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Abstract

In this paperwe proposea new operator for
adwancedexploration of large multidimensional
databasesThe proposedoperatorcan automati-
cally generalizefrom a specificproblemcasein
detaileddata and return the broadestcontext in
which the problem occurs. Sucha functional-
ity would be usefulto an analystwho after ob-
servinga problemcase,say a drop in salesfor
a productin a store,would like to find the ex-
act scopeof the problem. With existing tools he
would have to manuallysearcharoundthe prob-
lem tuple trying to draw a pattern. This process
is both tediousandimprecise.Our proposecdp-
eratorcanautomatdhesemanualstepsandreturn
in a single stepa compactand easy-to-interpret
summaryof all possiblemaximalgeneralizations
alongvariousroll-up pathsaroundthe case. We
presenta flexible cost-basedrameawork that can
generalizevariouskinds of behaiour (not simply
drops)while requiringlittle additionalcustomiza-
tion from the user We designan algorithmthat
canwork efficiently onlargemultidimensionahi-
erarchicaldatacubesso asto be usablein anin-
teractve setting.

1 Intr oduction

In this paperwe proposea new operatorcalledRELAX for
automaticallygeneralizinghe scopeof a specificproblem
cell of alargemultidimensionabatabase.
Multidimensionaldatabas@roductaverecommercially
popularized as Online Analytical Processing(OLAP)
[Cod93 CD97] systemsfor helping analystsdo decision
supporton large historical data. They exposea multidi-
mensionaliew of the datawith cateyorical attributeslike
Productsand Storesforming the dimensionsand numeric
attributeslik e SalesandRevenueforming the measuesor
cells of the multidimensionalcube. Dimensionsusually
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have associatedvith them hierarchiesthat specifyaggre-
gationlevels. For instance store-name— city — stateis a
hierarchyon the Storedimension. The measureattributes
areaggrejatedo variouslevelsof detailof thecombination
of dimensionattributesusingfunctionslike sum, average,
countand variance. OLAP productsprovide corvenient
toolsfor exploring the datacubesthroughnavigationalop-
eratordik e selectdrill-down, roll-up andpivot conforming
to the multidimensionalview of data. An analystcanin-
teractizely invoke sequencesf thesesimple operationgo
visualizethe measureslong variouscombinationsof di-
mensionsandat variouslevels of aggreyation.

Supposalocalbranchanalystexploring hissub-portion
of the datacubenoticesa significantdrop in salessome-
wherein detaileddata. Often, the next steptaken by him
is to investigatewvhetherthis wasthe only casewheresuch
a drop was obsenred or was this changepart of a bigger
problemaffecting othercasesoo. For this herolls up to
the next level and views the problemcasein the context
of combinationof otherdimensionaisinga successiomf
selectiondrill-down andpivot steps.Not only is this oper
ationtedious,it is alsoimprecisebecausehe analystcan-
notbesureif hehasexploredall possibleviews, especially
for large datasetgshat commonlyappeaiin reallife. The
RELAX operatorcanbe usedto automatethis search.The
operatorreportsin a single stepa summaryof all possible
maximalgeneralizationslongvariousroll-up pathsof the
problemcase. The reportarmsan analystwith the exact
extentandscopeof the problemsothathe canbetterapply
hisinsightto infer on possibleexternalreasons.

We next explaintheworking of thenew RELAX operator
throughsomeexamplesfrom real-life datasets.

1.1 Example Scenarios

Considerthe dataseshowvn in Figure 1 with four dimen-
sions: Product,Platform,Geographyand Yearanda three
level hierarchyon the Productand Platform dimensions.
This is a real-life datasebbtainedfrom InternationalData
Corporation(IDC) aboutthe total yearly revenuein mil-
lions of dollarsfor differentsoftware productsfrom 1990
t0 1994.

1.1.1 Scenariol

Supposean analystin the “United States”’managingrev-
enuedor the “HRM/Payroll” Producton the “Single-User
Other” Platformnoticesa surprisingdrop in revenuefrom
1993to 1994asshaown in Figure2. Beforefurtherinvesti-
gatingthereasongor this drop, it mighthelphim to find if
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Figure2: A problematicdropin revenuefrom 1993to 1994 obsenedfor Product="HRM/RwyRoll; Geography="United
States’andPlatform="Single-UseOther’
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(a) Fesut of the FELAZ operator

Year |
Praduct 1993 1994
Home Educationf Edutainment Q.1730 |(0.6130
oames 56 Q.2790 1. 7880
Home Produ ctivity o544 0.84

(b Details ofthe swrrrarnized szception E2.1

Figure3: Outputof the RELAX operatorfor the problemcasemarkedin Figure2. The bottomtable shows detailsof the
summarizedxceptionE2.1. Thistableis not partof theresult.

Figurel: Dimensionsandhierarchief the softwarerev-
enuedatausedin Scenaridl. Thenumberin bracketsindi-
cateshesizeof thatlevel of thedimension.

the sameProduct-Platfornpair hadproblemsin otherGe-
ographiedesidesUnited States, if the sameProducthad
problemsin other Platformsbesides‘'Single-UserOther”

andsoon. To answersuchquestionshe could explore fur-

ther aroundthe problemcaseto find a pattern. He hasto

view this casen successioin thecontext of otherGeogra-
phies, the threelevels of hierarchiesof the Platform and
Productdimensionsandthenfurtheroutwardfor combina-
tions of two or moredimensionsand hierarchies.In each
caseheneedgo checkif oneor moreof themhada sim-

ilar drop and explore further out trying to find a pattern.
With existing tools, this hasto be donemanuallyby per

forming a seriesof roll-upsanddrill-downsalongdifferent
combinationof dimensions.This procesangettedious
even for this small dataset. Searchingn larger compaly

datasetgangetevenmoredaunting.

We proposeo automatehis searchthroughthe RELAX
operator The resultof the operatoras shavn in Figure
3 is a setof two maximalgeneralization$1 andG2. In
the figure, the first row shavs the problemcase. The first
generalizatiorG1 startsfrom the secondrow. The“*” on
the columnsrepresenthe dimensionsthat can be gener
alized. Thus G1 shows that we cangeneralizesimultane-
ously alongthe Productand Geographydimensionfor the
samePlatform and Prod Category. Thatis, eachProduct

Product Platform Geography  Year in Prod.Category “Cross Industry Apps” for every Geog-
Prodgct name (67) PIaItform name (43)  Geography (4) Year (5) raphyand Platform“Single-UserOther” hada drop from
P Cat 14 Plat_T 6

;?OE é,i%%’é‘) ) Fia‘t ﬂzzr((%) 1993t0 1994. Thelastcolumn“Count” shovs the number

of caseswvhich conformto the generalizationG1 includes
25 tuplesaroundthe problemcase. The next threerows
shav caseshat violate the generalization.We call these
exceptionsasthey aresubsumedy the generalizatiorbut
did not have adrop. For example,for exceptionEl.1sales
increasedfrom 0.3 in 1993to 2.0 in 1994 for the Prod-
uct “Other Office Apps” and Geography‘Rest of World.”
Thesecondyeneralizatiors2 shavsthatwe cangeneralize
alongthe Productdimensionup to two levels of hierarchy
for the sameGeographyandPlatformasthe problemcase,
subsuminga total of 13 rows. The next threerows marked
E2.1throughE2.3 shav exceptionsto this generalization
wheresalesincreasedrom 1993to 1994. Thefirst excep-
tion summarizesll threeProductaunderCategory “Home
software” thathadanincreasdrom 1993to 1994. This is
indicatedby the“*” in the Productcolumn. Below there-
sulttablewe show thethreerows subsumedby this summa-
rizedexception.Suchsummarizationgrovide asignificant
reductionin theamountof datathatthe userhasto inspect.

1.1.2 Scenario2

In the above example, we generalizedBooleanrelation-
ships— thatis thosebasedsimply on whetherthe valuein
onecell waslessor greaterthananother We next consider
a moreinvolved generalizatiorbasedon whethertwo val-
ueshave the sameratio. We consideranotherdatasetpur
university’s studenenrollmentdatafrom 1989to 1998.As
shawn in thefigure below, the dataconsistsof five dimen-
sions: Studentcategyory, Gendey Programwith a two-level
hierarchy DepartmenandYear The measurds the num-



berof studentenrolled.

Student Gender Program Department Year
Category (9) Gender (2) Program (10) Dept (28) Year (10)
ProgCat (3)

Suppose new managehiredin 1996to administeren-
rollment of “MTechs”in the “Self finance” cateyory ob-
senes that the fraction of femalesis significantly lower
thanthe males. He would like to analyzeif this casealso
held for other Yearsandfor other Cateyoriesof students
in otherProgramsr wasit peculiarto his particularcase.
Usingtheuniversity’senrollmentcube,he couldstartfrom
his caseof interestasshovn in Figure4 andexplorearound
thiscasemanually A betteralternatveis to invokethe RE-
LAX operatotto generalizeaslong astheratiois closeto a
factorof 10 thathe obsenedin his case.Theresultof the
operatoras shovn in Figure 5 consistsof a broadgener
alizationcoveringthe Category, ProgramandYeardimen-
sionsandincludingatotal of 79 tuples.Thenext few rows
list exceptionsto this generalization. E1.1 statesthat in
“1990” the ratio was 22 which is significantlyhigherthan
claimedby G1. E1.1.1is an exceptionto this exception
wheretheratio was4 insteadof 22 for Category “Indian,’
Program“M.Des” and Year“1990." The last threerows
shav exceptionsat variouslevels of summarizatiorwhere
theratiowaslessthanl.

This summarygivesthe new analysta solid impression
of thetrendsin theuniversity.

1.1.3 Scenario3

We now considerascenariovhereananalysiwantsto gen-
eralizea trendinvolving multiple measures.Supposean

analystobsenresa steadyincreasen revenuefrom 1990to

1994for Product‘ProjectManagemenit,Platform“Single-

userMAC OS” andGeographyRestof World” (asshovn

in Figure6). Heis interestedn knowing whetherthescope
of thisincreasingrendextendsto otherGeographiesrod-
uctsor Platforms. The resultof invoking the RELAX oper

atoris shown in Figure7. Herewe seethattheincreasing
trendgeneralizego all ProductsandGeographieor Plat-

form “Single-useMAC OS? Also listedaretheexceptions
to this generalization For examplefor exceptionEl.1the

revenuekeepson droppingafter1992.

Outline

In Section2 we presenta flexible framework for express-
ing all the above threekinds of generalizationgnd mary
more, while requiring little customizatiorwhen adapting
to thevariousforms. We presenta flexible cost-basedor-
mulationthatcangeneralizanyriad forms of relationships

andpresenta reportthatis compactand easy-to-interpret.

In Section3 we presentour algorithmthat canwork effi-
ciently on large multidimensionahierarchicaldatacubes.
The algorithm exploits the OLAP enginefor preliminary
filtering and reducingthe amountof datareadin the ap-
plication. Experimentson large OLAP benchmarkshown
the feasibility of deplgying the operatorin an interactve
setting. Theseare describedin Section4. In Section5

Dept|{All}
1996

Categary| Self finance|PragCat |P

{Calumn) Pragram|M.Tech|year

| Gender |
F M

7 65

Gender

Figure4: Numberof femalesand malesenrolledfor Pro-
gram“M.Tech”in Category “Self finance”in 1996.

Type [Category|FraqC|Frogram| Year|Ratio| Caunt|
Froblem zelf fin F|M.Tech 19926 |9 z8 1
ol ® *® *® 1042 79

E1.1 ® *® 1990 |22.56 5

E11.1 Indian M.Des |1990(4.0 1

E1.Z2 Indian M. Fhil. [1994|0.23 1

E1.Z * M. Fhil. [1995 |0.57 E]

E1l. 4 ® m . Fhil. [1998|0.5 E]

Figure5: Generalizatiorfor the problemcasemarked in
Figure4d

we discusstherrelatedwork donein thedirectionof inte-
gratingmining operationswith OLAP. Finally we present
conclusionsandfuturework in Section6.

2 Problem Formulation

In this sectionwe presenta formulationof the RELAX op-
erator Our goal is to provide a unifying framework for
expressingseveralkinds of generalizationsThe challenge
is in designinga framework thatrequiresaslittle additional
work aspossiblewhenpluggingin differentkinds of gen-
eralizations Also, the formulationshouldleadto compact,
easy-to-comprehenegports.

The user invokes the operator by specifying a de-
tailed tuple T, and a property of T, that he wants to
generalize. T, had constantvalues along some sub-
setsof dimensions. Let D; ... D,, be the n dimensions
along which T, has constantvaluesm; ...m, respec-
tively. For examplein Figure 2, T, has constantval-
ues along three dimensions: (Product="HRM/RyRoll;
Geography="UnitedStates” and Platform="Single-User
Other™. We claim that generalizatioris possiblealonga
dimensionD; if mostrows obtainedby replacingthe con-
stantvaluem; with othermembersf dimensionD;, satisfy
the propertyclosely Similarly, for generalizationalong
two dimensionsD; andD; we needto checkagainsall tu-
plesobtainedby replacingm; andm; by thecrossproduct
of the differentmembervaluesalongthe two dimensions
and so on for multiple dimensionsand hierarchies. Our
goalis to reportall possibleconsisteniand maximalgen-
eralizations.A generalizatioralonga setof dimensionds
consistentif all subset®f thesedimensionslsogeneralize
and,maximalif no supersetof thesedimensionsanyield
consistengeneralizations.

We next preciselyformulate how to definea general-
ization. Threeissuesarisewhenattemptingthis definition.
First, how doesa userspecifythe propertyto be general-
ized? We discusgthis in Section2.1. Secondwhatis the
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Figure6: Increasingevenuesalong Time for Product‘Project Management, Geography'Rest of World” and Platform

“Single-userMAC OS?
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Figure7: Generalizatiorof the problemcasemarkedin Figure6

criteriafor generalizatioralonga dimension,thatis, how
mary tuplesneedto satisfythe propertyandto whatextent
beforewe can generalizethem? We discussthis in Sec-
tion 2.2. Finally, how canwe improve generalizatiorac-
curag by listing a few violating tuplesasexceptions?\Ve
discusghisin Section2.3.

2.1 Generalization property

We needa unified mechanisnfor specifyingvariousdif-
ferenttypesof properties. Examplesare: salesin current
yearis lessthan salesin previous year, or, profit is 20%
of revenue.Oneoptionis to specifya predicateP(T') that
is true whenT satisfiesthe propertyand falseotherwise.
This formulationis coarsegrained— it doesnot recog-
nize the fact that differenttuplescould satisfy a property
to differentdegrees. This is particularlylimiting for mul-
tiplicative propertiedik e “profit is 20% of revenue”where
adjacentupleswill rarelyfollow theexact“20%" ratio. We
thereforeformulatethepropertyasafunction R(7') thatre-
turnsareal-valuethatmeasurefow closelyT conformsto
the generalizatiorproperty R(T) is calledthe genealiza-
tion error andis zerowhenever T is very closeto T, and
increasesas T' getsfurther away from the generalization
propertyof T5.

2.2 Generalizationcriteria

Given the error function R, whencanwe claim thatit is
possibleto generalizealonga dimension?Clearly, we can
generalizevhentheerrorof all tuplesalongthe dimension
is zero. Often, however, errorswill be non-zerocandvary-
ing. Oneway is to askthe userto specifya thresholdand
we generalizeaslong asall tupleshave errorlessthanthat
threshold. Thereare two problemswith this. First, it is
oftenhardfor a userto specifyanabsolutehreshold.Sec-
ond, in real-life caseswe canrarely find generalizations
whereall tuplessatisfythe errorconditionwithout making
thethresholdso large thatthe relaxationbecomesuninter
esting.

We remove the needfor a thresholdby associatinga
penaltyfor excluding tupleswhich are similar to the spe-
cific tuple T, but notincludedin the generalizatioraround
it. We require our generalizatiorto be maximal, i.e., it
shouldnot be possibleto expandout further from the re-
portedgeneralization. Therefore,eachgeneralizatiorbi-
asesa usertowardsthinking thatthe tuplesjust outsidethe
generalizatiorarevery differentfrom the specificproblem
tuple. Accordingly, we defineapenaltyfunctionS(7") that
is large whena tuple 7" is closeto T; andrapidly dimin-
ishestowardszeroasthedifferencebetweerl” andT in-
creases.This behaior is the oppositeof that of function
R. We allow ageneralizatiory wheneverthesumof errors
S(T") is greaterthanthe sumof R(T") overall T" in g.

While theusercanchooseary S function he wants,we
proposethe following methodthat is derived from the R
functionandrequiresonly alittle additionalwork. Theuser
specifieshe leastdeviant exampletuple 7}, i.e., the tuple
closesto T’ outsidethe generalizationthathethinksdoes
not generalizethe problemcase. This might be an exist-
ing tuplein the cubeor a made-uptuple with hypothetical
measuresWe evaluateR(T,;) asa measuref its deviance.
The userimplicitly assumeshattuplesnot includedin a
generalizatiormremoredeviantthanTy. ThusS is zerofor
tuplesT” whereR(T") > R(Ty). Tupleslessdeviantthan
T, will pay a penaltyof R(T;) — R(T"). ThusS canbe
expresse@s:

S(T") = max(R(Ty) — R(T"),0) )

2.3 Exceptionsto generalizations

Oftenwe might find thatall but a few memberf a gen-
eralizationcloselysatisfythe property We improve accu-
ragy by explicitly listing suchviolating valuesas excep-
tions. For example,in Figure3 therearethreeexceptions
E1.1throughE1.3to thefirst generalizatiorG1. We want
to reportthe exceptionsas compactlyas possible. We do
soby groupingtogetherexceptionghataresimilar with re-



spectto the propertybeinggeneralized.

Eachgroupe of similar exceptionss representeth the
final answemwith justa singletuplerep(e) thatis mostrep-
resentatie of the group. To determinewhat setof tuples
couldbegroupedogethemwe needa methodfor determin-
ing similarity of two tuples. We proposeto usethe same
error function R modifiedto take asargumentgwo tuples
T andT'. R(T,T") indicateshedegreeto which theprop-
erty of T' is satisfiecdby T". ThusR(Ts,T") correspondso
the old function wherethe erroris measuredvith respect
to the specifictuple Ts. If previously R(T") wasdefined
aswhetherthe changein salesfrom 1993to 1994is negy-
ative, thenew R(Ts, T") would bewhetherT"’s changen
salesfrom 1993to 1994 hasthe samesign asthat of 5.
This redefinitionallows us to expresserror in summariz-
ing relatedexceptionsin the samefunctionalform aserror
in generalizingtuples. The error of the summarizatioris
measuredasthe sumof error R(rep(e), T') whererep(e)
is the representatie tuple of the groupandT' spansover
thememberof thegroup.

We cannotgrouptogetherarbitrarytuples— only those
thatcanberepresentetdy a singletuple with somedimen-
sionvaluesetto “*” to denoteits members.For example,
in Figure3 E2.1hasthe Productdimensionsetto “*” indi-
catingthatits membersorrespondo all possiblevaluesof
the Productdimension.Sometimesa groupmight contain
afew memberghataresignificantlydifferentthantherest.
We allow suchmembergo belistedexplicitly asexceptions
within its group. Thusagroupof tupleslistedasexceptions
to a generalizatiormight in turn have othernestedexcep-
tions. For example,in Figure5 E1.1.1is anexceptionto its
groupE1.1. In generalthis nestingcanbe ary numberof
levelsdeep.

The next issuethatarisesis how mary suchexceptions
arewe allowedto return. Clearly, thereis a trade-of be-
tweenthe answersizeanderror. If thereis nolimit onthe
answersize,we canachieve zeroerrorby returningall pos-
sibleexceptions.In practice ausermightbehappiemwith a
lessaccuratebut morecompactanswer We allow the user
to specifyalooseupperboundon the maximumsize N of
the answerthat he would like to obsene. This limit does
not imply that all exceptionswill have exactly the size of
N but just specifiesto the systemthe maximumsizethat
the useris willing to inspect.In practicethis limit will be
setby considerationsuchashow mary rows canbesimul-
taneouslyeyed on a screerandso on. Our goalthenis to
find the solutionwith the smallesterror giventhe limit N
ontheansweisize.We canfind thetotal errorof theanswer
asfollows.

Summarization error For eachtuple T' coveredby the

generalizationjf T is explicitly listed asan exceptionits

erroris zero. Otherwise find the closestrepresentatie tu-

ple T}, in the answerthat subsumed’. Add its error as
R(T,,T). T, could be eitherthe outermosigeneralization
(for which therepresentatie measurearefrom 7,) or one

of thesummarizedxceptionrows.

2.4 Final formulation

The final formulationis asfollows. The userspecifiesa
specifictuple Ts, anupperbound N onthe sizeof excep-
tionsandtwo errorfunctions: R(Ts,T') thatmeasureshe
errorof includingatupleT" in a generalizatioraroundT’s
andS(Ts, T") thatmeasuresheerrorof excludingZ” from
the generalization. S(T,T") can be specifiedeither ex-
plicitly orimplicitly usingthefunctionin Equationl after
specifyingthe closestevianttupleto beexcludedfrom the
generalization.

The goal of the systemis to returnall possiblemaxi-
mal and consistenigeneralizationaroundT;. We define
a generalizatiory asan aggreyationaroundT’; for which
(X7ey ST, T) > > pe, R(Ts,T)). For eachgeneral-
izationwe areallowed N rows within which to reportits
exceptionssuchthat the total error as calculatedin Sec-
tion 2.3is minimized.

2.5 Example Scenarios

We now considertwo example scenariosin this general
framework.

2.5.1 Booleangeneralizations

In this case gachtuple T is associatedvith two measures,
sayT'(v1) andT'(v,) asillustratedin Scenaridl of Section
1.1.1.Theerror R(T;,T) is definedas:

0 if sign(T,(v1) — Ts(v2))

R(T,,T) = = signT'(v1) — T'(v2)) (2)
1 otherwise
TheS functionis:

This implies that aslong asthe numberof mismatchess
lessthan the numberof matches,we generalize. Alter-
nately a usercan specify S(Ts,T) as k(1 — R(T5,T))
which implies that aslong asthe numberof mismatches
is lessthank timesthe numberof matchesye generalize.

2.5.2 Ratio generalizations

In this casetoo, we assumehateachtuple T is associated
with two measures]'(v1) andT (v2). Theuseris interested
in generalizingalongall tupleswheretheratio betweerthe
two measuress the sameasthatof T;. (ExampleScenario
2, Figure4). Let T'(r) denotethe ratio T'(v») /T (v1) and
letrs =Ty (r). WewantR(Ts, T) to besmallwhenT (r) is
closeto r,. However, we alsoneedto considetheabsolute
valuesof v; andv, becausa smallvaluefor v; cancause
theratio to belarge,resultingin a disproportionatelyarge
valueof theerror. Thereforewe needto attachaweighting
function of T'(v1). Both theserequirementsire metvery
well by thesymmetricKL distancegunctionroutinelyused
to measurehe distancebetweertwo distributions.

T(r)
Tm)@

RT'\T) = HMUW%TWW%(



In designingheS function, supposehe userindicateghat
tuplesoutsidethe generalizatiorwill beassumedo have a
ratio at leasttwice that of the specifictuple. We canthen
write S as

S(Ts,T) = max (T'(v1)Ts(r)log(2) — R(Ts,T),0) (5)

Summary We presented flexible framework for express-
ing variouskinds of propertiesthat a user might wish to
generalize. Our formulation requiresa userto just spec-
ify an error function that shovs how much a tuple devi-
atesfrom thedesiredpropertyanda penaltyfunction(often
derivablefrom the errorfunction)for leaving irrelevanttu-
plesoutof ageneralizationEventhoughwe have goneto a
greatextentin reducingthe amountof userinputneededn
specifyingageneralizationa casualsermight notwantto
go into thetrouble of specifyingary function. We believe
that mary of the commonscenariodike the threelisted
aborewill bein-built within thesamdramevork muchlike
adwanceddatabaseystemsrovide both built-in functions
andthe facility for registeringfunctionsfor the advanced
user

3 Algorithm

In this sectionwe discussalgorithmsfor finding general-
izationsandtheir exceptionshasedon theformulationdis-
cussedn Section2.

Our tool will work asan attachmento an OLAP data
source.In designingthe algorithm,our goalwasto exploit
the capabilitiesof the sourcefor efficiently processindyp-
ical multidimensionalqueries. Only whenwe encounter
a computatiorintensize sub-taskthatreliesextensiely on
in-memorystatemaintainedwithin arun, do we fetch data
out of the DBMS. This led us to designa two stageal-
gorithm. In the first stage,we find all possiblemaximal
generalizationsising a successiomf aggrgationqueries
pushedo the DBMS. In the secondstagewe find summa-
rized exceptionsto eachof the generalizationsising data
fetchedto thememory In the secondstagewe haveto deal
with only thosetuplesthatarecoveredby themaximalgen-
eralizations.In mostcasesa generalizatiorcoversonly a
smallamountof data.Sothe amountof datarequiredto be
fetchedin the secondstageis limited.

3.1 Finding the generalizations

Finding generalizationgnvolvesmakingmultiple searches
over graduallyincreasingsubsetof dataaroundthe spec-
ified tuple T;. We first find one dimensionalgeneraliza-
tions. Startingfrom T, we checkif generalizations possi-
blealongeachdimension.Thischeckrequiresusto goover
all tuplesT alonga dimensiorwhile keepingthe otherdi-
mensiorvaluessameasT’;, summingupthevaluesof func-
tionsS(T,,T) andR(Ts,T), andcheckingif thefirst sum
is greaterthanthe other This checkcanbeeasilyposedas
a‘“group-by” query

Oncewe get the single dimensiongeneralizationsye
try combinationsof dimensiongo checkif generalization

is possible. We requirethe generalizationgo be consis-
tent. Therefore beforewe canclaim thata setof dimen-
sionsgeneralizesye needto checkthatall subsetof the
setgeneralize. This propertyenablesus to deploy Apri-
ori style [AS94] subsetpruning. We usea similar multi-
passalgorithm. In eachpass,we usethe setof general-
izationsfoundin the previous passto generataew poten-
tial generalizationsising the Apriori-style candidategen-
erationphase.This is followed by a pruningphasewhere
we eliminatecandidatesny of whosesubsetslid notgen-
eralize. We then checkif the candidategeneralizations
conformto the generalizatiorcriteria. This checkis done
very differently from Apriori’s stepof scanningthe entire
database.Our checkinvolves an aggregate query to the
databasavhereonly the tuplescoveredby the candidate
generalizatiorwill be subsettecdindthe aggregatedR and
S valuesreturned.

3.2 Finding Summarized Exceptions

At this stageour goalis to find exceptionsto eachmaxi-
mal generalizatiorcompactedo within N rows andyield-
ing theminimumtotal errorcalculatedasdiscussedn Sec-
tion 2.3.

Ideallywewould generat¢heexceptiondn thedatabase
itself. Thisis hardfor several reasons.First, thereis no
absolutecriteriafor determiningwhetheratupleis anex-
ceptionor notfor all possibleR functions. Thuswe cannot
pushto the DBMS a filter querythatwill just returnthe
exceptions.Evenfor functionswheresuchfilters exist, for
exampleBooleanfunctions(Section2.5.1)agoodsumma-
rization might requireusto considersomenon-eceptions
too whennestedexceptionsareinvolved. Thereforewe re-
sortto algorithmsthatfetch datafrom the DBMS but min-
imize costby reducingthe numberof passen the data.
Also, we do not want to assumethat all the datafetched
canbebufferedin memory

We presenanefficientbottom-upalgorithmthatcanre-
turn the optimal answerin one passof the datain some
cases.We describeour algorithmin stagesfirst assuming
thatthereis justasingledimensionwith L levelsof hierar
chy andlaterhandlingmultiple dimensions.

3.2.1 Singledimensionwith multiple levels of hierar-
chies

One factor that crucially affects the designof the algo-
rithm is theform of thefunction R(T”, T"). Somefunctions
R(T',T) can be rewritten as R(p(T"),T) where p(T")
returns a known finite set of valuesirrespectve of the
numberof valuesT’ cantake. We call this the finite-
domainpropertyof afunction. For example the R function
(Equation2) of Boolean-scenarids Section2.5.1satisfies
this propertywith p(T") definedassign( (v1) — T"(v2)).
p(T") will returneither“+” or “-” for all valuesof v; and
v5. The R functionfor Ratiogeneralizatior{Section2.5.2)
doesnotsatisfythefinite-domainpropertybecaus¢heratio
canbeary realnumber The R functionfor Trendgeneral-
ization satisfiesthe propertyif we assumehatt is known
andfinite. Therangesizeof p(T") in this casewill be2t~1



for all possiblesign combinationsof the ¢ — 1 changes.
Notethatthe rangeof R hasnothingto do with whetherit
satisfieghefinite-domainpropertyor not.

Wefirst presentinalgorithmfor finite domainfunctions
andlatergeneralizdo otherfunctions.

Optimal solution for finite-domain functions Whenthe

R functionsatisfieghefinite domainproperty we canfind

the optimal solutionin a single passof the datain an on-

line manneri.e., without buffering too muchdatain mem-
ory. For easeof exposition,we describethe algorithmas-
sumingtwo-valuedproperties— extensionto othercases
is straightforward. Let us denotethe two valuesof p(T") as
‘+’ or‘-’. TheR functionfor two tuplesis 0 whenthesigns
matchotherwiseit is 1. Let usfurtherassumehatfor the

specifictuple T, p(Ts) is ‘+'.

Consideffirst an even simplercasewherewe have just
onelevel of hierarchy Let d be the numberof tuples. An
obviousway to find the bestanswerof sizeat mostN for
this groupis asfollows. Find the majority value of the d
tuples. If the majority valueis the sameasT;'s i.e., ‘+',
thenreportasexceptionsat most N tupleswith value'-'.
If the majority valueis *-', make thefirst ‘-’ valuedtuple
arepresentatie (rep) for all d tupleswith value'-’ andfill
theremainingN — 1 slotswith tuplesof value'+'.

The problemwith this algorithmis thatit is not online.
Unlessall the d tuplesare scannedwe do not know the
majority valueandthereforecannotknow whetherto retain
N - tuplesor N — 1 ‘+’ tuplesasexceptions.We solve
this problemby maintainingtwo intermediatesolutionsat
all timescorrespondingo thetwo possiblevaluesby which
the groupcould be representedAt the endof the scanwe
pick the onewith the smallercost.

We next considerthe caseof multiple levels of hierar
chy. Thetuplesin the generalizatiorcan be arrangedn
atree. The N slotsneedto be filled by tuplesfrom the
most detailedlevel or reps for groupsfrom ary level of
thehierarchysoasto minimizetotal error. We proposehe
following bottom-upsolution.

We scanthe relevanttuplesfrom the DBMS sortedac-
cordingto thelevelsof the hierarchy

For eachlowermostsubtreeof tupleswe canfind theop-
timal solutionin onepassfor ary givenvalueof N. How-
ever, in this casewe cannotknow in advancethe number
of slotsto allocatefor a subtree.We find the solutionand
the correspondingerror for all possiblesizesfrom 0to N.
Thusfor eachsubtred we have soln(l, n, v) thebestsolu-
tion for all n betweerD and N andall possiblevaluesv of
thedefaultrep whichin our casecouldbe“+” or “-",

Recursvely, for eachinternalnodewe merge the solu-
tions of its subtreedy choosingthe partitioningof N that
leadsto the smallesttotal error. This stepneedgo be also
donein anefficientonline manner— a parentnodecannot

buffer solutionsof its subtreeswhile they are processed.

We solve this problemby maintainingat eachparentnode,
the bestsolution for all subtreesprocessedso far for all
possibleanswersizes.Let soln (I, n, v, c) referto theinter-
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Figure8: lllustrationof thealgorithm

mediatevalueof soln (I, n,v) afterthefirst to thect? child

of [ arescannedAfter anew subtreec + 1 hasseenall its

data,it passe®n all its solutionto its parent! for meig-

ing with the currentsolution. This merge canbe optimally
doneat nodel usingthe following dynamicprogramming
formulationfor all valuesof n andv.

Err(soln(l,n,v,c+ 1)) = min (Err(soln(l,k,v,c))

0<k<
+Err(soln(c+1,n — k,v))) (6)

After all subtree®f anodel have arrived, we needone
laststepin | beforefinishingwith thisnode.For eachn and
v we needto considerif choosinga new rep with signa’
differentthanv will leadto a smallercostsolutionevenif
thatleadsto oneslotlessfor therestof thetuples.Thiscan
only happerif errorof soln(l,n—1,v', ) is lessthanerror
of soln(l,n,v, ) where**” denoteghatall childrenof {
havebeenscannedln Equationform, thefinal soln(l, n, v)
atnodel afterall childrenarescanneds:

Err(soln(l,n,v)) = min(Err(soln(l,n,v, *)),
min Err(soln(1,n —1,0",%) +rep(v')))  (7)
The final solution at the topmost node of the tree is

soln(root, N, sign(Ts)). We illustratethe working of the
algorithmwith anexample.

Example In Figure 8 we presentan examplewith L =
2 and N = 3. Theleftmostsubtreeundernodel.1 has



Summarize-Exceptionsg, N, L)
level[l].soln= (N + 1) x 2 currentsolutionatlevel !
for eachtuplet in g sortedaccordingto levelsof hierarchy
level[0].soln=1t // Trivial solutionwith asingletuple
Merge(0,1, N)
Merge(L,L+1,N) // Finalsolutionattopmostievel
Merge(, p, N) [/ c: level of child, p: level of parent
if level[c].solnin samegroupaslevel[p].soln
for all n from NV down to 0 andfor all v € {+, —}
updatelevel[p].soln(n,v)from level[c].soln(n,v)(eq6)
else // Startanew group
for all n from N down to 0 andfor all v € {+, —}
updatelevel[p].soln(n,v)usingeq7
if p is topmostparentreturn// Gotthefinal answer
Merge(p,p+1,N) // Propagatéo levelp + 1
level[p].soln=level[c].soln // Startanew group

Figure9: Sketchof the algorithmfor summarizingexcep-
tionsof a generalizatiory whennumberof levelsis L

d = 10 tuples. We shav the two solutionscorresponding
to whenthedefaultrep is ‘+' and‘-’ andanswerf sizes
0 to 3 for eachsubtreeandfor the final node. The error
for eachsolutionis alsoshowvn in thefigure. Whenall the
10 tuplesundersubtreel.l are scannedwe find that the
majority R-valueof thegroupis ‘+’. Whenthedefaultrep
is a‘+’, we neednot repeata representatie ‘+' tuple for
this group. We thusreportall the three'-’' tuplesin that
group. This solutionhasan error of 0. Whenthe default
rep is a‘-’, weincludea representatie of the groupwith
value'+’ andtwo -’ tuplesasexceptiongoit. Theerrorin
this caseis 1 for the singleunreported-’ tuple.

After the first subtreeunder“1.1” is scannedthe so-
lutions soln(1.1, x, %) arepropagatedo its parentto form
the initial valuesof soln(1, *,*,1.1). Soln(1.1,*,*) can
be discardechaw. We next proceedo find the bestsolu-
tions for the subtreeunder“1.2” andthe resultis shavn
in the figure. The solutionsoln (1.2, x, *) is propagatedo
the parentnode“1” thatusesit to updateits currentsolu-
tion usingEquation6. Soln(1, %, *,1.2) now coversall tu-
plesunderl.landl.2andsoln(1.2, x, %) canbediscarded.
Similarly, we scanthebestsolutionatnodel.3,megewith
the currentsolutionat nodel andsoon until all nodesare
scannedielding the solutionsoln(1, *, x, x) To getthefi-
nal solutionsoln(1, *, x) from soln(1, *, x, *) we needto
checkif soln(1, *,v) will improve by addingarep atnode
1 with the oppositevalue using Equation?. In the Figure
we shaw soln(1,k,v,*) for 0 < k < 3andv € {+,-}.
Considerthe solution soln(1,1, —, x) with error 15. We
canadda new rep at 1 with value“+” anddecreasdhe
costto 13. Theoptimalsolutionis soln(1, 3, +) andhasan
errorof 8.

We give a sketch of the final algorithmin Figure 9.
The algorithmshowvs how by maintainingat eachlevel of
the hierarchyjust a single two dimensionalarray of size
(N 4+ 1) x 2 we cancomputethe optimal answerin one
scanof thedata. Thusin onescanof the datawe cancom-
pute the optimal solution as long as the tuplesand their

representatiescanbearrangedisatreeandthe R function
satisfieghefinite-domainproperty The amountof datato
be bufferedin memorydependsonly on N and L andis
independentf the numberof tuples. Whenthe numberof
valuesatuple propertycantake is V' insteadof 2, the only
changen thealgorithmis thatwe computethe solutionfor
V valuesaslongasV is nottoolarge.

Functions that are not finite-domained Whenthe setof
valuesa representatie tuple cantake is not known in ad-
vance we cannotcalculatefor all possiblevaluesof repre-
sentatve tuples. We get aroundthis problemby guessing
someinitial valuesandrefiningthe guessesiswe proceed.

In the final answey a group of tuples(for example,the
tenundernodel.1of Figure8) couldberepresentedy ei-
ther oneof the tuplesin its own groupor the reps of ary
of the parenttuple. None of theseare known at the start
of computation We startwith somep + [ differentguesses
of the rep wherep is sometunableparametenf the algo-
rithm and! is thetotal numberof levelsof hierarchy These
guessesarerefinedaswe progressThestartingguesseare
thetupleT; andthefirst p+1—1 tuplesin thedatascanned.
Whenanew tupleT arrives,we replaceoneof theexisting
p — 1reps by T only if thatreduceserror. Periodically a
parentnodeevaluatests bestrep andpasseshemdown to
its children. A nodewith [ parentnodeson its pathto the
root will storethe bestl reps sofar of its [ parentsandp
bestguessesf reps from its own groupof tuples.

While the above algorithmdoesnot guaranteeptimal-
ity, in practiceit yieldscloseto optimalresults.

3.2.2 Multiple dimensions

Finding the optimal summarizationfor multiple dimen-
sionsis NP-hardevenfor the simplecaseof Booleanfunc-
tions. (This can be proved by reducingfrom the NP-
completelogic-minimization[GJ] problem). Our problem
is hardemecauseve have anadditionalrequiremenbf not
wantingto assumehatall datais memory-resident.

A one-passlgorithmis to choosean order of dimen-
sionsD;, ... D; andfind thebestsummarys for this or-
derof dimensionsxactly asfor the singledimensioncase.
Theorderis chosersothatdimensionavhosemembersare
moresimilarappeaearlieronin theorder Thisjudgement
canoften be madeby the systemanalystor canbe easily
estimatedn a one-timestatisticscollectionpass. Theini-
tial solutioncanbe continuouslyrefinedasmoretime and
memory getsavailable by making multiple passeof the
datasortedon differentpermutationsf dimensions. We
skip furtherdetailsof this dueto lack of space.

4 Performanceevaluation

In this sectionwe presentan experimentalevaluation of
our prototypeto demonstratehe feasibility of gettingin-
teractive answerson typical OLAP systems.Unlike con-
ventionaldatamining algorithms we intendthistool to be
usedin aninteractve manner Hencethe processingime
for eachqueryshouldbe bounded.



We usedthefollowing dataset$or our experiments.

OLAP Council benchmark [Cou]: This datasetvas
designedby the OLAP council to sene as a benchmark
for comparingperformancef differentOLAP products.It
hasl1.36million totalnon-zereentriesandfour dimensions:
Product,CustomerChannelndTime.

Time
Month(17)

Channel
Channel(9)

Customer
Retailer(900)

Product
Product(9000)

Food dataset: This datasethasa total of 0.24 million
entriesand four dimensions: Productwith a four level
hierarchy Customerand Storewith a two level hierarchy
eachand Time with no hierarchy This is a demodataset
packagedvith Microsoft's OLAP products.

Product Customer Store Time
Product(1560) | Customercity (109) | Store(24) Time (24)
Category(45) Customerstate(12) | Country(3)
Department(22)

Family(3)

The experimentswere doneon a machinewith a Pen-
tium Il 550 MHz processqrl GB RAM and512 kbytes
cacherunning RedHatLinux 6.1. All datawas storedin
a Oracle8.1 DBMS installedon a Windows NT machine
with 512MB of RAM anda550MHz Intel processarThe
tableswerearrangedn a StarSchema.The RELAX oper
ator wasimplementedn Java andusedJDBC to interact
with the DBMS.

Thequeriesfor our experimentsveregeneratedby ran-
domly selectingspecifictuplesfrom differentlevels of ag-
gregationof thecube.

In Figures10 and 11 we show the distribution of to-
tal time of 31 randomqueriesfor the Food datasetand41
gueriesof the Benchmarkdatasetespectiely. In addition
to the total time (marked “Total”) we shav thetime taken
by the two stagef our algorithm: “Gen” time for finding
all maximalgeneralizationi thefirst stepand“Exp” time
for finding the exceptions. We also shav a graphcalled
“DB” that shaws the part of the total time spentin the
DBMS in processingll SQL queries.

Thetotal timeis distributedfrom 1 to 70 seconddor the
Fooddatasetind1 to 180seconddor the Benchmarldata.
In 80% of the caseswe get the resultwithin 20 seconds.
This shows the feasibility of usingthe RELAX operatorin
aninteractive setting.

OncomparinghegraphsTotal” and“DB” wefind that
mostof the time is spentin processingjuerieswithin the
DBMS. Therestof thetimeis spentin shippingtuplesfrom
theDBMS to theapplication.Thetime spentin finding the
exceptionsis ngyligible becauseof our highly optimized
algorithm.Thegraphdor “Total” and“DB” almostoverlap
for the Food dataset.If we hada fasterOLAP engine,the
operatorcould be madeto run evenfaster

Themaincontribution of this papetis providing aproper
formulationof the RELAX operatoranddesigningefficient
algorithmsthatenableinteractive invocation. Theseexper
imentshave partly validatedthat claim. Furtherdetailed
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experimentalanalysison the effects of the myriad factors
thatinfluencerunningtime aredeferredto alongerversion
of the paper

5 Relatedwork

Therehasbeenan increasingmove towardsincorporating
adwancednining primitivesin OLAP productdDis, Cor97,
Sof, HF95 Sar0Q Sar99. Thiswork is donein thecontext
of onesuchprojectsthatconsistof a suiteof operatordo
take OLAP productsto the next stageof interactive analy-
sisby automatingnuchof the manualeffort spentin anal-
ysis. Two suchexisting operators:DIFF and INFORM are
describechext.

The DIFF operator[Sar99 exploresreasondor why a
certainaggreyatedquantity is lower or higherin onecell
comparedo another For example,a busy executive might
quickly wishto find thereasonsvhy thetotal salesdropped
from thethird to the fourth quarterin aregion. Insteadof
digging throughheapsof datamanually he could invoke
the DIFF operatomwhichin asinglestepwill doall thedig-
gingfor him andreturnthemainreasonsn acompactform
thathe caneasilyassimilate.The RELAX operatorcanbe
thoughtof asoppositeof the DIFF operator In DIFFtheuser
startsat an aggreyatelevel andthe operatordigs into de-
tailed datafor summarywhereasn RELAX the userstarts
at a detailedlevel and the tool roll-ups to reporta sum-



mary of its neighborhood Thealgorithmfor summarizing
differencedn DIFF is similar to our algorithmfor summa-
rizing exceptionsin RELAX. However, the DIFF algorithm
assumes specificformulationbasednratio of valuesand
cannothandlethe genericframeavork thatwe have for RE-
LAX. TheINFORM operatofSar0(Q is usedo find theparts
of the cubea userwill find mostsurprisingbasedon what
theuseralreadyknows aboutthedata. This operatorcanbe
thoughtof asa precursorto the RELAX operator First the
INFORM operatomwill be usedto reachto the problematic
caseshiddenin detaileddata. Thenthe RELAX operator
will beusedto find a largergroupof cellswherethe prob-
lem persists.

Our algorithm of starting from a specific problem
caseand generalizingaroundit, hassimilarity with sev-
eral bottom-uprule inductionalgorithms[Mug92, Ped95
HCC92] proposedn the past. The goalin their caseis to
find asetof rulesto build a classifieronthetrainingdata.A
typical rule inductionalgorithmworks asfollows. It starts
with arule setthatis thetraining setof examplesitself. It
thenlooksateachrulein turn, findsthe nearesexampleof
thesameclassthatit doesnotalreadycover, andattemptgo
minimally generalizeherule to coverit, by droppingcon-
ditionsand/orexpandingintervals (for numericattributes).
If the new rule leadsto increasedylobal accurag, it is re-
tained.

Our problemof expandingthe scopeof a problemcase
canbe comparedwith this attemptof finding specific-to-
generakules.But thereareseveraldifferencedetweerthe
two. Unlike inductionalgorithms,our goalis notto build a
global classifierbut to capturethe region aroundoneprob-
lemtuple. Thustheinductionmethodgrows aroundarule
only once,whereaghe RELAX operatoraimsat finding all
possiblegeneralizationgroundthe specificproblemcase.
TheRELAX operatofalsoneedgo find outexceptiongdo the
generalizations.The exceptionscould have a rich nested
structureunlike the simpleflat structureof rule sets.

6 Conclusion

In this paperwe introduceda new operatorfor enhancing
existing multidimensionalOLAP productsby automating
somedataexplorationtasksthat currentlyrequiretedious
manualsearches.The new operatorRELAX helpsan an-
alystin generalizingarounda problemcaseobsenedat a
detailedlevel. The operatoreportsin a singlestepa sum-
maryof all possiblemaximalgeneralizationalongvarious
roll-up pathsof the specifiedproblemcase.

Our key contribution is designinga framework that is
flexible enoughfor expressingvariouskinds of generaliza-
tion propertieswvhile requiringlittle additionalworkin cus-
tomizing for thesedifferentproperties.For eachnew kind
of generalizationye requirejust a singlebinary function.
This function is usedto measureboth the error of gener
alizationandthe errorin groupingexceptions.Theresults
of theoperatoiincorporatearich nestedstructureof gener
alizationsandexceptionssoasto be succinctandcompre-
hensibleon the onehandand minimize reportingerroron

theother

We designan efficient two-stagealgorithmfor finding
all generalizationgndtheir exceptionswhenusedagainst
anOLAP DBMS. Thealgorithmexploits the capabilitiesof
the DBMS for indexing and query processindy pushing
heary-weightprocessingo the DBMS whenever possible.
Ouralgorithmfor finding exceptionss optimalfor thecase
of single hierarchiesand finite-domainedfunctions. The
amountof memoryneededy thealgorithmis independent
of the numberof tuplesin the databasendscalego large
database€xperimentonreal-life datasetshov thefeasi-
bility of invokingtheoperatoiin interactve OLAP settings.
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