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ABSTRACT

During the last few years,word graphshave beengain-
ing increasinginterestwithin the speechcommunity as
theprimaryinterfacebetweerspeechiecognizersindlan-
guageprocessingnodules.Both developmentandevalu-
ation of graph-producingpeechdecodersequiregener
ally acceptedneasuresf word graphquality. While the
notion of recognitionaccurag caneasily be extendedto
word graphs,a meaningfulmeasureof word graphsize
hasnotyetsurfaced.

We ague,thatthe numberof derivationstepsa theo-
retical parsemwould needto processll uniquesub-paths
in agraphcouldprovideameasuré¢hatis bothapplication
orientedenoughto be meaningfulandgeneralenoughto
allow ausefulcomparisorof wordrecognizersicrosglif-
ferentapplications.

1. INTRODUCTION

Thesuccessflanguagerocessingnoduleswithin aspeech
understandingor interpreting)systendependfieasily on
the quality of the outcomeof thefirst stagein processing,
the speechrecognizer A commonlyusedinterfacebe-
tweena word recognizerandsubsequenanguageunder
standingmodulesconsistsof a chainof wordsrepresent-
ing thesequencef wordsbestmatchingheacoustianput
signal(best chain recognition).If the word recognizelis
to be usedasanadd-onto alreadyexisting languagepro-
cessingsystemsthisinterfaceis the mostobvious choice
sincetherecognitionresultshave the sameform aswritten
input (exceptfor punctuatiorandcapitalization).

When the recognitionrate of a speechrecognizeris
sufiiciently high,theinformationprovidedby thebest chain
maysufficefor thelanguagerocessingnodules.ln mary
caseshowever, thesemoduleseitherrequireperfectinput
or theaveragenumberof errorsin thebest chain is simply
to high. In thesecasestherecognizethasto passmore
informationto subsequerprocessingteps.The simplest
way to do this is to presenta list of differentword se-
guenceswhichrepresenthen-best chains therecognizer
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was ableto detect. Languageprocessingnodulesmay
thuschooseamonghesetof possibleutterancepresented
by therecognizer

However, it is usually not enoughto deliver just the
best10 or 20 utterancesat leastnot for reasonablsized
applicationggiventodaysspeeclrecognitiontechnology
To significantly increaseoverall systemperformancen
(thenumberof utterancénypothesed)asto bequitelarge.
It increasegxponentiallywith the lengthof the sentence

[6].

Word graphsoffer a simpleandefficientwayto repre-
sentan extremely high numberof competinghypotheses
and have thereforebecomevery popularasthe primary
interfacebetweenspeectrecognizersand languagepro-
cessingnoduleg6], [2].

In orderto improve speechiecognitionsystemsareli-
ablemeasuref systenperformancés neededMostwell
known evaluations(e.g. ResourceManagementWall-
StreetJournal Switchboardpnly consideithebest chain.
It is often assumedhat the bestsystemwith respectto
the best chain will also be the best systemto produce
wordgraphslt is notclear however, why thisassumption
shouldalwayshold. The evaluationresultsof the 1996
Verbmobilacousticevaluation[8], for instancegive rea-
sonto questionthis assertion Figurel presentthe main
resultsof the evaluationby plotting word accurag asa
function of word graphdensity(measuredis numberof
hypotheseperreferencenord) for all participatingsites.
The leftmost pointsin all plots representhe best chain
results. Considerthe plotslabeled“FP1” and“DB”, re-
spectvely. While “DB” hasa significantadvantagen the
best chain class,thereseemdo be no differencewhenit
comedo big word graphs.

Previousattemptdo directlyevaluatewordgraphshave
beenhampereddy the lack of a meaningfulmeasureof
word graphquality [4]. While the notion of word accu-
rag/ caneasilybeextendedo the best-fittingpaththrough
awordgraph, it is muchharderto find ameaningfuimea-
sureof word graphsize. In the following sections vari-
ousmeasure®f the size and quality of word graphsare
discussedand an application—orienteaneasureof word
graphcompleity is proposed.



100

= DB
- FP1
- FP2
x TUML
—+ TuM2
o~ UHH
o UKA
- UKAL

accuracy

Figurel: Resultsof the 1996 Verbmobilacousticevalua-
tion (cat.t1)

2. CONVENTION AL GRAPH EVALUATION
METHODS

A word graphis a directed, ag/clic, weighted, labeled
graphwith distinctroot andendvertices. It is a quadru-
pleG = (V,&,W, L), whereV = {vy,...,v,} denotes
the setof vertices,& = {e1,...,em} CV xV x W x
L the setof edgesrepresentingvord hypothesesyy =
{wn, ..., wp} asetof edgeweightsandl = {l1,...,1,}
asetof labels(usuallywords).

If graphsare evaluatedat all (e.g. [7], [8], [6], [9]),
the quality measurausedis commonlya straightforward
extensionof the word accurag measureas usedfor the
besthypothesis:

#errors
#wordsin transcription

wordaccurag = 100 — 100

#errors= #substitutions #deletionst #insertions

Theword accurag of the graphis thenjust the word
accurag of thepaththroughthegraphwith thebestrating
accordingo thismeasure.

The size (or density)of the graphis usually defined
as the averagenumberof edgesper (transcribed)word
(e.g. [2], [10]). This measurds rathervague,asfigure
2 demonstrates.Even without ary formal definition of
graphsizeor compleity, it seemsntuitively clearthatthe
lower graphis somehw “bigger”. However, both graphs
have the samenumberof edges.

To accountfor this, the averagenumberof incoming
or outgoingedgesper vertex is sometimegakeninto ac-
count[8]. Alternative measureproposedn [4] include
the numberof pathsthrougha graph,a combinationof
the numberof edgesandthe averagenumberof outgoing
edgeor errorratesfor randomlyselectegaths.

Figure2: Examplegraphs

3. APPLICATION-ORIENTED EVALUATION

Accordingto [3], “To evaluateis to determinavhatsome-
thing is worth to somebody In orderto definea mean-
ingful measureof word graphquality or compleity, one
hasto determindirst, whois “somebody”,i.e. whatkind
of languageprocessingnoduleis the typical customelof
graphproducingword recognizers. In this paper we
assumethat a parseris the primary module using word
graphsfor furtheranalysis.In particular we assumehat
it usesa formalismbasedon comple features.This pre-
ventsthe useof algorithmswith a cubictime compleity,
aswe may assigndifferentstructureso eachtwo edges
or constituentoveredby a rule of the syntax(e.g. by
defininga featurethat holdsthe sequencef word labels
attachedo the wordsthe edgespans).We constrainour-
selesto grammarghat usea contet-free backbonefor
corvenience,and further constrainthe rules to have at
mosttwo right-handsidenonterminalsi.e. thegrammars
arein Chomslky normalform. We do not, however, apply
constraintyegarding searchstratgy or pruning mecha-
nisms.

Theseassumptionkave seriousonsequencdsr pars-
ing complity, aswe cannothold a fixed sizesetof non-
terminalcateyoriesfor eachinterval of graphverticegwhich
leadsto polynomialcompleity). Insteadwe have to pro-
duceonederiationstepfor eachpair of edgegword hy-
pothese®r complex edgescovering morethanoneword)
to simulatethe processingf a parser

A first attemptto establisha measurdor word graph
sizerelevant for the overall performanceof a speechun-
derstandingsystemis to investigateinto the numberof
pathsin a graph. This measurds motivatedby the fact
thata parsemay constructananalysisfor eachsequence
of wordhypothesesoveringthewholeutterance A word
graphmay have asmary as(%)'""1 pathsin it, if the
edgesaredistributedevenly amongthe graph. Determin-
ing thenumberof pathsin agraphcanbe doneefficiently
in O(|€] + |V|) time giventheagyclicity of word graphs.

1Sincea grammamay containambiguities theremay be morethan
onederivation stepfor eachpair of edges. We abstractfrom this fact
aswell asfrom the fact that not every pair of edgesmay be combined
dueto grammarrestrictions. Thus, we do only takeinto accountthe
consequenes obtainablefrom the raw input, the word graph,and set
asidepropertienf grammarsandsuch.



The next possibleextensionis to reducethe graphto
only containunigueword sequencesThe motivationbe-
hind this modificationof a graphis the obsenation that
twoidenticallylabeledyetdifferentpathshroughthegraph
canonly differ regardingtwo piecesof information:

¢ Theverticesthe pathsvisit. This shouldnotbother
aparsersincethe mappingfrom wordsto exactin-
tervalsin time maybeirrelevant?

e The acousticscoresthe words are annotatedwvith.
In this case,only the pathwith the highest(best)
scoreneeddo beretained.

[1] for eachvertec v € V(G) in topologicalorder do
[2] for eachpairof identicallylabeled
edges, e do
Perform merging and create new vertex
[3] Createa new vertex v having
H(v) := min(t(B(er), H(B(e2)))),
insertingv into thetopologicalorder
Copy all edgesincident from 3(e;) tov

[4] for eachedgee = (B(e1), w, s,y) do

[5] Createanew edgee’ := (v, w, s,y)
Copy all edgesincident from 3(ez) tov

6] for eachedgee = (8(e2), w, s, y) do

[7] Createanew edgee’ := (v, w, s, y)
Deleteey, e

Figure3: Reducinga graphto uniquelabelsequences

Figure3 shaws the algorithmto reducea word graph
to containuniquelabelsequencesnly. It guaranteethat
no verte is ever left by two edgeswith identicallabels.
Thislocal conditionhastheeffectthatfrom a globalpoint
of view notwo distinctpathsthroughthe graphbeariden-
tical word sequencesUnfortunately it hasa time com-
plexity which is exponentialin the numberof verticesin
theworstcase Weintroducedseveraloptimizationgmostly
concerningneging of verticesundercertainconditions)
which allowed us to applythis algorithmto preproduced
graphsor evaluationpurposes.

Justcounting(unique)paths however, ignoregheform
of a graph;the proportionof sharedsub-pathgthatneed
to beanalyzedonly once)is not takeninto consideration.
We thereforeproposeo definethe compleity measuref
aword graphasthe numberof derivationsa (theoretical)
parsermwould have to carry outin orderto fully parsethe
graph.We first considerthe analysisof onepathandsub-
sequentlyextend our agumentto derivationsover a full
graph.

Thenumberof derivationsteps(d(?)) for afull analy-
sisof onepath(p) throughthegraphis

77,3 —n

AR— - (1)

’Note that this is not the caseif information otherthan the words
givenby a speectrecognizelis to be takeninto accounte.g. prosodic
informationwhich maywell beboundto specifictime intervals.

wheren denoteghe lengthof the path,i.e. the number
of edgescoveredby it. The numberof derivation steps
directly correspondgo the numberof processingsteps
neededo fill thederivationmatrix of the CKY-algorithm
(cf. [5, p. 107]). Note againthat (1) doesnot entail that
parsingwith complex featurebasedgrammarsis cubic.
Theonly propertyextendingover context-free parsingwe
usein our agument(namelynot to guarantee fix-sized
setof hypotheseatary vertex) preventsusfrom incorpo-
ratingmary pathsinto oneoperation.
If we assumehatall pathsthroughthe grapharein-

dependenbf eachother the total numberof derivations
is

d@ = Zd(p) (2)

peG

which givesa linear dependenc betweenthe numberof
pathsandthe numberof derivationsin a graph. How-
ever, subpart®f agrapharesharecamongdifferentpaths.
Thus, the formulaaborve is only anupperbound. To ac-
countfor subgraplsharingwe have to useaslightly more
complex algorithm,givenin figure4 below.

[1] totalderv «— 0

[2] for eachverte< v € V(@) in topologicalorder do
Adjust the number of rule applications
and the total number of derivations so far.

[3] deriv,[1] «— #in(v)

[4] forall: € {2,...,|V|} do

[5] for eachedgee = (w, v, z,y) do

[6] deriv, [1] «— deriv, [i] + deriv,[: — 1]
[7] totalderv «— totalderv + deriv, [1]

[8] return totalderv

Figure4: Determininghenumberof derivationsin aword
graph

Thecompleity of thisalgorithmyieldsO(|£€]|V|). The
methodusedo computeghenumberof derivationassumes
somekind of chartparsemwhich doesnotcomputepartial
analysedwice. Sharedleft contets are presered, thus
only addingonceto the overall sum.

By usingthe numberof derivationsgeneratedy this
algorithm we take into accountthe impact of different
graphshape®nto parsingeffort. Thus,giventwo graphs
with identicalnumberof paths thegraphthathasthelargest
amountof subgraphsharingin it will be the bestoneto
parse.An exampleof an evaluationbasedon the number
of derivation stepsis shown in figure 5. It is instructive
to compareit with figure 1. In figure 5, the distancebe-
tweenthe two plots for “DB” and“UHH” seemsmuch
biggerthanin figure 1 andit seemgo increasewith the
sizeof the graphs.In figure 5 the word graphsdelivered
by “DB” appeamuchsmallercomparedo “HH” andif
oneimaginesan interpolatedplot connectingthe points,
the differencebetweenrthe two plots appearsnuchmore
constant.
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Figure5: Recognitionaccurag vs. numberof derivation
stepg(in 10%) (cat.t1)

4. CONCLUSION

In this paper we have proposeda nev measurefor the
problemsizerepresentedby word graphs. Startingfrom
corventionalevaluationof best-chairrecognizersye ar
guedthat a straightforwardyeneralizatiorof well known
procedure$o graphrecognizersnaybemisleading While
wordaccurag canbeextendedo graphevaluation,asen-
sible notion of the sizeof a graphis muchharderto find.
Measuregakenuntil now, like the numberof word hy-
potheseperreferenceavord or the averagefan out of ver
tices,areinsufficientin our view, sincethe topologyand
shapeof the word graphsare not properly reflectedby
thesemeasures.

Insteadwe proposeo choosehe amountof process-
ing ahypotheticaparsemwould have to carryoutin order
to process graphasthe principalmeasurdor graphsize.
This measurdakesinto accountthe numberof edgesas
well asthenumberof paths andsimultaneouslyheshape
of awordgraphis considered.We motivatedthismeasure
andgave efficient algorithmsto computeit.

Further details consideringthe algorithmspresented
canbefoundin [1].
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