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ABSTRACT

It isimportantto produceautomaticspeectrecognition(ASR)
systemsthat use as few computationaland memory resources
as possible,especiallyin low-memory/lav-pover ervironments
suchas for personaldigital assistants.One way to achie/e this
is through parameterquantization. In this work, we compare
a variety of novel subvector clusteringproceduredor ASR sys-
tem parametequantization. Speci cally, we look at systematic
data-drvensubrectorselectiortechniquedasedon entrogy mini-
mization,andcompareperformancen a 150-word isolatedword
speechrecognitiontask. While the optimal entrogy-minimizing
quantizatiormethodsareintractable we shav thatalthoughsev-
eral of our heuristictechniquesare elaboratein their attemptto
approximatethe optimal clustering,a simple scalarquantization
schemausingseparateodebookperformsremarkablywell.

1. INTRODUCTION

For certain applications, automatic speechrecognition (ASR)
will undoubtedlbecomehedominanthuman-computenterface
methodology For example,whene&er handsare occupied(e.g.,
while driving), or where hand-basednterfacesare bulky (using
personaldigital assistance¢PDAs) or cell phones),ASR ulti-
matelywill succeed.Indeed,ASR is increasinglyusedon hand-
helddevices[8] — somePDA-basedASR systemsrestartingto
appearcommerciallysuchasthe IBM personalspeechassistant
[3] andthe Microsoft MiPad[5] (othersarelistedin [8]).

Comparedo their wired brethren,theseportablecomputing
devices invariably have limited computationaland memory re-
sourcesand strict power consumptionconstraints. Therefore,as
more functionality is pushedinto and better performances de-
mandedof portableASR systemsjt becomesrucial to investi-
gatepower saving techniquesSeveralapproachesanachie/e this
goalsuchasvoltagemodulationcomputatioreduction optimiza-
tion for specialapplicationgsmallvocalulary recognition),mod-
ied decodingalgorithms,and low-memory consumption. The
lastapproachaddressethe problemof limited storagg(ASR sys-
temsusea signi cant amountof memoryto storeparametersyp-
ically meansandvariancesf multivariate Gaussiardistributions
or vectorquantizeccodebooks)thehigherpower consumptioras-
sociatedwith highermemoryusageandprocessomemorytrafc
[11], andcomputatior{10].

A simpleyet effective way to reducethe requiredresources
with little effecton performancas to usefewer bits perparameter
This is doneby furtherquantizingnumericalrepresentationgell
belawv thetypically 32 or 64 bits perparameteusedwith the [EEE

oating point standard.In the past,severaltechniquesave been
usedto achieve suchquantization.Scalarquantizatior{12] jointly
clustersthe individual elementof parametewectors(meansand
diagonalcovariances)n orderto achieze lower memoryrequire-
ments. Moreover, subvectorclusteringand quantizatiorhasbeen
appliedto this problem[10]. In mostcaseshowever, thechoiceof
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the subrectorsusesknowledgeonly of the type of featuresused,;
for exampleclusteringMFCC's asonesulvector the rst deriva-
tivesasa secondsulvector or groupingeachMFCC with its 1st
and2nd derwatives. In [2], 2-dimensionakulvectorsareformed
usinga greedyalgorithmthatchoosegpairsthataremoststrongly
correlated.

In thispaperwe evaluateandcompareavarietyof novel meth-
odsfor sub-\ectorquantizationof parameter®f continuousden-
sity hiddenMarkov model(HMM) ASR systemsSpeci cally, we
look at systematicdata-drven vector clusteringtechniquesased
on entrofy minimization (equivalently mutualinformation maxi-
mization),andcomparetheir performancen a 150-word isolated
word speechrecognitiontask [9]. While the optimal entroyy-
minimizing quantizationmethodis intractable,we shov that al-
thoughserveral of our heuristictechniquesare elaboratein their
attemptto approximatehe optimal clustering simplescalarquan-
tizationusingseparateodebookperparameteperformssurpris-
ingly well.

In section2, we describeour quantizatioralgorithmsandthe
subvectorquantizatiortechniquesSection3 describeshe speech
corpususedand the experimentalsetup. In section4 we shav
thememory-performanceadeof resultsof our experiments Sec-
tion 5 discussesheresultsandconcludes.

2. CLUSTERING ALGORITHMS

In the generalproblemof sub-\ector quantization,we are given

to be quantizedin someway. In this work, the N v(V's con-
sist of the N meansor N diagonal covariance matricesin a
Gaussian-mixturelMM-basedASR systemt In sub-\ectorquan-
tization, one decidesuponM subsetd C; g, of the index set

S=112:::,89, whereC; S andwhereC; \ Cn = ; for
allj 6 mand j C; = S. For eachof thesesub-\ectors,there
areK codewords.Thismeanghatthegoalisto nd thefunctions
M; 1 Kk

fcj(vgi)):véj 0 | K; 8i

wherevgj) is apartitionof thevectorv(") correspondingo theele-

mentswithin C; , andwherevg, isthek™ codeword for thatpar

tition. Notethatif jCjj = 1 8], thenthis correspondso element-
wisescalarquantizationandif jC;j = D (implyingthatM = 1),

thenthis correspondso full vectorquantization.Anything in be-
tween,we will referto assubvectoruantization.In this general
schemeary vectorelemenimaybeclusteredwith ary setof other
vectorelements.The overall goalis to nd the numberof clus-
tersM , theclustersthemselesf C; gj“"zl satisfyingthe above, the
code-booksizeK (assumedo be the samefor eachcluster),and
thequantizatiorfunctionf f ¢; ( )g,-’\":l . Theabove quantitiesneed
to be found suchthat both the total memoryand computatiorre-

quiredis minimized,andalsosuchthattheword errorrate(WER)

1In this work, we alwaysquantizemeansandvarianceseparately



increasgrelative to a baselinewithout quantization)s at a mini-
mum. Becauseahesetwo minimizationcriteriaareindependently
optimizable,we reportresultsas two-dimensionaplots shaving
WER vs. total spacerequired(equivalently numberof bits perpa-
rameter).Plotswhich arebothlower andto theleft arepreferable.

We further distinguishbetweentwo quantizationstyles, dis-
joint vs. joint quantization. Disjoint quantizationis described
above. With joint quantizationdifferentclustersarequantizedo-
getherusingthe samecodebook, meaninghatwe formthelL sets
fC-g", de ning tkesetof setsC
C\G =; and
goalisto nd thememory-sizeandWER minimizing functions

fe (vg;)) =vE 8Cj2G; 1 k K; 8i
suchthatjCij = jC;j, 8C;i;C;j 2 C (i.e.,clustersof differentsize
cannotbe quantizedogether)wherevk. isthek™ codeword for
clustergroup .

From the above, we seethat thereare broadly two separate
issuesto solve. The rst is how to selectthe numberM andset
of subvectorsf C; g,-"":l , whatwe call the clusteringproblem.The
secondssueis how to performthequantizatioroncetheclustering
hasbeenchosenln thispaperweonly addresshe rst issue.This
is becausen a preliminarystudy we investicatedseveral quanti-
zation proceduresncluding LBG [7], LVQ [6] andthe K-means
algorithm.We foundthatthe choiceof the quantizatioralgorithm
haslittle effectonthe nal WER. Thereforeall of our sub-\ector
clusteringexperimentaiseasimplehierarchicahuantizatioralgo-
rithm similarto LBG meaningthatcodewordsareiteratively split
andadjustedo minimizedistortion(Euclidiansquaredistance).

2.1. Vector, scalar, and composedquantization

Vectorandscalarquantizatiorarede ned in the previous section.
We alsode ne a methodwe refer to as composedjuantization,
wherewe rst quantizethe datavectorsusingvectorquantization,
thenquantizethe scalarf thequantizedrectorsusingjoint scalar
quantization.

In all our experiments,we computememory usageas fol-
lows: we denotethe vector quantizationresolutionlevel by Quec
andscalarquantizationlevel by gsca thenthe storageneededor
vectorquantizatioris2 (gec N + 2% D 32) bits,where
thefactor2 is dueto the quantizatiorof boththe meansandvari-
ancesThe rst termin thesumcorrespond# thestorageequired
for theindicesto thequantizeddata. Thesecondermcorresponds
to the size of the codebook. We assume32 bits areusedfor un-
qguantizedscalarsFor joint scalarquantizationthememoryusage

is2 (gsca N D+ 2%2 32)bits. Fordisjointscalamuantiza-
tion,thememoryusagés2 (Gsca N D+2%2 D 32)bits.
For composedjuantization?2 (gyec N + 2% D Cga +

2% 32) bits arerequired.Notethatthe tablesizetermgrows
exponentiallywith the numberof quantizatiorbits.

2.2. Subvector quantization

Supposinghatv(") is a samplefrom arandomvariableV dravn
from somedistribution p(v), the bestquantization(in terms of
numberof bits perparameteryve canhopeto achieve withoutary

H () is theentropy function. Moreover, assumingufcient sam-

plesv(? (i.e.,thatN is large),it canbeshavn by thelaw of large
numbershatvectorquantization(i.e., M = 1) is optimalin 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 the parameterectors.Secondthe cost
of storingthe codebooktablesbecomegprohibitive asthenumber
of bits perquantizedrectorgyec increasesSubvectorquantization,
therefore,is an attemptto achieve betterthanscalarquantization
while avoiding the problemsmentionedabore.

Fixing a particularclusteringf C; g'.; , the fewestnumberof
bits perparametepos§_iblajndertheidealsub-\ectorquantization
schemas givenby Mi jM:1 H (Vc,; ). We expectthatbelow this
amountWER would begin to increasedramatically For example,
with scalarquantizationge would nothopeto quantizewithouter
ror at arything lessthan i H (V; )=D bits perparameterMore-
over, usingentropicinequalitied4], it canbe shawvn that:

X »
HV)=D 17 H(V,) =

i=1 i=1

H(V))

Therefore aninherenttradeof exists: we preferlarge clustersup
to the pointwherethelimited amountof dataavailableto perform
the multi-dimensionakub-\ectorquantizatiorandthe size of the
tablesbecomesninhibiting factor

An additional problemis that designingthe best clustering
fC gj""zl is a hopelesslyintractableproblem. Even in the case
wherejC;j = 2, nding the optimal clusteringhas exponen-
tial cost. One existing approachthereforeis to manually di-
vide the parameterénto subsetdasedon prior knowvledgeof the
vector elements[10]:for example,it might be arguedintuitively
thatthejoint entropiesH (MFCC9, H (deltag, H (doubledelta3,
H (log enegy) will besmall. In [2], agreedyalgorithmis usedto

nd M = 13clustersthathave low entroy.?

In thecasewhereC; = 2 8j, minimizing entropy is equiva-
lentto maximizingpairwisemutualinformation,asseerusing[4]
theformulaH (Vim ;Vh) = H(Vm)+ H(WVh) 1 (Vm; Va), where
I (Vi ; Vi) is themutualinformationbetweenv,, andV,. More-
over, standardinearcorrelationis anapproximatiorto mutualin-
formation[4]. Thereforethe morejointly correlatedthe compo-
nentsof a subvector the smallerthe entrogy will be, meaningthe
distortion betweenthe quantizedand unquantizedsubvector will
beminimized.

We canview the D -dimensionaparameterasaD -nodefully
connectedveightedundirectedgraph, wherethe weight of each
edgedenoteghe mutualinformation (or correlation)betweerthe
correspondingrodes. Clusteringthereforecan be seenas nd-
ing agraphM -partition,wherenodeswithin eachpartitionareas
correlatedaspossible and nodesbetweendifferentpartitionsare
relatively independent.

Basedon the above, in this paperwe explore variousnovel
data-drvenclusteringtechniquesThebasicclusteringalgorithms
aredescribedelow:

2.2.1. Greedyn Pair

In this rst algorithm, which we call Greedyn Pair (wheren is
a parameter)we perform a tree searchwith branchingfactorn.
Thenodesof thetreearepairsof vectorelementgsothatjC;j =
2 8j,andM = D=2) with therestrictionthatno two nodeson
the pathfrom the root of the treeto a leaf may containthe same
element. The n childrenof a nodearethetop n ranked pairsin
termsof mutualinformationbetweerthetwo correspondingector
elementsGiventhediscussiorin the previous section the goalis
to nd the pathfrom root to leaf that hasthe maximumsum of
all the mutualinformationvaluesof the pairsalongthe path. This
algorithmis summarizeasfollows:

2Actually, they [2] nd clusterpairsthatare highly correlated an ap-
proximationto low entrogy asshavn in the next paragraph.



1. Sortthenodesin decreasingveight

2. Recursiely, nd the node that maximizesthe sum of its
weightandtheweightof the bestpathbelaw it.

3. Assigneachnodein the pathwith the maximumweightto a
2-d subvector

2.2.2. Greedya Triplet

Theabove algorithmcanbegeneralizedo thecasewherethetree-
nodescanhave morethantwo elementqjC;jj = 3), atechnique
we call Greedya Triplet. In the procedurewve implementedthe
measuredf mutualdependencwithin elementf a clusteris the
averagepair-wise mutual information betweenall pair of scalar
elementsOtherthanthedifferentsizeof theclusterstheselection
algorithmis thesameasGreedy1 pair.

2.2.3. Maximumclique quantization

The previous schemesrequire a uniform subvector size (i.e.,
iCij = jC;jj 8i 6 ]) eventhoughsmalleror larger sutvectors
might exhibit a higher degree of correlation(and therebybetter
overall quantization).In our maximum-cligueschemewe adopt
a structuralapproactin which the dependenggraphdescribedn
Section2.2 is prunedsothat only a percentag®f the edgeswith
weightsabose somethresholdremain. A maximumclique nd-
ing algorithmis thenappliedto the sparsegraph. Whenthereare
two overlappingcliques,the onewith the maximumaveragemu-
tual informationis choserandits elementsareremoved from the
graph.

2.2.4. Joint quantization

The discussionabore assumedlisjoint quantizationwhereeach
subvectoris clusteredusinga separateodebook. The alternate
schemas to quantizesubvectorsof the samesizejointly, the mo-

tivationbeingthata betterclusteringmight be achieved giventhat
moredatais available per subvectorandthat differentsubvectors
could have overlappingvalueranges. To ensurethis is the case,
we normalizeall vectorelementgo have the samemeanandvari-

ance,applythejoint quantizationalgorithm,andthencorvert the

guantizedrectorshackto vectorswith theoriginalmeansandvari-

ances.This provedto work betterthanjoint quantizatiorwithout

normalization

3. DATABASE

In all experimentsreported in this work, we use NYNEX
PHONEBOOK, a phonetically-rich, isolated-vord, telephone-
speectdatabase[P Speecltdatais representedising12 MFCCs
plusco andtheir deltasresultingin ad = 26 elementeaturevec-
tor every 10ms. The training andtestsetsareasde ned in [1].
Testwordsdo not occurin the training vocalulary, so testword
modelsare constructedisingphonemodelslearnedduring train-
ing. Strictly left-to-right transitionmatriceswereusedexceptfor
an optional beginning and endingsilencemodel. Four statesper
phonewereusedleadingto atotal of 165 hiddenstatespusingthe
dictionarycontainedwith the PHONEBOOK distribution.

In our results,we quantizeonly the meansand variancesof
Gaussiardistributions which are usedto model the stateoutput
probabilitiesin a continuousdensityHMM. Mixture coefcients
areleft unquantizedQuantizingthemneitherachievessigni cant
memorysavingssincethey accounfor lessthan5% of thenumber
of meansor variancesor doessuchan operationaffect WER in
a signi cant way. Thereare a total of 1900 meanand variance
vectorsJeadingto 1900 26 2 = 9880032-bitscalardor both
themeansandvariances.

4. RESULTS

In this section,we evaluatethe various clusteringmethodsthat
weredescribedn previoussections.

4.1. Vector, composedscalar, and disjoint scalar

Figure 1 shawvs a comparisorbetweenvector composedscalar
and disjoint scalarclusteringmethods. The single crossat the
right of the plot shavs baselingperformancewith no quantization
(meaning32-bitsper parameteranda memorycostthat doesnot
requireatable). As canbe seenthe scalarquantizationschemes
(bothjoint anddisjoint) performsigni cantly betterthaneitherthe
vector or the composedschemes.Scalarquantizationusesonly
15.7%o0f thememoryof thebaselineput hasa 2.55%WER (only
a 5.0% relative increaseover the baseline). Composedjuantiza-
tion alleviatesthetablesizeproblemwhich penalizesrectorquan-
tization, but still doesnotbeatscalarquantization.

It is alsoworth noting that althoughdisjoint scalarquantiza-
tion might seemto requiremore memorythanjoint quantization,
disjoint achieve a WER of about2.65% with just 3 bits per pa-
rameter(9.8%of thebaselinenemory),and2.46%with just4 bits
(13.3%o0f thebaselinenemory).
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Fig. 1. Comparisorbetweenvector composedjoint scalarand
disjointscalarquantization.

Theremainingresultswe reportareall presentedogetherin
Figure2.

The top-left of the gure shavs a comparisonof Greedyl
pair, disjointscalarandarandomprocedurédclusterpairsarecho-
senrandomly). From the results,we seethat the 2-dimensional
sulvectorselectedy Greedy-lalgorithmdoesdobetterthanthose
selectedandomly althoughit doesnot outperformdisjoint scalar
quantizationprobablybecauseGreedy-1pair is only a heuristic.
The plot doesshav thatthereappeargo be anadwantagein clus-
teringcorrelatecelementdogetheyasis expected.

Thetop-middleof Figure2 compareshe GreedyN pair pro-
cedurewith N = 1andN = 6. ForN 2 f3;4;5;6g the clus-
teringresultswereexactly the samewhich is why we reportonly
thesetwo casesAs canbe seentheredoesnot seemto bea clear
adwantageof Greedy6 pair over Greedyi pair. In facttheresult-
ing entrofy sumswere almostidentical. While it might be that
GreedyN pairfor N > 6 would achieve a betterclustering,the
computationatostquickly becomegprohibitive.

The top-right of the gure shavs a comparisonbetween
Greedy1 paircomputedusingsimplelinearcorrelationandanap-
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Fig. 2. Variouscomparisorbetweerclusteringschemes.

proximationto true mutual-information.It is safeto saycorrela-
tionis sufcient, probablybecaus¢heamountof data(N = 1900
is notlargeenoughto produceareliableestimateof moreaccurate
mutual-informatiorapproximations.

Thebottom-leftof Figure2 compareslisjointscalargreedyi
pair, andgreedyA triplet. Theresultsshav thatusingthis heuris-
tic, clustersof sizethreejC; j = 3 do notperformbetterthansim-
ple disjoint scalarquantization,again presumablyeitherbecause
of datasparsityissuegsmallN ) or clusteringapproximations.

Thebottom-middleof the gure comparedlifferentthresholds
for themaximumcliquestratgy. Thethresholdsve choosen this
experimentis 4% and8%, meaningve keepeither4%or 8% of the
highestweightedgesn thegraph.Onceagain, the performances
no betterthandisjoint scalarquantization.In further experiments
(notshavnin theplot), we nd thatdifferencearenggligible with
a thresholdrangingbetweend% and 15%, andthat quantization
getsworsewhenthethresholds increasedurther

Lastly, in the bottom-rightof the gure, we compargoint vs.
disjointquantizatiorfor two differentclusteringmethodgscalaras
in Figurel, andgreedy pair). As canbeseenpothdisjointscalar
quantizatiordoesbetterthanjoint scalaranddisjointgreedy-Ipair
guantizatiordoesbetterthanjoint greedy-1pair. Thisleadsusto
the conclusionthatthe disjoint quantizatiormethodgwhereeach
clusterhasits own codebook) are advantageouseven given po-
tentialdata-sparsityssues.

5. DISCUSSION

Theresultsabore evaluatea numberof novel method<for produc-
ing subvectorbasedparameteguantizationsn Gaussian-mixture
HMM-basedASR systemsWe nd thatthedisjointscalamethod
is the bestoverall methodologybeatingthe muchmoreelaborate
heuristicsthat use, for example, mutual information, correlation
andmaximumcliquediscovery. In futurework, we planto inves-
tigate additional clusteringand quantizationschemesn orderto
improve resultsfurther
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