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Abstract

Much of the massve quariities of digitized
datawidely available,e.g.,text, speechhand
written sequenes, are either given directly,
or, as a result of some prior processing, as
weightedautomata. Theseare compat rep-
resentatios of a large numbe of alternatve
sequenes andtheir weightsreflectingthe un-
certainty or variability of the data. Thus,
the indexation of suchdatarequiresindexing
weightedautomata.

We preseh a generalalgoithm for the index-

ation of weightedautomata.The resultingin-

dex is representedby a determiiistic weighted

transdweerthatis optimalfor searchthesearch
for aninput stringtakestime linearin the sum
of the size of that string and the numker of

indicesof the weighted autormatawhereit ap-
pears.We alsointroducea generalframework

basedon weighted transdgers that geneal-

izes this indexation to enablethe searchfor

more comple patterrs including syntacticin-

formation or for different typesof sequenes,
e.g.,word sequenesinsteadof phanemic se-
guerces. The useof this framawork is illus-

tratedwith severalexanples.

We applied our generalindexation algoritim
andframework to the prodem of indexation of
speechutterarcesandrepot the resultsof our
expelimentsin severd tasksdemorstratingthat
ourtechniqesyield compmrableresultsto pre-
vious methals, while providing greder gerer
ality, includng the possibility of searchingor
arbitray patterrs represeted by weightedau-
tomata.

nmur at }@ esearch. att. com

1 Motivation

Much of the massve quartities of digitized datawidely
availableis highly variade or uncertain Thisuncertairy
affectstheinterpretationof thedataandits computational
processingat various levels, e.g., naturallangua@ texts
areahundantly amhbguous,speechand handwritten se-
guercesarehighly varialle andhardto recaynizein pres-
enceof noise,biological sequencemaybealteredor in-
compete.

Searchingor indexing suchdatarequiesdealingwith
alargenumter of ranked or weightedalternatves. These
may be for exampe the different parsesof aninput text,
the various respamsesto a searchengire or information
extraction queg, or the besthypotheseof a speechor
handwritten recogiition system.In mostcasesalterna-
tive sequencesanbecompatly represetedby weighted
automda. The weights may be probabilities or some
otherweightsusedto rankdifferenthypaheses.

This motivatesour study of the generalprodem of
indexation of weightedautonata. This is more geneal
than the classicalindexation prodems since, typically,
thereare mary distinct hypahesesor alternaties asso-
ciatedwith the sameindex, e.g.,a specificinput speech
or handwrittensequene mayhave alargenurnberof dif-
ferenttransciptions accordimg to the systemandmodels
used. Moreover, the prablem requires taking into con-
siderationthe weight of eachalternative, which doesnot
have a countepartin classicaindexation problens.

We descrile a geneal indexation algorithm for
weightedautomata. The resultingindex is representé
by adeterninistic weightedtiransd@gerthatis optimalfor
search:the searchfor an input string takes time linear
in the sumof the size of that string and the numker of
indicesof theweightedautomatavhereit appeass.

In somecasespnemaywishto searchusingsequences
in somelevel, e.g. word sequenes, differentfrom the
level of the sequencesf the index, e.g. phanemic se-
guerces. Onemay alsowish to searchfor comple se-
guercesincluding bothwordsandparts-d-speechor re-



strictthesearchby eitherrestrictingtheweightsor proba-
bilities or thelengthsor typesof sequenes.We describe
ageneal indexationframework coveringall thesecases.
Our framework is basedon the useof filtering weighted
transdweersfor restrictionor othertransdeersmappirg
betweendistinct information levels or knovledgestruc-
tures. We illustrate the useof this framework with se-
eralexamgesthatdemorstrateits relevarceto a numkber
of indexationtasks.

We appliedour frameavork andalgorithns to the par
ticular prodem of speechindexation. In recentyears,
spolen docunent retrieval systemshave made large
archives of broadtast news searchale and browsable.
Most of thesesystemsauseautomatic speechrecogition
to convert speechinto text, which is then indexed us-
ing standardnethod. Whena userpresentghe system
with aquey, documentsthatarerelevart to thequeryare
found usingtext-basedinformationretrieval techniqes.

As speechindexation andretrieval systemanove be-
yondthe domainof broadastnewns to more challerging
spoken comrunicatiors, the importancefor the indexed
materialto containmore thanjust asimpletext represen
tation of the communicationis beconing clear Index-
ation andretrieval techniges mustbe exterdedto han-
dle more genera repesentationsncluding for exampe
syntacticinformation. In additian to the now familiar re-
trieval systemar searchengires,otherapplicdionssuch
asdataminingsystemsanbeusedo autonaticallyiden-
tify usefulpatternsn large collectionsof spolencommu
nicatiors. Informationextradion systemscanbe usedto
gathe hightlevel informationsuchasnaned-entities.

For a giveninput speechutterarmce, a largevocakulary
speechrecoqition systemoften geneatesa lattice, a
weightedautonaton represeting a range of alternatve
hypothesesvith someassociateaveightsor probabilities
usedto rankthem.Whentheaccurag of a systemis rel-
atively low asin mary corversationakpeectrecogqition
tasksjt is notsafeto rely only onthebesthypothesiout-
putby the system.It is thenprefeableto useinsteadthe
full lattice output by therecognizer

We repot the results of our experiments in sev-
eral tasks demorstrating that our technques yield
commrable results to the previous methals of
SaraclamandSproat(204), while providing greder
geneality, includng the possibility of searchig for
arbitray patterrs represeted by weightedautomata.

Thepayeris organizedasfollows. Section2 introduces
thenotationandthe definitionsusedin therestof thepa-
per Section3 descrilesourgeneal indexationalgorithm
for weightedautonata. The algorithm for searchinghat
index is presentedn Section4 andour gereral indexa-
tion framework is describedandillustratedin Section5.
Section6 reportstheresultsof our expeiimentsin several
tasks.

2 Preliminaries

Definition 1 A system (K, ®,®,0,1) is a semiring
(Kuich and Salanaa, 1986 if: (K, ®,0) is a commuta
tivemonad with identityelemen®; (K, ®,1) isamonad
with identityelementl; ® distributesover @; and0 is an
annihilator for ®: foralla € K,a 0 = 0® a = 0.

Thus,a semiringis a ring that may lack negation. Two
semiringsoften usedin speechprocessingare: the log
semiringl = (R U {oo}, Biog, +,00,0) (Mohri, 2002
which is isomorghic to the familiar real or prabability
semiring(R,, +, %, 0, 1) via a log momphismwith, for
alla,be RU {oo}:

a @log b=— log(exp(_a) + exp(_b))

and the convention that: exp(—oc) = 0 and
—log(0) = oo, andthe tropical semiring7 = (Ry U
{00}, min, +, 00, 0) which canbe derived from the log
semiringusingthe Viterbi appraimation

Definition 2 A weightedfinite-statetransdaerT overa
semiringK is an 8-tupleT = (X,A,Q,I,F,E )\ p)
whee: X is thefinite input alphabetof the transduer;
A is thefinite outpu alphabet; @ is a finite setof states;
I C @ thesetof initial states;F C @ the setof final
states;E C @ x (XU {e}) x (AU{e}) x K x @ afinite
setof transitions; A : I — K theinitial weightfunction
andp : F — K thefina weightfunction mappng F' to
K.

A Weightedautomaton A = (X,Q, 1, F, E, )\, p) is de-
finedin a similar way by simply omitting the outpu la-
bels. We denoteby L(A) C X* the setof stringsac-
ceptedby an automata A and similarly by L(X) the
stringsdescribé by a reguar expressionX. We dende
by |A| = |Q| + |E| thesizeof A.

Givenartransitione € E, we derote by i[e] its input
label, pe] its origin or previous stateandnle] its desti-
nationstateor next state,wle] its weight, o[e] its output
label (transdeer case).Givena stateq € ), we dende
by E[q] thesetof transitiondeaving q.

A pathm = ey ---¢i is anelementof E* with con-
secutie transitions:nfe;_1] = plei], ¢ = 2,...,k. We
extendn andp to pathsby setting: n[r] = n[e] and
p[r] = pler]. A cycle « is a path whoseorigin and
destinationstatescoincice: n[r] = p[r]. We denoteby
P(q,q') the setof pathsfrom ¢ to ¢’ andby P(q,z,q")
and P(q,z,y,q') the setof patts from ¢ to ¢’ with in-
put labelz € ¥* andoutpu labely (transdeer case).
Thesedefinitionscanbe extencedto subsetsR, R’ C @,
by: P(R,z,R') = Uger, ger P(g,z,q"). The label-
ing fundions ¢ (and similarly o) and the weight func-
tion w canalsobe exterdedto pathsby definingthela-
bel of a path as the concateation of the labels of its
constituen transitiors, and the weight of a path asthe
®-product of the weightsof its constituen transitions:



i[r] = ile1] - -i[ex], wir] = wle1] ® - -- @ wlex]. We
also exterd w to ary finite set of pathsII by setting:
w[l] = @, cqw(r]. Theoutputweightassociatedy
A to eachinputstringz € X* is:

4@ = D

neP(I,z,F)

A(p[r]) @ wlr] @ p(nlr])

[A] () is definedto be 0 whenP(I,z, F) = §. Simi-
larly, the outpu weightassociatedby atransducefl” to a
pair of input-output string (z, y) is:

@D Aol © wir] ® pn[x))

neP(I,z,y,F)

[T](z,y) =

[T](z,y) = 0 whenP(I,z,y,F) = . A successful
pathin a weightedautoméaon or transdeer M is a path
from aninitial stateto afinal state.M is unambiguasif
for ary stringz € ¥* thereis atmostonesuccessfupath
labeledwith z. Thus,anunamliguouws transdeerdefines
afunction.

For ary transdicerT’, dende by IT,(T") theautomato
obtainel by projeding T onits outpu, thatis by omitting
its inputlabels.

Notethatthe secondbperatia of thetropical semiring
andthelog semiringaswell astheiridentity elemers are
identical. Thus the weight of a pathin anautomata A
over thetropicalsemiringdoesnotchangif A is viewed
asa weightedautomaon over the log semiringor vice-
versa.

Giventwo stringsu andv in £*, v is a factor of v if
u = zvy for somez andy in £*; if y = e thenv is also
asufix of u. Moregererally, v is afactor (resp.sufix) of
L C ¥*if v is asufiix (resp.facto) of someu € L. We
dende by |z| thelengthof astringz € £*.

3 Indexation Algorithm

This sectionpresentanalgorithmfor the constriction of
anefficientindex for alarge setof speectutterarces.

We assumethat for eachspeechutteranceu; of the
datasetonsideredi = 1,...,n, aweightedautomata
A; over thealphalet > andthelog semiring,e.g.,phore
or word lattice outputby anautanaticspeechrecogtizer,
is given. The prablem consistsof creatinga full index,
thatis onethatcanbe usedto searchdirectly any factor
of ary string acceptedy theseautonata. Note that this
prodem crucially differsfrom classicalindexation prob-
lemsin thatthe input datais uncetain. Our algorithm
must make use of the weightsassociatedo eachstring
by theinputautomata.

The mainideabehindthe designof the algoiithm de-
scribedis that the full index can be repesentedby a
weightedfinite-statetransducefl’ mappng eachfactor
x to the setof indicesof theautomatan whichz appears
andthe negative log of the expectedcountof z. More

preciselylet P; bethe prabability distribution definedby
theweightedautomata A; over thesetof strings:* and
let C;(u) denotethe numbe of occurrencesof a factor
z in u, then,for ary factorz € ¥* andautomata index
ie{l,...,n}

[T1(z,i) = —log(Ep[Cs]) @)

Ouralgoiithm for the constructio of theindex is simple,
it is basedon generalweightedautonataandtransduer
algorithms. We descrile the corsecutve stagesf theal-
gorithm.

This algorithm can be seenas a genealization to
weightedautonataof the notion of sufix automaonand
factor automaon for strings. The suffix (factol) autora-
ton of a string v is the minimd determiiistic finite au-
tomatarecognizing exactly the setof suffixes (resp.fac-
tors)of u (Blumeretal., 198; Crochenore, 198). The
sizeof bothautomatas linearin thelengthof « andboth
can be built in linear time. Theseare classicalrepie-
sentationsusedin text indexation (Blumer et al., 1987;
Crochenore,198).

3.1 Preprocessing

Whenthe autormata A; are word or phore latticesout-
put by a speechrecoqition or other natual languag@
processingsystem,the pathweightscorresjpnd to joint

prokabilities. We can apply to 4; a geneal weight-
pushirg algoritm in the log semiring (Mohri, 1997

which corverts theseweightsinto the desired(negative
log of) posteria probkabilities. More geneally, the path
weightsin the resultingautomaa can be interpietedas
log-likelihoods. We derote by P; the correspndirg
prokability distribution. Whentheinput automata A ; is
agyclic, the compleity of the weight-pishingalgorithm

is linearin its size (O(|4;])). Figures1(b)Xd) illustrates
the application of the algorithmto the autonata of Fig-

ures1(a)e).

3.2 Construction of Transducer Index T’

Let B; = (%, Q;, I;, F;, E;, \i, p;) denotethe resultof
theapplicatian of theweightpushirg algorithm to theau-
tomatonA;. Theweightassociatedy B; to eachstring
it acceptanbeinterpretedasthe log-likelihood of that
stringfor the utteranceu; giventhe modds usedto gen-
eratethe autonata. More gererally, B; definesa proba-
bility distribution P; over all stringsz € ¥* whichis just
the sumof the prabability of all pathsof B; in which z
appeas.

For eachstateq € @;, denoteby d[q] the shortesdis-
tancefrom I; to g (or -log of theforwardprobability) and
by f[g] the shortesdistancefrom ¢ to F (or -log of the
backward prabability):

da= @ ilplr]) + wlr))

log
TE€P(I;,q)

)
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Figurel: Weightedautomatavertherealsemiring(a) A1, (b) B; obtainedby applying weightpushirgto A1, (¢) A2

and(d) B» obtainedby applying weightpushirg to 4.

fla= @ (wlx]+ pi(nlr)) 3)

log
WEP(QaFi)
The shortesdistancesi[q] and f[¢] canbe compuedfor
all statesg € Q; in lineartime (O(|B;|)) when B; is
agyclic (Mohri, 2002. Then

—1og(Er[C.)) = @ dlpla]] + wlx] + f[n[a] (4)
log
i[r]=2
From the weightedautormaton B;, one canderive a
weightedtransduer T; in two steps:

1. Factor Selection. In the geneal casewe selectall
thefactorsto beindexedin thefollowing way:

e Replacesachtransition(p, a, w,q) € Q; X X x
RXQi by(p7a7a7w7q) € QiXZXEXRXQi;

e Createa new states ¢ ; and make s the
unigle initial state;

e Createa new statee ¢ (; and male e the
unigLe final state;

e Createanew transition(s, e, €, d[g], ) for each
stateq € @;;

e Createanew transition(q, €, 4, f[q], ) for each
stateg € Q;;

2. Optimization Theresultingtransdeer canbe op-
timized by applying weightede-renmoval, weightel
determinzation, and minimization over the log
semiringby viewing it as an acceptori.e., inpu-
outpu labelsareencaleda singlelabels.

It is clearfrom Equdion 4 thatfor ary factorz € X *:
[Ti](2,4) = — log(Ep; [Ca]) (5)

This constrution is illustratedby Figures2(a)(©). Our
full index transdweerT is the constretedby

e takingthe®;qg-sum(or union) of all thetransdgers
Ti,i: 1,...,”;

e definingT asthe resultof determirization (in the
log semiring appliedto thattransdeer.

Figure3is illustratingthis constructim andoptimization

€1/1

Figure2: Constructionof T4 index of the weightedau-
tomataB; given Figurel(b): (a)intermedary resultafter
factorselectiorand(b) resultingweightedtransdweerT’, .

4 Seaich

The full index repesentedby the weightedfinite-state
transdeer T is optimal. Indeal, T' containsno transi-
tion with input e otherthanthe final transitionslabeled
with an output index andit is determinstic. Thus, the
setof indices I,, of the weightedautomaa contairing a
factorz canbeobtaina in O(|z| + |I,;|) by readigin T
theuniquepathwith inputlabelz andthenthetransitions
with inpute which have eacha distinctoutpu label.

Theusers queryis typically anunweichtedstring, but
it canbe given as an arbitrary weightedautonaton X .
This coversthecaseof Booleangueriesor reguar expres-
sionswhich canbecompiledinto automataTherespmse
to aquery X is computedusingthe geneal algotithm of
compositionof weightedtiransdeers(Mohri etal., 1999
followedby prgectiononthe outpu:

(X oT) (6)

which is then e-rempoved and determinize to give di-
rectly thelist of all indicesandtheir correspondig log-
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Figure 3: Weightedtransdger T' obtaned by index-
ing the weightal automa&a B; and B, given in Fig-
uresl(b)Xd)

likelihoads. Thefinal resultcanbeprunel toincludeonly
themostlikely responsesThe pruning threshéd maybe
usedto vary the nunberof respomses.

5 GeneralIndexation Framework

The indexation technque just outlinedcanbe easily ex-
tendedo includemary of thetechniqesusedfor speech
indexation. This canbedoneby introducinga transduer
F' that converts betweendifferent levels of information
source®r structurs, or thatfilters outor reweightsindex
entries.Thefilter F' canbeapplied(i) before (ii) during
or (i) aftertheconstrution of theindex. For cas€(i), the
filter is useddirectlyontheinput andtheindexationalgo-
rithmis appliedto theweightedautanata(F o A;)1<i<n.
For case(ii), filtering is dore after the factor selection
stepof the algoiithm andthefilter appliesto thefactors,
typically to restrictthe factos that will be indexed. For
case(iii), thefilter is appliedto the index. Obviously
different filters can be usedin combiration at different
stages.

Whensuchafilter is usedtheresponséo aqueryX is
obtainel usinganothettransdeer F’ 1 andthefollowing
compositionandprojedion:

My(XoF' oT) )]

Since composition is associatie, it doesnot imposea
specificorder to its application. However, in practice,
it is oftenadvaentageos to compue X o F'' before appli-
cationof T'. The following are examges of somefilter
transdeersthatcanbe of interestin mary applicdions.

1In mostcasesF' is theinverseof F.

e Pronunciation Dictionary: a pronunciation dic-
tionary can be usedto map word sequenes into
their phoremic transcriptims, thus transfam word
latticesinto equivalent phore lattices. This map-
ping can representedoy a weiglted transdeer F'.
Using an index basedon phore lattices allows a
userto searchfor words that are not in the ASR
vocahiary. In this case, the inverse transda-
tion F' is a graplemeto phoremecorverter com-
monly presentin TTS front-ends. Among others,
WitbrockandHauptnann(1997) preseh a system
where a phaetic transcrip is obtainel from the
wordtranscrip andretrieval is periormedusingboth
wordandphore indices.

e Vocahulary Restriction: in somecasesaisingafull
index canbe prohibitive andunrecessaryIt might
bedesirabldo do partialindexing by ignaring some
words (or phores) in the input. For exanple, we
might wish to index only “named entities”, or just
the consomnts. This is mostly motivated by the
redudion of the size of the index while retainirg
the necessarynformation. A similar apprach is
to applya mary to onemappng to index groups of
phores,or metaphaes(Amir etal., 2001), to over-
comephmeticerrors.

e Reweighting: a weightedtransdeer can be used
to emplasize somewords in the input while de-
emphaizing other Theweights,for exampe might
correspndto TF-IDF weights. Anothe reweigh-
ing methodmightinvolve edit distanceor corfusion
statistics.

o Classification: anextremeform of summaizing the
informationcontainedn the indexed materialis to
assigna classlabel, suchas a topic label, to each
input. The querywould also be classifiedand all
answerswith thesameclasslabelwould bereturnel
asrelevant.

e Length Restriction: a comma way of indexing
phore stringsis to index fixed length overlappirng
phore strings(Loganetal., 2002. Thisresultsin a
partial index with only fixed lengh strings. More
geneally a minimum and maximum string length
may be imposedon theindex. An exanple restric-
tion autormatonis givenin Figure4. In this case,
thefilter appies to thefactorsandhasto be apgied
during or afterindexation. Therestrictedndex will
be smallerin sizebut contans lessinformationand
may resultin degradationin retrieval performane,
especiallyfor long queies.

The lengthrestrictionfilter requilesa modfication of
the searchproeedure. Assumea fixed — sayr — length
restrictionfilter anda stringquey of lengthk. If £ < r,
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Figure4: (a) Filter F restrictingto stringsof length2. (b)
Restrictedindex F' o T', whereT is the weightedtrans-
ducergivenin Figure3(b).

thenwe needto padthe input to lengthr with ©7=*%_ If
k > r, thenwe mustsearchfor all substringsf lengthr
in theindex. A stringis presentn acertainlatticeif all its
substring are(andnotviceversa).So,theresultsof each
substringsearchmustbe intersected.The probability of
eachsubstringz* ™! fori € {1,...,k+1—r}isan
uppe bourd on the probaility of thestringz ¥, andthe
court of eachsubstrings anupperboundonthe countof
thestring,sofori € {1,...,k+1—r}

Ep[C(a})] < EPIC(zF )],

Therebre, theintersectiomperationrmustuseminimum
for combining theexpededcourts of substringsin other
words,the expectedcoun of the stringis approxmated
by the minimum of the prdbabilities of eachof its sub-
strings,

min

NES
Ep[C(z))] = B

Ep[C(z™ ).

(]

In addition to a filter transduer, pruning canbe ap-
plied at different stagesof the algorithm to reducethe
sizeof theindex. Pruningeliminatedeastlikely pathsin
a weightedautomata or transdeer Applying pruning
to A; canbeseeraspartof theprocesshatgeneratsthe
uncetaininputdata.Whenpruningis appliedto B, only
themorelikely alternatireswill beindexed. If pruningis
appliedto T, or to T', pruning takesthe expectedcounts
into consideationandnottheprolabilities. Notethatthe
threshdd usedfor this typeof pruningis directly compa-
rableto thethresholdusedfor pruring the searctresults
in Sectiond sincebotharethreshold onexpectedcounts.

6 Experimental Results

Our taskis retrieving the utterancegor shortaudiosey-
ments)that a given queryappeas in. The experimental
setupis identical to that of SaraclamndSproat(2004).

Since,we take the systemdescribedhereas our base-
line, we give a brief review of the basicindexation al-
gorithm usedthere. The algoithm usesthe samepre-
processing step. For eachlabel in ¥, anindex file is
constreted. For eacharc a thatappeas in the prepo-
cessedwveightal autormaton B;, the following informa-
tion is stored: (4, p[a], n[a], d[p[a]], w[a]). Sincethepre-
processingensureshat f[g] = 0 for all ¢ in B;, it is pos-
sibleto compue — log(Ep,[C,]) asin Equation4 using
theinformationstoredin theindex.

6.1 Evaluation Metrics

For evaluating retrieval perfomancewe use precisio
and recall with respectto manualtranscriptios. Let
Correct(q) bethe numker of timesthe quey g is found
corredly, Answer(g) be the numker of answersto the
querygq, andReference(q) be the numbe of timesgq is
found in therefererte.

N Correct

Precision(q) = Werégg
B Correct(q)

Recall(q) = p o rence(q)

We compute precisionandrecallratesfor eachquery and
repot the average over all queies. The setof queres @
includes all the wordsseenin the refeenceexcep for a
stoplistof 100mostcomma words.

1
Precision = Ql Z Precision(q)
9€Q
1
Recall = — Z Recall(q)
1@l =,

For lattice basedretrieval methals, different operatirgy
points canbe obtainedby chamging the threshdd. The
precisionandrecallat theseoperatimy pointscanbe plot-
tedasacune.

In addition to individual precisionrecall values we
alsoconputethe F--measurelefinal as

P 2 x Precision x Recall
" Precision + Recall

andreportthe maximun F-measurgdmaxF)to summna-
rize theinformationin a precisionrecallcurve.

6.2 Corpora

We usethreedifferentcorpaato assesshe effectiveness
of differentretrieval technques.

The first corpus is the DARPA Broadcat News cor
pus consistingof excerpts from TV or radio progams
including variows acousticconditins. The test setis
the 1998 Hub-4 Broadcat News (hubte98) evaluation
testset(availablefrom LDC, Catalogno. LDC2000586)



whichis 3 hourslong andwasmanually segmeried into
940segments. It contans 32411 word tokens and 48&%
wordtypes.For ASRwe useareal-timesystem(Saraclar
etal., 20®). Sincethe systemwasdesignedor SDR,
the recoqnition vocahulary of the systemhasover 200K
words.

The secondcorpts is the Switchboad corpis consist-
ing of two partyteleplonecorversatios. Thetestsetis
the RT02 evaluation test setwhich is 5 hourslong, has
120corversationsidesandwasmanudly segmertedinto
6266segments. It contains652%5 word tokensand3783
word types.For ASR we usethefirst passof the evalua-
tion system(Ljolje etal., 2002. Therecogition vocab
ulary of the systemhasover 45K words.

Thethird corpwsis namel Teleconfeencessinceit con-
sistsof multi-paty teleconfeenceson various topics. A
testsetof six teleconérencegabaut 3.5hours) wastran-
scribed. It cortains 31106 word tokensand 2779 word
types. Calls are automaticallysegmentednto a total of
1157sggments prior to ASR. We againusethefirst pass
of the Switchboad evaluationsystenfor ASR.

We usethe AT&T DCD Library (Allauzenetal.,2003
asour ASR decalerandourimplemettation of thealgo-
rithm is basedon the AT&T FSM Library (Mohri et al.,
2000, bothof which areavailablefor download.

6.3 Results

We implemented someof the proposedtechniqes and
made comparisonswith the previous methal used by

SaraclaandSproat(2004). The full indexing methal

consunedtoo muchtimewhile indexing BroaccastNews

latticesandusedtoo muchmemay while indexing phore

latticesfor Telecorferencs. In the othercaseswe con-
firmed that the new methodyields identical results. In

Tablel we conparetheindex sizesfor full indexing and
partialindexing with the previousmethod In bothcases,
theinput latticesareprunedsothatthe cost(negaive log

prokability) differercebetweertwo pathsis lessthansix.

Although the new methal resultsin muchsmallerindex

sizesfor thestringcasq(i.e. nbest=1)it canresultin very

large index sizesfor full indexing of lattices (cost=6)

However, partialindexing by lengthrestrictionsolvesthis

prodem. For theresultsrepatedin Tablel, thelengthof

the word stringsto be indexed was restrictedto be less
thanor equalto four, andthelengthof the phane strings
to beindexed wasrestrictedo beexactly four.

In SaraclamandSproat(2004), it wasshaowvn thatusing
word latticesyieldsa relative gainof 3-5%in maxFover
usingbestword hypotheses Furthemore,it wasshovn
thata “searchcascade’trateyy for usingbothword and
phoreindicesincreasesherelative gainoverthebaseline
to 8-12%.In this strat@y, we first searchtheword index
for the given quey, if no matchesare found we search
the phore index. Usingthe partial indices,we obtaine
a precisionrecall perfamancethatis almostidenticalto

the oneobtainedwith the previous methal. Comparisa
of the maximum F-measug for bothmethod is givenin
Table2.

| Task | Previous Method | PartialIndex |
BroadastNews 86.0 86.1
Switchbard 60.5 60.8
Telecorierences 52.8 52.7

Table 2: Compaison of maximumF-measurdor three
corpaa.

As anexampge, we useda filter thatindexes only con-
sonantgi.e. mapsthe vowelsto €). Theresultingindex
was usedinsteadof the full phane index. The size of
the consomntsonly index was 370MB whereaghe size
of thefull index was431MB. In Figure5 we presenthe
precisionrecall performanceof this consmantonly in-
dex.

80 T "

Recall

407, -
—— Word Index
---- Word and Phone Index
3 -<- Word and Phone (consonants only) Index
%O 40 50 60 70 80

Precision

Figure 5: Compaison of Precisionvs Recall Perfa-
mancefor Switchboad.

7 Conclusion

We descriled a geneal framework for indexing unce-
tain input datarepesentedas weightedautomata The
indexation algoithm utilizes weigtted finite-statealgo-
rithmsto obtainanindex representedisaweightedinite-
statetransdeer. We shavedthatmary of thetechniqies
usedfor speechndexing canbeimplementedwithin this
framavork. We gave compaative resultsto a previous
methodfor latticeindexing.
Thesamedeaandframework canbe usedfor indexa-
tion in naturallangua@ processingor otherareaswhere
uncetain input datais givenasweightedautom#a. The
compexity of the index corstructionalgolithm can be
improved in somegeneralcasesusingtechniques simi-
lar to classicaktringmatchingones(Blumeretal., 1985;



| Task | Type | Pruning | Previous Method | Full Index | Partiallndex |
BroadcatNews | word | nbest=1 29 2.7 -
Broadcat News | word cost=6 91 - 25
BroadcatNews | phore | cost=6 27 - 14
Switchbard word | nbest=1 18 4.7 -
Switchbard word cost=6 90 99 88
Switchbard phore | cost=6 97 431 41
Telecorfierences| word | nbest=1 16 2.6 -
Telecorfierences| word cost=6 142 352 184
Telecoiferences| phore | cost=6 146 - 69

Tablel: Compaisonof Index Sizesin MegaBytes.

Crochenore, 1985; Blumeretal., 1987. Variows prun
ing techniqees can be appliedto redue the size of the
index without significantly degrading perfamance Fi-
nally, othertypesof filters that make useof the geneal
framawork canbeinvestigaed.
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