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Chapter 1

TEMPLATE MATCHING

1.1 Intr oduction

A well-studiedapproachto automaticspeectrecognitionis basedon the storageof one
or moreacousticpatterngtemplateg for eachword in the recognitionvocahulary. If the
systemis spealer-dependent thenthesewordswill have beenspolen by the intended
user Therecognitionprocesghenconsistof matching the incomingspeechwith stored
templates.

This processhasbeenmostusedfor isolatedword recognition,In that casethe input
speechconsistsof anisolatedwhole word (which hasbeenendpoint detected typically
usinganenegy-basedneasureppndthis word is matchedagainsteachof the storedtem-
plates. The templatewith the lowestdistancefrom the input is the recognisedvord. In
thesenoteswe’ll mainly be consideringsolatedword recognition.

Therearetwo key issueghatneedto be dealtwith to construcianisolatedword recog-
nition systembasedn templatematching:

Features In whatform shouldthe speechdatabe represented®i.e. whatarethe feature
vectors?)

Distances How do we computehedistancedbetweertwo speectpatterns?
Theanswerto the secondjuestioris crucial. It canbebrokendown into two parts:
1. How dowe computethelocal distancebetweertwo featurevectors?

2. How dowe computethe global distancebetweertwo speectpatterngwords)from
thelocal distances giventhatinput word andthetemplatemay have differentdura-
tions/timescales?

1.2 FeatureVectors

The way datais representeds crucialto speectpatternrecognition. As an examplecon-
siderfig. 1.1. This shavs an utterance'She hadyour dark suit in greasywashwaterall
year”spolentwice by thesamespealer, representedsatime-amplitudevaveformandas
aspectrogram.

All the informationin the spectrogranis in the waveform—furtherprocessingwill
never createnew information—Hut the spectrogranseemso containmostof the essential
informationin a “clearer” way. The featureextractionprocessnightthenberegardedas
aninformationreductionprocessn which “irrelevant” informationis thrown away.

Of coursetherearemary possiblefeatureextractionprocesses.g. widebandandnar
rowbandFFTs,auditoryrepresentation.g. basedon gammatondilterbank).



COM326/COM646/COM678 4

Figurel.1l: Waveformandspectrogranmepresentationsf “Shehadyourdarksuitin greasy
washwaterall year” spolenby a malespealer

Figurel.2: FeatureextractionprocessesnarravbandFFT (top), widebandFFT (middle)
andauditoryfilterbankexcitation pattern(bottom).
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Thequestiorof optimalfeatureextractionis nottrivial. If we areinterestedn recogni-
tion, thenanidealfeatureextractormight be onethatproduces string of words(making
therestof therecognizeredundant)!On the otherhand,separatinghe featureextraction
processrom the patternrecognitionprocesss a sensiblehing to do, sinceit enablesisto
encapsulatéhe patternrecognitionprocess.

We shall concernourseheswith frame basedfeatureextraction. Thatis, the feature
analysisconsistsof computinga featurevector at regular intervals. For exampleif we
performa filterbankanalysis thenour featurevectormay consistof the enepiesin each
bandaveragedver (say)20ms.For alinearpredictve analysisghe featurevectorconsists
of the predictioncoeficients(or transformation®f them). A commonfeaturevectortype
usedin speechrecognitionareMel Frequenyg CepstralCoeficients(MFCCs),coveredin
COM325.

1.3 Local Distances

An importantoperationis the comparisorof two input vectors—hav similar arevectors
x andy, or whatis the distancebetweenthem? In speechrecognitionwe often referthe
distancebetweertwo framesof dataasalocal distance with theoveralldistancebetween
aninputword andatemplatereferredto asa global distance

We shall usethe notationd(x,y) for the local distancebetweentwo featurevectors.
Two possiblechoicedfor alocal distancemetricare:

e TheEuclideandistancametric:

th(x,y) = \/(x=)T(x~y) = \/z(xi )2 (1.1)

wherex; is theith elemenbf x andx" signifiesthetransposef x.

¢ TheCity Block or Manhattan distancemetric:

dix,y) = |(x~Y)| = ¥ [(x ~ )| (1.2)

The principal benefitof the City Block metricis thatit is computationallycheapeithan
the Euclideanmetric. The Euclideandistancegivesmoreweightto large differencesn a
singlefeature(relative to smallerdifferencesn all featuresromparedvith the City Block
distance TheEuclideardistancds muchmorefrequentlyused particularlyasit hascertain
theoreticapropertieghatarisewhenit is usedin statistically-basedpeechecognition.

Both thesemetricsmalke theimplicit assumptiorthatindividual elementsof a feature
vectorarenotcorrelatedvith eachother Thisis clearlynotthecasefor a simplefilter-bank
representatior whatgoeson in onechannelis clearly relatedto whatis goingon in the
neighbouringchannel. However cepstralfeaturevectorsdo have uncorrelatecelements;
furthermore,it canbe shavn that using the Euclideandistanceto comparecepstrahas
several“nice” theoreticaproperties.

Finally, therearesomespeectspecificdistanceneasuresOneof thebestknown is the
Itakura distancewhich is usedwith anLPC analysis.This distances similar in concept
to ResiduaExcitedLPC. Essentiallythe distancemeasurés theresidualthatresultsfrom
usingthe LPCfilter derivedfrom onesignalto inversefilter the other

1.4 Global Distances

Speechs atime-dependemrocessSeveralutterancesf thesameword arelikely to have
differentdurations,andutterance®f the sameword with the samedurationwill differ in
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themiddle,dueto differentpartsof the wordsbeingspolen at differentrates.To obtaina
globaldistancebetweernwo speechpatterngrepresentedsa sequencef vectors)atime
alignment mustbe performed.

Thisproblemisillustratedin figure1.4,in which a“time-time” matrixis usedto visual-
izethealignment.As with all thetime alignmentexampleghereferenceattern(template)
goesup the sideandthe input patterngoesalongthe bottom. In this illustrationthe input
“SsPEEhH"is a ‘noisy’ versionof thetemplate'SPEECH”". Theideais that‘h’ is acloser
matchto ‘H’ comparedwith anything elsein the template.Theinput “SSPEEhH"will be
matchedagainsall templatesn the system$repository The bestmatchingtemplates the
onefor whichthereis thelowestdistancgathaligningtheinput patternto thetemplate A
simpleglobaldistancescorefor a pathis simply thesumof local distanceshatgoto make
upthepath.
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Figure 1.3: lllustration of a time alignmentpath betweena templatepattern‘SPEECH”
andanoisyinput“SsPEEhH".

How do we find the best-matchind= lowestglobal distance)pathbetweenaninput
anda template’We could evaluateall possiblepaths— but this is extremelyinefficient as
the numberof possiblepathsis exponentialin the length of the input. Instead,we will
considemwhatconstraintghereareon the matchingprocesgor thatwe canimposeon that
processpndusethoseconstraintdo comeup with anefficientalgorithm. The constraints
we shallimposearestraightforvardandnot very restrictive:

1. Matchingpathscannotgo backwardsin time;
2. Everyframein theinput mustbe usedin a matchingpath;
3. Localdistancescoresarecombinedby addingto give a globaldistance.

For now we will alsoextend(2) to saythatevery framein thetemplateandtheinput must
beusedin amatchingpath. This meanghatif wetakeapoint(i, j) in thetime-timematrix
(wherei indexesthe input patternframe, j the templateframe),thenprevious point must
havebeen(i—1,j—1), (i—1,j) or (i,j — 1) (seefigure 1.4). The key ideain dynamic
programmingis that at point (i, j) we just continuewith the lowestdistancepath from
(I_laj _1)'(|_171) Or(l,]—l)
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This algorithmis known asDynamic Programming (DP). Whenappliedto template-
basedspeechrecognition,it is oftenreferredto asDynamic Time Warping (DTW). DP
is guaranteedo find the lowestdistancepath throughthe matrix, while minimizing the
amountof computation.The DP algorithmoperatesn atime-synchronousmanner:each
columnof thetime-timematrix is consideredn successiorfequivalentto processinghe
input frame-by-frameyothat, for a templateof lengthN, the maximumnumberof paths
beingconsidereditary timeis N.

Exercise.Make sureyou cancorvinceyourselfof this.

If we denotetheglobaldistancescoreupto (i, j) asD(i, j) andthelocal distancescore
at thatpointasd(i, j) , thenwe canexpressdynamicprogrammingusing the following
relation:

D(i,j) =min[D(i—1,j—1),D(i—1,]),D(i,j — )] +d(i, ) (1.3)

GiventhatD(1,1) = d(1,1) (thisis theinitial condition),we have thebasisfor anefficient
recursve algorithmfor computingD(i, j). Thefinal globaldistanceD(n,N) givesusthe
overallmatchingscoreof thetemplatewith theinput. Theinputwordis thenrecognizeds
theword correspondingo the templatewith the lowestmatchingscore.(NotethatN will
bedifferentfor eachtemplate.)

For basicspeechrecognitionDP hasa small memoryrequirementthe only storage
requiredby thesearchasdistinctfrom thetemplates)s anarraythatholdsasinglecolumn
of thetime-timematrix.

Exercise:Show thisis so.

If it is requiredto tracebackalongthe best-matchingpath (ratherthanjust knowing
thescoreattheendof it) thenabacktrace array (or backpointemarray)mustbe keptwith
entriesin thearraypointingto the precedingpointin thatpath.

1.5 Extensionsto BasicDP

Although the basic DP algorithm (1.3) hasthe benefitof symmetry(i.e. all framesin
bothinputandreferencanustbe used)this hasthe sideeffect of penalisinghorizontaland
verticaltransitiongrelative to diagonalones.

EXERCISE: Corvinceyourselfthatthisis soby consideringhedifferentwaysof going
from(i—1,j— 1D to(i,j).

Onewayto avoid this effectis to doublethe contritutionof d(i, j) whenadiagonaktep
is taken. This hasthe effect of chaging no penaltyfor moving horizontallyor vertically
ratherthandiagonally This is alsonot desirablewhy?), soindependenpenaltiesd, and
dy canbeappliedto horizontalor verticalmoves.In this case(1.3) becomes:

D(i,}) = min[D(i — 1, j — 1) + 2d(i, j),D( — 1, j) + d(i, j) + th, D(i, j — 1) + d(i, | ) + o]
(1.4)

Suitablevaluesfor d,, andd, maybe foundexperimentally

This approachwill favour shortertemplatesover longertemplatessoa furtherrefine-
mentis to normalizethefinal distancescoreby templatdengthto redresghe balance.

If we restricttheallowablepathtransitiongo be:

e (i—1,j—2)—(i,]) (skipsatemplateframe—diagonalslope2)
e (i—1,j—1)— (i,]) (usualdiagonal-slopel)
e (i—1,j) — (i, ) (duplicatesatemplateframe— slope0)

thenwe areassumehateachframeof theinput patternis usedonceandonly once. This
meanghatwe candispensavith template-lengtmormalizatiorandit is notrequiredto add
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thelocaldistancean twice for diagonal(slopel) pathtransitions.This approachs referred
to asasymmetric dynamic programming (in contrasto theversionin figure1.4whichis
symmetric).

Dynamic programmingmay be regardedas an efficient algorithmto performan ex-
haustve search Thismeanghatit will alwaysfind the pathwith thelowestglobaldistance
whenmatchingan input with a template,andwill be a lot moreefficient thanexhaustve
search.However, therecanstill bealot of computationparticularlywhentherearemary
templateso comparean input patternagainst. A significantsaving in computationcan
be madeif pruning is employed— this is sometimesalledbeam search. The basicidea
of pruningis very simple: poorly scoringpaths(i.e., thosepathswhoseglobal distanceis
further away from the lowestdistancepathat thattime) are prunedfrom the search.This
is illustratedin figure 1.4. Pruningis a heuristic,which meanst doesnot guaranteghat
thealgorithmwill find theminimumdistancepath.An exampleof this situationis givenin
figure1.5in which theinput patternis very poorly matchedo thetemplateandif pruning
hadbeenemployed,thebestscoringpathwould not have beenfound.

Figure1.4: An exampleof DP searchusingthe asymmetricapproachogethermwith path
pruning.
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Figurel.5: An exampleof DP searchcomparinganinput ("three”) with a dissimilartem-
plate ("eight”). This is an exampleof a casewherethe final lowestdistancepathwould
have beenprunedmid-utteranceThe pathmarkedby crossesvasthelowestdistanceuntil
thefinal frame.
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1.6 ConnectedWord Recognition

Sofarwe have consideredlynamicprogrammingasanalgorithmfor isolatedword recog-
nition. However it is quite possibleto generalizethe algorithmto the caseof connected
word recognition. In this casea point in the searchspaces representedy threeindices
(i, ],k), representingramei of the input, frame j of templatek — unlike isolatedword
recognitionwhereonetemplateis processeét a time, in connectedvord recognitionthe
word templatebeing processeds a variableto keeptrack of (figure 1.6). The bestpath
throughthe word templatesk canbe foundin the sameway asfor isolatedword recogni-
tion. However, the startandendpointsof the templatesarenot known so for every input
framewhenavalid pathreachesheendof atemplatek;, a new templatek; mightbegin.

(i,j,3)

T3
- =

T2

T1

wordl word2 word3

Figurel.6: Dynamicprogrammingor connectedvord recognition.

Theglobal distanceof a pathis keptin the usualway; it is the distancesummedover
all templateshe pathhaspassedhrough,so the distancefor individual templatess not
recorded.This meanghattemplatedurationnormalizationis not possible soasymmetric
dynamicprogrammingshouldbe used.

If pathsthroughtwo (or more)templateseachthetemplateendatthesameframe,then
only oneof thosepathscanbe extendedby startinga new template(figure 1.7).

Exercise:Why is this so?

Which pathshouldbe chosen?The answeliis provided by the dynamicprogramming
principal: choosethe pastwith the lowestglobal distance. We canrepresenthis in the
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following equation:

D(i,1,¢) = mkinD(i —1,len(k),k) (1.5)

wherelen(k) is thelength(index of thefinal frame)of templatek.

(40]
|_
. D(i,1,3)
N |
= :
—
|_
wordl word2 word3

Figure1.7: DP for connectedvord recognitionwhenvalid pathshave reachedhe end-
point of templatesT1 and T2 at the sameframe. In this case,D(i,1,3) = min [ D(i —
1,len(1),1), D(i—1,len(2),2) ] +d(i, 1,3).

As usualwe choosethe recognisedstring asthe one correspondingo the lowestdis-
tancepathatthe endof theinput utterance But at this point we only know the identity of
thefinal template:we needto know thetemplatesequencevhich madeup this path. This
is obtainedby keepingtrack of the templatesequencaisingbackpointers. Whena path
entersa new template,the previous templateindex is storedalongwith the currentpath
(recallthatwe choosehe previoustemplatewhosepathhadthe smallestdistance).Upon
exiting a templatewe make anentryin the backpointer array thatpointsto the previous
template A typical entryin thisarrayis of theform:

backpointer[k][i] = (k-prev, i-prev)

Thatis eacharray point to a previous templateandthe exit time of that pathfrom that
template. Using this informationthe sequencef templateshat madeup a pathcanbe
foundby following the sequencef backpointers.
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(start) ’ word1 word2 word3

Figurel.8: lllustrationof backpointersn DP connectedvord recognition.In this casethe

recognisedequencef templatesvasT2, T3, T2, T1, T4.
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Chapter 2

FINITE STATE MODELS

2.1 Intr oduction

As coveredin thelecturestherearemajordrawvbacksto usingtemplate-baseslystemdor
largevocahularies multiple spealers/speatr-independencandcontinuouspeechRather
thanstoringmary examplesandmatchinginput speechagainstall possibletemplatesand
templatesequenceshestatistical modelling approachepresenteachword (or otherunit
of speechpy a mathematicaodel.

Therearetwo basicclasse®f modelthatcanbeusedfor speechrecognition(andother
patternprocessindasks):recognitionmodels(recognizersandgenerative models(gen-
erators).(NB: don't confusethe modeldescription‘recognizer”with the generalprocess
of speechrecognition.)

RecognizersRecognitiormodelsareusedn patterrrecognitiorby constructinghebound-
ariesbetweenclasses. They are discriminatize in that the aim of the modelis to
discriminatebetweerpatterngor patternsequences)f differentclasses.

Generators A generatie modelis usedto generatgatterngor patternsequences)sen-
eratve modelscanbe usedfor recognitiontasksby assigninganinput patternto the
classwhosemodelwasmostlik ely to have generatedhe pattern(or the classwhose
modelgeneratepatternghataremostsimilar to theinput).

Recognitiormodelsandgeneratie modelsareconceptuallydifferent. A recognitiormodel
concentratesn the classboundariesaimingto find the key featureghatdiscriminatede-
tweendifferentclassesA generatie modelaimsto modela classasaccuratelyaspossible,
irrespectve of whatthe othermodelsaredoing.

Both generatre andrecognitionmodelshave beenusedfor speechrecognition. Most
state-of-the-arspeectrecognitionsystemsarebasecdn generatre models althoughsome
labshave startedo developstate-of-the-arsystemsasedn recognitionmodel.

2.2 Finite State Machines

Most modernspeechrecognitionsystemsare basedon finite statemachinemodels. As
we'll see,finite statemachinescan be usedfor eitherrecognitionor generatie models.
Frompreviouscoursesyou shouldbe prettyfamiliar with finite statemachinesdeingused

to modelandrecognizesequencesf symbols.

Recallthatanondeterministiinite statemachinemaybedefinedasa5-tuple(X,Y, Q, f,9),

whereX is thealphabebdf inputsymbols,Y is thealphabebf outputsymbols,Q is the set

of states,f(Q x X) — 29 is the next-statefunctionandg(Q) — Y is the outputfunction.
We're interestednto specializationsf thisfinite statemodel:



COM326/COM646/COM678 14

¢ Finite staterecognizer(X,Q, f) which hasno outputalphabebr outputfunction;

¢ Finite stategeneratoKY,Q, f,g) which hasno input alphabetandwhosenext-state
functionis definedf (Q) — 29.

A finite staterecognizewill recognizeacertainclassof symbolsequencepecifiedy the
correspondingegulargrammar) A finite stategeneratowill generataregularsetof sym-
bol sequencesThe basicapproacho usingeitherof thesemodelsfor speeclrecognition
is to constructonefinite statemachinemodelperunit of speech.

To usesuchfinite statemachinedor speectrecognitionwe have to do oneof thefol-
lowing:

1. Makethespeechdatalook like a stringof symbols;or
2. Adaptthefinite statemachinemodelto dealwith a streamof featurevectors.

Both of thesearepossible For themomentwe’ll seehow vector quantization canbeused
to achieve thefirst of these.

2.3 Vector Quantization

Theideabehindvectorquantization(VQ) is thateachfeaturevectoris representetly one
of K symbolswhereK is typically 128-1024 Thisis achiezedby automaticallyseparating
thedatavectorsinto K groupsor clustes. Clusteringalgorithmsareusuallyunsupervised
— thereis no oraclethat specifieswhich classa particularfeaturevector comesfrom.
Insteadthealgorithmaimsto clustersimilar vectorstogether

The mostwidely usedclusteringalgorithmis known asthe K-meansalgorithm. This
algorithmis outlinedbelow:

1. Initialize with anarbitrarysetof K codevectors(xk)

2. For eachfeaturevectorx in thetrainingset“quantize”x into the closestcodevector
Xk -

k« = argmind(X, Xk)
k

Whered(-,-) is thedistanceneasuren featurespacg(e.g. Euclideardistance)

3. Computethetotal distortionthatoccursusingthis quantization:
D= d(x,Q()
X

whereQ(x) is the codeto which x is assigned.
4. If D is sufficiently smallSTOR

5. Foreachk recomputethe centroidof all vectorssuchthatxy = Q(x). Updatethe
codebookwith this new setof centroidsandgoto 2.

After the K-meansalgorithmhascompletednew vectorscanbeassignedo the cluster
whosecentroidthey are closestto. Thesevectorsare then quantizedinto the label (or
“codeword”) of thatcluster TheVQ processnaybesummarizeds:

1. Training: Usea clusteringalgorithmto computethe VQ codebook

2. RunTime: For eachfeaturevectorfind theclosesitodeboolentry (i.e. assignit to a
cluster)andrepresenthatvectorby thelabelof the closesttodeboolentry.
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TheVQ processioestwo thingsfor us:

¢ |t reduceghe computatiorsinceeachn-dimensionafeaturevectorarereducedo a
symbol;

¢ It enablesusto usemodellingapproachethatwork on sequencesf symbols.

2.4 Finite StateModels of Speech

Now if speechwaswell modelledby a regular grammay then it would (of course)be
straightforvardto usefinite statemodels.For exampleconsideredanidealizedword that
is representedby the regular expressiona*c*b*, wherea,b,c are VQ codeavords. The
finite stategeneratoron the left of figure 2.1 will producethis regular set, examplesof
whichincludeaaachbhaaaaaaccccbletc. Thisis all verywell, but if we getacodevord
sequenc@aaaccahbb, it may be thatnoneof our finite statemodelswill generatesucha
sequencelntuitively it seemsasthoughthis sequencés closeto the a*c*b* model, but
sinceit is notamemberof thatregularset,it will benotbegeneratedWe couldextendour
finite to statemodel(ontheright of figure2.1)andthiswill certainlygeneratéhesequence,
but will alsogeneratenary otherssuchasadddddddb.

* (o

d9d T

Figure2.1: Finite stategeneratorgor a*c*b* (left) anda*(cV d)*b* (right)

The generatorsn figure 2.1 areMoore machines thatis the outputsarefunction of
the state. A relatedfinite statemodelis known asthe Mealy machine in which outputs
areattachedo transitions(i.e. g(Q x Q) — Y). A Mealy machinegeneratoiis shovn in
figure2.2.

We will mostlyconsideiMoorefinite stategeneratorsn this course.

2.5 StochasticFinite StateModels of Speech

We would be doing betterif we could weight our finite statemodels,so that sequences
suchasaaaaccccbblhada strongemweightingrelative to aaaaaccccdccbh whichin turn
wasmorestronglyweightedcomparedvith aaaacdicdcddddbb. Oneway to dothisis to
malke the next-statefunction f andthe outputfunctiong probabilistic.We will alsoextend
themodelsothatthe outputfunctionon a stateis alsonon-deterministi¢thereareseveral
possiblesymbolsthat may be outputby a state).In the caseof a finite stategeneratome



COM326/COM646/COM678 16

a C
é (&)
d

Figure2.2: Mealy finite stategeneratofor a*(cv d)*b*

areinterestedn the probabilities:

f(Q):
9(Q):

T

(at+1)la())
(Y(®)la(t))

Whereq(t) is thestateattimet andy(t) is theoutputattimet. For afinite staterecognizer
thereis no outputfunction:

T

F(Q,X) 1 P(a(t + 1) q(t),a(t))

A finite statemachinewith probabilisticnext-stateand/oroutputfunctionsis referrecto
asa stochasticfinite statemachine Figure2.3illustratesa stochastidinite stategenerator
thatmodelsthenoisya*c*b* situationbetterthana non-stochastimodelcould. Figure2.4
illustratesa stochastidinite staterecognizeffor the sametask.

P(gllq1) P(g2(g2) P(a3]q3)

E ql>P(q2ql)§ qz))P(cﬁquE 0 )

\9

P(a)=0.9 P(a)=0.05 P(a)=0.01
P(b)=0.01 P(b)=0.04 P(b)=0.9

P(c)=0.05 P(c)=0.8 P(c)=0.05
P(d)=0.04 P(d)=0.11 P(d)=0.04

Figure2.3: Stochastidinite stategenerator

We'veintuitively motivatedtheuseof stochastidinite statemachinessaspeechecog-
nition model. Let’s be explicit aboutwhat assumptionsve’re makingin the caseof a
stochastidinite stategenerators:

1. The next-statedependsonly on the curr ent state (and not any previous statesor
outputs). This assumptioriells usthatthe currentstateof thefinite stategeneratar
encapsulateaverythingwe needto know aboutthe system— the system$ memory
doesnot extend back to previous states. This is sometimescalled the first-order
Markov property
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P(g2|a,g2)= 0.05
P(g2|b,g2)=0.04
P(g2|c, g2)=0.8

P(g2|d, g2)=0.11

ql q2 a3

Figure2.4: Stochastidinite staterecognizelprobabilitiesonly shavn for 1 transition)

2. The generatedoutput symbol doesnot dependon any previous outputs. This
assumptionwhich is sometimescalled obseration independencer outputinde-
pendencktells usthatthe currentoutputis not dependenbn ary previousoutputs,
but only the currentstate.

3. The output symbol dependsonly on the current state (and not on previous
states).Thisis assumptiortells usthatwe areworking with aMoore machine.

Exercise.Commenbnthevalidity of eachof theseassumptions.
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Chapter 3

HIDDEN MARK OV MODELS

3.1 Intr oduction

In the speectrecognitionliteraturestochastidinite stategenerator@re nearlyalwaysre-
ferredto ashidden Mark ov models (HMMs). They arereferredto as Markov models
owing to the Markov assumptionntroducedn part2. They arecalledhiddenbecausg¢he
underlyingstatesequencés not known, only the outputsymbolsthataregeneratedby the
machine.

How canthesemodelsbeusedfor speectrecognition?

We'll startof by consideringhe simplecaseof isolatedword recognition.Eachword
in the vocahulary is representedly a stochastidinite stategeneratofor HMM). Whatdo
we needto specifytheseHMMs?

e Modeltopology— how mary statesandhow arethey connected

e Thestatetransition probabilities— thesearetheprobabilitiesP(q(t + 1) = m|q(t) =
) thatspecifythe next-statefunction;

e The output probabilities — thesemay be regardedas a histogramfor eachstate.
If we have R outputsymbols(Y = {yi,...,yr}) theneachstateq(t) = | will have a
histogranmof R probabilities P(y(t) =i|q(t) =1)

Thetwo setsof probabilitieg(transitionprobabilitiesandoutputprobabilitiesarethemodel
parametersandwe will representhe entire parametesetby the symbol®. The model
itself is representedby the symbolM. (In the simple isolatedword case,we will have
severalmodels,onefor eachword.) We will usethe notationY}N = (y(1),y(2),...,Y(N)
to represena sequencef outputsymbols andthe notationQ) = (q(1),q(2),...,d(N)) to
represené statesequence.

Themodeltopologymustbe specifiedn advance.Onceit hasbeenspecifiedthereare
threekey problemshatmustbeaddressed we areto useHMMs for speeclrecognition:

The Evaluation Problem How dowe computetheprobabilityP(Y;V|®,M) of HMM (stochas-

tic finite stategeneratorM with parameter® generatinganoutputseq uencefl'\‘?

Thesolutionto this problemenablesisto evaluatetheprobabilityof differentHMMs
generatinghesameobsenrationsequenceThis computatiorcanbeusedto compare
the probability of differentmodelsgeneratinghe samedata. If we have a different
HMM for eachword, thenthe recognizedword is the one whosemodel hasthe
largestprobability of generatinghe data.

The DecodingProblem Givenan outputsequencé(lN, anda modelM, with parameters
©, how dowe computethe mostprobablestatesequenc@??

QY = agmaxP(RY|Y',0,M)
R
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This problemis concernedvith uncoreringthe hiddenstatesequencdérom knowl-

edgeof the symbolsoutputby the machine. The solutionto this problemis useful
to getanunderstandingf the meaningof the statesof the machine.lt will alsoturn
outto beimportantin mostmodernapplicationsof HMMs whenelementarynodels
areconcatenatetbgether

The Training Problem How do we adjustthe modelparameter® to maximizethe like-
lihood of themodelM producingthe outputsequencéle?

The solutionto this problemwill providedanautomatiovay to estimatethe param-
eters(outputandtransitionprobabilities Jof eachHMM, usinga setof trainingdata.

3.2 Evaluation

The taskis to calculatethe probability that a modelM with parameter®© generates
particularsequencef outputsymbols,P(YN|©,M). If the hiddenstatesequencgQ) =
q(1),q(2),...,q(N)) thathadresultedn thisoutputwasknown, thenthesolutionis simple:

P(Y'|QY,0,M) = P(y(1),¥(2)..-- ,¥(N)|a(1),9(2), - ,a(N),©,M) 3.1
P(y(1)[a(1),©,M)P(y(2)[a(2),0,M)...P(y(N)|a(N),©,M)

We areusingtwo of theassumptiongere:

1. QOutputindependencey(t) is independenof y(t — 1)
2. Theoutputy(t) is only dependenon the stateq(t)

But the statesequencés hidden.P(YN|©, M) is the probability of themodelM gener
atingthedataregardles®f thestatesequenceWe canobtainthis from (3.1) by considering
every possiblestatesequence.\/don’t wantto weighttheseequally sowe mustinclude
the probability of eachstatesequence:

P(YY|O,M) = § P(Y)'|QY,©,M)P(QY|©,M) 3.2)
Qp

We canobtainP(Q)'|©, M) from the statetransitionprobabilities:

P(QY©,M) = P(q(1))P(a(2)|a(1))P(a(3)[a(2))..P(a(n)la(n—1))  (3.3)

We areusingthefinite stategeneratoassumptiorfor Markov assumptionjhatthe current
statedepend®nly onthe previousstate.P(q(1)) is theprior probability for stateq(1).

Usingequationg3.1),(3.2) and(3.3) we canexpressP(Y,V|©, M) in termsof the basic
parametergP(y|q) andP(q(t + 1)|q(t))):

P(Y'|O,M) = %(P(Y(l)|Q(1))P(y(2)|Q(2))---P(Y(N)M(N))) (3.4)
(P(a(1))P(a(2)[a(1)) ---P(a(n)[a(n—1)))
| N-1
= > (F’(Q(l) |'L P(a()la(i— 1)) (y(i)IQ(i)))
q(1),a(2),---,a(N)

(For clarity thedependencesn © andM have beenleft out.)

Eachterminside the sumis the probability of a particularstatesequenceenerating
the output sequence— and this is obtainedby multiplying the output probabilitiesand
transitionprobabilitiestogether But the sumis over all possiblestatesequences— andif
thereareS stateghenthereareO(SV) statesequences!
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Fortunatelywe can computethis sum over statesequencesfficiently, usinga recur
rencerelation. Thekey quantitieswve usearethe so-calledforwardprobabilities”,ai (1):

ar(1) = P(y(1),¥(2),...,y(t),a(t) =1[©,M) (3.5)

The forward probability a (1) is the probability of the HMM outputtingthe sequencef
outputsy(1),y(2),...,y(t) until timet, andbeingin stateq(t) = | attimet. Notethatwe
cannow expressthe probability of a modelM generatinga sequencef outputsYlN asa
sum(overallfinal states)f theforwardprobabilitiesattime N:

P(V|O,M) z P(y ,y(N),G(N) = 5/, M) (36)

S
= an(s)
s=1
Thisis abig improvementon (3.4): insteadof summingover SV statesequencesye only
have to sumover Sfinal states But we needto beableto calculateo (1) efficiently. Fortu-
natelywe cando this usingthe following recurrenceelation(which againarisesfrom the
HMM assumptions):

a1(s) = P(a(1) = 9P(y(1)|a(1) =) 3.7)
a+1(s <Z ar(j)P(a(t +1) =slq(t) = )) Py(t+1lqt+1) =9

To updatetheforwardprobabilitiesrequiresO(S?) calculationsat eachstep— muchbetter
thanthe O(SV) requiredoy the naive computation.
Thusamodelis evaluatedusingthefollowing procedure:

1. Computetheforwardprobabilitiesfor eachtime andstateusing(3.7)

2. Computethe probability of the modelgeneratinga particularoutputsequenceising
(3.6)

The forward recursionis oneof the critical computationsn HMMs andwill be used
againin training.

3.3 Decoding

The forward algorithm recursionis very similar to the dynamicprogrammingrecursion
usedin templatematching.The maindifferencesre:

1. Probabilities(P(y|q)) areusedasthelocal distances;

2. The allowedtransitionsare betweerstateqratherthanframesof the template)and
arealsospecifiedasprobabilities(P(q(t + 1)|q(t)));

3. Theprobabilitiesof pathsaresummedn (3.7)— in dynamicprogramminghe max-
imum pathis kept.

Theapplicationof thedynamicprogrammingalgorithmin aprobabilisticcontext is usually
referredto asthe Viterbi algorithm In this casewe approximatethe probability of the
modelgeneratinghe outputdata,astheprobabilityof the mostlik ely path(statesequence)
throughthe modelgeneratinghe outputdata.Thatis, (3.4) becomes:

|N1

B o
Feflom = max <P<q(1) ) [] P(ai)iai - 1) (y(.)|q(.))>
(3.8)
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This quantity canbe computedefficiently by the Viterbi algorithm— basicallythe sum-
mationsin theforward probabilityrecursion(3.7) arereplacedoy maximizations.
Exercise:Canyou seehow dynamicprogrammingcanaccomplistthis efficiently?
If anarrayof backpointerss stored(asin connectedvord templaterecognition)then
themostprobablestatesequencéhatwasusedio computeP(Y)N|©,M) maybedetermined
by backtracinghoughthis array

3.4 Training

Thetrainingproblemfor HMMs consistof usingthetrainingdatato estimatehetwo sets
of parameters:

¢ TheoutputprobabilitiesP(y(t) =i|q(t) =1)
¢ ThetransitionprobabilitiesP(q(t + 1) = m|q(t) =1)

If we knew thestatesequencéhathadproducedhetrainingdatathenestimatinghese
setsof probabilitiesis straightforvard. If ni)l’ is the numberof timesthatsymboli hasbeen
outputby statel, thenthere-estimatiorformulafor P(y =ijg=1) is:

Vi

n:
Py=ilg=1)= " (3.9)
2] n)jll
And the estimateor thetransitionprobabilityis:
nd
P(q(t+1) =1|q(t) =k) = —X; (3.10)
Zmnkm

wherenﬂI is thenumberof transitiongdrom stateq = k to stateq = 1. It is possibleto traina

setof HMMs in this manneyusingthe Viterbi algorithm(section3.3) to computethe most
likely statesequenceandthenassumehat the training datawas generatedy this state
sequenceThisis known as\Viterbi Training.

However, thereis a moregeneralway to train the parametersf anHMM, which does
not rely on assuminghatthe datawasproducedy the mostprobablestatesequenceln-
steadasin theevaluationproblem,we sumover all possiblestatesequencesyeightedby
the probability of eachstatesequenceln this way, at eachtime stepratherthanknowing
preciselywhich stategeneratedhatframeof training data,we computethe probability of
eachstatehaving generatedhetrainingdata,andweightthe countsby this probability The
algorithmto do thisis known asthe Forward-Badkward algorithm,andto do thecomputa-
tions efficiently usesthe forward probabilities(equations3.5 and 3.7) alongwith another
setof probabilitiesthatcanbe computedecursvely, the backward probabilities

The backward probabilities,;(q) give the probability of outputtingthe remainderof
theoutputdata,giventhatthe stateis q(t) attimet:

Be(l) =P(y(t+1),y(t+2),...,y(N)|a(t) =1,0,M) (3.11)
Therecurrenceelationto computetheseprobabilitiesrunsbackwardsin time:
Bn(h =1 (3.12)

S
B(l) = le(Q(t +1) =miq(t) = HP(y(t + 1)|a(t+ 1) = m)Brsa(m)

Initially the backward probabilitiesare 1 sincethereis no remainingsequencéo account
for. The backward recursionthenupdateshe probabilitiesby observingthatin orderto
accountfor therestof the sequence transitionfrom every precedingstateq(t) hadto be
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madeto stateq(t + 1) = m, with obsenationsymboly(t + 1) beingaccountedor in that
state andthentherestof theobsenrationsequencaccountedor by the previousbackward
probability (Bt+1(m)).

Togethertheforwardandbackwardprobabilitiesenableusto calculatesomevery use-
ful quantities:

1. The probability that the model emitsoutputsequence(l'\‘, giventhatit is in state
q(t) =1 attimet:

P(q(t) =1,Y'|©,M) = P(y(1),¥(2),--.,y(t),q(t) = 1|©,M) (3.13)
P y(t + 1)7y(t+ 2)7 7y(N)|q(t) = |,O,M)
=ar(Be(l)

2. Thestateoccupatiorprobability v (1), the probabilityof beingin statel attimet.

_ | vN
w(1) = P(at) = 1Y, 0,M) = P(qg@:ig '\lf'(?M)
__aB()
PO, M)
__aBm)
Ym0t (M)Be(m)

(3.14)

3. The probability of beingin stateq(t) = | attimet andmakinga transitionto state
g(t+1) =m, &(l,m):

&(1,m) =P(q(t) =1,q(t+ 1) = mY}',M,0) (3.15)
_P(qt) =1,qt+1) = m,YN|M, @)
a P(Y}|M,0)

_ _a(OP(at+1) = miq(t) = HP(y(t + D[q(t + 1) = m)Brr1(m)
ik Ge(J)P(a(t+1) =Klq(t) = )P(y(t + a(t + 1) = k)Ber1(k)
In this equationoy () accountsfor the first t outputsymbols,P(q(t + 1)|q(t)) ac-

countsfor the statetransitionfrom timet to timet + 1, P(y(t + 1)|q(t + 1) accounts
for theoutputsymbolattimet + 1 andf;.+1(m) accountdor therestof the output.

(In all thesecaseghe denominatois therefor normalizationto ensurethatthingsaddup
tol.)
We cannow seehow the outputandtransitionprobabilitiesarereestimated:

Output Probabilities TheoutputprobabilityP(y =i|g=1) is estimatedisingtheratio of
the probability of symboli beingoutputfrom statel to the probability of beingin
statei andoutputtingary symbol:

P(y: Iaq: I|Y1N767M)

Py=1a=D="5g=Iv%om) (3:40)
_ s a0
Sieiv()
whered (i) is avariablewhich indicateswhensymboly(t) = i:
&()=1 ifyt)=i

=0 ify(t) #i
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Transition Probabilities Thetransitionprobability P(q(t + 1) = m|q(t) =) is estimated
usingthe ratio of the probability of beingin stateq(t) = | attimet andmakinga
transitionto stateq(t + 1) = m, to the probability of beingin stateq(t) andmakinga
transitionto ary state:

_ ShiP(am) =1an+1) = kY, M,©)

Pl =mal =D = T T oy - I M.0) 347
_ Shi&a(l,m)
=0
(Notethatthe summationis only up to N — 1 sincethefinal transitionis from time

N—1toN.
In bothcasegheform of thereestimatiorequationss thesame:
¢ Thedenominatois the probabilityof beingin the stateat thattime, giventhedata;

¢ The numeratoris the probability of beingin that stateand outputtingthe relevant
symbolor makingthe specifiedtransition.

Theseequationsarereestimationsafterthey areusedto reestimatehe parameterghe
modelscanbere-evaluatedandthe parameteestimationprocessterated.lt canbe proved
thatthis training procesawill eventuallycorvergeto anoptimal setof HMM parameters
thatmaximizethe lik elihoodof themodelproducingthe data,P(Y]N|M).

Summary of HMM Training

Thefollowing stepamake up oneiterationof thetrainingprocesgor anHMM M with using
trainingdataY}\ (whereM maycorrespondo amodelfor aword andY}" theacousticdata
for thatword):

1. Useequationg3.7)and(3.12)to computethe setof forwardandbackwardprobabil-
ities for eachtime andstate;

2. Usetheforward andbackward probabilitiesin equationg3.14)and (3.15)to com-
putethe probabilitiesy andg for eachtime andstate;

3. Usetheyandg probabilitiesto reestimatéhetransitionandoutputprobabilities.

This processs iterateduntil the transitionandoutputprobabilitieshave corverged(i.e.,do
notchange&rom oneiterationto another).

Thefinal issueis how thetraining processs initialized. In theoryandin practiceit is
adequatgust to initialize all transitionprobabilitiesto 1/S andall outputprobabilitiesto
1/Rif thereareR outputsymbolsandS states.
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Chapter 4

CONTINUOUS SPEECH
RECOGNITION

4.1 The Statistical Framework

We canformulatethe problemof continuousspeechrecognitionusinga statisticalframe-
work. The problemis to find the mostprobablestring of wordsW correspondindo an
acousticsignalY. We canwrite thisasanequation:

W = amgmaxP(W'|Y) 4.2)
WI

Whatthis meands thatwe needto computethe probabilityof every word sequenc&/’
giventheacousticsy, andchoosethe mostprobableastherecognizedutput.. Thisis all
very well, but it meansthatwe needto estimateP(W|Y) for every possibleword string!
We'll look athow we cando this.

Thefirst thing we cando is apply Bayes’Ruleto split the probability P(W|Y) into two
parts:

ooy TP s
- ("5 eowny 43)

Now P(Y), which is the probability of the dataindependenof the word string, doesnot
dependnW sowe cansimplify this further:

PWIY)O P(Y|W) P(W) (4.4)
——

acoustianodellanguagemodel

AcousticModel P(Y|W) is the probability of a modelof the word string (the utterance
mode) generatingheacousticy'. Theutterancanodelwill usuallybeanHMM (or
someotherkind of stochastidinite statemachine).This modelis estimatedrom a
speectcorpus.

LanguageModel P(W) is the prior probability of a sequencef words. Sincethis prob-
ability doesnot dependon the acousticdataY it canbe estimatedrom a large text
corpus.
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4.2 Hierarchical Modelling

If the utterancemodelW is representedy an HMM, thenthe acousticmodel probabil-
ity P(Y|W) is exactly that obtainedwhen the evaluationproblemis solved for HMMs.
However in large vocalulary continuousspeechrecognitionwe may have a vocahulary of
60,000words,andutterancesnaybeary length.lt is clearlyimpossibleto build aseparate,
independentnodelfor eachutterance.

The solutionis to model particular well-definedunits of speech. A separattHMM
is constructedor eachunit, an utteranceanodelcanthenbe definedby concatenatinghe
basicHMMs (figure4.1). The samebasicHMM canbe usedin ary numberof different
utterancamodels.During trainingwe adjustthe parametersf eachutterancenodelin the
trainingdata:but sinceeachutterancenodelis built from simplermodels this meanghat
the parametersf the basicmodelsare adjusted.For example,the word could be chosen
asthe basicunit of speech.In this casean utterancemodel of a string of wordswould
consistof theconcatenatioof the componentvord models(if aword is repeatedhenthat
componenHMM just getsinsertednto the utterancanodeltwice.

o
(O
O
(D

Figure4.1: Concatenationf twvo HMMs

If we areinterestedn building arecognizemwith a very limited vocalulary (sayarec-
ognizerfor the digits ‘zero’ to ‘nine’) thenchoosingthe word asthe basicunit of speech
mightbeareasonablaepproachHowever, thisapproachs notfeasiblewith largervocahu-
laries,in which somewordsmayoccuronly rarely(or notatall) in thetrainingdata.In this
case therewould not be sufficient training datato estimatethe parametergor individual
HMMs for eachword.

A solutionto this problemis to definea basicsetof subwod units Subword units
may be put togetherto form words. The prosand consof variousunits of speechwere
discussedn the contet of waveform synthesisandmostof the sameargumentshold. or
diphonesas the basic subword unit, most systemsare phonebased. In British English
thereareabout50 phoneswhich may be usedto build pronunciationof ary word in the
language .However, the acousticrealizationof phonescanvary tremendouslydepending
ontheir phoneticcontext: to copewith this variation,contet-dependenphonemodelsare
oftenemployed.

If we usea systembasecbn subword units:

¢ Word modelsarebuilt from subword modelswith apronunciationdictionarydefin-
ing how to concatenatéhe subword models;

e Utterancanodelsarebuilt by concatenatingheseword models.
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4.3 Training

If our continuousspeechrecognitionsystemis basedon subword HMMs, thenthe param-
etersof the models(transitionprobabilitiesand output probabilities)are estimatedrom

the training datausingthe forward-backvard algorithm (alsoknown asthe Baum-Welch
algorithm)previously describedpart 3). To trainthesemodelswe needthefollowing:

¢ A setof basicsubword HMMs (typically a three-statdeft-to-right topologyis used
for eachmodel(asin figures3 and4 in part2 Finite StateModels).

e A pronunciationdictionarygiving a pronunciatiorfor eachword in the vocahulary
in termsof the subword units. Phone-basedystemdor British Englishoftenusea
the British EnglishExamplePronunciation(BEEP)dictionary basedon the Oxford
Advanced_earnerdictionary.

e Trainingdata:theacousticgor eachutterancdprocessedsinganappropriatdront-
end, e.g., mel scaledcepstralcoeficients) and vector quantized togetherwith the
orthographictranscription The transcriptionis simply the word sequencédor that
utteranceit doesnot needto be time-alignedanddoesnot needto be phonetically
labelled.

The following procedurecan be usedto train the subword modelsfrom continuous
speech:

¢ Initialize the subword HMMs (seebelaw)

¢ Foreachtrainingutterancesreateanutterancenodel:eachword modelis asequence
of subword HMMs, concatenatedsingthe pronunciatiordictionary The utterance
modelis the concatenatedequencef word models.

e Whenhuilding the utterancemodelsoptional silencemodelscan be placedin be-
tweenwords.

e The forward-backvard procedurds thenappliedto eachlarge concatenatedtter
anceHMM. Theforwardandbackward probabilitiesarecomputedusingequations
(7) and(12), the output probabilitiesare re-estimatedising (14) and (16), andthe
transitionprobabilitiesre-estimatedising(14), (15)and(17). (All equatiomumbers
referto part3 notes(HMMs).)

¢ Theforward-backvardproceduras theniteratedseveraltimes
Note:

¢ Word boundariearenot estimated— the procedurehascompletefreedomto align
theutterancenmodelagainstheacoustics

¢ Training eachutterancemodelresultsin adjustingthe parametersf the baseform
HMMs and so will affect other utterancemodels. We canthink of the utterance
modelbeinga concatenatedequencef pointersto baseforrHMMs

¢ We make assumptionsbouthow eachword is pronouncedvhentraining (supplied
by the dictionary), which may not correspondo the actualacoustics. But since
theseinaccurateassumptiongrethe sameat bothtrainingandtesting,we arebeing
consistent.

¢ This is a re-estimationprocedure— our existing modelsare taken to be the best
currentspeechmodel,theforward-backvardprocedurghenimprovesthesemodels.

Therearetwo waysin which thebaseforrHMMs
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1. Usea phoneticallylabelledandtime-aligneddatabasée.g. TIMIT) to initialize the
parameterdgor eachsubword model, usingthe forward-backvard algorithm. This
is a straightforvard proceduresincethe speechis sgmentednto phonegor other
relevant subword units), so eachbasicsubword HMM hasa clearly definedsetof
trainingdata.

2. “Flat-Start"training. All modelsstartidentically(or with randomparametersnsur
ing sum-to-oneconstraint@renotviolated). Thisis clearlynota goodinitial model,
but after one or two iterationsof the forward-backvard algorithmover the training
datathe modelswill have “self-organized”.

With flat starttraining a continuousspeechrecognitionsystemcan be trained with-
out usingary time-alignedor phoneticlabelling whatsoger — all thatis requiredis the
sequencef wordscorrespondingo theacousticsignal.

4.4 Evaluation

It is importantto be ableevaluatespeechrecognizers—botto compareonespeechrecog-
nizerwith anotherandto be ableto quantitatvely assesshe effectsof any changesnade
to thesystem Evaluationis performedon anindependentestsetof speechdata. Thereare
threeclasse®f speectdatasetusedin trainingandevaluatinga speectrecognizer:

¢ Training set— thedatasetusedto trainthe parametersf thesystem(HMM transi-
tion, probabilities,VQ codebooketc.)

e Developmentset— the datasetusedfor incrementablevelopmentetc. of therec-
ognizer(e.g.comparingdifferentfront ends).

e Testset— testdatausedto evaluatethe therecognizerthis datashouldnever have
beenusedwith therecognizebefore.

The differencebetweendevelopmentandtestdatais very important- if every potential
improvements evaluatedon the sametestsetthatis usedfor thefinal evaluation,thenyou
runtherisk of ‘tuning’ therecognizeto thatdata.

Thereare threetypesof error that a continuousspeechrecognizercan make: sub-
stitution, insertionand deletion. Considerrecognizingthe utterance‘computerscience
department”

e Substitution:e.g.“computerSIGHSdepartment”
¢ Insertion:e.g.“computerscienceTHE department”
e Deletion:e.g“computerdepartment”

Thenumberof substitutiongS), deletiong D) andinsertiongl) is obtainedby aligningthe
recognizerutputwith theactualutterance.
Notethatthe% correctdoesnt tell you everything:

e “computersciencedepartment™ 100%correct
¢ “the computerseensciencehe departmento” - 100%correct

The %geof wordsrecognizedtorrectlydoesnt includeinsertions.In fact:

% correct= 100x (1 — (SE D)>
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WhereN is the numberof wordsin the correcttranscription. The measurahatis usually
employedis theword error rate (%) (or equivalentlytherecognitionrate):

word-errorrate= 100x (W)

recognition-rate= 100— word-errorrate

It is quite possibleto have arecognitionrateof < 0% (or aword errorrateof over 100%),
dueto insertions. “the computerseensciencethe departmento” may be 100% correct,
but it hasa word errorrateof 100x (0+ 0+ 4)/3= 133.3%, giving a recognitionrate of
—33.3%)!

The word error rateis a measureof the transcriptionaccurag of the recognizerand
givesabasicmeasuref the performancef therecognize(relative to atestset). However
if the recognizeiis beingusedfor a specifictask, thenthe relevant performancaneasure
is onethat measuresiow well it performs. For example,a recognizetthatis beingused
asa userinterfaceto an air travel information systemshouldbe evaluatedon the % of
correctdatabasequeriesgeneratedrom the speechinput, not on theword errorrate— a
userdoesnt careaboutthe internaltranscriptionthey just wanta sensibleanswerto their
guestions.
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Chapter 5

ACOUSTIC MODELLING

5.1 Modelling Context

To build a high-performanceontinuousspeechrecognitionsystemusinga setof subword
units, it is importantthat the subword units areableto accuratelyrepresentheir acoustic
classesTo do thiswe wantto reducethevariability of eachacousticclass thusincreasing
the potentialaccurag of the subword models. Much of the variability in speechs due
to coarticulationand othercontectual effects. If the subword units explicitly modelthese
conttual effectsthenthe overallaccurag of the systemshouldbeincreased.

Therearevariouscause®f contextual variation. Somearedueto the ervironment(is
it noisy?aretheremultiple spealers?) the channeltelephoneide-bandmicrophone?),
thespealer (maleor female?age?)or the speakingstyle (rate?dictatedor spontaneous?).
Theseeffectsareextremelyimportantandmodellingthemis an active researchssue,but
herewe shallbe moreconcernedvith local contextual effects: principally coarticulation
but alsostressandemphasis.

5.1.1 Coarticulation

Sincespeecthis producedby relatively slowly moving articulators the articulatorymove-
mentsleadingto the productionof a particularphoneis strongly influencedby both the
precedingandfollowing phoneslf we considereachphoneto have an“articulatorytarget”
thenin continuousspeechhe articulatorsdo not make discretejumpsfrom onetargetto
anotheybut arein motionmoving from onetargetto thenext. Indeed gspeciallyduringflu-
entspeechthearticulatorytargetswill notbeachiezed,andthe slowly moving articulators
will alwaysbein a stateof transition.This context dependenceiill alsobereflectedn the
acoustiaealizationof the phone.We call this phenomenoigoarticulation.Coarticulation
meansthat the acousticsof a phonemay be reasonablyconsistenivhenthe surrounding
phoneticcontet is takeninto accountcomparedvith whena singlemodelis usedfor the
phonefor all contexts.

Humansdealwith coarticulationeffortlessly However statisticalspeectrecognizers
needto betold aboutit!

5.1.2 Context-DependentPhoneModels

The mostusualway in which coarticulationeffects are modelledis throughthe use of

contt-dependenphonemodels. Put simply, this involves using several basicsubword

unitsfor eachphone ratherthanjust one. This techniqueassumeshatthe precedingand
succeedingarticulatorytargetsmay be predictedby the surroundingphones. (Of course
thesepredictionsarenotexplicit—we justassumehatby doingthistheacoustiovariability

in eachsubword unit is reduced.)Theamountof context usedcanvary:
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Monophonecontext Thisis thesimplecasen which surroundingphoneticcontext is not
used. In British English (usingthe BEEP dictionary)this meansthat a total of 45
phoneg(plus silence)arerequired. The word “SPEECH"would be representetby
themodelsequence:

SPEECH-s p iy ch

Allophone context This is similar to monophoneontet (i.e., no contet), but thereare
multiple possibleunitsfor eachphone.Usingthe sameexample:

SPEECH-s(1) p(3) iy(2) ch(1)

Biphone context In this caseeachphonemodelis representedavith a particularleft (or
right) context. Potentiallythereare45x 46 = 2,070left (or right) biphonecontext
phonemodels(plussilence).

SPEECH=$%$-s s-p p-iy iy-ch (left biphonespr
SPEECH=s+p p+iy iy+ch ch+$ (right biphones)

“wn

(Notethat“$” is thesymbolfor aword boundarycontet, andthat“-" signifiesaleft
contet, and“+” aright context.)

Triphone context Eachphonemodelis representedith aparticuladeft andright context.
Thereareapossibled5 x 46 x 46= 95, 220triphonecontet dependenmodels(plus
silence).

SPEECH=$-s+p s-p+iy p-iy+ch iy-ch+$

Word Context In this caseeachphonemodeldepend®n the context of the surrounding
word.

SPEECH-s(speech) p(speech) iy(speech) ch(speech)

The numberof possiblecontext-dependentinitsincreasegxponentiallywith the amount
of context. However not all contexts occurin naturalspeechandit is not necessaryn
practiceto constructa modelfor eachpossiblecontext. The mostusualcontext dependent
subword unit employedin moderncontinuousspeechrecognitionsystemss the triphone
context dependenphonemodel.

Sincewe aredealingwith continuousspeechwe needto considemwhatto do at word
boundariesTherearetwo basicpossibilities:

¢ Word internal context dependencephoneticcontext acrossvord boundariess not
used:

SPEECHPROCESSING=$-s+p s-p+iy p-iy+ch iy-ch+$ $-p+r
p-r+o o-s+eh eh-s+i x s-ix+ng ix-ng+$

e Crossword context dependencephoneticcontext is considereacrossvord bound-
aries:

SPEECHPROCESSING=$%-s+p s-p+iy p-iy+ch iy-ch+p ch-p+r
p-r+o0 o-s+eh eh-s+ix s-ix+ng i x-ng+$

In continuousspeechrecognitionword boundariesare not delimited by silences,so
cross-vord coarticulationis important. However therearetwo reasonsvhy it simplerto
implementa systemusingword-internalcontext dependeng
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Size Therearemary morecontets thatcanoccurin the cross-vord casecomparedwith
theword-internalcase(e.g.ch- p+r above). In the cross-vord casethatmeanghat
every word in the dictionary needsstart (and end) context-dependenphonemod-
els for all possiblepreceding(succeedingwords. For examplein the caseof a
20,000word dictionaryfor a businessews task,therewerearound14,000possible
word-internaltriphonecontext models,comparedwith 54,000possiblecross-vord
triphonecontext models.

Complexity Usingword-internalcontet dependenmodelsmeanghateachword canbe
consideredh isolation;cross-vord modelsmeanghattheacoustionodelfor aword
cannotbe constructedn adwanceby concatenatinghe relevant subword models,
sincethe word modelis dependenbn the precedingand succeedingvords. This
malkesthe search(decoding)taskmore comple for cross-vord context dependent
systems.

In the businessnews task mentionedabove althoughthereare over 54,000possible
cross-vord triphonecontet dependenphones,only around23,000cross-vord triphone
contt dependenphonesappeaiin a standardraining dataset, consistingof around10
hoursof speechThereis nowaythatit is goingto bepossibleo estimateaheparameterfor
54,000context dependenmodelswhenoverhalf of themdonotappeain thetrainingdata.
Indeed,t is generallyreckonedthatthe minimumnumberof examplesneededo estimate
the parametersf a particularcontext-dependensubword modelsis betweerl0and1,000
(dependingon the exactnatureof the subword HMM). However, it is notacceptabléo not
model contexts that do not occurin the training data,sincewe mustbe preparedor all
possiblecontets occurringin thetrainingdata.

Two contrastingsolutionsto this problemare:

Backing-off In this method,if notenoughdataexiststo modela triphonecontext depen-
dentmodel,thena lessspecific(left or right) biphonecontet dependenmodelis
usedinstead If thereis notenoughdatafor eitherbiphonecontext dependentnodel,
thenwe back-of furtherto the context independentmonophonanodel. This ap-
proachguaranteeshat well-trainedmodelswill always be used. However, it can
meanthat relatively few modelswill usingfull triphonecontext whendatais rel-
atively sparse(typically the casefor cross-vord models),so someof the potential
benefitsof triphonecontext dependencwiill belost (e.g.relatively few cross-vords
will bemodelledby triphonecontect dependeninodels).

Sharing Ratherthanbacking-of to lessspecificmodels,try to ensurethatall (or most)
phonemodelsarefully context dependeniby sharingmodelsbetweerdifferentcon-
texts. This is sensiblesincealthoughacousticrealisationsof phonesdo vary with
contet, every context doesnot resultin a completelydifferentacousticrealisation
to every othercontet. This approachmeanghatcontet-dependengis maintained,
while eachmodelhas“enough”training data. The possibledravbackis thatinap-
propriateshareingcanleadto modelswith high variability (lessspecificmodels).

5.1.3 Shared Context-DependentModels

We shalllook at threebasicapproacheso sharedcontext-dependenphonemodels. The
first uses'linguistic knowledge”,the othertwo aredata-drven.

Broad PhoneticClasses

In this casewe uselinguistic knowledgeto group possiblecontexts into “broad” phonetic
classese.g.:

1. Stops(e.g.b d)
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. Nasalge.g.em ng)

. Fricatives(e.g.ch z)

2
3
4. Liquids(e.g. w)
5. FrontVowels(e.g.ae i x)
6

. CentralVowels(e.g.ah er)
7. BackVowels(e.g.ow uh)

In this casetherewill be45x 7 x 7 = 2205broadclasstriphonecontext dependenphone
models(plussilence).Thisis a simpleprocedurebut it assumeshatthesebroadphonetic
classeslo specifythearticulatorycontext well. In practiceit turnsoutthatthis assumption
doesnot hold very well, resultingin subword units of lessspecificityattemptingto model

agooddealof acousticvariability.

GeneralisedTriphones

Thisis a“bottom up” datadrivenapproachThis approactbeginsby assigninga triphone
contet dependentodelto all phonedn all obsenedcontexts. Of coursenotall of these
modelswill have enoughtraining data. The algorithmproceedsy memging the “closest”
models(accordingto somedistancemeasure).This pairwisemeiging processcontinues
until all the resultantmodelshave “enough”training data(accoridingto somecriterion).
Theseareknown asgenealisedtriphones If acousticrealisationsof phonesn different
conttsaresimilar, thenit wil resultin areducedsetof accuratanodels.

The principaldrawvbackof this approachs thattraining examplesarerequiredfor all
initial models— thisis commonto all bottomup mergingproceduresThis makesit impos-
sibleto modelcontextsunseerin thetrainingdata.Whenunseertontextsareencountgered
atrecognitiontime a backing-of approachmustbeused.

DecisionTrees

This is a “top down” datadriven approach.In this casewe startwith a setof context-
independentnodelsandstarta spittingprocedure Thekey pointis thatthe datais usedto
specifywhich modelsshouldbe split. An approacho doingthis usesa decisiontree The
root of the treeis a contet independeninodel. Eachnodeof thetreecontainsa question
aboutthe contet (e.g. “is theleft contet a nasal’“is theright contet | ”), usedto split
the currentmodel. The leaves of the tree correspondo the resultantcontext-dependent
models.Theadwantageof this approachs thatall possiblecontexts will be modelledby a
contet-dependentodel,with a specificitydeterminedy thetrainingdata.

Thekey issueis how thetreeis constructed— which questionsireasledateachnode?
An automaticalgorithmis usedwhich cyclesthroughall possiblequestionsateeachnode
andchooseghebest(if ary) to split the modelat the node. Without goinginto the details
of algorithmsthatareusedfor phoneticdecisiontreeconstructiorthe key constraintsre:

¢ Eachleaf (contet-dependentmodel)musthave a minimum numberof training ex-
amples

¢ A finite setof questionsmustbe choserfrom to split eachnode

e Theresultanieasresmustbeableto bewell modelledby HMMs
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5.2 Continuous Density HMMs

Recallthefollowing two facts:

1. After signalprocessingwe represent speectsignalasa sequencef real-valued
vectors(e.g.avectorof melfrequeny cepstrakoeficients).

2. Our speechmodellingmachinarybasedon stochastidinite statemachinespperate
usingdiscretesymbols(e.g. the outputfunctionsof a finite stategeneratoproduce
discretesymbols).

Sofar we have usedvectorquantizatiorto resole this conflict— a streamof continuous
valuedspeecHeaturevectorsis transformednto a stringof VQ codevords.However, this
procesanustlose someinformationin the speechsignal (do you seewhy?) andsomeof
the lost information might be helpful for speechrecognition. Ratherthan messingwith
the datato fit the model,canwe messwith the modelto fit the data? Explicitly, canwe
adaptthe stochastidinite stategeneratomodelto have an outputfunction thatproduces
continuousvaluedvectorsratherthandiscretesymbols?We can, by definingcontinuous
densityHMMs.

5.2.1 GaussianOutput Functions

Theoutputfunctionfor a stateof adiscretesymbolHMMs canberegardedasa histogram
— eachsymbolhasa probability of emittedby that state. If we areto useHMMs asa
generatre modelof continuousvectors,thenwe requirean outputfunctionthatcangen-
eratecontinuousvectorswith a particularprobability. Unlike discretesymbolswe cant
assigna particularprobabilityto eachpossiblecontinuousvector The solutionis to usea
probability densityfunction for examplea Gaussiarfor Normal) Distribution. A Gaussian
is definedby a meanvector anda variance which measureshe average(squaredyevi-
ation from the mean(or the width of the Gaussian).In onedimensionit is the familiar
bell-shapeaurve (figure5.1),andit maybegeneralisedo multiple dimensions:

_ 2
Py (t)|a) = Kexp (Z M) (5.1)

20k
=N(y(t);1,0) (5.2)

The areaundera Gaussian(and, indeed,ary probability densityfunction) will sumto
one. A particularpoint on this curve is the likelihood of the correspondingectorbeing
generated.

We canusethis ideato constructcontinuousoutputstochastidinite stategenerators.
Insteadof having a histogramovertheK possibleVQ codevords,we usea d-dimensional
Gaussianwhered is thedimensionof thefeaturevectors.Insteadof readingoff the prob-
ability of aVVQ codevord from the histogram,n the continuouscasewe readoff thelik e-
lihood of generatinghefeaturevectorfrom the Gaussiamprobability densityfunction.

This meanswe have differentparameterso estimate.Insteadof the K symbolprob-
abilities P(y(t) = i|q) definingthe outputfunction, the continuousvaluedoutputfunction
is definedby the parametersf the Gaussianthe meanp andthe varianceX. Fortunately
it turnsout thatwe canstill usetheforward-backvardalgorithmto re-estimatehe means
andthevariancesBasically themeansarereestimatedsthe samplemeansof thevectors
assignedo a particularGaussiargstate)(weightedby the probability of assignment).

5.2.2 GaussianMixtur e Models

The problemwith using a Gaussianoutput distribution is that it assumeghat the data
assignedo thatstatemustfit a Gaussianln particularit assumeshe outputdistributionis
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P(yla)

y

Figure5.1: A one-dimensionabaussiarfNormal) DensityFunction

unimodal(i.e. thereis a singlepeak). This is oftena very badassumption— for exampe,

if the function hastwo humps,thenit may be very poorly modelledby a Gaussiar(see
figure5.2).

P(yla)

y

Figure5.2: A probabilitydensitymadeup of two Gaussianskitting a Gaussiario this data
resultsin a distribution whosemeanis at a pointwherethereis very little data.

What shouldwe do? We want to usea continuousoutput function, and Gaussians
arevery corvenientsincewe can estimatetheir meansandvarianceausing the forward-
backward algorithm. A solutionis to usea combinationor mixture of Gaussiangor the
outputfunction. A mixtureof Gaussiansanhave asmary componenGaussianasdesired
— somemoderncontinuouspeechiecognitionsystemaisemixturesof upto 32 Gaussians
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perstate.A Gaussiamixture modelis givenby:
p(x|a) = > aN(x; i, 0i) (5.3)
|

wherethe a; arecalledthe mixture coeficients,andsumto one. Fortunatelywe canuse
the forward-backvard algorithm to train the meansand variancesof all the Gaussians,
the Gaussiamixture coeficientsand the HMM transitionprobabilitiessimultaneously
In “regular” HMM training we estimatethe probability that a particularstategenerated
particularfeaturevectorat a particulartime; with a Gaussiamnmixture outputfunctionwe
further estimatethe probability that a particularcomponenbf the Gaussiarmixture was
responsibldor generatinghe featurevector

Most stateof the art continuousspeechrecognitionsystemsare basedon Gaussian
Mixture outputfunctions.

5.3 Parameter Tying

Thereis a continualtensionbetweenthe searchfor more accuratemodels— which can
meanusing more parameterper model (e.g, more statesper model, more components
per mixture) or a greaternumberof basicsubword models— andthe needto estimate
the model parameterdrom limited training data. One way to increasemodel accurag
without increasingthe intrinsic modelcompleity is throughmodelssharingparameters.
Thisis sometimeslescribedsparameterbeingtied betweemmodels.Parametetying can
happeratmary levels. In a Gaussiamixture basedsystemsgparametetying mayoccurat
thelevel of:

e means
e covariances

e mixturecoeficients

e mixturecomponents

e distributions

e states

e transitionmatrices

Examplesof parametetying in currentsystemsnclude:

Grand Covariance Matrix Covarianceparametergan be the mostdifficult to estimate
directly. And sincea covariancematrix hasO(d?) independenelementsthereis a
potentiallyhugenumberof parameterfn acomplex system.Oneway aroundthisis
to constrainall the Gaussianso usethe samecovariancematrix, typically computed
overall thetrainingdata— the so-calledGrandCovariancematrix.

Tied Mixtur es In thetied mixturemodel,all theoutputfunctionssharethe samebasicset
of componenGaussianswith eachoutputfunction having it's own setof mixture
coeficients. Thisis likea“soft” vectorquantization(with thesetof Gaussianbeing
analogouso the codebookpandis sometimeg&nown asthe Semi-ContinuousiMM.

State Clustering In astate-clusteredystemdifferentsubword modelscansharehesame
states.For example,considerthe phonea in a triphonecontext dependentHHMM.
Letk- a+t bethemodelfor a in left context k andright contextt , andr - a+t be
the modelfor a in left context r andright context t . Thesemodelsmay be quite
different(theleft contet is very different),but may have asimilar final state.In this
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casethestateclustering(alsoknown astied state)approactwill cluster(tie) thefinal
statesj.e., constrainthemto be equal. The trainingdatais usedto determinewhich
statesshouldbetied.
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Chapter 6

LANGUAGE MODELLING
AND SEARCH

6.1 LanguageModelling

Languagenodellingis essentiato reducethe compleity of the recognitiontask. Speech
recognitionis dealingwith a naturallanguageandin ary particularcontet, somewords
aremorelikely to appeathanothers.In the statisticalframenork for speechrecognition,
the languagecomponentarisesnaturallywhenwe decomposéehe problemof evaluating
theprobability P(W|X) of aword sequencegiventheacousticsnto two parts,theacoustic
modelandthelanguagenodel:

PW|Y)O P(Y\W)  PW) . (6.1)
acoustianodellanguagemodel

The language model P(W) is the prior probability of a sequencef words. Sincethis
probability doesnot dependon the acousticdataY it canbe estimatedrom a large text
corpus,anddoesnotrequire(acousticspeectdata.

Sowhatform doesour knowledgeaboutthelanguagdake?

We could follow the Al/linguistics NLP route and constructelaboratecontext-free
grammargor similar) designedo cover spolenlanguageThis approachs problematic:

¢ |t is very difficult to automaticallyacquirea grammaifrom data,andit is extremely
labourintensveto developoneby hand,;

¢ Non-probabilistiogrammaranark word stingsas“grammatical”or “not grammati-
cal”: thereforesomeword stringscannotberecognized.

The currentstate-of-the-arapproactto languagemodellingis, in somesensesmuch
cruder Themodelof languagehatis usedis the n-gram. An n-gramis simply asequence
of n words, w1, Wo,... ,Wy. In n-grammodelling of languagethe building blocks of our
modelare probabilitiesof the form p(wn|wn_1,...,w1): the probability of a word given
the previous n— 1 words. Thesearisedue to the fact that we can decomposdwithout
assumptionsthe probability of aword stringas:

P(W]_,Wz,W3 e ,Wg_l,Wg) = P(Wl) P(W2|W1) P(W3|W2,W1) e P(Wg|Wg_1,Wg_2, . ,W2,W1)
(6.2)

In the n-grammodelwe limit the contet usedin evaluatingP(wi,ws,... ,wy) ton—1
words,i.e. for a 3-gram(trigram):

Prrigram(W1, W2, Wa.. ... ,Wp—1,Wp) = P(W1)P(w2|wy1)P(Wa|wz, W1 ) P(Wa w3, Wo) ... P(Wg|Wp_1,Wp—2) .
(6.3)
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If we have a vocahulary of N words, thena table of N" n-gram probabilitiescompletely
specifieghelanguagenmodelandmay be usedto computethe languagemodelprobability
of ary string of words (in the vocalulary). n typically hasthe values2 (bigrams)or 3
(trigrams).

A powerful aspectof n-gram modellingis the fact that n-gram probabilitiescan be
directly andstraightforvardly estimatedrom data.(Sincelanguagenodelsdo notdepend
ontheacousticsatext corpusmaybeusedto estimatdanguagenodelprobabilities.)The
estimationprocesss simple.For trigramsit is:

1. Countall word triplesappearingn thetext: c(wj, w;, wk)

2. Estimatetrigramprobabilitiesasfollows:

P(Wi| Wi, Wj) = P(;V('TVVJV\’/JV\)/I() (6.4)
C(Wi , Wj ,Wk) (6.5)

= ZW[ C(Wi 7Wj JWZ)

This naive approacthasthe problemthatn-gramsthatdo not occurin thetrainingsetwill
be givena zeroprobability. This meanghatword tripletsthatdo not occurin the training
setcannotberecognizedWe don’t wantthisto happen— no sequencef wordsshouldbe
givenazeroprobability: if theacousticsarestrongenoughevidencefor aword sequence,
thenthelanguagemodelshouldnotdisallow it.

Onesolutionto the zeroprobabilityis known asthe “back-off”. In this approachthe
when estimatingtrigram probabilitiesbasedon (6.5) a certainamountof probability is
with held for “unseenn-grams”not in the training data. If a trigramis not seenin the
trainingdatait’s probabilityestimatds basedn this resened probabilitymassfor unseen
trigrams,whichis thensplitup usingbigramprobabilities. Thesameproces$happensvhen
estimatingoigrams with theresenedprobabilitymassheingsplit up accordingo unigram
probabilities.

Thereareseveralproblemswith usingn-gramlanguagemodels for example:

1. They assumehatall the contectualinformationis encodedn the previousn words;
2. It is difficult to automaticallyadaptthemto a particulartopic or task
3. They don't useary notionof word classe®r cataories

However, they have provento beextremelyeffective, sincethey canbeestimatedrom very
large databasesModernsystemauselanguagemodelswith over 10 million probabilities,
estimatedrom severalhundrednillion wordsof text.

6.2 Search

The searchproblemin large vocahulary continuousspeechrecognition(LVCSR) canbe
simply stated:find the mostprobablesequencef wordsgivena sequencef acousticob-
senations(andgivenanacoustianodelandalanguagemodel). Thisis ademandingrob-
lem sinceword boundaryinformationis not availablein continuousspeechthuseachof
thewordsin thedictionarymaybehypothesizedb startateachframeof acoustiadata.The
problemis further complicatedby the vocalulary size (typically 20,000wordsor larger)
andthestructureon the searctspacamposedby thelanguagemodel.

Using the statisticalframework, we canexpressthe goal of the speechrecognizeras
findingthewordsequenc®V with themaximumprobabilitygiventheacoustiobsenations
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Y:
W = agmaxP(W|Y) (6.6)
W
_ p(Y|W)P(W)
= aga( P e
O agmaxP(Y|W)P(W) (6.8)
W

Thetaskfor the searchalgorithmis to evaluate(6.6)— i.e., determinéV giventhevarious
modelsandthe acousticdata. Direct evaluationof all the possibleword sequencess im-
possible(giventhelargevocahulary) andanefficient searchalgorithmwill consideronly a
very smallsubsedf all possibleutteranceanodels. This is a difficult problem,sinceword
boundariesare not known at recognitiontime—soif thereis a 60,000word vocalulary,
thenapotential60,000wordscanstarteachframe.

6.2.1 DecodingStrategies
Two basicdecodingsearchstratgiesareusedfor continuousspeechrecognition:

Viterbi decoding is basedon the dynamicprogrammingalgorithmandis similar to the
DP algorithmfor connectedvord recognitioncoveredin partl1 of thesenotes.This
is a time-synbronousalgorithm— this meanghat the searchprogresseframe by
frame,forwardin time.

Stack decoding algorithmsarebasedntheideasof heuristicsearchThey aretimeasyn-
chronous the bestscoringpath or hypothesis,rrespectve of time, is chosenfor
extensionandthis processs continueduntil acompletehypothesiss determined.

Without pruning Viterbi decodingis an exhaustve search—thanost probableword se-
guencewill befound. Howeveranunprunedsearctfor largevocahulary continuouspeech
recognitionis computationalljinfeasible.Stackdecodings aheuristicsearch— thekey is
choosinghe mostprobablehypothesisthe functionusedto choosehis not only consider
the probability of the partial hypothesisor path,but alsomustestimatethe probability of
thehypothesisxplainingtherestof theacousticsequence.

Although the set of basicunitsin a LVCSR systemwill be somekind of subword
unit, the basicunit of the searchs the word model(whichis constructedisa sequencef
subword models).Thisis because:

¢ The pronunciationdictionary (which is usedto definethe word models)defines
which sequencesf subword units are allowable. (This is in contrastto the lan-
guagemodelwhich assigngrobabilitiesto word sequencedyut all word sequences
areallowablewith acertainprobability)

¢ Becausef thelanguagemodeleffect the samesubword units at the sametime will
have differentpathprobabilities.

6.2.2 Viterbi Decoding

The Viterbi decodingalgorithmis basedon the solutionto the Evaluation Problemfor
HMMs (discussedn part 3). This specifiesthe probability of the most probablestate
sequenceyy storinganarrayof backpointergasusedn the DTW algorithmfor connected
wordrecognition)the correspondingtatesequencand/orword sequenceanbefoundby
backtracing.

Figure6.1showvs how theword modelsareconstructed.

To incorporateébigramlanguagemodelprobabilitiesis straightforvard: seefigure6.2.
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Figure6.1: BasicModelfor Viterbi Decodingfor ContinuousSpeechRecognition

@ (ann)
(ae) U CAT
LANGUAGE WORD MODELS WORD
MODEL END

P(cat|cat) P(and|but)

Figure6.2: DecodingSchemdor a BigramLanguageModel
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However, usingatrigramlanguagemodelis morecomplex andinvolveschangego the
dynamicprogrammingalgorithm. In dynamicprogrammingcomputationis saved when
pathscorverge on the samestate— the principal of optimality saysthat we needonly
considerthe pathwith the highestprobability (thedominantpath Howeverwith atrigram
a languagemodelwe cannotdo this — the probability of a pathdependsn the previous
two words, notjustthe previousword. This meanghata pathis only dominantover paths
with thesamdanguagenodelcontet. In effect, usingatrigramlanguagemodelwill result
in asearchspacewith mary morestates.

6.2.3 Pruning

Effective pruningtechniquesireessentiafor anefficientsearch.Thesearebasednbeam
search:

e Pathswith a probabilitythatis morethanafactord lessthanthe bestpathattimet
arepruned;

e A limit is putonthe maximumnumberof ary pathsatany time.

6.2.4 Tree-structured Dictionary

A simple searchwill thenconsistof a setof individual word models,eachconstructed
from theconstituen{sharedsubword units. However, somecomputatiorcanbesharedy
notingsomewordssharebeginnings(seefigure6.3).

6.2.5 StackDecoding

Stackdecodingalgorithmsaretime asynchronous— the bestscoringpathor hypothesis,
irrespectve of time, is choserfor extensionandthis processs continueduntil a complete
hypothesiss determinedThe crucial functionfor thesealgorithms,f,(t), is the estimated
scoreof hypothesis attimet:

fa(t) = an(t) + bi(t) , (6.9)

wherea(t) is the scoreof the partial hypothesisusing informationto time t and by(t)
estimateghe bestpossiblescore(minimum cost)in extendingthe partial hypothesido a
valid completehypothesisay(t) is the score(log probability) of h att, soto estimatef,(t)
we needto estimateb;;(t). It maybe shovn thataslong asby,(t) is anupperboundonthe
actualscore(i.e., it neverunderestimatethe probability)thenthe searchalgorithmwill be
admissible no errorswill beintroducedthatwould not occurif anexhaustve searchwas
performed.

Stackdecodings abest-firsalgorithm. Themostprobablgpartial)hypothesigi.e., the
hypothesigor which f,(t) is greatestfrom the “stack” of hypothesesinderconsideration
is poppedandextendedby aword, with newly createdextendechypothesebeingaddedo
the stack. Providedthe estimateof f(t) is admissiblethefirst completehypothesigo be
poppedrom the stackwill correspondso the mostprobableutteranceanodel.

The datastructureusedfor the stackis a priority queue typically implementedasa
heap. This is an efficient datastructurewhich is appropriatefor accessing@ndinserting
data,while maintaininga sortedorder

Thekey aspecof a stackdecodeiis how by (t) is estimated.Thisis the probability of
arny word sequenceompletingthe path.

Variousapproximation$ave beentried. Mostrequiresomekind of lookaheadusually
usingsimpleracousticand/orlanguagemodels(oftenknown asa fastmatd). An alterna-
tiveapproachwhichis discussedthere,avoidslookingaheadrderinghypotheseprimarily
by referencdime t;, andsecondarilyby the probability. Hypothesesvith earlierreference
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time areextendedfirst. This is equivalentto usingmultiple stacks,onefor eachreference
time,andprocessinghestacksn orderof increasingeferencdime. As extendechypothe-
sesaregeneratedwith anincreasedeferencdime, they areinsertedinto the appropriate
stack. This orderingensuregshat hypothesegre comparecagainstotherhypothesesvith
thesamereferencdime, thusreducingthe needfor lookahead.

The pruning stratgjies usedfor stackdecodingare basicallythe sameas for Viterbi
decodingAlso tree-structuringhedictionarycanbe donewhenusinga stackdecoder

Stackdecodinghasseveralpotentialadvantage®ver Viterbi decoding:

¢ Thelanguagenodelis decoupledrom theacoustianodelandis notusedio generate
new recognitionhypotheses;

e |t is easyto incorporatenon-Markovian knowledgesourcege.g.,long-spanLMs)
without massvely expandingthe statespace;

e Itisaheuristicsearchratherthananexhaustve searchunlike the Viterbi algorithm,
without pruning),andthusneednot explorethefull statespace;

e The Viterbi assumptionis not embeddedn the searchand thus a full maximum
likelihoodsearctcriterionmaybe usedwith little or no computationabverhead.

6.2.6 Assessingsearch Algorithms

Searchalgorithmsmaybeassessedsingfour basiccriteria:

Efficiency This is a measureof the amountof computation(and memoryuse)required
by the searchalgorithm— andcanbe highly implementatiordependentPlatform-
independenteasure®f efficiency include averagenumberof HMM statesevalu-
atedperframe,andnumberof languagemodellookups.

Accuracy As we make approximationge.g. in pruning)to ensurean efficient decoding,
thereis nolongera guaranteg¢hatthe mostprobablehypothesiwill befound. Thus
thereis atradeof betweeraccurag andefficiengy. Theaccurag of thesearchalgo-
rithm (asopposedo the acousticandlanguagemodellingaccurag) is measuredby
theseach error — thisis ameasuref theextraerrorscausedy theapproximations
madein the searchalgorithm.

Scalability Thisis ameasuref how the decodemperformancescaleswith increasingvo-
cahulary size. Although accurag will notrise linearly with vocahulary size,asthe
extrawordswill berelatively uncommonfor thesamereasorasearchalgorithmthat
scalesvell will have acomputatiorthatscalesslowerthanlinear
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Figure6.3: A pronunciatiomprefix tree— wordswhosepronunciationfiave similar begin-
ningscansharecomputation..
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Figure6.4: lllustrationof the startsynchronousearctstratgy. Thestackattimet = Ty is
beingprocessedThemostlikely hypothesisitthistime (“efficientsearch”)is extendedoy
themostprobableoneword extensiong“a” and“algorithm” areillustrated). Theresultant
extendedhypothesesrreinsertedinto the stackat their referenceime — in this case*al-
gorithm” hasdurationTs — T1. In practiceall hypothesewith identicalreferencdimesare
extendedn parallel.



