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Abstract

A relation is an unorderedcollectionof records. Often,
however, there is an underlyingorder (e.g., a sequenceof
stock prices),anduserswantto posequeriesthatreflectthis
order(e.g., finda weeklymovingaverage).SQLprovidesno
supportfor posingsuch queries.In thispaper, weshowhow
a rich classof queriesreflectingsortordercanbenaturally
expressedandefficientlyexecutedwith simpleextensionsto
SQL.

1. Introduction

Ordereddata,or sequences, canbefoundin awiderange
of commercial,statistical,andscientificapplications.These
applicationsrequireDBMS supportto store, manipulate,
andquerysequencesefficiently, andsuchsupportis miss-
ing in RDBMSssincetherelationalmodelprovidessetsof
tuplesasits only datastructure.SQL [2], themostwidely
usedquerylanguagefor relationalsystemsis incapableof
answeringsomecommonqueriesposedby commercialand
scientificapplications,suchasmoving aggregates.

Oneapproachthat is beingexploredin many commer-
cial systemsis supportfor sequencesasa new ADT. Users
canstorea sequencein a field of a tuple, andmanipulate
it usingassociatedsystem-definedmethodssuchasmoving
averages.In earlierwork [8], we arguedthat theADT ap-
proachwasinadequatefor supportingbulk datatypes(such
as sequences)over which usersmight want to ask a rich
classof queries. The approachlimits both the easewith
which queriescanbe formulated,andthe degreeof query

c
�

1998 IEEE. Publishedin the Proceedingsof SSDBM’98, July 1-3
1998in Capri, Italy. Personaluseof this materialis permitted.However,
permissionto reprint/republishthismaterialfor advertisingor promotional
purposesor for creatingnew collective works for resaleor redistribution
to serversor lists, or to reuseany copyrightedcomponentof this work in
otherworks, mustbe obtainedfrom the IEEE. Contact:Manager, Copy-
rightsandPermissions/ IEEEServiceCenter/ 445HoesLane/ P.O. Box
1331 / Piscataway, NJ 08855-1331,USA. Telephone:+ Intl. 732-562-
3966.

optimizationthat canbe achieved. We proposedthe con-
ceptof anenhancedADT (EADT) to handlesuchbulk data
types,anddemonstratedthebenefitsof thisapproach.

In thispaper, weconsideranotherapproachto extending
relationalDBMSswith supportfor sequencedata,basedon
treatingsequencesassortedrelations,with featuresin the
querylanguagethat exploit the sort order. Our extensions
to SQL allow a combinationof unorderedand(logically)
orderedrelationsto be queriednaturally, and permit effi-
cientevaluationwith minimalextensionsto a traditionalre-
lationaloptimizerandevaluationengine.In comparisonto
theADT approach,aricherclassof queriescanbenaturally
expressed,andefficiently evaluated. In comparisonto the
EADT approach,queriesinvolving a mixture of relations
andsequencesareeasierto express,andthefull machinery
of EADTsneednotbeimplemented.(Although,theEADT
approachoffers more generalityin that supportfor other
datatypeswith rich querycapabilitiescanbeaddedeasily.)

We presentan extensionto SQL to illustrateour ideas;
this is calledSortedRelationalQueryLanguage, or SRQL
(pronounced“circle”). Weemphasizehow afew simpleex-
tensionsallow sortorderto beeffectively exploitedat both
the languageandoptimization/evaluationlevels. We have
implementedSRQL aspart of the datatransformationen-
gineof theDEVisesystem[5], which alsosupportspower-
ful visualizationfeatures.(In thispaper, wewill notdiscuss
any aspectsof DEViseotherthanSRQL.)

Themaincontributionsof thispaperare:

� The approachto modellingsequencesassortedrela-
tions,ratherthanasADTs,asis commonlybeingdone
in Object-RelationalDBMSsor ORDBMSs(e.g.,[3]),
or asEADTs. This leadsto easierqueryingof a com-
binationof relationsandsequences,andenablesmore
integratedoptimizationandevaluation.

� An algebraover sequencesthat extendsrelationalal-
gebrato addresssortorder.

� The extension of SQL to query sorted relations in
SRQL.Weextendtheearlierresultsof SEQUIN [8, 9]



significantly, anddefineSRQL semanticsin termsof
ouralgebra.

� An implementationdemonstratingthat efficient and
scalablequeryevaluationis feasiblefor SRQL.

The restof this paperis organizedas follows. In Sec-
tion 2, weprovidethemotivationfor ourwork by consider-
ing queriesthat illustratethedeficienciesof SQL in query-
ing sequences.Wedescribetheextensionof relationalalge-
brato asequencealgebrain Section3,andweintroducethe
SRQLlanguageasanextensionof SQL in Section4. Per-
formanceresultsof our initial SRQL implementationare
presentedin Section5. We talk of relatedwork, especially
with respectto ORDBMSs,TSQL [10] andRISQL [7] in
Section6. Section7 concludesthepaper.

2. Motivation

Sequencedatais encounteredin a wide varietyof scien-
tific andcommercialapplications,e.g.,experimentaltraces,
processevolution, satellite observationsover time, stock
market prices,andsalaryhistories. Thereis alsogreatin-
terestin maintaininga historyof a user’s queries,or a log
of thechangesmadeto adatabase,andanalyzingsuchtrace
datato identify interestingpatternsof usage.Given these
trends,the ability to analyzelarge sequencesis becoming
increasinglyimportantandDBMS vendorsarebeginningto
addsuchcapabilities.Thework reportedherepresentsan
attractive alternative to the two main existing approaches,
whicharebasedonADTs andEADTs.

Thefollowing simplequeriesillustratetheusefulnessof
sequencequerysupport:

1. Find the leadingweekly moving averageof the Dow
JonesIndustrial Average, given a table DJIA(date,
close).

2. Find the trailing weeklymoving average(i.e., theav-
eragefor thepastweek,for eachdate)for eachstock,
givenatableStocks(date, symbol,close). Orderthere-
sultingsequencesby stockname,date.(Theresultcan
bethoughtof asarelationwith fieldssymbol,date, av-
erage, sortedon thecompositekey (symbol,date).)

3. For eachdayin ’97, find thetencheapeststocks.

4. For eachdayin ’97, find thetenmostexpensivestocks.

5. Compute the percentchangeof each stock during
1997,andthenfind stocksthatwerein thetop5%.

6. Find the of datesof stockswherethe leadingweekly
averageis greaterthan 1.2 times the trailing weekly
average,giventheStockstable.

7. For eachweek,find the stock in which a given cus-
tomer(sayJoe)hadthemostinvested.In additionto
theStockstable,a tableTrans(customer, symbol,date,
shares) recordsthe changein sharesfor a given cus-
tomer, symbol,anddate.

Thesequeriesillustratetherich classof queriesonecan
askover sequences.Of course,a wider variety of aggre-
gateoperationscouldbeincluded,andvariouskindsof date
arithmeticandcalendarsupportcould be added(e.g., un-
derstandingleapyears,the differencebetweena sequence
of week-daysand a sequenceof integers),but thesewill
not be our focus. We focuson how sequentialityleadsto
novel querypatterns,andhow to expressandoptimizesuch
queriesin a relationalsetting.

Noneof theabove queriescanbeexpressedin SQL-92.
Some(e.g.,thefirst) but not all canbeexpressedby some
SQL extensionsin current productssuchas Red Brick’s
RISQL.In particular, queriessuchasthesecond(which in-
volvesnestedsequences)or the last (which involvescom-
biningsortedandunsortedtables)arenotsupported.In Ap-
pendixA wegiveSRQLversionsof thesequeries.

Ourapproachis alsorelevantto temporaldatabasequery
languages,but additionalwork is requiredto addresstem-
poralissuessuchascalendarsandtime intervals.

3. Extensions to Relational Algebra

To manipulatesortedrelations,we extendrelationalal-
gebra(plusgroup-byandNULLsasin SQL)with four new
operators:Sequence( � ), Shift ( � ), ShiftAll ( � ), andWin-
dowAggregate( � ). Only � is a necessaryextension;the
rest can then be definedusing � , relationalalgebra(plus
group-byandNULLs). We definethesemanticsof SRQL
queriesin termsof this “sequencealgebra” in Section4.
Thealgebrarepresentsthelogicaloperators;theimplemen-
tationis freetodefinemoreefficientphysicaloperators(like
join).

For consistency with SQL,weconsidera relationto bea
multisetof tuplesratherthana setof tuples.Like SQL,we
usean operator“Distinct” to remove duplicates,andsup-
portoperatorsthatdistinguishbetweengroupsof tuplesin a
relationthatarepartitioned(butnotnecessarilyfully sorted)
by valueof thegroupingattributes.

3.1. Sequences as Sorted Relations

Webegin by definingournotionof sequences,whichare
essentiallyjust sortedrelations.A simplesequenceis a re-
lation that is (logically, thoughnot necessarilyphysically)
sortedon a key that is a concatenationof attributes,which
wecall thesequencingattributes.



A compositesequenceis a relationthat is first grouped
onasetof attributes,calledgroupingattributes, andthense-
quencedby a concatenationof sequencingattributeswithin
eachpartitiondefinedby identicalgroupvalues.Thevalue
of the grouping attributes in any tuple of the relation is
calledthegroupvalue; likewise, thevalueof thesequenc-
ing attributesis calledthesequencevalue. In theremainder
of the paper, we usethe term sequenceto refer to eithera
simpleor compositesequence.

To be precise,a sequenceis a relation plus a set of
groupingattributesanda list of sequencingattributes.The
groupingandsequencingattributes(which areallowed to
beemptysets)induceanorderingover thetuples.For each
tuple,wecanthereforetalk of theordinalnumberof thetu-
ple in thesequence(within thegroupof the tuple). Within
eachgroup,all integersbetweenthe first and last ordinal
for thegroupareassignedto sometupleof thegroup(i.e.,
theordinalnumberingis dense). For convenience,we treat
theordinalnumberof a tupleasa specialintegerattribute,
ordinal, but thereadershouldnotethat this attribute is not
actuallystored.1

3.2. Sequence Algebra

Thealgebraoperatesonsequences,of whichunsortedre-
lationsarejustaspecialcasehaving emptysetsof grouping
andsequencingattributes. Thus,we begin with the basic
relationaloperators(definedon multisets,asin thealgebra
underlyingSQL, e.g., [6, 4], andextendthemto work on
sequences:select( � ), project( � ), cross-product( � ), union
( 	 ), andset-difference( 
 ). To extendthem,wemustdefine
how theoutputis groupedandsequenced;we do this sim-
ply by definingthegroupingsetandsequencinglists to be
emptyfor theresultof eachof theaboveoperators.Observe
thattheordinal “attribute” of theinputrelationsis notprop-
agatedto theresult!Themostimportantpointto noteis that
weallow theselectoperator to specifyselectionconditions
over theordinalattributeof its input.

In contrastto relationalalgebra,weneedto treatjoin (�
� )
asa primitive operatorbecausewe want to beableto refer
to theordinal attributesof the input tablesin the join con-
dition, andourversionof cross-productdoesnotpropagate
thesespecialattributes.Wealsoincludeleft-outerjoin (�
� ),
which is thesameasjoin, exceptthat it guaranteesthatall
tuplesfrom its left input appearin theoutput. Any left tu-
ple thatdoesnotmatcharight tupleis matchedwith NULL
valuesfor theright tuple. Thejoin operatorsin SRQL,like
theotherextendedrelationaloperators,aredefinedto have
emptygroupingsetsandsequencinglists.

In the restof this section,we presentthe operatorsthat
directly addresssortorder. Theessentialnew operator, Se-
quence( � ), createsa sequence.No additionaloperators

1Wesometimesabbreviatetheordinalattributeasord.

arenecessary, but it is convenientto introduceshift opera-
tors that align tuplesof a sequencebasedon the sequence
order, andan operatorfor applyingaggregatefunctionsto
sequences.Theseadditionaloperatorsaredefinedin terms
of the coreSRQL algebra,which consistsof the extended
relationaloperatorsandthe � operator.

3.3. Creating a Sequence

Our fundamentalextensionof relationalalgebraconsists
of theSequenceoperator( � ), which(re)sequencesits input
tableby changingthe groupingandsequencingattributes;
thishastheeffectof appropriatelychangingtheordinal as-
sociatedwith eachtuple. Let � bea table, � bethegroup-
ing attributes,and � bethesequencingattributes. ���
� �������
partitions � basedon � into a setof partitions, ���! " " #�%$ ,
andtheneach�'& is sortedbasedon � . Whengrouping,all
NULL valuesin a groupingattribute areconsideredequal
(as in SQL), but if any sequencingattribute is NULL, the
tupleis discarded.

Wenow describehow eachtuplein apartition � & is given
an ordinal value;again,we emphasizethat this is concep-
tual. Theordinal attributecanbeusedby selectionopera-
tions,but is not preservedby otherrelationaloperators.All
tupleswith the first sequencevaluethat appearsin � & are
assignedordinalvalue1, thetupleswith thenext sequence
valueareassignedtheordinal2, andsoon. Thelastordinal
assignedto eachpartition �'& is calledLAST& . In this way,
eachdistinctvalueof thesequencingattributesis assigned
a uniqueordinalvaluebetween1 andLAST& , andeveryor-
dinal in this rangeis assignedto sometuple.

For example,considera table �(�)�+*#,-*/.+� . The resultof
� �
� 0 �1��� is:

g t x ord
3 4 a 1
3 6 b 2
3 6 c 2
3 8 b 3
2 1 a 1
2 1 b 1
2 3 c 2
2 5 d 3
2 9 e 4
2 9 f 4

3.4. Shifting a Sequence

3.4.1. ShiftAll Operator

A basicsequenceoperationis to align the tuplesof these-
quencewith othertuplesat somerelative or fixedoffset in
the sequence.For example,we can pair eachtuple with



thenext tuple in thesequence,or with thefirst tuple in the
sequence.

The ShiftAll operator�32#415�6 takesa sequence5 anda
relative ordinalvalue 7 andjoins eachtuple 8 of 5 with all
thetuplesof 5 in thesamegroupas 8 thathave anordinal
value= ordinal(8 ) + 7 . If no tuplewith theappropriateordi-
nal is foundin thegroupof 8 (i.e.,shiftingto anordinalless
thanoneor greaterthanLAST), then 8 is pairedwith NULL
values.In otherwords:

� 2 41596;:<�>='? @
A ='? BC4�5 D �E'F �-G EIH"F �-JE'FLK#MON-P &QG EIH"FLK#MON
�>RS�

where � is the groupingattributes, � is the sequencingat-
tributes, �>R is a copy of � , and �
� standsfor left outer
join.

We extend T sothat it cantake fixedaswell asrelative
ordinals: when a fixed ordinal U is used(e.g., FIRST, to
denotethe first tuple), the expressionVCWYX[Z]\ usedin the
outerjoin is replacedby U . This resultsin eachtuplebeing
pairedwith all thetuplesat thegivenfixedordinalposition.
We do not definethe syntaxhere,but SRQL doesinclude
suchconstructs.

In general,we are interestedin matchinga tuple with
tuplesatseveraldifferentordinals,soweextend T to takea
setof (fixedor relative)ordinals.Let �^�
*" S " I*Y��_ becopies
of thesequenceR. Now T is definedas:

Ta` &cbd� FeFeF � &Qf�g �1���ih
� E'F �
� E'F � �j S " -� E'F �
� E'F � �1� �
�k b � � �l S " �
�k f � _ �

whereeachmon is a predicateof theform:

���3 �ahp�qnr �s�Itu���3 cVCW#XvZw\1n�h]�xnr cVCW#Xy�
Taking �(�c�l*/,-*#.z*
V{W#Xs� from the example above,

T|`-} �Y� R~g �1��� is:

g t x ord , } � . } � , P R . P R
3 4 a 1 NULL NULL 8 b
3 6 b 2 4 a NULL NULL
3 6 c 2 4 a NULL NULL
3 8 b 3 6 b NULL NULL
3 8 b 3 6 c NULL NULL
2 1 a 1 NULL NULL 5 d
2 1 b 1 NULL NULL 5 d
2 3 c 2 1 a 9 e
2 3 c 2 1 b 9 e
2 3 c 2 1 a 9 f
2 3 c 2 1 b 9 f
2 5 d 3 3 c NULL NULL
2 9 e 4 5 d NULL NULL
2 9 f 4 5 d NULL NULL

3.4.2. Shift Operator

Sometimeswe only want to match a tuple with the se-
quencevalue at someoffset in the sequence,rather than
the whole tuple. When this is the case,the Shift opera-
tor, � , canbeusedto avoid the“cross-producteffect” of T
causedby duplicatesequencevalues(e.g., tuple (2,3,c,2)
in the exampleabove). � is similar to T , except that it
removesduplicatesequencevaluesbeforejoining. Let �
be a sequencewith groupingattributes � and sequencing
attributes � . Let � � *" S " �*#� _ be copiesof the sequence
� �
� � � Distinct�)� �
� � �����/�#� . We define� as:

��` & b � FeFeF � & f g �����;h
� E'F �
� E'F ���j S " ~� E'F �S� E'F ���1���
�k b �%�~�l " S ��
�k f �%_��

whereeachmon is a predicateof theform:

�3 �(hp��nC �>t��3 �V{W#XvZw\�n�h���n{ cVCW#X
Like T , we canextend � to take bothfixedandrelative or-
dinals.

Usingtheexampleabove, ��`-} �d� R-g ����� =

g t x ord , } � , P R
3 4 a 1 NULL 8
3 6 b 2 4 NULL
3 6 c 2 4 NULL
3 8 b 3 6 NULL
2 1 a 1 NULL 5
2 1 b 1 NULL 5
2 3 c 2 1 9
2 5 d 3 3 NULL
2 9 e 4 5 NULL
2 9 f 4 5 NULL

We notethe following propertiesof ShiftAll andShift.
In whatfollows, � is a sequencewith groupingattributes�
andsequencingattributes� .

1. Shift with multiple offsets can be expressedas the
compositionof multipleShift operators:

�C` &�� n g �����ih]�"&/�1� n �1�9�#�;h]� n ���S&/�1�9�#�

2. Shift with two offsetsis not the sameasthe join (or
outerjoin) of thetwo shiftedsequences.

��` &�� n g �����>�h��S&#�1��� � ��-GI�~J�/�d� G �#�Y�
� n �����

3. ShiftAll with multiple offsetsis not the sameas the
compositionof multipleShiftAll operators:

Ta` &�� n g �������h]T^n��OT & �����#�



4. ShiftAll with two offsetsis not thesameasthejoin (or
outerjoin) of thetwo shiftedsequences:

�|� 2 A �d� 4�5�6��:�� 2 41596 �
��-GI�~JK#M�N G K#MON
T n �1���

5. Shift andShiftAll canbeinterchanged:

T3�����
�I�����/��h��S�z�1T3�������/�

6. Shift simplyaddsattributesto a sequence:

� �
� � �)� E �1� & �����/�#�;h��

7. ShiftAll notonly addsattributesto asequence,but can
alsoduplicatetuplesin thesequence:

Distinct�)� E �OT & �1�9�#�/�;h Distinct�1���

3.5. Aggregate Operations

Whenapplyingan aggregatefunction on a sequence,a
differentaggregatevaluecanresultfrom eachordinalvalue
of thesequence.For eachordinal,asectionof thesequence,
calleda window, is created,andthe aggregatefunction is
appliedto the window. For example,when computinga
trailing weekly moving averageof daily stockprices,the
window is thecurrentdayplustheprevioussix days.

Becauseeachordinalvalueof thesequencecanhave its
own window, we donot collapsegroupswhenaggregating.
Instead,the aggregateresult is simply appendedto the tu-
ple. Aggregatingin thismannerallowsusto usea different
window for eachaggregatefunction that is appliedto the
sequence.

The WindowAggregateoperator, � , allows a different
window to be definedfor eachtuple , of a sequence� . It
usesa selectionpredicate�'�),/� , whichcanreferto thevalue
of theordinal attributein thecurrenttuple , to selectasub-
setof , ’s groupin � . The resultof theWindowAggregate
operatorhasthe samegroupingsetandsequencinglist as
its input, andcontainsonetupleper input tuple. For each
input tuple , , theoutputcontainsthetuple:

� ,-*-�i�S�l���� ���¡ 0 F �-G E'F �~Jr¢C£L0)¤ �����/�#��¥
where�o�
� is anaggregateoperator(e.g.,MIN, MAX,SUM,
COUNT, AVG), . is anattributeof � , and � is thegrouping
attributesof � . 2 3

Usingour runningexample,�����3*/,§¦�¨l©�* MAX*/.l� is:

2WenotethattheWindowAggregateoperatorcanbedefinedusingthe
otheroperators,but will not discussthis further.

3Thereis alsoa value-basedversionof WindowAggregatewhereª�«Q¬�­
is allowedto referencethesequencingattributes.

g t x MAX(x)
3 4 a c
3 6 b c
3 6 c c
3 8 b c
2 1 a f
2 1 b f
2 3 c f
2 5 d f
2 9 e f
2 9 f f

If we let � bethis result,noticethattheSQLquery:

SELECT g,MAX(x)
FROM R
GROUP BY g

is equalto Distinct�)� �S� ®3¯I°�£   ¤ �)�>�/� .
� is similar to, yet distinct from, the ± operatordefined

by ChatziantoniouandRossin [1]. The ± operatorwasalso
introducedto defineaggregationwindows,althoughfor dif-
ferentmotivatingproblems.Wedefined� becauseit allows
amorenaturaltreatmentof SRQL.

As describedin Section4.3,SRQLcurrentlyrestrictsthe
useof � to ensureefficientevaluation.We areinvestigating
waysto efficiently incorporateadditionalfunctionalityof � .

4. The SRQL Language

The SRQL languageenhancesSQL to supportqueries
that reflectsort order. Using the operatorsdefinedin the
previoussection,we cannow definethesyntaxandseman-
tics of SRQL. An implementationof SRQL is allowed to
executethequeryin any manner, aslongasthesemanticsis
preserved.

4.1. Shift Operators

SRQLallowstablesto beorderedin theFROM clauseso
thatwe canmatchtuplesof thesequencewith othertuples
at somerelativeor fixedoffsetin thesequence.TheSHIFT
functiontakesa (sequence)tuplevariableandanoffsetand
providesaccessto the sequencingattributesat that offset.
Similarly, theSHIFTALL functionprovidesaccessto all of
theattributes,not just thesequencingattributes.For exam-
ple:

SELECT S.t, S.x, SHIFTALL(S,-1).x,
SHIFT(S,1).t

FROM R GROUP BY g SEQUENCE BY t as S

returnseachtuple of ² matchedwith all of the . values
immediatelybeforethe tuple in ² , and the single , value
thatoccursimmediatelyafterthetuple. If no . or , valueis



found,a NULL valueis used.If ³ doesnot have duplicate
( ´lµ/8 ) values,thenonly one ¶ valuewill occurimmediately
beforethetuple.

To evaluatequerieswith SHIFTandSHIFTALL, theoff-
setsfrom all of theSHIFTcallsfor asequencearegathered
into a set · , andthe offsetsfrom the SHIFTALL calls are
gatheredinto aset ¸ . Thedefinitionof thesequenceis then
replacedwith callsto � and � on thatdefinition; theabove
queryis equivalentto theexpression:

�y¹ A ºrA º{»�¼dA ¹�½ ¼ 41�|�~¾I¿ � 41�
�#À%¿ � 4�� @
A ¹d415�6/6/6
SRQLhastwo specialvalues,FIRSTandLAST, thatcan

be usedwith SHIFT andSHIFTALL to get fixed ordinals.
For example,SHIFTALL( ³ ,LAST-3).x getsall x valuesas-
sociatedthefourth to lastordinal.Theonly typesof offsets
allowedare Á�7 , FIRSTÂ�7 , andLAST
x7 , where7 is aninte-
gerconstant.

4.2. Joining Sequences

To illustratethepowerof shifting,considerthefollowing
query:For eachvolcanoeruptionwherethethemostrecent
earthquake that wasgreaterthan7.0 on the Richterscale,
whatwasthenameof theearthquake?

Volcano Earthquake
time name time name magnitude

3 v1 1 e1 8
4 v2 2 e2 2
5 v3 5 e3 8
8 v4 6 e4 9
9 v5 7 e5 8

SELECT V.name, E.name
FROM Volcano AS V,

Earthquake SEQUENCE BY time AS E
WHERE E.time <= V.time
AND (SHIFT(E,1).time > V.time

OR SHIFT(E,1).time IS NULL)
AND E.magnitude > 7

Theresultis:

V.name E.name
v3 e3
v4 e5
v5 e5

Now considerasimilarquery:For eachearthquakethatwas
greaterthan7.0ontheRichterscale,whatwasthenext non-
concurrentvolcanoeruption?

SELECT V.name, E.name
FROM Volcano SEQUENCE BY time AS V,

Earthquake AS E
WHERE V.time > E.time
AND (SHIFT(V,-1).time <= E.time

OR SHIFT(V,-1).time IS NULL)
AND E.magnitude > 7

Theresultis:

V.name E.name
v1 e1
v4 e3
v4 e4
v4 e5

Sincewe expect this type of sequencejoin to be com-
mon, we createdfour predicateoperatorsthat expressit
moresuccinctly. Ã^ÄeÅ SUCCEEDSÆaÄ ¶ meansjoin a Æ tu-
ple with the Ã tuple(or tuplesif Ã hasduplicatesequence
values)having the minimumÃ^ÄeÅ valuethat is greaterthan
ÆaÄ ¶ . Ã must be sequencedby Å . Similarly, Ã^ÄeÅ PRE-
CEDESÆÇÄ ¶ saysto join a tupleof Æ with thetuple(s)of Ã
thathavethemaximumvalueof Ã^ÄeÅ whichis lessthan ÆaÄ ¶ .
SUCCEEDS=andPRECEDES=allow Ã^ÄeÅ to be equalto
ÆaÄ ¶ . Usingthesepredicates,theabovequeriesbecome:

SELECT E.name, V.time
FROM Volcano AS V

Earthquake SEQUENCE BY time AS E
WHERE E.time PRECEDES= V.time
AND E.magnitude > 7

SELECT E.name, V.time
FROM Volcano SEQUENCE BY time AS V,

Earthquake AS E
WHERE V.time SUCCEEDS E.time
AND E.magnitude > 7

4.3. Aggregation

Moving aggregationoperatorsare usedfor calculating
anaggregatefunction(e.g.,average) repeatedlyon subsec-
tionsof asequence(calledwindows).For example,a2-day
moving averageof expensesoveraweekwill producea list
of values,startingwith theaverageof expensesonMon and
Tue,followedby theaverageof expenseson TueandWed,
andsoon. Theaggregateis calculatedover thewindow as
thewindow slidesdown thesequence.

Moving aggregatescanbecategorizedasposition-based
or value-based.The position basedoperatorsignore the
actual distancebetweenthe sequencingvalues. For ex-
ample,a positionalwindow of (-3,0) includesthe records
correspondingto the three previous sequencevalues in
the sequenceplus the currentsequencevalue. The value-
basedmoving aggregatestake into accounttheactualvalue
of the position when calculating the window. Thus a



valuewindow of (-3,0) would include only thoserecords
whosesequencingattributevaluefallswithin therange(cur-
rent value
 3, currentvalue).

Each of the normal aggregate functions (MAX, MIN,
SUM, COUNT, AVG) canbe usedasa window aggregate
function. The window of aggregation is specifiedin the
OVERclause. The offsetsto the OVERclausefollow the
samerulesas the SHIFT operator, andallow oneor both
of the endsof the window to be fixed by using FIRST
or LAST. The correspondingvaluebasedwindows usethe
OVER VALUES clause. A moving aggregation with no
OVERclauseis the sameasthe correspondingnormalag-
gregationover theentiresequence(i.e., thedefaultwindow
is definedto beall tuplesin thesamegroup).

Hereis anexamplethatillustratesthedifferencebetween
thetwo classesof moving aggregateoperators:

Example
num vol

1 100
2 200
3 90
5 120
7 50
8 120

The positionalmoving averageis given by the following
query:

SELECT num, AVG(vol) OVER 0 TO 1
FROM Example
SEQUENCE BY num

Theequivalentalgebraexpressionis:

��4O��� �~A ÈSÉSÊ 4OË�Ì�ÍCÎ�Ï+ÐQÑC6-µÒ{Ó#Ô[Õ :×Ö~Ä ÒCÓ#Ô ÂÙØqÚ ÒCÓ#Ô[Û :ÜÖ~Ä Ò{Ó#Ô ÂpÝ�µÞvß�à µ"á Ò Ð�6
andresultsin:

num AVG(vol)
1 150
2 145
3 105
5 85
7 85
8 120

Similarly, the valuebasedmoving averageis given by the
following query:

SELECT num,
AVG(vol) OVER VALUES 0 TO 1

FROM Example
SEQUENCE BY num

Theequivalentalgebraexpressionis:

��4���� �-A È
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andresultsin:

num AVG(vol)
1 150
2 145
3 90
5 120
7 85
8 120

Considertherecordatposition3 of theinputsequence.The
positionbasedmoving averagelooksaheadonestepin the
givensequence(at therecordat position5) to calculatethe
averageof 90 and120. However, the valuebasedmoving
averagelooks aheadonepositionin the domainof the se-
quencingattributeto calculatetheaverageof thevaluescor-
respondingto positions3 and4 which is just 90, because
recordscorrespondingtonon-existentpositionsarenotcon-
sideredin theaggregation.

Notethatwe have definedaggregationon a sequenceto
alwaysproducethe samenumberof tuplesasthe original
sequence.In other words, sequenceaggregatesonly add
attributesto thesequence,andtheentireoriginal tuplecan
beplacedin theSELECTclause.

4.3.1. Aggregates on Composite Sequences

GROUPBY andSEQUENCEBY maybecombinedto cre-
ate a compositesequencewhich may be thoughtof as a
setof sequences.Considerthe following examplerelation
Sales(product,batch, volume)andsupposewe needto find
the2-batchmoving averageof volumessoldfor eachprod-
uct. Thismaybeexpressedin SRQLas:

SELECT product, batch,
AVG(volume) OVER 0 TO 1

FROM Sales
GROUP BY product
SEQUENCE BY batch

Theequivalentalgebraexpressionis:

��4O��çSè§é/ê ÉCëjì�ALí�îYìcëOï 4§ðlÍ{ÐâÑ~ñ�6-µ
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andresultsin:



product batch volume AVG(volume)
bolts 1 10 15
bolts 2 20 55
bolts 5 90 90
nails 43 50 75
nails 44 100 80
nails 45 60 60
tacks 24 100 90
tacks 25 80 70
tacks 26 60 50
tacks 27 40 40

Clearlytheboltshavedonewell with eachsuccessivebatch
while tackshavelosttheirground,andthepicturewith nails
is notsoclear!

4.3.2. Variants of Aggregation

Anothervariantof the aggregateoperationsis cumulative
functions. Thesecalculate“running” sums,averagesetc.
over the entiresequence.Cumulative functionsarespeci-
fied usingtheCUMULATIVE keywordaheadof theappro-
priateaggregationfunction.WhenCUMULATIVE is speci-
fiedwith GROUPBY, thefunctiononly accumulateswithin
eachpartition.

Cumulativeaggregatesintroduceanumberof interesting
syntacticshort-cuts:

1. CUMULATIVE is an just an abbreviation for OVER
FIRSTTO 0, andtraditional(non-moving) aggregates
areequivalentto OVERFIRSTTO LAST.

2. We defineRANK()asCUMULATIVECOUNT(*).

3. We definePERCENTILE()asRANK()/ COUNT(*) *
100.

4. We defineQUARTILE()as ó PERCENTILE()ôrõröC÷ .

4.3.3. A Note on Duplicates

Sincea sequenceis just a sortedrelation, duplicatesstill
needto behandled.Eachpositionin thesequenceis treated
asa setof oneor morerecords. All operationsdescribed
above hold in thepresenceof duplicates.Hencea window
of (0,0) is well definedfor all moving aggregates;it is es-
sentiallya window on the setof valuesfor eachposition.
For example,“COUNT(*) OVER0 TO 0” givesa countof
thenumberof duplicatesfor eachpositionin thesequence.

4.3.4. WITH, WHERE, and HAVING

Weintroduceanew clause,theWITHclause,andextendthe
HAVING clauseto dealwith sequences.TheWITH clause
specifiestheselectionconditionto beappliedto eachrecord

within a windowbeforetheaggregationis done.Whenus-
ing positionbasedaggregates,this is different from spec-
ifying a selectioncondition in the WHEREclause: If the
selectionconditionis specifiedin theWHEREclause,then
certainrecordsmay be eliminatedand hencethe window
for theneighboringrecordswould change.Whenwe need
thewindow to cover theoriginal setof recordsandthese-
lectionto beappliedwithin thiswindow theWITH clauseis
required.

Thefollowingexampleillustratesthedifferencebetween
WITH andWHERE. ConsiderthesequenceSales(day, vol-
ume, profits) andsupposewe needto find the 2-daymov-
ing averageof the profitsmadesuchthatonly the salesof
volumegreaterthan100aresignificant(the restshouldbe
omittedfrom theaggregation):

SELECT day, AVG(profits) OVER 0 TO 1
FROM Sales
SEQUENCE BY day
WITH volume > 100

Theequivalentalgebraexpressionis:

��4O��� �~A ê î/ø 4jðlÍCÐQÑ-ñ
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day volume profits AVG(profits)

Mon1 100 10 20
Tue1 200 20 20
Wed1 90 30 40
Fri1 110 40 40

Mon2 50 10 20
Tue2 120 20 20

Supposewe replacethe WITH clausein the above query
with a similarWHEREclause:

SELECT day, AVG(profits) OVER 0 TO 1
FROM Sales
WHERE volume > 100
SEQUENCE BY day

This changesthe window of aggregationandhencethe
result,shown below, correspondsto thequery:For all days
with volumegreaterthan100,find the2-daymoving aver-
ageof theprofitsmade.

day volume profits AVG(profits)
Tue1 200 20 30
Fri1 110 40 30
Tue2 120 20 20

Next, we considertheHAVING clause.Justasin SQL,
predicatesin theHAVING clauseareevaluatedafteraggre-
gationis complete,andareappliedto the tablecomputed



usingthe grouping,sequencingandaggregationsteps.Of
course,unlike SQL, theremaybeseveral tuplespergroup
if the SEQUENCEBY clauseis used. Let us replacethe
WITH clausefrom abovewith a similarHAVINGclause:

SELECT day, AVG(profits) OVER 0 TO 1
FROM Sales
SEQUENCE BY day
HAVING volume > 100

Now the window of aggregation is the sameas in the
first query, but all tuplesareincludedin the moving aver-
age,andthosetuplesthathave volume Û 100areremoved
afteraggregation. This correspondsto thequery: Find the
2-daymoving averageof theprofitsmadeandreportthose
thathadvolume Õ 100. Note that just like in SQL, aggre-
gatefunctions,whethermoving or not,canbeplacedin the
HAVINGclausebut not theWHEREclause.

day volume profits AVG(profits)
Tue1 200 20 25
Fri1 110 40 25
Tue2 120 20 20

4.4. Summary of Evaluation

In general,a SRQLqueryblock lookslike this:

SELECT <expr list>
FROM <table/sequence list>
WHERE <predicate>
GROUP BY <expr list>
SEQUENCE BY <expr list>
WITH <predicate>
HAVING <predicate>
ORDER BY <expr list>

andtheorderof evaluationis:

1. SHIFTandSHIFTALLaremovedto theFROM clause.

2. All expressionsin theFROM clauseareevaluated,in-
cludingsequencingandshifting.

3. If thereis no SEQUENCEBY clause,thenproceedas
in SQL;otherwisecontinue.

4. Take the cross-productof all the tablesin the FROM
clause.

5. TheWHEREclauseis evaluated.

6. TheGROUPBYandSEQUENCEBYclausesareused
to defineasequence.

7. For each tuple (and each aggregate), a window is
formedusingtheGROUPBY, SEQUENCEBY, OVER,
OVERVALUES, andWITH clauses.Thenthewindow
is aggregated.

8. TheHAVINGclauseis evaluated.

5. Performance of SRQL

In thissection,wepresenttheresultsof our implementa-
tion of SRQL,which is still anongoingeffort. Theguiding
principlebehindthedesignof SRQLwasthatthelanguage
mustbe implementablewith minimal extensionsto a stan-
dardrelationalDBMS at both the queryoptimizationand
queryevaluationlevels.

The resultswe presenthereare illustrative of SRQL’s
capabilities,ratherthanathoroughperformanceevaluation.
In particular, wedonotprovideacomparisonof our imple-
mentationwith othersystemssuchasRISQL, but merely
aim to illustrate that our proposedlanguageextensionsin
SRQLmaybeefficiently implemented.In mostcases,the
costof the query is dominatedby the costof scanningor
sortingtherelation.Theoptimizerusescataloginformation
(or otherinformationfrom its executionplan)to determine
whetherthe relationis alreadysorted,whetherthereis an
index on the sequencingattribute, or whetherthe relation
needsto besorted.

Many moving aggregatescan be computedincremen-
tally usinga smallcacheof tuples.Considerthefollowing
querywith a window of sizethree:

SELECT age, AVG(salary) OVER 0 TO 2
FROM EMPLOYEE
SEQUENCE BY age

Initially, tuples covering three distinct values in the se-
quencingfield arescannedin andaddedto thecache(which
is essentiallya queue). The averageof the tuples in the
cacheis calculatedandoutputalongwith thefirst valueof
the sequencingattribute. Next, the window is slid down
by onevalue: all tuplesof the next valuearereadinto the
cache,andall tuplesof thefirstvaluein thecachearethrown
out.

To demonstratethatmovingaggregatescanbeefficiently
computedusingthis cachingtechnique,we timed the exe-
cutionof anumberof queries.Eachof thequeriesareposed
on the relation“Salesthat hasthreerelevantfields (batch:
Integer, price: Integer, date: Date)andsevenintegerfields
thatarenot referencedin thequeries.We considerthe fol-
lowing queries:

Scan: SELECT * FROM Sales

Projection: SELECT price FROM Sales

Selection 1:
SELECT * FROM Sales
WHERE price > 100

Sort:
SELECT * FROM Sales
ORDER BY price



Aggregate:
SELECT AVG(price) FROM Sales

Multiple Aggregate:
SELECT AVG(price), SUM(cost)
FROM Sales

Grouping:
SELECT batch, SUM(price)
FROM Sales GROUP BY batch

Moving Aggregate:
SELECT batch,
SUM(price) OVER 0 TO 2
FROM Sales SEQUENCE BY batch

Multiple Moving Aggregates:
SELECT batch,

SUM(price) OVER 0 TO 2,
AVG(cost) OVER 0 TO 2

FROM Sales SEQUENCE BY batch

Composite Sequence:
SELECT batch, date,

AVG(price) OVER 0 TO 2
FROM Sales
GROUP BY batch SEQUENCE BY date

Duplicate Count:
SELECT batch,

COUNT(cost) OVER 0 TO 0
FROM Sales SEQUENCE BY batch

Selection 2:
SELECT batch, SUM(price) OVER 0 TO 2
FROM Sales WHERE price > 100
SEQUENCE BY batch

Thesequerieswererun againstthreetablesof sizes1MB,
10MB and 100MB (40,000 tuples, 400,000tuples, and
4,000,000tuplesrespectively). We allocatedmemoryfor
100,000tuplesduring the in-memorysortingphaseof the
externalsort. Selectivity of the predicateú�û�7�ü"ý Õ ÝSØrØ is
1/20. All thefieldsof therelationSalesareuniformly dis-
tributed with 20 duplicatevaluesfor eachattribute. The
resultsof our experimentsareshown in thefollowing table
(all valuesarein seconds).

Query 1MB 10MB 100MB
Scan 1.05 8.86 79.58
Projection 0.81 6.65 68.95
Selection1 0.94 7.31 69.05
Sort 3.70 31.98 318.65
Aggregate 0.93 6.83 71.16
Multiple Aggregate 0.74 6.98 71.60
Grouping 1.65 6.99 72.32
Moving Aggregate 0.84 8.70 82.22
Mult. Moving Aggregate 0.94 9.18 92.87
CompositeSequence 1.25 11.02 110.26
DuplicateCount 0.99 7.41 74.30
Selection2 0.87 6.84 70.58

Fromtheseresults,the following key observationsmaybe
made:

� The smalleroutputsizeof a projectionmakesit cost
lessthana scan.For thesamereason,groupingtakes
lesstime thana sort.

� Thecostof moving aggregatesis just thecostof sort-
ing andscanningwithout the overheadof writing the
entirerelationout. If thetableis storedin sortedorder,
thesortingphasemaybeomitted,which is thecasein
ourexperiments.

� Calculatingmultiple (moving) aggregatesin thesame
querydoesnot have a significanteffect on theperfor-
mancesincethey areevaluatedduring the samepass
over thesequence.

� Compositesequencesmay be evaluatedat a slightly
higher cost than grouping. Once the relation is
grouped,themoving aggregatefor eachgroupis com-
putedin a singlepassover therelation.

� Our implementationexhibits scalable performance
acrossa largerangeof datasetsizes.

� As onemightexpect,pushingdownselectionsis ause-
ful strategy for sequencequeriestoo.

Thesenumbersarenot intendedto beacomprehensiveper-
formanceevaluation of SRQL. Rather, they demonstrate
thatSRQLis implementedin anefficientandscalableman-
ner, and show that query cost is comparableto the costs
of scanningandsorting for the (broadclassof) sequence
querieswherewe would expectthis to bethecase.We ex-
pectthebehavior of theremainingSRQLoperatorsthatwe
havenot presentedresultsfor (in particular, queriesinvolv-
ing joins) to follow thesamepattern.For moredetailedex-
perimentalresultswe referyou to therelatedwork on SEQ
presentedin [9].



6. Related Work

Object-relational(O-R) systemshandle sequencesby
consideringthemasanotherADT. Sequencesarestoredas
objectsin the databaseandmethodsareprovided for per-
forming operationson sequences.While this approachis
attractive for providing extensibility, the treatmentof se-
quencesin this fashionmay not be optimal. In particular,
sinceeachinvocationof a methodfor thesequenceADT is
typically executedindependentlyof othermethods,certain
queriesrequiringinteractionof thesemethodsmay not be
optimized.This point wasexperimentallydemonstratedin
theSEQsystem[9].

SEQ extendedthe ADT approachof O-R systemsby
treatingthe sequencetype as an enhancedADT (EADT)
with its own queryoptimizerandevaluator. This allowed
the SEQ optimizer to consider interactionsof different
methods(andpropertiessuchasassociativity andcommuta-
tivity of sequenceoperators)whenfindinganoptimalplan.

SRQLis basedontheSEQsystem’squerylanguage(SE-
QUIN). However, unlike SEQ,which dealswith arbitrary
EADTs,SRQLconsidersonly relationsandsequences.The
motivationfor thedesignof SRQLis to identify simplelan-
guageextensionsto SQL that cansupportquerieson mix-
turesof sequencesand relations,and that can be imple-
mentedwith minimalextensionsto conventionalRDBMSs.

RedBrick System’sRISQL(RedBrick IntelligentSQL)
hasan approachsimilar to our own in extendingSQL to
handlesequencedata. However, basedon the limited in-
formationavailableto us 4, SRQL is overall a richer lan-
guageand our approachto optimizationis more compre-
hensive. On theotherhand,RISQL containsa largenum-
berof statisticalfunctionsfor businessapplications,which
arepresentlylackingin SRQL.In particular, RISQLseems
to focus on extendingSQL to handlemore easily certain
queriesarising in businessdatabaseswhereasSRQL does
not make any suchassumptionaboutthedomainof theap-
plication.

TSQL [10] is an extensionof SQL to handletemporal
databases.While our work on sequencesis applicableto
temporalsequences,we have not directly addressedissues
of temporality.

7. Conclusion

We have presentedan approachto handlingsequence
queriesby consideringa sortedrelationasa sequenceand
extendingSQL with featuresto exploit the sort order. We
have shown that it is possibleto expressa large classof
sequencequeriesvery naturally using SRQL. Moreover,

4Thereis nopublisheddescriptionof RISQL,andourknowledgeof the
languageis basedon thewhite paperon RedBrick’s homepages[7], and
ondiscussionswith DonovanSchneiderat RedBrick.

we have demonstratedthat it is possibleto evaluatethese
queriesvery efficiently with a few simpleextensionsto the
standardrelationalqueryoptimizerandevaluationengine.
Theperformancenumberspresentedin thispaperarebased
uponanimplementationof SRQLin theDEVisesystembe-
ing developedatUW-Madison.
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A. Motivation Queries Expressed in SRQL

1. Find the leadingweekly moving averageof the Dow
JonesIndustrial Average,given a table DJIA(date,
close).

SELECT date, AVG(close) OVER 0 TO 6
FROM DJIA
SEQUENCE BY date

2. Find the trailing weeklymoving average(i.e., theav-
eragefor thepastweek,for eachdate)for eachstock,
givenatableStocks(date, symbol,close). Orderthere-
sultingsequencesby stockname,date.(Theresultcan
bethoughtof asarelationwith fieldssymbol,date, av-
erage, sortedon thecompositekey (symbol,date).)



SELECT symbol, date,
AVG(close) OVER -6 TO 0

FROM Stocks
GROUP BY symbol
SEQUENCE BY date
ORDER BY symbol, date

3. For eachdayin ’97, find thetencheapeststocks.

SELECT symbol, date, RANK()
FROM Stocks
GROUP BY date SEQUENCE BY close
HAVING RANK() <= 10

4. For eachdayin ’97, find thetenmostexpensivestocks.

SELECT symbol, date, RANK()
FROM Stocks
GROUP BY date SEQUENCE BY close
HAVING RANK() > LAST() - 10

5. Compute the percentchangeof each stock during
1997,andthenfind stocksthatwerein thetop5%.

CREATE VIEW Change AS
SELECT S.symbol,
SHIFTALL(S,LAST).change /
SHIFTALL(S,FIRST).change - 1
as pct_change

FROM (SELECT * FROM Stocks
WHERE year(date) = 1997)

GROUP BY symbol
SEQUENCE BY date AS S

WHERE ORDINAL(S) = FIRST(S);

SELECT symbol, PERCENTILE() as pct
FROM Change
SEQUENCE BY pct_change
HAVING pct < 5;

6. Find the of datesof stockswherethe leadingweekly
averageis greaterthan 1.2 times the trailing weekly
average,giventheStockstable.

SELECT symbol, date
FROM Stocks
GROUP BY symbol SEQUENCE BY date
HAVING AVG(close) OVER 0 TO 6 >

1.2 * AVG(close) OVER -6 TO 0

7. For eachweek, find the stock in which a given cus-
tomer(sayJoe)hadthe mostinvested.In additionto
theStockstable,a tableTrans(customer, symbol,date,
shares)recordsthe changein sharesfor a given cus-
tomer, symbol,anddate.

CREATE VIEW Shares AS
SELECT customer, symbol, date

CUMULATIVE SUM(shares) AS shares
FROM Trans
GROUP BY customer, symbol
SEQUENCE BY date;

CREATE VIEW Invested AS
SELECT C.customer, C.symbol, C.date
C.shares * S.close as value
FROM Shares SEQUENCE BY date AS C,

Stocks AS S
WHERE C.date PRECEDES= S.date;

SELECT WEEK(date), symbol, value
FROM Invested
WHERE customer = "Joe"
GROUP BY WEEK(date) SEQUENCE BY NULL
HAVING value = MAX(value);


