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Abstract

The quality of execution plans generatedby a
queryoptimizeris tied to the accuracy of its car-
dinality estimation. Errors in estimationlead to
poorperformance,erraticbehavior, anduserfrus-
tration. Traditionally, the optimizer is restricted
to useonly statisticson basetable columnsand
derive estimatesbottom-up. This approachhas
shortcomingswith dealingwith complex queries,
andwith rich languagessuchasSQL:Errorsgrow
as estimationis doneon top of estimation,and
someconstructsaresimplynot handled.

In this paperwe describethecreationandutiliza-
tion of statisticson views in SQL Server, which
providestheoptimizerwith statisticalinformation
on theresultof scalaror relationalexpressions.It
opensa new dimensionon the dataavailablefor
cardinality estimationand enablesarbitrary cor-
rection. We describethe implementationof this
featurein theoptimizerarchitecture,andshow its
impacton the quality of plansgeneratedthrough
a numberof examples.

1 Intr oduction

Cost-basedoptimizationis fundamentalto supportdeclara-
tivedatabasequerylanguagesefficiently. Applicationwrit-
ers neednot be concernedwith efficient executionalgo-
rithms but needonly describelogical operationson the
abstractionof datastoredin tables. It is the job of the
queryprocessorto determineandexecutethebestplanfor
a query, consideringdatadistributionsandphysicalaccess
paths.
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To selectan executionplan for a query, the optimizer
enumeratesa collectionof candidateplans,andpicks the
onewith theleastanticipatedexecutioncost.An execution
plan is composedof a numberof stepsof dataprocessing,
whosecostis derivedbasedon theparticularexecutional-
gorithm to use,andthe estimatednumberof rows to pro-
cess. The quality of plansgeneratedby the optimizer is
tied to the accuracy of its costestimation. Incorrectesti-
mationmayleadtheoptimizerto regardsomeplansasef-
ficient, whenin reality they arevery expensive to execute.
As effectiveoptimizationandgoodphysicaldesigncanin-
troducedramaticperformanceimprovements,soselecting
thewrongexecutionplancanleadto dramaticslowdowns.

Estimatingthe sizeof resultsets,commonlycalledthe
cardinalityestimationproblem,hasbeenstudiedfor over
two decades,anda standardbody of techniqueshasbeen
establishedandis widely used. The standardapproachis
to capturethe distribution of columnvalues,typically us-
ing someform of histograms,which are thenusedto es-
timate the numberof rows qualifying operations,for ex-
amplea filter predicate.This approachhasshortcomings
whendealingwith complex queries,andwith the full ex-
tent of languagessuchasSQL. Errorsgrow asestimation
is doneon topof estimation,sothatafterseveralfiltersand
joins, theestimatedcardinalitymaybeway off theactual.
In addition,thereareconstructsthatsimply cannotbeesti-
matedfrom statisticsof basetablecolumns.Thestandard
approachwhensuchconstructsareencounteredis to use
a “guess”or “magic number,” suchasthe well known 1/3
datareductionfactorfor inequalitycomparisonsand1/10
datareductionfactorfor equality.

Theproblemwith inaccurateestimationis not only per-
formance,but theintroductionof erraticbehavior. Queries
are“unstable”whenthereareestimationerrorsin theirop-
timization.Thereasonis switch-overpoints.For example,
it is known thatindex lookupis efficientwhentherearefew
rows to lookup,andtablescanis preferableif weexpectto
accessall rows; for casesin between,we needto choose,
andthereis a switch-over point betweenthe two alterna-
tives.Similarswitch-overpointsoccurin join order, andin
selectionof variousexecutionalgorithms.Whenaqueryis
closeto a switch-over point, minor changescanmake the



optimizerchoseoneor the otheroption, which is fine as
long as the estimationis correct. However, if a query is
incorrectlyestimatedcloseto a switch-overpoint, theplan
generatedwill appearto be randomlychosen,with vastly
differentperformance.As observedby theuser, addingor
removing a simple,non-selectiveconditionin a querymay
resultin dramaticexecutionslowdown; or aquerythatused
to run fine may suddenlybecomevery slow, after some
rows areaddedto oneof thebasetables.Two queriesthat
areveryclosein form andsemanticsmayperformverydif-
ferently, if oneof themhappensto usea constructthat is
not supportedby the cardinality estimationmodel. Soft-
ware upgrades,and even re-computationof statisticscan
introduceunpredictablechangesin queryplansandperfor-
mancedegradation.Suchbehavior confusesandfrustrates
developersandDBAs. The systemfails to deliver on the
goalof high-level,declarativedatabaselanguages.

To addressthe shortcomingsof the standard,composi-
tional approachto cardinality estimation,we describein
this paperthecreationandutilization of statisticson views
in MicrosoftSQLServer, whichprovidetheoptimizerwith
statisticalinformationon the resultof scalaror relational
expressions.Insteadof having basetable information as
the only sourceto derive statisticsandsizeof intermedi-
ateresults,the optimizerhasaccessto pre-derived,accu-
ratestatisticson complex expressions.The improved ac-
curacy of estimationincreasesthequalityandreliability of
thequeryprocessor.

The ideais relatedto thatof materializedviews. In the
caseof materializedviews, the systempre-computesand
storestheresultof somecomputation,andusesit to speed
up query executionwhen it matchesall or part of a user
query. For cardinalityestimationpurposes,we arenot in-
terestedin the actualview result,but on the statistical in-
formationabouttheresult. Existinginfrastructurefor view
matchingis leveragedand suitably modified to associate
suchinformationwith (piecesof) auserquery.

Providing theoptimizerwith statisticson viewsenables
arbitraryaccuracy on the cardinalityestimateof any step
in a queryexecutionplan (modulo the capabilitiesof the
view matchingservice). The optimizer is no longercon-
strainedto deriveestimates,throughmultiplesteps,starting
from basetablestatistics,but it hasnow accessto higher-
quality statisticalinformationfor sub-expressions.Theba-
sic statisticstechnologyremainsthesame,singleor multi-
dimensionalhistograms,numberof duplicatevalues,num-
ber of rows in a result; but view statisticsopena new di-
mensionon the items for which this information is pro-
vided.

Thepaperis organizedasfollows. Section2 describesa
numberof scenariosthatarepoorlysupportedby thetradi-
tional cardinalityestimationapproach.Section3 discusses
theprinciplesandrequirementsfor view statistics.Section
4 describesthe implementationin SQL Server. In Section
5 we presentexamplesof statisticson views. Section6
concludesthepaper.
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Figure1: Histogramfor columnL EXTENDEDPRICE

2 Statistics on base table columns and its
limitations

In the following exampleswe use tables from the well
known, straightforwardTPCHschema[9]. Figure1 shows
a histogramthatcapturesthedistribution of valuesfor col-
umn L EXTENDEDPRICEfrom table LINEITEM. The
databasescaleis 100MB, so the table contains600,000
rows. Valuesfor L EXTENDEDPRICErangefrom $1,000
to $96,000,with a uniform distribution on the lower half
of the values,anddecreasingfrequency on the upperhalf
of thevalues.Suchhistogramcanbeusedto estimatethe
qualifying rows in thefollowing queryto beabout5,000:

Q1:
SELECT * FROM LINEITEM

WHERE

L EXTENDEDPRICE
� 90000

To estimate join predicates, the histogramsof the
columnsinvolvedarepairedup,andassumptionsaremade
on the degreeof matchingwithin eachbucket to derive a
result. In the specialcaseof foreign-key joins, the exact
selectivity of thejoin predicateis known. For queriescon-
taining multiple filter conditions,the usualapproachis to
estimatethe selectivity of eachcondition separately, and
combinethe resultsassumingstatisticalindependenceof
thefilters.

In addition to column histograms,other statisticsthat
systemstypically collectarethenumberof duplicatesof a
column,or setof columns,andthetotal numberof rows in
thetable.

We describenext somespecificproblemswith this con-
ventionalapproachto cardinalityestimation.In eachcase,
we presenta simpleSQL querythatexhibits thedifficulty.
In isolation,someof thequerieswill actuallyperformfine,
asit is only thefinal resultsizethatis incorrectlyestimated.
But whentheproblemdescribedis a piecewithin a larger
query, the incorrectcardinalityestimationwill be usedas
thebasisfor costinglateroperationsin theexecutionplan,



leadingto problemsin planselection,erraticbehavior and
poorperformance.

Predicateinvolving scalar expressionsand/or multi-
plecolumnsof the sametable. Forexample,thefollowing
queryis a simplemodificationof our earlierqueryQ1. It
findsitemswhosediscountedpriceis over$90000:

Q2:
SELECT * FROM LINEITEM

WHERE

L EXTENDEDPRICE* (1-L DISCOUNT) � 90000

The discountedprice is computedin the query using
simplearithmeticoperationsover two columnsof the ta-
ble. Estimatingthe distribution of the resultbasedon the
columnstatistics,while conceivable,caneasily introduce
largeerrors,andit is unfeasiblein thegeneralcase.How-
ever, from a user’s perspective, this is a very intuitive and
simpleconditionto use.SQLallowsanumberof scalarop-
erationswhosepropertiesarehardto modelin cardinality
estimation. For example,arithmeticmodulo(%), CASE-
WHEN-ELSE-END(similar to conditionalevaluationin C
(pred ? value1: value2)),and string operationssuchas
concatenationandsubstring.

Violation of independenceassumption. For example,
thefollowing queryretrievesthecustomersfor a particular
nation:

Q3:
SELECT * FROM CUSTOMER, NATION

WHERE C NATIONKEY � N NATIONKEY

AND N NAME = ‘ BRAZIL’

Assumingaforeignkey relationshipbetweenthetables,
and 25 countries,eachindividual condition can be esti-
matedperfectlywith selectivities 1/card(nation)and1/25,
respectively. Then, using the standardindependenceas-
sumption, the compositeselectivity is computedas the
productof thetwo. However, it is possibleto haveextreme
skew in thenumberof customerspercountry. If customers
in Brazil areeithervery few or very many, in comparison
with theaveragefor all countries,thentheestimatedresult
sizewill bearbitrarily bad.

This is a typical scenarioin starschemas,wherea large
fact table is connectedto a numberof smallerdimension
tables. Somevaluesof a given dimensionmay be much
morefrequentthanothersin thefacttable,andthestandard
independenceassumptionwill leadto incorrectestimates.

Another exampleof violation of independenceoccurs
when estimatingthe result of duplicateelimination on a
numberof columns,whenthenumberof distinctrowsmay
be much smaller than the productof distincting eachof
them,dueto datacorrelation.

The assumptionof independenceis pervasive through-
out thederivationof cardinalityestimates.Unlike theear-
lier case,wheretheoptimizerresortsto a guessandthere-
fore recognizesthe high likelihoodof an estimationerror,
the error introducedby non-independentconditionsgoes
undetectedat optimizationtime.

Aggregateresults. For example,the following query
retrieves orders whose total discountedamount is over
$400,000:

Q4:
SELECT L ORDERKEY FROM LINEITEM

GROUP BY L ORDERKEY

HAVING 400000 �
SUM(L EXTENDEDPRICE* (1-L DISCOUNT))

Thesequeriesrequiretheestimationof boththenumber
of groups,aswell asthedistributionof theaggregateresult,
in this casethe computedsum. For someaggregates,it
is possibleto formulateanapproximateresultdistribution,
but a largeerrorcaneasilybeintroduced.

“ Advanced” SQL operations. For this examplewe
do not use the TPCH schemabecausewe needa recur-
sive relationship. The following query usesa table ex-
pressionMgrTransEmpthatcomputesthetransitiveclosure
of themanager-reportrelationshipfrom tableEMP(empid,
mgrid). It retrievesall transitivereportsof aparticularman-
ager. ANSI syntaxis usedfor thetransitive closureopera-
tion.

Q5:
WITH MGRTRANSEMP(MGR, TR EMP) AS

(SELECT EMPID, EMPID FROM EMP

UNION ALL

SELECT MGR, EMPID

FROM MGRTRANSEMP, EMP

WHERE MGRTRANSEMP.MGR � EMP.MGRID)
SELECT * FROM MGRTRANSEMP

WHERE MGR � ‘ JOHN SMITH’

We arenot awareof any work addressingestimationof
thesecomplex queriesfrom the standardstatisticsmain-
tained on table columns. Other “advanced” operations
have beenadded,andwill likely continueto be addedto
SQL. An example is the SQL StatisticalExtensionsre-
centlyproposedto ANSI, which extendtheSQL platform
to allow computationof summaryinformationlikemoving
averages,percentileswith respectto a group,andranking
of rows. User-definedfunctionsandaggregatespresenta
problemaswell.

Theseareall usefulconstructsof the languagefor peo-
ple to write applications. Handling “the commoncase,”
andhaving unpredictableperformancewhenqueriescon-
tain operationsthataredifficult to estimate,translatesinto
a problemof quality and reliability of the systemin the
eyesof users,who do not (andshouldnot needto) under-
standtheshortcomingsof theinternalimplementationand
accommodatefor them. This problemhasto beaddressed
for SQL to be a truly robust, high-level applicationplat-
form.

3 Exploiting statisticson views
Thefollowing exampleillustratestheusageof statisticson
views duringoptimization. ConsiderqueryQ3 of Section
2. Assumea view CUSTNATION definedas
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(a)Originalquery:Estimatetwo predicatesusing
independenceassumption

(b) Equivalentqueryusingview: Estimateone
predicate,no independenceassumption

Figure2: Equivalentalternativesfor query

CREATE VIEW CUSTNATION AS

SELECT * FROM CUSTOMER, NATION

WHERE C NATIONKEY � N NATIONKEY

Figure2 showsequivalentoperatortrees,theoriginalquery
Q3 and a rewritten form using CUSTNATION. The con-
ventionalcardinalityestimationapproachwould use2 (a).
It proceedsby estimatingboth predicatesN NATION �
‘ BRAZIL’ , andC NATIONKEY = N NATIONKEY, andthen
combining the result assumingstatistical independence,
which in this caseintroducesa significanterror in the es-
timate. We can make useof the statisticson CUSTNA-
TION in order to estimatethe cardinalityof the result by
usingexpression2 (b). In this form thereis only onepred-
icate to consider, N NATION � ‘ BRAZIL’ . The indepen-
denceassumptionis no longerneeded,andthe resultsize
canbeestimatedaccuratelyfrom thestatisticson CUSTNA-
TION.N NATION.1

Justasis thecasewith standardmaterializedviews,and
with queryoptimizationin general,equivalenceof expres-
sions plays a key role. Given the equivalence,if view
CUSTNATION werematerializedtheoptimizercoulduseei-
therof thetwo formsfor execution,andwouldpick theone
with leastanticipatedcost. For the samereason,the op-
timizer canuseeitherof themto estimatethe sizeof the
result,andshouldpick the onewith leastanticipatedesti-
mationerror.

Pickinganalternative to estimatethesizeandstatistics
of the result is independentof the plan selectedfor exe-
cution. In fact, it will often be the casethat the view,
say CUSTNATION, is not materializedbut is usedonly to
provide accuratestatistical information about the result.
Theoptimizerin this casemaintainsa numberof logically
equivalent alternatives that are not “implementable,” but
only contributemetadatato theoptimizer.

1Thegeneralideahereis thesameasthatof Statisticson Intermediate
Tables(SIT) from [1]. Theapproachdescribedin thatpapertargetsjoin
queriesandpresentsa mechanismwith minimal assumptionson theopti-
mizerarchitecture,basedoninterceptingcallsto thecardinalityestimation
functions. In a product,we prefera tight integrationof the mechanism
within theoptimizerframework, leveragingfunctionalityof existingcom-
ponents,andyielding what we considera moreefficient, maintainable,
androbustarchitecture.

To exploit statisticson views we can leverageexisting
systeminfrastructurebuilt to supportmaterializedviews.
However, thereare a numberof requirementsthat differ
from thetraditionalmaterializedview context.

� View matchingmust be integratedwith cost-based
planenumeration.For standardmaterializedviews, it
is possibleto implementview selectionusingheuris-
tics, in a pre-processingstep, and output a chosen
rewritten query that is thenpassedto the cost-based
optimizer. However, this approachdoesnot extendto
views for cardinalityestimation.Thecost-basedopti-
mizergeneratesanumberof intermediateexpressions
of interest,aspart of enumeratingfeasibleplansfor
the query. It is on thesedynamicallygeneratedex-
pressionsthat we requirecardinalityestimation,and
would like to identify viewsthatcanprovideinforma-
tion for increasedaccuracy.

� The view matchingalgorithmneedsto scaleto hun-
dredsof views. Work on this front hasbeendonein
[3], which weusein our implementation.A few care-
fully selectedmaterializedviews maybesufficient to
achieve dramaticperformanceimprovementsin the
executionof queries.However, views usedfor statis-
ticshavemuchsmallerstoragerequirements,sincethe
view resultis not required.They have a muchhigher
ceilingin termsof thenumberof usefulviewsonemay
wantto have.

� We needto extendtheclassof querieshandledby the
matchingalgorithm. In thecontext of traditionalma-
terializedviews, maximumbenefitis obtainedwhen
the view storesa “small” result obtainedby an “ex-
pensive” computation,as it is the casewith aggre-
gates. Thus, for materializedviews, it may be ade-
quateto limit supportto asubclassof commonopera-
tionswhereview substitutionhasa largequeryexecu-
tion payoff. For thepurposeof cardinalityestimation,
we wantto allow anyview to participatein matching,
especiallythosewith complex operationsthatarebe-
yondwhatcanbeeasilyderivedfromstatisticsonbase
tablecolumns.
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� Thecolumncoveragetestin view substitutioncanbe
relaxed. To usea materializeview in query execu-
tion it mustprovide all columnsneededfor thequery
(or extra joinsneedto beaddedto retrievethemissing
columns,asit is donewhendealingwith non-covering
indices). If only statisticsareused,theoptimizercan
makeuseof metadataaboutresultsizeor statisticson
somecolumns,even if the view doesnot provide in-
formationfor all columns.

It is worth pointing out that, althoughthe view match-
ing problem on Select/Project/Joinis NP-hard [7], in-
stancesfound in practiceare far simpler than the worst
case. Checking equivalence(or subsumption)between
join queriescorrespondsto checkinggraphisomorphism,
where nodescorrespondto tablesand predicatescorre-
spondto edges. If the the sametable is joined multiple
times(i. e.self joins), thenthesearegraphswith unlabeled
nodes;eachusageof the table in onequerycould corre-
spondto any otherusagein the otherquery, andmultiple
correspondencesneedto beconsidered,thusleadingto the
high complexity of theproblem.However, if no self-joins
areinvolved,thentablenamesor idsmakefor uniquenode
labels,makingonly onenodecorrespondencefeasiblefor
thegraph.Thoughtheoreticallypossible,customerqueries
on normalizedschemasdo not make extensive useof self-
joins. Thisremovesasourceof complexity andenablesfast
view matching.

4 Implementation in SQL Server

To meettherequirementsoutlinedin theprevioussection,
we leverageexisting query processortechnologyimple-
mentedin Microsoft SQL Server. The usageof statistics
on views relieson othercomponentsalreadypresentin the
queryoptimizer, in particularexplorationandmanagement
of alternatives,andview matching, sowestartby briefly re-
viewing thosecomponents.We assumethereaderfamiliar
with thebasicprinciplesof transformation-basedoptimiza-

tion (seee.g.in [6, 2]).

4.1 Algebraic optimization

The algebraicqueryoptimizerof SQL Server is basedon
the Cascadesoptimizerarchitecture[4]. Someof its key
featuresare:

� The optimizerusesalgebraictransformationrules to
implement exploration of the searchspace. Each
transformationtakes an input operatortree and pro-
ducesoneor moreequivalentalternatives.

� Optimizationis strictly cost-based,i.e.queriesarenot
rewritten on thebasisof heuristics;rather, all alterna-
tivesarecostedandeventuallytheplanthatis optimal
accordingto thecostmodelis chosen.

� Thearchitectureenablesextensibility, in thesensethat
new transformationrules can be incorporatedto the
systemto generateadditionalequivalentexpressions
without disturbingexisting optimizationsor thecost-
basedselectionmechanism.

We implement view matching in the optimizer by
addinga transformationrule. This rule encapsulatesthe
processof matchinga relationaloperatortree with a set
of candidateviews; in caseone or more views matchor
subsumetheoriginalexpression,thetransformationreturns
equivalentexpressionsbasedon theseviews. This scheme
is explainedin somedetail in [3].

To seehow different optimizationsinteractwith view
matching,considerthe exampleshown in Figure3. Fig-
ure3(a) is the initial expressionpassedinto theoptimizer.
It consistsof a join betweentables� and � andanaggre-
gateover theresult. In step1, a transformationpushesthe
GroupByoperatorbelow join (it of coursechecksanumber
of conditionson the join predicateandgroupingcolumns
to decideif the transformationis valid). The secondand
third transformationsdetectthata sub-expressionmatches
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an existing materializedview, andoutputsa new, equiva-
lentoperatortreebasedonsuchview.

The useof views is not limited to exact matches,but
may make useof residualoperations.This was the case
in our earlier example, in Figure 2. The view matching
rulewouldbepasseddirectlyexpression2(a),andit would
return2(b).

4.2 Managementof alternatives

Insteadof keepinga collectionof separate,fully expanded
operatortrees,theoptimizerusesanefficientencodingthat
maximizesre-useof commonsub-expressions.Thisencod-
ing is basedonasystemof groups. Eachgroupcontainsop-
eratorsthataretheroot of equivalentsub-expressions.The
inputsof eachoperatorareplacedin othergroupsaccord-
ing to thesameprinciple. This compactencodingis simi-
lar to thetableof sub-plansusedby dynamic-programming
join enumeration[8], exceptthepopulationof the tableis
drivenby theapplicationof transformationrulesandit han-
dlesoperatorsotherthanjoins. For a detaileddescription
of theencodingsee[5, 4].

In Figure4 this encodingis depictedfor thealternatives
in Figure3. Duringinitialization,eachoperatorof theorig-
inal expressionis placedinto a separategroup. Therefer-
encesbetweenoperatorsare substitutedby referencesto
groups—indicatedby theGroups’IDs in parentheses.For
example,oncetheGroupByoperatoris insertedinto Group
5 its referenceto the join below is turnedinto a reference

to Group3, sinceany operatoraddedto Group3 at a later
time is equivalentto the join andcanserve asinput to the
GroupBy. Thedashedverticalboxesindicatewhichopera-
torsareintroducedby anoptimizationstep.Step1 addsa
new GroupByaswell asa join which go to Groups4 and
5. In Step2, view V1 is addedto group4, andfinally, view
V2 is insertedin Group3 asresultof Step3.

4.3 Cardinality estimation

The groupsof alternative operatorsform the basisfor the
cardinalityestimationframework. Eachoperatorhasanas-
sociatedfunctionto deriveanestimateof outputcardinality
andstatistics,basedontherespectiveinformationon its in-
puts.Sinceall expressionsin a groupproducethesamere-
sult,cardinalityandstatisticsfor suchresultcanbederived
usinganyoneof thoseoperators.Thequalityof estimation
will be higher in someoperators,lower in others. This is
reflectedby ameasureof theirestimationreliability, which
we useto pick amongthemultiplealternatives.Estimation
reliability is a functionof severalfactors.

� The quality of statisticsavailable for the estimation.
Thesemay be unmodifiedsourcestatistics,or statis-
ticspropagatedandmodifiedthroughotheroperators,
or it maybethatrequiredstatisticsarenot available.

� Relianceon the independenceassumption. Estimat-
ing onepredicatehashigherexpectedquality thanes-



timatingtwo predicatesandthencombiningusingthe
independenceassumption.

� The typeof estimationto bedone.For example,esti-
matingthe numberof distinctvaluesfor the resultof
GroupByis in generalmoredifficult thanestimating
theresultof a simplefilter condition.

A view or table referencehas maximum reliability.
Whena group includesan operatorthat is a direct refer-
enceto theview, thecardinalitywill bepickedup directly
from it andusedfor thegroup.

In Figure4, we show thecardinalityestimatefor all af-
fectedgroupsaftereachindividual optimizationstep. Ac-
curate,reliableestimatesareindicatedby . . Thealternative
expressioninsertedby Step1 comeswith higherreliability
thanthe original onedueto the type of estimation.After
Step2 we obtain an accuratevalue for the cardinalityof
Group4, which affectsalsothecardinalityof Group5. Fi-
nally, usingview V2 providesevenhigherreliability, lead-
ing to themostaccurateestimatefor Group5.

To estimatetheresultsizeof a group,we usetheopera-
tor with highestreliability. Notethatthis operatormaynot
provide statisticsfor all columns;for example,in thecase
of aview thathasveryhigh reliability but doesnot contain
all columnsfrom thequery. In general,we will usemulti-
pleoperatorsin a groupto collectstatisticson thecolumns
required.

In practice,we do not actuallyre-computeestimatesin
later operatorsasa resultof each optimizationstep,as it
wasshown for illustrationpurposesin Figure4. Webatcha
numberof changesandonly thendowere-deriveestimates
for whichamorereliablealternativehasbecomeavailable.
A dependency constrainton this computationis thataccu-
rate estimatesbe presentby the time we start generating
andcostingphysicaloperators.

5 Examples

In thissectionwegooveranumberof exampleswherethe
useof statisticsonviewsimprovesthequalityof plansgen-
erated.We presentrelatively simplequeriesthat illustrate
theconceptandshow theimpactof thefeature;clearly, the
usabilityandeffectivenessextendsto largerandmorecom-
plex queries.

We use the 1GB scale of the TPC-H benchmark
database,with thestandardindexing restrictions(basically,
no covering indexes). Table1 shows a summaryof query
executiontimesin secondswhenonly basetablestatistics
are available to the optimizer and then with statisticson
views.

basetablestatsonly staton views
E1 100 90
E2 14.2 3.6
E3 1.1 0.1

Table1: Executiontimesin seconds

Next we go over eachof the queries,describethe plan
changes,andshow the commandsavailable to a userfor
creatingstatisticson views.

5.1 ExampleE1

This query retrieves all orders of lineitems with a dis-
countedpricelessthan$900.

E1:
SELECT ORDERS.*
FROM LINEITEM , ORDERS

WHERE

L EXTENDEDPRICE * (1 - L DISCOUNT) � 900
AND L ORDERKEY = O ORDERKEY

With only basetablecolumnstatistics,theoptimizeris left
“guessing”a selectivity for thearithmeticexpression.The
selectivity of thepredicateis underestimated,whichmakes
hashjoin appearasthepreferablejoin method.Theresult-
ing planis shown in Figure5a).

To assistoptimizationin estimatingthe cardinality for
thefilter on LINEITEM, we createstatisticson views using
thefollowing commands:

V1:
CREATE VIEW V1 AS

SELECT

L EXTENDEDPRICE * (1 - L DISCOUNT)
AS DISCOUNT PRICE

FROM LINEITEM

S1:
CREATE STATISTICS S1 ON

V1(DISCOUNT PRICE)

Thesyntaxfor creatingstatisticson a view resultfrom
removing an earlier restriction in the product. Usersof
SQL Server know they canuseCREATE INDEX ON X both
for tablesandviews. Creatingan index on a view is the
mechanismcurrentlyusedto computetheresultof theview
andstoreit, in anindex, effectively creatinga materialized
view. Usersalsoknow thatCREATE STATISTICS ON X cur-
rently works only for tables. With statisticson view, this
asymetryis removed and the syntaxis allowed on views
also,with a clearsemanticsthatfits within theuser’smen-
tal model.

Using V1 during optimizationenablesa moreaccurate
estimatefor the arithmeticexpressionand, subsequently,
identifiestheindex lookupinto ORDERS asamoreefficient
solution.Thenew planoutputby theoptimizeris shown in
Figure5b).

5.2 ExampleE2

Another frequentlyencounteredproblemareaare condi-
tional statementslike CASE-WHEN-ELSE-END. This con-
structis typically usedin viewsin orderto encapsulatecer-
tainbusinesslogic. Considerthefollowing view defininga
ratingof customersbasedon their accountbalance
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Figure5: Queryplansfor exampleE1 with basetablestatistics(a)andstatisticson views(b)

CREATE VIEW RATING AS

SELECT * , R RATING = CASE

WHEN C ACCTBAL � 1000 AND

C MKSEGMENT=’ AUTOMOBILE’ THEN ’ BAD’
WHEN C ACCTBAL

� 10000 AND

C MKSEGMENT=’ MACHINERY’ THEN ’ GOOD’
ELSE ’ UNKNOWN’
END

FROM CUSTOMER

Using this view, userscould write a query to retrieve
informationaboutordersfor customerswith goodrating:

E2:
SELECT C CUSTKEY, O ORDERKEY

FROM RATING, ORDERS

WHERE C CUSTKEY = O CUSTKEY

AND R RATING = ’ GOOD’

With only basetable statistics,the optimizer overesti-
matestheresultof thefilter andchoosesamergejoin, lever-
agingthesortorderfrom theindex on ORDERS. Theresult-
ing planis shown in Figure6a).

In this scenario,it makessenseto createstatisticsdi-
rectly over the view that is usedto abstractthe business
logic:

S2:
CREATE STATISTICS S2 ON

RATING(R RATING)

With theavailability of statisticsonRATING, theoriginal
estimateis correctedandtheoptimizermakesa betterplan

choice,usingan index lookup into ORDERS ratherthana
mergejoin. Figure6b)shows thismoreefficientplan.

The fact that we usethis view by namein the actual
query, and that it happenedto have relevant statistics,is
immaterialfor theutilization of statistics.Sinceexploiting
statisticson views is doneautomaticallybasedon expres-
sion matching,the queryneednot mentionexplicitly any
view to haverelevantstatisticsused.

5.3 ExampleE3

Thisexampleis morecomplex andit illustratesanumberof
additionalpoints.It computestheaverageaccountbalances
for customersin a given country. The queryusesa sub-
selectthat computestheaccountbalancespercountry, for
all customers,andthenjoins thatwith nations.

E3A :
SELECT *
FROM NATION,

(SELECT C NATIONKEY,
AVG(C ACCBAL) AS AVGBAL

FROM CUSTOMER

GROUP BY C NATIONKEY)
AS CUST SUMMARY

WHERE N NATIONKEY = C NATIONKEY

AND N NAME = ‘ MEXICO’

This caseis interestingwhen the distribution of cus-
tomersin countriesis not uniform, becausethe selected
country hasan impact on the numberof qualifying cus-
tomers.SinceTPC-Husesauniformdistribution,wemod-
ified thedatato convey ourpoint. We addedanew country
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Figure6: Queryplansfor exampleE2 with basetablestatistics(a)andstatisticson views(b)

to theNATION table,Mexico,andthenaddedtencustomers
for thenew country.

With only basetablecolumnstatistics,theoptimizeras-
sumesthequeryhasto retrievean“average”numberof em-
ployees,regardlessof the nationselected.It producesthe
plan shown in Fig. 7a), which usesearly aggregationon
C NATIONKEY beforejoining with NATION (assuggested
by thequerysyntax).However, this requiresa full scanof
customers,which is inefficient if therearefew qualifying
customersfor thecountrychosen.

To addressthis scenario,dataskew on join result, we
createstatisticsona join view:

V3:
CREATE VIEW V3 AS

SELECT N NATIONKEY, N NAME

FROM NATION, CUSTOMER

WHERE

N NATIONKEY = C NATIONKEY

S3:
CREATE STATISTICS S3 ON

V3(N NAME)

Availability of theseadditionalstatisticsaffectstheplan
selectionwhenthe selectedcountry is Mexico (with only
ten customers,as explainedabove). The tablescanwith
earlyaggregationon thecustomer’snationalityis correctly
estimatedto besubstantiallymorecostly thanutilizing the
index on C NATIONKEY of CUSTOMER, andexecutingthe
aggregationafterthejoin. Sincetheindex is non-covering,
it is necessaryto “join” backinto themaintableto retrieve

necessarycolumnsnot includedin the index. Figure7b)
shows theresultingplanin this case.

Optimizing the query for a country with a large num-
berof customers,e.g.Germany, with thenew join statistics
producesthe early aggregationplan, sincethe numberof
qualifyingcustomers(accuratelyestimated)justifiestheta-
blescan.

This final exampleillustratesseveral pointson the be-
havior of thecomplete,integratedsystem:

� By integratingcardinalityestimationandview match-
ing in thegeneralplangenerationframework, theview
canbeleverageddespitethefactthatit doesnotmatch
theoriginal inputexpression.After applyinganumber
of transformationrulestheview matchingestablishes
the link betweenan alternative of the input and the
view.

� Statisticson viewsareeffective in providing statistics
informationevenif they do not matchtheplanthat is
finally chosenfor execution.In caseof the’Germany’
query, the statisticson the view are used,andmake
the optimizerchoosea plan that doesnot containan
expressionequivalentto theview.

� Thepresenceof statisticson views doesnot limit the
choiceof plansbut only assistsin thereliableestima-
tion of cardinalityandcosting.

6 Conclusions
Accuratecardinality estimationhasbeena long-standing
problemfor reliableplan selectionin cost-basedoptimiz-
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Figure7: Queryplansfor exampleE2 with basetablestatistics(a)andstatisticson views(b)

ers.Theconventionalapproachstartswith statisticalinfor-
mationfrom basetables,andbasedon thatestimatesresult
sizesafter eachdataprocessingstep. This approachhas
fundamentallimitations.Errorsgrow asestimationis done
ontopof estimation,andsomelanguageconstructsarehard
or impossibleto handle,turning“estimation” into a guess.
Errorsin cardinalityestimationtranslateinto severeperfor-
mancedegradations,andpoorperformancereliability. De-
pendingon thedatasetandthemakeupof thequery, “bad
plans”canbetriggeredby changesassimpleascreatinga
new index or addinga few rows to a table.

To addressthe shortcomingsof this conventionalap-
proach,we describedin this paperstatisticson views in
Microsoft SQL Server, which provide the optimizerwith
statisticalinformationon the resultof scalaror relational
expressions.This opensa new, orthogonaldimensionon
the dataavailableto the optimizerfor estimation,anden-
ablesarbitrarycorrection. We showed the impactof this
productfeatureon thequality of planselection,on a num-
ber of simple, specificcaseswheretraditionalestimation
falls short.

The conceptcanbe explainedto usersleveragingtheir
understandingof materializedviews andstatistics,so that
it fits within their mentalmodel.Thesyntaxextensionsef-
fectively amountto removing anearlierrestriction— users
knew they coulduseCREATE INDEX ON X both for tables
andviews, but could only useCREATE STATISTICS ON X

for tables;now thesecondcommandworks for both types
of objects.

Our internal architecturefor the featureleveragesex-
isting optimizerfunctionalityandre-factorsthecardinality
estimationtaskacrossvariousorthogonalcomponents,in

particularexplorationandmanagementof alternatives,and
view matching. Enhancementsin functionality or perfor-
manceoneachcomponentareimmediatelyreflectedin car-
dinality estimation.For example,handlingnew operators
in theview matchingservicewill benefitbothmaterialized
viewsaswell ascardinalityestimation;andaugmentingthe
setof transformationruleswill extendthe spaceof candi-
dateexecutionplansas well as the alternatives to derive
cardinalityestimation.

Consideringthe difficulties with traditional cardinality
estimationencounteredon real systems,we seestatistics
on views as a crucial building block to take quality and
reliability of queryoptimizationto thenext level.
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