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ABSTRACT

The most widely-usedevaluationmetric for languagemodelsfor

speechrecognitionis the perplexity of testdata. While perple-

ities can be calculatedefficiently and without accesgo a speech
recognizerthey oftendo notcorrelatewell with speechrecognition
word-errorrates.In thisresearchwe attemptto find a measurehat
like perpleity is easilycalculatedout which betterpredictsspeech
recognitionperformance.

We investigatewo approachedirst, we attemptto extendperple-
ity by usingsimilarmeasurethatutilize informationaboutianguage
modelsthat perpleity ignores. Secondwe attemptto imitate the
word-errorcalculationwithout usinga speectrecognizetby artifi-
cially generatingpeechiecognitionattices. Totestournew metrics,
we have built over thirty variedlanguagenodels.We find thatper
plexity correlateswith word-errorrate remarkablywell whenonly
consideringz-grammodelstrainedon in-domaindata. Whencon-
sidering other typesof models,our novel metrics are superiorto
perplity for predicting speechrecognitionperformance. How-
ever, we concludethat noneof thesemeasuregpredictword-error
ratesuficiently accuratelyto be effective tools for languagemodel
evaluationin speectrecognition.

1. INTRODUCTION

In theliterature two primarymetricsareusedo estimateheperfor
manceof languagenodelsn speechiecognitionsystemsFirst, they
areevaluatedby the word-errorrate(WER) yieldedwhenplacedin
a speechrecognitionsystem. Second,and more commonly they
areevaluatedthroughtheir perplexity on testdata,an information-
theoreticassessmermtf their predictve power.

While word-erromrateis currentlythemostpopulamethodor rating

speectrecognitionperformanceit is computationallyexpensve to

calculate. Furthermore,its calculationgenerallyrequiresaccess
to the innardsof a speechrecognitionsystem,few of which are
publically available. Finally, word-errorrateis speech-recognize
dependentwhich makesit difficult for differentresearchsitesto

compardanguagemodelswith this measure.

Perpleity, on the other hand, can be computedtrivially and
in isolation; the perplxity PRpas) of a language model
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ortheinverseof the(geometricaverageprobabilityassignedo each
wordin thetestsetby themodel. Perpleity is theoreticallyelegant
asits logarithmis an upperboundon the numberof bits perword
expectedin compressindgin-domain)text employingthe measured
model. Unfortunately while languagemodelswith lower perplei-
tiestendto have lower word-errorrates,therehave beennumerous
exampledn theliteraturewherelanguagemodelsproviding alarge
improvementin perpleity over a baselinemodelhave yieldedlittle
or noimprovementin word-errorrate[1, 2]. In addition,perpleity
is inapplicableto unnormalizedanguagemodels(i.e., modelsthat
arenot true probability distributionsthat sumto 1), and perpleity
is not comparabléetweenanguaganodelswith differentvocatu-
laries. In this researchwe attemptto find a measurdor evaluating
languagenodelsthatis applicableto unnormalizednodelsandthat
predictsword-errorrate moreaccuratelythanperpleity but which,
like perpleity, is computationallynexpensve andcanbe computed
separatelfrom a speectrecognitionsystem.We considertwo dif-
ferentapproacheto thistask.

Ourfirst approachinvolvesextendingperpleity to utilize informa-
tion that it previously ignores. As canbe seenfrom equation(1),

perplity depend®nly onthe probabilitiesassignedo actualtext.

However, word-errorrate dependn the probabilitiesassignedo
all transcriptionsypothesizedy a speectrecognizergrrorsoccur
when an incorrecthypothesishas a higher scorethan the correct
hypothesisWe considemetricsthatharnesshis information.

Our secondapproachinvolves an attemptto mimic the processof
calculatingvord-errorratethroughlatticerescoringwithoutactually
usingaspeechrecognitionsystento constructattices. Insteadwe
artificially generatdatticesand evaluatelanguagemodelsthrough
theirword-errorrateson theseartificial lattices.

Toevaluateournovellanguagenodelmeasuresye have constructed
over thirty languagemodelsof varying types, including classn-
gram(3 4], trigger[§, andcache[§ languageanodels. We find that
perplity correlateswith word-error rate remarkablywell when
only considering:-grammodelstrainedon in-domaindata. When
consideringothertypesof models,our novel metricsare superior
to perpleity for predictingspeectrecognitionperformance How-
ever, we concludethat noneof thesemeasuregpredict word-error
ratesufficiently accuratelyto be effective toolsfor languagemodel
evaluationin speeclrecognition.



1.1. Previous Work

lyer etal.[2] investigatehepredictionof speechrecognitionperfor

mancefor languagenodelsin the Switchboarddomain,for trigram
modelsbuilt on differing amountsof in-domainandout-of-domain
training data. Over the ten modelsthey constructedthey find that
perplity predictsword-errorratewell whenonly in-domaintrain-

ing datais used but poorly whenout-of-domaintext is added.They

find thattrigramcoveragepr thefractionof trigramsin thetestdata
presentn the training data,is a betterpredictorof word-errorrate
thanperpleity. However, it is unclearhow to extendr-gramcov-

erageto comparingothertypesof models,suchas classmodelsor

n-grammodelsof differentorder In addition,this measureannot
distinguishbetweerdifferentmodelstrainedon the samedata.

They alsopresentechniquesor building adecisiortreethatpredicts
the relatve performanceof two modelson eachword in a testset.
Usingthis decisiontree,they areableto predictwith high accurag

therelative performancef pairsof trigrammodels.While thistech-
nigue seemspromising,the featuresusedto build the treeinclude
lexical informationsuchaspart-of-speecinformationandthe pho-

netic lengthsof words. In this work, we would like to investigate
whatis possiblewith measuredike perpleity thatignore detailed
lexical information.

1.2. Methodology

Inthisresearchweinvestigatespeehremgntion performancén the
BroadcastNews domain. We generatedharrov-beamlatticeswith

the Sphinx-1ll recognitionsystem[T usinga trigram modeltrained
on 130M words of BroadcastNews text; trigramsoccurringonly

oncewereexcludedfrom the model. Theword-errorratesreported
in thiswork werecalculatedy rescoringhesdatticeswith thegiven
languagenodel.

We created35languagenodelswhichwe dividedinto two sets.Set
A containsonly n-grammodelsbuilt on BroadcastNews training
data. The training setsize, smoothing,n-gramorder andr-gram
cutoffs werevaried. SetB containsvariouskindsof models,nclud-
ing n-gramclassmodels trigrammodelsenhancedvith a cacheor
triggers, n-gram modelshbuilt on out-of-domaindata,and models
thatare aninterpolationof n-gram modelsbuilt on in-domainand
out-of-domaindata.In Table1, we list thelanguagemodelsin each
set. The held-outandtestsetsconsistof 22,000and 28,000words,
respectiely, of BroadcasNews data.

2. PERPLEXITY AND WORD-ERROR
RATE

In Figure 1, we display a graphof word-errorrate versuslog per

plexity for eachof themodelsin setsA andB. Thelinearcorrelation
betweerword-errorrateandlog perplity seemsemarkablystrong
for themodelsin setA, which consistof only n-grammodelsbuilt

on in-domaindata, but lessso for the modelsin setB, which is a
moredisparatecollectionof models.Thisindicateghatlog perple-

ity maybeagoodpredictorof speechiecognitiorperformancavhen
consideringonly particulartypesof models.

It seemsomavhatsurprisingthatlog perpleity, whichis measured
in bits (recallthe informationtheoreticinterpretationof perpleity
mentionedn Sectionl), is correlatedvith the very differentunit of
word errors. To attemptto shedlight on why thesetwo apparently
unrelatedquantitiesarerelated,in Figure 2 we graphthe relation-

setA setB

data | smooth n | description
n | (wds) | alg 2 | classn-grammodel
1 5M | K-NI[8] 3 | classn-grammodel
2 5M | K-N 4 | classn-grammodel
3 5M | K-N 3 | trigrammodel+ cachel
4 5M | K-N 3 | trigrammodel+ cache?
5 5M | K-N 3 | trigrammodel,Katz
3 5M | Katz[9] 3 | Katzmodel+ triggersl
3 5M | poor 3 | Katzmodel+ triggers2
3 10M | poor 2 | AP newstrainingdata
3 25M | poor 3 | AP newstrainingdata
3 5M | K-N (i) 4 | AP newstrainingdata
3 5M | K-N (ii) 2 | Switchboard SWB)data
3 1M | K-N 3 | Switchboarddata
3 25M | K-N 4 | Switchboarddata
3 | 130M | K-N 3 | AP andBN modelsmixed
2 10M | K-N 4 | AP andBN modelsmixed
2 25M | K-N 3 | SWBandBN modelsmixed
2 | 130M | K-N 4 | SWBandBN modelsmixed

Tablel: Languagenodelsin setsA andB. Thern columndescribes
the orderof then-grammodel(e.g., unigramor bigram). The data
column describeghe size of the training setused. In setA, the
modellabeled(i) excludesall bigramsandtrigramswith only one
count;themodellabeled(ii) excludesall bigramsandtrigramswith
two or fewer counts. The abbreviation K-N standsor KneserNey.
The smoothingmethodpoor is an algorithmspeciallydesignedo
performpoorly. In setB, all modelsaretrainedon 5M words of
data,have no n-gramcutoffs, and are smoothedwith KneserNey
smoothingexceptwhereotherwisespecified.

ship betweerthe languagemodelprobability assignedo a word in
atestsetandthe chancehatword s transcribectorrectlyin speech
recognition. The dottedlines representcurvesfor eachof the in-
dividual modelsin setsA andB. To generateeachcurwe, we first
calculatedhe probabilityassignedy the givenmodelto eachword
in ourheld-outset,andplacedhesewnordsin logarithmically-spaced
bucketsbasedn theseprobabilities. Then,from the corresponding
speechrecognitionrun we usedNIST’s sclite softwareto markeach
wordin theheld-outsetascorrector incorrect.Finally, we calculated
thefractionof wordsin eachbucketthatarecorrector incorrect.

Torelatelog perpleity andword-errorrate,considempproximating
thecurvesin Figure2 asastraightline, i.e.,

pu(wiscorrec) = ailogpa (w|h) + a2

for all modelsM for someconstants:; andaz, wherepas(w|h)
denoteshelanguagenodelprobabilityassignedo word w by model
M given history k. Then, for a testsetT = {w1,...,w:} the
expectedvord accurag is

t t
1 : 1
n E pum(wiiscorrecy = z E [01|ngM('w¢|hi) +a2]
e=1 i=1
= —a1logPPr(pn) + a2

i.e,, theexpectedvord accurag is alinearfunctionof theperpleity.
If we maketheapproximatiorthatword-erromateis alinearfunction
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Figurel: Word-errorratevs. log perpleity

of word accurag, thenwe have thatword-errorrateis alsoa linear
functionof perpleity.

This analysis,while very rough,doeslend someinsight asto why
perplity andword-errorrateareatall related,andsuggestsvhere
perplity might be improved andwherethe perpleity-WER rela-
tionshipmight breakdown. For example,it is clearthatthe linear
approximatioris poor for very low probabilities,wherethe proba-
bility of correctnesss predictedto belessthanzero.

3. EXTENDING PERPLEXITY

3.1. Modeling the Relation betweenLanguage
Model Probability and Word Accuracy

Onenaturaltechniqueo try giventheanalysisn Section2 is to use
thefunctionsdisplayedn Figure2 to estimatevord-erromrate. That
is, sinceour useof log perpleity to predictword-errorratecanbe
viewedasbeingbasednahypothesishattheseunctionsarelinear,
we might do betterwith an empirically-estimatedunction. To im-
plementthistechniquefor eachmodelwe calculatedhe probability
assignedo eachword in our testsetand placedthesewordsinto
log-spaceducketsbasedon theseprobabilities. We calculatedthe
averageover all curvesin Figure?2 to estimatethefractionof words
correctin eachbucket,andcollatedresultsover all bucketsto geta
final estimateof word accurag. We subtractfrom 1 to producean
estimateof word-errorrate,andcall this measureM-ref. We graph
thisvalueversusrealword-errorratein Figure3 for setB.
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Figure2: Probabilityof aword beingcorrectin speechrecognition
givenits languaganodelprobability Eachline representsneof the
languagenodelsin setsA andB.

To quantifythecorrelatiorbetweerdifferentmetricswith word-error
rate,we calculatethelinear correlationcoeficient (or Pearsonsr)
measuringhedegreeof linearcorrelationthe Spearmamank-oder
correlationcoeficientmeasurindhow well the ranksof modelslin-
early correlate;and Kendall’s = measuringhow well the relatve
performancef pairsof modelsis predicted.In Table2, we display
thesecorrelationsfor perpleity and M-ref versusword-errorrate.
For setA, perpleity correlatesvith word-errorratebetterthanmea-
sureM-ref accordingo all threemeasureswhile for setB measure
M-ref is maginally better

3.2. Using Additional Information

Perpleity andM-ref dependonly on the probabilitiesof wordsin

thetestset,whichin speechrecognitionis simply thereferenceran-
script. However, word-errorrate dependsalso on the probabilities
assignedo incorrecthypothesedn particular errorsoccurwhenan
incorrecthypothesioutscoreshe correcthypothesis For example,
it seemdintuitive that errorsare more likely to occurwhen mary

incorrectwordsareassignedarge languagenodelprobabilities.
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setA setB
linear | rank | pair | linear | rank | pair
PP 0.99 | 0.97| 0.88]| 0.92 | 0.80 | 0.69
M-ref | 0.94 | 0.80 | 0.68| 0.93 | 0.86 | 0.69

Table2: Correlationsof perpleity and measureM-ref with word-
errorrate

We consideredwo methoddor estimatinghe effect of overall lan-
guagemodel probabilitieson word-errorrate: first, we examined
the relationshipbetweenthe absolutelanguagemodel probability
assignedo a word andthe frequeng with which thatword occurs
asan errorin speechrecognition; and secondly we examine this
relationshipexceptusingtherelativelanguagenodelprobability of

aword ascomparedo the probability assignedo the correctword.

Whenwe saya word occursasan error, we meanthatthe word oc-

curredin thetranscriptiorhypothesizethy thespeechecognizebut

wasmarkedasincorrectin word-errorratescoring. It is likely that
both absoluteandrelative probabilitiesarerelevantin determining
how frequentlya word occursas an error: if the correcthypothe-
sishasa very high score thenrelative probabilityis probablymore
important;otherwise absoluteprobabilitymay play alargerrole.

To estimatethe relationbetweerabsoluteprobability anderror fre-
gueng, we calculatedthe languagemodel probability assignedo
eachword in the hypothesidor eachutterancen our held-outset.
We placedeachword deemedncorrectby sclitein logarithmically-
spaceducketsaccordingo languaganodelprobability, to find the
frequeng of errorsin eachbucket. To estimatethe frequeng of
wordsoccurringin eachbucketin thelanguagemodel,we evaluated
the givenlanguagemodelover all wordsin the vocatulary over our
held-outset;i.e, for held-outdatal” = {wx, ..., w:} we evaluated
probabilitiesof the form p(w|w:---w;_1) forall i € {1,...,¢}
andall wordsw. Dividing theerrorsperbucketby thetotal number
of wordsin eachbucketyields an estimateof the probability of a
wordoccurringasanerrorgivenits languagenodelprobability; this
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Figure4: Relationbetweenlanguagemodelprobability of a word
andthefrequeng with whichtheword occursasanerror Eachline
representsneof thelanguagemodelsin setsA andB.
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Figure5: Relationbetweenlanguagemodel probability of a word
relative to the correctword andthe frequeng with which the word
occursasanerror

quantityis graphedn Figure4! The differentlines correspondo
eachindividual model. It is interestingto note the small variation
betweenthe curvesfor eachmodel,aswell asthe linearity of the
curwesasplottedin log-log scale.

To estimatethe relationbetweenrelative probability anderror fre-
gueng, we useda similar procedureasfor absoluteprobability ex-
ceptthatin eachstep,insteadof bucketingby absoluteprobability
we bucketby the ratio betweenthe probability of the given word
andthe “correct” word. In orderto determinethe “correct” word,
we only considersubstitutionerrorsin this analysis.In calculating
thelanguagenodelprobabilityof the correctword, we usethesame
history aswasusedto calculatethe languagemodel probability of
the given word. Then,usinga similar procedureaswasdescribed
above,weproducehegraphdisplayedn Figure5. Again,thecurves
arequitelinear (in log-log spacendtightly packedthoughnot as
tightly asin the previousgraph.

We can usethesegraphsto createnew metricsthat approximate
word-errorrate. Sincethis informationis largely orthogonalwith
perpl«ity, it maybepossibleo combinethetwoto acheveastronger
metric. We have yetto explorethis avenue.

4. ARTIFICIAL LATTICES

Insteadof predictingspeechrecognitionperformancéry examining
basicfeaturesof a languagemodelsuchas perpleity, anotherap-
proachis to attemptto mimic the procesf calculatingword-error
rate,exceptwithout usinga speectrecognizer In this section,we
discussmethodsfor artificially generatingspeechrecognitionlat-
tices. Word-errorratescalculatedon theseartificial latticescanbe
usedto evaluatelanguagemodels,and we describea methodfor
constructindatticessuchthattheseartificial word-error ratescor-
relatewell with word-errorratescalculatedon genuinelattices. In
addition, the latticesconstructedhre very narrav, so that artificial

Lt is unclearhow to counthow often a word occursin eachbucket;
e.g, duringspeechrecognitionJanguagenodelprobabilitiesfor aword may
be estimatednultiple timesat eachpositionin the utterancewith different
histories. For the purposeof this calculation,we pretendthat a total of
|V'| words“occur” at eachword positionin an utterancewhereV is the
vocahularyusedandnormalizeaccordingly
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Figure6: An exampleartificial lattice for the utteranceyo yoyo

word-errorratescanbecalculatedquickly.

In generatingattices,we have madeseveral simplifying assump-
tions, and have found that the methodstill works well. First, we
assumehatthecorrecthypothesiss alwaysin thelattice. Secondly
we assumehatall wordsin alatticeareperfectlytime-alignedwith
thecorrecthypothesisi.e., all wordsin alattice have the samebegin
andendtimesasawordin thecorrecthypothesis— only substitution
errorsare considered.One advantageof this assumptions thatall
hypothesesre the samelengthin words,andan insertionpenalty
hasno effectandcanbeignored.Thirdly, we assumehattherewill
be a few wordsthatwill be acousticallyconfusablewith eachword
in the correcthypothesisandthat thesewordswill have the same
acousticscoreasthecorrectword. Thisis equialentto only includ-
ing “acousticallyconfusable’wordsat eachpositionin the lattice,
and settingall acousticscoresto zero. With this assumptionthe
languageweight becomesdrrelevant sinceall hypothesesave the
sameacousticscore.

Our algorithmfor generatinga lattice on a test-setutterances as
follows. We begin with alattice thatjust containsthe correctpath.
Thestartframesandendframesof eachword areunimportantsince
all wordsin thelatticewill betime-aligned.Then,for eachwordin

the utterancewe randomlygeneratgaccordingto a distribution to

be specified}k wordsthatoccurin the sameposition(i.e., have the
samebegin andendtimes). Typically, we havetakenk to beabout9.

All acousticscoresaresetto zero. In Figure6, we shawv anartificial

latticefor the utterance/oyoyowith k = 2.

To generatehe wordsthat are“acousticallyconfusable’with each
wordin theutterancepnepossibilityisto determinavhichwordsare
acousticallynearby However, we maketheassumptiothatwhether
wechooseandomwordsor genuinelyacousticallyconfusablevords
will notaffectword-errorrate,andusea singleprobability distribu-

tion to generatealternatves for all words. One distribution that
seemgeasonabléo useis the unigramdistribution py(w), which

justreflectsthe frequeng of wordsw in thetrainingtext. We have

foundempiricallythatdistributionsof theform py (w)® producdat-

ticesthatdowell in predictingactualword-errorrate wherethevalue
a = 0.5 hasworkedwell in bothBroadcastNews and Switchboard
experiments.

Usingthevaluek = 9, wegenerateaurtificial latticesoverourentire
testset. We calculatedvord-errorratesontheseartificial latticesfor

all of ourmodelsin setsA andB, andin Figure7 we displayagraph
of artificial word-errorratevs. actualword-errorrate over these
models. In Table 3, we display the correlationbetweenartificial

word-errorrateandactualword-errorrate. Perpleity is mamginally

betteron setA, but artificial word-errormrateis substantiallysuperior
on setB, themotley mix of models.

We have also performedexperimentson the Switchboardtask us-
ing latticesgeneratedy the Janusspeechrecognitionsystem[1(.
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Figure7: Actual word-errorratevs. artificial word-errorrate for
modelsin setsA andB

Generatingartificial latticeswith the valuesk = 3 anda = 0.5,
we comparedhe correlationbetweerperpleity andartificial word-
errorratewith actualword-errorrateover ninen-grammodels.The
n-gram modelswere built with varying training datasizes,count
cutoffs, smoothing,andn-gramorder In Table 3, we displaythe
correlationsfor perplity and artificial word-errorrate; artificial
word-errorrateis superioronthis dataset.

In termsof computationwe comparehe differentmetricsthrough
thelanguagemodelprobabilityevaluationsrequiredperword in the
testset. Perpleity requiresonly onelanguagemodelevaluationper

BroadcasiNews
setA setB
linear | rank | pair | linear | rank | pair
PP 0.99 | 0.97| 0.88]| 0.92 | 0.80 | 0.69
AWER | 0.99 | 0.96 | 0.86| 0.96 | 0.86 | 0.74
Switchboard
linear | rank | pair
PP 0.85 | 0.73 | 0.56
AWER | 0.93 | 0.83 | 0.67

Table3: Correlation®f perpleity andartificial word-erromratewith
actualword-errorrate



word, andis by far themostefficient. For atrigrammodel,artificial

word-errorraterequiresat mostk® languagemodelevaluationsper
word;in practicetheactuaivaluewasabout300for £ = 9. Thetime

requiredto rescoreartificial latticeson our 22,000word held-outset
ona300Mhz PentiumIl machineargedfrom 2 minutedor atrigram
modelto 33 minutesfor a trigram modelwith triggers. Rescoring
actuallatticeswith a trigram modelrequiredabout3600language
modelevaluationgperword. The computatiortime requiredvaried

from 1.6 hoursfor atrigrammodelto 18.2hoursfor atrigrammodel

with triggers. Thus, calculatingartificial word-errorrate, while

significantlymoreexpensvethancalculatingperpleity, is still much

lessexpensvethanrescoringgenuindatticesandthe absolutdimes

involvedarequitereasonable.

5. DISCUSSION

In this work, we have shawvn that perpleity canpredictword-error
ratequitewell for corventionab:-grammodelstrainedonin-domain
data. However, for modelsof a more disparatenature,perpleity

is a poorerpredictor We have developeda measure M-ref, that
extendsperpleity and betterpredictsword-errorrate for complex

languagamodels.We have alsodescribectechniqueor generating
artificial latticessuchthatword-erroratescalculatedbntheslattices
correlatewith actualerrorratesbetterthanperpleity. Theerrorrate

calculationover thesdatticesis quiteinexpensve.

Despitethis work, it is still unclearwhetherperpleity or our novel
evaluation metrics are effective tools for languagemodeling re-
searchersPerpleity hasbeena popularcomparisormeasurehis-
torically becausat allows languagemodel researchto developin
isolationfrom speeclrecognizersandit hasmary theoreticallyel-
egant properties. Unfortunately this modularizationof language
modelingis justified only if our isolatedmeasuresan predictap-
plication performanceaccuratelyenough. While perpleity is an
indicationof performancen the applicationof text compressionit
hasbeenshown to be inadequaten predictingspeectrecognition
performance For example,onebasiccriterion of alanguagemodel
evaluationmetricis thatit candistinguishbetweerlanguagenodels
whoseapplicationperformancearesignificantlydifferent. A word-
error rate differenceof 0.5% or 1.0% absoluteis often considered
significant;if we referto Figure1, we find modelswith essentially
thesameperpleity thatdiffer by morethan1.0%in errorrate. This
propertyis alsotrue of the novel evaluationmetricsthat we have
described.In practice,duringlanguagemodeldevelopmentor the
Hub 4 evaluationsve have discontinuecatalculatingperpleitiesand
insteadcalculateword-error ratesdirectly to decidewhetherary
changesare useful. Experiencehasdictatedthat this is the most
effective courseof action.

We consideiit unlikely thatarny accurateneasureanbedeveloped
that,like perpleity, isbasednly onlanguagemocel featuresThisis
becausagreatmary factorsaffect speectrecognitionperformance:
the valuesof the languagewneightandinsertionpenalty;the search
algorithmused(searchalgorithmsfor long-distancenodelstendto
be lesseffective); the stageat which the languagemodelis applied
(decodingJattice rescoring,or n-bestlist rescoring);the language
modelsusedin the otherstagesandtheinteractionof the language
modelwith the acousticmodel. All of thesefactorssignificantly
impactrecognitionperformanceandit is unclearhow ary metric
thatis blind to thesefactorscouldcompensatéor their effects.

Measureghat imitate the speech-recognitioprocesscan abstract
over mary of theseissues.For example,in artificial lattice genera-

tion, thesearctalgorithmis notanissudf weassumdifferentsearch
algorithmsover artificial latticescausethe samevariationin perfor
manceasin reallattices. If we have acousticscoresn our artificial
lattices thenwe canoptimizelanguageveightsoverartificial lattices
justasin reallattices. However, asmeasurebecomemorecomplec
andexpensve to compute calculatingword-errorratesdirectly will
becomea moreattractie alternatve.

In conclusiongxistingmeasuresuchasperpleity or ournovel mea-
suresarenotaccurateenougtto beeffective toolsin languagemodel
developmenfor speechrecognition,andit is unclearhow usefulit
is to continueto comparelanguagemodelsfor speeclrecognition
usingperplity. While this leavesresearcherwith the unpleasant
requirementhatthey compardanguagemodelsonly with respecto
the samespeeclrecognizerit doesnot seemthereis a reasonable
alternatve unlessmoreeffective measuresredeveloped.Thereare
techniquedor makingword-errorrate computationessexpensve,
suchasn-bestlist rescoringor lattice rescoringwith narrav-beam
lattices,andsuchtechniquesrein commonusein practice.Indeed,
to move solelyto word-errorratereportingjust mirrorsthe decision
madelong agoin acoustionodeling,thatacousticnodelscanonly
beaccurateljudgedin the contet of a speectrecognitionsystem.
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