiving riseto very good
compressionratio. However, this is notalwayspossibleand
henceouraimis to minimizethenumberof outlyingvalues
thatneedto bestoredusingthenotionof coverage.

Notation Description
e errortolerancevector
ei errortolerancefor attributeX i

f v(X j ; G(Pi )) the most frequentvalue/interval for at-
tributeX i in groupG(Pi )

G(Pi ) a setof rows which have Pi asthe best
match

m numberof attributesin a table
n numberof rows in a table
P asetof representative rows
Pi thei th representative row in P

Pi [X j ] value of attribute X i for representative
row Pi

Pmax (R) therepresentative row thatbestmatches
row R

R arow in a tableT
R[X j ] valueof attributeX i for row R
RRid representative row id

T a table
Tc acompressedversionof T
X asetof attributes

Figure 2. Notations

De�nition 2.2 Coverage
Let R be a row in T andlet Pi be a representative row in
P. We say that the coverageof Pi on R, cov(Pi ; R) is
thenumberof attributesX i in which R[X i ] is matchedby
P[X i ]. 2

As an example,the coverageof representative row P1
on the secondrow of T in Example1 is 4 sincethe age,
salary, credit, andsex attributeslie within theerror toler-
ance.

Now let usde�ne thetotal coverageof asetof represen-
tative rowsP ona tableT.

De�nition 2.3 Total Coverage
Let P bea setof representative rows P1; :::; Pk andlet the
table T containn rows R1; :::; Rn . For eachrow, Ri let
Pmax (Ri ) be the representative row from P thatgivesthe
maximumcoverageamongPi (i � i � k) to Ri . We de-
�ne the total coverageof P on T to be total cov(P; T) =P

i =1 ::n cov(Pmax (Ri ); Ri ) 2

Maximizing thetotal coverageis equivalentto minimiz-
ing thenumberof outlyingvaluesandthuswehave 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 value k, �nd a set of k representative rows P
whichmaximizestotal cov(P; T). 2

For easeof reference,we show in Figure2 thenotations
usedin thispaper.

3 The ItCompr essAlgorithm

TheMC problemis easilyshown to beNP-hardsincea
specialcaseis equivalent to the k-centerproblem[5]. As
such, our solution to this problem is to �nd an ef�cient
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Algorithm ItCompr ess
Input: A tableT , a userspeci�ed valuek andanerror tolerance
vectore.
Output: A compressedtableTc anda setof representative rows
P = f P1 ; :::; Pk g.

1. Picka randomsetof representative rowsP
2. While total cov(P; T ) is increasingdo
3. f For eachrow R in T , �nd Pmax (R)
4. RecomputeeachPi in P asfollow:
5. f For eachattributeX j ,
6. Pi [X j ] = f v(X j ; G(Pi ))
7. g
8. g

Figure 3. The ItCompress Algorithm

heuristic. While optimality is not guaranteedfor our algo-
rithm, experimentsshow that it givesa goodcompression
ratiowithoutsacri�cing ef�ciency.

TheItCompress(ITerativeCOMPRESSion)algorithmis
presentedin Figure3. The algorithmbegins by picking a
randomset of k representative rows from the tableT. It
then iteratively improves this randomchoicewith the ob-
jective of increasingthe total coverageover the tableto be
compressed.Therearetwo phasesin eachiteration:

Phase1: (Step3 of ItCompress)In this phase,eachrow
R in T is assignedto a representative row Pmax (R) that
givesthemostcoverageto R amongthemembersof P. Let
G(Pi ) denotethe setof rows that areassignedto a repre-
sentative row Pi .

Phase2: (Steps4 to 6 of ItCompress)In this phase,a
new setof representative rows is computed.Eachnew Pi
is computedby settingeachattribute value Pi [X j ] to be
f v(X j ; G(Pi )) which denotesthe most frequentlyoccur-
ring value/interval for attributeX j in G(Pi ).

For a categorical attribute, this can easily be doneby
keepingcountof the numberof occurrencesfor eachcat-
egorical valuein G(Pi ) duringPhase1. For a numericat-
tribute,f v(X j ; G(Pi )) is aninterval of width [x � ej ; x +
ej ], x 2 dom(X j ) that is mostfrequentlymatchedby the
rows in G(Pi ). An ef�cient mechanismis to partition the
rangefor X j into micro-intervals of size that are signi�-
cantlysmallerthanej sayej =10 andkeeptrackof thefre-
quency of occurrenceof eachsuchmicro-interval in Phase
1. A sliding window of size 2 � ej is then moved along
thesesortedmicro-intervals to �nd the rangethat is most
frequentlymatched.This methodensuresa linear time al-
gorithmfor computingf v(X j ; G(Pi )) while ensuringthat
theerror in estimatingf v(X j ; G(Pi )) is not morethanthe
sizeof themicro-interval.

Theabove two phasesarerepeateduntil thereis no im-
provementin total cov(P; T). In somepracticalsituations,
it canalsobespeci�edthatterminationwill occurif theim-
provementin total cov(P; T) is negligible in comparisonto
thepreviousiteration.Example2 demonstratestherunning
of theItCompressalgorithm.

Example2 Consideragain thetablein Figure1 andlet us
assumethattheerrortolerancevectore is f 5,25000,50000,
0, 0 g. Assumingthat k = 2 andthat the �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)RepresentativeRows

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 ):Rowsassignto P1

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 ):Rowsassignto P2

Figure 4. Iteration 1 for Example 2

row of thetablearepickedastheinitial representativerows,
we depictthesituationfor the �rst iterationof ItCompress
in Figure3. Therepresentative rows P1 andP2 areshown
in Figure4(a)while Figure4(b)and4(c)show therowsthat
areassignedto P1 andP2 respectively. We leave it to read-
ersto verify thateachrow is assignedto therepresentative
row thatbestmatchesit (arbitrarily breakingties). Having
doneso, P1 andP2 are recomputedby assigningto each
attributethemostfrequentlyoccurringvalue/interval (high-
lightedin bold).

This new setof representative rows is shown in Figure
5(a) and we highlight the changesfrom the previous set
of representative rows in bold. With this change,the rows
in the tableareagain reassignedandonly oneof the row
changesmembershipfrom G(P2) to G(P1). Note that the
totalcoverageof thetwo representativerowsimprovesfrom
25 to 31 as we move throughthe two iterations. The it-
erative processcontinuesuntil thereis no improvementin
total cov(P; T). 2

Note that throughoutthe ItCompressalgorithm,the er-
ror bound for categorical attribute is not utilized as part
of the optimization. However, this can be easily done
at the end of the algorithm. Given G(Pi ), the set of
rows which have Pi as the bestmatch,we can compute
for eachcategorical attribute X j , the frequency of occur-
renceof Pi [X j ] within G(Pi ). Let us denotethis fre-
quency of occurrenceas f r eq(Pi [X j ]; G(Pi )) . Sincewe
have anerror toleranceof ej for X j , we will remove up to
ej =(1 � ej ) � f r eq(Pi [X j ]; G(Pi )) outlying valuesfrom
the rows in G(Pi ) as long as theseoutlying valuesare in
the domainof X j . Theseremoved outlying valuescanbe
assumedto bePi [X j ] without invalidatingtheerror-bound.
Fromhere,we canseethat ItCompressis indirectly utiliz-
ing theerrortolerancefor categoricalattributesby trying to
maximizecoverageandthusallowing moreoutlyingvalues
to beremoved.
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RRid age salary assets credit sex
1 70 30,000 125,000 poor male
2 25 90,000 175,000 good female

(a)RepresentativeRows

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 ):Rowsassignto 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 ):Rowsassignto P2

Figure 5. Iteration 2 for Example 2

3.1 Convergenceand Complexity

Given the ItCompressalgorithm describedabove, we
have thefollowing theorem:

Theorem3.1 The total coverage of P on T is non-
decreasingfor every iterationin ItCompress.

Proof: Our aim is to show that the total cov(P; T) either
increasesor remainthesamein bothPhases1 and2.
In Phase1, this is trivial since each row is assigneda
representative row Pi that provide the most coverage. If
Pmax (Ri ) changedfor a row Ri , thenit meansthat
cov(Ri ; Pmax (Ri )) has increased,otherwise without a
changein Pmax (Ri );cov(Ri ; Pmax (Ri )) would have re-
mainedthe same. Sinceall rows eitherhave the sameor
increasedcoveragefor the samesetof P, total cov(P; T)
musthave increasedor remainedthesame.
In Phase2, we �rst observe that

P
R 2 G(P i ) cov(R; Pi ) is

equal
to

P
j =1 ::m match(G(Pi ); X j ) wherematch(G(Pi ); X j )

is the numberof rows in G(Pi ) that matchPi on attribute
X j . Sincef v(X j ; G(Pi )) is chosensuchthat the number
of rowsfrom G(Pi ) thatmatchPi [X j ] is maximum,weare
alsomaximizing

P
R 2 G(P i ) cov(R; Pi ). Sincethis is done

for eachpatternPi 2 P, we arethusincreasingor main-
tainingtotal cov(P; T).

As can be seen,both Phase1 and 2 either increaseor
maintaintotal cov(P; T), thusproving thetheorem. 2

From Theorem3.1, we canconcludethat ItCompresswill
eventuallyconvergesincetotal cov(P; T) is �nite.

Wenow look attheissueof ef�ciency. SinceItCompress
iteratively goesthroughthen rows in thetableandmatches
eachof them against the k representative rows, the num-
berof rowscomparedis kn. Eachrow comparisonrequires
2m operations,wherem is thenumberof columns.Thus,
therun-timecomplexity for Phase1 is O(kmnl ), wherel is
thenumberof iterations. In Phase2, computingeachnew
Pi requiresgoingthroughall thedomainvalues/intervalsof

eachattribute. Assumingthat the total numberof domain
values/intervalsis d, thenPhase2 will havearuntimecom-
plexity of O(kdl). Thus,the total run time complexity of
ItCompressis O(kmnl + kdl). Sincek, d, m andl areusu-
ally muchlessthann, we infer thatItCompresshasa linear
runningtimeof O(n).

To further reducethe running time in practice,we run
ItCompressonasampledrawn from alargetableand�nd a
setof representative rows P for thesample.Theremaining
remainingrows in the table are then assignedto the best
matchedmemberin P. Experimentsin thenext sectionwill
show thata5% to 10% sampleis suf�cient to producegood
compressionin thismanner.

4 Discussion

Two semanticcompressionalgorithms[9, 1] have pre-
viously beensuggestedin the literature. Both thesealgo-
rithmsarequitecomplex, andtheItCompressalgorithmde-
scribedabove appearsto bemuchlesssophisicated.While
an extensive performancecomparisonwill be presentedin
the next section,herewe will highlight someof the dif-
ferencesandmotivatesomeof thedesignchoicesmadein
ItCompress.

4.1 Previously Known SemanticCompressionAl­
gorithms

In this section,we presenta brief sketchof thetwo pre-
viously known semanticcompressionalgorithmsthat we
mustcompareourselvesagainst.

The fasciclesalgorithmpresentedin [9] is the �rst se-
manticcompressionalgorithmdevelopedfor tablesandre-
lations. Given a tableof m columnsanda user-speci�ed
value of u (u � m), the algorithm extractsa model M
consistingof w fascicles,eachof which is representedby
a u-tuple. Theu columnsarecalledcompactattributesbe-
causethesearecolumnswith very similar values(i.e., val-
ueswithin the error tolerance)for all the rows assignedto
thefascicle.

While thefasciclesalgorithmdeterminestheu compact
columnslocally on a perfasciclebasis,SPARTAN [1] tries
to separatethem 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 constructingBayesianNetwork andCaRTs
(classi�cationandregressiontrees).

As seenin thefasciclealgorithmandSPARTAN, thekey
aspectsthat differentiateone semanticcompressionalgo-
rithm from anotheraretheexactde�nition of themodelM
usedto compressthedatabaseandhow it is constructed.

4.2 Simplicity and Dir ectness

In bothfasciclesandSPARTAN, theprocessof compres-
sioncangenerallybeseparatedinto 2 steps.

Step1: Findingasetof patternsor rules.
Step2: Usingthediscoveredpatterns/rulesin Step1, form
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theglobal model,M for compressingthedatabase.

To assessthe usefulnessof the patterns/rulesin Step1,
criteria like lengthof the patternsor accuracy of the rules
areusedto guidetheminingalgorithms.Therearehowever
no directguaranteethat thepatterns/rulesdiscoveredusing
suchcriteria areactuallyuseful in forming a goodglobal
modelfor compression.For exampleconsideranexample
in which thefollowing 6 rulesarefoundby SPARTAN:

� Rule1: X 1; X 2; X 3 ! X 7(100%)

� Rule2: X 4; X 5; X 6 ! X 8(100%)

� Rule3: X 3; X 4; X 5 ! X 7(80%)

� Rule4: X 3; X 4; X 5 ! X 8(80%)

� Rule5: X 1 ! X 2(80%)

� Rule6: X 1 ! X 6(80%)

In this example,althoughbothRule1 and2 have 100%
predictionaccuracy but utilizing them in the global com-
pressionmodel will requirethe storageof 6 predictorat-
tributes(i.e. X 1,..., X 6). On the otherhand,Rule 3 to 6
allow us to storeonly 4 predictorattributes(i.e. X 1, X 3,
X 4 andX 5) althoughmoreoutliersareexpecteddueto less
accuraterules. The tradeoff in performancebetweenthese
two choicesis notentirelyclear.

Basedon this example,we can seenthat it is entirely
possiblefor SPARTAN to �nd excessive numberof pat-
terns/rulesthatarenot usefulin constructinga goodglobal
compressionmodelwhile otherpotentiallyusefulrulescan
bemissedbasedonthecriteriaadoptedin Step1. Thiscon-
clusionseemsunsatisfactoryconsideringthat we muchgo
throughthecomplex processof trainingBayesianNetwork
in SPARTAN (whichhavea timecomplexity of O(m4 � n)
[1], m beingthe numberof columnsandn the numberof
randomlysampledrows). Likewise, fasciclessuffers from
similardif�culties sinceit toohasa two-stageprocess.

Furthermore,sincetheselectionof theoptimalsetof pat-
terns/rulesin thesecondstepis NP-hardfor both fascicles
andSPARTAN, greedyalgorithmsareusedfor thispurpose,
with noguaranteeson thequalityof resultsobtained.

ItCompresson theotherhandadopta simplephilosopy
of “direct optimization”.Sincetheaimof acompressional-
gorithmis to reducethestoragerequirementfor adatabase,
ItCompressdirectly usethis asa optimizationcriteria and
ensurethat only patternswhich improve the compression
arefound in eachstepof its iterations5 . While the opti-
mizationproblemis NP-hardin ourcaseaswell, theheuris-
tic usedis aniterative hill-climbing techniquethatcanrec-
ognizewhenit hasreacheda (local) maximum. As men-
tionedearlier, this simpleapproachresultin a muchlower
timecomplexity comparedto SPARTAN.

4.3 Constraining the Optimization

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

5This philosopy is inspiredby the proposalto have a microeconomic
view ondatamining in [11]

on feasiblesolutionsby virtue of the choice of solution
technique.

SPARTAN imposes a constraint that each attribute
must be either a predictedor predictorattribute globally.
In consequence,SPARTAN is not able to exploit situ-
ations where there is only local “column-wise” depen-
dency in a dataset(i.e., exhibitedby a subsetof the rows).
For example, “age< 20” could be a strongpredictor for
“assets< 50,000”. However “age> 20” might give no
goodindicationon a person's assets.In sucha case,age is
saidto give only a “local” predictionfor assets andhence
will notbesuitableasapredictorattributesinceSPARTAN
is constrainingits compressionmodelto useonly globalde-
pendency exhibitedby all therows.

Similarly, a fasciclehasthe constraintthat theremust
beu compactattributeswhich arematchedcompletelyby
every tuple in it. If evenonetuplehasa differentvaluefor
oneof theu attributes,it cannotberetainedin thefascicle.

ItCompressovercomesthis problemby groupingrows
basedon approximatematchingto the representative row
and trying to maximizethe numberof matchingcolumns
withoutany constraints.

4.4 Tuning Parameters

Everyalgorithmhasengineeringparametersthatmustbe
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).
Becauseof this, theresultof thecompressioncanberather
sensitive to u. A smallvalueof u will obviously give little
compressionevenwhenn is large. A largevalueof u will
resultin only a few rows in eachfascile,makingthevalue
of thethisproductsmall.Thereis noeasywayto determine
anoptimumchoicefor u.

Similarly, the parametersfor the construction of
BayesianNetwork andCARTs which is neededby SPAR-
TAN arealsonot easilyselected.Theis especiallytruefor
BayesianNetwork sincethenetwork structuremust�rst be
inferredbeforeany trainingcantakeplace.

ItCompress,too hasuser-tunableparameters.However,
theseparameterscanbe tunedmoreeasilydueto thesim-
plicity of thealgorithm.Oneis thethenumberof represen-
tative rows. Too large a numberwill result in little com-
pression.Toosmallanumbermayleave toomany attribute
valuesstoredasexception,again leadingto little compres-
sion. Fortunately, our experimentalresultsshow that there
is a rather�at optimumregion,andthequality of compres-
sion is not greatlyaffectedby the choiceof valuefor this
parameter.

Anotherparameterin ItCompressis thenumberof iter-
ationsit is run for. Here,we know whento stop,sincethe
improvementis easilymeasuredfrom one iteration to the
next. As such,it is not necessaryto have ana priori deter-
minationof thisparametervalue.

5 PerformanceStudy

In thissection,westudytheperformanceof ItCompress,
andevaluateits senstivity to variousparameters.We also
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compareits performance,notonly againstthefasciclesand
SPARTAN algorithm,but alsoagainstgzip [17, 18], awell-
known syntacticcompressionalgorithm.

SincetheSPARTAN systemis proprietaryandthecode
is non-trivial for us to reproducefrom scratch,we decided
to follow theexperimentsreportedin [1] andcompareour
resultsagainstthosedescribedin it. We implementedand
ran the other three algorithms. Faithful reproductionof
datasetsprovidesa fair basisto comparethe compression
obtainedby thefour algorithms.To comparerunningtimes,
we performedour experimentson a single processorPC
with a700MhzAMD Duronprocessorand256MBof main
memory, which is clearly lesssuperiorto the systemused
in [1] thathasfour Pentium700Mhzprocessorsand1 GB
of memory. This providesanadvantageto SPARTAN over
theotheralgorithms,andItCompressin particular.

Syntacticcompressioncanoptionallybeappliedafterse-
manticcompression,sincethe two techniquesarecomple-
mentary. As such,in additionto runninggzip by itself, we
alsorangzip on theresultsof theotheralgorithms.For It-
Compressandfascicles,we areableto reportresultsboth
with andwithout this �nal syntacticcompression.

In thecaseof SPARTAN, theresultsin [1] areobtained
afterapplyinggzipon topof theinitial compressionby fas-
ciclesandSPARTAN 6. As such,we do not have thenum-
bersfor compressionby SPARTAN alone,without thegzip
thatfollows.

Real-life Data Sets. As in the experimentsin the SPAR-
TAN paper[1], we select the following three real-life
datasetsfor experiments.

� Corel.(http://kdd.ics.uci.edu/databases/CorelFeatures)
This datasetconsistsof 32 numericalattributesandcon-
tains68,040tuples.Sinceonly a 10.5MBsubsetis used
out of the 20MB datasetin [1], we followed likewise
and randomlyselectedtwenty suchsubsetsin order to
reducethe error due to variationsin the sample. Ex-
perimentsshow that the differencein performanceover
the twentysubsetsis negligible. Eachsubsetconsistsof
around35,000tuples.

� Forest-cover.
(http://kdd.ics.uci.edu/databases/covertype)
This datasetwasalsodownloadedfrom the given web-
site. It is a 75.2MB datasetcontaining581,000tuples
with 10 numericand44 categoricalattributesdescribing
theelevation,slope,soil typeetcfor a forestcover.

� Census.(www.bls.census.gov)
This datasetis obtaineddirectly obtainedfrom the au-
thorsof [1]. It consistsof 7 categorical attributesand7
numericattributesselectedfrom a censusdataset.There
are676,000tuplesin thedatasetandit takesupastorage
of 28.6MB.

Default Parameter Settings. For SPARTAN, we usedthe
default parametervaluesusedin [1]. To obtain the result
for fascicleswithoutgzip,wealsousedtheoptimalsettings
providedin [1]. For ItCompress,thedefault valuefor error

6For fascicle,gzip is appliedon the whole compresseddatasetwhile
for SPARTAN, gzip is appliedon thepredictorattributes.

tolerancewas�x edat 0 for all categoricalattributes.For a
numericattributeX i , wespeci�edei asapercentageof the
width of therangeof X i valuesin thetable,andwehadset
this percentageto 1% by default. For otherparameters,the
default valueof k was �x ed at 300 andthe samplingrate
was 10%. The numberof iterationsfor ItCompresswas
limited to 3, unlessotherwisestated.

5.1 Effect of RandomInitialization

Theinitializationof ItCompressis basedonarandomse-
lectionof representativerows. Weinvestigatedthevariation
in compressionperformanceproducedby ItCompressdue
to this randomselection.For this purpose,we performed5
setsof experimentsusinga differentsetof initial represen-
tativerowseachtime. To seeif thisrandomchoicebecomes
more signi�cant when more or fewer representatives are
chosen,wevariedk, andagainrepeatedtheexperiment� ve
timeswith differentrandominitial representative rows for
eachvalueof k. For thesamereason,we alsorepeatedthe
experimentwith differentdatasets.Ourresultsareshown in
Figure6 whereeachcolumnof thetablerepresentsoneset
of � verepetitionsfor achosendatasetandspeci�edvalueof
k. As canbeseen,all valuesin any columnarealmostiden-
tical, indicatingthat the variancein compressionratio due
to differentrandominitializationsis insigni�cant for all the
threedatasetswith the valueof k rangingfrom 50 to 500.
Wethushavereasonto believethatthecompressionratioof
ItCompressis stabledespitetherandominitialization. To be
doublysure,all our readingsfor ItCompressin thenext two
sectionsarereportedastheaverageover 5 runs. Note that
we did not observe a signi�cant variancebetweenruns in
any of thesecases.

5.2 Empirical Comparisonof Algorithms

We next compareItCompresswith the other compres-
sion algorithms in terms of both effectivenessand ef�-
ciency. In Figure7, we vary the error tolerancethreshold
from its default value and look at the compressionratio
achieved by the variousalgorithmson the threedatasets.
Fromthegraphsin Figure7, we make thefollowing obser-
vations:

� Combiningsyntacticand semanticcompressiongener-
ally givesbetterperformancethanpuresyntacticor se-
manticcompression.Theonly exceptionalcaseis noted
for the Corel datasetin which ItCompressby itself out-
performsfascicle(gzip)whentheerror tolerancethresh-
old is high.

� For pure semanticcompression,the compressedtables
producedby ItCompressare around 1.2 to 1.7 times
smallerthan thoseproducedby fasciclesfor the small-
esterror tolerancethreshold(i.e. 0.05%)while the dif-
ferenceincreasesto 2 to 3 timesfor largerthresholds.It-
Compressexhibits a muchsteeperimprovementin com-
pressionratioastheerrortolerancethresholdis increased
as comparedto fascicles. This result clearly shows
that ItCompress,which dynamicallyswitchesthe mem-
bershipof a row to a groupthat bestmatchesit, is able
to give bettercompressionthanfasciclewhich �x esthe
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Forest-Cover 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 once it is assignedto a particular
group.

� For “combined” algorithms involving both semantic
compressionand gzip, ItCompress(gzip)always yields
bettercompressionexcept on the ForestCover dataset
whereSPARTAN(gzip) is only slightly betterfor small
error tolerancethreshold. For other datasets,however,
ItCompress(gzip)is always the clear winner producing
compressedtablesthatare1.5to 3 timessmallerthanthe
closestcompetitor. This again illustratesthat theunder-
lying strategy of ItCompress,whichsimplyaimsto max-
imize the total coverageof its representative rows, is a
moreeffective methodthanothersemanticcompression
algorithms.

Giventheimpressive compressionratio that is achievedby
ItCompress,the naturalquestionto ask is whetherthis is
doneby payingapricein termof ef�ciency.

To answerthis question,we comparethe running time
of ItCompress,fasciclesandSPARTAN in Figure8 for an
error toleranceof 1%. We expecterror toleranceto have
insigni�cant impact on the running time of the threeal-
gorithmsand we pick an error toleranceof 1% sincethe
running time for SPARTAN is taken from [1] which uses
the sameerror tolerancethreshold. Note that for SPAR-
TAN, runningtime is dependenton theCaRT selectional-
gorithmthatis beingused.Therearethreesuchalgorithms,
Greedy, WMIS(Parent) andWMIS(Mark ov). For each
dataset,we take SPARTAN 's runningtime to bethemini-
mumoneamongthethreealgorithms.As canbeseenfrom
thetable,fasciclesalwayshasthebestrunningtime among
thethreealgorithms.Comparedto fascicles,ItCompress's
runningtime is around10%to 15%more.We feel thatthis
smallincreasein runningtimeis justi�able comparedto the
largegain in compressionratio. Moreover, onecanalways
tradeoff thecompressionratioslightly by runningfewer it-
erationsof ItCompressto substantiallyreducethe running
time. PleaseseeFigures9(c)and10(c).For SPARTAN, its
runningtimeis almost2.5to 4 timesmorethanItCompress.
This clearly indicatesthat ItCompresscanachieve compa-
rablecompressionratio with SPARTAN while maintaining
asigni�cant advantagein termsof runningtime.

5.3 Effect of Parameter Settings

Having comparedItCompressto the othercompression
algorithms,we will next investigatetheeffect thatdifferent
parametersettingshave on ItCompress.To keepthe num-
ber of parametersettingcombinationssmall, we will only
vary the settingfor one parameterat a time, while keep-

ing thesettingfor otherparametersto their default values.
Experimentsareconductedonall threereal-lifedatasets.

5.3.1 Effect of ParameterSettingsonCompressionRa-
tio

We will �rst look at how the settingof parametersaffects
thecompressionratioof ItCompress.

Varying number of representative rows. In Figure9(a),
we vary k, the numberof representative rows, from 0 to
500andlook at thecompressionratio achievedby ItCom-
pressandItCompress(gzip)on thethreedatasets.Fromthe
graph,we canseethat increasingk will improve thecom-
pressionratio of ItCompressandItCompress(gzip),but the
improvementis only marginal from k = 100onwards.This
improvementis dueto thefact thatwith highervalueof k,
eachrow is morelikely to be allocatedto a representative
row thatcouldmatchit onhighernumberof attributes.This
resultsin feweroutlyingvaluesandreducesthetotalstorage
neededfor them.

However, we also note that the storagefor representa-
tive rows will increasewith k. Thus if k is subsequently
increasedto an extremevaluewherethe reductionin out-
lying valuesis not enoughto offset the additionalstorage
needfor therepresentativerows,thenthecompressionratio
will increaseinstead.

Although this situationdoesnot occureasilyasevident
from our experiments,we will still try to startwith a small
valuefor k whenwearetrying to optimizetheperformance
of ItCompress.This canthenbe increasedgraduallyto a
point wheretheincreasein compressionratio is negligible.
As we had observed earlier, this is not too dif�cult since
thereis a largerangeof valuesfor k wherethereis no sig-
ni�cant increaseor decreasein thecompressionratio.

Varying Sampling Ratio. We next vary thesamplingratio
from 1% to 20% to seeits effect on ItCompress's perfor-
mance.FromFigure9(b),weobserve thatwhile increasing
thesamplingratio improvesthecompressionratio for both
ItCompressaswell asItCompress(gzip),this improvement
is negligible. Amongthethreedatasets,ItCompressseems
to bemostaffectedby thesamplingratio whenit is run on
theForestCover dataset.This is dueto thehigherdimen-
sionalityof thedatasetwhichmeansthatahighersampling
rateis neededto capturethedistributionof thedata.

Varying Number of Iterations. Finally, we investigate
how the compressionratio of ItCompressimproves with
the numberof iterations. In Figure9(c), we plot the com-
pressionratio for ItCompressandItCompress(gzip)against
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Figure 7. Error Threshold vs Compression
Ratio.

Data Set RunningTime(sec)
ItCompress Fascicles SPARTAN

Forest-Cover 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

the numberof roundsthat ItCompressis allowed to iter-
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Figure 9. Parameter Settings vs Compression
Ratio.

ate. Note that we considerthe numberof iterationsto be
0 whenwe randomlypick k representativesandassignthe
remainingrows to the bestmatchedrepresentative. From
the graph,we seethat the �rst 1 to 3 iterationsof ItCom-
pressbringaboutthemostimprovementin compressionra-
tio, while theperformancelevelsoff for highernumberof it-
erations.Amongthethreedatasets,theForestCoverdataset
takesthemostnumberof iterationsfor theperformanceto
level off. Onceagain, this is dueto its high dimensional-
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Figure 10. Parameter Settings vs Running
Time.

ity which givesmoreroom for performanceimprovement
in termsof thenumberof matchedattributevalueswhich a
databaserow shareswith theclosestrepresentative rows.

From this, we can concludethat ItCompressdoesnot
needtoomany iterationsin orderto achievegoodcompres-
sion. This is importantsincemany scansthroughthetable
will resultin lossof ef�ciency.

5.3.2 Effect of Parameter Settingson Running Time

Having seenhow theparametersettingsaffect thecompres-
sionratio of ItCompress,we will examinetheeffect of pa-
rametersettingson the runningtime of ItCompress.Note
thatwe leave out ItCompress(gzip)in this sectionsincethe
gzipalgorithmtakesupanegligible amountof runningtime
ascomparedto ItCompressandthuswe will seeno differ-
encebetweenthe runningtime of ItCompressandItCom-
press(gzip)on the samedataset.Also all runningtimesin
this sectionareobtainedfrom thesamesetof experiments
as in the previous section. Thus, readersshouldfeel free
to comparethe tradeoff in compressionratio and running
time by performinga directmappingbetweenthe two sets
of graphs.
Varying k. Figure 10(a) depictsthe running time of It-
Compressagainst k. The graphcon�rms our analysisin
the earlier sectionthat the running time of ItCompressis
linearwith respectto k. By comparingthis graphwith Fig-
ure9(a),weseethattherunningtimeof ItCompresscan,in
fact,beimprovedby selectingk to be100without sacri�c-
ing toomuchoncompressionratio. Thisalsomeansthatthe
runningtime we have shown in Figure8 canbe improved
withoutany signi�cant effecton thecompressionratio.

Varying Sampling Ratio. As shown in Figure10(b), the
running time of ItCompressis also linear with respectto
thesamplingratio. Notethattherunningtimedoesnot tend
to zerotogetherwith the samplingratio sinceour running
time is basedon thetotal time thatItCompresstakesto run
onthesampleandthetimetakento allocateeachrow in the
table to the bestmatchedrepresentative row at the endof
the run. In fact, we canseefrom the graphthat the total
runningtime is dominatedmainlyby thetimetakento allo-
cateeachrow in thetableto thebestmatchedrepresentative
at the endwhile the time spenton discovering representa-
tive rows from thesampleis generallylesssigni�cant.

Varying Number of Iterations. From Figure 10(c), we
canseethat the runningtime of ItCompressis also linear
with respectto thenumberof iterations.This is consistent
with our analysisin Section3. By comparingFigure10(c)
with Figure9(c), we canseethat thetime spenton the3rd
iterationandbeyondwill notbringsigni�cant improvement
in compressionratio, thus justifying our default value for
the numberof iterationsthat we allow ItCompressto run
through.

5.4 Performanceon NoisyDatasets

In all previous experiments,our testsareperformedon
theoriginal datasets.Oneaspectof real-life datasetshow-
ever is the existenceof randomnoisewhich might result
in a degradationof performancefor all the semanticcom-
pressionalgorithms. In this section,we will look at how
ItCompressis affectedby theamountof randomnoisethat
is presentedin thedatasets7. Figure11 illustratesthealgo-
rithm for corruptingthedatasets.Thealgorithmessentially
goesthroughevery row in the table and attemptsto cor-
rupteachin turn. Eachattributein a row havea(corruption

7While the original datasetsmight alreadycontainnoises,this is not
measurablefrom ourperspective.
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Algorithm Corrupt
Input: A tableT , a userspeci�ed corruptlevel, clevel%. Out-
put: A corruptedtableT 0 with anoiselevel of clevel%.

1. For eachrow R in T ,
2. For eachattributeX i ,
3. If r and() � clevel%
4. corruptR[X i ]
5. Outputcorruptrow R0 to T 0

Figure 11. Algorithm for Dataset Corruption

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

We ranItCompresson thedatasetswith corruptionlevel
of 5%to 50%andcompareit againstthefasciclealgorithm.
Defaultvaluesareusedfor theparametersettingsof ItCom-
presswhile theparametersfor fasciclesaretunedto givethe
bestperformance.As shown in Figure12, thecompressed
�le sizefor ItCompressincreaseslinearly with thecorrup-
tion level for all datasetswhile theperformanceof thefasci-
clealgorithmdegradessharplyevenwith asmallcorruption
level (thoughit levelsoff afterwards).

This behavior canbe explainedby our earlierobserva-
tion in Section4 that the compressionschemeadoptedby
ItCompressis lessrestrictivethanthatof fasciclesalgorithm
whichrequiresaperfectmatchfor all thecompactattributes
for therows in a fascicle.In thepresenceof noise,aperfect
block of fasciclecanbreakdown rapidly especiallywhen
the numberof compactattributes is large as in the case
of the ForestCover andCensusdatasets.This is because
the probability of having a perfectmatchin the presence
of noisedropsexponentiallywith the numberof compact
attributesconsidered.As evidencedfrom Figure12(a)and
12(c),a largenumberof compactattributeswhichorginally
bringbettercompressionperformancenow becomealiabil-
ity to thefasciclealgorithmwhennoisesareintroduced.

While we are unable to perform any comparisonto
SPARTAN dueto reasonsmentionedearlier, we note that
SPARTAN makesuseof rulesthat areof the form “X !
Y ” in order to perform its compression.Suchrules also
requireperfectmatchfor all theattributesinvolved in both
their L.H.S. andR.H.S.As such,we have every reasonto
believethattheperformanceof SPARTAN will alsodegrade
substantiallylike thefasciclealgorithmwhennoisesarein-
troduced.

6 Mor eRelatedWork

Sincewe have comparedItCompressto both fascicles
and SPARTAN in earlier sections,we have only one ad-
ditional issueto raisein termof decompressionef�ciency.
SinceItCompressessentially�nds abestmatchrepresenta-
tive for every row, uncompressinga row is relatively sim-
ple andis performedby �rst extractingthe particularbest
matchedrepresentative row and thensubstitutingthe out-
lying attributevaluesfrom theoutlying list. Thecomputa-
tional complexity of suchan operationis O(m). Datasets
compressedby SPARTAN do not enjoy this advantage.
Sinceeachpredictedattribute valueis only availableafter
passingthe predictorvaluesthroughthe classi�cationand
regressiontrees,a row which hasm attributescould take
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Figure 12. Noise Level vs Compression Ratio.

O(m2) time to beuncompressedin theworstcase.
As with othersemanticcompressionalgorithms,ItCom-

presscan provide lossy compressionwithin the speci�ed
error tolerance. The rearrangementof columnsin a rela-
tion hasbeenshown to affect thecompressionachieved in
previousstudies[13, 12]. Undertheproposedscheme,this
ideais carriedfurthersincetheoutlyingattributesaredeter-
minedon a pertuplebasiswith respectto its representative
row.

To achievescalablespatialclustering,it is commonprac-
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tice to reducethe size of the datasetby groupingpoints
into micro-clusters[16, 6, 15, 14] and then perform the
actualclusteringon the compresseddataset.However, no
error tolerancethresholdis allowed alongeachdimension
andthetechniqueis applicableonly to numericalattributes.
SinceItCompressadoptsan iterative re�nement approach
for compression,in somesenseit canbe comparedto the
k-meansalgorithm[7]. We notehowever that thek-means
algorithmis alsonot applicableheresinceit doesnot give
any guaranteederror boundsand converges only on Eu-
clideandistance.Our contribution lies in thedevelopment
of a semanticcompressionschemein which the iterative
re�nement technique(withconvergence)is applicableand
in which error toleranceis observed for datasetsinvolving
bothcategoricalaswell asnumericalattributes.

An important aspectof ItCompressis dimensionality
reduction(which leadsto compression).“Featurereduc-
tion” is a fundamentalproblem in machinelearningand
patternrecognition.Therearemany well-known statistical
techniquesfor dimensionalityreduction,includingSingular
ValueDecomposition(SVD) [4] andProjectionPursuit[3].
Thekey differencehereis thatdimensionalityreductionis
appliedto the entiredataset.In contrast,ItCompresshan-
dles the additionalcomplexity of �nding differentsubsets
of thedata,all of which maypermita reductionon differ-
ent subsetsof dimensions.The samecommentextendsto
FastMap[2], theSVDD technique[10], andtheDataSphere
technique[8].

7 Conclusion

In this paper, we have presenteda simple and general
semanticcompressionalgorithm,ItCompress,anddemon-
strated it to be remarkably effective over a variety of
datasets.ItCompressworksby choosingrandomrepresen-
tative rowsandthenimproving uponthischoiceiteratively.
We thushave thepossibilityof tradingoff therunningtime
of the compressionalgorithmfor compressionratio. The
goodnews is that the asymptoticcompressionlimit is ap-
proachedafteronly a few iterations.

Like other semanticcompressionalgorithms, ItCom-
pressis complementarywith respectto byte-orientedsyn-
tacticcompression.Syntacticcompressiontechniquesmay
beappliedto theresultsof ItCompressto obtainadditional
compression.

As part of our future work, we arecurrentlylooking at
how the compresseddatabaseand semanticmodel of It-
Compresscanbe usedto speedup morecomplex mining
taskssuchas BayesianNetwork building or CaRTs con-
struction. Achieving thesecould meanthat more com-
plex semanticmodelscanbediscoveredef�ciently andsuch
modelscouldprovideevenbettersemanticcompression.It-
Compresscan thusbe usedasa “bootstrap”compression
algorithmfor enteringinto a positive loop wherecompres-
sion enhancesmining andmining, in turn, enhancescom-
pression.This is adifferentform of iterativecompression.
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