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ABSTRACT

We proposea hovel methodfor usingthe World Wide Webto ac-
quiretrigramestimatedor statisticalanguagemodeling.We sub-
mit anN-gramasaphrasejuerytowebsearctenginesThesearch
enginesreturn the numberof web pagescontainingthe phrase,
from which the N-gram countis estimated. The N-gram counts
arethenusedo form web-basedrigramprobabilityestimatesWe
discussthe propertiesof suchestimatesand methodgo interpo-
latethemwith traditionalcorpushasedrigramestimates\WWe shov
thatthe interpolatednodelsimprove speeclrecognitionword er-
ror ratesignificantlyover a smalltestset.

1. INTRODUCTION

A languagemodel (LM) is a critical componenfor mary appli-

cations,including speechrecognition. Enormouseffort hasbeen
spenton building andimproving languagenodels.Broadlyspeak-
ing, this effort developsalongtwo orthogonaHdirections:Thefirst

directionis to applyincreasinglysophisticate@stimatiormethods
to a fixed training dataset (corpus)to achieve betterestimation.
Examplesinclude variousinterpolationand backof schemedor

smoothingvariablelength N-grams,vocahulary clustering,deci-

siontrees,probabilisticcontext free grammay maximumentropy
modelsetc[1]. We canview thesemethodsastrying to “squeeze
out” more benefitfrom a fixed corpus. The seconddirectionis

to acquiremoretraining data. However, automaticallycollecting
andincorporatingnew training datais non-trivial, andtherehas
beenrelatiely little researctin this direction. An exampleis a

cacheLM, whichusesecentutterancessadditionaltrainingdata
to createbetterN-gramestimates.The recentrapid development
of the World Wide Web (WWW) makest anextremelylarge and
valuabledatasource.Just-in-timelanguagemodeling[2] submits
previous userutterancegsqueriesto WWW searchenginesand
usesthe retrieved web pagesas unigramadaptatiordata. In this

paper we proposea novel methodfor usingthe WWW and its

searchenginegto derive additionaltraining datafor N-gramlan-

guagemodeling,and shaw significantimprovementsin termsof

speectrecognitionword error rate. An extendedversionof this

papercanbefoundin [3].
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2. THEWWW ASTRIGRAM TRAINING DATA

Themainideaof our methodis to obtainthecountsof ” w; waws”
and”w;w,” asthey appeaionthe WWW, to estimate

Bues(ws|wr, wp) = Suct(W1w2ts)
Cwep(Wrw3)

and combinep.., with the estimatesfrom a traditional corpus
(hereandelsewvhere,whencyes(wiwz) = 0, we regardpu.es as
unavailable). Essentiallywe areusingthe searchableveb asad-
ditional training datafor trigram languagemodeling. Thereare
severalquestiondo be addressedHow to obtainthe countsfrom
theweb?Whatis the quality of theseweb estimatesHow could
they be usedto improve languagemodeling? We will examine
thesequestiondn the following sectionsjn the context of N-best
list rescoringor speectrecognition.

2.1. Obtaining N-gram countsfrom the WWW

To obtainthe countof anN-gram” w; . .. w,” from theweb,we
sendt asasinglequotedphrasegueryto a searckengine We want
the searchengineto performexactphrasesearch(i.e. don't usea
stopwordlist or stemming) andreturnphrasecountsor webpage
counts(from which we can estimatephrasecounts,seebelow).
We experimentedvith a dozenpopularsearchenginesandfound
threethatmeetour criteria: AltaVista[4] advancedsearchmode,
Lycos[5], andFAST [6] 1. They all reportwebpagecounts.

One brute force methodto getthe phrasecountsis to actu-
ally downloadall thewebpageghesearchenginefinds. However,
queriesof commonwordstypically resultin tensof thousand®f
web pages,andthis methodis clearly infeasible. Fortunatelyat
the time of our experimentAltaVista had a simple searchmode,
whichreportedboththe phrasecountandthewebpagecountfor a
query Figurel(a)shavsthe phrasecountvs. webpagecountfor
430bigramqueriegphrasegonsistingof two consecutiewords).
Trigramqueriesandunigramquerieshave similar behavior. There
arehorizontalbranchesn the bigramandtrigramplotsthatdon't
makesense(more web pagesthantotal phrasecounts). We re-
gardtheseasoutliersdueto idiosyncrasieof the searchengine,
andexcludethemfrom further consideration Sincethe plots are
largelylog-linear we performlog-linearregression: = ag * pg™!
separatelyfor trigrams, bigrams, and unigrams,wherec is the
phrasecount,andpg the web pagecount. We found for unigram
ap = 2.427, ay = 1.019; for bigrama = 1.209, oy = 1.014;

1our selectionis admittedlyincomplete.In addition,sincesearchen-
ginesdevelopandchangeapidly, all our commentsareonly valid during
theperiodof this experiment



andfor trigramao = 1.174, o; = 1.025. Thebigramregression
functionis alsoplottedin Figurel(a). We assumehesefunctions
applyto othersearchenginesaswell. In therestof the paper all
web N-gramcountsare estimatedy applyingthe corresponding
regressiorfunctionto the web pagecountsreportedby searchen-
gines.

2.2. Thequality of web estimates

To investigatethe quality of web estimatesywe needech baseline
corpusfor comparisonThebaselineve useds a103million word
BroadcasiNews corpus.

Web N-gram coverage on unseen test text: We show thatthe
web coversmary more N-gramsthanthe baselinecorpus. Note
that by ‘the web’ we meanthe searchablgortion of the web as
indexedby thesearctenginesve chose A testtext consistef 24
randomlychosersentencefom 4 webnewssourcegCNN, ABC,
Fox, BBC) and6 categories(world, domestictechnologyhealth,
entertainmentpolitics) was createdfrom the day’s news stories,
onthe daytheexperimentwascarriedout. This wasto makesure
thatthe searchengineshadnt hadthetimeto index thewebpages
containingthesesentencesAfter the experimentwascompleted,
we checkedeachsentenceand indeednoneof themwerefound
by the searchenginesyet. Thereforeghetesttext is truly unseerto
boththewebsearctenginesaandthebaselinecorpus.(Thetesttext
is of written news style though,which might be slightly different
from thebroadcashews stylein 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 news sentences

Thereare327 unigramtypes(i.e. uniquewords),462bigram
typesand453trigramtypesin thetesttext. Tablel liststhenum-
ber of N-gramtypesnot coveredby the differentsearchengines
andthe baselinecorpus,respectiely. Clearly, the web’s cover-
age,underary of the searchenginesjs muchbetterthanthat of
the baselinecorpus. It is alsoworth noting that for this testtext,
ary N-gramnot coveredby the web wasalsonot coveredby the
baselinecorpus.

Next we askedhe question‘if onerandomlypicksatrigram
from the testtext, what's the chancethe trigram has appeared
¢ timesin the training data?” Figure 1(b) shows the compari-
son,with the training databeingthe baselinecorpusandthe web
throughthe different searchenginesrespectiely. This figure is
alsoknown asa “frequeng/-of-frequeng” plot. Accordingto this
figure, a trigram from the testtext hasmorethan40% chanceof
beingabsentin the baselinecorpus,but the chancegoesdown to
about10% on the web regardlessof the searchengine. This is
consistentvith Table1. Moreover, the trigram hasa muchlarger
chancen having a small countin the baselinecorpusthanon the
weh Sincesmallcountsusuallymeanunreliableestimatestesort-
ing to theweb couldbe beneficial.

The effective size of the web: Thewebis large,andwe would
like to estimatethe effective size of the web asif it werea LM
trainingcorpus.Let’'s assumehatthewebandthebaselinecorpus
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Fig. 1. (a) Web pagecountvs. phrasecountfor bigrams(b) Em-
pirical frequeng-of-frequeng plot

arehomogeneou@nhichis patentlyfalse,but we will ignorethis
for thetime being),i.e. pcorpus (N-gram = pwes(N-gram. Ap-
proximatingthe probabilitiesby their respectre frequencieswe
canestimatethe size of the web in words. EachN-gramwith a
large countin the testtext will gave us an estimate andwe took
themedianof all estimate$or robustnessWe foundfor AltaVista,
LycosandFAST, the effective sizeis 108,79 and83 billion words
respectrely. Notethesearevery roughestimatesiefinedrelative
to the specificbaselinecorpusand specifictestsetwe happened
to choose. They shouldnot be usedto rank the performanceof
individual searctrengines.

Normalization of the web counts: A sanity checkis to see
if cwes(wiwz) = 32, v cwes(wiwzws) holdsfor ary bigram
Twiws” . If true, puwes(ws|wi, w2) would alreadybe normalized.
Werandomlyselectedsix ” w; we” pairsandperformedhecheck.
Therighthandsiderangedetweer0.45to 1.17timestheleft hand
side. Thereforethe web countsarenot perfectlynormalized,and
they shouldbe usedwith caution.

Web trigram estimates compared to a traditional LM: We cre-
atedabaselingrigramlanguagenodel L M, from the 103million
word baselinecorpus. We usedmodified KneserNey smoothing
[7] [8] which,accordingo [8], is oneof thebestsmoothingmeth-
ods available. In building LM,, we discardedall singletontri-
gramsin the baselinecorpus,a commonpracticeto reducelan-
guagemodel size. We denote L My’s probability estimatesby
po- We comparep.yes(ws|wi, we) with po(ws|w1, we)for thetri-
gramsin thetesttext. We foundthatthe two agreein mostcases,
while thewebestimatesendto belargerfor smallcounttrigrams.
This is of coursegood news, asit suggestshatthis is wherethe
webestimategendto improve onthe corpusestimates.

3. COMBINING WEB ESTIMATESWITH EXISTING
LANGUAGE MODEL

In the previoussectionwe sav the potentialof theweb: it is huge,
it hasbettertrigramcoverage andits trigramestimatesrelargely
consistentvith the corpus-basedstimatesBut to queryeachand
every N-gramonthewebis infeasible web estimatesrenot well
normalized;andthe contentof thewebis heterogeneouandusu-
ally doesnt coincidewith our domainof interest.Basedon these
considerationsye decidedhotto build afull fledgedLM fromthe
weh Insteadvewill startfrom atraditionallanguagenodelL M,,
andinterpolateits leastreliabletrigram estimateswvith the appro-
priateestimatedrom the web, sinceunreliabletrigram estimates,
especiallythoseinvolving backing off to lower order N-grams,



have beenshawn to be correlatedwith increasedspeechrecogni-
tion errors[9] [10]. We definea trigram estimatepo (ws|w1, wz)

unreliableif ccorpus(w1wzws) < 7, wherer is the reliability
threshold.

Even so therearestill too mary unreliabletrigramsto query
thewebfor. Sincewe wereinterestedn N-bestlist rescoringwe
furtherrestrictedour attentionto thoseunreliabletrigramsthatap-
pearedn the particularN-bestlist beingprocessedThis greatly
reducesthe numberof web queriesat the price of somefurther
bias. Let Uy, w, bethe setof ws’s in the currentN-bestlist that
form unreliabletrigramswith history” w;w>”. We would aquire
Pweb(u|wr, w2),u € Uy, w, from theweb, andinterpolatethem
with po (u|wi, w2) to form the final interpolatedestimates de-
notedas p* (u|wy, w2). We would like to have a tunableinter
polation parameteso that on one extremep™(u|w:, w2) goesto

po(u|w, w2 ), while ontheotherextremeit goes0 pues (u|wi, w2).

We now presenthreedifferentmethodgor doingthis.
In exponential modelswith Gaussian priors we definea setof
binaryfunctions,or ‘features’,asfollows:

1 fws=u
furwau(ws) _{ 0 otherwise

for all wi, w2, u € Uy, w, in the N-bestlist. We definea condi-
tional exponentialmodel[11] [12] p% with thesefeatures:

pe(ws|wy, w2) = (1)
L 2pO('wS|'wl7 'w2) eXP(Euerlw2 )\ufwl,wg,u('wi’)))

Ty w

Let A denotethe setof parametersThelikelihood with respecto
theweb countsis:

H pE(-w3|-w1, ,wz)Cweb(wl’wZWS)

wy,wa,wW3

L(A) =

We introducea Gaussiarprior with mean0 andvariances® over
A

)2
2

p0) =TT o= el

andseekhemaximumaposterioriMAP) solutionthatmaximizes
L(A) = p(A). This canbedoneby slightly modifying the Gener
alizedlterative Scalingalgorithm[13], asdescribedn [14].

We can control the degree of interpolationby choosingthe
prior variancer® € (0, +o00). If 0> — 400, theGaussiarprior is
flat andhasvirtually no restrictionon the valuesof the A’s. Thus
the X’s canreachtheir ME/MDI solutionsthatsatisfieghefollow-
ing constraints:

pE(ulwi, ws) = Pues(ulwi, wa),Vu € U, w, 2)

On the other handif o> — 0, the Gaussiarprior forces\’s to
be close0. From (1) we know in this casepy — po, the other
extremeof theinterpolation. A ¢* betweer0 and+oc resultsin
anintermediate}; distribution.

In linear interpolation, we have

pL(ws|wr, w2) = (3)
(1 — a)po(wa|wr, w2) + apuwes(wa|wi, w2)
Jifws € Uy wsg

1—EueUu,1w2 pr(ulwy,ws)

1= u €Uy wy Po(ulwi, w2)

po(ws|wi, ws)

, otherwise

In this case,a € [0, 1] is the tuningparameterlf o = 0, p; =
po. If @ = 1, p} satisfies(2). An « in betweenresultsin an
intermediatep] .

In geometric interpolation, we have

PE(‘w3|‘w17 'wz) = 4)

B
Cweb!‘wl‘w2‘w3 !+€
Cuweb(W1wW2)+|V e
’ if w3 € Uw1w2

po(ws|wi, ‘wz)(l_ﬁ)

1= ueUn, wy PG (ulwi,wa)

1—EueUu,1,J,2PD(“|w17w2)p0( 3| L 2)

, otherwise

Notethatherewe have to smooththewebestimateso avoid zeros
(which is not a problemin the previous two methods). We add
a small positive valuee to every web count,a methodknown as
additive smoothing8]. ¢ is determinedy minimizing perpleity

wheng = 1. 8 € [0,1] is theinterpolationparameterlf 3 = 0,

P& = po. If B =1, p% satisfieshesmoothedvebestimatesA 3

in betweerresultsin anintermediatey..

4. EXPERIMENTAL RESULT

We randomlyselected?00 utteranceseggmentsfrom the TREC-7
SpokenDocumentRetrieval track data[15] asour testsetfor this
experiment. For eachutterancewe have its correcttranscriptand
an N-bestlist with N = 1000, i.e. 1000decodinghypotheses.
We performedN-bestlist rescoringo measureheword errorrate
(WER)improvement.If werescoreheN-bestlistswith LM, and
pick thetop hypothesegshe WER is 33.45%.Thisis our baseline
WER. For eachN-bestlist, we queriedtheunreliabletrigrams(and
associatethigrams)in it, andcomputedy™ with thethreedifferent
interpolationmethods.For geometridnterpolationwe chosec =
0.01 becausehis minimized perpleity whens = 1. We then
usedp™ to rescorethe N-bestlist and calculatecthe WER of the
top hypothesisfterrescoringrespectiely.

Figure2(a)(b)(c)shav the WER with exponentiamodels Jin-
ear interpolation,and geometricinterpolationrespectiely, with
reliability thresholdr = 0. The threecurves standfor different
searchengineswhich turn out to be very similar. The horizontal
dashedine is the baselineWER. As the interpolationparameters
takesomeintermediatevalues,all threemodelsreachtheir mini-
mumWER respectiely. Theexponentiaimodelreachesninimum
WER 32.53%uwith AltaVistaarounds® = 1, thelinearinterpo-
lation modelreaches32.56%with AltaVistaata = 0.4, andthe
geometricinterpolationmodelreaches32.69%with FAST when
8 =0.3.

Figure2(d)showvstheeffectof reliability thresholdr onWER.
Theinterpolationmethodusedhereis the exponentialmodelwith
Gaussiarprior ande? = 1. We variedr from 0 to 5. With larger
threshold,more trigrams are regardedas unreliable,and hence
moreweb querieshadto be issued. Thereis a slight but signifi-
cantimprovementwhenwe increaser from 0 to 1. For example,
The WER with AltaVistaat 7 = 1 is 32.45%. Note that LM,
the languagenodelwe areincorporatingweb estimateinto, was
built afterexcludingall singletontrigramsin thecorpus.This may
explain why r = 1 is bettersincetrigramswith counts0 or 1 in
thecorpusareindeedunreliable:in L M, they mustbackof to bi-
gramor unigram.Furtherincreasen = doesnt bring assignificant
improvement.
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Fig. 2. Word Error Ratesof web-imprawved LMs asfunctionof the
smoothingparametefor several differentinterpolationschemes,
basedn N-bestrescoring

More analysisof the WER improvementcanbe foundin [3].
Perpleity cannotbe computedbecausehe modelsarenot prop-
erly normalized.

5. DISCUSSIONS

We demonstratedhat estimatesobtainedfrom the web canim-
prove WER. We believe theimprovementiargely comesrom bet-
ter trigram coveragedueto the sheersize of the web, which acts
asa ‘generalEnglish’ knowledgesource.Interestinglythe choice
of particularsearchengineor interpolationmethoddoesnt seem
to mattermuch. Our methodhas certain advantages. Besides
having better N-gram coverage,the contentof the web is con-
stantlychanging,enablingautomaticup-to-datedanguagemodel-
ing. However therearealsodisadwantages 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 privagy: onemay be sendingfragmentsof potentially
sensitve utterancego the weh Both problems however, canbe
partly solved by usinga web-in-a-boxsetting,i.e. if we have a
snhapshobf thetext contentof the whole WWW on local storage.
Yetanothemproblemis thelack of focuson specificdomains.This
might be solved by queryingspecificdomainhostsinsteadof the
wholeweb, althoughby doingsothe N-gramcoveragemay dete-
riorate.

The methodproposedn this paperis only one crudeway of
exploiting the webasa knowledgesourcefor languagemodeling.
Onecouldalsolook for morecomplex phenomenag.g. semantic
coherenc§l6] amongcontentwordsin ahypothesisintuitively, if
ahypothesihascontentwordsthat‘go with eachother’, it is more
likely thanonewhosecontentwordsseldomappeartogetherin a
largetrainingtext set. Thewebsearclengineapproactseemsvell
suitedfor this purposeWe arecurrentlypursingthis direction.
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