Towards A Query Languagefor Annotation Graphs

Steven Bird *, Peter Buneman’ and Wang-ChiewTanf

*Linguistic DataConsortiumUniversityof Pennsylania,3615Market Street,PhiladelphiaPA 19104,USA
tDepartmenbf ComputerScienceJUniversityof Pennsylania,200 South33rd Street,PhiladelphiaPA 19104,USA

Abstract
Themultidimensionalheterogeneousndtemporaiatureof speectdatabasesaisesnterestingchallengegor representatioandquery
Recently annotatiorgraphshave beenproposedasa general-purposeepresentationdtamevork for speectdatabasesTypical queries
on annotatiorgraphsrequirepathexpressionsimilar to thoseusedin semistructureduerylanguagesHowever, the underlyingmodel
is ratherdifferentfrom the customarygraphmodelsfor semistructuredata: the graphis agyclic andunrooted.andboth temporaland
inclusionrelationshipsareimportant. We develop a querylanguageanddescribeoptimizationtechniquegor anunderlyingrelational

representation.

1. Intr oduction

In recentyears annotatedpeectdatabasebave grovn
tremendouslyin size and compleity. In orderto main-
tain or accesghe data,oneinvariably hasto write special
purposeprograms.With theintroductionof a generalpur-
posedatamodel,theannotatiorgraph(Bird andLiberman,
1999), it is possibleto abstractaway from idiosyncrasies
of physicalformat. However, this doesnot magicallysolve
the maintenanceand accessproblems. In this paper we
contendthat someform of querylanguages essentiafor
annotationgraphs,and we report our researchon sucha
language.

Query languagedor databasedave two, sometimes
conflicting, purposes.First they shouldexpress— asnatu-
rally aspossible- alargenumberof dataextractionandre-
structuringtasks.Secondthey shouldbe optimizable.This
meansthat they shouldbe basedon a few efficiently im-
plementegrimitives;they shouldalsomake it easyto dis-
coveroptimizationstratgiesthatmayinvolve queryrewrit-
ing, executionplanningandindexing. Therelationalalge-
bra andits practicalembodiment,SQL, are examplesof
suchlanguageshowever they are unsuitablefor annota-
tion graphsfirst becausét is difficult (or impossible- de-
pendingon the versionof SQL) to expressmary practical
queriesandsecondecause¢he optimizationghatarenec-
essaryfor annotatiorgraphqueriesarenotin therepertoire
of standardelationalqueryoptimizations.

The recent development of query languages for
semistructurediata (Bunemanet al., 1996; Quasset al.,
1995; Deutschet al., 1998) offer more natural forms
of expression for annotation graphs. In particular
theselanguagessupportregular path patterns— regular
expressionson the labelsin the graph— to control the
matchingof variablesin the queryto verticesor edgesin
thegraph.While regularpathpatternsareuseful,the usual
modelof semistructurediata,that of a labeledtree,is not
appropriatefor annotationgraphs. In particulay it fails to
capturethe quasi-linearstructureof thesegraphswhichis
essentiain queryoptimization.

After reviewing someexisting languagedor linguistic
annotationsye presenthe annotatiorgraphmodel, its re-
lational representatiorand somerelationalquerieson an-
notationgraphs.Thenwedevelopanew querylanguagéor

annotatiorgraphghatallows complex patternmatching.lt
is looselybasedn semistructureduerylanguageshut the
syntaxsimplifiesthe problemof finding regionsof the data
thatboundthe search Finally, we describeanoptimization
methodthatexploitsthequasi-lineastructureof annotation
graphs.

2. Query Languagesfor Annotated Speech

If linguisticannotationgouldbe modeledassimplehi-
erarchiesthenexisting querylanguagegor structuredext
wouldapply(Clarke etal., 1995;Sacks-Duis etal., 1997).
However, it is possibleto have independenannotation®f
the samesignal (speecthor text) which chunkthe datadif-
ferently As a simple example,the division of a text into
sentencess usuallyincommensurableith its divisioninto
lines. Suchstructurescannotbe representedsing nested,
balancedags.

Thefundamentaproblemfacedby any generapurpose
querylanguagdor linguistic annotationss the navigation
of thesemultiple intersectindhierarchieslin thissectionwe
considettwo querylanguagesvhich addresshisissue.

2.1. The Emu query language

The Emu speechdatabasesystem [www.shirc.mg.
edu.au/emu ] (CassidyandHarrington,1996;Cassidyand
Harrington,1999) providestools for creationandanalysis
of datafrom annotatedpeectdatabasesEmuannotations
arearrangednto levels(e.g.phonemesyllable ,word),and
levels are organizedinto hierarchies.Emu supportsmul-
tiple independenhierarchiessuchthat ary specificlevel
may participatein morethanoneorthogonalstructure.An
exampleis shavn in Figurel (CassidyandBird, 2000).

A databasef suchannotationsanbe searchedising
the Emu querylanguage.The languagéehasprimitivesfor
sequencdiierarchyand“association” asillustratedbelow.

[Phonetic=aleli|o|u] — matchesa disjunction of
itemsonthe phoneticlevel

[Phonetic=vowel - > Phonetic=stop] — matchesa
sequencef vowel followedimmediatelyby stop .

[Word!=dark =~ Phoneme=vowel] matchesanwordnot
labelleddark immediatelydominatingvowel .
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Figurel: IntersectingHierarchiesn Emu

[Wordl=x => Tone=H*] Find ary word associatetl

with aH* tone

Notethatthe languagdacksa wildcard,andWord!=x
senesthis purposan theabsenc®f any actualword x.

More comple queriesarebuilt up usingnesting.There
is no (non-atomic)disjunctionor negationin thelanguage.
An exampleof anestedjueryfollows; here thequeryfinds
ary syllabledominatinga stopthatprecedes vowel which
is associatedo a hightone.

[Syllable=S B
[Phonetic=stop ->

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

Cassidyhasshovn how expressionf this querylan-
guagecanbetranslatednto afirst-orderquerylanguagein
this case SQL (Cassidy1999).

In the Emu querylanguagethe dominancerelationis
symmetric.(A separatdype hierarchyis usedto orderthe
levels.) This propertymakesit possibleto navigatea path
throughmultiple hierarchieswithout using variables. For
example, Thefollowing expressiorfindsanNPwhichdom-
inatesa word dark thatis dominatedby an intermediate
phrasehatbearsanL- tone?

[ syntax=NP [ word=dark intermediate=L- 1

Theseexpressiongorrespondo the “where” clauseof
a corventionalquerylanguage.The Emu querylanguage
lacksanexplicit “select” clause.Ratherthe selectednate-
rial is theleft-mostelemenbf thewhereclause py default,
or elsethe singleelementistinguishedvith a hashprefix.
The queryresultis a columnof theseelementsandthis is
typically processeavith anexternalstatisticgpackage.

2.2. The MATE query language

TheMATE projectis developingstandardsndtoolsfor
annotatingspolendialoguecorpora mate.nis.sdu.dk ]
Like Emu, MATE supportsintersectinghierarchies;Fig-
ure 2 illustratesfour hierarchieshuilt over the samedia-
loguetranscript(Carlettaand Isard, 1999). Thesehierar
chieshappernto intersectat their fringe, however this need
notbethecase.

1This “association’can have eithera temporalinterpretation
asoverlap(Bird andKlein, 1990)andanatemporalnterpretation
assomeessentiallyarbitrarybinary relation; bothinterpretations
areencompassebly our model.

2\We aregratefulto Steve Cassidyfor providing this example.
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Figure2: IntersectingHierarchiesn MATE

MATE usesXML to representhesestructures. Each
nodein Figure2 correspond$o an XML elementandthe
node labels correspondo an attribute of the elementor
its content. For example,swamp could be representecs
<word id="A6" num="sing">swamp</word> , andnp
could be represente@s <phrase type="np"/> . In the
querylanguagéMengeletal., 1999),we canpick outthese
elementswvith thefollowing expressions:

($w word);
($p phrase);

$w.orth -~
$p.type

"swamp"”
= np”

Hierarchicalrelationshipsjike the one betweengame
andmove or betweenmove andswamp, arerepresenteds-
ing nestingof XML elementsor by hyperlinks. The query
languagéhasa transitive dominanceaelation™ which nav-
igatesdown throughnestedstructuresandhyperlinks. For
example,we canfind noun phrasesdominatingthe word
“swamp” with the expression:

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

Eachelementspansan extent of textual material,and
the querylanguagesupportsa variety of temporalcompar
isonson theseextents,reminiscenof Allen’s temporalre-
lations(Allen, 1983). Solong astwo hierarchiesntersect
attheirterminals(andnot atnon-terminalsjhentheirnon-
terminalswill be comparablaisingthesetemporalexpres-
sions. However, the languageadirectly supportsguerieson
intersectinghierarchies.For example,we canfind a word
which is simultaneouslya repairanda prepositionwhere
1" is theimmediatedominanceelation?

($w word) ($ph phrase) ($r

(Br 1° $w) && ($ph 17 $w)
&& ($ph type ~ "prep”) && ($d 1" $r)

repair)  ($d disfluency);

Unlike the Emu querylanguagethe formal and com-
putationalpropertiesof the MATE querylanguageyis-a-
vis relationaland semistructuredjuerylanguagesare un-
explored.

This concludesour brief suney of querylanguagegor
annotatedspeech.Otherquerylanguagesxist; thesetwo
were chosenbecauseof their interestingapproachto the
problemof intersectinghierarchies.

3We thankDavid McKelvie for furnishingthis example.



3. Annotation Graphs

AnnotationGraphswere presentedy Bird andLiber-
manasfollows. Herewe considerjust the so-called“an-
chored"variety.

Definition 1 Ananchored annotation graph G overa la-
belsetL andtimelines(T;, <;) is a 3-tuple{N, A, 7) con-
sistingof a nodesetV, a collectionof arcs A labeledwith
element®f L, anda timefunctionT : N — |JT;, which
satisfieghefollowing conditions:

1. (N, A) is a labeled acyclic digraph containing no
nodesof degreeze;

2. for any path from noden; to n» in A, if 7(ny) and
7(n2) are definedthenthere is a timeline: sud that
7(n1) <; 7(n2);

3. If anynoden doesnothavebothincomingandoutgo-
ing arcs,thent : n — t for sometimet.

Note that annotationgraphsmay be disconnectecbr
empty andthatthey mustnothave orphannodes.t follows
from theabove definitionthatevery nodehastwo bounding
times,andwe will make useof this propertylater It also
followsfrom thedefinitionthattimelinespartitionthenode
set.

The formalism can be illustrated with an application
to a simple speechdatabasethe TIMIT corpusof read
speech(Garofolo et al., 1986). This databasecontains
recordingsof 630 spealers of 8 major dialectsof Amer-
ican English, eachreading10 phoneticallyrich sentences
[www.Idc.upenn.edu/Catalog/LDC93S1.h tml ]. Fig-
ure 3 shaws part of the annotatiorof oneof the sentences.
Thefile ontheleft containswvord transcriptionandthefile
ontheright containgphonetictranscription Part of the cor-
respondingannotationgraphis shavn underneath.Each
node displaysthe nodeidentifier and the time offset (in
16kHz samplenumbers).The arcsaredecoratedvith type
andlabelinformation. Thetype wis for wordsandthetype
P is for phonetictranscriptions.

Obsere that all the nodesin Figure 3 have time val-
ues.This neednot bethecase.For example,in the CALL-
HOME telephonespeechcorpus[www.ldc.upenn.edu/
Catalog/LDC96S46.html ], timesare only available for
spealker-turnboundariegseeFigure4).

train/dr1/fispO/sal.wrd: train/dr1/fispO/sal.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

P/h# P/sh - Plly —— Plhv Plae P/dcl Ply . Plaxr

Figure3: TIMIT AnnotationDataandGraphStructure

Annotationsexpressedin the annotationgraph data
model can be trivially recastas a setof relationaltables
(Cassidy and Bird, 2000), just as can be done for
semistructurediata (Florescuand Kossmann1999). We
employ three relations: arc, time and label. The arc
relationis a four-tuple containinganarcid, a sourcenode
id, a taget nodeid, anda type. The time relation maps
(someof) the nodeids to times. The label relationmaps
thearcidsto labels.

Figure5 givesaninstanceof this schemdor the TIMIT
dataof Figure 3 (enrichedwith the informationshaowvn in
Figurel. The namesof key attributesareunderlined.Fig-
ure 6 shows the graphrepresentatioffior this data. Note
thatintersectinghierarchiedind anaturalexpressiorin this
model.

4. SomeExample Queries

Interestingcasedor queryarethosethatinvolve more
thanoneof theseprimitives.Herearesomesimplequeries
to selectsubset®f the data.

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

2. Find phonetic arcs which immediately precedea
vowel thatoverlapsa hightone.

3. Findwordsdominatinga vowel which overlapsahigh
tone.

Thesequeriescan be interpretedagainstthe fragment
shavnin Figure?7.

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

First we definea pathrelationthat is sensitve to arc
types. Two nodesX andY areconnectedy a pathof type
T if thereis a sequenc®f zeroor morearcs,all of typeT,
beginningat X andendingat .

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 the endnodeof B to theendnodeof A.

s_incl(A, B) :- arc(A, X1, Y1, ),

arc(B, X2, Y2, ),
path(X1, X2, ),
path(Y2, Y1, )

Finally, anarc A “temporally overlaps”anarcB if the
startnodeof A precedeghe end nodeof B, andthe start
nodeof B precedeshe endnodeof A. (Seesection6. for
detailsof the precedenceelation.)

. Pldd __ P

11 12 | {13 | 14
Wi/dark

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 97194 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, | found that surprising that for

the first time as an adult theyre diagnosing this.  %um

989.42 991.86 B: %mm.l wonder about it. But anyway.
991.75 994.65 A: yeah, but thats what he said. And %um
994.19 994.46 B: yeah.
995.21 996.59 A: He %um

B

996.51 997.61 . 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.

speaker/B speaker/B

W/helpful

W/whatever's

speaker/A

Wihe [ Wisaid Wi, Wrand |

speaker/A speaker/A

Wiveum = Wiright A Wiso

Figure4: CALLHOME TelephonespeectDataandGraphStructure

Ac A X Y T A X Y T Time N T Label A L A L
1 0 1 P 19 3 6 W 0 0 1 h# 17 q
2 1 2 P 20 6 8 W 1 2360 2 sh 18 she
3 2 3 P 21 8 14 W 2 3270 3 iy 19 had
4 3 4 P 22 14 17 W 3 5200 4 hv 20 your
5 4 5 P 23 1 18 S 4 6160 5 ae 21 dark
6 5 6 P 24 3 18 S 5 8720 6 dcl 22  suit
7 6 7 P 25 1 3 S 6 9680 7 y 23 S
8 7 8 P 26 3 6 S 7 10173 8 axr 24 VP
9 8 9 P 27 6 17 S 8 11077 9 dcl 25 NP
10 9 10 P 28 1 17 Imt 9 12019 10 d 26 \Y
11 10 11 P 29 1 18 1l 10 12257 11 aa 27 NP
12 11 12 P 30 1 19 T 11 14120 12 r 28 L-
13 12 13 P 31 19 20 T 12 15240 13 kcl 29 L%
14 13 14 P 13 16200 14 k 30 0
15 14 15 P 14 16626 15 S 31 H*
16 15 16 P 15 18480 16 uw
17 16 17 P 16 20685
17 22179

Figure5: TheArc, Time andLabelRelations
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Imt/L-
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Figure6: AnnotationGraphfor ExtendedlIMIT Example



ovip(A, B) - arc(A, X1, Y1, ), arc(B, X2, Y2, ),
time(X1, X1t), time(X2, X2t),
time(Y1, Y1t), time(Y2, Y2t),
X1t < Y2t, Yit < X2t

Now we can provide translationgfor the threequeries
listedabove.

1. Find word arcswhosephonetictranscriptioncontains
a’d’ andendswith a’k’. We assume relationpath/3
whichis thetransitive closureof arc/4.

ans(A) arc(A, X, Y, word),
path(X, X1, phonetic),
arc(Al, 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 hightone:

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

3. Findwordsdominatingavowel whichoverlapsa high

tone:

ans(A) arc(A, _, _, word),
arc(Al, _, _, phonetic), label(A1, [aeiou]),
arc(A2, _, _, tone), label(A2, h*),
s_incl(A, Al), ovip(Al, A2)

While it is possibleto give queriesa first-orderinter-
pretationthelanguagés quitecumbersomeandwe seeka
morenaturalway to describeannotatiorgraphs.

5. Query Syntax

In this sectionwe introducea querysyntaxwhich pro-
videsfirst anabbre&iatednotationfor the queriesexpressed
previously in datalog.Mostimportantly the syntaxallows
usto recognizecertaincrucial optimizations.

5.1. Queriesover arc data

The fundamentalnit on which our querylanguagds
built is the arc. We form the join of the arc and label
relationsfrom Figure5 andadoptnamesfor our attributes.
A querythatfindsthearcidentifiers,typesandlabelsof all
edgedn timelinetll is shavn below:

select ans(E,T,L)
where [id: E, type: T,

label: L] <- ti1

We follow the datalogcorventionof using uppercase
symbolsfor variablesandlowercasesymbolsfor constants.
The notation [id: E, type: T, label: L] is
usedfor arcsand describesa arc pattern it is matched
againsthearcsin thetimelinetll andbindsthevariables
E,T,.L for eachmatchto the arc datain the timeline.
For eachsuchmatchit constructsa tuple ans(g,T,L)
in the output. Arc patternsmay contain constants.e.g.
[id: E, type: word, label: L] andthereis no
constrainontheirwidth. In this sensehey are"ragged”or
"semistructuredtuples.

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

Sinceattributesare distinguishedby nameratherthan
position,it is safe(andoftencornvenient)}to omitthemwhen
we do notneedto constraintheir value,or bind avariable.

To queryover a collectionof timelinestimit ~ we use
cascadetbindings:
select ans(E,L)
where  TL <- timit
[id: E, start: X, end: Y, label: L, type: word] <-TL
time(Y) - time(X) < 8000

Thisselectgheedgedentifiersandlabels(thenamef the
words)from all wordsin thetimit corpusof asuitablyshort
duration.

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

5.2. Path patterns

Eacharchasa startandendnode. We canspecifytwo
adjacentrcsby requiringthestartnodeof onearcto bethe
endnodeof another

label:
label:

[id: E1l, start:
[id: E2, start:

X, end: Y, type: TI1,
Y, end: Z, type: T2,

L1 <- db
L2] <- db

In this fashionwe can specify ary sequenceof arcs.
However we shallusean abbreviatedsyntax| ... 1
] to specifythe concatenatiomnf edgesthatis, the
dotis anassociatie patternconcatenatiowperation.Thus
thepreviouspair of patterndindsthe samevariablesasthe
following singlepattern

[id:  E1, start:
[id: E2, end: Z,

X, end: Y, type: T1, label: L1] .
type: T2, label: L2] <- db

Within edgepatternsve alsoallow arbitrarypredicates.
For example: [type: T, T =word or T = ph],
[start: X, stop: Y, time(Y) - time(X) >
200] . Predicatesnay alsouseattribute namesasvalues.
For example, [type: word] , [type: X, X =
word] , [type=word]  areequvalent.

A sequencef arcs(phonemessyllables,phrasesetc)
is representeth our modelusinga concatenatedequence
of arc patterns.To specifypathpatternsof arbitrarylength
we also allow arbitrary regular expressionson arcs. An
arbitrary path of word arcsis representedy [type =
word]* andanarbitrarypathof word or phonemearcsby
([type = word]|[type = phoneme])* . Caremustbe
takenin interpretingvariablesnsidea Kleene* or aunion.
Therule is that suchvariablesnustbe boundelsevherein
the program. We cannotbind variablesinside a union or
Kleene*. Thus|type: T]* isillegal.

Supposeve have a pathpatternftype: word]* and
we want to refer to the first node on 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 the sequencéo
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Figure 8: An Annotation Graphwhose DescriptionRe-
quiresVariables

denotenodes. For example, X [type: TL.Y isequva-
lentto [start: X, type: T, end: Y].Moreover,
X.[type: word]*.Y  bindsX to thefirst nodeandY to
the last nodeon a path of word arcs. Now considerthe
following example:

parse, label

word]*.[type

= sentencel.Y <- db (a)
word]*.Y <- db

word, label = opera]

X.[type
X.[type
[type

This matcheghe startandend nodeof any sequencéhat
containsthe word opera . Another possibility is shovn

below.

X.type = parse, label = sentencel.Y <- db (b)
X'.[type = word, label = operal.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 thattherearemary sit-
uationswherethis is impossible. The simplestinstanceis
shavnin Figure8.

The annotationgraphin Figure 8 cannotbe uniquely
describedusing parallel and serial composition. Instead,
we needa setof expressionasfollows:

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

5.3. Arbitrary predicatesonarcs

The braclet notationfor describingarcscan also en-
closearbitrarypredicates.Predicategxpressinghe (tem-
poral)overlapor inclusionof edgesareparticularlyuseful.
Example(b) abore maybeexpresseds.

id: E, type = parse, label
[type = word, label = opera,

= sentence] <- db
subinterval(E)] <- db

Note that subinterval(E) can be thoughtof asa
“method” of the edge,thatis called when the patternis
matched.

5.4. Abbreviations

The precedingsyntaxis quite general;it haslittle to
do with the specificcorventionsof linguistic data. Paths
typically, thoughnot always,follow the sametype. Labels
arealsospecial.We proposethe following syntacticsugar
(The proposalis tentative, all sortsof variationsare possi-
ble).

Given a databaseof arcsdb, the notationdb/t re-
strictsthe databasdo thosearcsof typet. Also the no-
tation :L is an abbreiation for label: | . For exam-
ple,X.[:.L].Y <- db/word is shorthandor X.[label:

(9)

(b)
1 2 3 4 5 6

Figure9: A precedencgraph

L, type: word].Y <- db. Using this, example (a)
becomes:
X.[:sentence].Y <- db/parse @)
X.[0*.[:opera].[I*.Y <- db/word

5.5. Horizontal path expressions
Findwordswith c.*t.*  (ourfirst query)

X.[.Y <- db/word

X.[:c]. 0% 0% < dblph

Here’s a hardercase,with a variableinsidethe scope

of a Kleenestar The predicateovip(E) is an“overlap”
predicate.

X.[.Y <- db/word

id: E] <- db/background

X.[:c].[ovIp(E)]*.[:t].[*.Y <- DBI/ph

In this sectionwe have paidlittle attentionto the output
of a query From the introductoryexamples,it shouldbe
clearthatit is straightforvardto constructa setof tuplesin
the samesensehatdatalogconstructsa setof tuples. It is
alsopossibleto extendthe syntaxto expressthe construc-
tion and augmentatiorof annotationgraphs. The details
will bedescribecelsevhere

6. Optimization: exploiting quasi-linearity

In the previoussectionsve developeda querylanguage
for annotationgraphdataand shoved how an analysisof
thatlanguagemighthelp- in mary practicalcases- to lead
to tractableimplementations.Here we shav how we can
exploit the “almost sequential’notion of annotationgraph
datato supporttheseimplementations.In particulay we
will shav how to usethe underlyingtemporalorderto se-
lectasmallfragmentof theinputdatathatwill fit into main
memory bypassingmary of the databas@ptimizationis-
sues.

Considerthe examplein Figure 9. It shavs a collec-
tion of nodes,wherenodesa-f aretimed andthe restare
untimed.All theuntimednodesarelinkedby arcsto other
nodes. In orderto extract thoseportionsof the database
thatare neededo answera query we will typically need
to find efficiently all arcscontainedn somearcor all arcs
thatmightoverlapsomearc. Suchqueriescanbeanswered
by computingthetransitive closureT A of thearcrelation,
but this is likely to be an expensve proposition(O(n?) in
the numberof nodes). An alternatve is to storethe two
relationsbelown.* Therelationtimecontainsfor everynode
n, themaximumtime anteof atimednodethatprecedes

40ur approachhassimilaritieswith Allen’s “referenceinter-
vals” (Allen, 1983).
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Figurel10: TheTime andTA Relations

andthe minimumtime postof a timednodethatprecedes
n. If n is itself timed, the ante and postagree® It is a
consequencef thedefinitionsin section3. thatthesetimes
alwaysexist. (Everynodeis boundedy somepairof timed
nodes.) Note that nodeis a key for the time relation,and
we shallreferto theattributesanteandpostfunctionally, as
antg(n) andpos{n).

The relation TA' is defined by TA’ =
{(m,n)|TA(m,n) A pos{m) > antgn)}. This means
that the precedenceelationT’C' can be reconstructedy
thequery:

TC(m,n) : —pos{m) < ante(n) VT A'(m,n)

With indexes on ante post and (sourcetarget), this
predicatecanbe efficiently computed.

The point of this decompositioris that we expectthe
relationT A’ to be relatively small. For example,in the
SwitchboarddatabasgGodfrey et al., 1992), the maxi-
mumsizeof T'C for ary timelineis approximatelyl.9 mil-
lion, while while the sizesof timeandT' A’ are, for this
timeline, 1,992 and10, 585 respectrely.® Throughoutthe
wholedatabasethe largestvalueof T A’ was15, 286. Ev-
idently the decomposedepresentationvill easilyfit into
main memory while keepingZ’C' in main memory may
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. Thissuggestshefollowing technique:

¢ Repeatedlynatch

X.[type = parse, label = sentence]. Y

e For eachmatch,obtain X' = antgX) andY’' =
postY’)

¢ Restrictthe arc relationto arcsboundedby (X', Y")
(useanindex thatsupportgangesearches)

¢ Performthe query on the restrictedrelation (main
memoryevaluationshouldbe possible)

5Somesaving in spacecouldbeachiered by having aseparate
relationfor thetimednodes.

5This computatioris basedntheversionof Switchboardiata
that is marked with time information at turn boundariesonly.
Givenann-wordturn,thesizeof thetransitive precedenceelation
is approximatelyn? /2.

7. Conclusions

Lik e semistructuredata,annotatiorgraphshave a nat-
ural representatiom termsof nodesandarcs. A key fea-
tureof annotatiorgraphssthatthearcsareorganizednto a
quasi-linearflow in the horizontaldirection.As in thecase
of semistructurediata, we seeka naturalquery language
for accessingndtransforminghis data.

This paperhasdescribedrogreson a querylanguage
for annotatiorgraphs.Pathpatternsandsomeabbreviatory
devicesprovideacorvenientwayto expressaawide rangeof
gueries We exploit thequasi-linearityof annotatiorgraphs
by partitioningthe precedenceelation,andwe believe that
thiswill enableefficienttemporalindexing of thegraphs.

In ongoingwork we areexploring hybrid structuresand
languagesvhich would permit both the vertical and hori-
zontalperspectieson semistructurediatato co-exist. On
this view, a horizontalpathexpressioncould be embedded
insideavertical pathexpressionpr vice versa.
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