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Abstract Thereis muchcurrentinterestin supportingcontinuousjuerieson datastreams
usinggeneralization®f databaseuerylanguagessuchasSQL. The research
challengegacedby this approachnclude (i) overcomingthe expressie power
limitations of databasdéanguage®n datastreamapplicationsand (ii) provid-
ing queryprocessin@ndoptimizationtechniquedor the datastreamexecution
ervironmentthatis so differentfrom that of traditional databasesIn particu-
lar, SQL mustbe extendedto supportsequencejuerieson time series,andto
overcomethe loss of expressive power dueto the exclusionof blocking query
operators Furthermorethe queryprocessindechnique®f relationaldatabases
mustbe replacedwith techniqueshatoptimizeexecutionof time-seriesjueries
andthe utilization of mainmemory The Expressie StreamLanguagédor Time
Series(ESL-TS)andits queryoptimizationtechniquesolve theseproblemsef-

ciently andarepartof thedatastreanmanagemergystenprototypedeveloped
atUCLA.

1. In tro duction

Thereis muchongoingresearchvork ondatastreamsndcontinuousjueries
[4, 12]. The Tapestryproject[6, 32] wasthe rst to focuson the problem
of “queriesthat run continuouslyover a growing database'. Recentwork
in the Telegraphproject[9, 21] focuseson ef cient supportfor continuous
gueriesand the computationof traditional SQL-2 aggr@atesthat combine
streamso wing from a network of nodes.The Tribecasystemfocuseson net-
work traf c analysig31] usingoperatoradaptedrom relationalalgebra.The
OpenCQ[19] andNiagara Systemg10] supportcontinuousqueriesto moni-
tor web sitesandsimilar resource®ver the network, while the Chronicledata
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modelusesappend-onlyorderedsetsof tuples(chronicles)that are basically
datastreamg17].

The Auroraproject[8] aimsat building datamanagemenrtystemghatpro-
vide integratedsupportfor

» Data streamsapplications,that continuouslyprocessthe most current
dataon the stateof the ervironment.

= Applicationson storeddata(asin traditionalDBs)

= Spanningapplicationsthat combineand compareincoming live data
with storeddata. This requiresbalancingreal-timerequirementswith
ef cient processingf largeamountsof disk-residentlata.

Thelearningcurve andcomplexity of writing spanningapplicationscanbe
minimizedif SQL is usedon both databasesand datastreams. This obser
vation justi es the choiceof SQL asquerylanguagemadeby mostresearch
projectson datastreamshowever, theseprojectsoftenunderestimatéhechal-
lengesfacedby SQL in this new role. For instance the designof a general-
purposealatastreanlanguageandsystems the statedobjective of the CQL [3]
project,which introducesseveral SQL-basedonstructswith rigorousseman-
tics[3]. Yet, CQL appeardo be effective only for simple queries,andlacks
the ability of supportingmining queries sequenceueries,andeven someof
the monotonicqueriesexpressiblen SQL which arediscusseahext?.

The expressie power challengefacedby continuousquerylanguagesvas
elucidatedn [2] whereit wasshawn that(i) queriescanbe expressedy non-
blocking computationsff they aremonotonic,andthat (i) relationalalgebra
(RA) andSQL arenotrelationallycompleteondatastreamssincesomemono-
tonic queries of relationalalgebracanonly be expressedy RA or SQL by
their blocking operatorqwhich mustbe disalloved on datastreams).More-
over, the seriousnessf SQL problemsproven by the theoryaresurpassetyy
thoseexperiencein practice,wherewe nd that SQL cannotsupportmary
importantclasse®f applicationsjncludingdatamining andsequenceueries.

Thelimitations of SQL with time-seriegqueriesarewell-knowvn, andhave
beenthe focusof mary databaseesearclprojectsaimingat supportingtime-
seriesanalysisandthe searchor interestingpatternsn storedsequencefl6,
23, 29, 30, 28-1]. Informix [16] wasthe rst amongcommercialDBMSs
to provide speciallibrariesfor time-seriesthatthey nameddatabladesthese
libraries consistof functionsthat canbe calledin SQL queries. While other
databas&endorsaverequickto embracat, this procedural-gtensionapproach
lacksexpressve power andamenabilityto queryoptimization. To solve these
problemsthe SEQandPREDATOR systemsntroducea specialsublanguage,

1Thesencludetemporalqueriessuchasuntil andcoalesceandqueriesexpressiblausingmonotonicaggre-
gation[2]
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calledSEQUIN for querieson sequencef29, 30, 28]. SEQUIN workson se-
guences$n combinationwith SQL working on standardelations;queryblocks
from thetwo languagesanbenestednsideeachother with the helpof direc-
tivesfor corvertingdatabetweertheblocks. SEQUIN's specialalgebramalkes
the optimizationof sequencejueriespossible,but optimizationbetweense-
guencequeriesand setqueriesis not supportedalsoits expressie power is
still too limited for mary applicationareas.To addressheseproblems SRQL
[23] augmentselationalalgebrawith a sequentiamodelbasedn sortedrela-
tions. Thussequenceareexpressedn the sameframevork assets,enabling
moreef cient optimizationof queriesthatinvolve both[23]. SRQL alsoex-
tendsSQL with someconstructdor queryingsequences.

SQL/LPPis asystemhataddstime-seriesxtensiongo SQL[1]. SQL/LPP
modelstime-serieasattributedqueuegqueuesaugmentedvith attributesthat
are usedto hold aggrejate valuesand are updatedupon modi cations to the
gueue). Eachtime-serieds partitionedinto segmentsthat are storedin the
database.The SQL/LPP optimizer usespattern-lengthanalysisto prunethe
searchspaceanddeducepropertiesof compositepatternsfrom propertiesof
thesimplepatterns.

SQL-TS[26, 25] introducedsimpleandyet powerful extensionsof SQL for

nding patternsin sequencesalongwith techniquegeneralizingthe Knuth-
Morris-Pratt(KMP) algorithm[18] to supportheoptimizationof suchqueries.
The ESL-TSsystemdiscussedhext, extendsthoseconstructgo work on data
streamstatherthanstoreddata,andusesanovelimplementatiorandoptimiza-
tion architecturethat exploits the native extensibility of ESL andthe Stream
Mill system.

The paperis organizedasfollows. In the next section,we introducethe
time-seriesconstructof the ESL-TSlanguagewhich is, in Section3, com-
paredwith languageproposedn thepastfor similar queries.In Sectiord, we
discusgthe native extensibility mechanism®f ESL thatwe usein theimple-
mentationof ESL-TS,describedn Section5. In Section6, we provide ashort
overview of the queryoptimizationtechniquesisedin suchimplementation.

2. The ESL-TS Language

Our Expresste StreamLanguagedor Time Series(ESL-TS)supportssim-
ple SQL-like constructgo specifyinput datastreamand searchfor comple
sequentiapatternson suchstreams.

Supposeave have alog of theweb pagesclicked by a userduringa session
asfollows:

STREAM Sessions(SessN@lickT ime, PageNo,PageType) ORDER BY ClickT ime;



Here input pagesare explicitly sequencedby ClickTime usingthe ORDER
BY clause.A userenteringthe homepageof a given site startsa new session
thatconsistof a sequencef pagesclicked; for eachsessiomumbey SessNg
thelog shawvs the sequencef pagesvisited—wherea pageis describedy its
timestamp ClickT ime, number PageNoandtype PageType (€.9.,a contentpage,
aproductdescriptionpage or a pageusedto purchaseheitem).

The ideal scenariofor adwertisersis whenusers(i) seethe adwertisement
pagefor someitemin acontentpage (ii) jumpto the product-descriptiopage
with detailson the item andits price,and nally (iii) click the “purchasehis
item' page.This adwertisers'dreampatterncanbe expressedy thefollowing
ESL-TSquery where'a’, "d', and p', respectiely, denoteanadpageanitem
descriptionpage anda purchaseage:

Example 1.1 UsingtheFROM clauseto de ne patterns

SELECT Y.PageNo,Z.ClickT ime
FROM Sessions

PARTITION BY SessNQOAS (X, Y, Z)
WHERE X.PageType="a'

AND Y.PageType="d'

AND Z.PageType="p'

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

= A PARTITION BY clausespeci esthatdatafor the differentsessionsire
processedeparately(i.e., asif they arrived in separatedatastreams.)
The semanticf this constructis basicallythe sameasthe PARTITION
BY constructusedin SQL:1999windows [37], whichis alsosupported
in the languagegproposedby mary datastreamprojects[4]. In this
example thePARTITION BY clausespeci esthatdatafor eachsessNoare
processeds separatestreams. The patternAs (X, Y, z) speci esthat,
for eachsessNQ we seeka sequencef the threetuplesx, v, z (with
no intervening tuple allowed) that satisfy the conditionsstatedin the
WHERE clause.

m The As clause,which in SQL is mostly usedto assignaliasesto the
tablenamesjs hereusedto specifya sequencef tuple variablesfrom
the speci edtable. By (X, Y, z) we meanthreetuplesthatimmediately
follow eachother

Tuplevariablesfrom this sequenceanbe usedin the WHERE clauseto
specifythe conditionsandin the SELECT clauseto specifythe output.

In the SELECT clause we returninformationfrom boththey tupleandthe
Z tuple. This informationis returnedimmediately as soonasthe patternis



Time Series Queriesin Data Stream ManagementSystems 5

recognizedthusit generatesinotherstreamthatcanbe cascadedhto another
ESL-TSstatementor processing.

Rep eating Patterns and Aggregates

A key featureof ESL-TSis its ability to expressrecurringpatternsoy using
a staroperator For instanceto determinethe numberof pagesthe userhas
visited beforeclicking a productdescriptionpage(denotedby "d’) we simply
write:

Example 1.2 Numberof pagesvisitedbefore the productdescriptionpage
is clicked, providedthat this countis below20

SELECT SessNocount(*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 sequenc®f clicks to pagesotherthan prod-
uct' pages.Then,count(*A) tallies up thosepagesand, after checkingthatthe
countis lessthan 20, returnsSessNoandthe associate@ountto theuser The
maximality of the starconstruciis importantto avoid ambiguityandthe possi-
ble explosionof matchesESL-TSsupportsarich setof aggrejates,asneeded
for time seriesanalysis[20]; aggr@atessupportedncludesrollups, running
aggregates,moving-windov aggreates,online aggraejates,and userde ned
aggreatesinheritedfrom the AXL/ATLaS system[33]. Aggregatescanonly
beappliedto sequencede ned by starsandcomein two very distinct a vors:

1 nal aggreyatesapplicableonly after the star computationhas com-
pleted,and

2 continuousaggreyatesthatapplyduringthe starcomputation.

Forinstancecount(*A) in Examplel.2is a nal aggr@ate:asequencef pages
is accepteduntil a 'p' pageterminateghe sequence At that point, the con-
dition count(*A) < 20is evaluated andif satis edthesequencés acceptednd
SessNoand count(*A) for that sessionare returned,otherwisethe sequenceés
rejected.Examplel.3illustratesthe useof continuousaggrejates—i.e.those
thatreturnthe currentvalue of the aggreatesduring the computationasper
onlineaggreates[14]. It alsoillustrateshow ESL-TSbene tsfrom its ability
of usingstandardsQL queriesin combinationwith querieson sequences.
Thepreviousqueriesverebasedn examplesdiscussedh [26]. Let usnow
considerexamplesinspiredby currentdatastreamtestbedg5]. Assumewe
have an incoming streamspeedsentby sensorgplacedon stationsalong the
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highway, which measureshe averagespeedof carsonceevery minute. Also
we have a databaseable stations that hasdescriptionf the stations,suchas
"Closeto Exit 111”.

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

A goodway of determiningraf c conditionisto nd outjam locationsalong
the highway. Thejam conditionis de ned asa seriesof decreasingpeeds,
which leadsto a more than 70% speedreduction,from somestartingspeed
higherthan50 mph,within atime spanof at most6 minutes(we have assumed
one measuremenper minute). Example 1.3 usescontinuousaggreatesto
detectsuchlocations.The aggr@ateccount is the online versionof count,i.e.,
a continuouscountthat returnsa new value for eachnew input. Thus, the
conditionccount(X) <=6 is satis ed for the rst 6 elementsn the sequence
and,uponfailing onthe 7" elementijt bringsthe starsequencéo completion.
In general continuousaggreatescanbe returnedat variouspointsduringthe
computatiorof the sequenceasonline aggrayatesdo [14]; thus,they canalso
be usedin the conditionsthat determinewhetherthe currenttuple mustbe
addedo the starsequencéeingrecognized.

Thetwo differentkinds of aggreyatesaresyntacticallydistinguishedy the
factthat,theargumentof a nal aggreateis pre x ed by the star; while there
is no starin the agumentof continuousaggreates. This queryalsousesthe
aggr@ateLAST; this a built-in aggr@atethatalwaysreturnsthe nal valuein
the starsequencdthus, in Examplel.3 it is usedto returnthe last value of
speedin thesequencey .)

Example 1.3 Find outthejam locationsalongthe highway

SELECT A.location, LAST(Y).speedTime
FROM stationsAS A, speed
PARTITION BY stationld AS (X, *Y)
WHERE X.speed> 50
AND Y.speedk Y.previous.speed
AND LAST(*Y).speed < 0.3*X.speed
AND ccount(Y)<=6
AND X.stationld = A.stationld

Noticethat,to retrieve the descriptionof stationlocations,we usestandard
SQL to accesdatabasdable stations. Also notice that we usethe WHERE
clauseto specifyconditionson boththevaluesof attributesandthoseof aggre-
gates. This is a simpli cation of traditional SQL (thatwould insteadrequire
HAVING for conditionson aggreates). This simpli cation is very bene cial
for the users,andit hasbeenadoptedn morerecentquerylanguagesuchas

XQuery|[7].
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Thesimpli cation is madepossibleby thelack of ambiguityassociateavith
the sequentiaprocessingf patternssuchas*y . The processings asfollows:
for eachnew tuple (i) the currentvaluesof attributesand continuousaggre-
gates(i.e., thosewithout the star suchasccount(Y)) are evaluatedandall the
applicableconditionsin the WHERE clauseare tested,and (ii) if saidcondi-
tionsevaluateto true, thenthe computatiorof the starcontinueswith the next
tuple. Otherwisethe evaluationof *y completesandthe nal aggregatessuch
ascount(*Y) arecomputedandtheir valuesare usedto testthe applicablecon-
ditionsin thewhereclause.

In general therefore we treatconditionson starredaggreyateslike condi-
tionsin the HAVING clauseof standardSQL. Thus,for Examplel.2,the state-
mentWHERE count(*A) < 20 is treatedik e HAVING count(A) < 20.

Finally, the meaningof an aggregate suchasavg(*A) would becomeunde-
ned if *A wereto containzeroor more elementsandthereforewe require
one or more elementsin a the star construct. Therefore,ESL-TS wantsto
achieve both users'convenienceandrigoroussemanticsa formal logic-based
semanticgor thelanguageconstructavaspresentedn [24].

As a more sophisticatedxample,saywe wantto nd out the courseof a
traf c accidenfrom thespeedstream.We cancomputea diff strearmfrom speed
streamwith thefollowing schema:

STREAM diff(stationld, speeddiff, speedime) ORDER BY speedime;

A tuplein diff speci esspeedlifferencebetweencarsatthe currentstation
and carsat the next station. Undernormaltrafc, the differenceremainsun-
deraratherlow value. Wheneer an accidenthappenswe will seea sudden
increaseof this difference;here,we de ne it asa morethan?2 timesincrease
within atime spanof 6 minutes. After the accidentis cleared the difference
dropsbackto arangewithin 10%o0f thestablecondition.In thisquery *y isthe
patternrwhenthesudderspeediifferencgump happensandoncetheincrease
stopsthe pattern*z startsto match. *z matchingfails whenthe speeddiffer-
encecomeshackto 10%of previousdifference pr 60 minuteshave elapsedat
which pointthe patternis returnedo the user

Example 1.4 Detectionoftrafc accidents

SELECT X.stationld, FIRST(Y).speedTime,
LAST(Z).speedTime, LAST(Z).speed.diff
FROM diff
PARTITION BY stationld
AS (X, *Y, *2)

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

2The computatiorcanbe easilyexpressedn ESL-TS



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 streamghathasbeen
previously proposedy otherlanguage®n storedsequences.

Example 1.5 Givena streamof events(time name type magnitude)con-
sisting of Earthquale and \olcanoevents, retrieve Volcanonameand Earth-
guale namefor volcanoeruptionswheee the last earthqualk (befoe the vol-
cano)wasgreaterthan7.0in magnitude

SELECT V.name,LAST(E).name

FROM eventsAS (*E, V)

WHERE E.type ='Earthquak €' AND V.type = 'Volcano'
AND LAST(E).magnitude >=7.0

This simple exampleis easily expressedn all the patternlanguagegro-
posedn thepast[23, 29, 30, 28-1].

However, asillustratedin [1] mostlanguagefave problemswith morecom-
plex patterns,suchas the classicaldouble-bottomqueries,where given the
table (name,price, time), for eachstock nd the W-curve (double-bottom).
W-curwve is a period of falling prices,followed by a period of rising prices,
followedby anotheperiodof falling prices,followedby yetanothemperiodof
rising prices.To make sureit is a“real” patterrwe will enforceatleasts prices
in eachperiod. In SQL/LPP+,this comple queryis handledby the de nition
of patterns‘uptrend” and“downtrend”followed by “doublebottom”asshovn
next.

Example 1.6 DoubleBottomin SQL/LPP+

CREATE PATTERN uptrend AS
SEGMENT s OF quote WHICH_IS FIRST MAXIMAL, NON-OVERLAPPING
ATTRIBUTE nameAS rst(s, 1).name
ATTRIBUTE b_date AS rst(s, 1).time
ATTRIBUTE b_price AS rst(s, 1).price
ATTRIBUTE e_date AS 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 downtrend AS ...
/*this is similar to uptrend and omitted for lack of space*/
CREATE PATTERN double_bottom AS
downtrend p1; uptrend p2; downtrend p3; uptrend p4 WHICH_IS ALL,
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ATTRIBUTE namelS rst(pl).name
ATTRIBUTE b_date IS rst(pl).time
ATTRIBUTE b_price IS rst(p1).price
ATTRIBUTE e_date IS last(p4).time
ATTRIBUTE e_price IS last(p4).price

WHERE pl.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-TScanexpresshe samepatternin 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.price AND count(*W) >=5
AND X.price > = X.previous.price AND count(*X) >=5
AND Y.price < =Y.previous.price AND count(*Y) >=5
AND Z.price >= Z.previous.price AND count(*2) >=5

3. ESL and User De ned Aggregates

ESL-TSis implementedasan extensionof ESL thatis an SQL-basedlata-
streamlanguagdhatachiezesnative extensibility andTuring completenesgia
userde ned aggreates(UDAS) de ned in SQL itself ratherthanin anexter
nal procedurallanguage.In fact, usingnonblockingUDAs, ESL overcomes
theexpressie power lossfrom which all datastreamanguagesuffer because
of the exclusion of blocking operators. In [2], it is shavn that (i) all (and
only) monotonicqueriescanbe expressedy nonblockingcomputationsand
(ii) usingnonblockingUDAs, ESL canexpressall the computablemonotonic
functions.The practicalbene tsachiezed by ESL s extraordinarylevel of the-
oreticalpower will becomeclearin the next section,wherewe will shawv that
the pattern-searchingonstructof ESL-TS canbe implementedoy mapping
thembackinto the UDAs of standardeSL.

UserDe ned Aggregates(UDAS) areimportantfor decisionsupportstream
gueries,and other advanceddatabasepplications[34, 4, 14]. ESL adopts
from SQL-3theideaof specifyinga new UDA by anINITIALIZE, an ITER-
ATE, anda TERMINATE computation;however, ESL lets usersexpressthese
threecomputationsgy a single procedurewritten in SQL [33]— ratherthan
by threeproceduresodedin proceduralanguagessprescribedy SQL-3°.

3Although UDAs have beenleft out of SQL:1999speci®cationsthey werepartof early SQL-3 proposals,
andsupportecdby somecommerciaDBMS.
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Examplel.8de nesanaggregateequialentto the standardavG aggreatein
SQL. The secondine in Examplel.8 declaresa local table, state, wherethe
sumandcountof the valuesprocessedo far arekept. Furthermorewhile in
this particularexample,state containsonly onetuple, it is in facta tablethat
canbequeriedandupdatedisingSQL statementandcancontainary number
of tuples. Thus, iniTiaLizE insertsthe value taken from the input streamand
setsthe countto 1. TheTeraTe Statementpdateghetuplein state by adding
the new input valueto the sumand1 to the count. The TermINATE Statement
returnstheratio betweerthe sumandthe countasthe nal resultof thecom-
putationby the inserT INTo RETURN Statemerft Thus,the TermiNATE Statements
areprocessegustafterall theinputtupleshave beenexhausted.

Example 1.8 De ning thestandad aggregateaverage

AGGREGATE myavg(NextInt) : Real
f  TABLE state(tsumint, cnt Int);
INITIALIZE : f
INSERT INTO state VALUES (Next, 1);

9
ITERATE : f

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

g
TERMINATE : f

INSERT INTO RETURN
SELECT tsum/cnt FROM state;

Obsere thatthe SQL statements$n the iniTiaLize, ITERATE, aNd TERMINATE
blocksplay the samerole asthe externalfunctionsin SQL-3 aggreates. But
here,we have assembledhe threefunctionsunderone procedurethus sup-
portingthedeclaratiorof their sharedables(the state tablein this example).

deallocatedust afterthe TerminaTE Statements completed.This approach
to aggregatede nition is very general.For instance saythatwe wantto sup-
port tumbling windows of 200 tuples[8]. Thenwe canwrite the UDA of
Examplel.9, wherethe reTurn statementsppearin 1Terate insteadof Ter-
miNaTE. The UDA tumble_avg, SO obtained takesa streamof valuesasinput
andreturnsa streamof valuesasoutput(one every 200 tuples). While each
executionof the return statemenproduceshereonly onetuple,in generala
UDA canproduce(a streamof) severaltuples. ThusUDAs operateasgeneral
streamtransformersObsenre thatthe UDA in Examplel.8is blocking,while

4To conformto SQL syntax,RETURN is treatedas a virtual table; however, it is not a storedtable and
cannotbe usedin ary otherrole.
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thatof Examplel.9is nonblocking. Thus,nonblockingUDAs are easily ex-
pressedn ESL, andclearlyidenti ed by thefactthattheir TerminaTE Clauses
are eitheremptyor absent Thetypical default semanticdor SQL aggrejates
is thatthe dataare rst sortedaccordingto the croupr-sy attributes: thusthe
very rst operationin the computationis a blocking operation.Instead,ESL
usesa (nonblocking)hash-baseinplementatiorfor the crour-gvy calls of the
UDAs. Thisdefaultoperationakemanticdeadsto astreanorientedexecution,
wherebythe input streamis pipelinedthroughthe operationsspeci edin the
iINniTIALIZE andiTErRATE clausesithe only blocking operationgif ary) arethose
speci edin TerminaTE, andtheseonly take placeattheendof thecomputation.

Example 1.9 Average ona TumblingWindowof 200 Tuples

AGGREGATE tumble_avg(NextInt) : Real
f  TABLE state(tsumlint, cnt Int);
INITIALIZE : f
INSERT INTO state VALUES (Next, 1);

9
ITERATE : f

UPDATE state
SET tsum=tsum+Next,cnt=cnt+1;
INSERT INTO RETURN
SELECT tsum/cnt FROM state
WHERE cnt % 200=0;
UPDATE state SET tsum=0, cnt=0;
WHERE cnt % 200=0

9
TERMINATE: f ¢

g

ESL supportsstandardsQL, wherethe UDAs (de ned usingSQL) arecalled
in the sameway as ary otherbuilt-in aggrejate. As discussedabove, both
blocking and non-blockingUDAs can be usedon databasdables, however
only non-blockingUDAs canbe usedon streamsasin the next example.For
instancegivenanincomingstreamwhich containsbiddingdatafor anonline-
auctionwebsite:

STREAM bid(auction_id, price, bidder _id, bid_time) ORDER BY bid _time;

Examplel.10continuouslycomputeghenumberof uniquebiddersfor auc-
tion with ID 1024within atime-basedlidingwindow of 30 minutesby apply-
ing anon-blockingUDA bidderwcounton streambid (whichwill bede nein
the next example). The rst two linesin Examplel.10illustrate streamdec-
larationin ESL. The next two lines of Examplel.10 lter thetuplesfrom the
streambid usingthe conditionauction_id=1024; the tuplesthatsurvive the Iter
arethenpipelinedto the UDA bidder wcount.

Example 1.10 UDAsandStreamsn 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 Examplel.11, we de ne an aggraate bidder wcount that continuously
returnsthe countof uniquebidderswithin a slidingwindow of certainnumber
of minuteswith thewindow sizepassedn asaformal parameterObsenrethat
theformal parametersf the UDA functionaretreatedasconstantsn the SQL
statementsThus,the INSERT statemenin iniTiaLize putinto the tablebidders
with the constanbidder id andbid time. In 1TERATE, We rst addthebidderinto
the table bidders,if it is a new biddetr Then,if it is an existing bidder we
updatethe lastseentimestampor thatbidder Next, we deleteall bidderslast
seerbeforetheslidingwindow starts.Finally, thereTurn statemenin iTeraTe
returnsthe currentcountof uniquebidderswithin the sliding window.

Example 1.11 Continuousountof uniquebidders within a sliding window
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);
9
ITERATE:f
INSERT INTO bidders VALUES(bidder _id, bid_time)
WHERE bidder_id NOT IN (SELECT bld 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

Obsere that, this UDA hasan empty TermINATE, thusit is non-blocking
andcanbe usedon streams.It maintainsa buffer with minimum numberof
tupleswithin thesliding window, thosethatareneededo ensureall theunique
biddersarecounted.

The power and native extensibility producedby UDAs malkesthem very
usefulin avariety of applicationareasparticularlythose suchasdatamining,
thataretoo dif cult for currentO-R DBMSs[13, 22, 15, 27]. The ability of
UDAsto supporicomplex datamining algorithmswasdiscussedh [35], where
they were usedin conjunctionwith table functionsandin-memorytablesto
achieve performancecomparableo that of proceduralalgorithmsunderthe
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cachemining approachFor instancen [35], ascalabledecision-treelassi er
wasexpressedn lessthan20 statementsln the next sectionwe describehow
UDAs areusedto implementSQL-TS.

4. ESL-TS Implemen tation

TheESL-TSqueryof Examplel.2canberecasinto the FSMof Figurel.1,
andimplementediusingthe UDA of Examplel.12.

PageType |I=‘a’

Figure 1.1. Finite StateMachinefor SampleQuery

We canwalk throughthe codeof Examplel.12,asfollows:

Lines 2 and3: we de ne local table curr entState thatis usedto maintainthe
currentstateof the FSM, and the table Memo that holdsthe last input
tuple.

Line 4: weinitialize thesetablesasthe rst operationin INITIALIZE.

Line 5 and6: we checkthe rst tupleto seeif it is'a’. If, andonlyif, thisthe
casethestateis advancedo 1 andtuplevaluesupdatedor statel,

Line 7: wecheckif we havethecorrectinputfor transitioningto thenext state
and,in caseof failure,we resetthe statebackto 0— this correspondso
the”Init” statein Figurel.1. We arenow in the ITERATE clauseof the
UDA, andthisclausewill beis executedor eachsubsequerihputtuple.

Line 8: If line 7 did not execute(sglcode> 0, indicatesthe failure of the last
statement)thenthe transitionconditionshold, and we adwanceto the
next state.

Line 9: oncewe transitionednto the next state(sglcode=0 indicatesthatthe
last statemensucceeded)ye needto updatethe currenttuple valuefor
thatstate.

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

Line 11 : oncethe resultsare returned,we mustresetthe FSM to its "Init”
state(State0).
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Example 1.12 Implementatiorof Examplel.2

1: Aggregate nd _pattern(PageNolnint, ClickT imeln char(16),
PageTypeln 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 entState VALUES(0);
INSERT INTO Memo VALUES ((0,”, 1),(0,", 2),(0,”, 3));
5: UPDATE Memo SET PageNo= PageNoln,ClickT ime = ClickT ime
WHERE PageTypeln ='a’ AND State= 1,
6: UPDATE Curr entStateSET curState = 1 WHERE sglcode=0g
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 sglcode> 0 AND ((curState = 0 and pageType ='a’)

OR (curState = 1 and pageType ='d’)
OR (curState = 2 and pageType ="'p"));

9: UPDATE Memo SET PageNo= PageNoln,ClickT ime = ClickT imeln
WHERE Memo.State= (SELECT curState FROM 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=3and Y.st=2AND Z.st=3;

11 UPDATE Curr entStateSET curState=0OWHERE sqlcode= 0g

Thereforeit is clearhow our Examplel.12 succeed#n recognizingstring
‘adp'. However, whenour FSM input doesnot satisfythe patterns we must
backtrackandresumethe searchfrom previoustuples. For instance saythat
our input stringis 'aadp. Thenthe processs asfollows: we rst matchthe
rst "a’, andmove to Statel. But thenwe seeanothera’ in theinput string,
andthereforewe mustrestartfrom the Init state. Now this second a’ brings
usto Statel, andwe remainin this statewhenwe see rst "d andnext p'.
Therefore we needthe ability to resendold input tuplesto the FSM machine
for consideration(in the worst casewe have to resendall the tuplesbut the
oldestone). Thisis realizedasfollows:

1 We usea specialUDA (the samefor all ESL-TS queries),called the
buffer_manager. This UDA passe$0o nd _pattern setof tuples,asfollows.
The last stateof the nd pattern UDA is checled, andif thisis O (de-
noting backtracking)then teh buffer_manager calls nd _pattern with the
“required” old tuples.Otherwise the buffer_manager callsthe nd _pattern
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UDA on the currentinput tuple (which it also storesin buffer sinceit
might neededater, afterbacktracking.

2 The buffer_manager rst sendssomeold tuplesto nd _pattern, andthen
take moretuplesfrom the input and give themto nd _pattern with the
expectatiorthatthiswill resumehecomputatiorfrom thestatein which
it hadleft it. Thusbuffer_manageris reentrantandremembershestatein
whichit waslastexecuted.

The implementationof the full ESL-TS also supportsthe star construct,
and aggreates. The ™ constructtranslatego a self-loopin the FSM, and
the nd _pattern UDA was easily extendedto handlesuchself-loops. Finally
aggrgatesare supported by storing an additionalcolumnin the Memo for
eachaggreatein thequery(the .previous is implementedn a similar fashion).
Optimizationis discussedn the next section.

The generalapproachor implementingdifferentFSMsis the sameacross
all differentFSMs,thereforewe canautomatehis translation. The resulting
UDA andESL querycanbe usedon both statictablesanddatastreams.Fur
thermore hative SQL optimizationscanbe appliedto both. Figure1.1 belov
illustratesthe correspondindg-SM.

5. Optimization

The queryoptimizationproblemsfor continuougjueriescanbe very differ-
entfrom therelational-algebrarivenapproactof traditionaldatabase<=inite
stateautomatabasedcomputationmodelsare often usedfor streamingXML
data[11], while the generalizatiorof the Knuth, Morris andPratt(KMP) text
searchalgorithmg[18] wasprovenvery effective to mininimize executioncost
of SQL-TS[26]. In ESL-TS,we areextendingthe KMP algorithm,to optimize
memoryutilization, andthe executionof concurrengueries.

TheKMP algorithmprovidesasolutionof provenoptimality [36] for queries
suchasthatof Examplel.1,whichsearchefor thesequencef threeparticular
constantalues.Thealgorithmminimizesexecutionby predictingfailuresand
successem the next searchfrom thosein the previous search.The algorithm
takesa sequenceatternof lengthm, P = p;1:::pm, andatext sequencef
lengthn, T = t1:::t,, and nds all occurrencesf P in T. Usinganexample
from[18], letabcabcacabeoursearchpatternandbabcbabcabcaabcabcabcacabce
be ourtext sequenceThealgorithmstartsfrom theleft andcomparesucces-
sive characterantil the rst mismatchoccurs. At eachstep,thei th element
in thetext is comparedvith thej ! elementin the pattern(i.e., t; is compared
with pj). We keepincreasing andj until amismatchoccurs.

5olaststatedneanghevaluein the CurrentStatéableof the UDA atthe endof thelastcall to the UDA. If
the CurrentStateéableis outsideof the®nd patternUDA thentheClaststatetanberetrievedfrom it.
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For the exampleat hand,the arrov denoteshe point wherethe rst mis-
matchoccurs.At this point,anaive algorithmwouldresef to 1 andi to 2, and
restartthe searchby comparingp; to t,, andthenproceedwith the next input
character But instead,the KMP algorithmavoids backtrackingby usingthe
knowledgeacquiredrom thefactthatthe rst threecharacterén thetext have
beensuccessfullymatchedwith thosein the pattern. Indeed,sincep1 6 po,
p1 6 ps, andpipzps = titots, we canconcludethatt,; andts cant beequal
to p1, andwe canthusjumpto t4. Then,the KMP algorithmresumedy com-
paringp; with t4; sincethe comparisorfails, we increment andcomparets
with p:

i 1234546 7 8 9 10 11 12 13 14 15 16 17
ti abcbabcaboc¢c a a b c¢c a b c
i 12345 6 7 8 9 10
pi abcaboc a c a b

Now, we have the mismatchwhenj = 8 andi = 12. Herewe know that
Pr::iPa = Pa::iprandps:iipy = tgiiitig, p1 6 p2, andpy 6 ps; thus,
we concludethatwe canmove p; four charactergo theright, andresumeby
comparingps to t».

In generalletusassuméhatthesearchasfailedonpositionj of thepattern
andsucceedetbeforethat; it is thenpossibleto computeat compile-timethe
following two functions(deliveringnonneative integers):

= shif t(j): thisdeterminesow far the patternshouldbe advancedn the
input,and

= next(j): thisdeterminesrom which elemenin thepatternthechecking
of conditionsshouldberesumedfterthe shift.

Theresultis of this optimizationis thatlessbacktrackings requiredwhen
shif t(j) > 0, andfewer elementsof the patternneedto be checled, when
next(j) > 0. Thuswith KMP, thecompleity of searchindor the rst occur
renceof a patternof lengthm onatext of lengthn is is reduceto O(m + n)—
whereast wouldbeO(m £ n) withoutthis optimization[18]. The Optimized
PatternSearchOPS)algorithm,proposedn [26] represents signi cant gen-
eralizationof the KMP algorithmin asfar aswe support:

= generabpredicatesbesideghe equalitypredicateof KMP, and
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m SQL-TS patternsde ned using the star and aggreates,are also fully
supported.

In termsof executionspeedthe OPSalgorithmdeliversordersof magnitude
improvementsover the naive searchalgorithm,andit thereforeis beingused
in ESL-TS.But, in additionto this, we are using OPSto minimize memory
usage For, instancelet usreturnto our previousexample wherewe obsenred
thatthe rst searchailedatt,. Beforethat,we hadsucceededtt,, andthen
t3; now, thosesuccessearesufcient to assurghatwe could rst discardt,
andthents. Likewise, by thetime we reacht;,, all the positionsbeforethat
in memorycan be discarded. This obsenation is of greatpracticalvaluein
the caseof the starpatterns sincea pattern*x canmatchan input streamof
considerabldength. SinceESL-TSonly allows usersto retrieve the start,the
end,andaggregatesfunctionson*x , we candropfrom memoryall thex values
assoonasthey arescanned.

A nal topic of currentresearchin ESL-TSoptimizationis the interaction
betweenmultiple concurrentqueries. Currently the OPSalgorithmis based
onthelogical implicationsbetweerconditionsin differentphase®f thesame
query: we are now investigating how to extend our optimizationto exploit
implicationsacrossconditionsof differentqueries.

6. Conclusion

Time seriegyueriesnccurfrequentlyin datastreamapplicationsputthey are
notsupportedvell by the SQL-basedontinuougjuerylanguageproposedy
mostcurrentdatastreammanagemensystems.In this paper we have intro-
ducedESL-TSthatcanexpresspowerful time seriesgueriesby simpleexten-
sionsof SQL. We have alsoshawvn thattheseextensionscanbeimplemented
on top of the basicESL language—thusiemonstratinghe power of ESL on
datastreamapplicationsandthe the bene ts of its native extensibility mecha-
nismshasenUDAs. We alsodiscussedptimizationtechniquesor ESL-TS,
andshavedthatthey canbe usedto minimize executiontime andmemaoryfor
intra-queryandinter-queryoptimization.
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