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ABSTRACT

We proposea novel methodfor usingtheWorld WideWebto ac-
quiretrigramestimatesfor statisticallanguagemodeling.Wesub-
mit anN-gramasaphrasequerytowebsearchengines.Thesearch
enginesreturn the numberof web pagescontainingthe phrase,
from which the N-gramcount is estimated.The N-gramcounts
arethenusedto form web-basedtrigramprobabilityestimates.We
discussthepropertiesof suchestimates,andmethodsto interpo-
latethemwith traditionalcorpusbasedtrigramestimates.Weshow
that theinterpolatedmodelsimprove speechrecognitionword er-
ror ratesignificantlyover asmalltestset.

1. INTRODUCTION

A languagemodel(LM) is a critical componentfor many appli-
cations,includingspeechrecognition.Enormouseffort hasbeen
spentonbuilding andimproving languagemodels.Broadlyspeak-
ing, thiseffort developsalongtwo orthogonaldirections:Thefirst
directionis to applyincreasinglysophisticatedestimationmethods
to a fixed training dataset (corpus)to achieve betterestimation.
Examplesincludevariousinterpolationandbackoff schemesfor
smoothing,variablelengthN-grams,vocabulary clustering,deci-
sion trees,probabilisticcontext free grammar, maximumentropy
models,etc[1]. We canview thesemethodsastrying to “squeeze
out” more benefitfrom a fixed corpus. The seconddirection is
to acquiremoretrainingdata. However, automaticallycollecting
and incorporatingnew training datais non-trivial, andtherehas
beenrelatively little researchin this direction. An exampleis a
cacheLM, whichusesrecentutterancesasadditionaltrainingdata
to createbetterN-gramestimates.The recentrapid development
of theWorld WideWeb(WWW) makesit anextremelylargeand
valuabledatasource.Just-in-timelanguagemodeling[2] submits
previoususerutterancesasqueriesto WWW searchengines,and
usesthe retrieved webpagesasunigramadaptationdata. In this
paper, we proposea novel methodfor using the WWW and its
searchenginesto derive additionaltrainingdatafor N-gramlan-
guagemodeling,andshow significantimprovementsin termsof
speechrecognitionword error rate. An extendedversionof this
papercanbefoundin [3].
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2. THE WWW AS TRIGRAM TRAINING DATA

Themainideaof ourmethodis to obtainthecountsof �������	�
�	���
and ��� � � � � asthey appearon theWWW, to estimate��������� � ��� � ��� � ������� ����� � ������� ��� �� �!��� � �����	� �
and combine

� ����� with the estimatesfrom a traditional corpus
(hereandelsewhere,when � ������� � � � �
�"�$# , we regard

������� as
unavailable). Essentially, we areusingthesearchablewebasad-
ditional training datafor trigram languagemodeling. Thereare
severalquestionsto beaddressed:How to obtainthecountsfrom
theweb?What is thequality of thesewebestimates?How could
they be usedto improve languagemodeling? We will examine
thesequestionsin thefollowing sections,in thecontext of N-best
list rescoringfor speechrecognition.

2.1. Obtaining N-gram counts from the WWW

To obtainthecountof anN-gram �%� ��&
&�& �(')� from theweb,we
sendit asasinglequotedphrasequerytoasearchengine.Wewant
thesearchengineto performexactphrasesearch(i.e. don’t usea
stopwordlist or stemming),andreturnphrasecountsor webpage
counts(from which we can estimatephrasecounts,seebelow).
Weexperimentedwith a dozenpopularsearchengines,andfound
threethatmeetour criteria: AltaVista [4] advancedsearchmode,
Lycos[5], andFAST [6] 1. They all reportwebpagecounts.

Onebrute force methodto get the phrasecountsis to actu-
ally downloadall thewebpagesthesearchenginefinds.However,
queriesof commonwordstypically resultin tensof thousandsof
web pages,andthis methodis clearly infeasible. Fortunatelyat
the time of our experimentAltaVista hada simplesearchmode,
whichreportedboththephrasecountandthewebpagecountfor a
query. Figure1(a)showsthephrasecountvs. webpagecountfor
430bigramqueries(phrasesconsistingof two consecutivewords).
Trigramqueriesandunigramquerieshavesimilarbehavior. There
arehorizontalbranchesin thebigramandtrigramplotsthatdon’t
makesense(moreweb pagesthan total phrasecounts). We re-
gardtheseasoutliersdueto idiosyncrasiesof the searchengine,
andexcludethemfrom furtherconsideration.Sincetheplotsare
largely log-linear, weperformlog-linearregression� �+*-,�. �0/2103
separatelyfor trigrams, bigrams,and unigrams,where � is the
phrasecount,and �0/ thewebpagecount. We found for unigram*-,4�$5�& 6%5)78��*	�9�$:)& #0:�; ; for bigram *-,<��:=&>5
#);0��*	�?�@:)& #0:�6 ;

1Our selectionis admittedlyincomplete.In addition,sincesearchen-
ginesdevelopandchangerapidly, all our commentsareonly valid during
theperiodof thisexperiment



andfor trigram * , �$:)&A:
7
60��* � �B:=& #%5)C . Thebigramregression
functionis alsoplottedin Figure1(a). We assumethesefunctions
apply to othersearchenginesaswell. In therestof thepaper, all
webN-gramcountsareestimatedby applyingthecorresponding
regressionfunctionto thewebpagecountsreportedby searchen-
gines.

2.2. The quality of web estimates

To investigatethequality of webestimates,we neededa baseline
corpusfor comparison.Thebaselineweusedisa103million word
BroadcastNewscorpus.

Web N-gram coverage on unseen test text: We show that the
web coversmany moreN-gramsthanthe baselinecorpus. Note
that by ‘the web’ we meanthe searchableportion of the web as
indexedby thesearchengineswechose.A testtext consistedof 24
randomlychosensentencesfrom4webnewssources(CNN,ABC,
Fox, BBC) and6 categories(world, domestic,technology, health,
entertainment,politics) wascreatedfrom the day’s news stories,
on thedaytheexperimentwascarriedout. Thiswasto makesure
thatthesearchengineshadn’t hadthetimeto index thewebpages
containingthesesentences.After theexperimentwascompleted,
we checkedeachsentence,and indeednoneof themwerefound
by thesearchenginesyet. Thereforethetesttext is truly unseento
boththewebsearchenginesandthebaselinecorpus.(Thetesttext
is of written news style though,which might beslightly different
from thebroadcastnewsstylein thebaselinecorpus.)

unique Not CoveredBy
types AltaVista Lycos FAST Corpus

1g 327 0 0 0 8
2g 462 4 5 5 68
3g 453 46 46 46 189

Table 1. Novel N-gramtypesin 24 newssentences

Thereare327unigramtypes(i.e. uniquewords),462bigram
typesand453trigramtypesin thetesttext. Table1 lists thenum-
ber of N-gramtypesnot coveredby the differentsearchengines
and the baselinecorpus,respectively. Clearly, the web’s cover-
age,underany of the searchengines,is muchbetterthanthat of
thebaselinecorpus. It is alsoworth noting that for this testtext,
any N-gramnot coveredby the webwasalsonot coveredby the
baselinecorpus.

Next we askedthequestion“if onerandomlypicksa trigram
from the test text, what’s the chancethe trigram has appeared� times in the training data?” Figure 1(b) shows the compari-
son,with the trainingdatabeingthebaselinecorpusandtheweb
throughthe different searchenginesrespectively. This figure is
alsoknown asa “frequency-of-frequency” plot. Accordingto this
figure,a trigram from the testtext hasmorethan40% chanceof
beingabsentin thebaselinecorpus,but thechancegoesdown to
about10% on the web regardlessof the searchengine. This is
consistentwith Table1. Moreover, the trigramhasa muchlarger
chancein having a smallcountin thebaselinecorpusthanon the
web. Sincesmallcountsusuallymeanunreliableestimates,resort-
ing to thewebcouldbebeneficial.

The effective size of the web: Thewebis large,andwewould
like to estimatethe effective sizeof the web as if it werea LM
trainingcorpus.Let’s assumethatthewebandthebaselinecorpus

10
0

10
1

10
2

10
3

10
4

10
5

10
6

10
7

10
8

10
9

10
0

10
1

10
2

10
3

10
4

10
5

10
6

10
7

10
8

10
9

page count

ph
ra

se
 c

ou
nt

(a) (b)

Fig. 1. (a) Web pagecountvs. phrasecountfor bigrams(b) Em-
pirical frequency-of-frequency plot

arehomogeneous(which is patentlyfalse,but we will ignorethis
for the time being),i.e. �EDGF�HJI K)LM� N-gram�(� � �!��� � N-gram� . Ap-
proximatingthe probabilitiesby their respective frequencies,we
canestimatethe sizeof the web in words. EachN-gramwith a
large countin the testtext will gave us an estimate,andwe took
themedianof all estimatesfor robustness.Wefoundfor AltaVista,
LycosandFAST, theeffectivesizeis 108,79and83billion words
respectively. Notethesearevery roughestimatesdefinedrelative
to the specificbaselinecorpusandspecifictestsetwe happened
to choose.They shouldnot be usedto rank the performanceof
individual searchengines.

Normalization of the web counts: A sanity checkis to see
if � ����� � �����	� �4�@N �PO Q V � ����� � �����	�
�	� � holdsfor any bigram��� � � � � . If true,

��������� � ��� � ��� � �
� would alreadybenormalized.
Werandomlyselectedsix �������	��� pairsandperformedthecheck.
Therighthandsiderangesbetween0.45to 1.17timestheleft hand
side. Thereforethewebcountsarenot perfectlynormalized,and
they shouldbeusedwith caution.

Web trigram estimates compared to a traditional LM: Wecre-
atedabaselinetrigramlanguagemodel RTS , from the103million
word baselinecorpus. We usedmodifiedKneser-Ney smoothing
[7] [8] which,accordingto [8], is oneof thebestsmoothingmeth-
ods available. In building R�S , , we discardedall singletontri-
gramsin the baselinecorpus,a commonpracticeto reducelan-
guagemodel size. We denote RTS , ’s probability estimatesby� , . We compare

�E�!����� � ��� � ��� � ��� with � , � � ��� � ��� � �
� for thetri-
gramsin thetesttext. We foundthat thetwo agreein mostcases,
while thewebestimatestendto belargerfor smallcounttrigrams.
This is of coursegoodnews, asit suggeststhat this is wherethe
webestimatestendto improveon thecorpusestimates.

3. COMBINING WEB ESTIMATES WITH EXISTING
LANGUAGE MODEL

In theprevioussectionwesaw thepotentialof theweb: it is huge,
it hasbettertrigramcoverage,andits trigramestimatesarelargely
consistentwith thecorpus-basedestimates.But to queryeachand
everyN-gramon thewebis infeasible;webestimatesarenot well
normalized;andthecontentof thewebis heterogeneousandusu-
ally doesn’t coincidewith our domainof interest.Basedon these
considerations,wedecidednotto build afull fledgedLM from the
web. Insteadwewill startfromatraditionallanguagemodel R�SU, ,
andinterpolateits leastreliabletrigramestimateswith theappro-
priateestimatesfrom theweb,sinceunreliabletrigramestimates,
especiallythoseinvolving backingoff to lower order N-grams,



have beenshown to be correlatedwith increasedspeechrecogni-
tion errors[9] [10]. We definea trigramestimate� , � � �%� � ��� � �
�
unreliableif � DGF�HJI K%L � � � � � � � �WVYX , where X is the reliability
threshold.

Even so therearestill too many unreliabletrigramsto query
thewebfor. Sincewewereinterestedin N-bestlist rescoring,we
furtherrestrictedourattentionto thoseunreliabletrigramsthatap-
pearedin the particularN-bestlist beingprocessed.This greatly
reducesthe numberof web queriesat the price of somefurther
bias. Let Z � 3 �\[ bethe setof �	� ’s in thecurrentN-bestlist that
form unreliabletrigramswith history ��� � � � � . We would aquire� �!��� �^] � ��� � �	� ��� ]W_ Z � 3 �\[ from theweb,andinterpolatethem
with � , �^] � ��� � �	� � to form the final interpolatedestimates,de-
notedas �a`)�^] � � ��� � � � . We would like to have a tunableinter-
polationparameterso that on oneextreme� ` �^] � ��� � ��� � goesto� , �^] � ��� � �	� � , whileontheotherextremeit goesto

� �!��� �^] � ��� � �	� � .
Wenow presentthreedifferentmethodsfor doingthis.

In exponential models with Gaussian priors wedefineasetof
binaryfunctions,or ‘features’,asfollows:b � 3�c �\[ c K0� ��� �T�ed : if �	� � ]# otherwise

for all ��� � �	� � ]f_ Z � 3 �\[ in theN-bestlist. We definea condi-
tionalexponentialmodel[11] [12] � `g with thesefeatures:� `g � � ��� � ��� � �
�-� (1)�h0i 3 i [ � , � �	� � ��� � �	� ��j�k)l � N K Q2m i 3 i [	n K b � 3�c �\[ c K\� �	� ���
Let o denotethesetof parameters.Thelikelihoodwith respectto
thewebcountsis:R � o �-� p� 3�c �\[ c �\O � `g � ��� � �9� � �	� � � ������� � � � � � �
�
We introducea Gaussianprior with mean0 andvarianceq � overo : �a� o ��� p)r :s 5=t q � j�k)l ��u n � r5 q � �
andseekthemaximumaposteriori(MAP) solutionthatmaximizesR � o �v. �v� o � . This canbedoneby slightly modifying theGener-
alizedIterative Scalingalgorithm[13], asdescribedin [14].

We can control the degreeof interpolationby choosingthe
prior varianceq � _w� #0��x"yf� . If q �9z x"y , theGaussianprior is
flat andhasvirtually no restrictionon thevaluesof the n ’s. Thus
the n ’s canreachtheirME/MDI solutionsthatsatisfiesthefollow-
ing constraints:� `g �^] � � ��� � ���{� ���������^] � � ��� � �����G| ]}_ Z � 3 �P[ (2)

On the other handif q �fz # , the Gaussianprior forces n ’s to
be close0. From (1) we know in this case�v`g z � , , the other
extremeof the interpolation.A q � between0 and x"y resultsin
anintermediate� `g distribution.

In linear interpolation, wehave� `~ � �	� � ��� � �	� ��� (3)����� ����
� : u *�� � , � � ��� � ��� � � �vx�* ��������� � ��� � ��� � ���

, if ��� _ Z � 3 �\[���P���M�=� i 3 i [ I=��E� K8� � 3
c �\[����� � �
�=� i 3 i [ I � � K�� � 3�c �P[�� � , � � ��� � ��� � � �
, otherwise

In this case,* _�� #0��:�� is the tuningparameter. If *��$# , � `~ �� , . If *���: , � `~ satisfies(2). An * in betweenresultsin an
intermediate� `~ .

In geometric interpolation, wehave� `� � � �=� � ��� � � �-� (4)������� ������
� , � �	� � ��� � �	� � � ����� ��� � �!����� � � � � � �
�^���� ������� � � � ����� � �	� � � �

, if � � _ Z � 3 �\[��� ���
�=� i 3 i [ I=�� � K�� � 3�c �\[�����P���
�=� i 3 i [ I � � K�� � 3�c �\[�� � , � � ��� � ��� � �
�
, otherwise

Notethatherewehaveto smooththewebestimatesto avoid zeros
(which is not a problemin the previous two methods). We add
a small positive value � to every webcount,a methodknown as
additive smoothing[8]. � is determinedby minimizing perplexity
when   �¡: .   _¢� #2��:�� is theinterpolationparameter. If   �£# ,� `� � � , . If   �¤: , � `� satisfiesthesmoothedwebestimates.A  
in betweenresultsin anintermediate� `� .

4. EXPERIMENTAL RESULT

We randomlyselected200 utterancesegmentsfrom the TREC-7
SpokenDocumentRetrieval trackdata[15] asour testsetfor this
experiment.For eachutterancewe have its correcttranscriptand
an N-bestlist with ¥ �¦:�#=#)# , i.e. 1000decodinghypotheses.
WeperformedN-bestlist rescoringto measuretheworderrorrate
(WER)improvement.If werescoretheN-bestlistswith RTSU, and
pick thetop hypotheses,theWERis 33.45%.This is our baseline
WER.For eachN-bestlist, wequeriedtheunreliabletrigrams(and
associatedbigrams)in it, andcomputed� ` with thethreedifferent
interpolationmethods.For geometricinterpolationwe chose� �#0& #0: becausethis minimized perplexity when   ��: . We then
used� ` to rescoretheN-bestlist andcalculatedthe WER of the
tophypothesisafterrescoringrespectively.

Figure2(a)(b)(c)show theWERwith exponentialmodels,lin-
ear interpolation,and geometricinterpolationrespectively, with
reliability thresholdXf�§# . The threecurvesstandfor different
searchengines,which turn out to bevery similar. Thehorizontal
dashedline is thebaselineWER.As the interpolationparameters
takesomeintermediatevalues,all threemodelsreachtheir mini-
mumWERrespectively. Theexponentialmodelreachesminimum
WER 32.53%with AltaVista aroundq � �¨: , the linear interpo-
lation modelreaches32.56%with AltaVista at *©�B#2& 6 , andthe
geometricinterpolationmodelreaches32.69%with FAST when  �ª#2& « .

Figure2(d)showstheeffectof reliability thresholdX onWER.
Theinterpolationmethodusedhereis theexponentialmodelwith
Gaussianprior and q � �e: . We varied X from 0 to 5. With larger
threshold,more trigrams are regardedas unreliable,and hence
morewebquerieshadto be issued.Thereis a slight but signifi-
cantimprovementwhenwe increaseX from 0 to 1. For example,
The WER with AltaVista at X¢�¬: is 32.45%. Note that R�SU, ,
the languagemodelwe areincorporatingwebestimateinto, was
built afterexcludingall singletontrigramsin thecorpus.Thismay
explain why X�§: is bettersincetrigramswith counts0 or 1 in
thecorpusareindeedunreliable:in RTS , they mustbackoff to bi-
gramor unigram.Furtherincreasein X doesn’t bringassignificant
improvement.
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Fig. 2. Word ErrorRatesof web-improvedLMs asfunctionof the
smoothingparameterfor several different interpolationschemes,
basedon N-bestrescoring

More analysisof theWER improvementcanbefoundin [3].
Perplexity cannotbe computedbecausethemodelsarenot prop-
erly normalized.

5. DISCUSSIONS

We demonstratedthat estimatesobtainedfrom the web can im-
proveWER.Webelieve theimprovementlargelycomesfrom bet-
ter trigram coveragedueto thesheersizeof theweb,which acts
asa ‘generalEnglish’ knowledgesource.Interestinglythechoice
of particularsearchengineor interpolationmethoddoesn’t seem
to mattermuch. Our methodhas certain advantages. Besides
having betterN-gram coverage,the contentof the web is con-
stantlychanging,enablingautomaticup-to-datelanguagemodel-
ing. However therearealsodisadvantages. The mostsevereone
is the large numberof web queries: We needed340 querieson
averagefor eachutterance.This resultsin heavy web traffic and
load on the searchengines,and henceslow rescoring. Another
concernis privacy: onemaybe sendingfragmentsof potentially
sensitive utterancesto the web. Both problems,however, canbe
partly solved by usinga web-in-a-boxsetting,i.e. if we have a
snapshotof thetext contentof thewholeWWW on local storage.
Yetanotherproblemis thelackof focusonspecificdomains.This
might be solvedby queryingspecificdomainhostsinsteadof the
wholeweb,althoughby doingsotheN-gramcoveragemaydete-
riorate.

The methodproposedin this paperis only onecrudeway of
exploiting thewebasa knowledgesourcefor languagemodeling.
Onecouldalsolook for morecomplex phenomena,e.g. semantic
coherence[16] amongcontentwordsin ahypothesis.Intuitively, if
ahypothesishascontentwordsthat‘go with eachother’,it is more
likely thanonewhosecontentwordsseldomappeartogetherin a
largetrainingtext set.Thewebsearchengineapproachseemswell
suitedfor this purpose.Wearecurrentlypursingthisdirection.
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