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Abstract

In this paper we investigatethe extent to which Katz back-off languagemodelscan
be compressedthrough a combination of parameter quantization (width-wise com-
pression)andparameter pruning (length-wisecompression) methodswhile preserving
performance. We comparethe compression and performancethat is achieved using
entropy-basedpruning against that achieved using only parameterquantization. We
thencompare combinations of both methods. It is shown that a broadcastnews lan-
guagemodelcanbecompressedby up to 83%to only 12.6Mbwith no lossin perfor-
manceon a broadcastnews task. Compressing the languagemodelfurther by quanti-
zation to 10.3Mbresultedin only a0.4%degradationin word errorratewhich is better
thancanbeachievedthroughentropy-basedpruning alone.
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Abstract
In this paperwe investigatetheextentto which Katz back-

off languagemodelscanbecompressedthrougha combination
of parameterquantization (width-wise compression) and pa-
rameterpruning(length-wisecompression) methods while pre-
servingperformance. We comparethe compressionand per-
formancethat is achievedusingentropy-basedpruningagainst
thatachievedusingonly parameterquantization.Wethencom-
parecombinations of both methods.It is shown that a broad-
castnews languagemodelcanbecompressed by up to 83% to
only 12.6Mbwith no lossin performanceon a broadcast news
task. Compressingthe languagemodelfurtherby quantization
to 10.3Mb resultedin only a 0.4% degradationin word error
ratewhich is betterthancanbeachievedthroughentropy-based
pruningalone.

1. Intr oduction
In this paperwe examineseveral techniques for compressing
language modelsincludingquantizingthevaluesof parameters
in the languagemodel and pruning parametersfrom the lan-
guagemodel.In particularwe examinetheinteractionbetween
both quantizingandpruningparameters.Themainaim of this
investigationis to determinehow bestto compressthe sizeof
language modelsin memorywhile minimising thedegradation
in languagemodelperformance.Thereareseveral compelling
reasonsfor addressingthis issue. The main reasonis that the
language model is in generalby far the largestcomponent of
a speechrecognitionsystem. From desktopdictationapplica-
tionsto incorporatingspeechon hand-held PCs,memorylimits
the sizeof the language model that can be usedand severely
restrictstheperformanceof thespeechrecognition system.

Conventionally, languagemodelsarecompressedby reduc-
ing the length of the lists of explicitly stored � -gram proba-
bility eventsin the languagemodel.Themostefficient manner
of reducingthe size of theselists is by eliminating all those
elementsin the list whosecontribution to the languagemodel
entropy lies below somethreshold[1]. We referto this method
of languagemodelcompressionaslength-wisecompression.

In [2] we describetwo language modelcompressionmeth-
odsthatachievereductionin languagemodelsizeby bothwidth-
wiseandlength-wisecompressionof thelistsof languagemodel
probabilitiesandback-off weights. It is shown that broadcast
newslanguagemodelscanbecompressed by upto 60%of their
original sizewith no significantincreasein word error rateon
a broadcast news task. This is achieved througha combina-
tion of quantizationandparameterpruning. Both methodsare
shown to provide an effective meansof compressing language
modelparameterswhile minimisingthedegradation in recogni-
tion performance.

In this paperwe evaluatethe performance of the entropy-
basedparameterpruning technique[1] andcompare the com-
pressionandrecognition performanceachievedusingthismethod
againstthatachievedwith theparameterquantizationmethods.
In addition,we investigatecombining bothmethods,first to re-
ducethe initial sizeof the language modelusing the entropy-
basedtechniqueandthento quantizetheremainingparameters.
The performance of thesemodelsis comparedagainstonesof
equalsizepruned usingonly theentropy-basedtechnique.

In Section2 we briefly outlinethestoragerequirementsfor
thedifferentelementsof a languagemodel.In Section3 wede-
scribewidth-wisecompressiontechniques.Length-wisecom-
pressiontechniquesaredescribedin Section4. In Section5 we
presenttheworderrorrateresultsof recognition experimentson
a broadcast news taskandevaluatethe quantizationandprun-
ing techniquesboth individually andcombined. Theseresults
permit theoptimalcombinationof pruningandquantizationto
be determinedfor a desiredlanguagemodel compressionand
performance.

2. Languagemodelmemory requirements
Conventionalmethodsof storingKatzback-off trigramlanguage
modelsrequire2 bytesfor every explicitly storedprobability
andback-off weight. In the CMU SPHINX-III speechrecog-
nition system[3] usedin the experiments in this paperthis is
achieved by truncatingeachparameterto 4 decimalplaces.In
generalthis ensuresthat thereareno morethan65536unique
valuesin eachlist of � -gramsor back-off weights.Additional
storageis requiredfor the treestructurewhich is the common
methodfor compactlystoringtheseparameters.This overhead
equatesto anadditional1 bytefor everyunigramandbigrampa-
rameterin themodelandanother2 bytesfor every bigramand
trigramwhich is usedfor word identifiersin the treestructure.
Overall thememoryrequirement in bytesis: 5* �����	��
�����������
+ 7* ������
����������� + 4* �������
����������� , where ����� � is thenum-
berof thetypesof eventsin parentheses.Languagemodelstor-
agerequirementsareexplainedin moredetail in [2].

3. Compressionby quantization
In [2] we describetwo methodsfor width-wise compression
of languagemodelparametersusingquantizationwhich were
calledabsolute parameter compression anddifference param-
eter compression. In the original methods,the Lloyd-Max al-
gorithm[4] wasusedto performthequantization.This method
iteratively minimisesthe averagesquarederror introducedin
the parameterthroughquantization. However otherquantiza-
tion methods,suchas linear quantizationwhich simply parti-
tions the rangeof the parameterinto equally sizedsegments,



mayalsobeused.

3.1. Absoluteparameter compression

All unigram,bigramandtrigramlog probabiliti esandunigram
andbigramlog backoff weightsarequantizedto asmallnumber
of quantizationlevels. Quantizationis performedseparatelyon
eachof the � -gramprobability andback-off weight lists and
separatequantizationlevel look-uptablesgeneratedfor eachof
thesesetsof parameters.If � �"!	# $&%' ( � ) is a function that maps
either a probability ( * ) or back-off weight ( + ) in the 
 -gram
tableto its quantizedvalue,*,��� � is theoriginalprobabilityof an
eventand +-��� � is theback-off weightof somecontext, theneach
explicit probability in the languagemodel( �/.10 ) is mapped
to a quantizedprobability

� !2 ( *,��3 '54 3 '�687'96 2-: 7 �;)9< (1)

and eachback-off weight is mappedto a quantizedback-off
weightfor �=.?>

� $ 2 6@7 ( +-��3 '�687'96 2-: 7 �;)BA (2)

Compressionresultsfrom thereducednumberof bitsneeded
to storetheindicesinto thelook-uptables.

3.2. Differ enceparameter compression

Here,for � -grameventswhere �C.D> , we quantizethediffer-
encebetween� -gramlog probabilities andtheir quantizedlog
back-off estimates.Usingtheabove definitionseachquantized
differenceprobabilityis determinedasfollows:

� !2 ( *,��3 '-4 3 '�687'�6 25: 7 �;)BE� $ 2 6@7 ( +-��3 '�687'96 2-: 7 �;)&�F� !2 6@7 ( *,��3 '-4 3 '�687'96 2-:HG �;)BA (3)

Thestoredvaluesnow representindicesto thequantizedproba-
bility differences.During recognitionthetrueprobability must
becomposedby addingthebacked-off estimateto thequantized
differences.Unigramprobabilities andall back-off weightsare
quantizedasfor absoluteparametercompression.

Procedurally, first the unigramprobabilitiesand back-off
weightsare quantized. Bigram back-off weightsand the dif-
ferencesbetweenthe true bigramprobabiliti esandtheir quan-
tizedbacked-off estimatesarethenquantized.Finally thediffer-
encesbetweenthetruetrigramprobabilitiesandtheirquantized
backed-off estimatesarequantized.

4. Compressionby pruning
4.1. Pruning by quantization

Both theabsoluteanddifferenceparametercompressionmeth-
odsdescribedabove incorporatea stageof parameterpruning.
The criterion for pruning a parameteris how similar the quan-
tized backed-off probability is to the quantizedoriginal prob-
ability. For absoluteparametercompression if the quantized
backed-off probability falls in thesamequantizationbin asthe
quantizedoriginalprobability thentheoriginalparameteris dis-
cardedi.e. if

� !I ( *,��3 ' 4 3 '96 G <J3 '�687 �;)	K
� !I ( � $ G ( +-��3 '96 G <"3 '96@7 �;)	�F� !G ( *,��3 '54 3 '96@7 �;)L)B< (4)

the parameteris removed. For differenceparametercompres-
sion,azero-valuedquantizationlevel is introducedduringquan-
tization. Any parameterthat is quantized into this bin is dis-
carded.

4.2. Entr opy-basedparameter prunin g

Theoperationof theentropy-basedpruningof languagemodels
is describedin [1]. Explicit probability estimatesareremoved
from thelanguagemodelif it is shown thatdoingsoresultsin an
improvementof thelanguagemodelperplexity or adegradation
that is deemedacceptable. For eachcontext M , every � -gram
eventstoredin an( �NEO> )-gramcontext hasits explicit proba-
bility estimatetentatively replacedby the implicit (backed-off)
( �PEQ> )-gramestimate,

*SRB��3 4 MT�5KU+VRB�9MT��*,��3 4 MWRX�Y< (5)

where M R is thelast( �NE[Z ) wordsin M .
Thepruningalgorithmaimsto minimisethedivergencebe-

tweenthe original distribution *,��� 4 � � and the pruneddistri-
bution * R ��� 4 � � . Assumingthateach � -gramhasan indepen-
denteffect on the divergence,the relative entropy canbe used
to quantifythischange

\ �9* 4L4 * R �5K
E�] ^	_`*,��3 ' <"MT� ( aLbdc * R ��3 ' 4 MT�VE aeb�c *,��3 ' 4 MT�;)9A (6)

The removal of an explicit � -gram event �9M@<J3f� changesthe
back-off weightfor thatcontext andthereforeaffectsthecontri-
bution from all backed-off estimates,

\ �9* 4L4 * R �5K
E�*,�9M	�"g�*,��3 4 MT� ( aLbdc *SR;��3 4 MT�hE aLbdc *,��3 4 MT�;)Xi
]j ^	_Jk 2mlen #
^	_;o�p�q *,��3 ' 4 MT� ( aLbdc *SR;��3 ' 4 MT��E aLbdc *,��3 ' 4 M	�;)�rsA

(7)

Insertionof the backed-off estimatesinto the above equation
removes the needfor a summationover all vocabulary words
andallows therelative entropy to becomputedefficiently,

\ �9* 4L4 *SRX�5K
ES*,�9MT�"g�*,��3 4 MT� ( aLbdc *,��3 4 M R �Yi aLbdc + R �9M	��E aLb�c *,��3 4 MT�;)Xi

( aLbdc +t�9MWR��VE aeb�c +t�9M	�;) ]j ^ _ k 2ulLn #
^ _ oXpHq *,��3 '54 MT�"rvA (8)

Thesummationin theabove equationis simply theprobability
massof unseen eventsusedin computing theback-off weights.
The marginal history probabilities *,�9MT� can be obtainedby
multiplying togetherthe appropriateconditional probabilities*,��3 '96 2-: 7 ���e*,��3 '�6 25:@G 4 3 '�6 25: 7 �T�w�w� andtheupdatedback-
off weight + R �9M	� is obtainedby omitting thecontribution from
thepruned� -gramwhencomputing theback-off weight.

Sincerelativeentropy is directly relatedto theintrinsicper-
plexity of thelanguagemodel *`*xKzy 6|{S}�~ � ! len #

^�ow� �J�
! l
^V� n o

the changein perplexity betweenthe original and the pruned
modelis givenby yw� l !

� �
!��
o EQ> . Consequently a selectioncri-

terioncanbedefinedso thatexplicit � -gramestimatesarere-
tainedwhich, if they were to be removed, would increasethe
perplexity by morethansomethresholdvalue.



5. Experiments
In this sectionwe investigatethe effect of the differentwidth-
wiseandlength-wiselanguagemodelcompressionschemespre-
sentedaboveonthe1998DARPA HUB4broadcastnewstask[5].
A trigram languagemodel using Katz back-off togetherwith
Good-Turing discounting wasbuilt usinga 65k word vocabu-
lary and approximately 100 million words of broadcastnews
transcriptionsand newspaper texts. In addition, all singleton
bigramsand trigramswerediscarded. The baselinelanguage
modelrequired71.9Mb in memoryandgave a word error rate
of 22.1%.

5.1. Compressionby quantization

WeinvestigatedlinearandLloyd-Maxquantizationfor bothab-
soluteand differenceparametercompression.The resultsfor
compressionusingabsoluteanddifferenceparametercompres-
sionaregivenfor 2,4 and8-bit linearquantizationin Table1. In
Table2 we give theresultsusing2 and4-bit Lloyd-Max quan-
tization. No parameterswerepruned from any model. In the
tables, ���	<"���w<"��� indicatesthat Z��@� , Zd�8� and Z��@� quantiza-
tion levelswereusedfor unigram,bigramandtrigramelements,
respectively.

Method � � <"� � <�� � size(Mb) WER%
abs 8,8,8 53.1 22.1
abs 4,4,4 43.5 22.4
abs 4,4,2 40.6 25.5
dif 8,8,8 53.1 22.1
dif 4,4,4 43.5 23.9
dif 4,4,2 40.6 40.6

Table1: Recognitionperformanceof languagemodelquantized
usingabsolute(abs)anddifference(dif) parametercompression
andlinearquantization.

Method �`�W<"���w<���� size(Mb) WER%
abs 4,4,4 43.5 22.2
abs 4,4,2 40.6 23.1
dif 4,4,4 43.5 21.9
dif 4,4,2 40.6 22.8

Table2: Recognitionperformanceof languagemodelquantized
usingabsolute(abs)anddifference(dif) parametercompression
andLloyd-Max quantization.

5.2. Compressionby prunin g

Two methodsof pruning languagemodelparameterswere in-
vestigated:pruningasa resultof the quantizationprocessand
explicit parameterpruningusingtheentropy-basedmethod.

5.2.1. Pruning by quantization

Only trigramswereconsideredfor removal from the language
modelafter quantizationhadbeenperformed. The word error
rate, the number of trigramsdiscardedand the sizeof the re-
sulting languagemodelareshown in Table3. Both the abso-
luteanddifferencecompressionmethodswereusedwith Lloyd-
Max quantizationat2 and4 bits.

Method �`�W<"� � <���� 3-gramdel. size(Mb) WER%
abs 4,4,4 1686294 39.3 22.2
abs 4,4,2 5260335 36.9 23.3
dif 4,4,4 1119492 40.7 22.1
dif 4,4,2 3526503 32.8 22.5

Table 3: Recognitionperformanceof language modelscom-
pressedusing absolute(abs) and difference(dif) parameter
compressionwith theLloyd-Max algorithm,showing thenum-
berof trigramspruned.

5.2.2. Entropy-based pruning

Entropy-based pruning was applied to the baselinelanguage
model(from which all singletonbigramsandtrigramshadini-
tially beenremoved)usinga thresholdparameterrangingfrom>F0 6T� to >F0 6T� . Theword error rateandthesizein memoryof
eachprunedlanguagemodelis shown in Table4.

Threshold size(Mb) WER%>���>w0 6T� 61.6 22.1� ��>w0 6T� 50.4 22.1>���>w0 6T� 42.0 21.9� ��>w0 6T� 17.3 22.1>���>w0 6�� 10.5 23.0� ��>w0 6�� 3.29 25.0>���>w0 6T� 2.00 25.9

Table 4: Recognitionperformanceof language model com-
pressedusingentropy-basedpruningwith 16-bit parameters.

5.3. Compressionby quantization and pruning

The parametersin eachof the languagemodelsobtainedus-
ing entropy-basedpruningwith differentthresholdvalueswere
quantizedusingdifferentnumbersof quantization levels. The
word error rateobtainedfor eachlanguage modelis plottedin
Figure 1 againstthe memoryrequirement of the model. The
memoryrequirementtakesinto account thenumberof remain-
ing parametersafterpruningandthedegreeof quantizationused.

6. Discussion
Fromtheresultsin Section5.1it is clearthatthechoiceof quan-
tization methodcanhave a large effect on the performanceof
the language model. Despitethe simplicity of linear quantiza-
tion no lossin incurredwhenparametersarequantizedto 8 bits
usingthismethod.However, asthenumberof quantizationlev-
elsis reducedtheworderrorrateincreasesrapidly, significantly
so for differenceparametercompression. A comparisonwith
the performanceof modelsquantizedusingthe Lloyd-Max al-
gorithm shows the latter to be superiorto linear quantization
especiallywhenfewer quantizationlevels areused. Nonethe-
less,certainproblemswerediscoveredwith theLloyd-Max al-
gorithm. For example,the greedynatureof thealgorithmren-
dersit susceptibleto gettingstuck in local minima which are
dependenton the initialisation. A crucialobservation however
wasthat thereis a distinctcorrelationbetweenaveragequanti-
zationerrorandword error rate. This facilitatesimproving the
quantizationwithout runningarecognitionexperimentto deter-
minetheperformance.
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Figure1: Word errorrateagainstlanguagemodelsize.

Theresultsin Section5.2show thatit is preferableto prune
the languagemodelusingentropy-based pruning beforequan-
tizing theremainingparameters,thanto pruneparametersbased
on quantizingtheparametersin theoriginal model. Moreover,
theentropy-basedpruningmethodcanachieveagreateramount
of compressionin language modelmemoryrequirements over
usingonly quantizationwhile incurringno increasein word er-
ror rate. It is seenhowever that pruning the languagemodel
to a size much below 18Mb resultsin a rapid degradationin
performancefor this particularlanguagemodel. Whenquan-
tization is applied to the pruned languagemodels the fewer
the quantizationlevels used,the greaterthe compression but
alsothegreaterthecorresponding degradationin performance.
Nonetheless,thecombinationof pruninga languagemodel fol-
lowedby quantizationof theparametersresultsin greatercom-
pressionfor afixedperformancethaneithermethodcanachieve
by itself. Furthermore,for a givennumberof parametersaddi-
tionalcompression canbeachievedby quantizationwith amin-
imal lossin performance. For example,our languagemodelcan
be compressed by an additional20% from 12.6Mb to 10.3Mb
for only a 0.4%degradationin word errorrate.

An interestingobservation is thatgreaterresolutionin terms
of thenumberof quantizationlevelsis requiredby theloweror-
der parameters(bigramsand bigram back-off weights)as the
degreeof pruningis increased.Theexplanationfor this lies in
thefactthatasa modelis prunedmoreseverelytherearefewer
bigramsandtrigramsleft andconsequentlythemodelwill need
to back-off more frequently. Backed-off estimatescompound
thequantizationerrorsin theback-off weightsandlower-order
parametersresultingin greateroverall error in the probability
estimates. As a result it becomes important to decreasethe
quantizationerror in lower-orderparameters.Thusthe results
obtainedwith 4-bit quantizationof unigramparameterswere
observedto beworsethanwhen8-bit quantizationwasused.At
extremelevelsof pruning, however, thetotal numberof param-
etersbecomessmallersotheaveragequantizationerroractually
decreasesresultingin lower degradationdueto quantization.

We observe also that entropy-basedpruning reducesthe
sizeof thelanguagemodelby upto 76%with nolossin recogni-
tion accuracy. This is becausethecriterion for pruning is such
that removing parametershasa minimal effect on the entropy

of the languagemodel. In contrast,the Lloyd-Max algorithm,
which yielded the leastdegradationin performance, is based
on minimisingthesquarederrorbetweenthequantizedandun-
quantizedlanguagemodels.Sincethereexistsa correlationbe-
tweenthe averagequantizationerror and word error rate, we
believe that thedegradationin recognition performancecanbe
minimisedfurtherthroughtheapplicationof betterquantization
methods. Indeedwe hypothesisethat a quantization method
basedon minimising the effect of quantizationon the entropy
of the languagemodelwould significantly reduceany perfor-
mancedegradation.

7. Conclusion
In this paperwe have comparedtheperformance of a language
modelagainsttheextentof thecompressionapplied.Compres-
sion wasachieved throughquantizingparameters,pruning pa-
rametersandcombinationsof quantizationandpruning. It was
shown thatpruninga language modelfirst andthenquantizing
theparametersgave superiorcompressionfor a givenword er-
ror rate than employing either quantizationor pruning alone.
Through this combinationa broadcastnews language model
wascompressedby up to 83% to only 12.6Mb for no loss in
performanceon a broadcastnews task. Compressingthe lan-
guagemodelfurtherby quantizationto 10.3Mb resultedin only
a 0.4%degradationin word error ratewhich is betterthancan
beachievedthrough entropy-basedpruningalone.
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