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ABSTRACT

It is importantto produceautomaticspeechrecognition(ASR)
systemsthat use as few computationaland memory resources
as possible,especiallyin low-memory/low-power environments
suchas for personaldigital assistants.One way to achieve this
is through parameterquantization. In this work, we compare
a variety of novel subvector clusteringproceduresfor ASR sys-
tem parameterquantization. Speci�cally, we look at systematic
data-drivensubvectorselectiontechniquesbasedonentropy mini-
mization,andcompareperformanceon a 150-word isolatedword
speechrecognitiontask. While the optimal entropy-minimizing
quantizationmethodsareintractable,we show thatalthoughsev-
eral of our heuristictechniquesare elaboratein their attemptto
approximatethe optimal clustering,a simplescalarquantization
schemeusingseparatecodebooksperformsremarkablywell.

1. INTRODUCTION

For certain applications, automatic speechrecognition (ASR)
will undoubtedlybecomethedominanthuman-computerinterface
methodology. For example,whenever handsare occupied(e.g.,
while driving), or wherehand-basedinterfacesare bulky (using
personaldigital assistances(PDAs) or cell phones),ASR ulti-
matelywill succeed.Indeed,ASR is increasinglyusedon hand-
helddevices[8] — somePDA-basedASR systemsarestartingto
appearcommerciallysuchas the IBM personalspeechassistant
[3] andtheMicrosoftMiPad[5] (othersarelistedin [8]).

Comparedto their wired brethren,theseportablecomputing
devices invariably have limited computationaland memory re-
sourcesandstrict power consumptionconstraints.Therefore,as
more functionality is pushedinto and betterperformanceis de-
mandedof portableASR systems,it becomescrucial to investi-
gatepowersaving techniques.Severalapproachescanachievethis
goalsuchasvoltagemodulation,computationreduction,optimiza-
tion for specialapplications(smallvocabulary recognition),mod-
i�ed decodingalgorithms,and low-memoryconsumption. The
lastapproachaddressestheproblemof limited storage(ASR sys-
temsuseasigni�cant amountof memoryto storeparameters,typ-
ically meansandvariancesof multivariateGaussiandistributions
or vector-quantizedcodebooks),thehigherpowerconsumptionas-
sociatedwith highermemoryusageandprocessormemorytraf�c
[11], andcomputation[10].

A simpleyet effective way to reducethe requiredresources
with little effectonperformanceis to usefewerbitsperparameter.
This is doneby furtherquantizingnumericalrepresentationswell
below thetypically 32or 64bitsperparameterusedwith theIEEE
�oating point standard.In thepast,several techniqueshave been
usedto achievesuchquantization.Scalarquantization[12] jointly
clustersthe individual elementsof parametervectors(meansand
diagonalcovariances)in orderto achieve lower memoryrequire-
ments.Moreover, subvectorclusteringandquantizationhasbeen
appliedto thisproblem[10]. In mostcases,however, thechoiceof
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the subvectorsusesknowledgeonly of the type of featuresused;
for exampleclusteringMFCC's asonesubvector, the �rst deriva-
tivesasa secondsubvector, or groupingeachMFCC with its 1st
and2ndderivatives. In [2], 2-dimensionalsubvectorsareformed
usinga greedyalgorithmthatchoosespairsthataremoststrongly
correlated.

In thispaper, weevaluateandcompareavarietyof novelmeth-
odsfor sub-vectorquantizationof parametersof continuousden-
sity hiddenMarkov model(HMM) ASRsystems.Speci�cally, we
look at systematicdata-driven vectorclusteringtechniquesbased
on entropy minimization(equivalently mutual informationmaxi-
mization),andcomparetheir performanceon a 150-word isolated
word speechrecognitiontask [9]. While the optimal entropy-
minimizing quantizationmethodis intractable,we show that al-
thoughseveral of our heuristictechniquesare elaboratein their
attemptto approximatetheoptimalclustering,simplescalarquan-
tizationusingseparatecodebooksperparameterperformssurpris-
ingly well.

In section2, we describeour quantizationalgorithmsandthe
subvectorquantizationtechniques.Section3 describesthespeech
corpususedand the experimentalsetup. In section4 we show
thememory-performancetradeoff resultsof ourexperiments.Sec-
tion 5 discussestheresultsandconcludes.

2. CLUSTERING ALGORITHMS

In the generalproblemof sub-vectorquantization,we aregiven
N vectorsv( i ) ; i = 1; : : : ; N eachof dimensionD , which are
to be quantizedin someway. In this work, the N v( i ) s con-
sist of the N meansor N diagonal covariancematricesin a
Gaussian-mixtureHMM-basedASRsystem.1 In sub-vectorquan-
tization, onedecidesuponM subsetsf Cj gM

j =1 of the index set

S �= f 1; 2; : : : ; D g, whereCj � S andwhereCj \ Cm = ; for
all j 6= m and

S
j Cj = S. For eachof thesesub-vectors,there

areK codewords.Thismeansthatthegoalis to �nd thefunctions

f C j (v( i )
C j

) = �vk
C j 0 � j � M ; 1 � k � K ; 8i

wherev( i )
C j

is apartitionof thevectorv( i ) correspondingto theele-

mentswithin Cj , andwhere�vk
C j

is thek th codeword for thatpar-
tition. Notethatif jCj j = 1 8j , thenthis correspondsto element-
wisescalarquantization,andif jCj j = D (implying thatM = 1),
thenthis correspondsto full vectorquantization.Anything in be-
tween,we will refer to assubvectorquantization.In this general
scheme,any vectorelementmaybeclusteredwith any setof other
vectorelements.The overall goal is to �nd the numberof clus-
tersM , theclustersthemselvesf Cj gM

j =1 satisfyingtheabove, the
code-booksizeK (assumedto bethesamefor eachcluster),and
thequantizationfunctionf f C j (�)gM

j =1 . Theabovequantitiesneed
to be foundsuchthatboth the total memoryandcomputationre-
quiredis minimized,andalsosuchthattheworderrorrate(WER)

1In thiswork, wealwaysquantizemeansandvariancesseparately.



increase(relative to a baselinewithout quantization)is at a mini-
mum. Becausethesetwo minimizationcriteriaareindependently
optimizable,we report resultsas two-dimensionalplots showing
WER vs. total spacerequired(equivalentlynumberof bits perpa-
rameter).Plotswhicharebothlowerandto theleft arepreferable.

We further distinguishbetweentwo quantizationstyles,dis-
joint vs. joint quantization. Disjoint quantizationis described
above. With joint quantization,differentclustersarequantizedto-
getherusingthesamecodebook,meaningthatweform theL sets
fC` gL

` =1 de�ning thesetof setsC̀ � f C1 ; C2 ; : : : ; CM g suchthat
C̀ \ Cn = ; and

S
` C̀ = f C1 ; C2 ; : : : ; CM g. In this case,the

goalis to �nd thememory-sizeandWERminimizing functions

f C` (v( i )
C j

)) = �vk
C`

8Cj 2 C̀ ; 1 � k � K ; 8i

suchthatjCi j = jCj j, 8Ci ; Cj 2 C̀ (i.e.,clustersof differentsize
cannotbequantizedtogether),where�vk

C`
is thek th codeword for

clustergroup`.
From the above, we seethat thereare broadly two separate

issuesto solve. The �rst is how to selectthe numberM andset
of subvectorsf Cj gM

j =1 , whatwe call theclusteringproblem.The
secondissueis how to performthequantizationoncetheclustering
hasbeenchosen.In thispaper, weonly addressthe�rst issue.This
is becausein a preliminarystudy, we investigatedseveralquanti-
zationproceduresincluding LBG [7], LVQ [6] andthe K-means
algorithm.We foundthatthechoiceof thequantizationalgorithm
haslittle effect on the�nal WER.Therefore,all of our sub-vector
clusteringexperimentsuseasimplehierarchicalquantizationalgo-
rithm similar to LBG meaningthatcodewordsareiteratively split
andadjustedto minimizedistortion(Euclidiansquareddistance).

2.1. Vector, scalar, and composedquantization

Vectorandscalarquantizationarede�ned in theprevioussection.
We also de�ne a methodwe refer to as composedquantization,
wherewe �rst quantizethedatavectorsusingvectorquantization,
thenquantizethescalarsof thequantizedvectorsusingjoint scalar
quantization.

In all our experiments,we computememory usageas fol-
lows: we denotethe vectorquantizationresolutionlevel by qvec

andscalarquantizationlevel by qsca thenthe storageneededfor
vectorquantizationis 2� (qvec � N + 2qvec � D � 32) bits,where
thefactor2 is dueto thequantizationof boththemeansandvari-
ances.The�rst termin thesumcorrespondsto thestoragerequired
for theindicesto thequantizeddata.Thesecondtermcorresponds
to thesizeof thecodebook. We assume32 bits areusedfor un-
quantizedscalars.For joint scalarquantization,thememoryusage
is 2� (qsca � N � D + 2qsca � 32) bits. For disjointscalarquantiza-
tion, thememoryusageis 2� (qsca � N � D + 2qsca � D � 32) bits.
For composedquantization,2 � (qvec � N + 2qvec � D � qscal +
2qscal � 32) bits arerequired.Notethat thetablesizetermgrows
exponentiallywith thenumberof quantizationbits.

2.2. Subvector quantization

Supposingthatv( i ) is a samplefrom a randomvariableV drawn
from somedistribution p(v), the bestquantization(in termsof
numberof bitsperparameter)wecanhopeto achievewithoutany
penalty is given by H (V )=D = H (V1 ; V2 ; : : : ; VD )=D where
H (�) is theentropy function. Moreover, assumingsuf�cient sam-
plesv( i ) (i.e., thatN is large),it canbeshown by thelaw of large
numbersthatvectorquantization(i.e., M = 1) is optimal in that
it will minimize the overall distortion betweenthe original and
the quantizeddata. Thereare two problems,however, with this
schemein practice. First, thereis rarely enoughdatagiven the

high dimensionalityD of theparametervectors.Second,thecost
of storingthecodebooktablesbecomesprohibitiveasthenumber
of bitsperquantizedvectorqvec increases.Subvectorquantization,
therefore,is an attemptto achieve betterthanscalarquantization
while avoiding theproblemsmentionedabove.

Fixing a particularclusteringf Cj gM
j =1 , the fewestnumberof

bitsperparameterpossibleundertheidealsub-vectorquantization
schemeis givenby 1

M

P M
j =1 H (VC j ). We expectthatbelow this

amountWER would begin to increasedramatically. For example,
with scalarquantizationwewouldnothopeto quantizewithouter-
ror at anything lessthan

P
j H (Vj )=D bits perparameter. More-

over, usingentropicinequalities[4], it canbeshown that:

H (V )=D �
1
D

MX

j =1

H (VC j ) �
1
D

DX

j =1

H (Vj )

Therefore,an inherenttradeoff exists: we preferlargeclustersup
to thepointwherethelimited amountof dataavailableto perform
themulti-dimensionalsub-vectorquantizationandthesizeof the
tablesbecomesaninhibiting factor.

An additionalproblem is that designingthe best clustering
f Cj gM

j =1 is a hopelesslyintractableproblem. Even in the case
where jCj j = 2, �nding the optimal clusteringhas exponen-
tial cost. One existing approachthereforeis to manually di-
vide theparametersinto subsetsbasedon prior knowledgeof the
vectorelements[10]:for example,it might be arguedintuitively
thatthejoint entropiesH (MFCCs), H (deltas), H (doubledeltas),
H (log energy) will besmall. In [2], a greedyalgorithmis usedto
�nd M = 13 clustersthathave low entropy.2

In thecasewhereCj = 2 8j , minimizing entropy is equiva-
lent to maximizingpair-wisemutualinformation,asseenusing[4]
theformulaH (Vm ; Vn ) = H (Vm ) + H (Vn ) � I (Vm ; Vn ), where
I (Vm ; Vn ) is themutualinformationbetweenVm andVn . More-
over, standardlinearcorrelationis anapproximationto mutualin-
formation[4]. Therefore,the morejointly correlatedthe compo-
nentsof a subvector, thesmallertheentropy will be,meaningthe
distortionbetweenthe quantizedandunquantizedsubvectorwill
beminimized.

Wecanview theD -dimensionalparametersasaD -nodefully
connectedweightedundirectedgraph,wherethe weight of each
edgedenotesthemutualinformation(or correlation)betweenthe
correspondingnodes. Clusteringthereforecan be seenas �nd-
ing a graphM -partition,wherenodeswithin eachpartitionareas
correlatedaspossible,andnodesbetweendifferentpartitionsare
relatively independent.

Basedon the above, in this paperwe explore variousnovel
data-drivenclusteringtechniques.Thebasicclusteringalgorithms
aredescribedbelow:

2.2.1. Greedy-n Pair

In this �rst algorithm,which we call Greedy-n Pair (wheren is
a parameter),we performa treesearchwith branchingfactorn.
Thenodesof thetreearepairsof vectorelements(sothat jCj j =
2 8j , andM = D =2) with the restrictionthatno two nodeson
the pathfrom the root of the treeto a leaf may containthe same
element.The n childrenof a nodearethe top n ranked pairs in
termsof mutualinformationbetweenthetwo correspondingvector
elements.Giventhediscussionin theprevioussection,thegoalis
to �nd the path from root to leaf that hasthe maximumsumof
all themutualinformationvaluesof thepairsalongthepath.This
algorithmis summarizedasfollows:

2Actually, they [2] �nd clusterpairsthat arehighly correlated,an ap-
proximationto low entropy asshown in thenext paragraph.



1. Sortthenodesin decreasingweight
2. Recursively, �nd the node that maximizesthe sum of its

weightandtheweightof thebestpathbelow it.
3. Assigneachnodein thepathwith themaximumweightto a

2-dsubvector.

2.2.2. Greedy-1 Triplet

Theabovealgorithmcanbegeneralizedto thecasewherethetree-
nodescanhave morethantwo elements(jCj j = 3), a technique
we call Greedy-1 Triplet. In the procedurewe implemented,the
measureof mutualdependency within elementsof a clusteris the
averagepair-wise mutual information betweenall pair of scalar
elements.Otherthanthedifferentsizeof theclusters,theselection
algorithmis thesameasGreedy-1 pair.

2.2.3. Maximumcliquequantization

The previous schemesrequire a uniform subvector size (i.e.,
jCi j = jCj j 8i 6= j ) even thoughsmalleror larger subvectors
might exhibit a higher degreeof correlation(and therebybetter
overall quantization). In our maximum-cliquescheme,we adopt
a structuralapproachin which thedependency graphdescribedin
Section2.2 is prunedso thatonly a percentageof theedgeswith
weightsabove somethresholdremain. A maximumclique �nd-
ing algorithmis thenappliedto thesparsegraph.Whenthereare
two overlappingcliques,theonewith themaximumaveragemu-
tual informationis chosenandits elementsareremovedfrom the
graph.

2.2.4. Joint quantization

The discussionabove assumesdisjoint quantization,whereeach
subvector is clusteredusinga separatecodebook. The alternate
schemeis to quantizesubvectorsof thesamesizejointly, themo-
tivationbeingthata betterclusteringmightbeachievedgiventhat
moredatais availablepersubvectorandthatdifferentsubvectors
could have overlappingvalueranges.To ensurethis is the case,
we normalizeall vectorelementsto have thesamemeanandvari-
ance,apply the joint quantizationalgorithm,andthenconvert the
quantizedvectorsbackto vectorswith theoriginalmeansandvari-
ances.This provedto work betterthanjoint quantizationwithout
normalization

3. DATABASE

In all experiments reported in this work, we use NYNEX
PHONEBOOK, a phonetically-rich, isolated-word, telephone-
speechdatabase[9]. Speechdatais representedusing12 MFCCs
plusc0 andtheir deltasresultingin a d = 26 elementfeaturevec-
tor every 10ms. The training and testsetsareasde�ned in [1].
Testwordsdo not occur in the training vocabulary, so testword
modelsareconstructedusingphonemodelslearnedduring train-
ing. Strictly left-to-right transitionmatriceswereusedexceptfor
an optionalbeginning andendingsilencemodel. Four statesper
phonewereusedleadingto a total of 165hiddenstates,usingthe
dictionarycontainedwith thePHONEBOOK distribution.

In our results,we quantizeonly the meansandvariancesof
Gaussiandistributions which are usedto model the stateoutput
probabilitiesin a continuousdensityHMM. Mixture coef�cients
areleft unquantized.Quantizingthemneitherachievessigni�cant
memorysavingssincethey accountfor lessthan5%of thenumber
of meansor variancesnor doessuchan operationaffect WER in
a signi�cant way. Thereare a total of 1900 meanand variance
vectors,leadingto 1900� 26� 2 = 9880032-bitscalarsfor both
themeansandvariances.

4. RESULTS

In this section,we evaluatethe variousclusteringmethodsthat
weredescribedin previoussections.

4.1. Vector, composed,scalar, and disjoint scalar

Figure1 shows a comparisonbetweenvector, composed,scalar,
and disjoint scalarclusteringmethods. The single crossat the
right of theplot showsbaselineperformance,with noquantization
(meaning32-bitsperparameter, anda memorycostthatdoesnot
requirea table). As canbeseen,thescalarquantizationschemes
(bothjoint anddisjoint)performsigni�cantly betterthaneitherthe
vector or the composedschemes.Scalarquantizationusesonly
15.7%of thememoryof thebaseline,but hasa2.55%WER(only
a 5.0%relative increaseover the baseline).Composedquantiza-
tion alleviatesthetablesizeproblemwhichpenalizesvectorquan-
tization,but still doesnotbeatscalarquantization.

It is alsoworth noting that althoughdisjoint scalarquantiza-
tion might seemto requiremorememorythanjoint quantization,
disjoint achieve a WER of about2.65%with just 3 bits per pa-
rameter(9.8%of thebaselinememory),and2.46%with just4 bits
(13.3%of thebaselinememory).
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Fig. 1. Comparisonbetweenvector, composed,joint scalarand
disjoint scalarquantization.

The remainingresultswe reportareall presentedtogetherin
Figure2.

The top-left of the �gure shows a comparisonof Greedy-1
pair, disjointscalar, andarandomprocedure(clusterpairsarecho-
senrandomly). From the results,we seethat the 2-dimensional
subvectorselectedbyGreedy-1algorithmdoesdobetterthanthose
selectedrandomly, althoughit doesnot outperformdisjoint scalar
quantizationprobablybecauseGreedy-1pair is only a heuristic.
Theplot doesshow that thereappearsto beanadvantagein clus-
teringcorrelatedelementstogether, asis expected.

Thetop-middleof Figure2 comparestheGreedy-N pair pro-
cedure,with N = 1 andN = 6. For N 2 f 3; 4; 5; 6g theclus-
teringresultswereexactly thesame,which is why we reportonly
thesetwo cases.As canbeseen,theredoesnot seemto bea clear
advantageof Greedy-6 pair over Greedy-1 pair. In fact theresult-
ing entropy sumswerealmostidentical. While it might be that
Greedy-N pair for N > 6 would achieve a betterclustering,the
computationalcostquickly becomesprohibitive.

The top-right of the �gure shows a comparisonbetween
Greedy-1 paircomputedusingsimplelinearcorrelationandanap-
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Fig. 2. Variouscomparisonbetweenclusteringschemes.

proximationto true mutual-information.It is safeto saycorrela-
tion is suf�cient, probablybecausetheamountof data(N = 1900)
is not largeenoughto produceareliableestimateof moreaccurate
mutual-informationapproximations.

Thebottom-leftof Figure2 comparesdisjointscalar, greedy-1
pair, andgreedy-1 triplet. Theresultsshow thatusingthis heuris-
tic, clustersof sizethreejCj j = 3 do not performbetterthansim-
ple disjoint scalarquantization,again presumablyeitherbecause
of datasparsityissues(smallN ) or clusteringapproximations.

Thebottom-middleof the�gure comparesdifferentthresholds
for themaximumcliquestrategy. Thethresholdswechoosein this
experimentis 4%and8%,meaningwekeepeither4%or 8%of the
highestweightedgesin thegraph.Onceagain, theperformanceis
no betterthandisjoint scalarquantization.In furtherexperiments
(notshown in theplot), we�nd thatdifferencesarenegligible with
a thresholdrangingbetween4% and15%, andthat quantization
getsworsewhenthethresholdis increasedfurther.

Lastly, in thebottom-rightof the�gure, we comparejoint vs.
disjointquantizationfor twodifferentclusteringmethods(scalaras
in Figure1,andgreedy-1 pair). As canbeseen,bothdisjointscalar
quantizationdoesbetterthanjoint scalaranddisjointgreedy-1pair
quantizationdoesbetterthanjoint greedy-1pair. This leadsusto
theconclusionthat thedisjoint quantizationmethods(whereeach
clusterhasits own codebook) areadvantageous,even given po-
tentialdata-sparsityissues.

5. DISCUSSION

Theresultsaboveevaluateanumberof novel methodsfor produc-
ing subvector-basedparameterquantizationsin Gaussian-mixture
HMM-basedASRsystems.We�nd thatthedisjointscalarmethod
is thebestoverall methodology, beatingthemuchmoreelaborate
heuristicsthat use,for example,mutual information,correlation
andmaximumcliquediscovery. In futurework, we planto inves-
tigateadditionalclusteringandquantizationschemesin order to
improve resultsfurther.
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