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ABSTRACT
The most widely-usedevaluationmetric for languagemodelsfor
speechrecognitionis the perplexity of test data. While perplex-
ities can be calculatedefficiently and without accessto a speech
recognizer, they oftendo notcorrelatewell with speechrecognition
word-errorrates.In this research,weattemptto find ameasurethat
like perplexity is easilycalculatedbut which betterpredictsspeech
recognitionperformance.

We investigatetwo approaches;first, we attemptto extendperplex-
ity by usingsimilarmeasuresthatutilize informationaboutlanguage
modelsthat perplexity ignores. Second,we attemptto imitate the
word-errorcalculationwithout usinga speechrecognizerby artifi-
cially generatingspeechrecognitionlattices.Totestournew metrics,
we havebuilt over thirty variedlanguagemodels.We find thatper-
plexity correlateswith word-errorrateremarkablywell whenonly
considering� -grammodelstrainedon in-domaindata. Whencon-
sideringother typesof models,our novel metricsare superiorto
perplexity for predicting speechrecognitionperformance. How-
ever, we concludethat noneof thesemeasurespredictword-error
ratesufficiently accuratelyto beeffective tools for languagemodel
evaluationin speechrecognition.

1. INTRODUCTION

In theliterature,two primarymetricsareusedto estimatetheperfor-
manceof languagemodelsin speechrecognitionsystems.First,they
areevaluatedby theword-errorrate(WER) yieldedwhenplacedin
a speechrecognitionsystem. Second,and more commonly, they
areevaluatedthroughtheir perplexity on testdata,an information-
theoreticassessmentof theirpredictivepower.

Whileword-errorrateiscurrentlythemostpopularmethodfor rating
speechrecognitionperformance,it is computationallyexpensive to
calculate. Furthermore,its calculationgenerallyrequiresaccess
to the innardsof a speechrecognitionsystem,few of which are
publically available. Finally, word-errorrateis speech-recognizer-
dependent,which makesit difficult for different researchsitesto
comparelanguagemodelswith this measure.

Perplexity, on the other hand, can be computedtrivially and
in isolation; the perplexity PP�����
	 of a language model
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or theinverseof the(geometric)averageprobabilityassignedto each
word in thetestsetby themodel.Perplexity is theoreticallyelegant
asits logarithmis an upperboundon the numberof bits per word
expectedin compressing(in-domain)text employingthemeasured
model. Unfortunately, while languagemodelswith lower perplexi-
tiestendto have lower word-errorrates,therehave beennumerous
examplesin theliteraturewherelanguagemodelsproviding a large
improvementin perplexity over a baselinemodelhave yieldedlittle
or no improvementin word-errorrate[1, 2]. In addition,perplexity
is inapplicableto unnormalizedlanguagemodels(i.e., modelsthat
arenot true probabilitydistributionsthat sumto 1), andperplexity
is not comparablebetweenlanguagemodelswith differentvocabu-
laries. In this research,we attemptto find a measurefor evaluating
languagemodelsthatis applicableto unnormalizedmodelsandthat
predictsword-errorratemoreaccuratelythanperplexity but which,
like perplexity, is computationallyinexpensiveandcanbecomputed
separatelyfrom a speechrecognitionsystem.We considertwo dif-
ferentapproachesto this task.

Our first approachinvolvesextendingperplexity to utilize informa-
tion that it previously ignores. As canbe seenfrom equation(1),
perplexity dependsonly on theprobabilitiesassignedto actualtext.
However, word-errorratedependson the probabilitiesassignedto
all transcriptionshypothesizedby aspeechrecognizer;errorsoccur
when an incorrecthypothesishasa higher scorethan the correct
hypothesis.Weconsidermetricsthatharnessthis information.

Our secondapproachinvolvesan attemptto mimic the processof
calculatingword-errorratethroughlatticerescoring,withoutactually
usingaspeechrecognitionsystemto constructlattices. Instead,we
artificially generatelatticesandevaluatelanguagemodelsthrough
theirword-errorrateson theseartificial lattices.

Toevaluateournovel languagemodelmeasures,wehaveconstructed
over thirty languagemodelsof varying types, including class � -
gram[3, 4], trigger[5], andcache[6] languagemodels.We find that
perplexity correlateswith word-error rate remarkablywell when
only considering� -grammodelstrainedon in-domaindata. When
consideringother typesof models,our novel metricsare superior
to perplexity for predictingspeechrecognitionperformance.How-
ever, we concludethat noneof thesemeasurespredict word-error
ratesufficiently accuratelyto beeffective toolsfor languagemodel
evaluationin speechrecognition.



1.1. Previous Work
Iyer etal.[2] investigatethepredictionof speechrecognitionperfor-
mancefor languagemodelsin theSwitchboarddomain,for trigram
modelsbuilt on differing amountsof in-domainandout-of-domain
trainingdata. Over the ten modelsthey constructed,they find that
perplexity predictsword-errorratewell whenonly in-domaintrain-
ing datais used,but poorlywhenout-of-domaintext is added.They
find thattrigramcoverage,or thefractionof trigramsin thetestdata
presentin the training data,is a betterpredictorof word-errorrate
thanperplexity. However, it is unclearhow to extend � -gramcov-
erageto comparingothertypesof models,suchasclassmodelsor� -grammodelsof differentorder. In addition,this measurecannot
distinguishbetweendifferentmodelstrainedonthesamedata.

They alsopresenttechniquesfor buildingadecisiontreethatpredicts
the relative performanceof two modelson eachword in a testset.
Usingthis decisiontree,they areableto predictwith highaccuracy
therelativeperformanceof pairsof trigrammodels.While thistech-
niqueseemspromising,the featuresusedto build the tree include
lexical informationsuchaspart-of-speechinformationandthepho-
netic lengthsof words. In this work, we would like to investigate
what is possiblewith measureslike perplexity that ignoredetailed
lexical information.

1.2. Methodology
In thisresearch,weinvestigatespeechrecognitionperformancein the
BroadcastNews domain. We generatednarrow-beamlatticeswith
theSphinx-III recognitionsystem[7] usinga trigrammodeltrained
on 130M wordsof BroadcastNews text; trigramsoccurringonly
oncewereexcludedfrom themodel. Theword-errorratesreported
in thisworkwerecalculatedby rescoringtheselatticeswith thegiven
languagemodel.

Wecreated35languagemodels,whichwedividedinto twosets.Set
A containsonly � -grammodelsbuilt on BroadcastNews training
data. The training setsize,smoothing,� -gramorder, and � -gram
cutoffs werevaried.SetB containsvariouskindsof models,includ-
ing � -gramclassmodels,trigrammodelsenhancedwith a cacheor
triggers, � -grammodelsbuilt on out-of-domaindata,and models
that arean interpolationof � -grammodelsbuilt on in-domainand
out-of-domaindata.In Table1, we list thelanguagemodelsin each
set. Theheld-outandtestsetsconsistof 22,000and28,000words,
respectively, of BroadcastNewsdata.

2. PERPLEXITY AND WORD-ERROR
RATE

In Figure1, we displaya graphof word-errorrateversuslog per-
plexity for eachof themodelsin setsA andB. Thelinearcorrelation
betweenword-errorrateandlog perplexity seemsremarkablystrong
for themodelsin setA, whichconsistsof only � -grammodelsbuilt
on in-domaindata,but lessso for the modelsin setB, which is a
moredisparatecollectionof models.This indicatesthatlog perplex-
ity maybeagoodpredictorof speechrecognitionperformancewhen
consideringonly particulartypesof models.

It seemssomewhatsurprisingthatlog perplexity, which is measured
in bits (recall the informationtheoreticinterpretationof perplexity
mentionedin Section1), is correlatedwith thevery differentunit of
word errors. To attemptto shedlight on why thesetwo apparently
unrelatedquantitiesarerelated,in Figure2 we graphthe relation-

setA
data smooth� (wds) alg

1 5M K-N[8]
2 5M K-N
3 5M K-N
4 5M K-N
5 5M K-N
3 5M Katz[9]
3 5M poor
3 10M poor
3 25M poor
3 5M K-N (i)
3 5M K-N (ii)
3 1M K-N
3 25M K-N
3 130M K-N
2 10M K-N
2 25M K-N
2 130M K-N

setB� description
2 class� -grammodel
3 class� -grammodel
4 class� -grammodel
3 trigrammodel+ cache1
3 trigrammodel+ cache2
3 trigrammodel,Katz
3 Katzmodel+ triggers1
3 Katzmodel+ triggers2
2 AP news trainingdata
3 AP news trainingdata
4 AP news trainingdata
2 Switchboard(SWB)data
3 Switchboarddata
4 Switchboarddata
3 AP andBN modelsmixed
4 AP andBN modelsmixed
3 SWB andBN modelsmixed
4 SWB andBN modelsmixed

Table1: Languagemodelsin setsA andB. The � columndescribes
theorderof the � -grammodel(e.g., unigramor bigram). Thedata
columndescribesthe size of the training set used. In set A, the
modellabeled(i) excludesall bigramsandtrigramswith only one
count;themodellabeled(ii) excludesall bigramsandtrigramswith
two or fewer counts.TheabbreviationK-N standsfor Kneser-Ney.
The smoothingmethodpoor is an algorithmspeciallydesignedto
performpoorly. In setB, all modelsare trainedon 5M wordsof
data,have no � -gramcutoffs, andaresmoothedwith Kneser-Ney
smoothingexceptwhereotherwisespecified.

shipbetweenthelanguagemodelprobabilityassignedto a word in
atestsetandthechancethatword is transcribedcorrectlyin speech
recognition. The dottedlines representcurvesfor eachof the in-
dividual modelsin setsA andB. To generateeachcurve, we first
calculatedtheprobabilityassignedby thegivenmodelto eachword
in ourheld-outset,andplacedthesewordsin logarithmically-spaced
bucketsbasedon theseprobabilities.Then,from thecorresponding
speechrecognitionrunweusedNIST’s sclitesoftwareto markeach
wordin theheld-outsetascorrector incorrect.Finally, wecalculated
thefractionof wordsin eachbucketthatarecorrector incorrect.

To relatelog perplexity andword-errorrate,considerapproximating
thecurvesin Figure2 asastraightline, i.e.,

���*�$
 is correct	�+-, 1 log ���*�$
.� ��	�/0, 2

for all models 1 for someconstants, 1 and , 2, where � � �$
�� �2	
denotesthelanguagemodelprobabilityassignedtoword 
 bymodel1 given history � . Then, for a test set �3� � 
 1 �����4��� 
��5� the
expectedwordaccuracy is

16 �7 !8"
1

� � �$
 !
is correct	9� 16 �7 !#"

1

: , 1 log � � �$
 ! � � ! 	;/<, 2 =
� >�, 1 logPP����� � 	;/<, 2

i.e., theexpectedwordaccuracy isa linearfunctionof theperplexity.
If wemaketheapproximationthatword-errorrateisalinearfunction
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Figure1: Word-errorratevs. log perplexity

of word accuracy, thenwe have thatword-errorrateis alsoa linear
functionof perplexity.

This analysis,while very rough,doeslend someinsight asto why
perplexity andword-errorrateareatall related,andsuggestswhere
perplexity might be improved andwheretheperplexity-WER rela-
tionshipmight breakdown. For example,it is clearthat the linear
approximationis poor for very low probabilities,wheretheproba-
bility of correctnessis predictedto belessthanzero.

3. EXTENDING PERPLEXITY

3.1. Modeling the Relation betweenLanguage
Model Probability and Word Accuracy

Onenaturaltechniqueto try giventheanalysisin Section2 is to use
thefunctionsdisplayedin Figure2 to estimateword-errorrate.That
is, sinceour useof log perplexity to predictword-errorratecanbe
viewedasbeingbasedonahypothesisthatthesefunctionsarelinear,
we might do betterwith anempirically-estimatedfunction. To im-
plementthistechnique,for eachmodelwecalculatedtheprobability
assignedto eachword in our testsetandplacedthesewordsinto
log-spacedbucketsbasedon theseprobabilities.We calculatedthe
averageover all curvesin Figure2 to estimatethefractionof words
correctin eachbucket,andcollatedresultsover all bucketsto geta
final estimateof word accuracy. 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 languagemodelprobability. Eachline representsoneof the
languagemodelsin setsA andB.

Toquantifythecorrelationbetweendifferentmetricswith word-error
rate,we calculatethe linear correlationcoefficient (or Pearson’s A )
measuringthedegreeof linearcorrelation;theSpearmanrank-order
correlationcoefficientmeasuringhow well the ranksof modelslin-
early correlate;and Kendall’s B measuringhow well the relative
performanceof pairsof modelsis predicted.In Table2, wedisplay
thesecorrelationsfor perplexity andM-ref versusword-errorrate.
For setA, perplexity correlateswith word-errorratebetterthanmea-
sureM-ref accordingto all threemeasures,while for setB measure
M-ref is marginally better.

3.2. UsingAdditional Inf ormation
Perplexity andM-ref dependonly on the probabilitiesof wordsin
thetestset,whichin speechrecognitionis simplythereferencetran-
script. However, word-errorratedependsalsoon the probabilities
assignedto incorrecthypotheses; in particular, errorsoccurwhenan
incorrecthypothesisoutscoresthecorrecthypothesis.For example,
it seemsintuitive that errorsaremore likely to occur when many
incorrectwordsareassignedlargelanguagemodelprobabilities.
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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 perplexity andmeasureM-ref with word-
errorrate

We consideredtwo methodsfor estimatingtheeffect of overall lan-
guagemodel probabilitieson word-errorrate: first, we examined
the relationshipbetweenthe absolutelanguagemodel probability
assignedto a word andthe frequency with which thatword occurs
as an error in speechrecognition;and secondly, we examinethis
relationshipexceptusingtherelativelanguagemodelprobabilityof
a wordascomparedto theprobabilityassignedto thecorrectword.
Whenwe saya wordoccursasanerror, we meanthattheword oc-
curredin thetranscriptionhypothesizedby thespeechrecognizerbut
wasmarkedasincorrectin word-errorratescoring. It is likely that
bothabsoluteandrelative probabilitiesarerelevant in determining
how frequentlya word occursas an error: if the correcthypothe-
sishasa very highscore,thenrelative probability is probablymore
important;otherwise,absoluteprobabilitymayplaya largerrole.

To estimatethe relationbetweenabsoluteprobabilityanderror fre-
quency, we calculatedthe languagemodelprobability assignedto
eachword in the hypothesisfor eachutterancein our held-outset.
Weplacedeachworddeemedincorrectby sclite in logarithmically-
spacedbucketsaccordingto languagemodelprobability, to find the
frequency of errorsin eachbucket. To estimatethe frequency of
wordsoccurringin eachbucketin thelanguagemodel,weevaluated
thegivenlanguagemodelover all wordsin thevocabularyover our
held-outset;i.e., for held-outdata�C� � 
 1 ��������� 
���� weevaluated
probabilitiesof the form �;�$
�� 
 1 %�%�% 
 !D&

1 	 for all EGF �
1 ��������� 6 �

andall words 
 . Dividing theerrorsperbucketby thetotal number
of wordsin eachbucketyields an estimateof the probability of a
wordoccurringasanerrorgivenits languagemodelprobability;this
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Figure4: Relationbetweenlanguagemodelprobability of a word
andthefrequency with whichthewordoccursasanerror. Eachline
representsoneof thelanguagemodelsin setsA andB.
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Figure5: Relationbetweenlanguagemodelprobabilityof a word
relative to thecorrectword andthefrequency with which theword
occursasanerror

quantityis graphedin Figure4.1 The differentlinescorrespondto
eachindividual model. It is interestingto notethe small variation
betweenthe curvesfor eachmodel,as well as the linearity of the
curvesasplottedin log-logscale.

To estimatethe relationbetweenrelativeprobabilityanderror fre-
quency, we useda similar procedureasfor absoluteprobabilityex-
ceptthat in 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
thelanguagemodelprobabilityof thecorrectword,weusethesame
historyaswasusedto calculatethe languagemodelprobabilityof
thegiven word. Then,usinga similar procedureaswasdescribed
above,weproducethegraphdisplayedin Figure5. Again,thecurves
arequitelinear (in log-log space)andtightly packed,thoughnot as
tightly asin thepreviousgraph.

We can usethesegraphsto createnew metrics that approximate
word-errorrate. Sincethis information is largely orthogonalwith
perplexity, it maybepossibletocombinethetwotoachieveastronger
metric. Wehaveyet to explorethisavenue.

4. ARTIFICIAL LATTICES
Insteadof predictingspeechrecognitionperformanceby examining
basicfeaturesof a languagemodelsuchasperplexity, anotherap-
proachis to attemptto mimic theprocessof calculatingword-error
rate,exceptwithout usinga speechrecognizer. In this section,we
discussmethodsfor artificially generatingspeechrecognitionlat-
tices. Word-errorratescalculatedon theseartificial latticescanbe
usedto evaluatelanguagemodels,and we describea methodfor
constructinglatticessuchthat theseartificial word-error ratescor-
relatewell with word-errorratescalculatedon genuinelattices. In
addition,the latticesconstructedarevery narrow, so that artificial

1It is unclearhow to count how often a word occurs in eachbucket;
e.g., duringspeechrecognition,languagemodelprobabilitiesfor awordmay
be estimatedmultiple timesat eachpositionin the utterancewith different
histories. For the purposesof this calculation,we pretendthat a total ofI JKI

words“occur” at eachword position in an utterancewhere
J

is the
vocabularyused,andnormalizeaccordingly.
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Figure6: An exampleartificial latticefor theutteranceyo yoyo

word-errorratescanbecalculatedquickly.

In generatinglattices,we have madeseveral simplifying assump-
tions, andhave found that the methodstill works well. First, we
assumethatthecorrecthypothesisis alwaysin thelattice. Secondly,
weassumethatall wordsin a latticeareperfectlytime-alignedwith
thecorrecthypothesis;i.e., all wordsin a latticehavethesamebegin
andendtimesasawordin thecorrecthypothesis— onlysubstitution
errorsareconsidered.Oneadvantageof this assumptionis thatall
hypothesesarethe samelengthin words,andan insertionpenalty
hasno effectandcanbeignored.Thirdly, weassumethattherewill
bea few wordsthatwill beacousticallyconfusablewith eachword
in the correcthypothesis,andthat thesewordswill have the same
acousticscoreasthecorrectword. This is equivalentto only includ-
ing “acousticallyconfusable”wordsat eachpositionin the lattice,
and settingall acousticscoresto zero. With this assumption,the
languageweight becomesirrelevant sinceall hypotheseshave the
sameacousticscore.

Our algorithmfor generatinga lattice on a test-setutteranceis as
follows. We begin with a lattice that just containsthecorrectpath.
Thestartframesandendframesof eachwordareunimportant,since
all wordsin thelatticewill betime-aligned.Then,for eachword in
theutterance,we randomlygenerate(accordingto a distribution to
bespecified)L wordsthatoccurin thesameposition(i.e., have the
samebegin andendtimes).Typically, wehavetakenL to beabout9.
All acousticscoresaresetto zero.In Figure6, weshow anartificial
latticefor theutteranceyoyo yo with LM� 2.

To generatethewordsthat are“acousticallyconfusable”with each
wordin theutterance,onepossibilityis todeterminewhichwordsare
acousticallynearby. However, wemaketheassumptionthatwhether
wechooserandomwordsorgenuinelyacousticallyconfusablewords
will notaffect word-errorrate,anduseasingleprobabilitydistribu-
tion to generatealternatives for all words. One distribution that
seemsreasonableto useis the unigramdistribution �;N��$
O	 , which
just reflectsthefrequency of words 
 in thetrainingtext. We have
foundempiricallythatdistributionsof theform � N �$
P	 Q producelat-
ticesthatdowell in predictingactualword-errorrate,wherethevalueR � 0 � 5 hasworkedwell in bothBroadcastNewsandSwitchboard
experiments.

UsingthevalueLS� 9, wegeneratedartificial latticesoverourentire
testset.Wecalculatedword-errorratesontheseartificial latticesfor
all of ourmodelsin setsA andB, andin Figure7 wedisplayagraph
of artificial word-errorrate vs. actualword-errorrate over these
models. In Table3, we display the correlationbetweenartificial
word-errorrateandactualword-errorrate. Perplexity is marginally
betteronsetA, but artificial word-errorrateis substantiallysuperior
on setB, themotley mix of models.

We have alsoperformedexperimentson the Switchboardtask us-
ing latticesgeneratedby the Janusspeechrecognitionsystem[10].
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Figure7: Actual word-errorratevs. artificial word-errorrate for
modelsin setsA andB

Generatingartificial latticeswith the values LT� 3 and R � 0 � 5,
wecomparedthecorrelationbetweenperplexity andartificial word-
errorratewith actualword-errorrateovernine � -grammodels.The� -grammodelswere built with varying training datasizes,count
cutoffs, smoothing,and � -gramorder. In Table3, we displaythe
correlationsfor perplexity and artificial word-errorrate; artificial
word-errorrateis superioronthis dataset.

In termsof computation,we comparethedifferentmetricsthrough
thelanguagemodelprobabilityevaluationsrequiredperword in the
testset.Perplexity requiresonly onelanguagemodelevaluationper

BroadcastNews
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: Correlationsof perplexity andartificialword-errorratewith
actualword-errorrate



word,andis by far themostefficient. For a trigrammodel,artificial
word-errorraterequiresat most L 3 languagemodelevaluationsper
word;in practice,theactualvaluewasabout300for LS� 9. Thetime
requiredto rescoreartificial latticesonour22,000wordheld-outset
ona300MhzPentiumII machinerangedfrom2minutesfor atrigram
modelto 33 minutesfor a trigram modelwith triggers. Rescoring
actuallatticeswith a trigram modelrequiredabout3600 language
modelevaluationsperword. Thecomputationtime requiredvaried
from 1.6hoursfor atrigrammodelto 18.2hoursfor atrigrammodel
with triggers. Thus, calculatingartificial word-error rate, while
significantlymoreexpensivethancalculatingperplexity, isstill much
lessexpensivethanrescoringgenuinelatticesandtheabsolutetimes
involvedarequitereasonable.

5. DISCUSSION
In this work, we have shown thatperplexity canpredictword-error
ratequitewell for conventional� -grammodelstrainedonin-domain
data. However, for modelsof a moredisparatenature,perplexity
is a poorerpredictor. We have developeda measure,M-ref, that
extendsperplexity andbetterpredictsword-errorrate for complex
languagemodels.Wehavealsodescribedatechniquefor generating
artificiallatticessuchthatword-errorratescalculatedontheselattices
correlatewith actualerrorratesbetterthanperplexity. Theerror-rate
calculationover theselatticesis quiteinexpensive.

Despitethis work, it is still unclearwhetherperplexity or our novel
evaluation metrics are effective tools for languagemodeling re-
searchers.Perplexity hasbeena popularcomparisonmeasurehis-
torically becauseit allows languagemodel researchto develop in
isolationfrom speechrecognizers,andit hasmany theoreticallyel-
egant properties. Unfortunately, this modularizationof language
modelingis justified only if our isolatedmeasurescanpredictap-
plication performanceaccuratelyenough. While perplexity is an
indicationof performancein theapplicationof text compression,it
hasbeenshown to be inadequatein predictingspeechrecognition
performance.For example,onebasiccriterionof a languagemodel
evaluationmetricis thatit candistinguishbetweenlanguagemodels
whoseapplicationperformancesaresignificantlydifferent.A word-
error ratedifferenceof 0.5% or 1.0%absoluteis often considered
significant;if we refer to Figure1, we find modelswith essentially
thesameperplexity thatdiffer by morethan1.0%in errorrate.This
propertyis also true of the novel evaluationmetricsthat we have
described.In practice,duringlanguagemodeldevelopmentfor the
Hub4evaluationswehavediscontinuedcalculatingperplexitiesand
insteadcalculateword-error ratesdirectly to decidewhetherany
changesareuseful. Experiencehasdictatedthat this is the most
effective courseof action.

We considerit unlikely thatany accuratemeasurecanbedeveloped
that,like perplexity, isbasedonlyonlanguagemodel features.Thisis
becauseagreatmany factorsaffectspeechrecognitionperformance:
thevaluesof the languageweightandinsertionpenalty;thesearch
algorithmused(searchalgorithmsfor long-distancemodelstendto
be lesseffective); thestageat which the languagemodelis applied
(decoding,lattice rescoring,or � -bestlist rescoring);the language
modelsusedin theotherstages;andtheinteractionof thelanguage
modelwith the acousticmodel. All of thesefactorssignificantly
impact recognitionperformance,and it is unclearhow any metric
thatis blind to thesefactorscouldcompensatefor theireffects.

Measuresthat imitate the speech-recognitionprocesscan abstract
over many of theseissues.For example,in artificial latticegenera-

tion,thesearchalgorithmisnotanissueif weassumedifferentsearch
algorithmsover artificial latticescausethesamevariationin perfor-
manceasin real lattices.If we haveacousticscoresin ourartificial
lattices,thenwecanoptimizelanguageweightsoverartificial lattices
justasin reallattices.However, asmeasuresbecomemorecomplex
andexpensiveto compute,calculatingword-errorratesdirectly will
becomeamoreattractive alternative.

In conclusion,existingmeasuressuchasperplexity orournovelmea-
suresarenotaccurateenoughto beeffectivetoolsin languagemodel
developmentfor speechrecognition,andit is unclearhow usefulit
is to continueto comparelanguagemodelsfor speechrecognition
usingperplexity. While this leavesresearcherswith theunpleasant
requirementthatthey comparelanguagemodelsonlywith respectto
thesamespeechrecognizer, it doesnot seemthereis a reasonable
alternativeunlessmoreeffective measuresaredeveloped.Thereare
techniquesfor makingword-errorratecomputationlessexpensive,
suchas � -bestlist rescoringor lattice rescoringwith narrow-beam
lattices,andsuchtechniquesarein commonusein practice.Indeed,
to movesolelyto word-errorratereportingjust mirrorsthedecision
madelong agoin acousticmodeling,thatacousticmodelscanonly
beaccuratelyjudgedin thecontext of aspeechrecognitionsystem.
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