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ABSTRACT

During the last few years,word graphshave beengain-
ing increasinginterestwithin the speechcommunityas
theprimaryinterfacebetweenspeechrecognizersandlan-
guageprocessingmodules.Both developmentandevalu-
ationof graph-producingspeechdecodersrequiregener-
ally acceptedmeasuresof word graphquality. While the
notionof recognitionaccuracy caneasilybeextendedto
word graphs,a meaningfulmeasureof word graphsize
hasnotyetsurfaced.

We argue,that thenumberof derivationstepsa theo-
reticalparserwould needto processall uniquesub-paths
in agraphcouldprovideameasurethatis bothapplication
orientedenoughto bemeaningfulandgeneralenoughto
allow ausefulcomparisonof wordrecognizersacrossdif-
ferentapplications.

1. INTR ODUCTION

Thesuccessof languageprocessingmoduleswithin aspeech
understanding(or interpreting)systemdependsheavily on
thequalityof theoutcomeof thefirst stagein processing,
the speechrecognizer. A commonlyusedinterfacebe-
tweena wordrecognizerandsubsequentlanguageunder-
standingmodulesconsistsof a chainof wordsrepresent-
ing thesequenceof wordsbestmatchingtheacousticinput
signal(best chain recognition).If theword recognizeris
to beusedasanadd-onto alreadyexisting languagepro-
cessingsystems,this interfaceis themostobviouschoice
sincetherecognitionresultshavethesameform aswritten
input (exceptfor punctuationandcapitalization).

When the recognitionrate of a speechrecognizeris
sufficientlyhigh,theinformationprovidedbythebest chain
maysufficefor thelanguageprocessingmodules.In many
cases,however, thesemoduleseitherrequireperfectinput
or theaveragenumberof errorsin thebest chain is simply
to high. In thesecases,the recognizerhasto passmore
informationto subsequentprocessingsteps.Thesimplest
way to do this is to presenta list of differentword se-
quences,whichrepresentthen-best chains therecognizer
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was able to detect. Languageprocessingmodulesmay
thuschooseamongthesetof possibleutterancespresented
by therecognizer.

However, it is usuallynot enoughto deliver just the
best10 or 20 utterances,at leastnot for reasonablesized
applicationsgiventodaysspeechrecognitiontechnology.
To significantly increaseoverall systemperformance,�
(thenumberof utterancehypotheses)hasto bequitelarge.
It increasesexponentiallywith the lengthof thesentence
[6].

Wordgraphsoffer asimpleandefficientwayto repre-
sentanextremelyhigh numberof competinghypotheses
andhave thereforebecomevery popularas the primary
interfacebetweenspeechrecognizersand languagepro-
cessingmodules[6], [2].

In orderto improvespeechrecognitionsystems,areli-
ablemeasureof systemperformanceis needed.Mostwell
known evaluations(e.g. ResourceManagement,Wall-
StreetJournal,Switchboard)only considerthebest chain.
It is often assumedthat the bestsystemwith respectto
the best chain will also be the best systemto produce
wordgraphs.It is notclear, however, why thisassumption
shouldalwayshold. The evaluationresultsof the 1996
Verbmobilacousticevaluation[8], for instance,give rea-
sonto questionthis assertion.Figure1 presentsthemain
resultsof the evaluationby plotting word accuracy as a
function of word graphdensity(measuredasnumberof
hypothesesperreferenceword) for all participatingsites.
The leftmost points in all plots representthe best chain
results. Considerthe plots labeled“FP1” and“DB”, re-
spectively. While “DB” hasa significantadvantagein the
best chain class,thereseemsto beno differencewhenit
comesto big wordgraphs.

Previousattemptstodirectlyevaluatewordgraphshave
beenhamperedby the lack of a meaningfulmeasureof
word graphquality [4]. While the notion of word accu-
racy caneasilybeextendedto thebest-fittingpaththrough
awordgraph, it is muchharderto find ameaningfulmea-
sureof word graphsize. In the following sections,vari-
ousmeasuresof the sizeandquality of word graphsare
discussedand an application–orientedmeasureof word
graphcomplexity is proposed.
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Figure1: Resultsof the1996Verbmobilacousticevalua-
tion (cat. t1)

2. CONVENTION AL GRAPH EVALUATION
METHODS

A word graph is a directed,acyclic, weighted, labeled
graphwith distinct root andendvertices. It is a quadru-
ple �����	��

��
���
���� , where ����������
�� � �

!� "$# denotes
the setof vertices,�%�&��'(��
 ��� �

!'*)+#-,���./��.0�1.
� the setof edgesrepresentingword hypotheses,� ���2 � 
�� ���!
!2435# a setof edgeweightsand �6��� 7 � 
 ��� �

�798�#
a setof labels(usuallywords).

If graphsareevaluatedat all (e.g. [7], [8], [6], [9]),
the quality measureusedis commonlya straightforward
extensionof the word accuracy measureas usedfor the
besthypothesis:

wordaccuracy ��:�;�;=<6:�;�;?> #errors
#wordsin transcription

#errors� #substitutions@ #deletions@ #insertions

Theword accuracy of the graphis thenjust theword
accuracy of thepaththroughthegraphwith thebestrating
accordingto thismeasure.

The size(or density)of the graphis usuallydefined
as the averagenumberof edgesper (transcribed)word
(e.g. [2], [10]). This measureis rathervague,asfigure
2 demonstrates.Even without any formal definition of
graphsizeor complexity, it seemsintuitivelyclearthatthe
lower graphis somehow “bigger”. However, bothgraphs
have thesamenumberof edges.

To accountfor this, the averagenumberof incoming
or outgoingedgespervertex is sometimestakeninto ac-
count [8]. Alternative measuresproposedin [4] include
the numberof pathsthrougha graph,a combinationof
thenumberof edgesandtheaveragenumberof outgoing
edgesor errorratesfor randomlyselectedpaths.

Figure2: Examplegraphs

3. APPLICATION-ORIENTED EVALUATION

Accordingto [3], “To evaluate is to determinewhatsome-
thing is worth to somebody.” In orderto definea mean-
ingful measureof word graphquality or complexity, one
hasto determinefirst, who is “somebody”,i.e. whatkind
of languageprocessingmoduleis thetypical customerof
graphproducingword recognizers. In this paper, we
assumethat a parseris the primary moduleusing word
graphsfor furtheranalysis.In particular, we assumethat
it usesa formalismbasedon complex features.This pre-
ventstheuseof algorithmswith a cubictime complexity,
aswe may assigndifferentstructuresto eachtwo edges
or constituentscoveredby a rule of the syntax(e.g. by
defininga featurethatholdsthesequenceof word labels
attachedto thewordstheedgespans).We constrainour-
selves to grammarsthat usea context-free backbonefor
convenience,and further constrainthe rules to have at
mosttwo right-handsidenonterminals,i.e. thegrammars
arein Chomsky normalform. We donot,however, apply
constraintsregardingsearchstrategy or pruning mecha-
nisms.

Theseassumptionshaveseriousconsequencesfor pars-
ing complexity, aswecannotholda fixedsizesetof non-
terminalcategoriesfor eachintervalof graphvertices(which
leadsto polynomialcomplexity). Instead,wehave to pro-
duceonederivationstepfor eachpair of edges(word hy-
pothesesor complex edgescoveringmorethanoneword)
to simulatetheprocessingof a parser.1

A first attemptto establisha measurefor word graph
sizerelevant for theoverall performanceof a speechun-
derstandingsystemis to investigateinto the numberof
pathsin a graph. This measureis motivatedby the fact
thata parsermayconstructananalysisfor eachsequence
of wordhypothesescoveringthewholeutterance.A word
graphmay have asmany as ��A B5AA CDA � A C$AFE

� pathsin it, if the
edgesaredistributedevenly amongthegraph.Determin-
ing thenumberof pathsin agraphcanbedoneefficiently
in GH��I ��I!@JI �KI � timegiventheacyclicity of wordgraphs.

1Sincea grammarmaycontainambiguities,theremaybemorethan
onederivation stepfor eachpair of edges. We abstractfrom this fact
aswell asfrom the fact that not every pair of edgesmay be combined
due to grammarrestrictions. Thus, we do only take into accountthe
consequencesobtainablefrom the raw input, the word graph,andset
asidepropertiesof grammarsandsuch.



The next possibleextensionis to reducethe graphto
only containuniquewordsequences.Themotivationbe-
hind this modificationof a graphis the observation that
two identicallylabeledyetdifferentpathsthroughthegraph
canonly differ regardingtwo piecesof information:

L Theverticesthepathsvisit. This shouldnot bother
a parser, sincethemappingfrom wordsto exactin-
tervalsin time maybeirrelevant.2

L The acousticscoresthe wordsareannotatedwith.
In this case,only the path with the highest(best)
scoreneedsto beretained.

[1] for eachvertex MONQPSRUT�V in topologicalorder, do
[2] for eachpairof identicallylabeled

edgesW�X , WZY do
Perform merging and create new vertex

[3] Createanew vertex M having[ RUM�V]\ ^`_=aFb$R [ Rdc4R9W X V�e [ Rdc4R9W Y VfVfVfV ,
insertingM into thetopologicalorder
Copy all edges incident from cgR9W�XfV to M

[4] for eachedgeWh^iRdc4R9W X V�e
jke
l e
m�V do
[5] Createanew edgeW�no\ ^pRUM�e
j�e
l e
m�V

Copy all edges incident from cgR9WZY!V to M
[6] for eachedgeWh^iRdc4R9WZY�V�e
jke
l e
m�V do
[7] Createanew edgeW�no\ ^pRUM�e
j�e
l e
m�V

DeleteW X , W Y

Figure3: Reducinga graphto uniquelabelsequences

Figure3 shows thealgorithmto reducea word graph
to containuniquelabelsequencesonly. It guaranteesthat
no vertex is ever left by two edgeswith identical labels.
This localconditionhastheeffect thatfrom aglobalpoint
of view notwo distinctpathsthroughthegraphbeariden-
tical word sequences.Unfortunately, it hasa time com-
plexity which is exponentialin thenumberof verticesin
theworstcase.Weintroducedseveraloptimizations(mostly
concerningmerging of verticesundercertainconditions)
which allowedus to apply this algorithmto preproduced
graphsfor evaluationpurposes.

Justcounting(unique)paths,however, ignorestheform
of a graph;theproportionof sharedsub-paths(thatneed
to beanalyzedonly once)is not takeninto consideration.
Wethereforeproposeto definethecomplexity measureof
a word graphasthenumberof derivationsa (theoretical)
parserwould have to carryout in orderto fully parsethe
graph.We first considertheanalysisof onepathandsub-
sequentlyextendour argumentto derivationsover a full
graph.

Thenumberof derivationsteps( qor 3�s ) for a full analy-
sisof onepath(t ) throughthegraphis

q r 3�s � �vu�<w�x (1)

2Note that this is not the caseif information other than the words
givenby a speechrecognizeris to be takeninto account,e.g. prosodic
informationwhich maywell beboundto specifictime intervals.

where � denotesthe lengthof the path, i.e. the number
of edgescoveredby it. The numberof derivation steps
directly correspondsto the numberof processingsteps
neededto fill thederivationmatrix of theCKY-algorithm
(cf. [5, p. 107]). Noteagainthat (1) doesnot entail that
parsingwith complex featurebasedgrammarsis cubic.
Theonly propertyextendingover context-freeparsingwe
usein our argument(namelynot to guaranteea fix-sized
setof hypothesesatany vertex) preventsusfrom incorpo-
ratingmany pathsinto oneoperation.

If we assumethat all pathsthroughthe grapharein-
dependentof eachother, the total numberof derivations
is

q rzy s � {3}| y
q r 3�s (2)

which givesa linear dependency betweenthe numberof
pathsand the numberof derivationsin a graph. How-
ever, subpartsof agrapharesharedamongdifferentpaths.
Thus,the formulaabove is only anupperbound. To ac-
countfor subgraphsharing,wehaveto useaslightly more
complex algorithm,givenin figure4 below.

[1] totalderiv ~?�/�
[2] for eachvertex M=N�PSRUT�V in topologicalorder, do

Adjust the number of rule applications
and the total number of derivations so far.

[3] deriv �����
�v~��/�?����RUM�V
[4] for all �DNQ� �(eZ�!���!eZ� P�� � do
[5] for eachedgeW�^pRUj�e
M�ef�ve
m�V do
[6] deriv �(� �z��~?� deriv �(� ���}� deriv �]� �o�����
[7] totalderiv ~?� totalderiv � deriv � �F���
[8] return totalderiv

Figure4: Determiningthenumberof derivationsin aword
graph

Thecomplexity of thisalgorithmyields GH�!I ��IdI �=I � . The
methodusedtocomputethenumberof derivationassumes
somekind of chartparserwhichdoesnotcomputepartial
analysestwice. Sharedleft contexts arepreserved, thus
only addingonceto theoverall sum.

By usingthenumberof derivationsgeneratedby this
algorithm we take into accountthe impact of different
graphshapesontoparsingeffort. Thus,giventwo graphs
with identicalnumberof paths,thegraphthathasthelargest
amountof subgraphsharingin it will be the bestoneto
parse.An exampleof anevaluationbasedon thenumber
of derivation stepsis shown in figure 5. It is instructive
to compareit with figure 1. In figure5, the distancebe-
tweenthe two plots for “DB” and“UHH” seemsmuch
biggerthan in figure1 andit seemsto increasewith the
sizeof the graphs.In figure5 theword graphsdelivered
by “DB” appearmuchsmallercomparedto “HH” andif
oneimaginesan interpolatedplot connectingthe points,
thedifferencebetweenthe two plots appearsmuchmore
constant.
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4. CONCLUSION

In this paper, we have proposeda new measurefor the
problemsizerepresentedby word graphs.Startingfrom
conventionalevaluationof best-chainrecognizers,we ar-
guedthata straightforwardgeneralizationof well known
procedurestographrecognizersmaybemisleading.While
wordaccuracy canbeextendedto graphevaluation,asen-
siblenotionof thesizeof a graphis muchharderto find.
Measurestakenuntil now, like the numberof word hy-
pothesesperreferencewordor theaveragefanoutof ver-
tices,areinsufficient in our view, sincethe topologyand
shapeof the word graphsare not properly reflectedby
thesemeasures.

Instead,weproposeto choosetheamountof process-
ing a hypotheticalparserwouldhave to carryout in order
to processa graphastheprincipalmeasurefor graphsize.
This measuretakesinto accountthe numberof edgesas
well asthenumberof paths,andsimultaneouslytheshape
of awordgraphis considered.Wemotivatedthismeasure
andgave efficient algorithmsto computeit.

Furtherdetailsconsideringthe algorithmspresented
canbefoundin [1].
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