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Abstract

We proposea novel methodfor usingtheWorld Wide Webto acquiretrigramestimatesfor statisticallan-
guagemodeling.We submitanN-gramasa phrasequeryto websearchengines.Thesearchenginesreturn
the numberof webpagescontainingthe phrase,from which the N-gramcountis estimated.The N-gram
countsarethenusedto form web-basedtrigram probabilityestimates.We discussthe propertiesof such
estimates,andmethodsto interpolatethemwith traditionalcorpusbasedtrigramestimates.We show that
theinterpolatedmodelsimprove speechrecognitionworderrorratesignificantlyovera smalltestset.
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1 Introduction

A languagemodelis a critical componentfor many applications,includingspeechrecognition.Enormous
effort hasbeenspenton building andimproving languagemodels.Broadlyspeaking,this effort develops
alongtwoorthogonaldirections:Thefirstdirectionis toapplyincreasinglysophisticatedestimationmethods
to afixedtrainingdataset(corpus)to achievebetterestimation.Examplesincludevariousinterpolationand
backoff schemesfor smoothing,variablelengthN-grams,vocabularyclustering,decisiontrees,probabilistic
context freegrammar, maximumentropymodels,etc[1]. We canview thesemethodsastrying to “squeeze
out” morebenefitfrom a fixed corpus. The seconddirectionis to acquiremoretraining data. However,
automaticallycollectingand incorporatingnew training datais non-trivial, and therehasbeenrelatively
little researchin thisdirection.Adaptivemodelsareexamplesof theseconddirection.For instance,acache
languagemodelusesrecentutterancesasadditionaltraining datato createbetterN-gramestimates.The
recentrapiddevelopmentof theWorld Wide Web(WWW) makesit anextremelylargeandvaluabledata
source. Just-in-timelanguagemodeling[2] submitsprevious userutterancesasqueriesto WWW search
engines,andusesthe retrieved webpagesasunigramadaptationdata. In this paper, we proposea novel
methodfor usingtheWWW andits searchenginesto derive additionaltrainingdatafor N-gramlanguage
modeling,andshow significantimprovementsin termsof speechrecognitionworderrorrate.

Therestof thepaperis organizedasfollows. Section2 givestheoutlineof our method,anddiscusses
therelevantpropertiesof theWWW andsearchengines.Section3 investigatestheproblemof combining
a traditionalcorpuswith datafrom theweb. Section4 presentsour experimentalresults.Finally Section5
discussesboththepotentialandthelimitationsof ourproposedmethod,andlists somepossibleextensions.

2 The WWW as trigram training data

Thebasicproblemin trigramlanguagemodelingis to estimate���������	��
������� , i.e. theprobabilityof a word
giventhetwo wordsprecedingit. This is typically doneby smoothingthemaximumlikelihoodestimate���������� � �	� 
 ��� � ����� ����
�������� �� �!� 
 � � �
with variousmethods,where � ��� 
 � � � � � and � ��� 
 � � � arethecountsof " � 
 � � � � " and " � 
 � � " in some
training datarespectively. The main idea behindour methodis to obtain the countsof " � 
 � � � � " and" ��
���� " asthey appearon theWWW, to estimate���#%$'&(��� � �	� 
 ��� � ����� #%$'&(��� 
 � � � � �� #)$'& ����
������
andcombine

�� #%$'& with theestimatesfrom a traditionalcorpus(hereandelsewhere,when � #%$'& ����
���� ���+* ,
we regard

���#%$'&(�!� � �,� 
 ��� � � as unavailable). Essentially, we are using the searchableweb as additional
trainingdatafor trigramlanguagemodeling.

Thereareseveralquestionsto beaddressed.First, how to obtainthecountsfrom theweb?Whatis the
quality of thesewebestimates?How couldthey beusedto improve languagemodeling?We will examine
thesequestionsin thefollowing sections,in thecontext of N-bestlist rescoringfor speechrecognition.

2.1 Obtaining N-gram counts from the WWW

To obtain the countof an N-gram " � 
)-(-.- ��/ " from the web, we usethe ‘exact phrasesearch’function
of web searchengines.That is, we send" ��
 -(-(- � / " asa singlequotedphrasequeryto a searchengine.
Ideally, we would like thesearchengineto reportthephrasecount,i.e. thetotal numberof occurrencesof
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thephrasein all its indexedwebpages.However in practice,mostsearchenginesonly reportthewebpage
count,i.e. thenumberof webpagescontainingthephrase.Sinceonewebpagemaycontainoneor more
occurrenceof thephrase,we needto estimatethephrasecountfrom thewebpagecount.

Many websearchenginesclaim they canperformexactphrasesearch.However, mostof themseemto
useaninternalstopword list to remove commonwordsfrom a queryphrase.An interestingtestphraseis
“to beor not to be”: Somesearchenginesreturntotally irrelevantwebpagesfor this query, sincemost,if
not all, wordsareignored.In addition,a few searchenginesperformstemmingsothequery“shesay” will
returnsomewebpagesonly containing“shesays”or “shesaid”. Furthermore,somesearchenginesreport
neitherphrasecountsnor web pagecounts. We experimentedwith a dozenpopularsearchengines,and
foundthreethatmeetourcriteria:AltaVista[3] advancedsearchmode,Lycos[4], andFAST [5]



. They all

reportwebpagecounts.
Onebruteforce methodto get the phrasecountsis to actuallydownloadall the webpagesthe search

enginefinds. However, queriesof commonwordstypically resultin tensof thousandsof webpages,and
this methodis clearly infeasible.Fortunatelyat the time of our experimentAltaVistahada simplesearch
mode,which reportedboththephrasecountandthewebpagecountfor aquery. Figure1 showsthephrase
countvs. webpagecountfor 1200queries.Trigramqueries(phrasesconsistingof threeconsecutivewords),
bigramqueriesandunigramqueriesareplottedseparately. Therearehorizontalbranchesin thebigramand
trigramplotsthatdon’t makesense(morewebpagesthantotal phrasecounts).We regardtheseasoutliers
dueto idiosyncrasiesof thesearchengine,andexcludethemfrom furtherconsideration.Thethreeplotsare
largely log-linear. This promptedusto performthefollowing log-linearregressionseparatelyfor trigrams,
bigrams,andunigrams:

� �+021�3��547658
where � is the phrasecount, and �54 the web pagecount. Table 1 lists the coefficients. The three

regressionfunctionsarealsoplottedin Figure1. Weassumethesefunctionsapplyto othersearchenginesas
well. In therestof thepaper, all webN-gramcountsareestimatedby applyingthecorrespondingregression
functionto thewebpagecountsreportedby searchengines.
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Figure1: Webphrasecountvs. webpagecount

8
Our selectionis admittedlyincomplete.In addition,sincesearchenginesdevelopandchangerapidly, all our commentsare

only valid duringtheperiodof thisexperiment.
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021 0 

Unigram 2.427 1.019
Bigram 1.209 1.014
Trigram 1.174 1.025

Table1: Coefficientsof log-linear regressionfor estimatingWeb N-gramcountsfrom Web pagecounts
reportedby searchengines.

2.2 The quality of web estimates

To investigatethequality of webestimates,we neededa baselinecorpusfor comparison.Thebaselinewe
usedis a 103million wordBroadcastNewscorpus.

2.2.1 Web N-gram coverage

Thefirst experimentwe ranwasN-gramcoveragetestonunseentext. Thatis, wewantedto seehow many
N-gramsin the testtext arenot on the web, and/ornot in the baselinecorpus. We werehopingto show
that the web coversmany moreN-gramsthanthe baselinecorpus. Note that by ‘the web’ we meanthe
searchableportionof thewebasindexedby thesearchengineswechose.

Theunseennews testtext consistedof 24 randomlychosensentencesfrom 4 webnewssources(CNN,
ABC, Fox, BBC) and6 categories(world, domestic,technology, health,entertainment,politics). All the
sentenceswereselectedfrom theday’s news stories,on thedaytheexperimentwascarriedout. This was
to makesurethatthesearchengineshadn’t hadthetime to index thewebpagescontainingthesesentences.
After theexperimentwascompleted,wecheckedeachsentence,andindeednoneof themwerefoundby the
searchenginesyet. Thereforethe testtext is truly unseento boththewebsearchenginesandthebaseline
corpus. (The testtext is of written news style,which might beslightly differentfrom the broadcastnews
stylein thebaselinecorpus.)

Thereare327 unigramtypes(i.e. uniquewords),462 bigramtypesand453 trigram typesin the test
text. Table2 lists thenumberof N-gramtypesnot coveredby thedifferentsearchenginesandthebaseline
corpus,respectively.

UniqueTypes Not CoveredBy
AltaVista Lycos FAST Corpus

Unigram 327 0 0 0 8
Bigram 462 4 5 5 68
Trigram 453 46 46 46 189

Table2: Novel N-gramtypesin 24newssentences

Clearly, the web’s coverage,underany of the searchengines,is muchbetterthanthat of the baseline
corpus.It is alsoworthnotingthatfor this testtext, any N-gramnotcoveredby thewebwasalsonotcovered
by thebaselinecorpus.

In the next experiment,we focusedon the trigramsin the testtext to answerthe question“if oneran-
domlypicksa trigramfrom thetesttext, what’s thechancethetrigramhasappeared� timesin thetraining
data?”Figure2 showsthecomparison,with thetrainingdatabeingthebaselinecorpusandthewebthrough
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Figure2: Empiricalfrequency-frequency plot

thedifferentsearchengines,respectively. Thisfigureis alsoknown asa“frequency-of-frequency” plot. Ac-
cordingto thisfigure,a trigramfrom thetesttext hasmorethan40%chanceof beingabsentin thebaseline
corpus,andthechancegoesdown to about10%ontheweb,regardlessof thesearchengine.This is consis-
tentwith Table2. Moreover, the trigramhasa muchlargerchancein having a smallcountin thebaseline
corpusthanontheweb. Sincesmallcountsusuallymeanunreliableestimates,resortingto thewebcouldbe
beneficial.

2.2.2 The effective size of the web

Recently, Fienberg etal. [6] estimatedthesizeof theindexablewebasof 1997to becloseto 1 billion pages.
Thewebgrowsexponentially, andasof thiswriting somesearchenginesclaimthey have indexedmorethan
1 billion pages.We wouldlike to estimatetheeffectivesizeof thewebasalanguagemodeltrainingcorpus.

Let’s assumethat the web and the baselinecorpusare homogeneous(which is patentlyfalse, since
the webhasmuchmorethannews, but we will ignorethis for the time being). Thenthe probabilityof a
particularN-gramappearingin thebaselinecorpusis thesameastheprobabilitythatit appearson theweb:�79�:<;<=�>(?@� N-gram���A��#%$'&(� N-gram�
Sincetheprobabilitiescanbeapproximatedby their respective frequencies,we have� 9�:<;<=�>(?(� N-gram�� corpus� B � #%$'&(� N-gram�� web�
, from whichwecanestimate� web� , thesizeof thewebin words.Notethatit doesn’t matterif theN-gramis
a unigram,bigramor trigram,thoughN-gramswith smallcountsareunreliableandshouldbeexcluded.In
our experiment,we consideredall unigrams,bigramsandtrigramsin thetesttext with � 9�:';<=�>(?DCFE(* . Each
suchN-gramwill gaveusanestimate,andwetook themedianof all theseestimatesfor robustness.Table3
givesourestimatesof thesizewith differentsearchengines.

Somepointsto notice:

1. The ’effective web size’ estimateswe obtainedarevery roughat best. Moreover, they aredefined
relativeto thespecificbaselinecorpusandspecifictestsetwehappenedto choose.Therefore,Table3
shouldnot beusedto ranktheperformanceof individualsearchengines.
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Effectivesizeof theweb
AltaVista 108billion words

Lycos 79billion words
FAST 83billion words

Table3: Theeffectivesizeof thewebfor languagemodeltraining

2. Thismethodtendsto underestimatethewebsize.We assumedhomogeneity, which in actualitydoes
not hold. The test text comesfrom a news domain,andso doesthe baselinecorpus. We usedN-
gramsfrom the testtext to estimatethe websize,which givesrise to a selectionalbias. Intuitively,
only “news terms”arein the testtext. And sincethecorpusis in news domain,asa wholewe have�79�:<;'=�>(?(� news terms��CG��#%$'&(� newsterms� . This is whatleadsto underestimation.

2.2.3 Normalization of the web counts

An interestingsanitycheckis to seewhether

� #%$'& ��� 
 � � ��� H#�IKJ
V

� #)$<&(��� 
 � � � � �
holds for any bigram " ��
L��� " . If this is true, the relative frequency estimation

�� #)$<& �����M�	��
 ���N��� would
alreadybenormalized,i.e. H#�IKJ

V

���#%$'& ��� � �	� 
 ��� � ���OEP�RQ)� 
 ��� �
Of coursetherearetoo many " � 
 � � � � " combinationsto verify this directly. Instead,we randomly

chosesix " ��
���� " pairsfrom thebaselinecorpus.For eachpair, we chose2000 ��� ’s accordingto thefol-
lowing heuristic:First,we selectedwordsfrom a list of all � � ’s suchthatthetrigram " � 
 � � � � " appeared
in thebaselinecorpus,sortedby decreasingfrequency; If fewer than2000wordswerechosenthatway, we
addedwordsfrom alist of all � � ’ssuchthatthebigram " � � � � " appearedin thebaselinecorpus,in decreas-
ing frequency order;If thiswasstill not enough,weadded� � ’saccordingto theirunigramfrequencies.We
expectedthis heuristicto give usa list of � � ’s thatcoversthemajority of theconditionalprobabilitymass
givenhistory " � 
 � � " .

Table4 shows webbigramcountestimatesobtainedwith FAST search,togetherwith their respective
cumulative web trigramcountestimatesasdescribedabove. Ideally, theratio shouldbecloseto, but less
than,100%. It is evident from the tablethat thewebcountsarenot perfectlynormalized.Thereasonsare
not entirely clearto us,but the fact that the N-gramcountsareestimatedfrom pagecountsis an obvious
candidate.ThewebN-gramcountestimatesshouldthereforebeusedwith caution.

2.2.4 The variance and bias of web trigram estimates

As statedearlier, we are interestedin estimatingconditionaltrigram probabilitiesbasedon their relative
frequency on theweb: ���#%$'&(��� � �	� 
 ��� � ����� #%$'&(��� 
 � � � � �� #)$'&.��� 
 � � �
It would be informative to compare

�� #)$'& �����@�	��
������� to a traditional(corpusderived) trigram probability
estimate.
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" � 
 � � " � #%$'& ��� 
 � � � S
2000 � � ’s � #%$'&(��� 
 � � � � � ratio

aboutseventy 16498.3 14807.7 90%
andthere’s 662697.0 724870.0 109%
groupbeing 20248.4 16246.5 80%

lewinsky after 1431.9 1631.7 114%
two hundred 389949.0 457656.0 117%

willy b. 1334.6 607.2 45%

Table4: Sanitycheck:arewebcountsnormalized?
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Figure3: Ratioof webtrigramestimatesto corpustrigramestimates

To thisend,wecreatedabaselinetrigramlanguagemodel TVU 1 from the103million wordbaselinecor-
pus.We usedmodifiedKneser-Ney smoothing[7] [8] which,accordingto [8], is oneof thebestsmoothing
methodsavailable. In building TWU 1 , we discardedall singletontrigramsin thebaselinecorpus,a common
practiceto reducelanguagemodelsize.We denoteTVU 1 ’sprobabilityestimatesby ��1 .

With TWU 1 , we wereableto compare
���#)$<&(��� � �	� 
 ��� � � with ��1X��� � �	� 
 ��� � � . We computedtheratio Y :

Y �!� 
 ��� � ��� � �V� ���#)$<&�!� � �,� 
 ��� � �� 1 �!�����,��
�������
betweenthesetwoestimates.WeexpectedY tobemorespreadout(having largervariance)when� 9�:<;<=�>(?(�!� 
 � � � � �
is small,sincein thiscase�Z1X��� � �	� 
 ��� � � tendsto beunreliable.

We computedY ��� 
 ��� � ��� � � for every trigram in the testtext, excluding thosewith � #)$<& ��� 
 � � �[�\* .
We plot Y ��� 
 ��� � ��� � � vs. � 9�:';<=�>(?]��� 
 � � � � � in Figure3. We foundthat:

1. For trigramswith large � 9�:<;<=�>(?(�!� 
 � � � � � , Y averagesto about1. Thusthewebestimatesareconsistent
with TWU 1 in thiscase.

2. As we expected,the varianceof Y is largestwhen � 9�:';<=�>(?]��� 
 � � � � � =0, anddecreaseswhenit gets
large.Hencethe‘funnel’ shape.

3. When � 9�:<;<=�>(? ����
^��� ���� is small,especially0 and1, Y is biasedupward.This is of coursegoodnews,
asit suggeststhatthis is wherethewebestimatestendto improve on thecorpusestimates.
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4. All thesearchenginesgivesimilar results.

3 Combining web estimates with existing language model

In theprevioussection,we saw thepotentialof theweb: it is huge,it hasbettertrigramcoverage,andits
trigramestimatesarelargely consistentwith the corpus-basedestimates.Nevertheless,to queryeachand
every N-gramon thewebis infeasible.This preventsusfrom building a full fledgedlanguagemodelfrom
the webvia searchengines.More over, Table4 indicatesthat webestimatesarenot well normalized.In
addition,thecontentof thewebis heterogeneousandusuallydoesn’t coincidewith ourdomainof interest.
Basedontheseconsiderations,wedecidednotto try to build anentirelanguagemodelfromtheweb. Rather,
wewill startfrom atraditionallanguagemodel TWU 1 , andinterpolateits leastreliabletrigramestimateswith
theappropriateestimatesfrom theweb.

Unreliabletrigramestimates,especiallythoseinvolving backingoff to lowerorderN-grams,have been
shown to becorrelatedwith increasedspeechrecognitionerrors[9] [10]. By goingto themuchlargerweb
for reliableestimates,Our hopewasto alleviate this problem. We usedthe trigramcountsin thebaseline
corpusasaheuristicto decidethereliability of trigramestimatesin TVU 1 . A trigramestimate��1X��� � �	� 
 ��� � �
is deemedunreliable,if � 9�:<;<=�>(?]��� 
 � � � � �N_a`
where ` , the‘reliability threshold’,is a predeterminedsmallpositiveinteger, e.g.1. Admittedly thisdefini-
tion of unreliableestimatesis biased.

Evenwith thisdefinition,therearestill toomany unreliabletrigramestimatesto querythewebfor. Since
wewereinterestedin N-bestlist rescoring,wefurtherrestrictedthequeriesto thoseunreliabletrigramsthat
appearedin theparticularN-bestlist beingprocessed.Thisgreatlyreducesthenumberof webqueriesat the
priceof somefurtherbias.Let b # 8 #�c bethesetof wordsthathaveunreliabletrigramestimateswith history" � 
 � � " in thecurrentN-bestlist, i.e. Q " � 
 � � "ed N-bestf � #)$<&�!� 
 � � �NCa*�� (1)b # 8 #�c��hg]� � � " � 
 � � � � "ed N-bestf � 9�:';<=�>(?.��� 
 � � � � �N_a`ji
We obtain � #%$'& ��� 
 ��� � ��k7� ��k dlb # 8 #�c and � #)$<& ��� 
 � � � via searchengines,andcompute

���#)$<&(��km�	� 
 ��� � � ,
thewebrelative frequency estimates,from thesewebcounts.

Let �7n]��k��,� 
 ��� � � denotethefinal interpolatedestimates,whichcombine��1��!k��	� 
 ��� � � and
���#%$'& ��km�	� 
 ��� � � .

We would like to have a tunableparametersothatononeextreme� n �!k��	� 
 ��� � �Vop��1X��km�	� 
 ��� � � , while on
theotherextreme�7n@�!k��	� 
 ��� � �Vo ��Z#)$'& ��km�	� 
 ��� � � . Wenow presentthreedifferentmethodsfor doingthis.

3.1 Exponential Models with Gaussian Priors

We definea setof binaryfunctions,or ‘features’,asfollows:q # 8�r #�c r > ����� ���Fs E if kt�+� �* otherwise

for all � 
 ��� � ��k dub # 8 #�c in theN-bestlist. Next, for any given � 
 ��� � , wedefineaconditionalexponential
model� nv with thesefeatures:� nv ��� � �	� 
 ��� � ��� (2)
w5x 8 x c � 1 �!�����,��
�������5y z�{�� S >]J�| x 8 x cV} > q # 8�r #�c r > �������~�
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where�Z1 is theestimateprovidedby TWU 1 , } ’sareparametersto beoptimized,and � # 8 #�c is anormalization
factor. This modelhasexactly the sameform asa conventionalMaximum Entropy/ Minimum Discrim-
inative Information(ME/MDI) model[11] [12]. Let � denotethe setof parameters.If we maximizethe
likelihoodof thewebcounts:T � � ��� �# 8~r #�c r #�I � nv ��� � �	� 
 ��� � � � #)$'& ��� 
 � � � � �
with the standardGeneralizedIterative Scalingalgorithm(GIS) [13], we get the ME/MDI solution that
satisfiesthefollowing constraints:� nv �!k��	� 
 ��� � ��� ���#%$'& ��km�	� 
 ��� � � (3)� � #%$'& ����
 �����K��k7�� #%$'& ��� 
 ��� � � �LQ)��EM�����Z��k d�b # 8 #�c
This correspondsto oneextremeof theinterpolation.But sincewe wantto controlthedegreeof interpola-
tion, we introduceaGaussianprior with mean0 andvariance� � over � :

��� � �m� � � E� �M� � � y z�{��]� } ��� � � �
And insteadof seekingthemaximumlikelihoodsolution,weseekthemaximumaposteriori(MAP) solution
thatmaximizes T � � �23���� � �
Thiscanbedoneby slightly modifying theGISalgorithm,asdescribedin [14].

With this Gaussianprior, we can control the degreeof interpolationby choosingthe valueof � � d��*����[�A� . � � actsas a tuning parameter:If � � o �[� , the Gaussianprior is flat andhasvirtually no
restrictionon thevaluesof the } ’s. Thusthe } ’s canreachtheir ME/MDI solutions,andhence� nv reaches
one extremeas in (3). On the other handif � � o * , the Gaussianprior forces } ’s to be closeto the
mean,which is 0. From(2) we know in this case�7nv o���1 . This correspondsto theotherextremeof the
interpolation.A � � between0 and �[� resultsin anintermediate� nv distribution.

For thepurposeof comparison,we experimentedwith two otherinterpolationmethods,which areeasy
to implementbut maybetheoreticallylesswell motivated:linearinterpolationandgeometricinterpolation.

3.2 Linear Interpolation

In linearinterpolation,wehave� n� �����M�	��
 ��������� (4)������� ������
�RE � 0m����1M��� � �	� 
 ��� � ���a0 ���#%$'& ��� � �	� 
 ��� � �

, if � � d�b # 8 #�c
�� SG���.� x 8 x c =(��]��>M� # 8�r #�c��
�� SG��(� x 8 x c =�� ��>M� # 8Rr #�c�� � 1 �����M�	��
 �������
, otherwise

In this case,0 dh  *��(E¡ is the tuningparameter. If 0l�\* , � n� �¢� 1 . If 0l�£E , � n� satisfies(3). An 0 in
betweenresultsin anintermediate�7n� .
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3.3 Geometric Interpolation

In geometricinterpolation,we have

� n¤ ��� � �	� 
 ��� � ��� (5)��������� ��������
��1X��� � �	� 
 ��� � � � 
���¥ ��¦ � #%$'&(��� 
 � � � � ��§%¨� #)$<&(��� 
 � � ��§ � ©�� ¨�ª ¥

, if ��� d�b # 8 #�c
�� S«���(� x 8 x c =(�¬j�>M� # 8Rr #�c��
�� S®���.� x 8 x c =����>M� # 8~r #�cL� ��1X��� � �	� 
 ��� � �
, otherwise

Notethatherewe have to smooththewebestimatesto avoid zeros(which is not a problemin theprevious
two methods).To do this, we simply adda small positive value ¯ to the web counts. This is known as
additive smoothing[8]. The valueof ¯ is determinedto minimize the perplexity with ° �±E . Once ¯ is
chosenit is fixed,andwe tune ° . °«dG  *��.E�¡ is theinterpolationparameter. If ° �+* , �7n¤ �²��1 . If ° �¢E , �7n¤
satisfiesthesmoothedwebestimates.A ° in betweenresultsin anintermediate� n¤ .

4 Experimental Result

Werandomlyselected200utterancesegmentsfrom theTREC-7SpokenDocumentRetrieval trackdata[15]
asour testsetfor this experiment.For eachutterancewe have its correcttranscriptandanN-bestlist with³ ��E(*P*M* , i.e. 1000decodinghypotheses.We performedN-bestlist rescoringto measuretheword error
rate(WER) improvement,andcomputedtheperplexity of thetranscript.Notethat the testsetis relatively
small and

³ �´E(*M*M* is not very deep,sincewe wantedto limit the numberof web queriesto within a
practicalrange.

4.1 Word Error Rate

If we rescorethe N-bestlists with TWU 1 andpick the top hypotheses,the WER is 33.45%. This is our
baselineWER.TheoracleWER, i.e. if we wereableto pick the leasterrorful hypothesisamongthe1000
for eachN-bestlist, is 25.26%.Of coursewe cannotachieve theoracleWER,but it indicatesthereis room
for improvementover TWU 1 .

Sinceeachutterancehas1000hypothesesin theN-bestlist, the total numberof trigramsis very large.
Table5 lists thenumberof trigramtokens(occurrences)andtypes(uniqueones)in all theN-bestlists com-
bined,togetherwith thepercentageof unreliabletrigramtypesandtokensasdeterminedby thereliability
threshold̀ . Note that trigramscontainingstart-of-sentenceor end-of-sentence(commonlydesignatedbyµa¶ C and µa·M¶ C ) areexcludedfrom thetable,sincethey can’t bequeriedfrom theweb. For eachN-best
list, we queriedthe unreliabletrigrams(andassociatedbigrams)in the list, from which we computed�7n
with thethreedifferentinterpolationmethods.We thenused� n to rescoretheN-bestlist, andcalculatedthe
WERof thetop hypothesisafterrescoring.

First, we setthereliability threshold̀u�¸* , i.e. we regardonly thosetrigramsthatnever occurin the
baselinecorpusasunreliable. Figure4(a)shows the WER with exponentialmodelsandGaussianpriors.
Thethreecurvesstandfor differentsearchengines,whichturnout to beverysimilar. Thehorizontaldashed
line is the baselineWER. As predicted,when the varianceof the Gaussianprior � � o * (the left side
of thefigure), � nv convergesto � 1 andthe WER convergesto the baselineWER. On the otherhandwhen� � o¹�[� , theestimatesof theunreliabletrigramscomesolelyfrom theweb. Suchestimatesseeminferior
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trigram total reliability threshold̀
0 1 2 3 4 5

tokens 5,311,303 2,002,530 2,310,416 2,496,312 2,650,340 2,772,500 2,889,348
37.7% 43.5% 47.0% 49.9% 52.2% 54.4%

types 57,107 36,190 39,059 40,893 42,158 43,110 43,863
63.4% 68.4% 71.6% 73.8% 75.5% 76.8%

Table5: Numberof unreliabletrigramsin theN-bestlists
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(b) LinearInterpolation
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(c) GeometricInterpolation
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(d) Reliability Threshold
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Figure4: Word Error Ratesof web-improvedlanguagemodelsasfunctionof thesmoothingparameterfor
severaldifferentinterpolationschemes,basedonN-bestrescoring
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andthe modelhashigherWER thanthe baseline.Betweenthesetwo extremes,WER reachesminimum
(32.53%with AltaVista)around� � �OE .

Figure4(b) is theWERwith linearinterpolation.Again,theminimumWER32.56%is reachedbetween
thetwo extremesat 0u�+* -	º by AltaVista.

To usegeometricinterpolation,weneededto choosea valuefor ¯ first. We chosē �h* - *�E becausethis
minimizedtheperplexity when ° �»E . Next we vary ° while keepinḡ fixed,andplottedtheWER of the
interpolatedmodelin Figure4(c). As with thepreviousinterpolationmethods,theWER reachesminimum
whentheinterpolationfactoris nearthemiddle.Theminimumis 32.69%when ° �¼* -¾½ with FAST.

Next, we adjustedthereliability threshold̀ andobserve its effect on WER. The interpolationmethod
usedhereis theexponentialmodelwith Gaussianprior and � � �¸E . We varied ` from 0 to 5. With larger
threshold,more trigramsare regardedas unreliable,andhencemore web querieshad to be issued. As
shown in Figure4(d), thereis a slight but definiteimprovementin WER whenwe increasè from 0 to 1.
For example,TheWER with `¿��E andAltaVistais 32.45%.Furtherincrementresultsin aboutthesame
WER,averagedoversearchengines.Notethat TVU 1 , thelanguagemodelweareincorporatingwebestimate
into, wasbuilt afterexcluding all singletontrigramsin the corpus.This mayexplain why `u�ÀE is better
sincetrigramswith counts0 or 1 in thecorpusareindeedunreliable:in TVU 1 they mustbackoff to bigram
or unigram.

To analyzethesourceof improvement,webrokedown theWERaccordingto thetrigrambackoff modes
in TVU 1 . First,wemarkedeachword � �

in thetranscriptwith oneof severallabels,usingthefollowingrules:
Let � � �Z� and � � �)
 bethe two wordspreceding� �

. If the trigram " � � �7� � � �%
 � � " exists in TWU 1 , label � �
as‘3’. Otherwiseif the trigram doesn’t exist in TVU 1 , but the bigram " � � �%
 � � " does,label � �

as’3-2’,
meaningTVU 1 hasto backoff to the bigramfor � �

. If thebigramdoesn’t exist in TWU 1 either, label � �
as

’3-2-1’ since TVU 1 hasto backoff to theunigram. In thesecondstep,we comparedthetranscriptwith the
tophypothesesafterrescoringtheN-bestlistswith � 1 . Eachword in thetranscriptobtainsasecondlabelof
either“correct” or “wrong” dependingon whethertheword is correctin thecorrespondingtop hypothesis.
We thencollectthepercentageof correctwordswithin categories‘3’, ‘3-2’ and‘3-2-1’ respectively. In the
third stepwe repeatedthe secondstep,except that the top hypothesesarenow obtainedby rescoringthe
N-bestlists with �jnv , where � � �¢E , `��FE , andthesearchengineis AltaVista.We comparethepercentage
of errorsin step2 andstep3 in Table6. Notethatinsertionerrorsarenot countedin ourerrorbreakdown.
Not surprisingly, the‘3-2-1’ category hasthehighesterrorratefor both ��1 and � nv , sincethewordsin this
category arethehardestfrom thelanguagemodel’s point of view. The‘3-2’ category haslower error rate,
and‘3’ hasthe lowest. The interpolatedlanguagemodel � nv improveserror rate for all threecategories,
comparedto ��1 . The largestimprovementis in the ‘3-2-1’ category, which suggeststhe webhelps TVU 1
mostwith thehardestcases.It is notclearthoughwhy the‘3-2’ category is not improvedasmuch.

errorrate
category words ��1 � nv

3 3480 23.3% 22.8%
3-2 2236 30.7% 30.1%

3-2-1 479 50.1% 46.1%

Table6: Errorbreakdown by TWU 1 backoff mode
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4.2 Approximate Perplexity

Thereare6195wordsin the transcript. The baselineperplexity of the transcriptwith TVU 1 is 196.7. We
wantedto computetheperplexity of the transcriptwith differentinterpolatedlanguagemodels.We defineb # 8 #�c in (1) basedon the transcript.However this introducesa subtlebias: the interpolatedmodelsnow
dependon the transcript.In otherwords,we aredynamicallychoosingmodelsaccordingto thewordswe
will be predicting. The resultingscoresare thereforenot strictly interpretableas probabilities. For this
reasonwe considertheperplexities we get on the transcriptto beapproximateonly. We still reportthese
valuesin this sectionbecausewe believe that the distortionis not too severe,andthe approximationstill
providesusefulinsight into the trueperplexity of web-improved languagemodels.Notethat,althoughthe
samekind of biasexistsin WERcomputation,it doesn’t diminishthevalidity of theWERimprovementwe
getthere,sincein classificationit is not theparticularprobabilityvaluebut therankingthatmatters.

Figure5(a–c)comparesdifferentinterpolationmethodswhenthereliability threshold̀e�h* . Thereare
2274uniqueunreliabletrigramsin the transcript.We submittedthem(andthe correspondingbigrams)as
queriesto thesearchengines,andcomputed� n with the threedifferentinterpolationmethodsdescribedin
thelastsectionsrespectively. From � n we computedtheapproximateperplexities.

Figure5(a)showstheapproximateperplexity with theexponentialmodelandaGaussianprior. Like the
WERin Figure4(a),theapproximateperplexity convergesto thebaselinewhentheGaussianprior � � o¹* .
The approximateperplexity worsenswhen � � o �[� . The bestvalue156.9is achieved by FAST also
betweenthesetwo extremesat � � �ÁE . Again,differentsearchenginesaresimilar.

Figure5(b) is the approximateperplexity with linear interpolation. It is alsosimilar to the WER in
Figure4(b). Theminimum156.2is reachedby FAST at 0Â�¼* -	ºXÃ .

Figure5(c) shows theapproximateperplexity with geometricinterpolationand ¯ �¸* - *�E . As with the
previous interpolationmethods,the approximateperplexity convergesto the baselinewhen ° o * andis
worsewhen ° o E . But unlike theothermethods,approximateperplexity seemsto bealwaysworsethan
thebaseline,andincreasesmonotonicallywith ° .

Figure 5(d) comparesthe effect of the reliability threshold ` on the approximateperplexity. As in
Figure4(d), theinterpolationmethodusedis exponentialmodelwith Gaussianprior and � � �OE . Againwe
seeimprovementwhenwe increasè from 0 to 1. For example,FAST’sapproximateperplexity goesdown
to 147.5.We believedthiscanbeexplainedsimilarly to Figure4(d).

5 Discussions

In thispaper, wedemonstratedthattrigramestimatesobtainedfrom thewebcansignificantlyimproveWER
relative to purecorpus-basedestimates,eventhoughthewebestimatesarenoisy, andthewebandthe test
setarenot in thesamedomain.Webelievetheimprovementlargelycomesfrom bettertrigramcoveragedue
to thesheersizeof theweb,whichactsasa‘generalEnglish’knowledgesource.Interestingly, whichsearch
engineis useddoesn’t makemuchdifference. Furthermore,which interpolationmethodis useddoesn’t
makemuchdifferenceeither(at leastfor WER),aslongasanappropriateinterpolationparameteris chosen.

Our methodhascertainadvantages.Besideshaving betterN-gramcoverage,thecontentof thewebis
constantlychanging.Our methodwould enableautomaticup-to-datelanguagemodeling.However, there
arealsoseveraldisadvantages.Themostsevereoneis thelargenumberof webqueries.In ourexperiment,
we neededto submitan averageof 340 queriesto the web for eachutterance.This resultsin heavy web
traffic andworkloadon thesearchengines,andvery slow rescoringprocess.Anotherconcernis privacy:
onemaybesendingfragmentsof potentiallysensitiveutterancesto theweb. Both problems,however, can
bepartly solvedby usinga web-in-a-boxsetting,i.e. if we have a snapshotof thetext contentof thewhole
WWW on local storage.Yet anotherproblemis thelackof focuson domainspecificlanguage.This might
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(b) LinearInterpolation
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(c) GeometricInterpolation
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(d) Reliability Threshold
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Figure5: Approximateperplexity of web-improvedlanguagemodelsasfunctionof thesmoothingparameter
for severaldifferentinterpolationschemes.
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besolvedby queryingspecificdomainhostsinsteadof the whole web,althoughby doing so the N-gram
coveragemaydeteriorate.

Themethodproposedin this paperis only onecrudewayof exploiting thewebasa knowledgesource
for languagemodeling.Insteadof focusingon trigrams,onecouldlook for morecomplex phenomena,e.g.
semanticcoherence[16] amongthe contentwordsin a hypothesis.Intuitively, if a hypothesishascontent
wordsthat ‘go with eachother’, it is morelikely thanonewhosecontentwordsseldomappeartogetherin
a large training text set. The web + searchengineapproachseemswell suitedfor this purpose.We are
currentlypursingthisdirection.
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