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Abstract

The quality of execution plans generatedby a
gueryoptimizeris tied to the accuray of its car
dinality estimation. Errorsin estimationleadto
poorperformanceerraticbehaior, anduserfrus-
tration. Traditionally, the optimizeris restricted
to useonly statisticson basetable columnsand
derive estimateshottom-up. This approachhas
shortcomingawith dealingwith complex queries,
andwith rich languagesuchasSQL: Errorsgrow
as estimationis doneon top of estimation,and
someconstructaresimply nothandled.

In this paperwe describethe creationandutiliza-
tion of statisticson viewsin SQL Sener, which
providestheoptimizerwith statisticalinformation
ontheresultof scalaror relationalexpressionslt
opensa new dimensionon the dataavailablefor
cardinality estimationand enablesarbitrary cor-
rection. We describethe implementationof this
featurein the optimizerarchitectureandshaw its
impacton the quality of plansgeneratedhrough
anumberof examples.

1 Intr oduction

Cost-basedptimizationis fundamentato supportdeclara-
tive databasguerylanguageefficiently. Applicationwrit-
ers neednot be concernedwith efficient executionalgo-
rithms but needonly describelogical operationson the
abstractionof datastoredin tables. It is the job of the
gueryprocessoto determineandexecutethe bestplanfor
aquery consideringdatadistributionsandphysicalaccess
paths.
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To selectan executionplan for a query, the optimizer
enumerates collection of candidateplans,and picks the
onewith theleastanticipatedexecutioncost. An execution
planis composedf a numberof stepsof dataprocessing,
whosecostis derivedbasedon the particularexecutional-
gorithmto use,andthe estimatechumberof rows to pro-
cess. The quality of plansgenerateddy the optimizeris
tied to the accuray of its costestimation. Incorrectesti-
mationmay leadthe optimizerto regardsomeplansasef-
ficient, whenin reality they arevery expensie to execute.
As effective optimizationandgoodphysicaldesigncanin-
troducedramaticperformancémprovements so selecting
thewrongexecutionplancanleadto dramaticslovdowns.

Estimatingthe size of resultsets,commonlycalledthe
cardinality estimationproblem,hasbeenstudiedfor over
two decadesanda standardoody of techniqueshasbeen
establishedandis widely used. The standardapproachis
to capturethe distribution of columnvalues,typically us-
ing someform of histogramswhich arethenusedto es-
timate the numberof rows qualifying operations for ex-
amplea filter predicate. This approachhasshortcomings
whendealingwith complex queries,andwith the full ex-
tent of languagesuchasSQL. Errorsgrow asestimation
is doneontop of estimationsothatafterseveralfilters and
joins, the estimatectardinalitymay be way off the actual.
In addition,thereareconstructghatsimply cannotbe esti-
matedfrom statisticsof basetablecolumns. The standard
approachwhen suchconstructsare encountereds to use
a “guess”or “magic numbey’ suchasthe well known 1/3
datareductionfactorfor inequality comparisonsand 1/10
datareductionfactorfor equality

The problemwith inaccurateestimationis notonly per
formance put theintroductionof erraticbehavior. Queries
are“unstable”whenthereareestimationerrorsin their op-
timization. The reasoris switch-over points. For example,
it is known thatindex lookupis efficientwhentherearefew
rowsto lookup,andtablescanis preferablaf we expectto
accessll rows; for casesn betweenwe needto choose,
andthereis a switch-over point betweenthe two alterna-
tives. Similar switch-over pointsoccurin join order andin
selectionof variousexecutionalgorithms.Whenaqueryis
closeto a switch-over point, minor changessan make the



optimizer choseone or the other option, which is fine as
long asthe estimationis correct. However, if a queryis
incorrectly estimatectloseto a switch-over point, the plan
generatedvill appearto be randomlychosenwith vastly
differentperformance As obsenedby the user addingor
removing a simple,non-selectie conditionin a querymay
resultin dramaticexecutionslowdown; or aquerythatused
to run fine may suddenlybecomevery slow, after some
rows areaddedto oneof the basetables.Two queriesthat
arevery closein form andsemanticsnayperformvery dif-
ferently, if oneof themhappengo usea constructthatis
not supportedby the cardinality estimationmodel. Soft-
ware upgradesand even re-computatiorof statisticscan
introduceunpredictablehangesn queryplansandperfor
mancedegradation.Suchbehaior confusesandfrustrates
developersand DBAs. The systemfails to deliver on the
goalof high-level, declaratve databaséanguages.

To addresdhe shortcomingf the standardcomposi-
tional approachto cardinality estimation,we describein
this paperthe creationandutilization of statisticson views
in Microsoft SQL Sener, which provide the optimizerwith
statisticalinformation on the resultof scalaror relational
expressions. Insteadof having basetable information as
the only sourceto derive statisticsand size of intermedi-
ateresults,the optimizerhasaccesdo pre-derved, accu-
rate statisticson complex expressions.The improved ac-
curag of estimationincreaseshe quality andreliability of
thequeryprocessar

Theideais relatedto that of materializedviews. In the
caseof materializedviews, the systempre-computesind
storesthe resultof somecomputationandusesit to speed
up query executionwhen it matchesall or part of a user
query For cardinality estimationpurposeswe arenot in-
terestedn the actualview result, but on the statisticalin-
formationabouttheresult Existinginfrastructureor view
matchingis leveragedand suitably modified to associate
suchinformationwith (piecesof) auserquery

Providing the optimizerwith statisticson views enables
arbitrary accurag on the cardinality estimateof ary step
in a query executionplan (modulothe capabilitiesof the
view matchingservice). The optimizeris no longercon-
strainedo derive estimatesthroughmultiple stepsstarting
from basetable statistics,but it hasnow accesgo higher
quality statisticalinformationfor sub-epressionsTheba-
sic statisticstechnologyremainsthe same singleor multi-
dimensionahistogramsnumberof duplicatevaluesnum-
ber of rows in a result; but view statisticsopena new di-
mensionon the items for which this informationis pro-
vided.

Thepaperis organizedasfollows. Section2 describes
numberof scenarioghatarepoorly supportedy thetradi-
tional cardinalityestimationapproach Section3 discusses
the principlesandrequirementgor view statistics.Section
4 describegheimplementatiorin SQL Sener. In Section
5 we presentexamplesof statisticson views. Section6
concludeshe paper
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Figurel: Histogramfor columnL_EXTENDEDPRICE

2 Statistics on base table columns and its
limitations

In the following exampleswe use tablesfrom the well

known, straightforvard TPCHschemd?9]. Figurel showvs
a histogramthat captureshe distribution of valuesfor col-

umn L_EXTENDEDPRICE from 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,anddecreasingrequeng on the upperhalf
of the values. Suchhistogramcanbe usedto estimatethe
qualifying rows in the following queryto be about5,000:

Q1.

SELECT * FROM LINEITEM

WHERE
L_EXTENDEDPRICE>90000

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

In additionto column histograms other statisticsthat
systemdypically collectarethe numberof duplicatesof a
column,or setof columns,andthetotal numberof rowsin
thetable.

We describenext somespecificproblemswith this con-
ventionalapproacho cardinalityestimation.In eachcase,
we presenta simple SQL querythatexhibits the difficulty.
In isolation,someof the querieswill actuallyperformfine,
asit is only thefinal resultsizethatis incorrectlyestimated.
But whenthe problemdescribeds a piecewithin a larger
query the incorrectcardinality estimationwill be usedas
the basisfor costinglater operationsn the executionplan,



leadingto problemsin planselectionerraticbehaior and
poorperformance.

Predicateinvolving scalar expressionsand/or multi-
ple columnsof the sametable. For example thefollowing
queryis a simple modificationof our earlierquery Q1. It
findsitemswhosediscountedpriceis over $90000:

Q2:
SELECT * FROM LINEITEM
WHERE
L_EXTENDEDPRICE* (1-L_DISCOUNT)>90000

The discountedprice is computedin the query using
simple arithmeticoperationsover two columnsof the ta-
ble. Estimatingthe distribution of the resultbasedon the
column statistics,while concevable, caneasily introduce
large errors,andit is unfeasiblen the generalcase.How-
ever, from a users perspectie, this is a very intuitive and
simpleconditionto use.SQL allows anumberof scalarop-
erationswhosepropertiesarehardto modelin cardinality
estimation. For example,arithmeticmodulo (%), CASE-
WHEN-ELSE-END(similar to conditionalevaluationin C
(pred? valuel: value2)),and string operationssuchas
concatenatiomndsubstring.

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

Q3:

SELECT * FROM CUSTOMER, NATION
WHERE C_NATIONKEY = N_NATIONKEY
AND N_NAME = ‘BRAZIL’

Assumingaforeignkey relationshipbetweerthetables,
and 25 countries,eachindividual condition can be esti-
matedperfectlywith selectvities 1/card(nationand1/25,
respectiely. Then, using the standardindependenceas-
sumption, the compositeselectvity is computedas the
productof thetwo. However, it is possibleto have extreme
skew in the numberof customerpercountry If customers
in Brazil areeithervery few or very mary, in comparison
with theaveragefor all countriesthenthe estimatedesult
sizewill bearbitrarily bad.

Thisis atypical scenarian starschemaswherealarge
facttableis connectedo a numberof smallerdimension
tables. Somevaluesof a given dimensionmay be much
morefrequenthanothersin thefacttable,andthestandard
independencassumptiowill leadto incorrectestimates.

Another example of violation of independenceccurs
when estimatingthe result of duplicateelimination on a
numberof columns whenthe numberof distinctrows may
be much smallerthan the productof distincting each of
them,dueto datacorrelation.

The assumptiorof independencés penasive through-
out the derivation of cardinalityestimatesUnlike the ear
lier case wherethe optimizerresortsto a guessandthere-
fore recognizeghe high likelihood of an estimationerror,
the error introducedby non-independentonditionsgoes
undetecteét optimizationtime.

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

Q4.
SELECT L_ORDERKEY FROM LINEITEM
GROUP BY L_ORDERKEY
HAVING 400000 <
SUM (L_EXTENDEDPRICE* (1-L_DISCOUNT))

Thesequeriesrequirethe estimationof boththe number
of groups aswell asthedistribution of theaggreateresult,
in this casethe computedsum. For someaggreyates,it
is possibleto formulatean approximateesultdistribution,
but alargeerrorcaneasilybeintroduced.

“Advanced” SQL operations. For this example we
do not usethe TPCH schemabecausewne needa recur
sive relationship. The following query usesa table ex-
pressiorMgrTransEmphatcomputeghetransitive closure
of themanagetreportrelationshipfrom tableEMP(empid,
mgrid). It retrievesall transitive reportsof aparticularman-
ager ANSI syntaxis usedfor thetransitive closureopera-
tion.

Q5:
WITH MGRTRANSEMP(MGR, TR_LEMP) 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 arny work addressingestimationof
thesecomplex queriesfrom the standardstatisticsmain-
tained on table columns. Other “advanced” operations
have beenadded,andwill likely continueto be addedto
SQL. An exampleis the SQL Statistical Extensionsre-
cently proposedo ANSI, which extendthe SQL platform
to allow computatiorof summaryinformationlike moving
averagespercentileswith respecto a group,andranking
of rows. Userdefinedfunctionsand aggreyatespresenta
problemaswell.

Theseareall usefulconstructof the languageor peo-
ple to write applications. Handling “the commoncasé,
and having unpredictablgoerformancevhen queriescon-
tain operationghataredifficult to estimate franslatesnto
a problemof quality and reliability of the systemin the
eyesof users,who do not (andshouldnot needto) under
standthe shortcoming®f theinternalimplementatiorand
accommodatéor them. This problemhasto be addressed
for SQL to be a truly robust, high-level applicationplat-
form.

3 Exploiting statisticson views

Thefollowing exampleillustratesthe usageof statisticson
views during optimization. Considerquery Q3 of Section
2. Assumeaview CUSTNATION definedas
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N_NATIONKEY=C_NATIONKEY

N

o CUSTOMER

N_NATION = 'Brazil’ N_NATION = 'Brazil’

NATION CUSTNATION

(a) Original query: Estimatetwo predicatesising
independencassumption

(b) Equivalentqueryusingview: Estimateone
predicatenoindependencassumption

Figure2: Equivalentalternatvesfor query

CREATE VIEW CUSTNATION AS
SELECT * FROM CUSTOMER, NATION
WHERE C_NATIONKEY = N_NATIONKEY

To exploit statisticson views we can leverageexisting
systeminfrastructurebuilt to supportmaterializedviews.
However, there are a numberof requirementghat differ
from thetraditionalmaterializedview context.

Figure2 shavsequivalentoperatottreestheoriginal query
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 use of the statisticson CUSTNA-
TION in orderto estimatethe cardinality of the resultby
usingexpressior2 (b). In this form thereis only onepred-
icateto consider N_.NATION = ‘BRAZIL’. The indepen-
denceassumptioris no longerneededandtheresultsize
canbeestimatedccuratelyfrom the statisticson CUSTNA-
TION.N_NATION.}

Justasis thecasewith standardnaterializedviews, and
with queryoptimizationin general equivalenceof expres-
sions plays a key role. Given the equivalence,if view
CUSTNATION werematerializedheoptimizercoulduseei-
therof thetwo formsfor execution,andwould pick theone
with leastanticipatedcost. For the samereason,the op-
timizer can useeither of themto estimatethe size of the
result,and shouldpick the onewith leastanticipatedesti-
mationerror.

Picking analternatve to estimatethe sizeandstatistics
of the resultis independenbf the plan selectedfor exe-
cution. In fact, it will often be the casethat the view,
say CUSTNATION, is not materializedbut is usedonly to
provide accuratestatisticalinformation about the result.
The optimizerin this casemaintainsa numberof logically
equivalent alternatves that are not “implementabl€, but
only contribute metadatdo the optimizet

1Thegeneraideahereis the sameasthatof Statisticson Intermediate
Tables(SIT) from [1]. The approachdescribedn thatpapertamgetsjoin
queriesandpresentsa mechanisnwith minimal assumptionsn the opti-
mizerarchitecturebasedninterceptingcallsto thecardinalityestimation
functions. In a product,we prefera tight integration of the mechanism
within theoptimizerframewvork, leveragingfunctionality of existing com-
ponents,andyielding what we considera more efficient, maintainable,
androbustarchitecture.

View matching must be integrated with cost-based
planenumerationFor standardnaterializedviews, it
is possibleto implementview selectionusingheuris-
tics, in a pre-processingtep, and output a chosen
rewritten query thatis then passedo the cost-based
optimizer However, this approachdoesnot extendto
views for cardinalityestimation.The cost-baseapti-
mizergenerates numberof intermediateexpressions
of interest,as part of enumeratingeasibleplansfor
the query It is on thesedynamically generatedex-
pressionghat we require cardinality estimation,and
would like to identify views thatcanprovide informa-
tion for increasedccurag.

The view matchingalgorithm needsto scaleto hun-
dredsof views. Work on this front hasbeendonein
[3], whichwe usein ourimplementationA few care-
fully selectednaterializedviews may be suficientto
achieze dramatic performanceimprovementsin the
executionof queries.However, views usedfor statis-
ticshavemuchsmallerstoragaequirementssincethe
view resultis not required. They have a muchhigher
ceilingin termsof thenumberf usefulviewsonemay
wantto have.

We needto extendthe classof querieshandledby the
matchingalgorithm. In the context of traditionalma-
terializedviews, maximumbenefitis obtainedwhen
the view storesa “small” resultobtainedby an “ex-

pensve” computation,asit is the casewith aggre-
gates. Thus, for materializedviews, it may be ade-
guateto limit supportto a subclas®f commonopera-
tionswhereview substitutiorhasa largequeryexecu-
tion payof. For thepurposeof cardinalityestimation,
we wantto allow anyview to participatein matching,
especiallythosewith complex operationghatarebe-
yondwhatcanbeeasilyderivedfrom statisticsonbase
tablecolumns.
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Figure3: A groupof expressiongquivalentunderdifferentoptimizationsteps

e Thecolumncoveragetestin view substitutioncanbe
relaxed. To usea materializeview in query execu-
tion it mustprovide all columnsneededor the query
(or extrajoins needto beaddedo retrieve themissing
columnsasit is donewhendealingwith non-covering
indices). If only statisticsare used,the optimizercan
malke useof metadataboutresultsizeor statisticson
somecolumns,evenif 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. Checkingequivalence(or subsumption)between
join queriescorrespondgo checkinggraphisomorphism,
where nodescorrespondto tablesand predicatescorre-
spondto edges. If the the sametable is joined multiple
times(i. e.selfjoins), thenthesearegraphswith unlabeled
nodes;eachusageof the tablein one query could corre-
spondto ary otherusagein the otherquery and multiple
correspondenceteedto be consideredthusleadingto the
high compleity of the problem. However, if no self-joins
areinvolved,thentablenamesor ids make for uniquenode
labels,makingonly onenodecorrespondenciasiblefor
thegraph.Thoughtheoreticallypossible customequeries
on normalizedschemaslo not make extensve useof self-
joins. Thisremovesasourceof complexity andenablegast
view matching.

4 Implementation in SQL Serer

To meetthe requirement®utlinedin the previous section,
we leverageexisting query processottechnologyimple-
mentedin Microsoft SQL Sener. The usageof statistics
onviewsrelieson othercomponentslreadypresenin the
gueryoptimizer, in particularexplorationandmanagement
of alternatves,andview matcing, sowe startby briefly re-
viewing thosecomponentsWe assumehe readerfamiliar
with thebasicprinciplesof transformation-baseaptimiza-

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

4.1 Algebraic optimization

The algebraicquery optimizer of SQL Sener is basedon
the Cascade®ptimizerarchitecturd4]. Someof its key
featuresare:

e The optimizer usesalgebraictransformatiorrulesto
implement exploration of the searchspace. Each
transformationtakes an input operatortree and pro-
ducesoneor moreequivalentalternatives.

e Optimizationis strictly cost-based,e. queriesarenot
rewritten on the basisof heuristicsyrather all alterna-
tivesarecostedandeventuallythe planthatis optimal
accordingto the costmodelis chosen.

e Thearchitectureenable®xtensibility, in thesensehat
new transformationrules can be incorporatedto the
systemto generateadditionalequivalentexpressions
without disturbingexisting optimizationsor the cost-
basedselectionmechanism.

We implement view matching in the optimizer by
adding a transformationrule. This rule encapsulatethe
processof matchinga relational operatortree with a set
of candidateviews; in caseone or more views matchor
subsumeheoriginal expressionthetransformatiometurns
equivalentexpressiondasedon theseviews. This scheme
is explainedin somedetailin [3].

To seehow different optimizationsinteractwith view
matching,considerthe exampleshown in Figure 3. Fig-
ure 3(a)is theinitial expressiorpassednto the optimizer
It consistsof ajoin betweertablesT and R andanaggre-
gateovertheresult. In stepl, atransformatiorpusheghe
GroupByoperatoibelow join (it of coursechecksanumber
of conditionson the join predicateand groupingcolumns
to decideif the transformations valid). The secondand
third transformationgletectthata sub-expressiormatches
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an existing materializedview, and outputsa new, equva-
lent operatortreebasedon suchview.

The useof views is not limited to exact matches but
may make useof residualoperations. This wasthe case
in our earlierexample,in Figure2. The view matching
rule would be passedlirectly expressior2(a),andit would
return2(b).

4.2 Managementof alternatives

Insteadof keepinga collectionof separatefully expanded
operatottrees the optimizerusesanefficientencodinghat
maximizege-useof commonsub-&pressionsThisencod-
ingis basednasystenof groups Eachgroupcontainop-
eratorghataretheroot of equivalentsub-expressionsThe
inputsof eachoperatorareplacedin othergroupsaccord-
ing to the sameprinciple. This compactencodingis simi-
lar to thetableof sub-plansisedby dynamic-programming
join enumeratior{8], exceptthe populationof thetableis
drivenby theapplicationof transformationulesandit han-
dlesoperatorsotherthanjoins. For a detaileddescription
of theencodingseel[5, 4].

In Figure4 this encodings depictedfor thealternaties
in Figure3. Duringinitialization, eachoperatorf the orig-
inal expressioris placedinto a separatgyroup. Therefer
encesbetweenoperatorsare substitutedby referencego
groups—indicatedby the Groups’IDs in parentheses-or
example oncethe GroupByoperatoiis insertednto Group
5 its referenceo the join below is turnedinto a reference

to Group3, sinceary operatoraddedto Group3 atalater
time is equivalentto thejoin andcansene asinputto the
GroupBy Thedashedrertical boxesindicatewhich opera-
torsareintroducedby an optimizationstep. Stepl addsa
new GroupByaswell asajoin which go to Groups4 and
5. In Step2, view V1 is addedo group4, andfinally, view
V2 isinsertedn Group3 asresultof Step3.

4.3 Cardinality estimation

The groupsof alternative operatorsform the basisfor the
cardinalityestimatiorframenork. Eachoperatohasanas-
sociatedunctionto derive anestimateof outputcardinality
andstatisticsbasedntherespectie informationonits in-
puts. Sinceall expressionsn a groupproducethe samere-
sult, cardinalityandstatisticsfor suchresultcanbederived
usinganyoneof thoseoperatorsThequality of estimation
will be higherin someoperators)jower in others. This is
reflectedby ameasuref their estimatiorreliability, which
we useto pick amongthe multiple alternatves. Estimation
reliability is afunctionof severalfactors.

e The quality of statisticsavailable for the estimation.
Thesemay be unmodifiedsourcestatistics,or statis-
tics propagateéindmodifiedthroughotheroperators,
or it maybethatrequiredstatisticsarenot available.

¢ Relianceon the independencassumption Estimat-
ing onepredicatehashigherexpectedquality thanes-



timatingtwo predicatesandthencombiningusingthe
independencassumption.

e Thetypeof estimationto be done. For example,esti-
matingthe numberof distinctvaluesfor the resultof
GroupByis in generalmoredifficult thanestimating
theresultof a simplefilter condition.

A view or table referencehas maximum reliability.
When a groupincludesan operatorthat is a direct refer
enceto the view, the cardinalitywill be pickedup directly
from it andusedfor thegroup.

In Figure4, we shaw the cardinalityestimatefor all af-
fectedgroupsafter eachindividual optimizationstep. Ac-
curateyeliableestimatesreindicatedby . Thealternatve
expressioninsertedby Stepl comeswith higherreliability
thanthe original one dueto the type of estimation. After
Step2 we obtain an accuratevalue for the cardinality of
Group4, which affectsalsothe cardinalityof Group5. Fi-
nally, usingview V2 providesevenhigherreliability, lead-
ing to the mostaccurateestimatefor Group5.

To estimateheresultsizeof agroup,we usethe opera-
tor with highestreliability. Note thatthis operatormay not
provide statisticsfor all columns;for example,in the case
of aview thathasvery high reliability but doesnot contain
all columnsfrom the query In generalwe will usemulti-
ple operatorsn agroupto collectstatisticson the columns
required.

In practice,we do not actuallyre-computeestimatesn
later operatorsas a resultof ead optimizationstep,asit
wasshawn for illustrationpurposesn Figure4. We batcha
numberof changesandonly thendowe re-derive estimates
for whichamorereliablealternatie hasbecomeavailable.
A dependeng constrainton this computations thataccu-
rate estimatese presentby the time we startgenerating
andcostingphysicaloperators.

5 Examples

In this sectionwe go over anumberof exampleswvherethe
useof statisticsonviewsimprovesthequality of plansgen-
erated.We presentrelatively simplequeriesthatillustrate
theconceptandshav theimpactof thefeature;clearly, the
usabilityandeffectivenessxtendsto largerandmorecom-
plex queries.

We use the 1GB scale of the TPC-H benchmark
databaseyith the standardndexing restrictiongbasically
no coveringindexes). Table 1 shovs a summaryof query
executiontimesin secondsvhenonly basetable statistics
are available to the optimizer and then with statisticson
views.

| | basetablestatsonly | statonviews |

El 100 90
E2 14.2 3.6
E3 11 0.1

Tablel: Executiontimesin seconds

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

5.1 ExampleEl

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

EL:

SELECT ORDERS.*

FROM LINEITEM, ORDERS

WHERE
L_EXTENDEDPRICE * (1 - L_DISCOUNT) < 900
AND L_ORDERKEY = O_ORDERKEY

With only basetablecolumnstatistics the optimizeris left
“guessing”a selectvity for the arithmeticexpression.The
selectvity of thepredicatds underestimatedyhich makes
hashjoin appearasthe preferablgoin method.Theresult-
ing planis shawvn 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

sl:
CREATE STATISTICS S1 ON
V1(DISCOUNT_PRICE)

The syntaxfor creatingstatisticson a view resultfrom
removing an earlier restrictionin the product. Usersof
SQL Senerknow they canuseCREATE INDEX ON X both
for tablesandviews. Creatinganindex on a view is the
mechanisncurrentlyusedto computetheresultof theview
andstoreit, in anindex, effectively creatinga materialized
view. Usersalsoknow that CREATE STATISTICS ON X CUr-
rently works only for tables. With statisticson view, this
asymetryis removed and the syntaxis allowed on views
also,with a clearsemanticghatfits within theusers men-
tal model.

Using v1 during optimizationenablesa more accurate
estimatefor the arithmetic expressionand, subsequently
identifiestheindex lookupinto ORDERS asa moreefficient
solution. The new planoutputby the optimizeris shavnin
Figure5b).

5.2 ExampleE2

Another frequently encounteregroblem areaare condi-
tional statementdike CASE-WHEN-ELSE-END. This con-
structis typically usedin views in orderto encapsulateer
tain businesdogic. Considerthefollowing view defininga
rating of customerdasedntheiraccountalance



Hash Join

L_ORDERKEY=

O_ORDERKEY

BUILD PROBE

Filter
900 > L_EXTENDEDPRICE
* (1-LDISCOUNT)

Index Scan
ORDERS

Index Scan
LINEITEM

(@)

Loops Join
O_ORDERKEY=
L_ORDERKEY

Sort
L_ORDERKEY

Index Lookup
ORDERS

Filter
900> L_EXTENDEDPRICE
*(1-L_DISCOUNT)

Index Scan
LINEITEM

(b)

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 queryto retrieve
informationaboutordersfor customersvith 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-
mategheresultof thefilter andchooses mergejoin, lever
agingthesortorderfrom theindex on ORDERS. Theresult-
ing planis shawvn in Figure6a).

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

S2:
CREATE STATISTICS S2 ON
RATING(R_RATING)

With theavailability of statisticoonRATING, theoriginal
estimatds correctedandthe optimizermakesa betterplan

choice,usinganindex lookup into ORDERS ratherthana
melgejoin. Figure6b) shavs this moreefficient plan.

The fact that we usethis view by namein the actual
guery andthatit happenedo have relevant statistics,is
immaterialfor the utilization of statistics.Sinceexploiting
statisticson views is doneautomaticallybasedon expres-
sion matching,the query neednot mentionexplicitly ary
view to have relevantstatisticsused.

5.3 ExampleE3

Thisexampleis morecomplex andit illustratesanumberof
additionalpoints. It computesheaverageaccounbalances
for customersn a given country The queryusesa sub-
selectthat computeghe accountbalancegper country, for
all customersandthenjoins 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, becausehe selected
country has an impact on the numberof qualifying cus-
tomers.SinceTPC-Husesauniform distribution, we mod-
ified the datato corvey our point. We addeda new country
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Figure6: Queryplansfor examplee2 with basetablestatisticg(a) andstatisticson views (b)

totheNATION table,Mexico, andthenaddedencustomers
for thenew country

With only basetablecolumnstatisticsthe optimizeras-
sumeghequeryhasto retrievean“average’numbernf em-
ployees, regardlesof the nationselected.It produceshe
plan shavn in Fig. 7a), which usesearly aggreyationon
C_NATIONKEY beforejoining with NATION (assuggested
by the querysyntax). However, this requiresa full scanof
customerswhich is inefficient if therearefew qualifying
customerdgor the countrychosen.

To addresghis scenario,dataskew on join result, we
createstatisticsonajoin 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 selectedcountryis Mexico (with only
ten customersas explainedabove). The table scanwith
earlyaggreationon the customers nationalityis correctly
estimatedo be substantiallynorecostly thanutilizing the
index on C_NATIONKEY of CUSTOMER, andexecutingthe
aggregationafterthejoin. Sincetheindex is non-corering,
it is necessaryo “join” backinto themaintableto retrieve

necessargolumnsnot includedin the index. Figure 7b)
shavstheresultingplanin this case.

Optimizing the query for a country with a large num-
berof customerse.g.Germaty, with thenew join statistics
produceghe early aggreyationplan, sincethe numberof
qualifying customergaccuratelestimated)ustifiestheta-
ble scan.

This final exampleillustratesseveral points on the be-
havior of the completejntegratedsystem:

¢ By integratingcardinalityestimatiorandview match-
ingin thegeneraplangeneratioframeawork, theview
canbeleveragediespitehefactthatit doesnotmatch
theoriginalinputexpression After applyinganumber
of transformatiorrulesthe view matchingestablishes
the link betweenan alternatve of the input and the
view.

e Statisticson views areeffective in providing statistics
informationevenif they do not matchthe planthatis
finally choserfor execution.In caseof the’Germary’
query, the statisticson the view are used,and make
the optimizerchoosea plan that doesnot containan
expressiorequivalentto the view.

e Thepresencef statisticson views doesnot limit the
choiceof plansbut only assistsn thereliableestima-
tion of cardinalityandcosting.

6 Conclusions

Accuratecardinality estimationhasbeena long-standing
problemfor reliable plan selectionin cost-baseaptimiz-



Loops Join

N_NATIONKEY =
C_NATIONKEY

Index Lookup
NATION

Aggregate
AVG(CACCBAL)

Index Scan
CUSTOMER

(@)

ers. The corventionalapproachstartswith statisticalinfor-

mationfrom basetables,andbasecdn thatestimatesesult
sizesafter eachdataprocessingstep. This approachhas
fundamentalimitations. Errorsgrow asestimationis done
ontop of estimationandsomdanguagesonstructarehard
or impossibleto handle turning “estimation”into a guess.
Errorsin cardinalityestimatiortranslatento severeperfor

mancedegradationsandpoor performanceeliability. De-

pendingon the datasetandthe makeupof the query “bad

plans”canbetriggeredby changesssimpleascreatinga
new index or addingafew rowsto atable.

To addressthe shortcomingsof this conventional ap-
proach,we describedin this paperstatisticson views in
Microsoft SQL Sener, which provide the optimizerwith
statisticalinformation on the resultof scalaror relational
expressions.This opensa new, orthogonaldimensionon
the dataavailableto the optimizerfor estimation,anden-
ablesarbitrary correction. We showved the impactof this
productfeatureon the quality of planselection,on a num-
ber of simple, specificcaseswheretraditional estimation
fallsshort.

The conceptcan be explainedto usersleveragingtheir
understandin@f materializedviews and statistics,so that
it fits within their mentalmodel. The syntaxextensionsef-
fectively amountto removing anearlierrestriction— users
knew they could useCREATE INDEX ON X bothfor tables
andviews, but could only use CREATE STATISTICS ON X
for tables;now the secondcommandworks for bothtypes
of objects.

Our internal architecturefor the featureleveragesex-
isting optimizerfunctionality andre-factorsthe cardinality
estimationtask acrossvariousorthogonalcomponentsin
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Loops Join

Fetch
CUSTOMER
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Index Lookup
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Figure7: Queryplansfor examplee2 with basetablestatisticg(a) andstatisticson views (b)

particularexplorationandmanagementf alternatves,and
view matching. Enhancements functionality or perfor

manceoneachcomponenareimmediatelyreflectedn car

dinality estimation. For example,handlingnew operators
in theview matchingservicewill benefitbothmaterialized
viewsaswell ascardinalityestimationandaugmentinghe

setof transformatiorruleswill extendthe spaceof candi-
date executionplansas well asthe alternatvesto derive

cardinalityestimation.

Consideringthe difficulties with traditional cardinality
estimationencounteredn real systemswe seestatistics
on views as a crucial building block to take quality and
reliability of queryoptimizationto the next level.
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