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Abstract

When a trigram backof languagemodelis createdfrom a large body of text,
trigramsandbigramsthatoccurfew timesin the training text areoften excluded
from the modelin orderto decrease¢he modelsize. Generally the elimination
of n-gramswith very low countsis believedto not significantlyaffectmodelper
formance.This projectinvestigateshe degradationof a trigrambackof model’s
perplity andword errorratesasbigramandtrigram cutoffs areincreased.The
advantageof reductionin modelsizeis comparedo the increasen word error
rateandperpleity scores.

More importantly this project also investigatesalternatve ways of excluding

bigramsandtrigramsfrom abackof languaganodel,usingcriteriaotherthanthe

numberof timesann-gramoccurredn thetrainingtext. Specifically adifference
methodhas beeninvestigatedwhere the differencein the logs of the original

andbackedoff trigram andbigram probabilitieswasusedasa basisfor n-gram
exclusionfrom the model. We have shavn that excluding trigramsandbigrams
basedon a weightedversionof this differencemethodresultsin betterperpleity

andword error rate performancdahan excluding trigramsand bigramsbasedon

countsalone.



1 Introduction

A languagenodelis afundamentatomponenof aspeechiecognizethatassigns
prior probabilitiesto hypothesizedvord sequencesuppliedby a speectdecoder
Statisticallanguagemodels estimatetheseprior probabilitiesby countingthe
numberof occurrence®f all wordsand certainword sequencesf interestin a
giventrainingtext. Thereliability of theseprobability estimatesvhenusedfor a
particularspeechrecognitiontaskdependnthesourceof thetrainingtext andthe
amountof trainingtext available. Inaccuracies probabilityestimatedrequently
arisewhenthe training text doesnot resemblethe natureof the languageto be
recognizedor whenthereis notenoughrainingdataavailableto obtainareliable
representationf wordandwordsequencé&equeng from aparticulartext source.

Currentcollectionsof text for statisticallanguagemodeltraining aremaking
thesparsdrainingdataproblemlessseriousfor certaindomainssuchasARPA’'s
Wall StreetJournalcorpuswhichis partof the 305million word North American
BusinesdNews collection. Themoretrainingtext thatis usedfor languagenodel
creationthe moreuniqueword sequenceareencounteredhatmustbe storedin
themodel. Thus,astrainingtext sizeincreaseslanguagaenodelsizenecessarily
increasesyhich canleadto modelsthataretoounwieldyandmemory-demanding
to beof practicaluse. This overalundanceof trainingdatawill allow us,or more
correctlyforceus,to beselectvein choosinghetrainingdatathatwe useto create
ourmodels.

This projectinvestigatesnethodof trainingtext pruningthatallow for com-
pact and efficient creationof trigram backof languagemodels. One pruning
method,the popularcutoff method,eliminatesfrom the trigram backof model
thosebigramsandtrigramsthat occurthe fewestnumberof timesin thetraining
text. We develop anothermethodbasedon weighteddifferenceswherethe dif-
ferencean thelogsof theoriginalandbackedoff trigramandbigramprobabilities
is usedasabasisfor n-gramexclusionfrom themodel. Perpleity andworderror
ratesareusedto assess model’s performancesfewer bigramsandtrigramsare
incorporatednto the model. Also, differentamountsof trainingtext arepruned
down to createmodelsof the samesize,sothatthe effect of the original amount
of training dataon a scaled-den modelcanbe concluded. Theseresultshelp
determinaf the statisticaladvantage®f creatinga languaganodelfrom alarge
trainingtext canbecarriedoverto scaleddown versionsof thesamemodel,for use
onsystemavhosememorycapacitieslo notmeetthelargemodelsrequirements.



2 TheBackoff Language M odel

The backof languagenodelwasdevelopedby Katz [2] to addresghe problems
associatedvith sparsetraining data. Small amountsof training dataare more
likely to misrepresenthe true distribution of word frequenciedrom a particular
languageourcedueto alackof sufficientsamplesThebackof modelhandleghis
type of samplingerror by reducingthe probability of unreliableestimatesnade
from obsenred frequenciesand distributing this freed probability massamong
thosewordsfrom a given vocalulary thatdid not occurin the training text [2].
Generallyanestimatas deemedinreliablef it occurrediew timesin thetraining
text. Wordsequencesr n-gramsyith low countshavetheirmaximum-likelihood
estimateseplacedoy Turing’s estimates.

The trigram backof modelis constructedy countingthe frequeng of uni-
grams pigramsandtrigramsin asampldext relatveto agivenvocatulary. Those
n-gramsthatoccurfew timesin thetext arediscountedandthe extra probability
massis divided amongthosewordsin the vocalulary that are not seenin the
training data. As aresult,every word in the vocahulary hasa finite probability
of occurringwhenthe modelis usedto predictnen word sequencesThe model
alsotriesto useasmuchword history aspossiblewhenassigninghe probability
of aword giventhetwo wordsthatprecedet. Theprobabilityassignedo aword
sequencés shavn in Equationl, wherew” representshe sequencéuw;, . .. wy),
the discountratio d is a functionof the countC'(wy ), andthe o’s arethe backof
weightsthatensurehatthe probabilitiessumto one:

[ A= d)0wh) [ Cwi™)if Cwf) >0
T It SO
a(C(wi™)) - Pooa(wn|w; ™) if C(wp) =0

In the caseof a trigram model, the word history is limited to the two words
precedingthe word for which we are defininga probability The modeltriesto
assignthe trigram probability P(w, |w"~3) if it existsin themodel. If thereis no
trigram probability for thatword sequencethenthe modelbacksoff andusesa
weightedversionof the bigramprobability, P(w,|w,—1). If the bigramwasnot
seenn thetrainingtext, the modelbacksoff againandusesaweightedversionof
unigramprobability P(w,,).

As the amountof training text usedto createthe backof modelincreases,
the numberof uniquetrigramsandbigramsincreases(The numberof unigrams
staysconstantand equalsthe size of the vocalulary) Thelanguagemodelwill



necessariljtakesup more memoryin orderto storethe additionalinformation
from the training text. At somepoint, the models memoryrequirementawill
exceedary practicalsystencapacity Thereforewe caneitherlimit theamountof
trainingdatawe useto developthe model,or takefrom alargeamountof training
text thatportionwhich leadsto the mostreliableword predictions. Thus,a large
amountof trainingtext canbescaleddown to createa compacimodelof adesired
size. Two scalingtechniqueshatcanbeusedto selectspecificamountof training
text will beintroducedn thefollowing sections.

3 Pruning Techniques

As hasbeenpreviously suggestedyord sequencethat occurthe fewestnumber
of timesin atrainingtext canleadto unreliablepredictions.This ideahasled to
thepopularcutoff methodof trainingtext reductionwhereonly informationabout
the mostfrequentlyoccurringbigramsandtrigramsis includedin the language
model. This methodwill be exploredin depthin Section3.1. However, we
alsoneedto considerthe word sequence$or which the modelwould not make
a good predictionif the probability for that sequencevasnot includedin the
model. Theremaybe away to exploit theredundang presenin the structureof
thebackof modelby specificallyconsideringvhichinformationfrom thetraining
datawould dothemostharmif excluded.Thisideahasled to thedevelopmenbf
theweighteddifferencanethodof trainingtext reductionwhichwill beintroduced
in Section3.2.

3.1 TheCutoff Method

Thecutoff methodof trainingtext pruningexcludesromthelanguagenodelthose
bigramsandtrigramsthatoccurinfrequently The motivationfor this methodlies
in the agumentthat thereis not much differencebetweena trigram or bigram
occurringoncein atext of millions of wordsandit not occuringatall. A trigram
will occuronly oncein atrainingtext for oneof two reasons:eitherthe trigram
represents word sequencehatis rarely emittedfrom the training text source,
or a samplingerrorhasoccurredandthetraining text doesnot accuratelyreflect
the true expectedfrequeng of thattrigram. In eithercase,thereshouldnot be
muchharmdoneto the model’s performancef thattrigramis excludedfrom the
model. If thetrigramdoesin factoccuronly rarely, thenit will mostlikely occur



infrequentlyduringthe model's use,leadingto infrequentprobabilityerrors. The
modelwill backoff to abigramprobabilityestimatewhichwill hopefullyleadto
a stronger(morereliable) probability estimatefor thosecasesvherea sampling
error hasoccurred. Justby excluding thosetrigramswith a countof onefrom
a model, a significantsavzings in memorycanbe achieved. In atypical training
text, roughly 80% of uniquetrigram sequencesccuronly once. This ideacan
be extendedfurtherto bigramsandtrigramsthat occurmorethanonce. We can
designatea trigram cutoff anda bigram cutoff, wherea cutoff of £ meansthat
n-gramsoccuringk or fewertimesarediscarded.

What kind of memorysavings canwe expectfrom excluding bigramsand
trigramsin this manner?In Carngjie Mellon University’s SphinxIl speeclrec-
ognizer eachtrigramtakesup 4 bytesof memory(2 bytesfor word identification
and?2 bytesfor the probability) andeachbigramtakes8 bytes(2 bytesfor word
identification 2 bytesfor theprobability, 2 bytesfor thebackof weightand2 bytes
for apointerto thetrigrams.) Thememoryrequiredfor unigramprobabilitiesand
constantsanbe considered fixed overheadandis notincludedin our memory
calculations.Usinga 58,000word dictionaryand45 million wordsof Wall Street
Journaltrainingdata(1992- 1994),the memoryrequirement®f modelscreated
with differentcutoffs canbe computed.Severalsamplemodelsizesareshavn in
Table1, with cutoffs indicatedby (bigramcutoff — trigramcutoff).

Model Cutoffs # Bigrams # Trigrams Memory(MB)
(0-0) 4,627,551 16,838,937 104

(0—1) 4,627,551 3,581,187 51
(1-1) 1,787,935 3,581,187 29
(0-10) 4,627,551 367,928 38
(10-10) 347,647 367,928 4

Tablel1: Model Cutoffs andResultingModel Size

For thisdata,78.5%of thetrigramsand61%of thebigramsoccuronly once so
we seethatsignificantmemorysavingscanbeobtainedy cuttingoutthebigrams
andtrigramsthatappeaitnfrequently

In orderto investigateéhe effectsof raisingbigramandtrigramcutoffs, several
modelswere createdusing the Carngjie Mellon StatisticalLanguageModeling
Toolkit [4]. The perpleities of the scaleddown modelswere computedusing
the official ARPA 1994 LanguageModel DevelopmentSet, andthe word error
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Figurel: Perpleity vs Scaled_anguageModel Size, TrigramPruningOnly, 1992
- 1994Data.

rate was computedusing CMU’s Sphinx Il systemandthe ARPA 1994 Hub 1
AcousticDevelopmentSet(7387words). The numberof trigramsto beretained
in the modelwaschoserno be somefixed numberandthenthe cutoff wassetto
bethemaximumcutoff possiblesothatall trigramswith acountequalor lessthan
the cutoff plus somenumberwith a countof (cutoff+1) wereremoved from the
model. Thetrigramscut out at level (cutoff+1) werethefirst onesencountereth
analphabetizedist.

Figuresl and 2 shav theeffectsof cuttingoutonly trigramson perpleity and
worderrorrate. Figures3 and 4 shaw the effectsof cuttingoutbothbigramsand
trigramsfrom the model. For eachmodel,a fixed numberof trigramswaschosen
to beretainedn themodel. For bigrampruning,the numberof bigramsretained
in themodelwasascloseaspossibleto the numberof trigramsin themodel. The
bigramandtrigram cutoffs werechosersothatthesedesiredtotalscould be met,
resultingin bigramandtrigramcutoffs thatwerenot necessarilyhesamenumber
As canbeseenfrom thegraphsthe savingsin termsof memoryaremuchgreater
whenbigramsareexcludedfrom the model.

Asthelanguagemodelsizeis decreasedheperpleity risessharply(Figuresl
and 3.) Theword error ratealsorisessharply althoughthe increaseonly truly
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Figure 2: Word Error Ratevs ScaledLanguageModel Size, Trigram Pruning
Only, 1992- 1994Data.
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Figure3: Perpleity vs Scaled_anguageModel Size,BigramandTrigramPrun-
ing, 1992- 1994Data.
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Figure4: Word Error Ratevs Scaled_anguageModel Size,BigramandTrigram
Pruning,1992- 1994Data.

becomesignificantoncebigramsareprunedfrom the model.

3.2 TheWeighted Difference M ethod

The cutoff methodshaws that training text reductioncanresultin a significant
savzingsin memorywith a generallyacceptablencreasan WER andperpleity.
However, thereshouldbe a moreintelligentway to choosewhich trigramsand
bigramsto includein the modelthanjustthosewhich occurthe mostoftenin the
trainingtext. If ann-gramis notpresentn themodel,themodelusesabackedoff
probability estimatein placeof the original estimate.If thatbackedoff estimate
is very closeto the original estimate thenthereis no needto storethe original
estimatdn thefirst place. Thisideahasled to theweighteddifferencemethodof
trainingtext reduction.
Theweighteddifferencefactorof ann-gramis definedto be

w.d.factor = K * (log(originalprob) — log(backeddf prob)) (2)

where K is the Good-Turing discountedh-gramcount. This factor reflectsour
desireto keepann_gramin thelanguagemodel.
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The CMU Statistical LanguageModeling Toolkit was modified to create
weighteddifferencdanguagemodelsby pruningn-gramsasedntheirweighted
differencefactor. Severalmodelswere created. The resultsare plottedwith the
cutoff methodresults,and are shavn in Figures5 - 8. In both casesasthe
languaganodelsizeis decreasedhe perpleity risessharply Trigram pruning
doesnot have mucheffect on WER, but bigrampruningcausesnemorysa/ings
andincreasesn WER to becomesignificant.

As can be seenfrom thesefigures, the modelscreatedwith the weighted
differencemethodhave significantlylower perpleity valuesthanfor the cutoff
models but the perpleity risesin thesamemanneiin bothcases.Theworderror
ratesfor the weighteddifferencemodelsarealmostalwayslower thanthatof the
cutoff models,but the significanceof the differenceis questionableWe cansay
with confidencehatusingthe weighteddifferencemethodis at leastasgoodas
the cutoff method,andgenerallyyieldsimproved perpleity andword errorrates
over the cutoff method.

Table2 displaysmoreclearlytheresultsdepictedn Figure8 for theweighted
differencemethodwith therelatveincreasen WER overtheoriginal (0O—1)model
shawvn.

#Bigrams # Trigrams Memory(MB) WER (increase)
4,627,551 3,581,187 51MB (originalmodel)

4,627,551 400,000 39MB 1%relative
4,627,551 70,000 37MB 3%relative
934,351 900,000 11MB 5%relative
416,338 400,000 5MB 9% relative
108,117 100,000 1.3MB 20%relative

Table2: Model ReductiorandResultingWWER Increases
Is modelsizereductiona feasiblepractice?We seein Table2 thatsignificant

memoryreductioncan be achieved. Certainly for particularapplications,the
increasan WER is worththesaringsin memory

4 Effectsof Different Amountsof Training Data

In orderto verify thatusingmoretrainingdataandthenpruningit downis abetter
approachthanjust startingwith a smallerbody of training data,threedifferent

8
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Figure7: Perpleity vs Scaled_anguageModel Size,BigramandTrigramPrun-
ing, 1992- 1994Data.
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Figure9: Perpleity vs Scaled_anguageModel Size,BigramandTrigramPrun-
ing, 1993- 1994Data.

sizeddatasetsweredefinedandusedto createmodelsof the samesize. Thefirst
datasetconsistf 45.3million wordsof Wall StreetJournaldata(1992- 1994),
the samedatasetusedin the examplesabove. The seconddatasetis a subsebf
thefirst dataset,consistingof 28.5million wordsof Wall StreetJournaldatafrom
1993- 1994. The third setis yet a smallerset, 6.5 million wordsof 1994 Wall
StreetJournaldata. Severallanguagenodelsof approximatelythesamesizewere
computedwith the threedatasetsusingboth the cutoff andweighteddifference
methodspruningasmary bigramsandtrigramsasnecessaryn orderto reachthe
desiredsize. The perplity andword error rate resultsare shovn in Figures9
- 12 for the second(1993- 1994)andthe third (1994 0nly) datasets. Referto
Figures7 and 8 for the 1992- 1994results.For thethird setof data(6.5 million
words) thelargestmemorydatapointrepresenta (0—0)model,whereno pruning
hasoccurredat all. For all threesets,the weighteddifferencemethodgenerally
outperformghe cutoff methodin termsof perpleity andword errorrate.
Figures13 and 14 shawv the weighteddifferenceresultsfor all threedata
sets.It canclearlybe seenthatthe 6.5 million word modelsperformsignificantly
worsethanthe modelsoriginally createdrom 45.3and28.5million words. The
differenceébetweerthefirstandsecondatasetsis notassignificant,yetthelarger
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datasetdoesdo slightly better

Thereareseveralfactorsthatneedto beconsidereavhenanalyzingtheresults
of Figures13 and 14. First of all, the three datasetsdo not comefrom the
samedistribution. Thereis a time shift presentjn thatthe datathatis addedto
the 6.5 million wordsto getthe 28.5and45.3million wordsis older data. If a
significantchangeof style or contenthasoccurredover time for thatsource the
statisticsof the older datamay be lesshelpful in modelingprobabilitiesdue to
bigramandtrigramfrequencieshatdonotaccuratelyeflectthecurrentfrequeng
distributionsof thelanguagesource.In fact, we founda consistenf.0% perpleity
increasavhenthe 6.5 MW of 1994datawasreplacedy a comparablemountof
1992data.In previouswork ([3]), we foundasimilar effectonthe OOV rate.

Secondthereseemso be a thresholdat aboutthe 1-2 MB modelsize for
which the perplities andword error ratesdegradeequallyno matterhow much
datawasusedinitially. At somepoint, so muchinformation hasbeenpruned
fromthemodelthatperhapshemodelsconvergeto approximatelthe samesetof
bigramandtrigramsequencesyhicharethosethatoccurthemostfrequently For
example,92%of thebigramsand87%of thetrigramsarethe samein thetwo 1.3
MB modeldasedn28.5MW and45.3MW. Furtherintersectingvith the6.5MW
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modelyieldsa 73%bigramanda 59%trigramoverlap. Usingapproximatelthe
samesetof bigramsandtrigramswith approximatelythe samesetof probabilities
is likely to leadto similar performance.

5 Conclusions

Fromtheresultspresentedh the previoussectionsywe cancometo thefollowing
conclusionsaboutthe usefulnessindperformancef compacianguagenodels:

e Trainingtext pruningcanbe usedto build compactandefficientlanguage
modelsthat requiresignificantlylessmemorythanlanguagemodelsbuilt
from completetrainingtext.

e As modelsize decreaseghe weighteddifferencemethodof training text
pruningresultsin a significantlysmallerperpleity increasehanthe cutoff
method.

¢ As modelsize decreaseghe weighteddifferencemethodof training text
pruninggenerallyresultsin aslightly smallerword errorrateincreasghan
thecutoff method.

e Usingmoretrainingdata,up to atleast25 - 30 million wordsinitially, and
thenpruningit down is a betterapproachthanjust startingwith a small
amountof trainingdata,aslong asthetrainingtext doesnot containsignif-
icantstylechangesndthe pruningis not severe(atleast2MB remaining).
Beyond 25 million words, the amountof training datadoesnot have a
noticeable=ffect.

6 FutureWork

There are several issuesof interestthat could be addressedn future work on
scalablelanguagemodels. Currently the weighteddifferencemethodprovides
two lists: one for bigramsand one for trigrams. The userdecideshow mary
trigramsandbigramsto includein the scaleddown model. A onelist approach
would be muchmoreuseful, wherethe systemdecidesautomaticallywhethera
trigram or bigram shouldbe the next entity prunedfrom the model. The two
list approachwas usedherebecausdhe memoryrequirementof bigramsand

15



trigramsareimplementatiorlependengndalsodueto thecomplicatiorof trigram
dependenciesn bigrams.In ourimplementatiorof the backof languagemodel,
a bigramcannotbe excludedfrom the modelif it is aninitial partof a trigram
thatis still in the model. Trigram pruningoccursfirst, andthenthe bigramsare
prunedonly if they have no dependentrigrams. A differentimplementatiorof
thebackof modelmaybeableto avoid this problem.

Alternatively, aonelist approactcanbeuseddespiterigramdependenciesn
bigrams.Onelist canbemadecontainingall of theweighteddifferenceactorsfor
all of thebigramsandtrigramsin alargemodel,andthenthetopn-gramdromthe
list (thosewith the highestweighteddifferencefactors)canbe chosenn orderto
meetadesirednemorysize. Wheneerabigramis to beexcludedfromthemodel,
all of its dependentrigramsarethrown out, regardlesf whetherthey wereto
beretainedin or excludedfrom the model. An initial explorationof the onelist
approactshavsthatthe perplexity of thesemodelgfor thisdata)is essentiallythe
sameastheweighteddifferenceperpleities of modelswvhereapproximatelyequal
numberf bigramsandtrigramswereretained.Dividing theweighteddifference
factor for the bigramsby two (sincethey take up twice the spaceof a trigram
in our currentimplementation)henceincreasingheir likelihood to be excluded
from the model,shawvs no effect on modelperpleity, thoughsignificantlymore
trigramsareretainedin the model. Also, hand-pickingthe ratio of bigramsto
trigramsto be 1:5 and5:1 (ratherthan1:1) resultsin worseperplity measures
thanthe 1:1ratio. Furtherstudiesarerequiredto determinaf thereis anoptimal
ratio of bigramsandtrigramsthatminimizemodelperpleity.

As a secondtopic of further investigation,an additional factor may prove
helpful in the weighteddifferencemeasure. If a time coeficient is someha
addedinto the equationthenthe effectsof time shift in thetrainingtext maybe
accountedor. More recenttext could be weightedmore heavily, meaningthat
thosetrigramsandbigramswould have a greaterchanceof surviving the pruning
stepandberetainedn themodel. In thisway, newervocalularyandmorecurrent
topicsof interestcould be reflectedin the model,asthey will be morelikely to
occurduringthe models use. However, similar attemptgo factordatatime shift
into vocalulary selectiorfailed to shav a significanteffect[3].
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