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ABSTRACT

New generatiorof e-commerceapplicationsequiredataschemas
that are constantlyevolving and sparselypopulated. The conven-
tional horizontal row representatiorfails to meettheserequire-
ments. We represenbbjectsin a vertical format storingan object
asa setof tuples. Eachtuple consistsof an objectidentifier and
attribute name-alue pair. Schemaevolution is nov easy How-
ever, writing queriesagainsthis formatbecomegumbersomeWwe
createa logical horizontalview of the vertical representatiomand
transformquerieson this view to the vertical table. We present
alternatve implementationsandperformanceesultsthatshav the
effectivenesof theverticalrepresentatiofor sparsedata.We also
identify additionalfacilitiesneededn databaseystemso support
theseapplicationawell.

1. INTRODUCTION

Imagineyou run a marketplacefor theelectronicsndustry This
marletplaceconsolidatesnformationaboutpartsfrom morethan
1000manugcturersanddistributors. Your currentcatalogcontains
nearly 2 million partsclassifiedinto 2000 catgories. Thereare
morethan5000partattributesacrossvariouscateyories.New sup-
pliers are expectedto join your marketplaceevery week. They
bring with themnew parts,causingnew attributesto be addedto
the currentcategyoriesandnew cateyoriesto be addedto the cata-
log. You have theernviabletaskof designingheback-enddatabase
systemto supportthis marketplace Whatdo you do?

We found oursehesin this quandarywhile building suchan ex-
perimentalmarketplace called Pangea.In this paper we summa-
rize our experiencefrom implementingthis applicationwith the
hopethatourobsenationswill beusefulto systendevelopersnter-
estedn providing effective databassupportto e-commerceppli-
cations.Theissuesve facedarepenasie in thenew generatiorof
e-commercapplications,suchas on-line shops,exchangesmar
ketplacesand portals,which aggrgatedatafrom a large number
of providers. The specifice-commerceoftwareusedin ourimple-
mentationwasthe IBM WebspheréCommerceSener runningon
top of the DB2 UniversalDataBaseSystem.However, we believe
our obsenationsaregenerallyapplicable.
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1.1 Issues

In relational databasesystemsdataobjectsare corventionally
storedusinga horizontalscheme.A dataobjectis representeds
arow of atable. Thereareasmary columnsin the table asthe
numberof attributesthe objectshave. In trying to storeall our
electronicpartsin onetableusingthis schemewe raninto thefol-
lowing problems:

e Large Number of Columns The currentdatabaseystemsio
not permita large numbersof columnsin atable. This limit
is 1012 columnsin DB2 (alsoin Oracle),whereaswve had
nearly5000attributesacrosdifferentcateories.

e Jarsity Evenif DB2 wereto allow the desirednumberof
columns,we would have hadnulls in mostof thefields. In
additionto creatingstorageoverhead, nullsincreasehesize
of theindex andthey sorthighin the DB2 B+ treeindex.

e Schema Evolution We would needfrequentaltering of the
tableto accommodateew partsandcateyories.Theschema
evolution is expensve in the currentdatabassystems.

e Performance A queryincursa large performancepenaltyif
the datarecordsare very wide but only a few columnsare
usedin thequery

Similar challengesarefacedby thosebuilding large repositories
of metadataaboutdocumentsn a digital library. For instance,
an experimentalnews portal [2] beingbuilt at IBM Almadenpro-
cesse$-10thousanchews storiesevery day For every story; it ex-
tractsa coupleof hundredfeaturesuchasstemmedvords,people,
countries etc. Thefeaturesarenot fixed a priori andnew features
emegeasnew storiesareprocessedA corventionalhorizontalta-
ble would needmorethan100,000columnsto storethedatafor the
featuresthathave beenidentifiedto dateandwould needfrequent
alteringto addnew columnsto accommodateewly identifiedfea-
tures. Otherpotentialapplicationsof the work reportedin this pa-
perincludestoresfor XML [7], RDF[1], KBMS [15], LDAP [19]
anddatamining [8] [21] [18].

1.2 Vertical Representation

To addresghe above problems,mary commerciale-commerce
softwaresystemge.g.IBM Webspher€ommerceSener, 12 Tech-
nology Escalate)definethe following 3-ary vertical schemefor
storingobjectsin atable:

[ Oid (objectidentifier) | Key (attribute name) | Val (attribute value) |

Figurel shavs a horizontaltableandits correspondingepresenta-
tion in the vertical format. The symbol_L represents null value.

!For fixed-widthfields (e.g. INTEGER), the size of a null value
is sameasanon-nullvalue. A VARCHAR null valueon the other
handincursthe overheadf only onebyte.
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Figure 1: Horizontal and Vertical Table Representations

The verticaltable containstuplesfor only thoseattributesthatare
presentin an object. Differentattributesof an objectaretied to-
getherusingthe sameOid. Schemaevolutionis now easy;simply
addnew tuplescorrespondingo new attributes.

However, oncethedatais storedn theverticalformat,new prob-
lemsarise.Writing SQL queriesagainsthis schemeébecomewvery
cumbersomenderrorprone.More importantly the currentappli-
cationdevelopmentoolsdesignedor horizontalformatfor storing
objectsnolongerwork.

Whatis neededs alogical horizontalview ontop of thevertical
representationf the dataand queryrewrite algorithmsto convert
relationalalgebraoperatorgrom the horizontalview to thevertical
representationT his approachis conceptuallyidenticalto the view
mechanisnusedin the databaseystems.Note, howvever, thatthe
valuesin the Key field in theverticalformatbecomecolumnnames
in thehorizontalview. Suchhigherorderviewsarenotsupportedn
the currentdatabaseystems We alsoneedwell-tunedprocessing
strat@iesto getgoodqueryperformance.

Thispaperdescribesheenablemenayerwe built ontopof DB2
to realizethe abore functionality The algebraand query trans-
formationswe developedandthe lessonswve learnedfrom the ex-
tensie performancexperimentsshouldbe of interestto database
practitionersinterestedin providing supportto e-commerceand
similar applications. In building this enablementayer, we con-
sciouslydid not changethe databasenginecodeto malke our so-
lution portableandtime-expedient.However, we did identify some
capabilitieswe wish the databassystemhadprovided. Thesenew
capabilitiesshouldbe of interestto the databas@nginearchitects
andimplementors.

Thereis rich heterogeneousatabaseesearchiteratureontrans-
formationsbetweenschematicallydisparateschemasndtypesof
schematiddifferences. In [10], Krishnamurthyet al. eloquently
elucidatechow datavaluesin onedatasourcemay be modeledas
schema(attribute or relation)labelsin another Severallanguages
have beerproposedor queryingoverschemdabels,including[13]
[17] . Thereis alsowork on defininghigherorderviews for inte-
gratingheterogeneoudatasourceg10] [12] [14].

Closesto this paperis theinterestingwork presentedn [11] on
the implementatiorof SchemaSQLWe sharewith themthe goal
of a“non-intrusive” implementatior{i.e. withoutrequiringchanges
in the databas@nginecode). The extended-algebrave usein our
querytransformationsncludesv2h andh2v operationghat can
be viewed asthe specialization®f unfold andfold respectiely in
[11]. Aswewill seelaterin the paperwe have beenableto realize
substantiaperformanceainsfrom this specialization.

1.3 Alternative Representations

The work on decompositiorstoragemodel[5] [9] split a hori-
zontaltableinto asmary 2-ary tablesasthe numberof columns.
A commonsurrogatetied differentfields of a tuple acrosstables.

Thereare nowv as mary tablesasthe numberof attributes. This
storagemodelhasbeenimplementedn the Monet Systemwhich
alsodevelopedanalgebrato hidethe decompositiofj4]. An early
work [16], donein thecontext of databasemachinesalsoexplored
the option of storingtable dataon a per attribute basis. This rep-
resentatiorhasalso beenusedin the IBM’ s EnterpriseDirectory
LDAP product[19].

Another alternatve would be to createone separateable for
eachcategory. Yet anotheralternatve would be to createoneta-
ble for commonattributesandpercateyory separatéablesfor non-
commonattributes.Seg[7] for someotheralternatvesandaperfor
mancestudydonein the context of storingXML data. Messaging
systemssuchas Lotus Notesand Microsoft Exchangehave also
developedspecializedstructuredo supportsparseows containing
optionalcolumns.However, thereis no supportfor SQL querying
in thesemessagingystems.

We will focus on the 3-ary representatiorof dataas outlined
in Sectionl.2 (henceforthreferredto as vertical representation).
This representationffers an interestingdesignpoint betweerthe
corventional n-ary horizontal representatiorfhenceforthreferred
to ashorizontalrepresentatiorandthe 2-ary binaryrepresentation
(henceforthreferredto as binary representation).Like the hori-
zontalrepresentatiorthe vertical representationequiresonly one
tableto storedata,whereaghe binary representatiosplits the ta-
ble into asmary tablesas the numberof attributes. While there
areapplicationge.g. SAP)thatstoredataacrossa large numberof
tables having thousand®f tablesinsteadof onemalkesthe system
harderto manageandoperate.Schemaevolutionis trivial with the
verticalrepresentationyhereasan addition(deletion)of a new at-
tributerequires‘altering” thetablein the horizontalrepresentation
and an addition (deletion)of a tablein the binary representation.
On the negative side, the vertical representatiotosesdatatyping
sinceall valuesarestoredasVARCHARsin the Val field, although
it is easyto designextensiongo supportdatatyping if desired.

Thehorizontalrepresentatiois well studiedin thedatabaséter-
atureandtherehasbeenexcellentwork in understandinghetrade-
offs of the binary representatiofd] [5] [9]. Becauseof its man-
ageabilityandflexibility, thethe vertical representatiois increas-
ingly finding its way in mary commerciabystemslt behowesthe
databaseommunityto investigateand study how bestto support
the vertical representatiomo bring the new emeging applications
toits fold. Thework we presents astepin this directionthatcom-
plimentsearlierwork.

1.4 Organization of the Paper

The restof the paperis organizedasfollows. In Section2, we
discussrewriting of the queriesfrom the horizontalformatto ver
tical format. We discusgheimplementatiorstratgiesin Section3
and give performanceresultsin Section4. We concludewith a
summaryand somepointersfor the databasesystempractitioners
in Section5. We alsoreferthereadetto theextendedversionof this
papen3] thatcontainsadditionalexplanationsandperformancee-
sults.

2Createaseparateerticaltablefor every datatype. A catalogtable
maintainsdatatype informationfor eachattribute. Thuswe might
have aschemeasshavn below:

ATTRIBUTES (KEY CHAR(K)
DATATYPE CHAR(N));
V_INT(OID INTEGER,KEY CHAR(K), VAL INTEGER);
V_FLOAT(OID INTEGER,KEY CHAR(K), VAL FLOAT);
V_VARCHAR(OID INTEGER, KEY CHAR(K), VAL
VARCHAR(X));

PRIMARY  KEY,



2. TRANSFORMATIONS

Our overall approachis to definea horizontalview H over a
verticaltableV. TheuserposesegularSQL querieoverthisview,
which are translatedinto queriesthat run againstthe underlying
vertical table. We will describethesetransformationsn termsof
an extendedalgebrain this section.In Section3, we discussheir
implementatiorin a SQL system.

2.1 Algebra

We startwith thewell-understoo@lgebraimperationg6]: selectg),
projectgr), join(x<), outerjoin(3<C), left outer join(3x), right
outerjoin(<C), crossproductfk), differencef), intersection(),
union(U), andaggreation(F). We addtwo operationgo this alge-
bra:v2h(2) andh2v (U). We definethe semanticof theseopera-
tionsafterbriefly introducinga few notations.

Notation
Assumethatthe verticaltableV hasthe schemg Oid, Key, Val)
with a non-nullablecolumn Oid andthat A1, ..., An arethekey

valuesin V. The equivalent horizontaltable H hasthe scheme
(0id, Al,. .., An) with the column Osid beingnon-nullable.We

useAk+m to representhe (k+m)" attribute. The symbol L rep-

resentanull value.

Wewill use®¥_, ¥; asashorthandfor ¥,0¥, - -- ©¥,. Fora
join operation(includingits outerspecies)unlessotherwisestated,
assumethe join predicateto be the equalityof Oid. An explicit
join predicate¥ will bespecifiedaspq.

Sometimesve will use$0, $1, etg to referto the columnsof a
resulttable.

For visual clarity, we will sometimesaddsquarebracletsin an
expressiorasshavn below.

(o] © [OF_;¥;]

Thesesquarebracletsdo not affect the orderof evaluationin ary
way; they arethereonly to enhanceeadability

v2hOperation

Intuitively, thev2h(Q2) operationtakesasinputaverticaltableand
a list of attribute namesandreturnsa horizontaltable with those
attribute namesasthe columnlabels.

O (V) createmhorizontaltableof arity k41 whosefirst column
is Oid andthefirst k key valuesform therestof the & columns.
The contentof thetableis definedby:

Q" (V) = [mow(V)] 3=

(<5 0id, vat (0 key—cair (V)] (N

Becauseof thefirst term on the right handside andthe useof left
outerjoin, Eq. 1 canyield tupleswith nulls in all of the non-Oid
columns. For example, Q2 appliedto the vertical table V' from
Figure 1 resultsin the tableshawvn in Figure2. For Oid = 3,V
doesnot containtuplescorrespondingo key values Al and A2.
However, the resulttable containsa tuple with this Oid andnull
valuesfor attributesAl and A2.

This semanticss consistentvith the null handlingin SQL. For
instance,a projection of the horizontaltable in Figure 1 on at-
tributes A1 and A2 will indeedpresere the tuple corresponding
to Oid = 3in SQL.

3Since the columnsin a relation are supposedo be orderless,
strictly speaking2 shouldtake columnnamesasparametersWe
have choserthis notationalsimplificationfor easeof exposition.

U(H)

OV $0 | $1 | $2
$0 | $1 | $2 1 |Al]| a
1]alb 1|A2| b
2| L]c 2 |A2 | c
3| L L 3 |AlL| L
4 | b | L 3 |A2| L
4 |Al1| b

Figure 2: Resultsof v2h and h2v Operations

But for null handling,whichwasnot discussedthev2h opera-
tion is equivalentto Unfold by Key on \al (V) in SchemaSQI11].
This operationis alsosimilar to the Gather operationin [18].

h2vOperation

The h2v (U) operationis the inverseof the v2h operation. Intu-
itively, it takes asinput a horizontaltable and converts it into a
vertical table where eachcolumnlabel in the horizontaltable is
corvertedto a key valuein theverticaltable.
Assumeahorizontaltable H having theschemd Oid, A1, ..., An)

with the column Oid beingnon-nullable. 5* (H) createsa verti-
cal tablewith the scheme( Oid, Key, Val). The contentof V' is
definedby:

OFH) = [UE moia airai(0ai 20 (H))] U

[Uics Toia i, ai(Ons_ ai =0/ ()] (2)

For eachtuple h in H, thefirst termin Eq. 2 createsthe tuples
{< 0id,*Ad',h.Ai > i = 1,...k A h.Ai # 1}. Thesecond
term handlesthe specialcaseof a horizontaltuple that hasnull
valuesin all of the non-Oid columns.Figure2 shaws the resultof
applyingy? to the horizontaltable H from Figurel.

Again, but for null handling,this operationis equivalentto
Fold by Val on KQ/(V) in SchemaSQI[11]. This operationis also

similar to the Scatter operationin [18].

2.2 Rewritings

We describenow the rewritings of the standardalgebraicoper
ationson the horizontalview over a vertical table. We give two
formsof rewritings: onewith andthe otherwithout usingthev2h
operation. The former canbe usedon a SQL-92 systemwhereas
the latter can exploit the implementationof v2h operationusing
the object-relationakxtensions. See[3] for illustrative examples
of theserewritings.

Projection

Let the projectionbe on attributesAl, . .., Ak. We have, from the
definitionof thev2h operation:

wA1,..., Ak (H)
= OFV) (3)
= [m0i(V)] DX [D<U=170id, val (T rey=cair (V)] (4)

Selection

We discusgheusualcaseof aselectiorfollowedby projection.Let
theselectionpredicatebe AX_; (4 8 ‘ai’) andthe projectionbeon



thefirst k + m attributes,m > 0.

7TA1,...,Ak+m(0/\;.e=1Ai 6 ‘air (H))
= TVAI,---,Ak+m(U/\;c=1Ai 6 “ai’ (Qk+m(v))) 5)
= 7r$1,...,$k+m(
[NF_170id (0 key—s At AVal 6 “ai (V)]
= [:[le:lm WOid,vat(O'Key=‘Ai'(V))]) (6)

A disjunctie selection
TAL,...,Ak+m (OvE_ 4i g qir ()

canbetransformedy replacingtheintersectiom?_; in Eq.6 with
theunionUt_; .

Join
Take a horizontaltable H having the scheme( Oid, AL, ..., An)
whichisreally alogical view overaverticaltableV'. Its join with a

truehorizontaltable RH havingtheschemgR1, ..., Rr) isgiven
by:

TAL,..., Ak,Rk+1,..., Rk+m (H > RH)
AF_LAi0 Ri
= a1 Ak Rkt RE+m (V) [ RH) (7)
Ak_LAi 6 Ri
= 7r$1,...,$k,Rk+1,...,Rk+m(
<5y 7014, var (O key= as (V)] D [RH])(8)
Ak $i=Ri
Aggregation

We usethefollowing notationfrom [6] to specifyaggreation:

Groupingattributes” Functionlist (Tablenamg

Function list consistsof (function, attribute) pairs, where func-
tion canbe one of the allowed aggrgatefunctionssuchas SUM,
COUNT, AVG, MAX, andMIN. Thetransformationsire:
Ak F F ak+1 (H)
Av,ak F Foars1 (QF(V)) 9
$1,...,8k & F $k+1
([70ia (V)3 [3NE_ 1 T0ia, vt (0 key= a1 (V))]) (10)
For aggr@atefunctions,SUM, MIN, andMAX, which areun-

affectedby null valuesin the columnbeingaggregated,Eqg. 10can
be simplifiedto:

-----

AL, Ak F F ar+1 (H) =
s1..sk F #spr1( DT T0id, val (O key—air (V))) (11)

SetOperations

Thesetoperationgrossproductfk ), union(U), intersection()), and
difference() canbetransformedy first applyingthev2h opera-
tion on theverticaltable(s)andthencarryingout the desiredoper
ation.

Updates

Updatesareeasy Insertionrequiresdecomposin@dataobjectinto
a setof attribute nameandvalue pairsandinsertingtheminto V'
with acommonQid. A predicate-basedeletionrequiresdetermin-
ing the Oid setof objectssatisfyingthe predicateanddeletingthe

correspondinguplesfrom V. An updateresultsin a changeof the
valuefield in sometuplesin V. It canalsocausesomeinsertions
anddeletions.

Output

Theremay be needfor transformingthe resultof an operationin-

volving averticaltablebackinto theverticalformat(e.g. for storing
theresult). This canbe accomplishedby applyingtheh2v opera-
tion ontheresulttable.

3. IMPLEMENTATION

With the algebradescribecabove in hand,we arein a position
to develop a non-intrusve enablementayeron top of the database
enginethat hidesfrom the user(application)the vertical table. A
horizontalview H is definedfor the verticaltable V' usingan ex-
tendedDDL:

CREATE HORIZONTAL VIEW H ON
VERTICAL TABLE V USING COLUMNS (A1, As, ..., An)

whereA;—1,, represenattributenamegkeys)in theverticaltable.
The DDL is generatedby the enablementayer The userposes
regular SQL queriesover the view. The enablementayer parses
the SQL query validatest, andtransformst to anothelSQL query
thatrunsagainstheunderlyingverticaltable. It usesaquerygraph
structureto facilitatethis translation.

We considetthreetransformatiorstrateies.

3.1 VerticalSQL

Thisimplementatiorassumesnly the SQL-92level capabilities
from the underlyingdatabasengine. The enablementayer uses
the secondset of equationsfor translatingeachof the algebraic
operationggivenin Section2 for this implementation.See[3] for
anexample.

3.2 VerticalUDF

This implementatiorattemptgo exploit object-relationakxten-
sionsto SQL, particularly the userdefinedtable functions. The
underlyingengineis extendedwith thetablefunctionsfor v2h and
h2v operationsThev2h tablefunctionreadstuplesof verticalta-
ble sortedon Oid andoutputsa horizontaltuple for eachOid. The
h2v tablefunction takesasinput columnnamesanda horizontal
tupleandsplitsit into verticaltuples.

The enablementayer usesthe first setof equationsfor trans-
lating eachof the algebraicoperationggivenin Section2 for this
implementationFor example the projectionquery:

SELECTA1L, A2 FROM H
is translatednto®;

SELECTt.Attrl, t.Attr2

FROM V v , TABLE(v2h(v.Oid, v.Key, v.Val)) AS t(Oid,
Attrl, Attr2)

WHEREV.Key="Al’ or v.Key="A2’

The queryappeargo be a Cartesiarproductbetweenthe vertical
relation V' andthe tablefunctionv2h. Whathappensn effect is
that the relevant fields from ary qualifying tuple v after applying
the selectpredicaten the V' table are passedas parameterénto
thev2h function,which in turn produceshorizontaltuplest from
whichthefieldsin the selectlist areextracted.

Thev2h tablefunction requiresv tuplesto be streamedn the
Oid order so that it can buffer the key-value pairs until the Oid

4Theactualtranslatioris morecomplex andincludesanadditional
clausein thejoin list for selectingdistinctOid’s from V.



changesAt thatpoint, it canoutputthe tuple correspondingo the
horizontalview. Unfortunately the currentSQL syntaxdoesnot
allow the specificationof the orderin which the tuplesshouldbe
streamednto atablefunctionandthatcausegproblems.Note that
agoodplanfor theabove querywill pushdown theKey predicates
on Al and A2 so asto selectonly the relevant tuplesfrom the
V relation. However, the outputof this selectionwould generate
tuplesin Key or physicalrow-id orderwhich is differentfrom the
Oid orderrequiredfor v2h.

A workaroundthis problemis to introducea join of the tuple
streamproducedby the selectionwith a table of Oid's andcajole
the optimizerto pick a memge sortjoin plan,therebyforcing a sort
on Oid. By introducingthis join and adjustingthe optimization
level for the the DB2 queryoptimizer we could generatehe cor
rectplans. We wereableto play similar tricks for otheralgebraic
operations.

3.3 SchemaSQL

This implementationemploy/s the non-intrusve strataies pro-
posedfor the SchemaSQLlimplementatior{11]. Specifically we
implementedinfold | andunfold Il stratgjies. Thesestratejiesre-
sultin SQL translationsthat are differentfrom the onesgivenin
Section2. See[3] for details.

4. PERFORMANCE EXPERIMENTS

We now presentheresultsof our extensie experimentgo study
the performanceof the alternatve implementation®f the enable-
mentlayerjustdescribedWe includein this studythe performance
comparisomwith thehorizontalrepresentatioaswell asbinaryrep-
resentatiordiscussedn Sectionl1.3. They will be referredto as
HorizontalSQLandBinary respectiely.

4.1 Experimental Setup

All experimentswere run on a 600 MHz dual processoiintel
Pentiummachinewith 512MB of physicalmemory Theoperating
systemwas Windows NT 4.0 and the databasesystemusedwas
DB2 UDB 7.1. Themachinehadtwo 30GBIDE drives. Datawas
placedononediskandthetemporantablespacesandthelogswere
createdon the other Thebuffer pool sizewassetto 50MB andthe
prefetchsizeto 512KB.

To study performancecharacteristicover a wide rangeof op-
eratingregions,we usedsyntheticdatathatallowed usto vary the
following parameters:

e Numberof columnsin thehorizontaltable

e Numberof rowsin the horizontaltable

e Non-null density(i.e. percentagef field valuesthatarenot
null)

e Selectvity of a predicatefor eachcolumn

o Numberof distinctvaluesin eachcolumn

e Sizeof eachcolumn

Givenasetof theseparametewalues wefirst generatedlatain the
horizontalformatandthentransposedt into its equivalentvertical
andbinaryformats.We keptthe sizeof atable(numberof rows x
numberof columnsin arow) constanby adjustingthe numberof
rows aswe variedthe numberof columns.Se€[3] for detailsof the
datageneratioralgorithm.

We generatehe following schemesor horizontal,vertical,and
binarytablesrespectiely:

5[11] proposedanotherstrateayy, calledunfold |11, which avoidsthe

costof creatingtemporarytablesincurredby unfold | and unfold

1. However, aspointedoutin [11], a non-intrusve implementation
of unfold 111 turnsout to be lessefficient thanunfold | dueto the

tuple-at-a-timenatureof theimplementation.
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Figure 3: Clustering by Key versusOid

H (OID INTEGER,A0 VARCHAR(X), A1 VARCHAR(X).. . .,
An VARCHAR(X))

V (OID INTEGER,KEY CHAR(K), VAL VARCHAR(X))
TAB_Aj (OID INTEGER, VAL VARCHAR(X))

where X is the sizein numberof bytes(setto 16) and K is the
sizeof thekey field (setto 5). Thereweren binarytableSTAB_Aj
correspondingo n columnsin H. The queriesfor variousoper
ationsweregeneratedisingthe additionalparametersuchasthe
columnsinvolvedin the operationandselectvities.

4.2 Layout

Thedatafor horizontalaswell asbinarytableswasclusteredoy
Qid. For the vertical table,we have two choicesfor the physical
layout: i) clusterby Oid, or ii) clusterby Key. We performedex-
tensie experimentsandfound that clusteringby Key consistently
resultedin muchhigherperformancehanclusteringby Oid. Fig-
ure 3 shaws the performanceof clusteringby Key versusOid for
projectionandjoin operations.The settingsfor theseexperiments
areexactly the sameas usedfor experimentsreportediaterin the
paperin Figures4 and7 respectiely. We have notincludedthose
graphs,but we found large gapsin performancefor selectionas
well asaggregationoperations.

To understandhis performancedifference,let us considerthe
projectionoperation. The SQL translationof the projectionop-
erationcorrespondindo the algebraictransformatiorpresentedn
Eqg. 4 in Section2 containsselectionpredicate®n Key values.Af-
ter applyingthe selectionpredicateusinganindex on the Key col-



umn,thequalifying tuplesarefetched.If thedatais physicallylaid
outin the Key order we getthe benefitof clustered/O. If, onthe
otherhand,the datais clusteredby Oid, fetchingthetuplesresults
in unclustered/O whichis very inefficient.

4.3 Indices

Every columninvolved in a query on the horizontaltable was
indexed. We alsoindexed both the columnsof every binarytable.
For theverticaltable,we indexed eachof thethreecolumns.

Note thatwe endup indexing the entiredatain the vertical ta-
ble. Contrastthis to the caseof the horizontaltablewherejust the
columnsinvolved in the typical queryworkload areindexed. We
found that the total size of the indicesfor vertical table wastyp-
ically two ordersof magnitudelarger comparedo the horizontal
indicesandlargeportionsof theverticalindiceswerenot usefulfor
ary of the queries.Having largeindicesadwerselyimpactsthe per
formanceof the vertical representatiotrecausenf the time spent
in loadingtheindicesandtheincreasen pathlengthdueto deeper
index trees. It would have helpedif the databasesupportedoartial
indices[20] thatallow only therows of interestto beindexed.

4.4 Performance Results

We now summarizeéheimportantresultsfrom avery largenum-
ber of experimentswe performed. We will presenthe resultsfor
project,select,join andaggreationoperations.We flushedbuffer
pool, mainmemoryandfile systemcachebeforethe startof each
runto getcold startnumbers.

We will reportthe performanceof a single operationat a time
in orderto isolatethe trade-ofs for eachoperation. Of course,a
typical databasejuery containsa combinationof operations.We
ran several suchcompositequeriesbut did not find ary trendwe
could not predict having understooche trade-ofs for individual
operations.

We foundthe implementationsisingthe SchemaSQlstratgies
performed2-3 times slower comparedo VerticalSQI®. The cul-
prit wasthe creationof a large numberof intermediateemporary
tables,a problemrecognizeddy the implementorsof SchemaSQL
[11]. We thereforedo notincludethe SchemaSQIlnumbersn the
results.

In theinitial setof results,we include numbersfor Horizontal-
SQL, VerticalSQLand Binary. Laterin Section4.5, we present
resultghatareindicative of theperformancechiezablefrom aVer
ticalUDF implementation.

Projection

Figure 4 shaws the performanceof variousstrateiesfor the pro-
jectionoperation.The numberof projectedcolumnsis 10, thereby
requiring10-way joins with the Binary andVerticalSQLstrataies.
In eachgraph,the executiontimes are shawvn for four horizontal
tablesandtheir equivalentverticalandbinarytables.The horizon-
tal tablesdiffer in the numberof rows andcolumnsbut their total
size(#rows x #columns)s keptconstantThenumberof rows de-
creasesiswe move from left to right in thegraphs(which explains
thereductionin theexecutiontime for all the stratgies). We shav
graphsfor non-nulldensityp = 5% and10%.

Thesurprisingresultfrom thesesxperimentss thatVerticalSQL
uniformly outperformsHorizontalSQLin spiteof requiringmulti-
plejoins. Thesuperiomperformancef Binary over HorizontalSQL
reconfirmstheresultsin [4] [7] [9].

The reasonfor the relative poor performanceof the horizontal
formatis thatthe whole tuple needsto be fetchedbeforethe rel-

5This obseration shouldnot be construedasa negative statement
againstSchemaSQLwhich addressea moregeneraproblem.
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Figure 4: Projection performance (10 cols)

evant fields canbe extracted. Thereis additionalcostof finding
wherethe relevant fields for a tuple lie on a page,which canbe
substantiafor a wide tuple with a large numberof fields. In the
caseof a verticaltable,the index on the Key field allows only the
tuplescorrespondingdo attributesparticipatingin the projectionto
beretrieved. Thenetis adecreasén total I/O.

BetweenBinary andVerticalSQL,Binary performsslightly bet-
ter. A tuplein thebinaryrepresentatiogontainsonly the attribute
value,whereasa tuple in the vertical representatiorwontainsboth
attribute name(key) andvalue. Thus, the total I/O will be less
in the binary scheme.Moreover, the vertical schemerequiresan
additionalselectionon the key field for locatingtupleshaving the
desiredattribute name,which is not neededn the binary scheme
sinceit hasa separatéablefor eachattribute. Laterin Section4.5,
we seehow the performanceof the vertical schemecanbe made
betterthanbinary by usingthe VerticalUDFimplementation.

Figure5 shaws the effect on performanceasthe numberof pro-
jectedcolumnsis varied. The experimentsvererun for thedataset
1000 x 20K andfor non-nulldensitiesp = 5% and10%. Therel-
ative performanceof the variousstratgiesremainsthe sameasin
the previous experimentswhennumberof projectedcolumnswas
fixedat 10 (Figure4).

We seethatthe performanceof HorizontalSQLis insensitie to
thenumberof projectedcolumns.This trendcanbeunderstoody
recallingthatwhenthetuplesarewide, the projectionperformance
in the horizontalschemds dominatedby the costof fetchingtu-



(p =5%

~

40

Execution time (seconds)

5 10 20 40

Number of projected columns

(p =10%)

RS

40

30 ~

Execution time (seconds)

5 10 20 40

Number of projected columns

B HorizontalSQL M VerticalSQL EBinary

Figure 5: Impact of varying the number of projected
columns(1000cols x 20K rows)

ples. The performancef Binary aswell asVerticalSQLimproves
asthe numberof projectedcolumnsdecreasesThis trendis quite
understandablsincea decreasén numberof projectedcolumns
resultsin adecreasén numberof joins theseschemeseedto per

form. However, the executiontime increasesatherslowvly asthe
numberof projectedcolumnsincreasesand VerticalSQLand Bi-

nary continueto outperformthe horizontalscheme.

Selection
Selectionexperimentsvererun usingthefollowing query:

SELECTA40, A200 FROM H WHEREA200 = ‘A200V0’

Theexperimentsvererun for thedatasefl000 x 20K with non-
null densitiesp = 5% and 10%. The selectvity of the selection
predicatevassetto 0.1%,1% and5%. Figure6 shavs theresults.

The plan for HorizontalSQLappliesthe selectionpredicateon
A200 andthenfetchesthe qualifying tuplesto extractattributesin
the selectlist. However, sincethe datais clusteredby Oid, this
causesunclustered/O of wide tuples, hurting the performance
of HorizontalSQL.As the predicatebecomedess selectve, the
amountof I/O increasesndthe queryperformancealegrades.

VerticalSQLhasto applyapredicatebasedn thevalueof A200
aswell asthe Key predicatefor the projectedcolumn A40. The
fetchfollowing the applicationof the Key predicateon A40 causes
clustered/O while the onefollowing the applicationof the value
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Figure 6: Selection performance (1000 cols x 20K
rows)

predicateon A200 causesunclustered/O. It then sortseachof
thesestream=n Oid to do the join. However, sincethe tuplesare
narraw, VerticalSQL endsup performing betterthan Horizontal-
SQL.

For Binary, the optimizerchoosesa tablescanfor the A200 ta-
ble, followed by a sort, anda meige sortto join it with the A40
table. Sincea table scanwaschoseninsteadof anindex scan,we
do not seemucheffect of selectvity on the queryexecutiontime.
Becausef smallerindicesandnarraver tuples,Binary performsa
little betterthanVerticalSQL.

Join
For this setof experimentsye joined H with ahorizontaltableHR
whoseschemewas:

HR(A1 VARCHAR(16),A2 VARCHAR(16))

HR hasp x H rows, eachof which hasno null value. The join
querywas:

SELECTh1.A40,h2.A2FROM H h1,HRh2WHEREh1.A1=h2.A1

All thecolumnsinvolvedin the querywereindexed.
Theexperimentswvererunfor thedatasetl000x 20K with non-
null densitiep = 5%and10%. Thejoin selectvity wassetto 0.1%,
1% and5%. Figure7 shaws theresults.
Both Binary andVerticalSQLconsiderablyutperformHorizon-
talSQL,with Binary performingalittle better The join selectvity
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Figure 7: Join performance (1000cols x 20K rows)

did notexhibit muchaffectontheperformancef BinaryandVerti-
calSQL.Thequeryplansfor bothfirst computeahorizontalrelation
consistingof attributesOid, A1 and A40. For VerticalSQL thisin-
volvesselectionon the key predicatesfetchingthetuples,sorting
themon Oid, anddoinga memgesortjoin. For Binary, theselection
onthekey predicatds notrequiredsinceeachattribute hasits own
table (which explainsthe slight performanceadvantage).lIt there-
fore only requiresfetchingthe tuplesandjoining themon Oid. For
boththe schemesthis interim resultis thenjoined with the HR ta-
ble usinga memge sortjoin. It is only this laststepthatis affected
by the join selectvity. Sincethe costof entireplanis dominated
by thel/O requiredto fetchtheinputtuplesasopposedo thefinal
join, hencethe executiontime is not significantlyaffectedby join
selectvity.

The planfor the Horizontal schemenvolves a nestedoop join
with the HR table asthe outerandanindex scanon the join col-
umnin the inner H table. However, sincewe have an additional
columnin theselectlist, afetchontheinnertabledoesunclustered
1/0 to getthetuples(H is clusteredon Oid). This unclustered/O
of wide tuplesresultin the poor performanceof HorizontalSQL.
Theamountof I/O depend®n thenumberof tuplesin H thatjoin.
Hencethe queryperformancealegradeswith increasingoin selec-
tivity.

Aggregation

We measureaggr@ationperformancdy usingthefollowing query:
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Figure 8: Aggregation performance (1000cols x 20K
rows)

SELECTA500, AVG(LENGTH(AO)) FROM H
GROUPBY A500

The experimentswererun for the datasetl000 x 20K with non-
null densitiesp = 5% and10%. The numberof groupsin theresult
was100for bothdensities Theaveragenumberof tuplesprocessed
pergroupwas10and20for densitiep = 5% and10%respectiely.
Figure8 shavs theresults.

HorizontalSQLneedgo fetchtheentiretupleto extractthefields
requiredin the aggrgyationcomputation.The horizontaltuplesbe-
ing wide, HorizontalSQLtakes the performancehit of fetchinga
largenumberof unnecessarffelds. Thequerycostis dominatedy
thel/O, notby thecomputatiorof theaggreationfunction. Hence
we do not seemuch differencein performanceas the density of
the dataincreasegwhich mostly increaseshe aggreation func-
tion computatiorcostbut affectsthel/O mawginally).

VerticalSQLandBinary have comparablg@erformancewith Bi-
nary performingmaiginally better The query plansfor both the
strat@ies are similar to doing a projectionof 2 columns(a v2h
operation),followed by the computationof the aggregationfunc-
tion. However, the executiontime of the queryis dominatedoy the
1/0 time to implementv2h andthereforewe only seea maginal
increasen executiontime asthedensityincreases.

4.5 Exploiting the Object-Relational Fea-
tures

We sawv from the performanceesultsjust presentedhat Verti-
calSQL uniformly outperformsHorizontalSQLbut slightly under
performsBinary. We shaw in this sectionthat with a little better
supportfrom tablefunctions,the VerticalUDF strategly canoutper
form Binary. VerticalUDFcanavoid multi-way joins VerticalSQL
performsto assembléehe attribute valuesof a tuple. What needs
to be ensureds thatthe relevanttuplesfrom the verticaltableare
streamednto the v2h tablefunctionsin the Oid order Thetable
functionthencando theassemblyandoutputthe horizontaltuple.

Let usfirst considerthe projectionoperation.Figure9 compares
the performanceof VerticalUDFto Binary andVerticalSQLforthe
samedatasetssin Figure4. We shaw the graphfor p = 10%;the
performanceadwantageof VerticalUDFwasrelatively larger for p
= 5%. The performancenumbersfor VerticalUDFwere obtained
afteraddingall thecontortionsdescribedn Section3.2for forcing
the tuplesto streaminto the v2h tablefunctionin the Oid order
Thus,the performancenumberdor VerticalUDFshouldbe viewed
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Figure 10: Join performance (1000cols x 20K rows)

astheworst-casemumbersin spiteof theunnecessargerformance
penalty VerticalUDF, performsuniformly betterthanboth Binary
andVerticalSQL.The mainreasorfor this performancewin is the
avoidanceof multi-way joins presentn Binary andVerticalSQL.
Now considetthejoin queryusedin the performancesvaluation
in Section4.4. Figure 10 shavs the performanceof VerticalUDR
VerticalSQL,and Binary for the samedatasetsandjoin selectvi-
tiesasusedin Figure7. For executingthis queryusingthe Verti-
calUDF strateyy, we would like to first apply the selectpredicates
on the key columnsprior to streamingthe tuplesin the Oid or-
derinto thetablefunction. However, asdiscussecarlier thereis
no way to specifythis orderon the outputof the selectoperation.
The workaroundagainis to createan additionalartificial join on
Oid's andtrick the optimizerinto choosinga merge-sortplan for
thisjoin, therebycreatingatuplestreamsortedon Oid. Theperfor
mancenumberdor VerticalUDF, therefore shouldagainbeviewed
asthe worst-casenumbers.lt is remarkablethatthe performance
of VerticalUDFcomesso closeto Binary in spiteof all theunnec-
essaryoverhead.Also, in atypical query joins areoftenfollowed
several projections.The performancegainin the projectionopera-

tion allows VerticalUDFto outperformBinary for suchcomposite
queries We foundsimilarissuesfor selectionandaggregation.

Wewouldlik e thetablefunctionto beableto controltheorderin
which input agumentsare suppliedto it. The needfor suchfacil-
ity hasbeenidentifiedfor otherapplicationsalso[18]. If thetable
functionsyntaxis extendedwith thisfeatureandtheoptimizertakes
adwantageof it, we would avoid the performancepenaltyof intro-
ducingadditionaloperationgustto forcethedesiredorderoninput
amguments.In thatcase we expectVerticalUDFto outperformthe
otherstrateies.

5. CONCLUSIONS

Emepging applicationssuchase-commercendportalsarecre-
ating new threatsand opportunitiesfor databaseechnology The
prevalent conventional horizontal representatioris optimized for
applicationsn whichthedatais denseandevolvesslonly. Thenew
generationof applicationsrequire data schemaghat are rapidly
evolving andsparselypopulated.

To meetthe requirement®f theseapplicationsmary commer
cial softwaresystemsave convergedon a 3-ary vertical represen-
tationfor storingobjectsin atable. This paperrecountsour expe-
riencefrom building an e-marletplaceusingthis vertical scheme
for representinglata. The applicationwas built usingIBM Web-
sphereCommerceSener running on top of DB2. Our two main
contributionsare:

e Designof an enablementayerthat hidesthe compleity of
thequeriesovertheverticaltableandgivesahorizontalview
of the vertical representationo the user(application). We
provide transformationalgebraand techniquedor its non-
intrusive implementatioron top of a SQL databaseystem.

e A thoroughinvestigatiorof theperformancérade-ofs of the
vertical representatiomnda comparisorof its performance
with the horizonalandbinary (2-ary) representationsThe
key resultsare:

— Theperformancef theverticalrepresentatiois sensi-
tive to the choicemadefor clusteringthe data.Cluster
ing on Key hasmuchhigherperformancehancluster
ing on Oid.

— Theverticalrepresentationniformly outperformshor
izontalrepresentatiofor sparsedata(in spiteof theex-
tremelyefficient representationf null valuesin DB2).

— The performanceof the vertical representatiorusing
only the SQL-92 capabilitiesis comparabldo the bi-
nary representationthe latter performinga little bet-
ter. By usingtablefunctions theverticalrepresentation
startsperformingbetterthanbinary for the projection
operation.If thetablefunctioncould provide someex-
trafunctionality (seebelaw), theverticalrepresentation
can outperformbinary representatiofior otheropera-
tionsalso.

The major algumentsin favor of the vertical representation
have beenits flexibility in supportingschemaevolution and
manageabilitysingletableversusasmary tablesasthenum-
ber of attributesin the binary scheme) Basedon the results
of this study we canprovide the following matrix for com-
paringthethreerepresentations:

Wefinally give awish list of thecapabilitiesve would like from
the databasaystemto be ableto furtherenhancehe performance
of theverticalrepresentation:



Horizontal Vertical Binary

Manageability + + -
Flexibility - + -
Performance - + +

Partial indices We createanindex oneachof thethreecolumns
of the verticaltable. In the processwe endup indexing the
entiredatain theverticaltable. Having databasesupportfor
partialindices[20] thatallow only the rows of interestto be
indexed will help improve the performanceof the vertical
representation.

Enhanced table functions Thetablefunctionsyntaxneedso
be extendedwith additionalclausego specifythe required
orderof input aguments. This facility is critical for bene-
fitting from the v2h tablefunctionfor assemblingattribute
valuesfrom thevertical tableinto a horizontaltuple without
performingmultiple joins.

First class treatment of table functions Table functionsare
currently not treatedas first classobjectsduring the query
optimizationphase Currentsystemslo notallow tablefunc-
tionsto registertheorderingof tuplesthey receve, theoutput
cardinality or the orderpropertyfor thetuplesthey produce.
Becauseof theselimitations, optimizersoften produceless
than optimal plansfor executingqueriesthat include table
functions.

Native support for v2h and h2v operations Sincev2h and
h2v operationsare fundamentaprimitivesfor the efficient
executionof queriesover verticaltable,they shouldbe sup-
portednatively by the databasesystemfor bestresults.
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