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New generationof e-commerceapplicationsrequiredataschemas
that areconstantlyevolving andsparselypopulated.The conven-
tional horizontal row representationfails to meet theserequire-
ments.We representobjectsin a vertical formatstoringanobject
asa setof tuples. Eachtuple consistsof an object identifier and
attribute name-value pair. Schemaevolution is now easy. How-
ever, writing queriesagainstthis formatbecomescumbersome.We
createa logical horizontalview of the vertical representationand
transformquerieson this view to the vertical table. We present
alternative implementationsandperformanceresultsthatshow the
effectivenessof theverticalrepresentationfor sparsedata.Wealso
identify additionalfacilitiesneededin databasesystemsto support
theseapplicationswell.
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Imagineyou runamarketplacefor theelectronicsindustry. This

marketplaceconsolidatesinformationaboutpartsfrom morethan
1000manufacturersanddistributors.Yourcurrentcatalogcontains
nearly 2 million partsclassifiedinto 2000 categories. Thereare
morethan5000partattributesacrossvariouscategories.New sup-
pliers are expectedto join your marketplaceevery week. They
bring with themnew parts,causingnew attributesto be addedto
the currentcategoriesandnew categoriesto be addedto the cata-
log. Youhave theenviabletaskof designingtheback-enddatabase
systemto supportthis marketplace.Whatdoyou do?

We foundourselvesin this quandarywhile building suchanex-
perimentalmarketplace,calledPangea.In this paper, we summa-
rize our experiencefrom implementingthis applicationwith the
hopethatourobservationswill beusefulto systemdevelopersinter-
estedin providing effective databasesupportto e-commerceappli-
cations.Theissueswefacedarepervasive in thenew generationof
e-commerceapplications,suchason-line shops,exchanges,mar-
ketplaces,andportals,which aggregatedatafrom a large number
of providers.Thespecifice-commercesoftwareusedin our imple-
mentationwasthe IBM WebsphereCommerceServer runningon
top of theDB2 UniversalDataBaseSystem.However, we believe
our observationsaregenerallyapplicable.
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In relationaldatabasesystems,dataobjectsare conventionally

storedusinga horizontalscheme.A dataobject is representedas
a row of a table. Thereareasmany columnsin the tableas the
numberof attributesthe objectshave. In trying to storeall our
electronicpartsin onetableusingthis scheme,we raninto thefol-
lowing problems:! Large Number of Columns Thecurrentdatabasesystemsdo

not permita largenumbersof columnsin a table.This limit
is 1012columnsin DB2 (also in Oracle),whereaswe had
nearly5000attributesacrossdifferentcategories.! Sparsity Even if DB2 were to allow the desirednumberof
columns,we would have hadnulls in mostof thefields. In
additionto creatingstorageoverhead1, nulls increasethesize
of theindex andthey sorthigh in theDB2 B+ treeindex.! Schema Evolution We would needfrequentaltering of the
tableto accommodatenew partsandcategories.Theschema
evolution is expensive in thecurrentdatabasesystems.! Performance A queryincursa large performancepenaltyif
the datarecordsarevery wide but only a few columnsare
usedin thequery.

Similar challengesarefacedby thosebuilding largerepositories
of metadataaboutdocumentsin a digital library. For instance,
anexperimentalnews portal [2] beingbuilt at IBM Almadenpro-
cesses5-10thousandnewsstorieseveryday. For everystory, it ex-
tractsacoupleof hundredfeaturessuchasstemmedwords,people,
countries,etc. Thefeaturesarenot fixeda priori andnew features
emergeasnew storiesareprocessed.A conventionalhorizontalta-
blewouldneedmorethan100,000columnsto storethedatafor the
featuresthathave beenidentifiedto dateandwould needfrequent
alteringto addnew columnsto accommodatenewly identifiedfea-
tures.Otherpotentialapplicationsof thework reportedin this pa-
per includestoresfor XML [7], RDF [1], KBMS [15], LDAP [19]
anddatamining [8] [21] [18].���#" $%�'&)()*,+.-�/ 	 � 01&)�2��� 34(5-6()*#783

To addressthe above problems,many commerciale-commerce
softwaresystems(e.g.IBM WebsphereCommerceServer, I2 Tech-
nology, Escalate)define the following 3-ary vertical schemefor
storingobjectsin a table:

Oid (objectidentifier) Key (attributename) Val (attributevalue)

Figure1 showsahorizontaltableandits correspondingrepresenta-
tion in thevertical format. Thesymbol 9 representsa null value.:
For fixed-widthfields (e.g. INTEGER), the sizeof a null value

is sameasa non-nullvalue.A VARCHAR null valueon theother
handincurstheoverheadof only onebyte.



Horizontal( ; )
Oid A1 A2 A3
1 a b 9
2 9 c d
3 9 9 a
4 b 9 d

Vertical( < )
Oid Key Val
1 A1 a
1 A2 b
2 A2 c
2 A3 d
3 A3 a
4 A1 b
4 A3 d

Figure1: Horizontal and Vertical Table Representations

Thevertical tablecontainstuplesfor only thoseattributesthatare
presentin an object. Differentattributesof an objectaretied to-
getherusingthesameOid. Schemaevolution is now easy;simply
addnew tuplescorrespondingto new attributes.

However, oncethedatais storedin theverticalformat,new prob-
lemsarise.Writing SQLqueriesagainstthisschemebecomesvery
cumbersomeanderror-prone.More importantly, thecurrentappli-
cationdevelopmenttoolsdesignedfor horizontalformatfor storing
objectsno longerwork.

Whatis neededis a logicalhorizontalview on topof thevertical
representationof thedataandqueryrewrite algorithmsto convert
relationalalgebraoperatorsfrom thehorizontalview to thevertical
representation.This approachis conceptuallyidenticalto theview
mechanismusedin thedatabasesystems.Note,however, that the
valuesin theKey field in theverticalformatbecomecolumnnames
in thehorizontalview. Suchhigher-orderviewsarenotsupportedin
thecurrentdatabasesystems.We alsoneedwell-tunedprocessing
strategiesto getgoodqueryperformance.

Thispaperdescribestheenablementlayerwebuilt ontopof DB2
to realizethe above functionality. The algebraand query trans-
formationswe developedandthe lessonswe learnedfrom theex-
tensive performanceexperimentsshouldbeof interestto database
practitionersinterestedin providing supportto e-commerceand
similar applications. In building this enablementlayer, we con-
sciouslydid not changethedatabaseenginecodeto make our so-
lution portableandtime-expedient.However, wedid identify some
capabilitieswe wish thedatabasesystemhadprovided.Thesenew
capabilitiesshouldbe of interestto the databaseenginearchitects
andimplementors.

Thereis rich heterogeneousdatabaseresearchliteratureontrans-
formationsbetweenschematicallydisparateschemasandtypesof
schematicdifferences. In [10], Krishnamurthyet al. eloquently
elucidatedhow datavaluesin onedatasourcemaybemodeledas
schema(attributeor relation)labelsin another. Several languages
havebeenproposedfor queryingoverschemalabels,including[13]
[17] . Thereis alsowork on defininghigher-orderviews for inte-
gratingheterogeneousdatasources[10] [12] [14].

Closestto this paperis theinterestingwork presentedin [11] on
the implementationof SchemaSQL.We sharewith themthe goal
of a“non-intrusive” implementation(i.e. withoutrequiringchanges
in thedatabaseenginecode).Theextended-algebrawe usein our
query transformationsincludesv2h andh2v operationsthat can
beviewedasthespecializationsof unfold andfold respectively in
[11]. As wewill seelaterin thepaper, wehavebeenableto realize
substantialperformancegainsfrom thisspecialization.
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The work on decompositionstoragemodel[5] [9] split a hori-

zontal table into asmany 2-ary tablesas the numberof columns.
A commonsurrogatetied differentfields of a tuple acrosstables.

Thereare now as many tablesas the numberof attributes. This
storagemodelhasbeenimplementedin the MonetSystemwhich
alsodevelopedanalgebrato hidethedecomposition[4]. An early
work [16], donein thecontext of databasemachines,alsoexplored
the option of storingtabledataon a per attribute basis. This rep-
resentationhasalsobeenusedin the IBM’ s EnterpriseDirectory
LDAP product[19].

Another alternative would be to createone separatetable for
eachcategory. Yet anotheralternative would be to createoneta-
ble for commonattributesandpercategoryseparatetablesfor non-
commonattributes.See[7] for someotheralternativesandaperfor-
mancestudydonein thecontext of storingXML data.Messaging
systemssuchas Lotus Notesand Microsoft Exchangehave also
developedspecializedstructuresto supportsparserows containing
optionalcolumns.However, thereis no supportfor SQL querying
in thesemessagingsystems.

We will focus on the 3-ary representationof dataas outlined
in Section1.2 (henceforthreferredto as vertical representation).
This representationoffers an interestingdesignpoint betweenthe
conventionaln-ary horizontal representation(henceforthreferred
to ashorizontalrepresentation)andthe2-arybinaryrepresentation
(henceforthreferredto as binary representation).Like the hori-
zontalrepresentation,thevertical representationrequiresonly one
tableto storedata,whereasthebinary representationsplits the ta-
ble into asmany tablesas the numberof attributes. While there
areapplications(e.g.SAP)thatstoredataacrossa largenumberof
tables,having thousandsof tablesinsteadof onemakesthesystem
harderto manageandoperate.Schemaevolution is trivial with the
vertical representation,whereasanaddition(deletion)of a new at-
tributerequires“altering” thetablein thehorizontalrepresentation
andan addition(deletion)of a table in the binary representation.
On the negative side,the vertical representationlosesdatatyping
sinceall valuesarestoredasVARCHARsin theVal field, although
it is easyto designextensionsto supportdatatyping if desired2.

Thehorizontalrepresentationiswell studiedin thedatabaseliter-
atureandtherehasbeenexcellentwork in understandingthetrade-
offs of the binary representation[4] [5] [9]. Becauseof its man-
ageabilityandflexibility , thethevertical representationis increas-
ingly finding its way in many commercialsystems.It behoovesthe
databasecommunityto investigateandstudyhow bestto support
thevertical representationto bring thenew emerging applications
to its fold. Thework wepresentis astepin thisdirectionthatcom-
plimentsearlierwork.���DC � &FE�-�31*,GH-6()*#783I7�JK()L���MN-A0O� &

The restof the paperis organizedasfollows. In Section2, we
discussrewriting of thequeriesfrom thehorizontalformat to ver-
tical format.We discusstheimplementationstrategiesin Section3
and give performanceresultsin Section4. We concludewith a
summaryandsomepointersfor the databasesystempractitioners
in Section5. Wealsoreferthereaderto theextendedversionof this
paper[3] thatcontainsadditionalexplanationsandperformancere-
sults.

P
Createaseparateverticaltablefor everydatatype.A catalogtable

maintainsdatatypeinformationfor eachattribute. Thuswe might
have a schemeasshown below:

ATTRIBUTES (KEY CHAR(Q ) PRIMARY KEY,
DATATYPECHAR(R ));
V INT(OID INTEGER,KEY CHAR(Q ), VAL INTEGER);
V FLOAT(OID INTEGER,KEY CHAR(Q ), VAL FLOAT);
V VARCHAR(OID INTEGER, KEY CHAR(Q ), VAL
VARCHAR(S ));



"8� �
	�� � ��TU��	�VW�X� � � � �
Our overall approachis to definea horizontalview ; over a

verticaltable < . TheuserposesregularSQLqueriesoverthisview,
which are translatedinto queriesthat run againstthe underlying
vertical table. We will describethesetransformationsin termsof
anextendedalgebrain this section.In Section3, we discusstheir
implementationin a SQL system."8�,� � /,E�� Y�&F-

Westartwith thewell-understoodalgebraicoperations[6]: select(Z ),
project([ ), join( \^] ), outer join( _)\^]#` ), left outer join( _)\^] ), right
outer join( \^]#` ), crossproduct(a ), difference(b ), intersection(c ),
union(d ), andaggregation(e ). Weaddtwo operationsto thisalge-
bra:v2h( f ) andh2v( g ). We definethesemanticsof theseopera-
tionsafterbriefly introducinga few notations.hjilknm5kpo�ilq
Assumethat thevertical table < hastheschemerts uwv�x�y�z�{�x�|l}�~��
with a non-nullablecolumn s uwv andthat ����xp�t�t�tx#��� arethekey
valuesin < . The equivalent horizontaltable ; hasthe schemerts uwv�x,����xp�t�t�tx#���F� with thecolumn s2uwv beingnon-nullable.We
use ��� + � to representthe( � +� ) �^� attribute. Thesymbol 9 rep-
resentsa null value.

Wewill use�4���� :�� � asashorthandfor � : � � P��t�t� � � � . For a
join operation(includingits outerspecies),unlessotherwisestated,
assumethe join predicateto be the equalityof s2uwv . An explicit
join predicate� will bespecifiedas \^]� .

Sometimeswe will use$0, $1, etc. to refer to thecolumnsof a
resulttable.

For visual clarity, we will sometimesaddsquarebracketsin an
expressionasshown below.� ���,� � � � ���� : � � �
Thesesquarebracketsdo not affect theorderof evaluationin any
way; they arethereonly to enhancereadability.

v2h �@� ��� m5kpo�ilq
Intuitively, thev2h( f ) operationtakesasinputaverticaltableand
a list of attribute namesandreturnsa horizontaltablewith those
attributenamesasthecolumnlabels.f � r�<�� createsahorizontaltableof arity � �@� whosefirst column
is s2uwv andthefirst � key valuesform the restof the � columns3.
Thecontentof thetableis definedby:

f � r�<@�¢¡ � [.£¥¤§¦�r�<�� � _)\^]� _5\^] ���� : [ £¥¤§¦n¨�©tª>« r^Z)¬F­^® �F¯ °5��± r�<��²� � (1)

Becauseof thefirst termon theright handsideandtheuseof left
outer join, Eq. 1 canyield tupleswith nulls in all of the non-Oid
columns. For example, f P appliedto the vertical table < from
Figure1 resultsin the tableshown in Figure2. For s2u^v = 3, <
doesnot containtuplescorrespondingto key values ��� and ��³ .
However, the result tablecontainsa tuple with this s2uwv andnull
valuesfor attributes��� and �8³ .

This semanticsis consistentwith thenull handlingin SQL. For
instance,a projectionof the horizontal table in Figure 1 on at-
tributes ��� and �8³ will indeedpreserve the tuple corresponding
to s2uwv = 3 in SQL.´
Since the columns in a relation are supposedto be orderless,

strictly speakingf shouldtake columnnamesasparameters.We
have chosenthisnotationalsimplificationfor easeof exposition.

f P r�<@�
$0 $1 $2
1 a b
2 9 c
3 9 9
4 b 9

g P rw;µ�
$0 $1 $2
1 A1 a
1 A2 b
2 A2 c
3 A1 9
3 A2 9
4 A1 b

Figure2: Resultsof v2h and h2v Operations

But for null handling,which wasnot discussed,thev2h opera-
tion is equivalentto Unfold by Key on Val r�<¶� in SchemaSQL[11].
This operationis alsosimilar to theGather operationin [18].

h2v �@� �¥� m)k�o�ilq
Theh2v( g ) operationis the inverseof thev2h operation. Intu-
itively, it takes as input a horizontal table and converts it into a
vertical table whereeachcolumn label in the horizontal table is
convertedto a key valuein theverticaltable.

Assumeahorizontaltable ; having theschemerts2uwv�x#���·xn�t�t�tx²���F�
with the column s2uwv beingnon-nullable. gA�lrw;µ� createsa verti-
cal tablewith the schemerts2uwv�x�y�z�{�x | }·~^� . The contentof < is
definedby:

g � rw;µ�¢¡ � d ���� : [ £¥¤§¦n¨ ¯ °5� ± ¨ °5� r^Z °5�)¸�¹¯ º ± rw;µ�²� � d� d ���� : [ £¥¤§¦n¨ ¯ °5� ± ¨ °5� r^Z5»½¼¾�¿ À °5�¥�O¯ º?± rw;µ�²� � (2)

For eachtuple Á in ; , the first term in Eq. 2 createsthe tuples��Â s2uwv�x�Ã ��ÄwÅwx,ÁF� ��Ä8ÆÈÇ Ä�¡É��xn�Ê�Ê�Êx,�ÌËÍÁF� ��Ä1Î¡�9�� . Thesecond
term handlesthe specialcaseof a horizontal tuple that hasnull
valuesin all of thenon-Oid columns.Figure2 shows theresultof
applying g P to thehorizontaltable ; from Figure1.

Again,but for null handling,thisoperationis equivalentto
Fold by Val on Key r�<@� in SchemaSQL[11]. This operationis also
similar to theScatter operationin [18].

"8�#" 	 � Ï�&F*²()*�3�E��
We describenow the rewritings of the standardalgebraicoper-

ationson the horizontalview over a vertical table. We give two
formsof rewritings: onewith andtheotherwithout usingthev2h
operation.The former canbe usedon a SQL-92systemwhereas
the latter canexploit the implementationof v2h operationusing
the object-relationalextensions.See[3] for illustrative examples
of theserewritings.

Ð � iÒÑ �lÓ kpo�ilq
Let theprojectionbeon attributes����xp�n�t�tx#��� . We have, from the
definitionof thev2h operation:

[ ° : ¨ Ô Ô Ô ¨ ° � rw;µ�¡ f � r�<@� (3)

¡ � [H£¥¤ ¦�r�<@� � _)\^] � _5\^] ���� : [H£¥¤ ¦t¨�©tª>«�r^Z ¬F­^® �?¯ °5��± r�<��²� � (4)

Õ �½Ö>�lÓ k�opi½q
Wediscusstheusualcaseof aselectionfollowedby projection.Let
theselectionpredicatebe Ë ���� : rw��Ä�×�Ã Ø¥Ä Å � andtheprojectionbeon



thefirst ���Ù� attributes,�ÍÚ%Û .
[ ° : ¨ Ô Ô Ô ¨ ° �tÜ5Ý r^Z�»l¼¾�¿�À °5��Þ'¯ ßn�à± rw;µ�²�¡ [ ° : ¨ Ô Ô Ô ¨ ° �pÜ)Ý r^Z5»l¼¾�¿�À °5��Þ'¯ ßn�à± rwf �tÜ5Ý r�<¶�²�²� (5)

¡ [5á : ¨ Ô Ô Ô ¨ á �tÜ5Ý r� c ���� : [ £¥¤§¦ r^Z ¬F­^® �F¯ °5� ± » ©tª>« Þ'¯ ßn� ± r�<¶�²� �
_)\^] � _)\^] �tÜ)Ý��� : [ £¥¤§¦n¨�©tª>« r^Z ¬F­^® �F¯ °5� ± r�<��²� � � (6)

A disjunctive selection

[ ° : ¨ Ô Ô Ô ¨ ° �tÜ5Ý r^Z5â ¼¾�¿ À °5��Þã¯ ßn��± rw;µ�²�
canbetransformedby replacingtheintersectioncH���� : in Eq.6 with
theunion d ���� : .ä?ilo#q
Take a horizontaltable ; having the schemerts2uwv�x#���·xn�t�t�tx²���F�
which is reallya logicalview overaverticaltable < . Its join with a
truehorizontaltable å�; having theschemerwå@��xt�n�p�tx#å8æ�� is given
by:

[ ° : ¨ Ô Ô Ô ¨ ° � ¨ ç �pÜ : ¨ Ô Ô Ô ¨ ç �tÜ5Ý rw; \^]»l¼¾�¿�À °5�ÒÞ ç � å�;µ�
¡ [ ° : ¨ Ô Ô Ô ¨ ° � ¨ ç �tÜ : ¨ Ô Ô Ô ¨ ç �tÜ5Ý rwf � r�<@� \^]»l¼¾�¿�À °5��Þ ç � å�;µ� (7)

¡ [ á : ¨ Ô Ô Ô§¨ á � ¨ ç �tÜ : ¨ Ô Ô Ô ¨ ç �pÜ)Ý r� \^] ���� : [ £¥¤§¦n¨�©pª>« r^Z)¬F­�® �F¯ °5�à± r�<¶�²� � \^]» ¼¾�¿�À á ��� ç �
� å�; � � (8)

è¹é�é � � é m)kpo�ilq
We usethefollowing notationfrom [6] to specifyaggregation:

Groupingattributes e Functionlist r Tablename�
Function list consistsof (function, attribute) pairs, where func-
tion canbe oneof the allowed aggregatefunctionssuchasSUM,
COUNT, AVG, MAX, andMIN. Thetransformationsare:

° : ¨ Ô Ô Ô ¨ ° � e�ê ° �tÜ : rw;µ�¡ ° : ¨ Ô Ô Ô ¨ ° � e ê ° �tÜ : rwf � r�<��²� (9)¡ á : ¨ Ô Ô Ô ¨ á � e ê á �tÜ :r � [ £¥¤§¦ r�<�� � _5\^] � _)\^] ���� : [ £¥¤ ¦n¨�©tª>« r^Z ¬F­�® �?¯ °)� ± r�<@�²� � � (10)

For aggregatefunctions,SUM, MIN, andMAX, which areun-
affectedby null valuesin thecolumnbeingaggregated,Eq. 10can
besimplifiedto:

° : ¨ Ô Ô Ô§¨ ° � e�ê ° �pÜ : rw;µ�.¡á : ¨ Ô Ô Ô§¨ á � e ê á �tÜ : r�_5\^],`����� : [ £¥¤§¦n¨�©tª>« r^Z)¬F­�® �F¯ °5�à± r�<��²�²� (11)Õ � k �@� �¥� m)k�o�ilq�ë
Thesetoperationscrossproduct(a ), union(d ), intersection(c ), and
difference(b ) canbetransformedby first applyingthev2h opera-
tion on thevertical table(s)andthencarryingout thedesiredoper-
ation.ì
�'í m5k � ë

Updatesareeasy. Insertionrequiresdecomposingadataobjectinto
a setof attribute nameandvaluepairsandinsertingtheminto <
with acommonOid. A predicate-baseddeletionrequiresdetermin-
ing theOid setof objectssatisfyingthepredicateanddeletingthe

correspondingtuplesfrom < . An updateresultsin a changeof the
valuefield in sometuplesin < . It canalsocausesomeinsertions
anddeletions.

�ïî k �Hî k
Theremaybe needfor transformingthe resultof an operationin-
volvingaverticaltablebackinto theverticalformat(e.g.for storing
theresult). This canbeaccomplishedby applyingtheh2v opera-
tion on theresulttable.

=4� � V Mñðóò V òÙ� �ô�%� � � �
With the algebradescribedabove in hand,we arein a position

to developa non-intrusive enablementlayeron top of thedatabase
enginethathidesfrom the user(application)the vertical table. A
horizontalview ; is definedfor thevertical table < usinganex-
tendedDDL:

CREATE HORIZONTAL VIEW õ ON
VERTICAL TABLE ö USINGCOLUMNS( ÷ :tø ÷ Pùø#ú�ú#ú#ø ÷ û )

where� ��� : ¨ û representattributenames(keys) in theverticaltable.
The DDL is generatedby the enablementlayer. The userposes
regular SQL queriesover the view. The enablementlayer parses
theSQLquery, validatesit, andtransformsit to anotherSQLquery
thatrunsagainsttheunderlyingverticaltable.It usesaquerygraph
structureto facilitatethis translation.

Weconsiderthreetransformationstrategies.=4��� $%�'&)()*,+.-�/ �1ü ð
This implementationassumesonly theSQL-92level capabilities

from the underlyingdatabaseengine. The enablementlayer uses
the secondset of equationsfor translatingeachof the algebraic
operationsgiven in Section2 for this implementation.See[3] for
anexample.=4�#" $%�'&)()*,+.-�/ ���ýT

This implementationattemptsto exploit object-relationalexten-
sionsto SQL, particularly the user-definedtable functions. The
underlyingengineis extendedwith thetablefunctionsfor v2h and
h2v operations.Thev2h tablefunctionreadstuplesof verticalta-
ble sortedon Oid andoutputsa horizontaltuplefor eachOid. The
h2v tablefunction takesasinput columnnamesanda horizontal
tupleandsplitsit into verticaltuples.

The enablementlayer usesthe first set of equationsfor trans-
lating eachof the algebraicoperationsgiven in Section2 for this
implementation.For example,theprojectionquery:

SELECTA1, A2 FROM H

is translatedinto4:

SELECTt.Attr1, t.Attr2
FROM V v , TABLE(v2h(v.Oid, v.Key, v.Val)) AS t(Oid,
Attr1, Attr2)
WHEREv.Key=‘A1’ or v.Key=‘A2’

The queryappearsto be a Cartesianproductbetweenthe vertical
relation < andthe tablefunctionv2h. What happensin effect is
that the relevant fields from any qualifying tuple þ after applying
the selectpredicateson the < tablearepassedasparametersinto
thev2h function,which in turn produceshorizontaltuples ÿ from
which thefieldsin theselectlist areextracted.

Thev2h tablefunction requiresþ tuplesto be streamedin the
Oid order so that it can buffer the key-value pairs until the Oid�
Theactualtranslationis morecomplex andincludesanadditional

clausein thejoin list for selectingdistinctOid’s from V.



changes.At thatpoint, it canoutputthetuplecorrespondingto the
horizontalview. Unfortunately, the currentSQL syntaxdoesnot
allow the specificationof the order in which the tuplesshouldbe
streamedinto a tablefunctionandthatcausesproblems.Notethat
a goodplanfor theabove querywill pushdown theKey predicates
on �¶� and ��³ so as to selectonly the relevant tuples from the< 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 tableof Oid’s andcajole
theoptimizerto pick a mergesort join plan,therebyforcing a sort
on Oid. By introducingthis join and adjustingthe optimization
level for the theDB2 queryoptimizer, we couldgeneratethecor-
rect plans. We wereableto play similar tricks for otheralgebraic
operations.=4�>= � +FL���� - �1ü ð

This implementationemploys the non-intrusive strategies pro-
posedfor the SchemaSQLimplementation[11]. Specifically, we
implementedunfold I andunfold II strategies5. Thesestrategiesre-
sult in SQL translationsthat aredifferent from the onesgiven in
Section2. See[3] for details.

C�� M%ò 	�TU��	�VW� � � òIò���MXò 	 � V òÙ� � �
Wenow presenttheresultsof ourextensiveexperimentsto study

the performanceof the alternative implementationsof the enable-
mentlayerjustdescribed.Weincludein thisstudytheperformance
comparisonwith thehorizontalrepresentationaswell asbinaryrep-
resentationdiscussedin Section1.3. They will be referredto as
HorizontalSQLandBinary respectively.C��,� ò��¶0O� &F*�� � 3�(5-�/ � �'()��0

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

To study performancecharacteristicsover a wide rangeof op-
eratingregions,we usedsyntheticdatathatallowedus to vary the
following parameters:! Numberof columnsin thehorizontaltable! Numberof rows in thehorizontaltable! Non-null density(i.e. percentageof field valuesthatarenot

null)! Selectivity of a predicatefor eachcolumn! Numberof distinctvaluesin eachcolumn! Sizeof eachcolumn

Givenasetof theseparametervalues,wefirst generateddatain the
horizontalformatandthentransposedit into its equivalentvertical
andbinaryformats.We keptthesizeof a table(numberof rows a
numberof columnsin a row) constantby adjustingthenumberof
rowsaswevariedthenumberof columns.See[3] for detailsof the
datagenerationalgorithm.

We generatethe following schemesfor horizontal,vertical,and
binarytablesrespectively:�
[11] proposedanotherstrategy, calledunfold III, whichavoidsthe

costof creatingtemporarytablesincurredby unfold I andunfold
II. However, aspointedout in [11], anon-intrusive implementation
of unfold III turnsout to be lessefficient thanunfold I dueto the
tuple-at-a-timenatureof theimplementation.
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Figure3: Clustering by Key versusOid

H (OID INTEGER,A0 VARCHAR(S ), A1 VARCHAR(S ), ú,ú,ú ,
An VARCHAR(S ))
V (OID INTEGER,KEY CHAR(Q ), VAL VARCHAR(S ))
TAB ÷
	 (OID INTEGER,VAL VARCHAR(S ))

where � is the size in numberof bytes(set to 16) and � is the
sizeof thekey field (setto 5). Therewere � binarytablesTAB ��

correspondingto � columnsin ; . The queriesfor variousoper-
ationsweregeneratedusingtheadditionalparameterssuchasthe
columnsinvolvedin theoperationandselectivities.C��#" ðó-���7��@(

Thedatafor horizontalaswell asbinarytableswasclusteredby
Oid. For the vertical table,we have two choicesfor the physical
layout: i) clusterby Oid, or ii) clusterby Key. We performedex-
tensive experimentsandfound that clusteringby Key consistently
resultedin muchhigherperformancethanclusteringby Oid. Fig-
ure 3 shows the performanceof clusteringby Key versusOid for
projectionandjoin operations.Thesettingsfor theseexperiments
areexactly the sameasusedfor experimentsreportedlater in the
paperin Figures4 and7 respectively. We have not includedthose
graphs,but we found large gapsin performancefor selectionas
well asaggregationoperations.

To understandthis performancedifference,let us considerthe
projectionoperation. The SQL translationof the projectionop-
erationcorrespondingto thealgebraictransformationpresentedin
Eq.4 in Section2 containsselectionpredicateson Key values.Af-
ter applyingtheselectionpredicateusinganindex on theKey col-



umn,thequalifying tuplesarefetched.If thedatais physicallylaid
out in� theKey order, we get thebenefitof clusteredI/O. If, on the
otherhand,thedatais clusteredby Oid, fetchingthetuplesresults
in unclusteredI/O which is very inefficient.C��>= � 3��1*,+H� �

Every column involved in a queryon the horizontaltablewas
indexed. We alsoindexedboth thecolumnsof every binary table.
For theverticaltable,we indexedeachof thethreecolumns.

Note that we endup indexing the entiredatain the vertical ta-
ble. Contrastthis to thecaseof thehorizontaltablewherejust the
columnsinvolved in the typical queryworkloadareindexed. We
found that the total sizeof the indicesfor vertical tablewastyp-
ically two ordersof magnitudelarger comparedto the horizontal
indicesandlargeportionsof theverticalindiceswerenotusefulfor
any of thequeries.Having largeindicesadverselyimpactstheper-
formanceof the vertical representationbecauseof the time spent
in loadingtheindicesandtheincreasein pathlengthdueto deeper
index trees.It would have helpedif thedatabasesupportedpartial
indices[20] thatallow only therows of interestto beindexed.C���C MN�'&FJn7�&�� -�31+.� 	 �2���1/²()�

Wenow summarizetheimportantresultsfrom avery largenum-
ber of experimentswe performed.We will presentthe resultsfor
project,select,join andaggregationoperations.We flushedbuffer
pool, mainmemoryandfile systemcachebeforethe startof each
run to getcold startnumbers.

We will report the performanceof a singleoperationat a time
in order to isolatethe trade-offs for eachoperation. Of course,a
typical databasequerycontainsa combinationof operations.We
ran several suchcompositequeriesbut did not find any trendwe
could not predict having understoodthe trade-offs for individual
operations.

We foundtheimplementationsusingtheSchemaSQLstrategies
performed2-3 times slower comparedto VerticalSQL6. The cul-
prit wasthecreationof a largenumberof intermediatetemporary
tables,a problemrecognizedby the implementorsof SchemaSQL
[11]. We thereforedo not includetheSchemaSQLnumbersin the
results.

In the initial setof results,we includenumbersfor Horizontal-
SQL, VerticalSQLand Binary. Later in Section4.5, we present
resultsthatareindicativeof theperformanceachievablefrom aVer-
ticalUDF implementation.Ð � i�Ñ �lÓ k�o�ilq
Figure4 shows the performanceof variousstrategiesfor the pro-
jectionoperation.Thenumberof projectedcolumnsis 10, thereby
requiring10-way joinswith theBinaryandVerticalSQLstrategies.
In eachgraph,the executiontimesareshown for four horizontal
tablesandtheir equivalentverticalandbinarytables.Thehorizon-
tal tablesdiffer in thenumberof rows andcolumnsbut their total
size(#rows a #columns)is keptconstant.Thenumberof rowsde-
creasesaswemove from left to right in thegraphs(whichexplains
thereductionin theexecutiontime for all thestrategies).We show
graphsfor non-nulldensity� = 5%and10%.

Thesurprisingresultfrom theseexperimentsis thatVerticalSQL
uniformly outperformsHorizontalSQLin spiteof requiringmulti-
ple joins. Thesuperiorperformanceof BinaryoverHorizontalSQL
reconfirmstheresultsin [4] [7] [9].

The reasonfor the relative poor performanceof the horizontal
format is that the whole tuple needsto be fetchedbeforethe rel-�
This observationshouldnot beconstruedasa negative statement

againstSchemaSQL,which addressesa moregeneralproblem.
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Figure4: Projection performance(10 cols)

evant fields canbe extracted. Thereis additionalcostof finding
wherethe relevant fields for a tuple lie on a page,which canbe
substantialfor a wide tuple with a large numberof fields. In the
caseof a vertical table,the index on the Key field allows only the
tuplescorrespondingto attributesparticipatingin theprojectionto
beretrieved.Thenetis a decreasein total I/O.

BetweenBinary andVerticalSQL,Binary performsslightly bet-
ter. A tuple in thebinaryrepresentationcontainsonly theattribute
value,whereasa tuple in thevertical representationcontainsboth
attribute name(key) and value. Thus, the total I/O will be less
in the binary scheme.Moreover, the vertical schemerequiresan
additionalselectionon thekey field for locatingtupleshaving the
desiredattribute name,which is not neededin the binary scheme
sinceit hasa separatetablefor eachattribute.Laterin Section4.5,
we seehow the performanceof the vertical schemecanbe made
betterthanbinaryby usingtheVerticalUDFimplementation.

Figure5 shows theeffect on performanceasthenumberof pro-
jectedcolumnsis varied.Theexperimentswererun for thedataset
1000 a 20K andfor non-nulldensities� = 5% and10%. Therel-
ative performanceof thevariousstrategiesremainsthesameasin
theprevious experimentswhennumberof projectedcolumnswas
fixedat 10 (Figure4).

We seethat theperformanceof HorizontalSQLis insensitive to
thenumberof projectedcolumns.This trendcanbeunderstoodby
recallingthatwhenthetuplesarewide,theprojectionperformance
in the horizontalschemeis dominatedby the costof fetchingtu-
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Figure 5: Impact of varying the number of projected
columns(1000cols a 20K rows)

ples.Theperformanceof Binary aswell asVerticalSQLimproves
asthenumberof projectedcolumnsdecreases.This trendis quite
understandablesincea decreasein numberof projectedcolumns
resultsin a decreasein numberof joins theseschemesneedto per-
form. However, the executiontime increasesratherslowly asthe
numberof projectedcolumnsincreasesandVerticalSQLandBi-
narycontinueto outperformthehorizontalscheme.Õ �¥Ö �½Ó kpo�ilq
Selectionexperimentswererunusingthefollowing query:

SELECTA40, A200FROM H WHEREA200 = ‘A200V0’

Theexperimentswererun for thedataset1000 a 20K with non-
null densities� = 5% and10%. The selectivity of the selection
predicatewassetto 0.1%,1% and5%. Figure6 shows theresults.

The plan for HorizontalSQLappliesthe selectionpredicateon�8³·Û·Û andthenfetchesthequalifying tuplesto extractattributesin
the selectlist. However, sincethe datais clusteredby Oid, this
causesunclusteredI/O of wide tuples, hurting the performance
of HorizontalSQL.As the predicatebecomesless selective, the
amountof I/O increasesandthequeryperformancedegrades.

VerticalSQLhasto applyapredicatebasedonthevalueof �8³·Û·Û
aswell as the Key predicatefor the projectedcolumn ����Û . The
fetchfollowing theapplicationof theKey predicateon ���ÒÛ causes
clusteredI/O while the onefollowing the applicationof the value
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Figure 6: Selection performance (1000 cols a 20K
rows)

predicateon �8³·Û·Û causesunclusteredI/O. It then sortseachof
thesestreamson Oid to do the join. However, sincethe tuplesare
narrow, VerticalSQLendsup performingbetter than Horizontal-
SQL.

For Binary, theoptimizerchoosesa tablescanfor the �8³·Û�Û ta-
ble, followed by a sort, anda merge sort to join it with the ���ÒÛ
table. Sincea tablescanwaschoseninsteadof an index scan,we
do not seemucheffect of selectivity on thequeryexecutiontime.
Becauseof smallerindicesandnarrower tuples,Binary performsa
little betterthanVerticalSQL.ä?ilo#q
For thissetof experiments,wejoined ; with ahorizontaltableHR
whoseschemewas:

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

HR has �jaj; rows, eachof which hasno null value. The join
querywas:

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

All thecolumnsinvolvedin thequerywereindexed.
Theexperimentswererun for thedataset1000 a 20K with non-

null densities� = 5%and10%.Thejoin selectivity wassetto 0.1%,
1%and5%. Figure7 shows theresults.

BothBinaryandVerticalSQLconsiderablyoutperformHorizon-
talSQL,with Binary performinga little better. Thejoin selectivity
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Figure7: Join performance(1000cols a 20K rows)

did notexhibit muchaffectontheperformanceof BinaryandVerti-
calSQL.Thequeryplansfor bothfirst computeahorizontalrelation
consistingof attributesOid, ��� and ���ÒÛ . For VerticalSQL,this in-
volvesselectionon thekey predicates,fetchingthe tuples,sorting
themon Oid, anddoingamergesortjoin. For Binary, theselection
on thekey predicateis not requiredsinceeachattributehasits own
table(which explainstheslight performanceadvantage).It there-
foreonly requiresfetchingthetuplesandjoining themon Oid. For
boththeschemes,this interim resultis thenjoinedwith theHR ta-
ble usinga mergesort join. It is only this laststepthat is affected
by the join selectivity. Sincethe costof entireplan is dominated
by theI/O requiredto fetchtheinput tuplesasopposedto thefinal
join, hencetheexecutiontime is not significantlyaffectedby join
selectivity.

Theplan for theHorizontalschemeinvolvesa nestedloop join
with the HR tableasthe outerandan index scanon the join col-
umn in the inner ; table. However, sincewe have an additional
columnin theselectlist, a fetchontheinnertabledoesunclustered
I/O to get thetuples( ; is clusteredon Oid). This unclusteredI/O
of wide tuplesresult in the poor performanceof HorizontalSQL.
Theamountof I/O dependson thenumberof tuplesin ; thatjoin.
Hencethequeryperformancedegradeswith increasingjoin selec-
tivity.è¹é�é � � é m)kpo�ilq
Wemeasuredaggregationperformancebyusingthefollowingquery:
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Figure 8: Aggregation performance (1000cols a 20K
rows)

SELECTA500,AVG(LENGTH(A0)) FROM H
GROUPBY A500

The experimentswererun for the dataset1000 a 20K with non-
null densities� = 5%and10%.Thenumberof groupsin theresult
was100for bothdensities.Theaveragenumberof tuplesprocessed
pergroupwas10and20for densities� = 5%and10%respectively.
Figure8 shows theresults.

HorizontalSQLneedsto fetchtheentiretupleto extractthefields
requiredin theaggregationcomputation.Thehorizontaltuplesbe-
ing wide, HorizontalSQLtakes the performancehit of fetchinga
largenumberof unnecessaryfields.Thequerycostis dominatedby
theI/O, notby thecomputationof theaggregationfunction.Hence
we do not seemuch differencein performanceas the densityof
the dataincreases(which mostly increasesthe aggregation func-
tion computationcostbut affectstheI/O marginally).

VerticalSQLandBinaryhavecomparableperformance,with Bi-
nary performingmarginally better. The queryplansfor both the
strategies aresimilar to doing a projectionof 2 columns(a v2h
operation),followed by the computationof the aggregationfunc-
tion. However, theexecutiontimeof thequeryis dominatedby the
I/O time to implementv2h andthereforewe only seea marginal
increasein executiontime asthedensityincreases.C��! ò��¶0 /#78*²()*�3@E ()L�� � Y#"��2+�(%$ 	 � /,-6()*#783�-�/ T � -�$()��&)�2�

We saw from the performanceresultsjust presentedthat Verti-
calSQLuniformly outperformsHorizontalSQLbut slightly under
performsBinary. We show in this sectionthat with a little better
supportfrom tablefunctions,theVerticalUDFstrategy canoutper-
form Binary. VerticalUDFcanavoid multi-way joins VerticalSQL
performsto assemblethe attribute valuesof a tuple. What needs
to beensuredis that the relevant tuplesfrom thevertical tableare
streamedinto thev2h tablefunctionsin the Oid order. The table
functionthencando theassemblyandoutputthehorizontaltuple.

Let usfirst considertheprojectionoperation.Figure9 compares
theperformanceof VerticalUDFto Binary andVerticalSQLforthe
samedatasetsasin Figure4. We show thegraphfor � = 10%;the
performanceadvantageof VerticalUDFwasrelatively larger for �
= 5%. The performancenumbersfor VerticalUDFwereobtained
afteraddingall thecontortionsdescribedin Section3.2for forcing
the tuplesto streaminto thev2h tablefunction in the Oid order.
Thus,theperformancenumbersfor VerticalUDFshouldbeviewed
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Figure 9: Projection performance (Projection of 10
cols)
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Figure10: Join performance(1000cols a 20K rows)

astheworst-casenumbers.In spiteof theunnecessaryperformance
penalty, VerticalUDF, performsuniformly betterthanbothBinary
andVerticalSQL.Themainreasonfor this performancewin is the
avoidanceof multi-way joinspresentin BinaryandVerticalSQL.

Now considerthejoin queryusedin theperformanceevaluation
in Section4.4. Figure10 shows theperformanceof VerticalUDF,
VerticalSQL,andBinary for the samedatasetsandjoin selectivi-
ties asusedin Figure7. For executingthis queryusingthe Verti-
calUDFstrategy, we would like to first apply theselectpredicates
on the key columnsprior to streamingthe tuples in the Oid or-
der into the tablefunction. However, asdiscussedearlier, thereis
no way to specifythis orderon theoutputof theselectoperation.
The workaroundagainis to createan additionalartificial join on
Oid’s andtrick the optimizer into choosinga merge-sortplan for
this join, therebycreatingatuplestreamsortedonOid. Theperfor-
mancenumbersfor VerticalUDF, therefore,shouldagainbeviewed
asthe worst-casenumbers.It is remarkablethat the performance
of VerticalUDFcomessocloseto Binary in spiteof all theunnec-
essaryoverhead.Also, in a typical query, joins areoften followed
severalprojections.Theperformancegainin theprojectionopera-

tion allows VerticalUDFto outperformBinary for suchcomposite
queries.Wefoundsimilar issuesfor selectionandaggregation.

Wewouldlike thetablefunctionto beableto controltheorderin
which input argumentsaresuppliedto it. Theneedfor suchfacil-
ity hasbeenidentifiedfor otherapplicationsalso[18]. If thetable
functionsyntaxisextendedwith thisfeatureandtheoptimizertakes
advantageof it, we would avoid theperformancepenaltyof intro-
ducingadditionaloperationsjust to forcethedesiredorderoninput
arguments.In thatcase,we expectVerticalUDFto outperformthe
otherstrategies.

 8� � � � � ð ��� � � � �
Emerging applicationssuchase-commerceandportalsarecre-

ating new threatsandopportunitiesfor databasetechnology. The
prevalent conventionalhorizontal representationis optimizedfor
applicationsin whichthedatais denseandevolvesslowly. Thenew
generationof applicationsrequire data schemasthat are rapidly
evolving andsparselypopulated.

To meetthe requirementsof theseapplications,many commer-
cial softwaresystemshave convergedon a 3-aryvertical represen-
tation for storingobjectsin a table. This paperrecountsour expe-
riencefrom building an e-marketplaceusing this vertical scheme
for representingdata. The applicationwasbuilt usingIBM Web-
sphereCommerceServer runningon top of DB2. Our two main
contributionsare:! Designof an enablementlayer that hidesthecomplexity of

thequeriesover theverticaltableandgivesahorizontalview
of the vertical representationto the user(application). We
provide transformationalgebraand techniquesfor its non-
intrusive implementationon topof a SQL databasesystem.! A thoroughinvestigationof theperformancetrade-offs of the
vertical representationanda comparisonof its performance
with the horizonalandbinary (2-ary) representations.The
key resultsare:

– Theperformanceof theverticalrepresentationis sensi-
tive to thechoicemadefor clusteringthedata.Cluster-
ing on Key hasmuchhigherperformancethancluster-
ing on Oid.

– Theverticalrepresentationuniformly outperformshor-
izontalrepresentationfor sparsedata(in spiteof theex-
tremelyefficient representationof null valuesin DB2).

– The performanceof the vertical representationusing
only the SQL-92capabilitiesis comparableto the bi-
nary representation,the latter performinga little bet-
ter. By usingtablefunctions,theverticalrepresentation
startsperformingbetterthanbinary for the projection
operation.If thetablefunctioncouldprovide someex-
trafunctionality(seebelow), theverticalrepresentation
canoutperformbinary representationfor otheropera-
tionsalso.

The major argumentsin favor of the vertical representation
have beenits flexibility in supportingschemaevolution and
manageability(singletableversusasmany tablesasthenum-
berof attributesin thebinaryscheme).Basedon theresults
of this study, we canprovide the following matrix for com-
paringthethreerepresentations:

Wefinally give awish list of thecapabilitieswewould like from
thedatabasesystemto beableto furtherenhancetheperformance
of theverticalrepresentation:



Horizontal Vertical Binary
Manageability + + -
Flexibility - + -
Performance - + +

! Partial indices Wecreateanindex oneachof thethreecolumns
of thevertical table. In theprocess,we endup indexing the
entiredatain thevertical table.Having databasesupportfor
partial indices[20] thatallow only therows of interestto be
indexed will help improve the performanceof the vertical
representation.

! Enhanced table functions Thetablefunctionsyntaxneedsto
be extendedwith additionalclausesto specify the required
orderof input arguments.This facility is critical for bene-
fitting from thev2h tablefunction for assemblingattribute
valuesfrom thevertical tableinto a horizontaltuplewithout
performingmultiple joins.

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

! Native support for v2h and h2v operations Sincev2h and
h2v operationsarefundamentalprimitivesfor the efficient
executionof queriesover vertical table,they shouldbesup-
portednatively by thedatabasesystemfor bestresults.è Ó'& q�i)( Ö>�lí é+* � q6knë

We wish to thank Jay Shanmugasundaramfor providing us the
XQGM code,which we usedin theenablementlayer to represent
parsedqueries.
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