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Abstract

In this pape we investigatethe extent to which Katz badk-off languagemodelscan
be compressedthrough a combiration of paraneter quartization (width-wise com-
pression) andparaméer pruning (length-wisecompiession) methodswhile preseving
performance We comparethe compresion and performancethat is achieved using
entropy-basedpruning agairst that achieved using only paraneterquartization. We
thencompae combindions of both method. It is shavn that a broactastnews lan-
guage modelcanbe compresedby up to 83%to only 12.6Mbwith no lossin perfor-
manceon a broaccastnews task. Compressig the languagemodelfurther by quari-
zationto 10.3Mbresuledin only a 0.4%degradationin word errorratewhichis better
thancanbe achieedthroughentrqy-basedpruning alore.

In Eurospeech’ 2001

This work may not be copiedor reprodicedin whole or in partfor any commercialpurpose. Permissiorto copy in
wholeor in partwithout paymer of feeis grantedfor nonprdit educdional andresearctpurpose providedthatall such
wholeor partialcopiesincludethefollowing: anoticethatsuchcopying is by permissiorof MitsubishiElectricResearch
LaboratoriesInc.; anacknavledgmentof theauthorsandindividual contributionsto thework; andall applicableportions
of the copyright notice. Copying, reproductionor republishingfor ary otherpurposeshallrequirealicensewith payment
of feeto MitsubishiElectricResearch.aboratories|nc. All rightsresened.

Copyright (© MitsubishiElectricResearcliaboratories|nc.,2001
201 Broadway, CambridgeMassachseetts0213



Publication History:.—
1. Firstprinting, TR-200142, Decembe001



Comparison of Width-wise and Length-wise LanguageModel Compression

E. W. D. Whittaker' and B. Raj?

1. CompagCambridgeReseach Laboratory
CambridgeMA 02142USA

2. Mitsubishi ElectricResearch.aboartories
CambridgeMA 02139USA

Abstract

In this paperwe investigatethe extentto which Katz back-
off languaye modelscanbe compressethrougha combindion
of parameterquartization (width-wise compresmn) and pa-
rameterpruning(length-wisecompressiopmethod while pre-
serving performarce. We comparethe compressiorand per
formancethatis achiezed usingentrofy-basedpruningagainst
thatachieved usingonly parameteguartization. We thencom-
parecombindions of both methods. It is shavn that a broad-
castnews languagemodelcanbe compresse by up to 83%to
only 12.6Mbwith no lossin performanceon a broadcat news
task. Compressinghe languagemodelfurther by quartization
to 10.3Mb resultedin only a 0.4% degradationin word error
ratewhich s betterthancanbe achievedthroughentropy-based
pruningalone.

1. Intr oduction

In this paperwe examine several technique for compressing
langua@ modelsincluding quantizingthe valuesof parameters
in the languagemodel and pruning parameterdrom the lan-
guagemodel.In particularwe examinetheinteractionbetween
both quantizingand pruningparametersThe main aim of this
investigationis to determinehow bestto compresghe size of
langua@ modelsin memorywhile minimising the degraddion
in languagemodelperformance.Thereare several compelling
reasondor addressinghis issue. The main reasonis thatthe
langua@ modelis in generalby far the largestcomporent of
a speeclhrecognitionsystem. From desktopdictation applica-
tionsto incorporatingspeechon hand-héd PCs,memorylimits
the size of the languaye model that can be usedand severely
restrictsthe performane of the speectrecogrition system.

Corventionally languag modelsarecompresedby reduc-
ing the length of the lists of explicitly storedN-gram proba-
bility eventsin the languagemodel. The mostefficient manner
of reducingthe size of theselists is by eliminating all those
elementsn the list whosecontribution to the languagemodel
entropy lies belav somethreshold[1]. We referto this method
of languagemodelcompressioraslength-wisecompression.

In [2] we describetwo languag@ modelcompressionmeth-
odsthatachieve reductionin languagyemodelsizeby bothwidth-
wiseandlength-wisecompressiomwf thelists of languag model
probabilitiesand back-of weights. It is shavn that broactast
news langua@ modelscanbecompresse by up to 60%of their
original sizewith no significantincreasan word error rateon
a broad@ast news task. This is achiezed througha combina-
tion of quantizationand parametepruning Both methodsare
shawn to provide an effective meansof compresing languag
modelparametersvhile minimisingthe degraddion in recogni-
tion performance.

In this paperwe evaluate the performane of the entropy-
basedparameteipruning technique[1] and compae the com-
pressiorandrecogrition performancechiezedusingthis method
againsthatachiezed with the parameteguartization methods.
In addition,we investigatecombiring both methodsfirst to re-
ducethe initial size of the langua@ modelusingthe entrogy-
basedechniqueandthento quantizetheremainingparameters.
The performarte of thesemodelsis comparedagainstonesof
equalsizeprunal usingonly the entrofy-basedtechnique.

In Section2 we briefly outline the storagerequirementsor
thedifferentelementof alanguaganodel.In Section3 we de-
scribewidth-wise compressiontechniques.Length-wisecom-
pressiorntechniquesaredescribedn Section4. In Section5 we
presentheword errorrateresultsof recogrition experimentson
a broadcasnews taskand evaluatethe quantizationand prun-
ing techniqueshoth individually and combined. Theseresults
permitthe optimal combinationof pruningandquantizationto
be determinedfor a desiredlanguagemodel compressiorand
performance

2. Languagemodel memory requirements

Cornventioral methodof storingKatz back-of trigramlanguag
modelsrequire 2 bytesfor every explicitly storedprobability
and back-df weight. In the CMU SPHINX-III speechrecog-
nition system[3] usedin the experimeris in this paperthis is

achieved by truncatingeachparameteto 4 decimalplaces.In

generalthis ensureghat thereare no morethan 65536 unique
valuesin eachlist of N-gramsor back-df weights. Additional

storageis requiredfor the tree structurewhich is the common
methodfor compactlystoringtheseparametersThis overhead
equateso anadditionall bytefor every unigramandbigrampa-
rameterin the modelandanother2 bytesfor every bigramand
trigramwhich is usedfor word identifiersin the tree structure.
Overall the memoryrequiremenin bytesis: 5* N (unigrams)

+ 7*N(bigrams) + 4*N (trigrams), whereN(-) is thenum-
berof thetypesof eventsin parenthees.Languaganodelstor

agerequiremets areexplainedin moredetailin [2].

3. Compressionby quantization

In [2] we describetwo methodsfor width-wise compression
of languagemodel parametersising quantizationwhich were
called absolute parameter compression and difference param-
eter compression. In the original methods the Lloyd-Max al-
gorithm[4] wasusedto performthe quantization.This method
iteratively minimisesthe averagesquarederror introducedin
the parametethrough quantization. However other quantiza-
tion methods,suchaslinear quantizationwhich simply parti-
tions the rangeof the parameteiinto equally sized sgments,



may alsobe used.

3.1. Absolute parameter compression

All unigram,bigramandtrigramlog probabliti esandunigram
andbigramlog bacloff weightsarequartizedto asmallnumker
of quantizatiorlevels. Quantizatioris performedseparatelyn
eachof the N-gram probability and back-df weight lists and
separat@uantizatiorlevel look-uptablesgeneratedor eachof
thesesetsof parameters.If Q}P ""}[-] is a function that maps
eithera probablity (P) or backoff weight (o) in the ¢-gram
tableto its quantizedalue,P(-) is theariginal probabilityof an
eventanda(-) is theback-of weightof somecontet, theneach
explicit probability in the languagemodel (V' > 0) is mapped
to a quantizedbrobability

QN[P(wi | wi~ 1)), (1)
and eachback-of weight is mappedto a quantizedback-of
weightfor N > 1

Q¥ 1wy )] (2)
Compressiomesultsfrom thereducechumberof bitsneeded
to storetheindicesinto thelook-uptables.

3.2. Differenceparameter compression

Here,for N-grameventswhere N > 1, we quantizethe differ-
encebetweenV-gramlog probabilities andtheir quartizedlog
back-of estimatesUsingthe above definitionseachquartized
differenceprobabilityis determinechsfollows:

QJ}\DI[P(“H | w;::]l\,+1)]—
Q% 1[a(wiZ )] QN 1[P(wi | wiZk )] (3)

Thestoredvaluesnow represenindicesto thequantizedoroba-
bility differencesDuring recognitionthe true probalility must
becomposedy addingthe bacled-off estimateo thequartized
differencesUnigramprobalilities andall backoff weightsare
quantizedasfor absoluteparametecompression

Procedurally first the unigram probabilitiesand back-of
weightsare quantized. Bigram back-of weightsand the dif-
ferencesbetweenthe true bigram probalbiliti es andtheir quan-
tizedbacled-off estimatesrethenquartized. Finally thediffer-
encedetweerthetruetrigramprobabilitiesandtheir quartized
bacled-off estimatesrequartized.

4. Compressionby pruning
4.1. Pruning by quantization

Both the absoluteanddifferenceparametecompressiomnmeth-
odsdescribedabore incorpaate a stageof parametepruning.
The criterion for pruning a parameteis how similar the quan-
tized bacled-off probablity is to the quantizedoriginal prob-
ability. For absoluteparametercompressia if the quartized
bacled-off probalility fallsin the samequartizationbin asthe
quantizedriginal probability thentheoriginal parameteis dis-
carded.e. if

Q3 [P(wi | wiza, wis1)] =
Q3 [Q5 [e(wi—2, wi—1)] - Q5 [P(w; | wi—1)]), (4)

the parameteiis removed. For differenceparameteccompres-
sion,azero-\alued quartizationlevel is introducedduringquan-
tization. Any parametethatis quartized into this bin is dis-
carded.

4.2. Entropy-basedparameter pruning

Theoperationof the entrofy-basedruningof languag@ models
is describedn [1]. Explicit probaility estimatesareremoved
fromthelanguayemodelif it is shavn thatdoingsoresultsin an
improvementof thelanguag modelperpleity or adegradation
thatis deemedacceptale. For eachcontet h, every N-gram
eventstoredin an (/N — 1)-gramcontet hasits explicit proba-
bility estimatetentatvely replacedby theimplicit (bacled off)

(N — 1)-gramestimate,

P'(w|h)=cd (R)P(w|h), (5)
whereh’ isthelast(N — 2) wordsin h.
Thepruningalgorithmaimsto minimisethe divergencebe-
tweenthe original distribution P(- | -) andthe pruneddistri-
bution P'(- | -). AssumingthateachN-gramhasanindepea-
denteffect on the divergence the relative entrogy canbe used
to quantify this chang

D(P|| P =
— > P(wi, h)[log P’ (wi | k) — log P(wi | k)] (6)

The removal of an explicit N-gram event (h, w) changeshe
back-of weightfor thatcontext andthereforeaffectsthe contri-
bution from all backed-of estimates,

D(P|| P) =
— P(h){P(w | h)[log P'(w | h) — log P(w | h)}+
S P(wi | W)llog P'(wi | h)~log Plw; | b)]}.

Vw;:N(h,w;)=0
Q)

Insertion of the bacled-df estimatesnto the above equation
removes the needfor a summationover all vocalulary words
andallowstherelative entropy to be compued efficiently,

D(P|| ) =
—P(h){P(w | h)[log P(w | h')+log a’(h)—log P(w | h)]+
loga(h’) ~loga(h)] >  P(wi|h)}. (8)

VYw;:N(h,w;)=0

The summationin the above equationis simply the probability
massof unse@ eventsusedin compuing the back-of weights.
The maminal history probabilities P(h) can be obtainedby
multiplying togetherthe appropriateconditional probablities
P(wi—n+1)-P(wi—n+2 | wi—n+1) - - - andtheupdatedback-
off weighta'(h) is obtainedby omitting the contribution from
the prunedN-gramwhencompuing the back-of weight.

Sincerelative entroyy is directly relatedto theintrinsic per
plexity of thelanguag@ modelPP = ¢~ Ln,w P(hsw)log P(wlh)
the changein perpleity betweenthe original and the pruned
modelis givenby e?(FII”") _ 1. Consegently a selectioncri-
terion canbe definedso that explicit N-gramestimatesarere-
tainedwhich, if they wereto be removed, would increasethe
perpleity by morethansomethresholdvalue.



5. Experiments

In this sectionwe investigatethe effect of the differentwidth-

wiseandlength-wisdangua@ modelcompressioschemegre-
sentedabore onthe1998DARPA HUB4 broadtastnewstask|5].
A trigram languagemodel using Katz back-of togetherwith

Good-Turing discourting was built using a 65k word vocahu-

lary and approdmately 100 million words of broadcasnews

transcriptionsand nevspaper texts. In addition, all singleton
bigramsand trigramswere discarded The baselinelanguag

modelrequired71.9Mb in memoryandgave a word error rate
of 22.1%.

5.1. Compressionby quantization

WeinvestigatedinearandLloyd-Max quantizatiorfor bothab-
soluteand differenceparametercompression. The resultsfor
compressiousingabsoluteanddifferenceparametecompres-
sionaregivenfor 2,4 and8-bitlinearquantizatiorin Tablel. In
Table 2 we give the resultsusing2 and4-bit Lloyd-Max quan-
tization. No parametersvere pruned from ary model. In the
tables,Q., Qs, Q: indicatesthat 2@+, 29+ and2?* quantiza-
tion levelswereusedfor unigram bigramandtrigramelements,
respectiely.

Method | Q.,Qs, Q: | size(Mb) | WER%
abs 8,8,8 53.1 22.1
abs 44,4 43.5 224
abs 44,2 40.6 255
dif 8,8,8 53.1 22.1
dif 4,44 43.5 23.9
dif 4,42 40.6 40.6

Tablel: Recognitiorperformareof languagemodelquartized
usingabsolutgabs)anddifference(dif) parametecompression
andlinearquartization.

Method | Q.,Qs, Q: | Size(Mb) | WER%
abs 4,44 435 22.2
abs 4,42 40.6 23.1
dif 4,44 43.5 21.9
dif 4,42 40.6 22.8

Table2: Recognitiorperformarceof languagemodelquartized
usingabsolutgabs)anddifference(dif) parametecompression
andLloyd-Max quantization.

5.2. Compressionby pruning

Two methodsof pruning languagemodel parametersverein-
vestigated:pruningasa resultof the quantizationprocessand
explicit parametepruningusingthe entrofy-basedmethod.

5.2.1. Pruning by quantization

Only trigramswere consideredor removal from the languag
modelafter quantizationhad beenperformed The word error
rate, the numbe of trigramsdiscardedand the size of the re-
sulting languagemodel are shovn in Table 3. Both the abso-
lute anddifferencecompressiomethodsvereusedwith Lloyd-
Max quantizatiorat 2 and4 bits.

Method | Qu, Qs, Q: | 3-gramdel. | size(Mb) | WER%
abs 4,4,4 1686294 39.3 22.2
abs 4,42 52635 36.9 23.3
dif 4,4.4 111992 40.7 22.1
dif 4,4,2 3526603 32.8 22.5

Table 3: Recognitionperformanceof languag@ modelscom-
pressedusing absolute (abs) and difference (dif) parameter
compressionwith the Lloyd-Max algorithm,shawving the num-
berof trigramspruned.

5.2.2. Entropy-based pruning

Entropy-basel pruning was appliedto the baselinelanguag
model(from which all singletonbigramsandtrigramshadini-
tially beenremoved) usinga thresholdparameterangingfrom
10~° to 10-5. Theword errorrateandthe sizein memoryof
eachprunedlanguagemodelis shavn in Table4.

Threshold | size(Mb) | WER%
1x107° 61.6 22.1
5x 1079 50.4 22.1
1x1078 42.0 21.9
5x 1078 17.3 22.1
1x10°7 10.5 23.0
5x 1077 3.29 25.0
1x10°° 2.00 25.9

Table 4: Recognitionperformanceof languag@ model com-
pressedisingentrofy-basedpruningwith 16-bit parameters.

5.3. Compressionby quantization and pruning

The parametersn eachof the languagemodelsobtainedus-
ing entrogy-basedoruningwith differentthresholdvalueswere
qguantizedusing differentnumbersof quartization levels. The
word error rate obtainedfor eachlanguag@ modelis plottedin
Figure 1 againstthe memoryrequiremeh of the model. The
memoryrequirementakesinto accour the numberof remain-
ing parameterafterpruningandthedegreeof quantizatiorused.

6. Discussion

Fromtheresultsin Section5.1it is clearthatthechoiceof quan-
tization methodcan have a large effect on the performanceof

the langua@ model. Despitethe simplicity of linear quantiza-
tion nolossin incurredwhenparameterarequantizedo 8 bits
usingthis method.However, asthenumkber of quartizationlev-

elsis reducedheword errorrateincreasesapidly, significantly
so for differenceparameteicompression A comparisorwith

the performanceof modelsquartized usingthe Lloyd-Max al-

gorithm shaws the latter to be superiorto linear quartization
especiallywhen fewer quantizationlevels are used. Nonethe-
less,certainproblemswerediscoveredwith the Lloyd-Max al-

gorithm. For example,the greedynatureof the algorithmren-
dersit susceptibleto getting stuckin local minima which are
depen@nton theinitialisation. A crucial obsenation however
wasthatthereis a distinctcorrelationbetweenaveragequanti-
zationerrorandword errorrate. This facilitatesimproving the
quantizatiorwithoutrunningarecognitionexperimentto deter

minethe performance
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Figurel: Word errorrateagainsianguagenodelsize.

Theresultsin Section5.2 shaw thatit is preferabldo prune
the languagemodelusing entrofy-basd pruning beforequan-
tizing theremainingparameterghanto pruneparameterbased
on quantizingthe parameteré the original model. Moreover,
theentrofy-basedruningmethodcanachie/e agreatemmount
of compressiornin languag@ model memoryrequiremets over
usingonly quartizationwhile incurringno increasen word er-
ror rate. It is seenhowever that pruning the languagemodel
to a size much belov 18Mb resultsin a rapid degradationin
performancefor this particularlanguagemodel. When quan-
tization is applied to the prunedlanguagemodelsthe fewer
the quantizationlevels used, the greaterthe compresion but

alsothe greaterthe corresponihg degradationin performance.

Nonethelesghe combiration of pruningalanguag modée fol-
lowed by quantizatiorof the parametersesultsin greatercom-
pressiorfor afixedperformancehaneithermethodcanachieze
by itself. Furthermorefor a given numberof parametersaddi-
tional compresimn canbeachiezedby quantizatiorwith a min-
imal lossin performanceFor example,ourlanguag@ modelcan
be compresse by an additional20% from 12.6Mbto 10.3Mb
for only a0.4%degradationin word errorrate.

An interestingobsenation is thatgreateresolutionin terms
of thenumber of quantizatiorievelsis requiredby thelower or-
der parametergbigramsand bigram backoff weights)asthe
degreeof pruningis increased The explanationfor this liesin
thefactthatasamodelis prunedmoreseverely therearefewer
bigramsandtrigramsleft andconsegentlythemodelwill need
to back-of morefrequenly. Backed-of estimatescompaund
the quantizatiorerrorsin the back-df weightsandlower-order
parametersesultingin greateroverall errorin the probability
estimates. As a resultit become importantto decreasehe
quantizationerror in lower-order parametersThusthe results
obtainedwith 4-bit quantizationof unigram parameteravere
obseredto beworsethanwhen8-bit quantizatiorwasused.At
extremelevelsof pruning however, thetotal numberof param-
etersbecoma smallersotheaverageguartizationerroractually
decreasesesultingin lower degradationdueto quantization.

We obsene also that entrogy-basedpruning reducesthe
sizeof thelanguag@ modelby upto 76%with nolossin recogni-
tion accurag. Thisis becawsethe criterionfor pruning is such
that removing parameterhasa minimal effect on the entropy

of the languagemodel. In contrastthe Lloyd-Max algorithm,
which yielded the leastdegradationin performare, is based
on minimisingthe squarecerrorbetweerthe quantizedandun-
guantizedanguagemodels.Sincethereexistsa correlationbe-
tweenthe averagequantizationerror and word error rate, we
believe thatthe degradationin recogrition performancecanbe
minimisedfurtherthroughtheapplicationof betterquartization
methods. Indeedwe hypothesisethat a quartization method
basedon minimising the effect of quantizationon the entrogy
of the languagemodelwould significantly reduceary perfor
mancedegradation.

7. Conclusion

In this paperwe have compaedthe performane of alanguag

modelagainstthe extentof the compressiompplied. Compres-
sion was achieved throughquantizingparameterspruning pa-
rametersandcombinationsof quartizationandpruning It was
shavn that pruninga languag modelfirst andthenquartizing

the parametergave superiorcompressiorfor a givenword er

ror rate than emplgying either quantizationor pruning alone.
Through this combinationa broadcastews languaje model
was compressedy up to 83% to only 12.6Mb for no lossin

performanceon a broadcasnews task. Compressinghe lan-

guagemodelfurtherby quantizatiorto 10.3Mb resultedn only

a 0.4%degradationin word error ratewhich is betterthancan
be achievedthroudh entrogy-basedpruningalone.
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