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Abstract

We proposea novel methodfor usingthe World Wide Webto acquiretrigram estimatedor statisticallan-
guagemodeling.We submitanN-gramasa phrasequeryto websearcrengines Thesearchenginegeturn
the numberof web pagescontainingthe phrase from which the N-gramcountis estimated.The N-gram
countsarethenusedto form web-basedrigram probability estimates.We discussthe propertiesof such
estimatesandmethoddgo interpolatethemwith traditionalcorpusbasedrigram estimates We shaw that
theinterpolatednodelsimprove speectrecognitionword errorratesignificantlyover a smalltestset.
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1 Introduction

A languagemodelis a critical componenfor mary applicationsjncluding speectrecognition.Enormous
effort hasbeenspenton building andimproving languagemodels. Broadly speakingthis effort develops
alongtwo orthogonatlirections:Thefirstdirectionis to applyincreasinglysophisticate@stimatiormethods
to afixedtrainingdataset(corpus)to achieve betterestimation Examplesncludevariousinterpolationand
backof scheme$or smoothingyariablelengthN-gramsyocalulary clustering decisiontrees probabilistic
contet freegrammarmaximumentropymodels.etc[1]. We canview thesemethodsastrying to “squeeze
out” more benefitfrom a fixed corpus. The seconddirectionis to acquiremoretraining data. However,
automaticallycollecting andincorporatingnew training datais non-trivial, and there hasbeenrelatively
little researchn thisdirection. Adaptive modelsareexamplesof thesecondlirection.For instancea cache
languagemodelusesrecentutterancess additionaltraining datato createbetterN-gramestimates.The
recentrapid developmentof the World Wide Web (WWW) makesit an extremelylarge andvaluabledata
source. Just-in-timelanguagemodeling[2] submitsprevious userutterancess queriesto WWW search
enginesand usesthe retrieved web pagesas unigramadaptatiordata. In this paper we proposea novel
methodfor usingthe WWW andits searchenginego derive additionaltraining datafor N-gramlanguage
modeling,andshaow significantimprovementsn termsof speectrecognitionword errorrate.

Therestof the paperis organizedasfollows. Section2 givesthe outline of our method,anddiscusses
therelevant propertiesof the WWW andsearchengines.Section3 investigateshe problemof combining
atraditionalcorpuswith datafrom theweh Sectiond present®ur experimentakesults.Finally Section5
discussedoththe potentialandthelimitations of our proposednethod andlists somepossiblesxtensions.

2 TheWWW astrigram training data

Thebasicproblemin trigramlanguagemodelingis to estimatep(ws|w, ws), i.e. the probability of aword
giventhetwo wordsprecedingt. Thisis typically doneby smoothinghe maximumlikelihood estimate
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with variousmethodswherec(w;wpws) andc(w;w,) arethe countsof ” w;wqows” and” wywy” in some
training datarespectiely. The main idea behindour methodis to obtain the countsof ”w;wyws” and
7wywy” asthey appeaonthe WWW, to estimate

Cweb (w1 w2w3)
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andcombinep,,.; with theestimategrom atraditionalcorpus(hereandelseavhere whenc,,.; (wywz) = 0,
we regard p,..» (ws|wy, w2) asunavailable). Essentially we are using the searchableveb as additional
trainingdatafor trigramlanguagenodeling.

Therearesereralquestiongo be addressedFirst, how to obtainthe countsfrom theweb?Whatis the
quality of theseweb estimatesMow couldthey be usedto improve languagenodeling?We will examine
thesequestionsn thefollowing sectionsjn the context of N-bestlist rescoringfor speechrecognition.

2.1 Obtaining N-gram counts from the WWW

To obtainthe countof an N-gram”w; ... w,” from the web, we usethe ‘exact phrasesearch’function
of web searchengines.Thatis, we send” w, . ..w,” asa singlequotedphrasequeryto a searchengine.
Ideally, we would like the searchengineto reportthe phrasecount,i.e. the total numberof occurrencesf



thephrasen all its indexedwebpagesHowever in practice mostsearchenginesonly reportthewebpage
count,i.e. the numberof web pagescontainingthe phrase.Sinceoneweb pagemay containoneor more
occurrencef the phrasewe needto estimatehe phrasecountfrom thewebpagecount.

Many websearctengineslaim they canperformexactphrasesearch However, mostof themseemto
useaninternalstopword list to remase commonwordsfrom a queryphrase.An interestingtestphraseis
“to beor notto be”: Somesearchenginegreturntotally irrelevantweb pagedor this query sincemost, if
notall, wordsareignored.In addition,afew searchenginegerformstemmingsothequery“shesay” will
returnsomeweb pagesonly containing‘she says”or “she said”. Furthermoresomesearchengineseport
neitherphrasecountsnor web pagecounts. We experimentedwith a dozenpopularsearchengines,and
foundthreethatmeetour criteria: AltaVista[3] advancedsearchmode Lycos[4], andFAST [5] . They all
reportwebpagecounts.

Onebruteforce methodto getthe phrasecountsis to actuallydownloadall the web pagesthe search
enginefinds. However, queriesof commonwordstypically resultin tensof thousand®f web pagesand
this methodis clearly infeasible. Fortunatelyat the time of our experimentAltaVistahada simplesearch
mode,which reportedboththe phrasecountandthe web pagecountfor aquery Figurel shavsthephrase
countvs. webpagecountfor 1200queries.Trigramqueriegphrasegonsistingof threeconsecutiewords),
bigramqueriesandunigramqueriesareplottedseparatelyTherearehorizontalbranchesn the bigramand
trigramplotsthatdon’'t makesensgmoreweb pageshantotal phrasecounts).We regardtheseasoutliers
dueto idiosyncrasiesf the searchengine andexcludethemfrom furtherconsiderationThethreeplotsare
largely log-linear This promptedusto performthefollowing log-linearregressionseparatelyor trigrams,
bigrams,andunigrams:

¢ = ag * pg™!

where ¢ is the phrasecount, and pg the web pagecount. Table 1 lists the coeficients. The three
regressiorfunctionsarealsoplottedin Figurel. We assumehesefunctionsapplyto othersearctenginesas
well. In therestof thepaperall webN-gramcountsareestimatedy applyingthecorrespondingegression
functionto theweb pagecountsreportedby searctengines.
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Figurel: Webphrasecountvs. webpagecount

' Our selectionis admittedlyincomplete. In addition, sincesearchenginesdevelop and changerapidly, all our commentsare
only valid duringthe periodof this experiment.
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Unigram | 2.427| 1.019
Bigram | 1.209| 1.014
Trigram | 1.174| 1.025

Table 1: Coeficientsof log-linear regressionfor estimatingWeb N-gram countsfrom Web pagecounts
reportedby searchengines.

2.2 Thequality of web estimates

To investigatethe quality of web estimatesye neededa baselinecorpusfor comparison.The baselineve
usedis a103million word BroadcasiNews corpus.

221 Web N-gram coverage

Thefirst experimentwe ranwasN-gramcoverageteston unseertext. Thatis, we wantedto seehow mary
N-gramsin the testtext are not on the web, and/ornot in the baselinecorpus. We were hopingto shov
that the web cavers mary more N-gramsthanthe baselinecorpus. Note that by ‘the web’ we meanthe
searchablportionof thewebasindexedby the searchenginesve chose.

Theunseemewstesttext consistef 24 randomlychosersentencefrom 4 web news sourcefCNN,
ABC, Fox, BBC) and 6 categories(world, domestic technology health,entertainmentpolitics). All the
sentencesvereselectedrom the day’s news stories,on the day the experimentwascarriedout. This was
to makesurethatthesearchengineshadnt hadthetime to index thewebpagescontainingthesesentences.
After theexperimentwascompletedwe checkedeachsentenceandindeednoneof themwerefoundby the
searchenginesyet. Thereforethe testtext is truly unseerto boththeweb searchenginesandthe baseline
corpus. (The testtext is of written news style, which might be slightly differentfrom the broadcashews
stylein thebaselinecorpus.)

Thereare 327 unigramtypes(i.e. uniquewords),462 bigramtypesand453 trigramtypesin the test
text. Table2 lists the numberof N-gramtypesnot coveredby the differentsearchenginesandthe baseline
corpusrespectiely.

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 24 news sentences

Clearly, the web’s coverage,underary of the searchenginesjs much betterthanthat of the baseline
corpus.lt is alsoworth notingthatfor thistesttext, any N-gramnotcoveredby thewebwasalsonotcovered
by thebaselinecorpus.

In the next experiment,we focusedon the trigramsin the testtext to answerthe question‘if oneran-
domly picksatrigramfrom thetesttext, what's the chancehe trigramhasappearea timesin thetraining
data?”Figure2 shavsthecomparisonwith thetrainingdatabeingthe baselinecorpusandthewebthrough

3



Hl baseline corpus
AltaVista
Lycos

Bl FAST

o
N
@

frequency—frequency

o
P

o
o
[}

14 16 18 20

ol “lJlJJ.J.J.J-JJ.J.JL..JJ.J.JJkLL
0 2 4 6 8 10 12

frequency c

Figure2: Empiricalfrequeng-frequeny plot

thedifferentsearctenginesrespectiely. Thisfigureis alsoknown asa “frequeng-of-frequeng” plot. Ac-
cordingto thisfigure,atrigramfrom the testtext hasmorethan40% chanceof beingabsenin thebaseline
corpusandthe chancegoesdown to about10%ontheweb,regardlesf thesearctengine.Thisis consis-
tentwith Table2. Moreover, the trigram hasa muchlarger chancen having a smallcountin the baseline
corpusthanontheweh Sincesmallcountsusuallymeanunreliableestimatestesortingto thewebcouldbe
beneficial.

2.2.2 Theeffectivesize of theweb

RecentlyFienbeg etal. [6] estimatedhesizeof theindexablewebasof 1997to becloseto 1 billion pages.
Thewebgrows exponentially andasof thiswriting somesearchengineslaim they have indexedmorethan
1 billion pagesWe wouldlike to estimateheeffective sizeof thewebasalanguagenodeltrainingcorpus.

Let's assumehat the web and the baselinecorpusare homogeneou$which is patentlyfalse, since
the web hasmuchmorethannews, but we will ignorethis for the time being). Thenthe probability of a
particularN-gramappearingn thebaselinecorpusis the sameasthe probabilitythatit appear®ntheweb:

Peorpus (N'granj’ = Pweb (N'granj’
Sincethe probabilitiescanbe approximatedy their respectie frequencieswe have

Ceorpus(N-gram  c,,c5 (N-gram
lcorpus  — |web

, from whichwe canestimatgweb, thesizeof thewebin words.Notethatit doesnt matterif theN-gramis
aunigram,bigramor trigram,thoughN-gramswith small countsareunreliableandshouldbe excluded.In
our experiment,we consideredll unigrams pbigramsandtrigramsin thetesttext with ¢..,,,s > 10. Each
suchN-gramwill gave usanestimateandwe took themedianof all theseestimatedor robustnessTable3
givesour estimate®f the sizewith differentsearchengines.

Somepointsto notice:

1. The 'effective web size’ estimatesve obtainedare very roughat best. Moreover, they are defined
relative to the specificbaselinecorpusandspecifictestsetwe happenedo choose Therefore,Table3
shouldnot be usedto rankthe performancef individual searchengines.
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Effective sizeof theweb

AltaVista 108billion words
Lycos 79 billion words
FAST 83 billion words

Table3: Theeffective sizeof thewebfor languagenodeltraining

2. Thismethodtendsto underestimatéhe web size. We assumedhomogeneitywhich in actualitydoes
not hold. The testtext comesfrom a nens domain,and so doesthe baselinecorpus. We usedN-
gramsfrom the testtext to estimatethe web size,which givesrise to a selectionabias. Intuitively,
only “news terms”arein the testtext. And sincethe corpusis in nens domain,asawholewe have
Deorpus(NEVStEIMY > pyep (NEVStErms. Thisis whatleadsto underestimation.

2.2.3 Normalization of theweb counts

An interestingsanitycheckis to seewhether

Cweb(w1w2) = Z Cweb(w1w2w3)
wgev

holds for ary bigram”w;w;”. If this is true, the relative frequeny estimationp,,.; (ws|wy, wz) would
alreadybenormalizedj.e.

Z Pweb (w3|wy, wa) = 1, YVwy, wy

w3 EV

Of coursetherearetoo mary 7wy wews” combinationgo verify this directly. Instead,we randomly
chosesix " wywy” pairsfrom the baselinecorpus.For eachpair, we chose2000ws3’s accordingto thefol-
lowing heuristic: First, we selectedvordsfrom alist of all ws’s suchthatthetrigram” wywow3” appeared
in the baselinecorpus,sortedby decreasingrequeny; If fewer than2000wordswerechoserthatway, we
addedwordsfrom alist of all w3’s suchthatthebigram” wows” appearedh thebaselinecorpus;n decreas-
ing frequeng order;If thiswasstill not enoughwe addedws’s accordingo their unigramfrequenciesWe
expectedthis heuristicto give usalist of w3’s thatcoversthe majority of the conditionalprobability mass
givenhistory” wqws” .

Table4 shavs web bigramcountestimatesobtainedwith FAST searchtogetherwith their respectie
cumulative web trigram countestimatesasdescribedabove. Ideally, the ratio shouldbe closeto, but less
than,100%. It is evidentfrom the tablethat the web countsarenot perfectlynormalized.The reasonsare
not entirely clearto us, but the fact thatthe N-gram countsare estimatedrom pagecountsis an olbvious
candidate ThewebN-gramcountestimateshouldthereforebe usedwith caution.

2.24 Thevariance and biasof web trigram estimates

As statedearlier we areinterestedn estimatingconditionaltrigram probabilitiesbasedon their relative
frequeng ontheweb:
Cweb (w1 w2w3)

Cweb (wl w?)
It would be informative to comparep,,.; (ws|w1, ws) to atraditional (corpusderived) trigram probability
estimate.

ﬁweb (w3|w17 w?) =



P wiwy” Cweb (W1 w3) ZZOOOwS’Scweb(w1w2w3) ratio
aboutseventy 16498.3 14807.7| 90%
andtheres 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 webtrigramestimatego corpustrigramestimates

To thisend,we createda baselindrigramlanguagenodel L M, from the 103million wordbaselinecor-
pus.We usedmodifiedKneserNey smoothing7] [8] which,accordingto [8], is oneof the bestsmoothing
methodsavailable. In building L M,, we discardedll singletontrigramsin the baselinecorpus,acommon
practiceto reducdanguagemodelsize.We denotel. My’s probability estimatedy pg.

With L M,, we wereableto comparep,,.; (ws|wy, we) With po(ws|wy, wz). We computedheratior:

_ ﬁweb(wiﬁlwh w?)
r(wlv wa, ’U)3) —
po(ws|wy, wy)

betweerthesdwo estimates\We expected- to bemorespreadut(having largervariancewhenc,,, s (wi waws)
is small,sincein this casepg (ws|wy, we) tendsto beunreliable.

We computedr(w;, ws, w3) for every trigramin the testtext, excluding thosewith ¢y, (wiwz) = 0.
We plot r (w1, wa, w3) VS. Ceorpus (w1 wews) in Figure3. We foundthat:

1. Fortrigramswith largec.,pus (w1 wows), r averageso aboutl. Thusthewebestimatesireconsistent
with L M, in thiscase.

2. As we expected,the varianceof r is largestwhenc.,,,,s (w;wows)=0, anddecreasesvhenit gets
large. Hencethe‘funnel’ shape.

3. Whenc,opus (wiwews) is small,especiallyd andl, r is biasedupward.This is of coursegoodnews,
asit suggestshatthis is wheretheweb estimatesendto improve on the corpusestimates.
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4. All thesearchenginegyive similar results.

3 Combining web estimates with existing language model

In the previous section,we saw the potentialof the web: it is huge,it hasbettertrigram coverage andits
trigram estimatesarelargely consistenwith the corpus-basedstimates.Neverthelessto queryeachand
every N-gramon thewebis infeasible.This preventsus from building a full fledgedlanguagemodelfrom
the web via searchengines.More over, Table4 indicatesthat web estimatesare not well normalized.In
addition,the contentof thewebis heterogeneousndusuallydoesnt coincidewith our domainof interest.
Basedntheseconsiderationsye decidecdhotto try to build anentirelanguagenodelfromtheweh Rathey
wewill startfrom atraditionallanguagenodell M,, andinterpolatdts leastreliabletrigramestimatesvith
theappropriateestimategrom theweh

Unreliabletrigram estimatesespeciallythoseinvolving backingoff to lowerorderN-grams have been
shavn to be correlatedwith increasedspeectrecognitionerrors[9] [10]. By goingto themuchlargerweb
for reliable estimatesOur hopewasto alleviate this problem. We usedthe trigram countsin the baseline
corpusasaheuristicto decidethereliability of trigramestimatesn L M,. A trigramestimatep, (ws|wy, w;)
is deemedinreliable f

Ceorpus (w1w2w3) S T

wherer, the‘reliability threshold’,is a predeterminedmallpositive integer, e.g. 1. Admittedly this defini-
tion of unreliableestimatess biased.

Evenwith thisdefinition,therearestill toomary unreliabletrigramestimates$o querythewebfor. Since
wewereinterestedn N-bestlist rescoringwe furtherrestrictedhe querieso thoseunreliabletrigramsthat
appearedh the particularN-bestlist beingprocessedT his greatlyreduceshenumberof webqueriesatthe
priceof somefurtherbias.Let U, ,,, bethesetof wordsthathave unreliabletrigramestimatesvith history
7wywy”in thecurrentN-bestlist, i.e.

V7 wiwe” € N-bestA cyep(wiwy) > 0, 1)

Uw1w2 — {fw3|”fwlfw2’w377 € N-bestA Ccorpus(w1w2w3) < T}

We obtainc,,es (wy, wa, ), u € Uy, w, andeyes(wiws) via searchenginesandcomputep,,ep (u|wy, ws),
thewebrelative frequeng estimatesfrom thesewebcounts.

Letp*(u|wy, wy) denotehefinalinterpolatedestimateswhichcombinepg(u|wy , ws) @andpyes (w|wy, ws).
We wouldlike to have atunableparametesothaton oneextremep* (u|wy, ws) — po(u|wy, wz), while on
theotherextremep* (u|wy, w2) — Pues (u|wy, w2). Wenow presenthreedifferentmethodgor doingthis.

3.1 Exponential Modelswith Gaussian Priors

We definea setof binaryfunctions,or ‘features’,asfollows:

1 ifu=w;
0 otherwise

fw1 RIR) (w3) = {

for all wy, wy, u € Uy, , intheN-bestlist. Next, for ary givenw, , w,, we definea conditionalexponential
modelp7, with thesefeatures:

P (wa|wy, wy) = (2)

Zwi s po(ws|wr, ws) eXP(ZuElewQ A fwr ws u(ws))

7



wherepy is theestimaterovidedby L M, A'sareparameterto beoptimized,andZ,,, ,,, is anormalization
factor This modelhasexactly the sameform asa corventionalMaximum Entropy/ Minimum Discrim-
inative Information(ME/MDI) model[11] [12]. Let A denotethe setof parametersIf we maximizethe
likelihood of thewebcounts:

ty = ]I P*E(w3|w1,w2)cweb(w1w2w3)

wy,w2,ws3

with the standardGeneralizedterative Scalingalgorithm (GIS) [13], we get the ME/MDI solution that
satisfieghefollowing constraints:

pp(u|wi, wa) = Pue(u|wy, wa) (3
— —Cweb(wl’wz’u>,‘v’w1,w2,u € Uyyw,
Cweb(wh w?)
This corresponds$o oneextremeof the interpolation.But sincewe wantto controlthe degreeof interpola-
tion, we introducea Gaussiarprior with mean0 andvariances? over A:

() =TT = expl5)

And insteadf seekinghemaximumlikelihood solution,we seekhemaximuma posterioriMAP) solution
thatmaximizes

L(A) * p(A)

This canbe doneby slightly modifying the GIS algorithm,asdescribedn [14].

With this Gaussiarprior, we can control the degreeof interpolationby choosingthe value of o2 ¢
(0,+00). o? actsasa tuning parameter:If 02 — +oo, the Gaussiarprior is flat and hasvirtually no
restrictionon the valuesof the \’s. Thusthe A’s canreachtheir ME/MDI solutions,andhencep;; reaches
one extremeasin (3). On the otherhandif o2 — 0, the Gaussiarprior forces\’s to be closeto the
mean,which is 0. From(2) we know in this casep}, — po. This correspondso the otherextremeof the
interpolation.A % betweerD and+oo resultsin anintermediatey}; distribution.

For the purposeof comparisonwe experimentedvith two otherinterpolationmethodswhich areeasy
to implementbut maybetheoreticallylesswell motivated:linearinterpolationandgeometridnterpolation.

3.2 Linear Interpolation

In linearinterpolationwe have

pr(ws|w, w2) = (4)
(1 — a)po(ws|wy, we) + apyes (ws|w, ws)
,ifws € Uw1w2

1—Zuer1WQ P (uwi,ws)

1_Zu€Uw1w2 po (u|wi wsa)

Po(w3|w1, wz)

, otherwise

In this case,« € [0, 1] is thetuningparameterIf o = 0, p7 = po. If @ = 1, pj, satisfies(3). An a in
betweerresultsin anintermediate; .



3.3 Geometric Interpolation

In geometridnterpolationwe have

Pg(ws|wy, we) = (5)
Cweb(w1w2w3)+5 p
Cweb(wlu)Q)‘H‘q6

,ifws € Uqu,2

po(w3|w1,w2)(1_ﬁ)

1=3 gy P01 02)

1_Zu€Uw1w2 po(ulwr,wa)

Po(w3|w17 wz)

, otherwise

Notethatherewe have to smooththe web estimateso avoid zeros(whichis not a problemin the previous
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 determinedo minimize the perpleity with 5 = 1. Oncec is
choserit is fixed,andwe tunegs. g € [0, 1] is theinterpolationparameterlf 5 = 0, p;;, = po. If 3 =1, p;
satisfiegshe smoothedvebestimatesA 3 in betweerresultsin anintermediatepy,.

4 Experimental Result

We randomlyselected®00utterancesggmentdrom the TREC-7SpokerDocumenRetrieval trackdata[15]
asour testsetfor this experiment. For eachutterancewe have its correcttranscriptandan N-bestlist with
N = 1000, i.e. 1000decodinghypothesesWe performedN-bestlist rescoringto measurehe word error
rate(WER) improvement,andcomputedhe perpleity of thetranscript.Notethatthe testsetis relatively
smalland N = 1000 is not very deep,sincewe wantedto limit the numberof web queriesto within a
practicalrange.

41 Word Error Rate

If we rescorethe N-bestlists with .M, and pick the top hypothesesthe WER is 33.45%. This is our
baselineVER. The oracleWER, i.e. if we wereableto pick the leasterrorful hypothesiamongthe 1000
for eachN-bestlist, is 25.26%.0f coursewe cannotachieve the oracleWER, but it indicateshereis room
for improvementover L M.

Sinceeachutterancehas1000hypothesedn the N-bestlist, the total numberof trigramsis very large.
Table5 lists the numberof trigramtokens(occurrencesandtypes(uniqueones)in all the N-bestlists com-
bined,togethemwith the percentag®f unreliabletrigramtypesandtokensasdeterminedy the reliability
thresholdr. Note thattrigramscontainingstart-of-sentencer end-of-sentencékcommonlydesignatedy
< s > and< /s >) areexcludedfrom thetable,sincethey cant be queriedfrom theweh For eachN-best
list, we queriedthe unreliabletrigrams(and associatedigrams)in the list, from which we computedp*
with thethreedifferentinterpolationmethodsWe thenusedp™ to rescorgheN-bestlist, andcalculatedhe
WER of thetop hypothesisafterrescoring.

First, we setthereliability thresholdr = 0, i.e. we regardonly thosetrigramsthatnever occurin the
baselinecorpusasunreliable. Figure 4(a) shavs the WER with exponentialmodelsand Gaussiarpriors.
Thethreecurvesstandfor differentsearchengineswhichturn outto bevery similar. Thehorizontaldashed
line is the baselineWER. As predicted,whenthe varianceof the Gaussiarprior 02 — 0 (the left side
of thefigure), p corvemesto py andthe WER corvemesto the baselineWER. On the otherhandwhen
o? — 400, theestimate®f theunreliabletrigramscomesolelyfrom theweh Suchestimateseeninferior
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trigram total reliability thresholdr
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 the N-bestlists
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andthe modelhashigher WER thanthe baseline.Betweenthesetwo extremes WER reachegninimum
(32.53%with AltaVista)aroundo? = 1.

Figure4(b)is theWER with linearinterpolation.Again,theminimumWER 32.56%is reachedetween
thetwo extremesata = 0.4 by AltaVista.

To usegeometridnterpolation,we neededo choosea valuefor ¢ first. We choses = 0.01 becausehis
minimizedthe perplity wheng = 1. Next we vary § while keepinge fixed,andplottedthe WER of the
interpolatednodelin Figure4(c). As with the previousinterpolationmethodsthe WER reachesgninimum
whentheinterpolationfactoris nearthemiddle. Theminimumis 32.69%whenj = 0.3 with FAST.

Next, we adjustedhe reliability thresholdr andobsere its effect on WER. The interpolationmethod
usedhereis the exponentialimodelwith Gaussiarprior ando? = 1. We variedr from 0 to 5. With larger
threshold,more trigramsare regardedas unreliable,and hencemore web querieshadto be issued. As
shavn in Figure4(d), thereis a slight but definiteimprovementin WER whenwe increaser from 0 to 1.
For example, The WER with 7 = 1 andAltaVistais 32.45%. Furtherincrementesultsin aboutthe same
WER,averagedversearctenginesNotethat I M, thelanguagenodelwe areincorporatingvebestimate
into, washuilt after excluding all singletontrigramsin the corpus. This may explain why 7 = 1 is better
sincetrigramswith countsO or 1 in the corpusareindeedunreliable:in L M, they mustbackof to bigram
or unigram.

To analyzehesourceof impraovementwe brokedowvn theWER accordingo thetrigrambackof modes
in L My. First,we markedeachwordw; in thetranscriptwith oneof severallabels,usingthefollowingrules:
Let w;_5 andw;_, bethetwo wordsprecedingw;. If thetrigram” w;_ow;_jw;” existsin L My, labelw;
as‘3’. Otherwiseif the trigram doesnt exist in L M,, but the bigram”w;_,w;” does,labelw; as’3-2’,
meaningl M, hasto backof to the bigramfor w;. If the bigramdoesnt exist in L M, eithet label w; as
'3-2-1" since L My hasto backof to the unigram. In the secondstep,we comparedhe transcriptwith the
top hypothesesfterrescoringtheN-bestlists with py. Eachwordin thetranscriptobtainsa secondabelof
either“correct” or “wrong” dependingon whethertheword is correctin the correspondingop hypothesis.
We thencollectthe percentagef correctwordswithin cateyories'3’, ‘3-2" and‘3-2-1' respectiely. In the
third stepwe repeatedhe secondstep,exceptthatthe top hypothesesire now obtainedby rescoringthe
N-bestlists with p3,, wheres? = 1, 7 = 1, andthesearchengineis AltaVista. We comparethe percentage
of errorsin step2 andstep3 in Table6. Notethatinsertionerrorsarenot countedn our error breakdown.
Not surprisingly the‘3-2-1" cateyory hasthe highesterrorratefor both p, andpj;, sincethe wordsin this
catgyory arethe hardestfrom thelanguagenodels point of view. The‘3-2" cateyory haslower errorrate,
and‘3’ hasthe lowest. The interpolatedanguagemodelp;, improves errorrate for all threecateories,
comparedo py. Thelargestimprovementis in the ‘3-2-1" categyory, which suggestshe web helps . M,
mostwith the hardestaseslt is not clearthoughwhy the‘3-2’ categoryis notimprovedasmuch.

errorrate

catgory | words| po j25
3 3480 | 23.3% | 22.8%
3-2 2236 | 30.7% | 30.1%
3-2-1 479 | 50.1%| 46.1%

Table6: Error breakdown by . M, backof mode
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4.2 Approximate Perplexity

Thereare6195wordsin the transcript. The baselineperpleity of the transcriptwith LM, is 196.7. We

wantedto computethe perpleity of the transcriptwith differentinterpolatedanguagemodels.We define
Uw,w, in (1) basedon the transcript. However this introducesa subtlebias: the interpolatedmodelsnow

dependon the transcript. In otherwords,we aredynamicallychoosingmodelsaccordingto the wordswe

will be predicting. The resultingscoresare thereforenot strictly interpretableas probabilities. For this

reasonwe considerthe perpleities we get on the transcriptto be approximateonly. We still reportthese
valuesin this sectionbecausave believe that the distortionis not too severe,andthe approximatiorstill

providesusefulinsightinto the true perplity of web-impravedlanguagemodels.Note that, althoughthe
samekind of biasexistsin WER computationijt doesnt diminishthe validity of the WER improvementwe

getthere sincein classificatiorit is notthe particularprobability valuebut therankingthatmatters.

Figure5(a—c)compareslifferentinterpolationmethodsvhenthereliability thresholdr = 0. Thereare
2274 unigueunreliabletrigramsin the transcript. We submittedthem (andthe correspondindigrams)as
gueriesto the searchenginesandcomputedy* with the threedifferentinterpolationmethodsdescribedn
thelastsectiongespectiely. Fromp* we computedhe approximateperplexities.

Figure5(a)shavstheapproximategerpleity with theexponentiaimodelanda Gaussiarprior. Like the
WERin Figure4(a),theapproximateerpleity cornvergesto thebaselinevhenthe Gaussiarprior o2 — 0.
The approximateperpleity worsenswheno? — +oco. The bestvalue 156.9is achieved by FAST also
betweerthesetwo extremesat 0% = 1. Again, differentsearchenginesaresimilar.

Figure 5(b) is the approximateperpleity with linear interpolation. It is also similar to the WER in
Figure4(b). Theminimum156.2is reachedy FAST ata = 0.45.

Figure5(c) shaws the approximateperpleity with geometricinterpolationande = 0.01. As with the
previous interpolationmethodsthe approximateperpleity corvergesto the baselinewhens — 0 andis
worsewhens — 1. But unlike the othermethodsapproximateperpleity seemgo be alwaysworsethan
thebaselineandincreasesnonotonicallywith 3.

Figure 5(d) compareghe effect of the reliability thresholdr on the approximateperpleity. As in
Figure4(d), theinterpolationmethodusedis exponentiaimodelwith Gaussiarmprior ando? = 1. Againwe
seeimpraovementwhenwe increaser from 0to 1. For example, FAST's approximategerpleity goesdown
to 147.5.We believedthis canbe explainedsimilarly to Figure4(d).

5 Discussions

In this paperwe demonstratethattrigramestimate®btainedrom thewebcansignificantlyimprove WER
relative to purecorpus-basedstimateseventhoughthe web estimatesarenoisy, andtheweb andthe test
setarenotin thesamedomain.We believetheimprovementargely comedrom bettertrigramcoveragedue
tothesheersizeof theweb,whichactsasa‘generalEnglish’ knowledgesource Interestinglywhich search
engineis useddoesnt make much difference. Furthermorewhich interpolationmethodis useddoesnt
makemuchdifferenceeither(atleastfor WER), aslongasanappropriaténterpolationparameteis chosen.
Our methodhascertainadvantages Besideshaving betterN-gramcoverage the contentof the webis
constantlychanging.Our methodwould enableautomaticup-to-datdanguagemodeling. However, there
arealsoseveraldisadwantagesThe mostsevereoneis thelarge numberof webqueries.In our experiment,
we neededo submitan averageof 340 queriesto the web for eachutterance.This resultsin heary web
traffic andworkloadon the searchenginesandvery slow rescoringprocess.Anotherconcernis privagy:
onemay be sendingfragmentf potentiallysensitve utteranceso theweh Both problemshowever, can
be partly solved by usinga web-in-a-boxsetting,i.e. if we have a snapshoof thetext contentof thewhole
WWW onlocal storage.Yet anotherproblemis the lack of focuson domainspecificlanguage This might
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Figure5: Approximateperplity of web-impraedlanguagenodelsasfunctionof thesmoothingparameter
for severaldifferentinterpolationschemes.

13



be solved by queryingspecificdomainhostsinsteadof the whole web, althoughby doing sothe N-gram
coveragemaydeteriorate.

The methodproposedn this paperis only onecrudeway of exploiting the webasa knowledgesource
for languagemodeling.Insteadof focusingon trigrams,onecouldlook for morecomplex phenomenag.g.
semantiacoherencgl16] amongthe contentwordsin a hypothesis.Intuitively, if a hypothesidhascontent
wordsthat‘go with eachother’, it is morelikely thanonewhosecontentwordsseldomappeaitogetherin
a large training text set. The web + searchengineapproachseemswell suitedfor this purpose.We are
currentlypursingthis direction.

Acknowledgement

The authorsaregratefulto Stanley Chen,Matthewn Siegler, Chris PaciorekandKevin Lenzofor their help.
Thefirst authorhasbeensupportedn partby NSFLIS undergrantREC-9720374.

References

[1] RonaldRosenfeld. Two decade®f statisticallanguagemodeling: Wheredo we go from here? Pro-
ceedings of the IEEE, 88(8),2000.

[2] AdamBemerandRobertMiller. Just-in-timelanguagenodeling. In Proceedings of the IEEE Inter-
national Conference on Acoustics, Speech and Sgnal Processing, volumell, pagesr05—708 Seattle,
Washington,1998.

[3] AltaVista.http://www.altavista.com/.
[4] Lycos.http://www.lycoscom/.
[5] FAST Searchhttp://www.allthewehcom/.

[6] Stepherk.FienbegandAdrianDobra.How big is theworld wide web? Technicakreport,Department
of Statistics Carnegjie Mellon University, 2000. Submittedfor publication.

[7] ReinhardkneserandHermannNey. Improved backing-of for m-gramlanguagemodeling. In Pro-
ceedings of the | EEE International Conference on Acoustics, Speech and Sgnal Processing, volumel,
pagesl81-184 Detroit, Michigan,May 1995.

[8] Stanlgy F. Chen and JoshuaGoodman. An empirical study of smoothingtechniquesfor lan-
guage modeling. Technical Report TR-10-98, Harvard University, 1998. Available from
ftp://ftp.das. harvard. edu/techreports/tr-10-98. ps. gz.

[9] Lin ChaseRonaldRosenfeldandWayneWard.Error-responsie modificationgdo speechrecognizers:
Negative N-grams.In Proceedings of the ICSLP, 1994.

[10] Stanlg F. Chen,DouglasBeefermanandRonaldRosenfeld Evaluationmetricsfor languagemodels.
In Proceedings of the DARPA Broadcast News Transcription and Understanding Workshop, pages
275-280,1998.

[11] S.DellaPietra,V. DellaPietra,R.L. Mercer andS. Roukos.Adaptive languagemodelingusingmini-
mumdiscriminantestimation.n Proceedings of the Speech and Natural Language DARPA Workshop,
Februaryl992.

14



[12] AdamBeger, StepherDellaPietra,andVincentDellaPietra.A maximumentropyapproacho natural
languagegprocessingComputational Linguistics, 22(1):39—711996.

[13] J.N. Darrochand D. Ratclift. Generalizedterative scalingfor log-linear models. The Annals of
Mathematical Statistics, 43:1470-14801972.

[14] Stanlyy F. Chenand RonaldRosenfeld. A Gaussiarprior for smoothingmaximumentropy mod-
els. TechnicalReportCMU-CS-99-108 ComputerScienceDepartmentCarngie Mellon University,
Pittsturgh, PA, 1999.

[15] JohnS.Garofolo,Ellen M. VoorheesCedricG. P. AuzanneVincentM. Stanford,andBruceA. Lund.
1998 TREC-7spokendocumentetrieval track overvien andresults.In Proceedings of TREC-7: The
Seventh Text Retrieval Conference, 1998.

[16] CanCai, Larry Wassermanand Roni Rosenfeld. Exponentialanguagemodels,logistic regression,
and semanticcoherence.In Proceedings of the NIST/DARPA Speech Transcription Workshop, May

2000.

15



