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Abstract Thereis muchcurrentinterestin supportingcontinuousquerieson datastreams
usinggeneralizationsof databasequerylanguages,suchasSQL. The research
challengesfacedby this approachinclude(i) overcomingtheexpressive power
limitations of databaselanguageson datastreamapplications,and(ii) provid-
ing queryprocessingandoptimizationtechniquesfor thedatastreamexecution
environmentthat is so different from that of traditionaldatabases.In particu-
lar, SQL mustbe extendedto supportsequencequerieson time series,andto
overcomethe lossof expressive power dueto the exclusionof blocking query
operators.Furthermore,thequeryprocessingtechniquesof relationaldatabases
mustbereplacedwith techniquesthatoptimizeexecutionof time-seriesqueries
andtheutilization of mainmemory. TheExpressive StreamLanguagefor Time
Series(ESL-TS)andits queryoptimizationtechniquessolve theseproblemsef-
�ciently andarepartof thedatastreammanagementsystemprototypedeveloped
atUCLA.

1. In tro duction

Thereismuchongoingresearchworkondatastreamsandcontinuousqueries
[4, 12]. The Tapestryproject [6, 32] was the �rst to focus on the problem
of `queriesthat run continuouslyover a growing database'. Recentwork
in the Telegraphproject [9, 21] focuseson ef�cient supportfor continuous
queriesand the computationof traditional SQL-2 aggregatesthat combine
streams�o wing from a network of nodes.TheTribecasystemfocuseson net-
work traf�c analysis[31] usingoperatorsadaptedfrom relationalalgebra.The
OpenCQ[19] andNiagaraSystems[10] supportcontinuousqueriesto moni-
tor websitesandsimilar resourcesover thenetwork, while theChronicledata
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modelusesappend-onlyorderedsetsof tuples(chronicles)that arebasically
datastreams[17].

TheAuroraproject[8] aimsat building datamanagementsystemsthatpro-
vide integratedsupportfor

Data streamsapplications,that continuouslyprocessthe most current
dataon thestateof theenvironment.
Applicationsonstoreddata(asin traditionalDBs)
Spanningapplicationsthat combineand compareincoming live data
with storeddata. This requiresbalancingreal-timerequirementswith
ef�cient processingof largeamountsof disk-residentdata.

Thelearningcurve andcomplexity of writing spanningapplicationscanbe
minimized if SQL is usedon both databasesanddatastreams.This obser-
vation justi�es the choiceof SQL asquerylanguagemadeby mostresearch
projectsondatastreams;however, theseprojectsoftenunderestimatethechal-
lengesfacedby SQL in this new role. For instance,the designof a general-
purposedatastreamlanguageandsystemis thestatedobjectiveof theCQL [3]
project,which introducesseveralSQL-basedconstructswith rigorousseman-
tics [3]. Yet, CQL appearsto be effective only for simplequeries,andlacks
theability of supportingmining queries,sequencequeries,andevensomeof
themonotonicqueriesexpressiblein SQLwhicharediscussednext1.

Theexpressive power challengefacedby continuousquerylanguageswas
elucidatedin [2] whereit wasshown that(i) queriescanbeexpressedby non-
blockingcomputationsiff they aremonotonic,andthat (ii) relationalalgebra
(RA) andSQLarenotrelationallycompleteondatastreams,sincesomemono-
tonic queries1 of relationalalgebracanonly be expressedby RA or SQL by
their blocking operators(which mustbe disallowed on datastreams).More-
over, theseriousnessof SQL problemsprovenby thetheoryaresurpassedby
thoseexperiencein practice,wherewe �nd that SQL cannotsupportmany
importantclassesof applications,includingdataminingandsequencequeries.

The limitationsof SQL with time-seriesqueriesarewell-known, andhave
beenthefocusof many databaseresearchprojectsaimingat supportingtime-
seriesanalysisandthesearchfor interestingpatternsin storedsequences[16,
23, 29, 30, 28–1]. Informix [16] was the �rst amongcommercialDBMSs
to provide speciallibrariesfor time-series,that they nameddatablades;these
librariesconsistof functionsthat canbe calledin SQL queries.While other
databasevendorswerequickto embraceit, thisprocedural-extensionapproach
lacksexpressive power andamenabilityto queryoptimization.To solve these
problems,theSEQandPREDATORsystemsintroduceaspecialsublanguage,

1Theseincludetemporalqueriessuchasuntil andcoalesce,andqueriesexpressibleusingmonotonicaggre-
gation[2]
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calledSEQUIN for querieson sequences[29, 30,28]. SEQUIN workson se-
quencesin combinationwith SQLworkingonstandardrelations;queryblocks
from thetwo languagescanbenestedinsideeachother, with thehelpof direc-
tivesfor convertingdatabetweentheblocks.SEQUIN' sspecialalgebramakes
the optimizationof sequencequeriespossible,but optimizationbetweense-
quencequeriesandsetqueriesis not supported;also its expressive power is
still too limited for many applicationareas.To addresstheseproblems,SRQL
[23] augmentsrelationalalgebrawith asequentialmodelbasedonsortedrela-
tions. Thussequencesareexpressedin thesameframework assets,enabling
moreef�cient optimizationof queriesthat involve both [23]. SRQL alsoex-
tendsSQLwith someconstructsfor queryingsequences.

SQL/LPPis asystemthataddstime-seriesextensionsto SQL[1]. SQL/LPP
modelstime-seriesasattributedqueues(queuesaugmentedwith attributesthat
areusedto hold aggregatevaluesandareupdateduponmodi�cations to the
queue). Eachtime-seriesis partitionedinto segmentsthat are storedin the
database.The SQL/LPPoptimizerusespattern-lengthanalysisto prunethe
searchspaceanddeducepropertiesof compositepatternsfrom propertiesof
thesimplepatterns.

SQL-TS[26, 25] introducedsimpleandyetpowerful extensionsof SQLfor
�nding patternsin sequences,alongwith techniquesgeneralizingthe Knuth-
Morris-Pratt(KMP) algorithm[18] to supporttheoptimizationof suchqueries.
TheESL-TSsystem,discussednext, extendsthoseconstructsto work on data
streams,ratherthanstoreddata,andusesanovel implementationandoptimiza-
tion architecturethat exploits the native extensibility of ESL andthe Stream
Mill system.

The paperis organizedas follows. In the next section,we introducethe
time-seriesconstructsof the ESL-TSlanguage,which is, in Section3, com-
paredwith languagesproposedin thepastfor similarqueries.In Section4, we
discussthenative extensibility mechanismsof ESL thatwe usein the imple-
mentationof ESL-TS,describedin Section5. In Section6, weprovideashort
overview of thequeryoptimizationtechniquesusedin suchimplementation.

2. The ESL-TS Language

Our Expressive StreamLanguagefor Time Series(ESL-TS)supportssim-
ple SQL-like constructsto specify input datastreamandsearchfor complex
sequentialpatternsonsuchstreams.

Supposewe have a log of thewebpagesclickedby a userduringa session
asfollows:

STREAM Sessions(SessNo,ClickT ime, PageNo,PageType)ORDER BY ClickT ime;
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Here input pagesare explicitly sequencedby ClickT ime using the ORDER
BY clause.A userenteringthehomepageof a givensitestartsa new session
thatconsistsof a sequenceof pagesclicked; for eachsessionnumber, SessNo,
thelog shows thesequenceof pagesvisited—wherea pageis describedby its
timestamp,ClickT ime, number, PageNoandtypePageType (e.g.,a contentpage,
aproductdescriptionpage,or apageusedto purchasetheitem).

The ideal scenariofor advertisersis whenusers(i) seethe advertisement
pagefor someitemin acontentpage,(ii) jumpto theproduct-descriptionpage
with detailson the item andits price,and�nally (iii) click the `purchasethis
item' page.This advertisers'dreampatterncanbeexpressedby thefollowing
ESL-TSquery, where`a', `d', and`p', respectively, denoteanadpage,anitem
descriptionpage,andapurchasepage:

Example 1.1 UsingtheFROM clauseto de�ne patterns

SELECT Y.PageNo,Z.ClickT ime
FROM Sessions

PARTITION BY SessNOAS (X, Y, Z)
WHERE X.PageType=`a'

AND Y.PageType=`d'
AND Z.PageType=`p'

Thus,ESL-TSis basicallyidenticalto SQL,but for thefollowing additions
to theFROM clause.

A PARTITION BY clausespeci�esthatdatafor thedifferentsessionsare
processedseparately(i.e., as if they arrived in separatedatastreams.)
The semanticsof this constructis basicallythe sameasthe PARTITION
BY constructusedin SQL:1999windows [37], which is alsosupported
in the languagesproposedby many datastreamprojects[4]. In this
example,thePARTITION BY clausespeci�esthatdatafor eachSessNOare
processedas separatestreams.The patternAS (X, Y, Z) speci�es that,
for eachSessNO, we seeka sequenceof the threetuplesX, Y, Z (with
no intervening tuple allowed) that satisfy the conditionsstatedin the
WHERE clause.

The AS clause,which in SQL is mostly usedto assignaliasesto the
tablenames,is hereusedto specifya sequenceof tuplevariablesfrom
thespeci�ed table. By (X, Y, Z) we meanthreetuplesthat immediately
follow eachother.

Tuplevariablesfrom this sequencecanbeusedin theWHERE clauseto
specifytheconditionsandin theSELECT clauseto specifytheoutput.

In theSELECT clause,we returninformationfrom boththeY tupleandthe
Z tuple. This information is returnedimmediately, assoonas the patternis
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recognized;thusit generatesanotherstreamthatcanbecascadedinto another
ESL-TSstatementfor processing.

Rep eating Patterns and Aggregates

A key featureof ESL-TSis its ability to expressrecurringpatternsby using
a staroperator. For instance,to determinethe numberof pagesthe userhas
visitedbeforeclicking a productdescriptionpage(denotedby `d') we simply
write:

Example 1.2 Numberof pagesvisitedbefore theproductdescriptionpage
is clicked,providedthat this countis below20
SELECT SessNo,count(*A)
FROM Sessions

PARTITION BY SessNO
AS (*A, B)

WHERE A.PageType<> `d'
AND B.PageType= `d'
AND count(*A) < 20

Thus,*A identi�es a maximal sequenceof clicks to pagesotherthan`prod-
uct' pages.Then,count(*A) talliesup thosepagesand,aftercheckingthat the
countis lessthan20, returnsSessNoandtheassociatedcountto theuser. The
maximalityof thestarconstructis importantto avoid ambiguityandthepossi-
bleexplosionof matches.ESL-TSsupportsa rich setof aggregates,asneeded
for time seriesanalysis[20]; aggregatessupportedincludesrollups, running
aggregates,moving-window aggregates,online aggregates,anduser-de�ned
aggregatesinheritedfrom theAXL/ATLaSsystem[33]. Aggregatescanonly
beappliedto sequencesde�nedby stars,andcomein two verydistinct�a vors:

1 �nal aggregatesapplicableonly after the star computationhas com-
pleted,and

2 continuousaggregatesthatapplyduringthestarcomputation.

For instance,count(*A) in Example1.2is a�nal aggregate:asequenceof pages
is accepted,until a `p' pageterminatesthe sequence.At that point, the con-
dition count(*A) < 20 is evaluated,andif satis�ed thesequenceis acceptedand
SessNoand count(*A) for that sessionare returned,otherwisethe sequenceis
rejected.Example1.3 illustratestheuseof continuousaggregates—i.e.,those
that returnthecurrentvalueof theaggregatesduring thecomputation,asper
onlineaggregates[14]. It alsoillustrateshow ESL-TSbene�ts from its ability
of usingstandardSQLqueriesin combinationwith queriesonsequences.

Thepreviousquerieswerebasedonexamplesdiscussedin [26]. Let usnow
considerexamplesinspiredby currentdatastreamtestbeds[5]. Assumewe
have an incomingstreamspeedsentby sensorsplacedon stationsalong the
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highway, which measurestheaveragespeedof carsonceevery minute. Also
we have a databasetablestations thathasdescriptionsof thestations,suchas
”Closeto Exit 111”.

STREAM speed(stationId,speed,speedTime) ORDER BY speedTime;
TABLE stations(stationId, location);

A goodwayof determiningtraf�c conditionis to �nd out jam locationsalong
the highway. The jam condition is de�ned asa seriesof decreasingspeeds,
which leadsto a more than70% speedreduction,from somestartingspeed
higherthan50mph,within atimespanof atmost6 minutes(wehaveassumed
one measurementper minute). Example1.3 usescontinuousaggregatesto
detectsuchlocations.Theaggregateccount is theonlineversionof count,i.e.,
a continuouscount that returnsa new value for eachnew input. Thus, the
condition ccount(X) < = 6 is satis�ed for the �rst 6 elementsin the sequence
and,uponfailing on the7th element,it bringsthestarsequenceto completion.
In general,continuousaggregatescanbereturnedat variouspointsduringthe
computationof thesequence,asonlineaggregatesdo [14]; thus,they canalso
be usedin the conditionsthat determinewhetherthe current tuple must be
addedto thestarsequencebeingrecognized.

Thetwo differentkindsof aggregatesaresyntacticallydistinguishedby the
fact that, theargumentof a �nal aggregateis pre�xedby thestar;while there
is no starin theargumentof continuousaggregates.This queryalsousesthe
aggregateLAST ; this a built-in aggregatethatalwaysreturnsthe�nal valuein
the starsequence(thus, in Example1.3 it is usedto return the last valueof
speedin thesequence*Y .)

Example 1.3 Find out the jam locationsalongthehighway

SELECT A.location, LAST(Y).speedTime
FROM stationsAS A, speed

PARTITION BY stationId AS (X, *Y)
WHERE X.speed> 50

AND Y.speed< Y.previous.speed
AND LAST(*Y).speed < 0.3*X.speed
AND ccount(Y) < = 6
AND X.stationId = A.stationId

Noticethat,to retrieve thedescriptionof stationlocations,we usestandard
SQL to accessdatabasetable stations. Also notice that we usethe WHERE
clauseto specifyconditionsonboththevaluesof attributesandthoseof aggre-
gates. This is a simpli�cation of traditionalSQL (that would insteadrequire
HAVING for conditionson aggregates). This simpli�cation is very bene�cial
for theusers,andit hasbeenadoptedin morerecentquerylanguagessuchas
XQuery[7].
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Thesimpli�cation is madepossibleby thelackof ambiguityassociatedwith
thesequentialprocessingof patternssuchas*Y . Theprocessingis asfollows:
for eachnew tuple (i) the currentvaluesof attributesandcontinuousaggre-
gates(i.e., thosewithout the star, suchasccount(Y)) areevaluatedandall the
applicableconditionsin the WHERE clauseare tested,and(ii) if saidcondi-
tionsevaluateto true,thenthecomputationof thestarcontinueswith thenext
tuple. Otherwisetheevaluationof *Y completesandthe�nal aggregatessuch
ascount(*Y) arecomputedandtheir valuesareusedto testtheapplicablecon-
ditionsin thewhereclause.

In general,therefore,we treatconditionson starredaggregateslike condi-
tionsin theHAVING clauseof standardSQL.Thus,for Example1.2, thestate-
mentWHERE count(*A) < 20 is treatedlike HAVING count(A) < 20.

Finally, the meaningof an aggregatesuchasavg(*A) would becomeunde-
�ned if *A wereto containzeroor moreelements,andthereforewe require
one or more elementsin a the star construct. Therefore,ESL-TS wantsto
achieve bothusers'convenienceandrigoroussemantics;a formal logic-based
semanticsfor thelanguageconstructswaspresentedin [24].

As a moresophisticatedexample,saywe want to �nd out the courseof a
traf�c accidentfrom thespeedstream.Wecancomputeadiff streamfrom speed
streamwith thefollowing schema2:

STREAM diff(stationId, speeddiff , speedTime) ORDER BY speedTime;

A tuplein diff speci�esspeeddifferencebetweencarsat thecurrentstation
andcarsat the next station. Undernormaltraf�c, the differenceremainsun-
dera ratherlow value. Whenever anaccidenthappens,we will seea sudden
increaseof this difference;here,we de�ne it asa morethan2 timesincrease
within a time spanof 6 minutes.After theaccidentis cleared,thedifference
dropsbacktoarangewithin 10%of thestablecondition.In thisquery, *Y is the
patternwhenthesuddenspeeddifferencejumphappens,andoncetheincrease
stopsthepattern*Z startsto match. *Z matchingfails whenthespeeddiffer-
encecomesbackto 10%of previousdifference,or 60minuteshaveelapsed,at
whichpoint thepatternis returnedto theuser.

Example 1.4 Detectionof traf�c accidents

SELECT X.stationId, FIRST(Y).speedTime,
LAST(Z).speedTime, LAST(Z).speed diff
FROM diff
PARTITION BY stationId
AS (X, *Y, *Z)

WHERE X.speeddiff < = 15
AND Y.speeddiff > Y.previous.speeddiff

2Thecomputationcanbeeasilyexpressedin ESL-TS
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AND LAST(*Y).speed diff > 2*X.speeddiff
AND ccount(Y) < = 6
AND Z.speeddiff > 1.1*X.speeddiff
AND ccount(Z) < = 60

Comparison with other Languages

Thefollowing exampleillustratesa searchpatternon streamsthathasbeen
previouslyproposedby otherlanguagesonstoredsequences.

Example 1.5 Givena streamof events(time, name, type, magnitude)con-
sistingof Earthquake and Volcanoevents,retrieve Volcanonameand Earth-
quake namefor volcanoeruptionswhere the last earthquake (before thevol-
cano)wasgreaterthan7.0 in magnitude.

SELECT V.name,LAST(E).name
FROM eventsAS (*E, V)
WHERE E.type ='Earthquak e' AND V.type = 'Volcano'

AND LAST(E).magnitude > = 7.0

This simpleexampleis easilyexpressedin all the patternlanguagespro-
posedin thepast[23, 29,30,28–1].

However, asillustratedin [1] mostlanguageshaveproblemswith morecom-
plex patterns,suchas the classicaldouble-bottomqueries,wheregiven the
table (name,price, time), for eachstock �nd the W-curve (double-bottom).
W-curve is a period of falling prices,followed by a period of rising prices,
followedby anotherperiodof falling prices,followedby yetanotherperiodof
risingprices.To makesureit is a“real” patternwewill enforceat least5 prices
in eachperiod.In SQL/LPP+,this complex queryis handledby thede�nition
of patterns“uptrend”and“downtrend”followedby “doublebottom”asshown
next.

Example 1.6 DoubleBottomin SQL/LPP+
CREATE PATTERN uptr endAS

SEGMENT sOF quoteWHICH IS FIRST MAXIMAL, NON-OVERLAPPING
ATTRIBUTE nameAS �rst(s, 1).name
ATTRIBUTE b dateAS �rst(s, 1).time
ATTRIBUTE b price AS �rst(s, 1).price
ATTRIBUTE e dateAS last(s,1).time
ATTRIBUTE e price AS last(s,1).price

WHERE [ALL e IN s] (e.price> = prev(e,1).price
AND e.name= prev(e,1).name)
AND length(s)> = 5

CREATE PATTERN downtr endAS ...
/*this is similar to uptrend and omitted for lack of space*/
CREATE PATTERN double bottom AS

downtr endp1; uptr endp2; downtr endp3; uptr endp4 WHICH IS ALL,
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ATTRIBUTE nameIS �rst(p1).name
ATTRIBUTE b date IS �rst(p1).time
ATTRIBUTE b price IS �rst(p1).price
ATTRIBUTE e date IS last(p4).time
ATTRIBUTE e price IS last(p4).price

WHERE p1.name= p2.nameAND p2.name= p3.name
AND p3.name= p4.name

SELECT db.b date,db.b price, db.e date,db.e price
FROM double bottom

ESL-TScanexpressthesamepatternin muchfewer lines:

Example 1.7 DoubleBottomin ESL-TS
SELECT W.name,FIRST(W).time,

FIRST(W).price, LAST(Z).time, LAST(Z).price FROM quote
PARTITION BY name
SEQUENCE BY date
AS (*W, *X, *Y, *Z)

WHERE W.price < = W.previous.priceAND count(*W) > = 5
AND X.price > = X.previous.priceAND count(*X) > = 5
AND Y.price < = Y.previous.priceAND count(*Y) > = 5
AND Z.price > = Z.previous.priceAND count(*Z) > = 5

3. ESL and User De¯ned Aggregates

ESL-TSis implementedasanextensionof ESL thatis anSQL-baseddata-
streamlanguagethatachievesnativeextensibilityandTuringcompletenessvia
user-de�ned aggregates(UDAs) de�ned in SQL itself ratherthanin anexter-
nal procedurallanguage.In fact, usingnonblockingUDAs, ESL overcomes
theexpressivepower lossfrom whichall datastreamlanguagessuffer because
of the exclusion of blocking operators. In [2], it is shown that (i) all (and
only) monotonicqueriescanbeexpressedby nonblockingcomputations,and
(ii) usingnonblockingUDAs, ESL canexpressall thecomputablemonotonic
functions.Thepracticalbene�tsachievedby ESL's extraordinarylevel of the-
oreticalpower will becomeclearin thenext section,wherewe will show that
the pattern-searchingconstructsof ESL-TScanbe implementedby mapping
thembackinto theUDAs of standardESL.

UserDe�ned Aggregates(UDAs) areimportantfor decisionsupport,stream
queries,and other advanceddatabaseapplications[34, 4, 14]. ESL adopts
from SQL-3 the ideaof specifyinga new UDA by an INITIALIZE, an ITER-
ATE, anda TERMINATE computation;however, ESL lets usersexpressthese
threecomputationsby a singleprocedurewritten in SQL [33]— ratherthan
by threeprocedurescodedin procedurallanguagesasprescribedby SQL-33.

3AlthoughUDAs have beenleft out of SQL:1999speci®cations,they werepartof earlySQL-3proposals,
andsupportedby somecommercialDBMS.
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Example1.8de�nesanaggregateequivalentto thestandardAVG aggregatein
SQL. The secondline in Example1.8 declaresa local table,state, wherethe
sumandcountof thevaluesprocessedso far arekept. Furthermore,while in
this particularexample,state containsonly onetuple, it is in fact a tablethat
canbequeriedandupdatedusingSQLstatementsandcancontainany number
of tuples. Thus, INITIALIZE insertsthe valuetaken from the input streamand
setsthecountto 1. The ITERATE statementupdatesthetuple in state by adding
the new input valueto the sumand1 to the count. The TERMINATE statement
returnstheratio betweenthesumandthecountasthe�nal resultof thecom-
putationby the INSERT INTO RETURN statement4. Thus,theTERMINATE statements
areprocessedjustafterall theinput tupleshavebeenexhausted.

Example 1.8 De�ning thestandard aggregateaverage

AGGREGATE myavg(Next Int) : Real
f TABLE state(tsumInt, cnt Int);

INITIALIZE : f
INSERT INTO stateVALUES (Next, 1);

g
ITERATE : f

UPDATE state
SET tsum=tsum+Next,cnt=cnt+1;

g
TERMINATE : f

INSERT INTO RETURN
SELECT tsum/cnt FROM state;

g
g

Observe that the SQL statementsin the INITIALIZE, ITERATE, andTERMINATE

blocksplay thesamerole astheexternalfunctionsin SQL-3aggregates.But
here,we have assembledthe threefunctionsunderoneprocedure,thussup-
portingthedeclarationof their sharedtables(thestate tablein thisexample).

deallocatedjust after the TERMINATE statementis completed.This approach
to aggregatede�nition is very general.For instance,saythatwe want to sup-
port tumbling windows of 200 tuples[8]. Then we can write the UDA of
Example1.9, wherethe RETURN statementsappearin ITERATE insteadof TER-
MINATE. The UDA tumble avg, so obtained,takesa streamof valuesas input
andreturnsa streamof valuesasoutput(oneevery 200 tuples). While each
executionof the RETURN statementproduceshereonly onetuple, in general,a
UDA canproduce(a streamof) severaltuples.ThusUDAs operateasgeneral
streamtransformers.Observe thattheUDA in Example1.8 is blocking,while

4To conformto SQL syntax,RETURN is treatedasa virtual table; however, it is not a storedtableand
cannotbeusedin any otherrole.
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that of Example1.9 is nonblocking.Thus,nonblockingUDAs areeasilyex-
pressedin ESL,andclearly identi�ed by thefact that their TERMINATE clauses
are eitheremptyor absent. Thetypical default semanticsfor SQL aggregates
is that the dataare�rst sortedaccordingto the GROUP-BY attributes: thusthe
very �rst operationin thecomputationis a blockingoperation.Instead,ESL
usesa (nonblocking)hash-basedimplementationfor the GROUP-BY callsof the
UDAs. Thisdefaultoperationalsemanticsleadsto astreamorientedexecution,
wherebythe input streamis pipelinedthroughthe operationsspeci�ed in the
INITIALIZE and ITERATE clauses:theonly blockingoperations(if any) arethose
speci�edin TERMINATE, andtheseonly takeplaceat theendof thecomputation.

Example 1.9 Averageona TumblingWindowof 200Tuples
AGGREGATE tumble avg(Next Int) : Real
f TABLE state(tsumInt, cnt Int);

INITIALIZE : f
INSERT INTO stateVALUES (Next, 1);

g
ITERATE : f

UPDATE state
SET tsum=tsum+Next,cnt=cnt+1;

INSERT INTO RETURN
SELECT tsum/cnt FROM state
WHERE cnt % 200= 0;

UPDATE stateSET tsum=0,cnt=0;
WHERE cnt % 200= 0

g
TERMINATE: f g

g

ESL supportsstandardSQL,wheretheUDAs (de�ned usingSQL) arecalled
in the sameway as any other built-in aggregate. As discussedabove, both
blocking and non-blockingUDAs can be usedon databasetables,however
only non-blockingUDAs canbeusedon streams,asin thenext example.For
instance,givenanincomingstreamwhichcontainsbiddingdatafor anonline-
auctionwebsite:

STREAM bid(auction id, price, bidder id, bid time) ORDER BY bid time;

Example1.10continuouslycomputesthenumberof uniquebiddersfor auc-
tion with ID 1024within atime-basedslidingwindow of 30minutesby apply-
ing anon-blockingUDA bidderwcountonstreambid (whichwill bede�ne in
the next example). The �rst two lines in Example1.10illustratestreamdec-
larationin ESL.Thenext two linesof Example1.10�lter thetuplesfrom the
streambid usingtheconditionauction id=1024; the tuplesthatsurvive the �lter
arethenpipelinedto theUDA bidder wcount.

Example 1.10 UDAsandStreamsin ESL
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STREAM bid(auction id, price, bidder id, bid time)
ORDER BY bid time;

SELECT auction id, bidder wcount(bidder id, bid time, 30)
FROM bid WHERE auction id=1024;

In Example1.11, we de�ne an aggregate bidder wcount that continuously
returnsthecountof uniquebidderswithin aslidingwindow of certainnumber
of minutes,with thewindow sizepassedin asaformalparameter. Observethat
theformalparametersof theUDA functionaretreatedasconstantsin theSQL
statements.Thus,the INSERT statementin INITIALIZE put into thetablebidders
with theconstantbidder id andbid time. In ITERATE, we �rst addthebidderinto
the tablebidders,if it is a new bidder. Then, if it is an existing bidder, we
updatethelastseentimestampfor thatbidder. Next, we deleteall bidderslast
seenbeforetheslidingwindow starts.Finally, theRETURN statementin ITERATE

returnsthecurrentcountof uniquebidderswithin theslidingwindow.

Example 1.11 Continuouscountof uniquebidderswithin a slidingwindow
of certainnumberof minutes
AGGREGATE bidder wcount(bidder id, bid time, num min):(bcount)
f TABLE bidders(b id, btime);

INITIALIZE :f
INSERT INTO bidders VALUES(bidder id, bid time);

g
ITERATE:f

INSERT INTO bidders VALUES(bidder id, bid time)
WHERE bidder id NOT IN (SELECT bId FROM bidders);

UPDATE bidders SET btime = bid time
WHERE bidder id = b id;

DELETE FROM bidders
WHERE bid time > (btime + num min minutes);

INSERT INTO RETURN
SELECT count(b id) FROM bidders

g
TERMINATE : fg

g

Observe that, this UDA hasan empty TERMINATE, thus it is non-blocking
andcanbe usedon streams.It maintainsa buffer with minimum numberof
tupleswithin theslidingwindow, thosethatareneededto ensureall theunique
biddersarecounted.

The power and native extensibility producedby UDAs makes them very
usefulin avarietyof applicationareas,particularlythose,suchasdatamining,
thataretoo dif�cult for currentO-R DBMSs [13, 22, 15, 27]. Theability of
UDAs to supportcomplex dataminingalgorithmswasdiscussedin [35], where
they wereusedin conjunctionwith table functionsand in-memorytablesto
achieve performancecomparableto that of proceduralalgorithmsunderthe
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cacheminingapproach.For instancein [35], ascalabledecision-treeclassi�er
wasexpressedin lessthan20 statements.In thenext sectionwe describehow
UDAs areusedto implementSQL-TS.

4. ESL-TS Implemen tation

TheESL-TSqueryof Example1.2canberecastinto theFSMof Figure1.1,
andimplementedusingtheUDA of Example1.12.

Figure 1.1. FiniteStateMachinefor SampleQuery

Wecanwalk throughthecodeof Example1.12,asfollows:

Lines 2 and3: we de�ne local tableCurr entState that is usedto maintainthe
currentstateof the FSM, and the tableMemo that holds the last input
tuple.

Line 4: we initialize thesetablesasthe�rst operationin INITIALIZE.

Line 5 and6: wecheckthe�rst tupleto seeif it is 'a'. If, andonly if, this the
case,thestateis advancedto 1 andtuplevaluesupdatedfor state1,

Line 7: wecheckif wehavethecorrectinputfor transitioningto thenext state
and,in caseof failure,we resetthestatebackto 0— this correspondsto
the”Init” statein Figure1.1. We arenow in the ITERATE clauseof the
UDA, andthisclausewill beis executedfor eachsubsequentinputtuple.

Line 8: If line 7 did not execute(sqlcode> 0, indicatesthe failure of the last
statement),then the transitionconditionshold, andwe advanceto the
next state.

Line 9: oncewe transitionedinto thenext state(sqlcode=0 indicatesthat the
laststatementsucceeded),we needto updatethecurrenttuplevaluefor
thatstate.

Line 10: if we arenow in theacceptingstate(State3), we simply returnthe
tuplevalues.

Line 11 : oncethe resultsarereturned,we mustresetthe FSM to its ”Init”
state(State0).
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Example 1.12 Implementationof Example1.2
1: Aggregate�nd pattern(PageNoInint, ClickT imeIn char(16),

PageTypeIn char(1)): (PageNoint, ClickT ime char(16))
2: f TABLE Curr entState(curStateint);
3: TABLE Memo(PageNoint, ClickT ime char(16),Stateint);

INITIALIZE: f
4: INSERT INTO Curr entStateVALUES(0);

INSERT INTO Memo VALUES ((0, ”, 1), (0, ”, 2), (0, ”, 3));
5: UPDATE Memo SET PageNo= PageNoIn,ClickT ime = ClickT ime

WHERE PageTypeIn = 'a' AND State= 1;
6: UPDATE Curr entStateSET curState= 1 WHERE sqlcode= 0 g

ITERATE: f
7: UPDATE Curr entStatesetcurState= 0

WHERE (curState= 0 AND pageType<> 'a')
OR (curState= 1 AND pageType<> 'd')
OR (curState= 2 AND pageType<> 'p');

8: UPDATE Curr entStateSET curState= curState+ 1
WHERE sqlcode> 0 AND ((curState= 0 and pageType= 'a')
OR (curState= 1 and pageType= 'd')
OR (curState= 2 and pageType= 'p'));

9: UPDATE Memo SET PageNo= PageNoIn,ClickT ime = ClickT imeIn
WHERE Memo.State= (SELECT curStateFROM Curr entState)
and sqlcode=0;

10: INSERT INTO return SELECT Y.PageNo,Z. ClickT ime
FROM Curr entStateAS C, Memo AS X, Memo AS Y, Memo
WHERE C.curState= 3 and Y.st = 2 AND Z.st = 3;

11: UPDATE Curr entStateSET curState=0WHERE sqlcode= 0g
g

Thereforeit is clearhow our Example1.12succeedsin recognizingstring
'adp'. However, whenour FSM input doesnot satisfythe patterns,we must
backtrackandresumethesearchfrom previous tuples. For instance,saythat
our input string is 'aadp.' Thenthe processis asfollows: we �rst matchthe
�rst `a', andmove to State1. But thenwe seeanother̀ a' in the input string,
andthereforewe mustrestartfrom the Init state.Now this second̀ a' brings
us to State1, andwe remainin this statewhenwe see�rst `d andnext `p'.
Therefore,we needtheability to resendold input tuplesto theFSM machine
for consideration(in the worst casewe have to resendall the tuplesbut the
oldestone).This is realizedasfollows:

1 We usea specialUDA (the samefor all ESL-TS queries),called the
buffer manager. This UDA passesto �nd pattern setof tuples,asfollows.
The last stateof the �nd pattern UDA is checked, and if this is 0 (de-
noting backtracking)then teh buffer manager calls �nd pattern with the
“required”old tuples.Otherwise,thebuffer managercallsthe �nd pattern
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UDA on the currentinput tuple (which it alsostoresin buffer sinceit
mightneededlater, afterbacktracking.

2 The buffer manager �rst sendssomeold tuplesto �nd pattern, and then
take more tuplesfrom the input andgive themto �nd pattern with the
expectationthatthiswill resumethecomputationfrom thestatein which
it hadleft it. Thusbuffer manager is reentrant,andremembersthestatein
which it waslastexecuted5.

The implementationof the full ESL-TS also supportsthe star construct,
andaggregates. The '*' constructtranslatesto a self-loop in the FSM, and
the �nd pattern UDA waseasilyextendedto handlesuchself-loops. Finally
aggregatesare supported,by storing an additionalcolumn in the Memo for
eachaggregatein thequery(the .previous is implementedin a similar fashion).
Optimizationis discussedin thenext section.

Thegeneralapproachfor implementingdifferentFSMsis thesameacross
all differentFSMs,thereforewe canautomatethis translation.The resulting
UDA andESL querycanbeusedon bothstatictablesanddatastreams.Fur-
thermore,native SQL optimizationscanbeappliedto both. Figure1.1 below
illustratesthecorrespondingFSM.

5. Optimization

Thequeryoptimizationproblemsfor continuousqueriescanbeverydiffer-
entfrom therelational-algebradrivenapproachof traditionaldatabases.Finite
stateautomatabasedcomputationmodelsareoften usedfor streamingXML
data[11], while thegeneralizationof theKnuth, Morris andPratt(KMP) text
searchalgorithms[18] wasprovenveryeffective to mininimizeexecutioncost
of SQL-TS[26]. In ESL-TS,weareextendingtheKMP algorithm,to optimize
memoryutilization,andtheexecutionof concurrentqueries.

TheKMP algorithmprovidesasolutionof provenoptimality[36] for queries
suchasthatof Example1.1,whichsearchesfor thesequenceof threeparticular
constantvalues.Thealgorithmminimizesexecutionby predictingfailuresand
successesin thenext searchfrom thosein theprevioussearch.Thealgorithm
takesa sequencepatternof lengthm, P = p1 : : : pm , anda text sequenceof
lengthn, T = t1 : : : tn , and�nds all occurrencesof P in T. Usinganexample
from[18], letabcabcacabbeoursearchpattern,andbabcbabcabcaabcabcabcacabc
beour text sequence.Thealgorithmstartsfrom theleft andcomparessucces-
sive charactersuntil the �rst mismatchoccurs. At eachstep,the i th element
in thetext is comparedwith thej th elementin thepattern(i.e., t i is compared
with pj ). Wekeepincreasingi andj until amismatchoccurs.

5ºlaststateºmeansthevaluein theCurrentStatetableof theUDA at theendof thelastcall to theUDA. If
theCurrentStatetableis outsideof the®nd patternUDA thentheºlaststateºcanberetrievedfrom it.
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j; i 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
t i a b c b a b c a b c a a b c a b c
pj a b c a b c a c a b

*

For the exampleat hand,the arrow denotesthe point wherethe �rst mis-
matchoccurs.At thispoint,anaivealgorithmwouldresetj to 1 andi to 2, and
restartthesearchby comparingp1 to t2, andthenproceedwith thenext input
character. But instead,the KMP algorithmavoids backtrackingby usingthe
knowledgeacquiredfrom thefactthatthe�rst threecharactersin thetext have
beensuccessfullymatchedwith thosein the pattern. Indeed,sincep1 6= p2,
p1 6= p3, andp1p2p3 = t1t2t3, we canconcludethat t2 andt3 can't beequal
to p1, andwecanthusjump to t4. Then,theKMP algorithmresumesby com-
paringp1 with t4; sincethecomparisonfails, we incrementi andcomparet5
with p1:

i 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
t i a b c b a b c a b c a a b c a b c
j 1 2 3 4 5 6 7 8 9 10

pj a b c a b c a c a b
*

Now, we have themismatchwhenj = 8 andi = 12. Herewe know that
p1 : : : p4 = p4 : : : p7 andp4 : : : p7 = t8 : : : t11, p1 6= p2, andp1 6= p3; thus,
we concludethatwe canmove pj four charactersto theright, andresumeby
comparingp5 to t12.

In general,letusassumethatthesearchhasfailedonpositionj of thepattern
andsucceededbeforethat; it is thenpossibleto computeat compile-timethe
following two functions(deliveringnonnegative integers):

shif t(j ): this determineshow far thepatternshouldbeadvancedin the
input,and

next(j ): thisdeterminesfrom whichelementin thepatternthechecking
of conditionsshouldberesumedaftertheshift.

Theresultis of this optimizationis thatlessbacktrackingis required,when
shif t(j ) > 0, andfewer elementsof the patternneedto be checked, when
next(j ) > 0. Thuswith KMP, thecomplexity of searchingfor the�rst occur-
renceof apatternof lengthm onatext of lengthn is is reduceto O(m + n)—
whereasit wouldbeO(m £ n) without thisoptimization[18]. TheOptimized
PatternSearch(OPS)algorithm,proposedin [26] representsasigni�cant gen-
eralizationof theKMP algorithmin asfaraswesupport:

generalpredicates,besidestheequalitypredicatesof KMP, and
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SQL-TS patternsde�ned using the star and aggregates,are also fully
supported.

In termsof executionspeed,theOPSalgorithmdeliversordersof magnitude
improvementsover the naive searchalgorithm,andit thereforeis beingused
in ESL-TS.But, in additionto this, we areusingOPSto minimize memory
usage.For, instance,let usreturnto ourpreviousexample,whereweobserved
that the�rst searchfailedat t4. Beforethat,we hadsucceededat t2, andthen
t3; now, thosesuccessesaresuf�cient to assurethatwe could �rst discardt2
andthent3. Likewise,by the time we reacht12, all thepositionsbeforethat
in memorycanbe discarded.This observation is of greatpracticalvalue in
the caseof the starpatterns,sincea pattern*X canmatchan input streamof
considerablelength. SinceESL-TSonly allows usersto retrieve thestart,the
end,andaggregatesfunctionson*X , wecandropfrom memoryall theX values
assoonasthey arescanned.

A �nal topic of currentresearchin ESL-TSoptimizationis the interaction
betweenmultiple concurrentqueries.Currently, the OPSalgorithmis based
on thelogical implicationsbetweenconditionsin differentphasesof thesame
query: we are now investigating how to extend our optimizationto exploit
implicationsacrossconditionsof differentqueries.

6. Conclusion

Timeseriesqueriesoccurfrequentlyin datastreamapplications,but they are
notsupportedwell by theSQL-basedcontinuousquerylanguagesproposedby
mostcurrentdatastreammanagementsystems.In this paper, we have intro-
ducedESL-TSthatcanexpresspowerful time seriesqueriesby simpleexten-
sionsof SQL. We have alsoshown that theseextensionscanbe implemented
on top of the basicESL language—thusdemonstratingthe power of ESL on
datastreamapplicationsandthethebene�tsof its native extensibility mecha-
nismsbasedonUDAs. Wealsodiscussedoptimizationtechniquesfor ESL-TS,
andshowedthatthey canbeusedto minimizeexecutiontimeandmemoryfor
intra-queryandinter-queryoptimization.
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