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Abstract
Themultidimensional,heterogeneous,andtemporalnatureof speechdatabasesraisesinterestingchallengesfor representationandquery.
Recently, annotationgraphshave beenproposedasa general-purposerepresentationalframework for speechdatabases.Typicalqueries
on annotationgraphsrequirepathexpressionssimilar to thoseusedin semistructuredquerylanguages.However, theunderlyingmodel
is ratherdifferentfrom thecustomarygraphmodelsfor semistructureddata: thegraphis acyclic andunrooted,andboth temporaland
inclusionrelationshipsareimportant. We develop a querylanguageanddescribeoptimizationtechniquesfor anunderlyingrelational
representation.

1. Intr oduction
In recentyears,annotatedspeechdatabaseshavegrown

tremendouslyin size and complexity. In order to main-
tain or accessthe data,oneinvariablyhasto write special
purposeprograms.With the introductionof a generalpur-
posedatamodel,theannotationgraph(Bird andLiberman,
1999), it is possibleto abstractaway from idiosyncrasies
of physicalformat.However, thisdoesnotmagicallysolve
the maintenanceand accessproblems. In this paper, we
contendthat someform of querylanguageis essentialfor
annotationgraphs,and we report our researchon sucha
language.

Query languagesfor databaseshave two, sometimes
conflicting,purposes.First they shouldexpress– asnatu-
rally aspossible– a largenumberof dataextractionandre-
structuringtasks.Second,they shouldbeoptimizable.This
meansthat they shouldbe basedon a few efficiently im-
plementedprimitives;they shouldalsomake it easyto dis-
coveroptimizationstrategiesthatmayinvolvequeryrewrit-
ing, executionplanningandindexing. Therelationalalge-
bra and its practicalembodiment,SQL, are examplesof
such languages,however they are unsuitablefor annota-
tion graphsfirst becauseit is difficult (or impossible– de-
pendingon theversionof SQL) to expressmany practical
queries,andsecondbecausetheoptimizationsthatarenec-
essaryfor annotationgraphqueriesarenot in therepertoire
of standardrelationalqueryoptimizations.

The recent development of query languages for
semistructureddata(Bunemanet al., 1996; Quasset al.,
1995; Deutsch et al., 1998) offer more natural forms
of expression for annotation graphs. In particular,
theselanguagessupport regular path patterns– regular
expressionson the labels in the graph – to control the
matchingof variablesin the query to verticesor edgesin
thegraph.While regularpathpatternsareuseful,theusual
modelof semistructureddata,thatof a labeledtree,is not
appropriatefor annotationgraphs.In particular, it fails to
capturethequasi-linearstructureof thesegraphs,which is
essentialin queryoptimization.

After reviewing someexisting languagesfor linguistic
annotations,wepresenttheannotationgraphmodel,its re-
lational representation,andsomerelationalquerieson an-
notationgraphs.Thenwedevelopanew querylanguagefor

annotationgraphsthatallowscomplex patternmatching.It
is looselybasedonsemistructuredquerylanguages,but the
syntaxsimplifiestheproblemof findingregionsof thedata
thatboundthesearch.Finally, wedescribeanoptimization
methodthatexploitsthequasi-linearstructureof annotation
graphs.

2. Query Languagesfor Annotated Speech
If linguisticannotationscouldbemodeledassimplehi-

erarchies,thenexisting querylanguagesfor structuredtext
wouldapply(Clarkeetal.,1995;Sacks-Davis etal.,1997).
However, it is possibleto have independentannotationsof
thesamesignal(speechor text) which chunkthedatadif-
ferently. As a simpleexample,the division of a text into
sentencesis usuallyincommensurablewith its divisioninto
lines. Suchstructurescannotbe representedusingnested,
balancedtags.

Thefundamentalproblemfacedby any generalpurpose
querylanguagefor linguistic annotationsis thenavigation
of thesemultipleintersectinghierarchies.In thissectionwe
considertwo querylanguageswhichaddressthis issue.

2.1. The Emu query language

The Emu speechdatabasesystem[www.shlrc.mq.

edu.au/emu ] (CassidyandHarrington,1996;Cassidyand
Harrington,1999)providestools for creationandanalysis
of datafrom annotatedspeechdatabases.Emuannotations
arearrangedinto levels(e.g.phoneme,syllable,word),and
levels areorganizedinto hierarchies.Emu supportsmul-
tiple independenthierarchies,suchthat any specificlevel
mayparticipatein morethanoneorthogonalstructure.An
exampleis shown in Figure1 (CassidyandBird, 2000).

A databaseof suchannotationscanbe searchedusing
theEmuquerylanguage.The languagehasprimitivesfor
sequence,hierarchyand“association”,asillustratedbelow.

[Phonetic=a|e|i|o|u] – matches a disjunction of
itemson thephoneticlevel

[Phonetic=vowel - � Phonetic=stop] – matchesa
sequenceof vowel followedimmediatelyby stop .

[Word!=dark ˆ Phoneme=vowel] matchesanwordnot
labelleddark immediatelydominatingvowel .
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Figure1: IntersectingHierarchiesin Emu

[Word!=x FG� Tone=H*] Find any word associated1

with a H* tone

Note that the languagelacksa wildcard,andWord!=x

servesthispurposein theabsenceof any actualword x .
Morecomplex queriesarebuilt upusingnesting.There

is no (non-atomic)disjunctionor negationin thelanguage.
An exampleof anestedqueryfollows;here,thequeryfinds
any syllabledominatingastopthatprecedesavowel which
is associatedto a high tone.

[Syllable=S ˆ
[Phonetic=stop ->

[Phonetic=vowel => Tone=H*]]]

Cassidyhasshown how expressionsof this querylan-
guagecanbetranslatedinto afirst-orderquerylanguage,in
thiscase,SQL(Cassidy, 1999).

In the Emu querylanguage,the dominancerelationis
symmetric.(A separatetypehierarchyis usedto orderthe
levels.) This propertymakesit possibleto navigatea path
throughmultiple hierarchieswithout usingvariables. For
example,Thefollowing expressionfindsanNPwhichdom-
inatesa word dark that is dominatedby an intermediate
phrasethatbearsanL- tone.2

[ syntax=NP ˆ [ word=dark ˆ intermediate=L- ]]

Theseexpressionscorrespondto the“where” clauseof
a conventionalquerylanguage.The Emu querylanguage
lacksanexplicit “select” clause.Rathertheselectedmate-
rial is theleft-mostelementof thewhereclause,by default,
or elsethesingleelementdistinguishedwith a hashprefix.
Thequeryresultis a columnof theseelements,andthis is
typically processedwith anexternalstatisticspackage.

2.2. The MATE query language

TheMATE projectis developingstandardsandtoolsfor
annotatingspokendialoguecorpora[mate.nis.sdu.dk ].
Like Emu, MATE supportsintersectinghierarchies;Fig-
ure 2 illustratesfour hierarchiesbuilt over the samedia-
loguetranscript(CarlettaandIsard,1999). Thesehierar-
chieshappento intersectat their fringe,however this need
notbethecase.

1This “association”canhave eithera temporalinterpretation
asoverlap(Bird andKlein, 1990)andanatemporalinterpretation
assomeessentiallyarbitrarybinaryrelation;both interpretations
areencompassedby ourmodel.

2Wearegratefulto SteveCassidyfor providing thisexample.
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Figure2: IntersectingHierarchiesin MATE

MATE usesXML to representthesestructures.Each
nodein Figure2 correspondsto anXML element,andthe
node labelscorrespondto an attribute of the elementor
its content. For example,swamp could be representedas
<word id="A6" num="sing">swamp</word> , and np

could be representedas<phrase type="np"/> . In the
querylanguage(Mengeletal.,1999),wecanpick outthese
elementswith thefollowing expressions:

($w word); $w.orth ˜ "swamp"
($p phrase); $p.type ˜ "np"

Hierarchicalrelationships,like the onebetweengame

andmove or betweenmove andswamp, arerepresentedus-
ing nestingof XML elementsor by hyperlinks.Thequery
languagehasa transitive dominancerelationˆ which nav-
igatesdown throughnestedstructuresandhyperlinks.For
example,we can find noun phrasesdominatingthe word
“swamp”with theexpression:

($p phrase) ($w word);
($p.type ˜ "np")
&& ($w.orth ˜ "swamp")
&& ($p ˆ $w)

Eachelementspansan extent of textual material,and
thequerylanguagesupportsa varietyof temporalcompar-
isonson theseextents,reminiscentof Allen’s temporalre-
lations(Allen, 1983). So long astwo hierarchiesintersect
at their terminals(andnotatnon-terminals)thentheirnon-
terminalswill becomparableusingthesetemporalexpres-
sions. However, the languagedirectly supportsquerieson
intersectinghierarchies.For example,we canfind a word
which is simultaneouslya repairanda preposition,where
1ˆ is theimmediatedominancerelation:3

($w word) ($ph phrase) ($r repair) ($d disfluency);
($r 1ˆ $w) && ($ph 1ˆ $w)

&& ($ph type ˜ "prep") && ($d 1ˆ $r)

Unlike the Emu query language,the formal andcom-
putationalpropertiesof the MATE querylanguage,vis-à-
vis relationalandsemistructuredquerylanguages,areun-
explored.

This concludesour brief survey of querylanguagesfor
annotatedspeech.Otherquerylanguagesexist; thesetwo
were chosenbecauseof their interestingapproachto the
problemof intersectinghierarchies.

3WethankDavid McKelvie for furnishingthisexample.



3. Annotation Graphs
AnnotationGraphswerepresentedby Bird andLiber-

manasfollows. Herewe considerjust the so-called“an-
chored”variety.

Definition 1 An anchored annotation graph � over a la-
bel set   andtimelines¡[¢�£N¤(¥¦£�§ is a 3-tuple ¡[¨©¤�ª«¤�¬�§ con-
sistingof a nodeset ¨ , a collectionof arcs ª labeledwith
elementsof   , anda time function ¬®¯¨±°³²´¢�£ , which
satisfiesthefollowingconditions:

1. ¡t¨µ¤�ª�§ is a labeled acyclic digraph containing no
nodesof degreezero;

2. for any path from node ¶¸· to ¶º¹ in ª , if ¬º»¼¶¸·C½ and
¬º»[¶ ¹ ½ are defined,thenthere is a timeline ¾ such that
¬º»[¶ · ½_¥¦£¿¬º»[¶ ¹ ½ ;

3. If anynode¶ doesnothavebothincomingandoutgo-
ing arcs,then ¬À ¶ÂÁÃÅÄ for sometime Ä .

Note that annotationgraphsmay be disconnectedor
empty, andthatthey mustnothaveorphannodes.It follows
from theabovedefinitionthateverynodehastwo bounding
times,andwe will make useof this propertylater. It also
followsfrom thedefinitionthattimelinespartitionthenode
set.

The formalism can be illustratedwith an application
to a simple speechdatabase,the TIMIT corpusof read
speech(Garofolo et al., 1986). This databasecontains
recordingsof 630 speakers of 8 major dialectsof Amer-
ican English,eachreading10 phoneticallyrich sentences
[www.ldc.upenn.edu/Catalog/LDC93S1.h tml ]. Fig-
ure3 shows partof theannotationof oneof thesentences.
Thefile on theleft containsword transcription,andthefile
ontheright containsphonetictranscription.Partof thecor-
respondingannotationgraphis shown underneath.Each
nodedisplaysthe node identifier and the time offset (in
16kHzsamplenumbers).Thearcsaredecoratedwith type
andlabelinformation.ThetypeWis for wordsandthetype
P is for phonetictranscriptions.

Observe that all the nodesin Figure 3 have time val-
ues.Thisneednot bethecase.For example,in theCALL-
HOME telephonespeechcorpus[www.ldc.upenn.edu/

Catalog/LDC96S46.html ], timesareonly availablefor
speaker-turnboundaries(seeFigure4).

train/dr1/fjsp0/sa1.wrd: train/dr1/fjsp0/sa1.phn:
2360 5200 she 0 2360 h#
5200 9680 had 2360 3720 sh
9680 11077 your 3720 5200 iy
11077 16626 dark 5200 6160 hv
16626 22179 suit 6160 8720 ae
22179 24400 in 8720 9680 dcl
24400 30161 greasy 9680 10173 y
30161 36150 wash 10173 11077 axr
36720 41839 water 11077 12019 dcl
41839 44680 all 12019 12257 d
44680 49066 year ...

0
0

1
2360

P/h#
2

3270

P/sh
3

5200

W/she

P/iy
4

6160

P/hv
6

9680W/had
5

8720

P/ae P/dcl
7

10173

P/y
8

11077

W/your

P/axr

Figure3: TIMIT AnnotationDataandGraphStructure

Annotationsexpressedin the annotationgraph data
model can be trivially recastas a set of relationaltables
(Cassidy and Bird, 2000), just as can be done for
semistructureddata(FlorescuandKossmann,1999). We
employ three relations: arc, time and label. The arc
relationis a four-tuplecontaininganarc id, a sourcenode
id, a target nodeid, and a type. The time relationmaps
(someof) the nodeids to times. The label relationmaps
thearcids to labels.

Figure5 givesaninstanceof thisschemafor theTIMIT
dataof Figure3 (enrichedwith the informationshown in
Figure1. Thenamesof key attributesareunderlined.Fig-
ure 6 shows the graphrepresentationfor this data. Note
thatintersectinghierarchiesfind anaturalexpressionin this
model.

4. SomeExampleQueries
Interestingcasesfor queryarethosethat involve more

thanoneof theseprimitives.Herearesomesimplequeries
to selectsubsetsof thedata.

1. Find word arcswhosephonetictranscriptioncontains
a ’d’ andendswith a ’k’.

2. Find phonetic arcs which immediately precedea
vowel thatoverlapsa high tone.

3. Findwordsdominatingavowel whichoverlapsahigh
tone.

Thesequeriescan be interpretedagainstthe fragment
shown in Figure7.

Such queries have a first-order interpretation in
graphlog(ConsensandMendelzon,1990). We employ a
datalogsyntaxandthe relationsin Figure5. We begin by
definingsomeauxiliary relations.

First we definea path relation that is sensitive to arc
types.Two nodesX andY areconnectedby a pathof type
T if thereis a sequenceof zeroor morearcs,all of typeT,
beginningat X andendingat Y.

path(X,X,T) :- arc(_,X,_,T)
path(X,X,T) :- arc(_,_,X,T)
path(X,Y,T) :- arc(_,X,Z,T), path(Z,Y,T)

An arc A “structurally includes”an arc B if thereis a
pathfrom the startnodeof A to the startnodeof B, anda
pathfrom theendnodeof B to theendnodeof A.

s_incl(A, B) :- arc(A, X1, Y1, _),
arc(B, X2, Y2, _),
path(X1, X2, _),
path(Y2, Y1, _)

Finally, an arc A “temporally overlaps”an arc B if the
startnodeof A precedesthe endnodeof B, and the start
nodeof B precedesthe endnodeof A. (Seesection6. for
detailsof theprecedencerelation.)

10
12257

11
14120

P/aa

19
13650

20
13650

T/H*

12
15240

P/r
8

11077
9

12019

P/dcl
14

16626

W/dark

P/d
13

16200

P/kcl P/k

Figure7: An AnnotationGraphFragment



962.68 970.21 A: He was changing projects every couple of weeks and he
said he couldn’t keep on top of it. He couldn’t learn the whole new area

968.71 969.00 B: %mm.
970.35 971.94 A: that fast each time.
971.23 971.42 B: %mm.
972.46 979.47 A: %um, and he says he went in and had some tests, and he

was diagnosed as having attention deficit disorder. Which
980.18 989.56 A: you know, given how he’s how far he’s gotten, you know,

he got his degree at &Tufts and all, I found that surprising that for
the first time as an adult they’re diagnosing this. %um

989.42 991.86 B: %mm. I wonder about it. But anyway.
991.75 994.65 A: yeah, but that’s what he said. And %um
994.19 994.46 B: yeah.
995.21 996.59 A: He %um
996.51 997.61 B: Whatever’s helpful.
997.40 1002.55 A: Right. So he found this new job as a financial

consultant and seems to be happy with that.
1003.14 1003.45 B: Good.

15
 

16
 

W/and

31
994.19

32
994.46

speaker/B
W/yeah

17
994.65

W/%um

33
996.51

19
 

20
996.59

W/%um

35
997.61

speaker/B
34
 

W/whatever’s

22
 

23
 

W/.11
991.75

12
 

speaker/A

13
 

W/he 14
 

W/said W/, 18
995.21

W/he
speaker/A

21
997.40

W/right 25
1002.55

speaker/A

24
 

W/so

W/helpful

Figure4: CALLHOME TelephoneSpeechDataandGraphStructure

Arc Æ Ç È É
1 0 1 P
2 1 2 P
3 2 3 P
4 3 4 P
5 4 5 P
6 5 6 P
7 6 7 P
8 7 8 P
9 8 9 P

10 9 10 P
11 10 11 P
12 11 12 P
13 12 13 P
14 13 14 P
15 14 15 P
16 15 16 P
17 16 17 P

Æ Ç È É
19 3 6 W
20 6 8 W
21 8 14 W
22 14 17 W
23 1 18 S
24 3 18 S
25 1 3 S
26 3 6 S
27 6 17 S
28 1 17 Imt
29 1 18 Itl
30 1 19 T
31 19 20 T

Time Ê É
0 0
1 2360
2 3270
3 5200
4 6160
5 8720
6 9680
7 10173
8 11077
9 12019

10 12257
11 14120
12 15240
13 16200
14 16626
15 18480
16 20685
17 22179

Label Æ Ë
1 h#
2 sh
3 iy
4 hv
5 ae
6 dcl
7 y
8 axr
9 dcl

10 d
11 aa
12 r
13 kcl
14 k
15 s
16 uw

Æ Ë
17 q
18 she
19 had
20 your
21 dark
22 suit
23 S
24 VP
25 NP
26 V
27 NP
28 L-
29 L%
30 0
31 H*

Figure5: TheArc, TimeandLabelRelations
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P/axr
9

12019

P/dcl
14

16626

W/dark/1

P/d
13

16200

P/kcl P/k
15

18480

P/s
W/suit

16
20685

P/uw P/q

Figure6: AnnotationGraphfor ExtendedTIMIT Example



ovlp(A, B) :- arc(A, X1, Y1, _), arc(B, X2, Y2, _),
time(X1, X1t), time(X2, X2t),
time(Y1, Y1t), time(Y2, Y2t),
X1t Ì Y2t, Y1t Ì X2t

Now we canprovide translationsfor the threequeries
listedabove.

1. Find word arcswhosephonetictranscriptioncontains
a ’d’ andendswith a ’k’. We assumea relationpath/3
which is thetransitiveclosureof arc/4.

ans(A) :- arc(A, X, Y, word),
path(X, X1, phonetic),
arc(A1, X1, X2, phonetic), label(A1, d),
path(X2, X3, p),
arc(A2, X3, Y, phonetic), label(A2, k)

2. Find phonetic arcs which immediately precedea
vowel thatoverlapsa high tone:

ans(A) :- arc(A, X, Y, phonetic),
arc(A1, Y, Y1, phonetic), label(A1, [aeiou]),
arc(A2, Z, Z1, tone), label(A2, h*)
ovlp(A1, A2)

3. Findwordsdominatingavowel whichoverlapsahigh
tone:

ans(A) :- arc(A, _, _, word),
arc(A1, _, _, phonetic), label(A1, [aeiou]),
arc(A2, _, _, tone), label(A2, h*),
s_incl(A, A1), ovlp(A1, A2)

While it is possibleto give queriesa first-orderinter-
pretation,thelanguageis quitecumbersome,andweseeka
morenaturalway to describeannotationgraphs.

5. Query Syntax
In this sectionwe introducea querysyntaxwhich pro-

videsfirst anabbreviatednotationfor thequeriesexpressed
previously in datalog.Most importantly, thesyntaxallows
usto recognizecertaincrucialoptimizations.

5.1. Queriesover arc data

The fundamentalunit on which our query languageis
built is the arc. We form the join of the arc and label
relationsfrom Figure5 andadoptnamesfor our attributes.
A querythatfindsthearcidentifiers,typesandlabelsof all
edgesin timelinetl1 is shown below:

select ans(E,T,L)
where [id: E, type: T, label: L] <- tl1

We follow the datalogconventionof using uppercase
symbolsfor variablesandlowercasesymbolsfor constants.
The notation [id: E, type: T, label: L] is
usedfor arcsand describesa arc pattern: it is matched
againstthearcsin thetimeline tl1 andbindsthevariables
E,T,L for each match to the arc data in the timeline.
For eachsuch match it constructsa tuple ans(E,T,L)

in the output. Arc patternsmay contain constants,e.g.
[id: E, type: word, label: L] andthereis no
constrainton theirwidth. In thissensethey are”ragged”or
”semistructured”tuples.

[id: E, start: X, end: Y, type: T, name: N,
xref: X, lex-id: L, annotator: SB]

Sinceattributesaredistinguishedby nameratherthan
position,it is safe(andoftenconvenient)toomit themwhen
wedonotneedto constraintheir value,or binda variable.

To queryover a collectionof timelinestimit we use
cascadedbindings:

select ans(E,L)
where TL <- timit

[id: E, start: X, end: Y, label: L, type: word] <-TL
time(Y) - time(X) < 8000

Thisselectstheedgeidentifiersandlabels(thenamesof the
words)from all wordsin thetimit corpusof asuitablyshort
duration.

The form of this query follows a standardsyntaxfor
semistructuredquery languages(see (Abiteboul et al.,
2000)). We shall concentratehere on the development
of a syntax for patternsthat specify pathsand assumea
standardsyntax, e.g. select ans(E,L) , for returning
resultsof thequery.

5.2. Path patterns

Eacharchasa startandendnode.We canspecifytwo
adjacentarcsby requiringthestartnodeof onearcto bethe
endnodeof another

[id: E1, start: X, end: Y, type: T1, label: L1] <- db
[id: E2, start: Y, end: Z, type: T2, label: L2] <- db

In this fashionwe can specify any sequenceof arcs.
However we shalluseanabbreviatedsyntax[ ... ].[

... ] to specifytheconcatenationof edges,that is, the
dot is anassociative patternconcatenationoperation.Thus
thepreviouspairof patternsbindsthesamevariablesasthe
following singlepattern

[id: E1, start: X, end: Y, type: T1, label: L1] .
[id: E2, end: Z, type: T2, label: L2] <- db

Within edgepatternswealsoallow arbitrarypredicates.
For example: [type: T, T = word or T = ph] ,
[start: X, stop: Y, time(Y) - time(X) >

200] . Predicatesmay alsouseattribute namesasvalues.
For example, [type: word] , [type: X, X =

word] , [type=word] areequivalent.
A sequenceof arcs(phonemes,syllables,phrases,etc)

is representedin our modelusinga concatenatedsequence
of arcpatterns.To specifypathpatternsof arbitrarylength
we also allow arbitrary regular expressionson arcs. An
arbitrary path of word arcs is representedby [type =

word]* andanarbitrarypathof word or phonemearcsby
([type = word]|[type = phoneme])* . Caremustbe
takenin interpretingvariablesinsideaKleene* or aunion.
Therule is thatsuchvariablesmustbeboundelsewherein
the program. We cannotbind variablesinsidea union or
Kleene*. Thus[type: T]* is illegal.

Supposewehave a pathpattern[type: word]* and
we want to refer to the first nodeon the path. The pat-
tern [start: X, type: word]* is illegal. (Even if
it were legal this patterncould only only matchpathsof
length0 or 1.) To allow the binding of nodesoutsideof
anedgepatternwe take singlevariablesin thesequenceto
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Figure 8: An AnnotationGraph whoseDescriptionRe-
quiresVariables

denotenodes.For example,X.[type: T].Y is equiva-
lent to [start: X, type: T, end: Y] . Moreover,
X.[type: word]*.Y bindsX to the first nodeandY to
the last nodeon a path of word arcs. Now considerthe
following example:

X.[type = parse, label = sentence].Y <- db (a)
X.[type = word]*.[type = word, label = opera]

.[type = word]*.Y <- db

This matchesthe startandendnodeof any sequencethat
containsthe word opera . Another possibility is shown
below.

X.[type = parse, label = sentence].Y <- db (b)
X’.[type = word, label = opera].Y’ <- db
time(X) <= time(X’) and time(Y’) <= time(Y)

However, (a)and(b) arenotequivalentqueries.
One might think, from example (a) above, that one

could dispensewith node variablesby having a parallel
compositionoperator. It turnsout that therearemany sit-
uationswherethis is impossible.Thesimplestinstanceis
shown in Figure8.

The annotationgraphin Figure 8 cannotbe uniquely
describedusing parallel and serial composition. Instead,
weneedasetof expressionsasfollows:

A.[label: W].B.[label: X].C.[label: Y].D <- db
A.[label: V].C <- db
B.[label: Z].D <- db

5.3. Arbitrary predicateson arcs
The bracket notationfor describingarcscan also en-

closearbitrarypredicates.Predicatesexpressingthe (tem-
poral)overlapor inclusionof edgesareparticularlyuseful.
Example(b) abovemaybeexpressedas.

[id: E, type = parse, label = sentence] <- db
[type = word, label = opera, subinterval(E)] <- db

Note that subinterval(E) can be thought of as a
“method” of the edge,that is called when the patternis
matched.

5.4. Abbreviations

The precedingsyntax is quite general;it has little to
do with the specificconventionsof linguistic data. Paths
typically, thoughnot always,follow thesametype. Labels
arealsospecial.We proposethefollowing syntacticsugar.
(Theproposalis tentative, all sortsof variationsarepossi-
ble).

Given a databaseof arcs db, the notation db/t re-
stricts the databaseto thosearcsof type Ä . Also the no-
tation :L is an abbreviation for label: l . For exam-
ple,X.[:L].Y <- db/word is shorthandfor X.[label:

ba d e f

g
h

i

j
k

c

5 6321 4

Figure9: A precedencegraph

L, type: word].Y <- db. Using this, example (a)
becomes:

X.[:sentence].Y <- db/parse (a’)
X.[]*.[:opera].[]*.Y <- db/word

5.5. Horizontal path expressions

Findwordswith c.*t.* (ourfirst query)

X.[].Y <- db/word
X.[:c].[]*.[:t].[]*.Y <- db/ph

Here’s a hardercase,with a variableinside the scope
of a Kleenestar. The predicateovlp(E) is an “overlap”
predicate.

X.[].Y <- db/word
[id: E] <- db/background
X.[:c].[ovlp(E)]*.[:t].[]*.Y <- DB/ph

In thissectionwehavepaidlittle attentionto theoutput
of a query. From the introductoryexamples,it shouldbe
clearthatit is straightforwardto constructa setof tuplesin
thesamesensethatdatalogconstructsa setof tuples. It is
alsopossibleto extendthesyntaxto expresstheconstruc-
tion and augmentationof annotationgraphs. The details
will bedescribedelsewhere

6. Optimization: exploiting quasi-linearity
In theprevioussectionswedevelopedaquerylanguage

for annotationgraphdataandshowed how an analysisof
thatlanguagemighthelp- in many practicalcases– to lead
to tractableimplementations.Herewe show how we can
exploit the“almostsequential”notionof annotationgraph
datato supporttheseimplementations.In particular, we
will show how to usetheunderlyingtemporalorderto se-
lectasmallfragmentof theinputdatathatwill fit into main
memory, bypassingmany of the databaseoptimizationis-
sues.

Considerthe examplein Figure9. It shows a collec-
tion of nodes,wherenodesa-f are timed andthe restare
untimed.All theuntimednodesarelinkedby arcsto other
nodes. In order to extract thoseportionsof the database
that areneededto answera query, we will typically need
to find efficiently all arcscontainedin somearcor all arcs
thatmightoverlapsomearc.Suchqueriescanbeanswered
by computingthetransitive closure¢Íª of thearcrelation,
but this is likely to beanexpensive proposition( Î�»[¶ ¹ ½ in
the numberof nodes). An alternative is to storethe two
relationsbelow.4 Therelationtimecontains,for everynode
¶ , themaximumtimeanteof a timednodethatprecedes¶

4Our approachhassimilaritieswith Allen’s “referenceinter-
vals” (Allen, 1983).
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andtheminimumtime postof a timednodethatprecedes
¶ . If ¶ is itself timed, the ante and post agree.5 It is a
consequenceof thedefinitionsin section3. thatthesetimes
alwaysexist. (Everynodeis boundedby somepairof timed
nodes.)Note that nodeis a key for the time relation,and
weshallreferto theattributesanteandpostfunctionally, as
ante»¼¶¯½ andpost»[¶¯½ .

The relation ¢GªÍá is defined by ¢ÍªÍá âã »[äå¤�¶¯½(æ ¢Íªç»[äå¤�¶¯½$è post»¼äµ½®é ante»¼¶¯½+ê . This means
that the precedencerelation ¢Gë can be reconstructedby
thequery:

¢Gë�»¼äì¤�¶¯½í9î post»¼äµ½$ï ante»[¶¯½ºðÀ¢Íª á »¼äì¤�¶¯½
With indexes on ante, post, and » source¤ target½ , this

predicatecanbeefficiently computed.
The point of this decompositionis that we expect the

relation ¢ÍªGá to be relatively small. For example, in the
Switchboarddatabase(Godfrey et al., 1992), the maxi-
mumsizeof ¢Gë for any timelineis approximately1.9mil-
lion, while while the sizesof time and ¢ÍªÍá are, for this
timeline, ñ ¤�ò ò ó and ñCô9¤+õrö÷õ respectively.6 Throughoutthe
wholedatabase,the largestvalueof ¢ÍªÍá was ñfõ�¤+órö ø . Ev-
idently the decomposedrepresentationwill easily fit into
main memory, while keeping ¢Gë in main memorymay
poseproblems.

Finally, let us put togetherthe ideasof the last two
sections. Considerexample (a) of the previous section.
The important point is that all nodesare boundedby a
sentence arc.Thissuggeststhefollowing technique:

ù Repeatedlymatchú
.[type = parse, label = sentence]. û

ù For eachmatch, obtain
ú á â ante» ú ½ and û á â

post»[ûü½
ù Restrictthe arc relationto arcsboundedby » ú át¤�û«án½

(useanindex thatsupportsrangesearches)

ù Perform the query on the restrictedrelation (main
memoryevaluationshouldbepossible)

5Somesaving in spacecouldbeachievedby having aseparate
relationfor thetimednodes.

6Thiscomputationis basedontheversionof Switchboarddata
that is marked with time information at turn boundariesonly.
Givenan ý -wordturn,thesizeof thetransitiveprecedencerelation
is approximatelyý�þ ÿCÓ .

7. Conclusions
Likesemistructureddata,annotationgraphshavea nat-

ural representationin termsof nodesandarcs. A key fea-
tureof annotationgraphsis thatthearcsareorganizedinto a
quasi-linearflow in thehorizontaldirection.As in thecase
of semistructureddata,we seeka naturalquery language
for accessingandtransformingthisdata.

This paperhasdescribedprogresson a querylanguage
for annotationgraphs.Pathpatternsandsomeabbreviatory
devicesprovideaconvenientwaytoexpressawiderangeof
queries.Weexploit thequasi-linearityof annotationgraphs
by partitioningtheprecedencerelation,andwebelievethat
thiswill enableefficient temporalindexing of thegraphs.

In ongoingwork weareexploringhybridstructuresand
languageswhich would permit both the vertical andhori-
zontalperspectiveson semistructureddatato co-exist. On
this view, a horizontalpathexpressioncouldbeembedded
insideaverticalpathexpression,or viceversa.
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