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Abstract

Currentalternatvesfor languagemod-
eling are statistical techniquesbased
on large amountsof training data,and
hand-craftecontet-free or finite-state
grammarsthat are difficult to build
and maintain. One way to address
the problemsof thegrammatbasedap-
proachis to compilerecognitiongram-
marsfrom grammarswritten in a more
expressie formalism. While theoreti-
cally straight-forvard, the compilation
processcan exceedmemory and time
boundsandmight not alwaysresultin
accurateand efficient speechrecogni-
tion. We will describeandevaluatetwo
approachedo this compilation prob-
lem. We will alsodescribeand evalu-
ate additionaltechniguedo reducethe
structural ambiguity of the language
model.

1 Intr oduction

Languagemodelsto constrainspeechrecogni-
tion are a crucial componentf interactve spo-
ken languagesystems.The morevariedthe lan-

guagethat mustbe recognizedthe morecritical

good languagemodelingbecomes.Researchn

languagemodeling has heavily favored statisti-
cal approache$Cohen1995, Ward 1995, Hu et
al. 1996, lyer and Ostendorf1997, Bellegarda
1999, Stolcke and Shribeg 1996) while hand-
codedinite-stateor contet-freelanguagemodels
dominatethe commercialsector(Nuance2001,
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SpeechWirks 2001, TellMe 2001,BeVbcal 2001,
HeyAnita 2001, W3C 2001). The differencere-
volves aroundthe availability of data. Research
systemscanachieve impressie performanceus-
ing statisticallanguagemodelstrainedon large
amountsof domain-tageteddata, but for mary
domainssuficientdatais notavailable. Datamay
be unavailable becausehe domainhasnot been
explored before, the relevant datamay be con-
fidential, or the systemmay be designedto do
new functionsfor whichthereis nohuman-human
analoginteraction.The statisticalapproachis un-
workablein suchcasedor both the commercial
developersaandfor someresearcisystemgMoore
etal. 1997, Rayneret al. 2000, Lemonet al.
2001, Gauthronand Colineau1999). Even in
casesfor which thereis no impedimentto col-
lectingdata,theexpenseandtime requiredto col-
lect a corpuscan be prohibitive. The existence
of the ATIS databasgDahl et al. 1994)is no
doubta factorin the popularity of the travel do-
main amongthe researcrcommunityfor exactly
thisreason.

A major problemwith grammatbasedfinite-
stateor context-free languagemodelsis thatthey
canbe tediousto build anddifficult to maintain,
asthey can becomequite large very quickly as
the scopeof the grammarincreases. One way
to addressthis problemis to write the gram-
mar in a more expressie formalismand gener
atean approximatiorof this grammaiin the for-
mat neededby the recognizer This approach
hasbeenusedin several systemsCommandalk
(Moore et al. 1997), RIALIST PSA simula-
tor (Rayneret al. 2000), WITAS (Lemonet al.



2001), and SETHIWice (Gauthronand Colin-
eaul1999). While theoreticallystraight-forvard,
this approachis more demandingn practice,as
eachof the compilation stagescontainsthe po-
tentialfor a combinatorialexplosionthatwill ex-
ceedmemoryandtime bounds. Thereis alsono
guaranteehat the resultinglanguagemodelwill
leadto accurateandefficient speectrecognition.
We will beinterestedn this paperin soundap-
proximationg(PereiraandWright 1991)in which
the languageacceptedby the approximationis
a supersebf languageacceptedoy the original
grammarWhile we conceedhatalternatve tech-
niguesthat are not sound(Black 1989, (Johnson
1998,RaynerandCarterl996)maystill beuseful
for mary purposesye prefer soundapproxima-
tions becausehereis no chancethat the correct
hypothesiswill beeliminated. Thus,further pro-
cessingtechniquegfor instance ,N-bestsearch)
will still have an opportunityto find the optimal
solution.

We will describeandevaluatetwo compilation
approacheso approximatinga typed unification
grammarwith a contet-free grammar We will
also describeand evaluateadditionaltechniques
to reducethe sizeandstructuralambiguityof the
languagemodel.

2 TypedUnification Grammars

TypedUnification GrammargTUG), like HPSG
(Pollardand Sag1994)and Gemini (Dowding et
al. 1993) are a more expressie formalismin

which to write formal grammars. As opposedo

atomicnonterminakymbolsin a CFG, eachnon-
terminalin a TUG is a comple featurestructure
(Shieber1986)wherefeatureswith valuescanbe
attachedFor example therule:

s[] — np:[num=N]vp:[num=N]

canbe considereda shorthandor 2 context free
rules(assumingusttwo valuesfor number):

S — np_singularvp_singular
s — np.pluralvp_plural

1This paperspecifically concernsgrammarswritten in
theGeminiformalism.However, thebasicissuesnvolvedin
compilingtypedunificationgrammargo contet-freegram-
marsremainthe sameacrossormalisms.

This expressienessallows usto write grammars
with a small numberof rules (from dozensto a
few hundred)that correspondo grammarswith
large numbersof CF rules. Notethatthe approx-
imation neednot incorporateall of the features
from the original grammarin orderto provide a
soundapproximationln particulayin orderto de-
rive afinite CFgrammarwe will needto consider
only thosefeaturesthat have a finite numberof
possiblevalues,or at leastconsideronly finitely
mary of the possiblevaluesfor infinitely valued
features.We canusethetechniqueof restriction
(Shieber1985)to remove thesefeaturesrom our
featurestructures.Remawing thesefeaturesmay
give usa morepermissie languagemodel,but it
will still beasoundapproximation.

The experimentalresultsreportedin this pa-
per are basedon a grammarunderdevelopment
at RIACS for a spolen dialogueinterfaceto a
semi-autonomousobot, the PersonalSatellite
AssistantPSA). We considerthis grammaito be
medium-sizedwith 61 grammarrules and 424
lexical entries. While this may soundsmall, if
thegrammamvereexpandedy instantiatingvari-
ablesin all legal permutationsijt would contain
over6.8%° contet-freerules.

3 The Compilation Process

We will be studying the compilation process
to corvert typedunificationgrammarsxpressed
in Gemini notation into languagemodels for
usewith the NuancespeechrecognizeNuance,
2001). We are using Nuancein part becauset
supportscontet-free languagemodels,which is
notyetindustrystandard. Figurel illustratesthe
stage®f processingatypedunificationgrammar
is first compiledto a context-free grammar This
is in turn corvertedinto a grammarin Nuances
Grammar SpecificationLanguae (GSL), which
is a form of contet-free grammarin a BNF-like
notation with onerule definingeachnonterminal,
and allowing alternationand Kleene closureon
theright-hand-side Critically, the GSL mustnot
containary left-recursion,which mustbe elimi-
natedbeforethe GSL representatiois produced.

2The standardis moving in the direction of context-
free languagemodels,as canbe seenin the draft standard
for SpeechRecognitionGrammarsheingdevelopedby the
World Wide Web Consortium(W3C 2001).
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The GSL representatiotis then compiledinto a

Nuancepackagewith the nuance conpi |l er.

Thispackagés theinputto thespeechrecognizer
In our experiencegachof thecompilationstages,
aswell as speechrecognitionitself, hasthe po-

tential to lead to a combinatorialexplosion that
exceedsracticalmemoryor time bounds.

We will nowv describeimplementationf the
first stage, generatinga contet-free grammar
from atypedunificationgrammay by two differ-
entalgorithms onedefinedby Kiefer andKrieger
(2000)andoneby MooreandGawron, described
in Moore (1998) The critical difficulty for both
of theseapproachess how to selectthe set of
derived nonterminalghatwill appeaiin thefinal
CFG.

3.1 Kiefer&Krieger' s Algorithm

Thealgorithmof Kiefer&Krieger (K&K) divides
this compilationstepinto two phases:first, the
setof contet-free nonterminalgs determinedy
iterating a bottom-upsearchuntil a leastfixed-
pointis reachedsecondhis leastfixed-pointis
usedto instantiatehe setof contet-free produc-

1 Ty :=0;

2 foreachl € £

3 1= L();

4 To:=1Tp Uc {l},

5 T := Iterate(R,R, Ty);
6 Iterate(R,R, T;)

7 localT;yq;

8 Tip1:=1Tj

9 foreach=reR

10 for eacht € FillDaughters(r, T;)
11 t:= R(t);

12 Ty := Ty U {t]

13 if ;=T

14 thenreturn T;

15 elsereturn Iterate(R, R, Ti+1)

Tablel: Constructiorof thefixed-point

tions.

The computationof the fixed-point T', de-
scribedin Tablel, proceedssfollows. First, Tj
is constructedy finding the most-generasetof
featurestructureshatoccurin thelexicon L (lines
1-4). Eachfeaturestructurehasthelexical restric-
torL appliedtoit beforebeingaddedo Ty (line 3)
with theUr operator This operatormaintainghe
setTy of most-generaleaturestructures.A new
featurestructureis addedto the setonly whenit
is not subsumedy ary currentmembersof the
set,andary currentmemberghatare subsumed
by the new memberare removed asthe new el-
ementis added. The computationof T' proceeds
with the call to Iterate (line 6), which addsnewn
featurestructureghatcanbe derved bottom-up.
Eachcall to Iterate generates new setT;, 1, in-
cluding T; asits base(line 8). It thenaddsnew
featurestructuresto 7;,1 by instantiatingevery
grammarrule r in R, the setof grammarrules.
Thefirst stepin theinstantiationis to unify every
combinatiorof daughtersvith all possiblefeature
structuredrom 7; (FillDaughters, line 10). The
rule restrictoris appliedto eachresultingfeature
structureg(line 11) beforeit is addedo T;,; using
the U operator(line 12), similar to the lexical
caself aftercheckingall ruleapplicationsottom
up, no new featurestructureshave beenaddedto
Ti+1 (line 13),thentheleastfixed-pointhadbeen
found,andthe procesderminates Otherwise Jt-



erateis calledrecursvely. SeeKiefer andKrieger
(2000)for proofthatthisterminatesandfindsthe
appropriatdixed-point.

Having computedthe leastfixed-pointT’, the
next stepis to computethe setof corresponding
CFproductionsFor eachr in R, of theformt¢ —
t1 ... 1s, instantiatethe daughters; . . . ¢, using
all combinationsof unifiable feature structures
from T. Contet-free productionst — ¢ ...t,
will beaddedwheret € T' andt subsumes t.3

3.2 Mooreand Gawron’s Algorithm

While K&K usessubsumptiorto generatehe set
of most-generahonterminals,the algorithm of
Moore and Gawron (M&G), describedn Moore
(1998)attemptgo propagatdeaturessaluesboth
bottom-upandtop-davn throughthe grammarto
generatea set of nonterminalsthat containsno
variables. Also unlike K&K, the productionof
the CF rulesandassociateshonterminalss inter
leaved. The processconsistsof a preprocessing
stageto eliminatesingletonvariables,a bottom-
up propagatiorstageandatop-davn propagation
stage.

The preprocessingtagerewrites the grammar
to eliminate singletonvariables. This step ef-
fective replacessingletonvariableswith a nev
unigueatomicsymbol’ANY’. Thefeaturestruc-
ture for eachlexical item and grammarrule is
rewritten such that singletonvariablesare uni-
fied with a specialvalue’ANY’, andevery non-
singletonvariable expressionis embeddedn a
val() term. After this transformation singleton
variableswill not unify with non-singletorvari-
ableexpressionspnly with othersingletons.Ad-
ditionalrulesarethenintroducedo dealwith the
singletonvariablecases.For eachdaughterin a
grammarrule in which a singletonvariable ap-
pears,new lexical items and grammarrules are
introducedwhich unify with thatdaughteiin the
original grammar As an example,considerthe

3Thereis aminor bug in K&K wherethey statethatthe
resultt will alwaysbein T andt — t; ...t, will beaCF
productionin the approximation,but this may not be true
if ¢ wasremoved from T’ by Ug. Instead,the subsuming
nonterminak shouldbethe new mother

grammarfragment:

vp:[num=N]— v:[num=N] np:[]
np:[num=N]— det:[num=N]n:[num=N]
np:[num=pl]— n:[num=pl]

Here,the np objectof vp is underspecifiedor
num (asEnglishdoesnot generallyrequirenum-
beragreemenetweertheverbandits object),so
it will be a singletonvariable. So, the following
ruleswill begenerated:

vp:[num=\al(N)] —
v:[num=wal(N)] np:[num="ANY’]
np:[num=wal(N)] —
det:[num=wal(N)] n:[num=wal(N)]
np:[num=wal(pl)] — n:[num=\al(pl)]
np:[num="ANY’] —
det:[num=al(N)] n:[num=\al(N)]
np:[Nnum="ANY’] — n:[num=\al(pl)]

After preprocessingary variablesremaining
in the bodiesof grammarrules will be shared
variables. Singletonvariable elimination by it-
self is very effective at shrinkingthe size of the
CF grammarspace reducingthe size of therule
spacefor the PSA grammarfrom 6.8210%° rules
t0 4.2210' rules.

The bottom-upstagestartsfrom this grammay
andderivesa new grammarby propagatingea-
turevaluesup from the lexicon. The processacts
like a chart parser except that indicies are not
kept. Whenarule transitionsfrom anactive edge
to aninactive edge,anew rule with thosefeature
instantiationss recorded As a side-efect of this
compilation e-productionsareeliminated.

Top-davn processindires last, and performs
arecursve-descenwalk of the grammarstarting
atthestartsymbol ¥, generatinga nev grammar
that propagatedeaturesdowvnward through the
grammar A side-efect of thiscomputatioris that
useless-productisrn(rulesnot reachabldrom 2)
areremoved. It might still be possiblethat after
top-davn propagationtherewould still be vari-
ablespresenin the grammar For example,if the
grammarallows sentencebke “the deerwalked”,
which areambiguoudor number thentherewill
be a rule in the grammarthat containsa shared
variablefor the numberfeature. To addresghis,
as top-davn propagationis progressingall re-
mainingvariablesareidentifiedand unified with



aspecialvalue’ALL . Sinceeachnonterminalis
now ground.,it is trivial to assigneachnontermi-
nalaunigueatomicsymbol,andrewrite thegram-
marasaCFG.

3.3 Comparison

Table2 containsasummaryof somekey statistics
generatedisingbothtechniquesTherecognition
resultswere obtainedon a testsetof 250 utter
ancesRecognitionaccurag is measuredh word
error rate, and recognitionspeedis measuredn
multiplesof realtime (RT), the lengthof the ut-
terancecomparedvith thelengthof theCPUtime
requiredfor the recognitionresulf. The size of
theresultinglanguaganodelis measuredh terms
of the numberof nonterminalsin the grammay
andthe size of the Nuancenodearray a binary
representationf the recursie transitionnetwork
it usesto searchthe grammar Ambiguity counts
the averagenumberof parsesper sentencehat
wereallowedby the CFgrammar As canberead-
ily seenthe compilationtime for the K&K algo-
rithm is dramaticallylower thanthe M&G algo-
rithm, while producinga similarly lower recog-
nition performancemeasuredn bothword error
rateandrecognitionspeed.

Given that the two techniqgueggenerategram-
marsof roughly similar sizes,the differencein
performancés striking. We believe thattheuseof
theUr in K&K is partially responsibleConsider
agrammarhatcontainsalexical itemlike “deer”
thatis underspecifieébr numberandwill contain
asingletonvariable.Thiswill leadto a nontermi-
nal featurestructurefor nounphrasethatis also
underspecifiedor numbey which will be more
generalthan ary noun phrasefeaturestructures
thataremarkedfor number TheU. operatomwill
remove thosenounphrasesisbeinglessgeneral,
effectively remaving the numberagreementon-
straintbetweersubjectandverbfrom thecontext-
freeapproximationTheuseof Ur allowsasingle
grammarrule or lexical itemto have non-localef-
fectson the approximation. As seenin Table2,
thegrammarderived from the K&K algorithmis
muchmoreambiguoughanthe grammarderived
theM&G algorithm,and,asis furtherelaborated

“All timing resultspresentedh this paperwereexecuted
ona SunUltra 60 workstation runningat 330MHzwith 1.5
GB physicalmemoryandanadditionallGB swap.

K&K M&G
CompilationTime | 11min. | 192min.
Nonterminals 2,284 1,837
NodeArray Size 224KB | 204KB
Word Error Rate 25.05%| 11.91%
RecognitionTime | 13.8xR | 1.7xRT
Ambiguity 15.4 1.9

Table2: ComparisorResults

in Section4, we believe thatthe amountof am-
biguity canbe a significantfactorin recognition
performance.

On the other hand, attentionmust be paid to
the amountof time andmemaoryrequiredby the
Moore algorithm. On a medium-sizedgrammay
this compilationsteptook over 3 hours,andwas
closeto exceedingthe memory capacityof our
computerwith a processsize of over 1GB. The
approximatioris only valuableif we cansucceed
in computingit. Finally, it shouldalsobe noted
thatM&G’ salgorithmremorvese-productionsand
useless-productisnwhile we hadto adda sepa-
rate postprocessingtageto K&K’ s algorithmto
getcomparableesults.

For futurework we planto explorepossiblen-
tegrationsof thesetwo algorithms. One possi-
bility is to includethe singleton-eliminatiorpro-
cessas an early stagein the K&K algorithm.
This is a relatively fast step, but may leadto a
significantincreasein the size of the grammar
Another possibility is to embeda variant of the
K&K algorithm,andits cleanseparatiorof gen-
eratingnonterminaldrom generatingCF produc-
tions, in placeof the bottom-upprocessingtage
in M&G’ s algorithm.

4 ReducingStructural Ambiguity

It has beenobsered (Bratt and Stolcke 1999)
thatapotentialdifficulty with usinglinguistically-
motivated grammarsas languagemodelsis that
ambiguity in the grammarwill leadto multiple
pathsin the languagemodelfor the samerecog-
nition hypothesis.In a standardbeam-searchr
chitecture,dependingon the level of ambiguity
this may tendto fill the beamwith multiple hy-
pothesedor the sameword sequenceandforce
other good hypotheseout of the beam, poten-



tially increasingvord errorrate. Thisobseration
appeargo be supportedn practice. The original
form of the PSA grammarallows an averageof
1.4 parsegersentenceandwhile boththe K&K
andM&G algorigthmincreasehelevel of ambi-
guity, the K&K algorithmincreasesmuch more
dramatically

We areinvestigatingtechniguego transforma
CFGinto oneweaklyequialentbut with lessam-
biguity. While it is not possiblein generalto re-
move all ambiguity (HopcroftandUllman 1979)
we hopethat reducingthe amountof ambiguity
in the resultinggrammarwill resultin improved
recognitionperformance.

4.1 Grammar Compactor

The first techniqueis actually a combinationof
threerelatedtransformations:

e DuplicateNonterminalElimination— If two
nonterminal$A andB have exactlythesame
setof productions

A= Bil|...|6n

then remove the productionsfor B, and
rewrite B as A everywhereit occursin the
grammar

e Unit RuleElimination— If thereis only one
productionfor anonterminalA, andit hasa
singledaughteon its right-handside

A— 18l =1

then remove the production for A, and
rewrite A as 3 everywhereit occursin the
grammar

e DuplicateProductionElimination—If anon-
terminalA hastwo productionghatareiden-
tical

thenremove the productionfor ;.

Thesetransformationgareappliedrepeatediyun-
til they canno longerbe applied. Eachof these
transformationsnay introduceopportunitiesfor
the othersto apply so the processneedsto be
orderinsensitve. This techniquecanbe applied

after the traditional reductiontechniquesof -
elimination,cycle-elimination,andleft-recursion
elimination, sincethey dont introduceary new
e-productionsor ary new left-recursion.

Although these transformationsseem rather
specializedthey weresurprisinglyeffective atre-
ducing the size of the grammar For the K&K
algorithm,the numberof grammarruleswasre-
ducedfrom 3,246to 2,893,a reductionof 9.2%,
andfor the M&G algorithm,the numberof rules
wasreducedrom 4,758to 1,837,a reductionof
61%. While thesetransformsdo reducethe size
of the grammay and modestlyreducethe level
of ambiguityfrom 1.96to0 1.92,they did notini-
tially appeato improve recognitionperformance.
However, that was with the nuanceparameter
-node array optini zati onlevel setto
the default value FULL. When setto the value
M N, the compacted grammar was approxi-
mately 60% faster and about 9% reduction
in the word error rate, suggestingthat the
nuance_conpi | er is performing a similar
form of compactiorduring nodearray optimiza-
tion.

4.2 Immediate RecursionDetection

Anothertechniqueo reduceambiguitywasmoti-
vatedby adesireto reducegheamountof preposi-
tional phraseattachmenambiguityin our gram-
matr This techniquedetectswhena Kleeneclo-
surewill beintroducedinto the final form of the
grammay and takes advantageof this to remove
ambiguity Considetthis grammarfragment:

NP — NP PP
VP -V NPPP

Thefirst rule tells usthatan NP canbe followed
by an arbitrary numberof PPs,and that the PP
following the NP in the secondrule will be am-
biguous.In addition,any nonterminathathasan
NP asits rightmostdaughtercanalsobefollowed
by an arbitrary numberof PPs,sowe candetect
ambiguity following thosenonterminalsas well.
We definea predicatefollowsas:
A followsB iff

B—+BAor

B — g C andA followsC

Now, thefollowsrelationcanbeusedto reduce

ambiguityby modifying otherproductionsvhere



aB isfollowedby anA:
X =B Bifiv1---Pn
whereg; ;1 followsg; andfg; # X
canberewrittenas
A= pr...BiBiv2---Bn

Thereis an exactly analogougransformation
involving immediateright-recursionand a simi-
lar predicatgoreceedsThesetransformatiorpro-
ducealmostthe samelanguagebut can modify
it by possibly allowing constructionghat were
notallowedin the original grammar In our case,
theinitial grammarfragmentabore would require
thatatleastonePPbe generatedvithin thescope
of the VP, but after the transformatiorthatis no
longerrequired. So, while thesetransformations
arenot exact, they arestill soundaproximations,
astheresultinglanguages a supersetf the orig-
inal language.

Unfortunately we have hadmixed resultswith
applying thesetransformations. In earlier ver
sionsof ourimplementationapplyingthesdrans-
formationssucceededn improving the recogni-
tion speedup to 20%, while having somemodest
improvementsin word errorrate. But, aswe im-
proved otheraspectof the compilationprocess,
notablythe grammarcompactiontechniquesnd
the left-recursion elimination technique, those
improvementsdisappearedand the transforma-
tions actually madethings worse. The problem
appeardo be that both transformationsanin-
troducecycles, and the right-recursie casecan
introduceleft-recursioneven in caseswherecy-
clesarenotintroduced.Whentheintroducedcy-
clesandleft-recursionsrelaterremoved,thesize
of the grammaris increasedwhich canleadto
poorerrecognitionperformanceln theearlierim-
plementationsgycleswere fortuitously avoided,
probably due to the fact that there were more
uniguenonterminal®verall. We expectthatthese
transformationsnay be effective for somegram-
mars,but not others. We planto continueto ex-
plore refinementsto thesetechiquesto prevent
themfrom applyingin caseswherecyclesor left-
recursionmaybeintroduced.

5 Left RecursionElimination

We have usedwo left-recursioreliminationtech-
nigues, the traditional one basedon Paull’s al-
gorithm, as reported by Hopcroft and Ullman

(1979), and one describedby Moore (2000¥,

based on a technique describedby Johnson
(1998). Our experienceconcurswith Moore that
theleft-cornertransformhe describeproducesa

more compactleft-recursionfree grammarthan
that of Paull's algorithm. For the K&K approx-
imation, we were unableto getary grammarto

compile throughto a working languagemodel
using Paull's algorithm (the models built with

Paull's algorithm causedthe recognizerto ex-

ceedmemorybounds),andonly succeededvith

Moore’s left-recursioreliminationtechnique.

6 Conclusions

We have presentediescription®f two algorithms
for approximatingtyped unification grammars
with contet-free grammarsand evaluatedtheir
performanc@uringspeechiecognition.Initial re-
sultsshav thathigh levelsof ambiguitycoorelate
with poorrecognitionperformanceandthat size
of theresulinglanguagenodeldoesnot appeato
directly coorelatewith recognitionperformance.
We have developednewn techniquesor furtherre-
ducingthe sizeandamountof ambiguityin these
contt-free grammarshut have so far metwith
mixedresults.
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