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Chapter 1

TEMPLA TE MATCHING

1.1 Intr oduction

A well-studiedapproachto automaticspeechrecognitionis basedon the storageof one
or moreacousticpatterns(templates) for eachword in therecognitionvocabulary. If the
systemis speaker-dependent, then thesewordswill have beenspoken by the intended
user. Therecognitionprocessthenconsistsof matching the incomingspeechwith stored
templates.

This processhasbeenmostusedfor isolatedword recognition,In that casethe input
speechconsistsof an isolatedwholeword (which hasbeenendpoint detected, typically
usinganenergy-basedmeasure)andthis word is matchedagainsteachof thestoredtem-
plates. The templatewith the lowestdistancefrom the input is the recognisedword. In
thesenotes,we’ll mainlybeconsideringisolatedword recognition.

Therearetwo key issuesthatneedto bedealtwith to constructanisolatedword recog-
nition systembasedontemplatematching:

Features In what form shouldthespeechdatabe represented?(i.e. whatarethe feature
vectors?)

Distances How dowecomputethedistancesbetweentwo speechpatterns?

Theanswerto thesecondquestionis crucial. It canbebrokendown into two parts:

1. How dowecomputethe local distancebetweentwo featurevectors?

2. How dowecomputetheglobal distancebetweentwo speechpatterns(words)from
the local distances, giventhatinputwordandthetemplatemayhavedifferentdura-
tions/timescales?

1.2 FeatureVectors

Theway datais representedis crucial to speechpatternrecognition.As anexamplecon-
siderfig. 1.1. This shows an utterance“She hadyour darksuit in greasywashwaterall
year”spokentwiceby thesamespeaker, representedasa time-amplitudewaveformandas
a spectrogram.

All the information in the spectrogramis in the waveform—furtherprocessingwill
nevercreatenew information—but thespectrogramseemsto containmostof theessential
informationin a “clearer” way. The featureextractionprocessmight thenbe regardedas
aninformationreductionprocessin which “irrelevant” informationis thrown away.

Of coursetherearemany possiblefeatureextractionprocessese.g.widebandandnar-
rowbandFFTs,auditoryrepresentations(e.g.basedongammatonefilterbank).
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Figure1.1:Waveformandspectrogramrepresentationsof “Shehadyourdarksuit in greasy
washwaterall year”spokenby a malespeaker

Figure1.2: Featureextractionprocesses:narrowbandFFT (top), widebandFFT (middle)
andauditoryfilterbankexcitationpattern(bottom).
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Thequestionof optimalfeatureextractionis not trivial. If weareinterestedin recogni-
tion, thenanideal featureextractormight beonethatproducesa stringof words(making
therestof therecognizerredundant)!On theotherhand,separatingthefeatureextraction
processfrom thepatternrecognitionprocessis a sensiblething to do,sinceit enablesusto
encapsulatethepatternrecognitionprocess.

We shall concernourselveswith framebasedfeatureextraction. That is, the feature
analysisconsistsof computinga featurevector at regular intervals. For exampleif we
performa filterbankanalysis,thenour featurevectormayconsistof the energiesin each
bandaveragedover (say)20ms.For a linearpredictiveanalysisthefeaturevectorconsists
of thepredictioncoefficients(or transformationsof them).A commonfeaturevectortype
usedin speechrecognitionareMel Frequency CepstralCoefficients(MFCCs),coveredin
COM325.

1.3 Local Distances

An importantoperationis the comparisonof two input vectors—how similar arevectors
x andy, or what is thedistancebetweenthem?In speechrecognitionwe often refer the
distancebetweentwo framesof dataasa local distance, with theoveralldistancebetween
aninputwordanda templatereferredto asaglobal distance.

We shall usethe notationd
�
x � y � for the local distancebetweentwo featurevectors.

Two possiblechoicesfor a localdistancemetricare:� TheEuclideandistancemetric:

d2
�
x � y ��� � �

x � y � T � x � y ���
	 ∑
i

�
xi � yi � 2 (1.1)

wherexi is the ith elementof x andxT signifiesthetransposeof x.� TheCity Block or Manhattan distancemetric:

d1
�
x � y ����� � x � y ���� ∑

i

� � xi � yi �� (1.2)

The principal benefitof the City Block metric is that it is computationallycheaperthan
theEuclideanmetric. TheEuclideandistancegivesmoreweight to largedifferencesin a
singlefeature(relative to smallerdifferencesin all features)comparedwith theCity Block
distance.TheEuclideandistanceis muchmorefrequentlyused,particularlyasit hascertain
theoreticalpropertiesthatarisewhenit is usedin statistically-basedspeechrecognition.

Both thesemetricsmake the implicit assumptionthat individual elementsof a feature
vectorarenotcorrelatedwith eachother. Thisis clearlynotthecasefor asimplefilter-bank
representation– whatgoeson in onechannelis clearly relatedto what is goingon in the
neighbouringchannel. However cepstralfeaturevectorsdo have uncorrelatedelements;
furthermore,it can be shown that using the Euclideandistanceto comparecepstrahas
several“nice” theoreticalproperties.

Finally, therearesomespeechspecificdistancemeasures.Oneof thebestknown is the
Itakura distancewhich is usedwith anLPC analysis.This distanceis similar in concept
to ResidualExcitedLPC.Essentiallythedistancemeasureis theresidualthatresultsfrom
usingtheLPCfilter derivedfrom onesignalto inversefilter theother.

1.4 Global Distances

Speechis a time-dependentprocess.Severalutterancesof thesamewordarelikely to have
differentdurations,andutterancesof thesameword with thesamedurationwill differ in
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themiddle,dueto differentpartsof thewordsbeingspokenat differentrates.To obtaina
globaldistancebetweentwo speechpatterns(representedasa sequenceof vectors)a time
alignment mustbeperformed.

Thisproblemis illustratedin figure1.4,in whicha“time-time” matrixis usedto visual-
ize thealignment.As with all thetimealignmentexamplesthereferencepattern(template)
goesup thesideandthe input patterngoesalongthebottom. In this illustrationtheinput
“SsPEEhH”is a ‘noisy’ versionof thetemplate“SPEECH”.Theideais that‘h’ is a closer
matchto ‘H’ comparedwith anything elsein thetemplate.Theinput “SsPEEhH”will be
matchedagainstall templatesin thesystem’s repository. Thebestmatchingtemplateis the
onefor which thereis thelowestdistancepathaligningtheinputpatternto thetemplate.A
simpleglobaldistancescorefor apathis simply thesumof localdistancesthatgo to make
up thepath.

Time
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Figure1.3: Illustration of a time alignmentpathbetweena templatepattern“SPEECH”
andanoisyinput “SsPEEhH”.

How do we find the best-matching( � lowestglobal distance)pathbetweenan input
anda template?We couldevaluateall possiblepaths– but this is extremelyinefficient as
the numberof possiblepathsis exponentialin the lengthof the input. Instead,we will
considerwhatconstraintsthereareon thematchingprocess(or thatwecanimposeonthat
process)andusethoseconstraintsto comeup with anefficient algorithm.Theconstraints
weshallimposearestraightforwardandnotvery restrictive:

1. Matchingpathscannotgobackwardsin time;

2. Everyframein theinputmustbeusedin a matchingpath;

3. Localdistancescoresarecombinedby addingto givea globaldistance.

For now we will alsoextend(2) to saythatevery framein thetemplateandtheinput must
beusedin amatchingpath.Thismeansthatif wetakeapoint

�
i � j � in thetime-timematrix

(wherei indexesthe input patternframe, j the templateframe),thenpreviouspoint must
have been

�
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 lowest distancepath from�

i � 1 � j � 1� , � i � 1 � j � or
�
i � j � 1� .
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Thisalgorithmis known asDynamic Programming (DP).Whenappliedto template-
basedspeechrecognition,it is often referredto asDynamic Time Warping (DTW). DP
is guaranteedto find the lowestdistancepath throughthe matrix, while minimizing the
amountof computation.TheDP algorithmoperatesin a time-synchronousmanner:each
columnof the time-timematrix is consideredin succession(equivalentto processingthe
input frame-by-frame)so that, for a templateof lengthN, themaximumnumberof paths
beingconsideredatany time is N.

Exercise:Makesureyoucanconvinceyourselfof this.
If wedenotetheglobaldistancescoreup to

�
i � j � asD

�
i � j � andthelocaldistancescore

at that point asd
�
i � j � , thenwe canexpressdynamicprogrammingusingthe following

relation:

D
�
i � j ��� min  D � i � 1 � j � 1��� D � i � 1 � j �!� D � i � j � 1�#"%$ d

�
i � j � (1.3)

GiventhatD
�
1 � 1��� d

�
1 � 1� (this is theinitial condition),wehave thebasisfor anefficient

recursive algorithmfor computingD
�
i � j � . Thefinal globaldistanceD

�
n � N � givesus the

overallmatchingscoreof thetemplatewith theinput. Theinputword is thenrecognizedas
theword correspondingto thetemplatewith the lowestmatchingscore.(NotethatN will
bedifferentfor eachtemplate.)

For basicspeechrecognitionDP hasa small memoryrequirement,the only storage
requiredby thesearch(asdistinctfrom thetemplates)is anarraythatholdsasinglecolumn
of thetime-timematrix.

Exercise:Show this is so.
If it is requiredto tracebackalongthe best-matchingpath(ratherthanjust knowing

thescoreat theendof it) thena backtracearray (or backpointerarray)mustbekeptwith
entriesin thearraypointingto theprecedingpoint in thatpath.

1.5 Extensionsto BasicDP

Although the basicDP algorithm (1.3) hasthe benefitof symmetry(i.e. all framesin
bothinputandreferencemustbeused)thishasthesideeffectof penalisinghorizontaland
verticaltransitionsrelative to diagonalones.

EXERCISE: Convinceyourselfthatthis is soby consideringthedifferentwaysof going
from

�
i � 1 � j � 1� to

�
i � j � .

Onewayto avoid thiseffectis to doublethecontributionof d
�
i � j � whenadiagonalstep

is taken. This hasthe effect of charging no penaltyfor moving horizontallyor vertically
ratherthandiagonally. This is alsonot desirable(why?), so independentpenaltiesdh and
dv canbeappliedto horizontalor verticalmoves.In thiscase(1.3)becomes:

D
�
i � j ��� min  D � i � 1 � j � 1�&$ 2d

�
i � j ��� D � i � 1 � j �&$ d

�
i � j �'$ dh � D � i � j � 1�&$ d

�
i � j �&$ dv"

(1.4)

Suitablevaluesfor dh anddv maybefoundexperimentally.
This approachwill favour shortertemplatesover longertemplates,soa furtherrefine-

mentis to normalizethefinal distancescoreby templatelengthto redressthebalance.
If werestricttheallowablepathtransitionsto be:� �

i � 1 � j � 2�)( �
i � j � (skipsa templateframe– diagonalslope2)� �

i � 1 � j � 1�)( �
i � j � (usualdiagonal– slope1)� �

i � 1 � j ��( �
i � j � (duplicatesa templateframe– slope0)

thenwe areassumethateachframeof the input patternis usedonceandonly once.This
meansthatwecandispensewith template-lengthnormalizationandit is notrequiredto add
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thelocaldistancein twice for diagonal(slope1) pathtransitions.Thisapproachis referred
to asasymmetricdynamic programming (in contrastto theversionin figure1.4which is
symmetric).

Dynamicprogrammingmay be regardedasan efficient algorithmto performan ex-
haustivesearch.Thismeansthatit will alwaysfind thepathwith thelowestglobaldistance
whenmatchingan input with a template,andwill bea lot moreefficient thanexhaustive
search.However, therecanstill bea lot of computation,particularlywhentherearemany
templatesto comparean input patternagainst. A significantsaving in computationcan
bemadeif pruning is employed– this is sometimescalledbeamsearch. Thebasicidea
of pruningis very simple: poorly scoringpaths(i.e., thosepathswhoseglobaldistanceis
furtheraway from thelowestdistancepathat that time) areprunedfrom thesearch.This
is illustratedin figure1.4. Pruningis a heuristic,which meansit doesnot guaranteethat
thealgorithmwill find theminimumdistancepath.An exampleof thissituationis givenin
figure1.5 in which theinput patternis verypoorly matchedto thetemplateandif pruning
hadbeenemployed,thebestscoringpathwouldnothavebeenfound.

Figure1.4: An exampleof DP searchusingthe asymmetricapproachtogetherwith path
pruning.
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Figure1.5: An exampleof DP searchcomparinganinput (”three”) with a dissimilartem-
plate(”eight”). This is an exampleof a casewherethe final lowestdistancepathwould
havebeenprunedmid-utterance.Thepathmarkedby crosseswasthelowestdistanceuntil
thefinal frame.
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1.6 ConnectedWord Recognition

Sofarwehaveconsidereddynamicprogrammingasanalgorithmfor isolatedword recog-
nition. However it is quite possibleto generalizethe algorithmto the caseof connected
word recognition. In this casea point in the searchspaceis representedby threeindices�
i � j � k� , representingframe i of the input, frame j of templatek — unlike isolatedword

recognitionwhereonetemplateis processedat a time, in connectedword recognitionthe
word templatebeingprocessedis a variableto keeptrack of (figure 1.6). The bestpath
throughtheword templatesk canbefoundin thesameway asfor isolatedword recogni-
tion. However, thestartandendpointsof the templatesarenot known so for every input
framewhena valid pathreachestheendof a templatek1, a new templatek2 mightbegin.

(i,j,3)

word1 word2

T
2

T
1

T
3

word3

i

j

Figure1.6: Dynamicprogrammingfor connectedword recognition.

Theglobaldistanceof a pathis kept in theusualway; it is thedistancesummedover
all templatesthe pathhaspassedthrough,so the distancefor individual templatesis not
recorded.This meansthat templatedurationnormalizationis not possible,soasymmetric
dynamicprogrammingshouldbeused.

If pathsthroughtwo (or more)templatesreachthetemplateendat thesameframe,then
only oneof thosepathscanbeextendedby startinganew template(figure1.7).

Exercise:Why is thisso?

Which pathshouldbechosen?Theansweris providedby thedynamicprogramming
principal: choosethe pastwith the lowestglobal distance.We canrepresentthis in the



COM326/COM646/COM678 11

following equation:

D
�
i � 1 �+*,�-� min

k
D
�
i � 1 � len

�
k��� k� (1.5)

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

word1 word2

T
2

T
1

T
3

word3

D(i,1,3)

Figure1.7: DP for connectedword recognitionwhenvalid pathshave reachedthe 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 recognisedstringastheonecorrespondingto the lowestdis-
tancepathat theendof theinput utterance.But at this point we only know theidentity of
thefinal template:we needto know thetemplatesequencewhich madeup this path.This
is obtainedby keepingtrackof the templatesequenceusingbackpointers. Whena path
entersa new template,the previous templateindex is storedalongwith the currentpath
(recall thatwe choosetheprevioustemplatewhosepathhadthesmallestdistance).Upon
exiting a templatewe make anentry in thebackpointer array thatpointsto theprevious
template.A typicalentryin thisarrayis of theform:

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

That is eacharraypoint to a previous templateand the exit time of that path from that
template. Using this informationthe sequenceof templatesthat madeup a pathcanbe
foundby following thesequenceof backpointers.
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T
1

T
2

T
3

T
4

word1 word2 word4word3 word5(start)

Figure1.8: Illustrationof backpointersin DPconnectedword recognition.In thiscase,the
recognisedsequenceof templateswasT2, T3, T2, T1, T4.
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Chapter 2

FINITE STATE MODELS

2.1 Intr oduction

As coveredin thelectures,therearemajordrawbacksto usingtemplate-basedsystemsfor
largevocabularies,multiplespeakers/speaker-independenceandcontinuousspeech.Rather
thanstoringmany examplesandmatchinginput speechagainstall possibletemplatesand
templatesequences,thestatistical modelling approachrepresentseachword(or otherunit
of speech)by a mathematicalmodel.

Therearetwo basicclassesof modelthatcanbeusedfor speechrecognition(andother
patternprocessingtasks):recognitionmodels(recognizers)andgenerativemodels(gen-
erators).(NB: don’t confusethemodeldescription“recognizer”with thegeneralprocess
of speechrecognition.)

RecognizersRecognitionmodelsareusedin patternrecognitionbyconstructingthebound-
ariesbetweenclasses.They arediscriminative in that the aim of the model is to
discriminatebetweenpatterns(or patternsequences)of differentclasses.

Generators A generativemodelis usedto generatepatterns(or patternsequences).Gen-
erativemodelscanbeusedfor recognitiontasksby assigninganinputpatternto the
classwhosemodelwasmostlikely to havegeneratedthepattern(or theclasswhose
modelgeneratespatternsthataremostsimilar to theinput).

Recognitionmodelsandgenerativemodelsareconceptuallydifferent.A recognitionmodel
concentrateson theclassboundaries,aimingto find thekey featuresthatdiscriminatesbe-
tweendifferentclasses.A generativemodelaimsto modelaclassasaccuratelyaspossible,
irrespectiveof whattheothermodelsaredoing.

Both generative andrecognitionmodelshave beenusedfor speechrecognition.Most
state-of-the-artspeechrecognitionsystemsarebasedongenerativemodels,althoughsome
labshavestartedto developstate-of-the-artsystemsbasedon recognitionmodel.

2.2 Finite StateMachines

Most modernspeechrecognitionsystemsarebasedon finite statemachinemodels. As
we’ll see,finite statemachinescanbe usedfor either recognitionor generative models.
Frompreviouscourses,youshouldbeprettyfamiliarwith finite statemachinesbeingused
to modelandrecognizesequencesof symbols.

Recallthatanondeterministicfinitestatemachinemaybedefinedasa5-tuple
�
X � Y � Q � f � g� ,

whereX is thealphabetof input symbols,Y is thealphabetof outputsymbols,Q is theset
of states,f

�
Q 0 X �1( 2Q is thenext-statefunctionandg

�
Q�2( Y is theoutputfunction.

We’re interestedinto specializationsof thisfinite statemodel:
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�
X � Q � f � whichhasnooutputalphabetor outputfunction;� Finite stategenerator

�
Y � Q � f � g� which hasno input alphabet,andwhosenext-state

functionis definedf
�
Q��( 2Q.

A finitestaterecognizerwill recognizeacertainclassof symbolsequences(specifiedby the
correspondingregulargrammar).A finite stategeneratorwill generatearegularsetof sym-
bol sequences.Thebasicapproachto usingeitherof thesemodelsfor speechrecognition
is to constructonefinite statemachinemodelperunit of speech.

To usesuchfinite statemachinesfor speechrecognitionwe have to do oneof thefol-
lowing:

1. Make thespeechdatalook likea stringof symbols;or

2. Adaptthefinite statemachinemodelto dealwith a streamof featurevectors.

Bothof thesearepossible.For themomentwe’ll seehow vector quantization canbeused
to achievethefirst of these.

2.3 Vector Quantization

Theideabehindvectorquantization(VQ) is thateachfeaturevectoris representedby one
of K symbols,whereK is typically 128–1024.This is achievedby automaticallyseparating
thedatavectorsinto K groupsor clusters. Clusteringalgorithmsareusuallyunsupervised
— thereis no oraclethat specifieswhich classa particularfeaturevector comesfrom.
Instead,thealgorithmaimsto clustersimilar vectorstogether.

Themostwidely usedclusteringalgorithmis known astheK-meansalgorithm. This
algorithmis outlinedbelow:

1. Initialize with anarbitrarysetof K codevectors(xk)

2. For eachfeaturevectorx in thetrainingset“quantize”x into theclosestcodevector
xk 3 :

k 45� argmin
k

d
�
x � xk �

Whered
�76 � 6 � is thedistancemeasurein featurespace(e.g.Euclideandistance)

3. Computethetotaldistortionthatoccursusingthisquantization:

D � ∑
x

d
�
x � Q � x �

whereQ
�
x � is thecodeto whichx is assigned.

4. If D is sufficiently smallSTOP.

5. Foreachk recomputethe centroidof all vectorssuchthat xk � Q
�
x � . Updatethe

codebookwith thisnew setof centroidsandgoto2.

After theK-meansalgorithmhascompleted,new vectorscanbeassignedto thecluster
whosecentroidthey are closestto. Thesevectorsare then quantizedinto the label (or
“codeword”) of thatcluster. TheVQ processmaybesummarizedas:

1. Training:Usea clusteringalgorithmto computetheVQ codebook

2. RunTime: For eachfeaturevectorfind theclosestcodebookentry(i.e. assignit to a
cluster)andrepresentthatvectorby thelabelof theclosestcodebookentry.
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TheVQ processdoestwo thingsfor us:� It reducesthecomputationsinceeachn-dimensionalfeaturevectorarereducedto a
symbol;� It enablesusto usemodellingapproachesthatwork onsequencesof symbols.

2.4 Finite StateModelsof Speech

Now if speechwas well modelledby a regular grammar, then it would (of course)be
straightforwardto usefinite statemodels.For exampleconsideredanidealizedword that
is representedby the regular expressiona3 c3 b3 , wherea � b � c are VQ codewords. The
finite stategeneratoron the left of figure 2.1 will producethis regular set,examplesof
which includeaaacbbb, aaaaaaccccbb, etc.This is all verywell, but if wegeta codeword
sequenceaaaaccdcbb, it maybethatnoneof our finite statemodelswill generatesucha
sequence.Intuitively it seemsasthoughthis sequenceis closeto the a3 c3 b3 model,but
sinceit is notamemberof thatregularset,it will benotbegenerated.Wecouldextendour
finite to statemodel(ontheright of figure2.1)andthiswill certainlygeneratethesequence,
but will alsogeneratemany otherssuchasadddddddb.

q1/a q2/c q3/b

q1/a q2/c q3/b

q4/d

Figure2.1: Finitestategeneratorsfor a3 c3 b3 (left) anda3 � c 8 d � 3 b3 (right)

Thegeneratorsin figure2.1 areMoore machines: that is theoutputsarefunctionof
the state. A relatedfinite statemodel is known asthe Mealy machine in which outputs
areattachedto transitions(i.e. g

�
Q 0 Q�1( Y). A Mealy machinegeneratoris shown in

figure2.2.
We will mostlyconsiderMoorefinite stategeneratorsin thiscourse.

2.5 StochasticFinite StateModelsof Speech

We would be doing betterif we could weight our finite statemodels,so that sequences
suchasaaaaccccbbbhada strongerweightingrelative to aaaaaccccdcccbb, which in turn
wasmorestronglyweightedcomparedwith aaaacddcdcddddbb. Oneway to do this is to
make thenext-statefunction f andtheoutputfunctiong probabilistic.We will alsoextend
themodelsothattheoutputfunctionon a stateis alsonon-deterministic(thereareseveral
possiblesymbolsthatmaybeoutputby a state).In thecaseof a finite stategeneratorwe
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a c

d

b

q1 q2 q3

Figure2.2: Mealyfinite stategeneratorfor a3 � c 8 d � 3 b3
areinterestedin theprobabilities:

f
�
Q� : P

�
q
�
t $ 1�� q � t �9�

g
�
Q� : P

�
y
�
t �� q � t �9�

Whereq
�
t � is thestateat time t andy

�
t � is theoutputat time t. For afinite staterecognizer

thereis nooutputfunction:

f
�
Q � X � : P

�
q
�
t $ 1�,� q � t ��� q � t �7�

A finite statemachinewith probabilisticnext-stateand/oroutputfunctionsis referredto
asa stochasticfinite statemachine.Figure2.3 illustratesa stochasticfinite stategenerator
thatmodelsthenoisya3 c3 b3 situationbetterthananon-stochasticmodelcould.Figure2.4
illustratesastochasticfinite staterecognizerfor thesametask.

q1 q2 q3

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

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

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

P(q1|q1) P(q2|q2) P(q3|q3)

P(q2|q1) P(q3|q2)

Figure2.3: Stochasticfinite stategenerator

We’veintuitivelymotivatedtheuseof stochasticfinitestatemachinesasaspeechrecog-
nition model. Let’s be explicit aboutwhat assumptionswe’re making in the caseof a
stochasticfinite stategenerators:

1. The next-statedependsonly on the curr ent state(and not any previousstatesor
outputs). This assumptiontells usthatthecurrentstateof thefinite stategenerator,
encapsulateseverythingweneedto know aboutthesystem— thesystem’smemory
doesnot extend back to previous states. This is sometimescalled the first-order
Markov property.
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q1 q2 q3

P(q2|a,q2)=

P(q2|b,q2)=0.04
P(q2|c, q2)=0.8

0.05

P(q2|d, q2)=0.11

Figure2.4: Stochasticfinite staterecognizer(probabilitiesonly shown for 1 transition)

2. The generatedoutput symbol doesnot dependon any previous outputs. This
assumption(which is sometimescalledobservation independenceor output inde-
pendence) tells us that thecurrentoutputis not dependenton any previousoutputs,
but only thecurrentstate.

3. The output symbol dependsonly on the curr ent state (and not on previous
states).This is assumptiontells usthatweareworkingwith a Mooremachine.

Exercise:Commenton thevalidity of eachof theseassumptions.
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Chapter 3

HIDDEN MARK OV MODELS

3.1 Intr oduction

In thespeechrecognitionliteraturestochasticfinite stategeneratorsarenearlyalwaysre-
ferred to ashidden Mark ov models (HMMs). They are referredto asMarkov models
owing to theMarkov assumptionintroducedin part2. They arecalledhiddenbecausethe
underlyingstatesequenceis not known, only theoutputsymbolsthataregeneratedby the
machine.

How canthesemodelsbeusedfor speechrecognition?
We’ll startof by consideringthesimplecaseof isolatedword recognition.Eachword

in thevocabulary is representedby a stochasticfinite stategenerator(or HMM). Whatdo
weneedto specifytheseHMMs?� Model topology— how many statesandhow arethey connected� Thestatetransition probabilities— thesearetheprobabilitiesP

�
q
�
t $ 1�:� m� q � t �)�

l � thatspecifythenext-statefunction;� The output probabilities — thesemay be regardedasa histogramfor eachstate.
If we have R outputsymbols(Y �
; y1 �7<9<7<=� yR > ) theneachstateq

�
t �-� l will have a

histogramof R probabilities,P
�
y
�
t ��� i � q � t ��� l �

Thetwo setsof probabilities(transitionprobabilitiesandoutputprobabilities)arethemodel
parameters,andwe will representthe entireparametersetby the symbolΘ. The model
itself is representedby the symbolM. (In the simple isolatedword case,we will have
severalmodels,onefor eachword.) We will usethe notationYN

1 � �
y
�
1�!� y � 2�!�7<7<9<=� y � N �

to representasequenceof outputsymbols,andthenotationQN
1 � �

q
�
1�!� q � 2�!�7<7<9<?� q � N �9� to

representa statesequence.
Themodeltopologymustbespecifiedin advance.Onceit hasbeenspecified,thereare

threekey problemsthatmustbeaddressedif weareto useHMMs for speechrecognition:

The Evaluation Problem How dowecomputetheprobabilityP
�
YN

1 �Θ � M � of HMM (stochas-
tic finite stategenerator)M with parametersΘ generatinganoutputsequenceYN

1 ?

Thesolutionto thisproblemenablesustoevaluatetheprobabilityof differentHMMs
generatingthesameobservationsequence.Thiscomputationcanbeusedto compare
theprobabilityof differentmodelsgeneratingthesamedata. If we have a different
HMM for eachword, then the recognizedword is the one whosemodel hasthe
largestprobabilityof generatingthedata.

The DecodingProblem GivenanoutputsequenceYN
1 , anda modelM, with parameters

Θ, how dowecomputethemostprobablestatesequenceQN
1 ?

QN
1 � argmax

R
P
�
RN

1 �YN
1 � Θ � M �
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This problemis concernedwith uncoveringthehiddenstatesequencefrom knowl-
edgeof thesymbolsoutputby themachine.Thesolutionto this problemis useful
to getanunderstandingof themeaningof thestatesof themachine.It will alsoturn
out to beimportantin mostmodernapplicationsof HMMs whenelementarymodels
areconcatenatedtogether.

The Training Problem How do we adjustthemodelparametersΘ to maximizethelike-
lihoodof themodelM producingtheoutputsequenceYN

1 ?

Thesolutionto this problemwill providedanautomaticway to estimatetheparam-
eters(outputandtransitionprobabilities)of eachHMM, usingasetof trainingdata.

3.2 Evaluation

The task is to calculatethe probability that a model M with parametersΘ generatesa
particularsequenceof outputsymbols,P

�
YN

1 �Θ � M � . If the hiddenstatesequence(QN
1 �

q
�
1�!� q � 2�!�7<7<9<?� q � N � ) thathadresultedin thisoutputwasknown, thenthesolutionis simple:

P
�
YN

1 �QN
1 � Θ � M �-� P

�
y
�
1�!� y � 2�!�7<7<9<=� y � N �,� q � 1��� q � 2���7<9<7<@� q � N ��� Θ � M � (3.1)� P

�
y
�
1�,� q � 1�!� Θ � M � P � y � 2�� q � 2��� Θ � M �'<7<9< P � y � N �� q � N ��� Θ � M �

We areusingtwo of theassumptionshere:

1. Outputindependence:y
�
t � is independentof y

�
t � 1�

2. Theoutputy
�
t � is only dependenton thestateq

�
t �

But thestatesequenceis hidden.P
�
YN

1 �Θ � M � is theprobabilityof themodelM gener-
atingthedataregardlessof thestatesequence.Wecanobtainthisfrom (3.1)by considering
every possiblestatesequence.We don’t want to weight theseequally, sowe mustinclude
theprobabilityof eachstatesequence:

P
�
YN

1 �Θ � M ��� ∑
QN

1

P
�
YN

1 �QN
1 � Θ � M � P � QN

1 �Θ � M � (3.2)

We canobtainP
�
QN

1 �Θ � M � from thestatetransitionprobabilities:

P
�
QN

1 �Θ � M �-� P
�
q
�
1�7� P � q � 2�,� q � 1�9� P � q � 3�� q � 2�9�'<7<9< P � q � n�,� q � n � 1�7� (3.3)

We areusingthefinite stategeneratorassumption(or Markov assumption)thatthecurrent
statedependsonly on thepreviousstate.P

�
q
�
1�9� is theprior probability for stateq

�
1� .

Usingequations(3.1),(3.2)and(3.3)wecanexpressP
�
YN

1 �Θ � M � in termsof thebasic
parameters(P

�
y � q� andP

�
q
�
t $ 1�� q � t �7� ):

P
�
YN

1 �Θ � M ��� ∑
Q

�
P
�
y
�
1�,� q � 1�7� P � y � 2�,� q � 2�9�'<7<9< P � y � N �,� q � N �9�7� (3.4)�

P
�
q
�
1�9� P � q � 2�� q � 1�9�'<7<9< P � q � n�� q � n � 1�7�9�� ∑

q A 1B+C q A 2B+C D D DEC q A N B�F P
�
q
�
1�7� P � y � 1�� q � 1�7� i G N H 1

∏
i G 2

P
�
q
�
i �� q � i � 1�9� P � y � i �,� q � i �7�#I

(For clarity thedependenceson Θ andM havebeenleft out.)
Eachterm insidethe sumis the probability of a particularstatesequencegenerating

the output sequence— and this is obtainedby multiplying the outputprobabilitiesand
transitionprobabilitiestogether. But thesumis over all possiblestatesequences— andif
thereareSstatesthenthereareO

�
SN � statesequences!
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Fortunatelywe cancomputethis sumover statesequencesefficiently, usinga recur-
rencerelation.Thekey quantitiesweusearetheso-called“forwardprobabilities”,αt

�
l � :

αt
�
l �-� P

�
y
�
1�!� y � 2�!�7<9<7<=� y � t ��� q � t ��� l �Θ � M � (3.5)

The forward probability αt
�
l � is the probability of the HMM outputtingthe sequenceof

outputsy
�
1��� y � 2���9<7<7<@� y � t � until time t, andbeingin stateq

�
t ��� l at time t. Notethatwe

cannow expressthe probability of a modelM generatinga sequenceof outputsYN
1 asa

sum(overallfinal states)of theforwardprobabilitiesat timeN:

P
�
YN

1 �Θ � M �-� S

∑
sG 1

P
�
y
�
1��� y � 2���9<7<9<=� y � N �!� q � N ��� s�Θ � M � (3.6)

� S

∑
sG 1

αN
�
s�

This is a big improvementon (3.4): insteadof summingover SN statesequences,we only
have to sumoverSfinal states.But weneedto beableto calculateαt

�
l � efficiently. Fortu-

natelywe cando this usingthefollowing recurrencerelation(which againarisesfrom the
HMM assumptions):

α1
�
s��� P

�
q
�
1��� s� P � y � 1�,� q � 1��� s� (3.7)

at J 1
�
s��� F S

∑
j G 1

αt
�
j � P � q � t $ 1��� s� q � t ��� j �#I P

�
y
�
t $ 1�� q � t $ 1��� s�

To updatetheforwardprobabilitiesrequiresO
�
S2 � calculationsateachstep— muchbetter

thantheO
�
SN � requiredby thenaivecomputation.

Thusa modelis evaluatedusingthefollowing procedure:

1. Computetheforwardprobabilitiesfor eachtimeandstateusing(3.7)

2. Computetheprobabilityof themodelgeneratinga particularoutputsequenceusing
(3.6)

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

3.3 Decoding

The forward algorithmrecursionis very similar to the dynamicprogrammingrecursion
usedin templatematching.Themaindifferencesare:

1. Probabilities(P
�
y � q� ) areusedasthelocaldistances;

2. Theallowedtransitionsarebetweenstates(ratherthanframesof the template)and
arealsospecifiedasprobabilities(P

�
q
�
t $ 1�,� q � t �7� );

3. Theprobabilitiesof pathsaresummedin (3.7)— in dynamicprogrammingthemax-
imumpathis kept.

Theapplicationof thedynamicprogrammingalgorithmin aprobabilisticcontext is usually
referredto as the Viterbi algorithm. In this casewe approximatethe probability of the
modelgeneratingtheoutputdata,astheprobabilityof themostlikely path(statesequence)
throughthemodelgeneratingtheoutputdata.Thatis, (3.4)becomes:

P̃
�
YN

1 �Θ � M �-� max
q A 1BKC q A 2B+C D D DEC q A N B F P

�
q
�
1�9� P � y � 1�� q � 1�7� i G N H 1

∏
i G 2

P
�
q
�
i �� q � i � 1�9� P � y � i �,� q � i �7�#I

(3.8)



COM326/COM646/COM678 22

This quantitycanbecomputedefficiently by the Viterbi algorithm— basicallythe sum-
mationsin theforwardprobabilityrecursion(3.7)arereplacedby maximizations.

Exercise:Canyou seehow dynamicprogrammingcanaccomplishthisefficiently?
If anarrayof backpointersis stored(asin connectedword templaterecognition)then

themostprobablestatesequencethatwasusedto computeP̃
�
YN

1 �Θ � M � maybedetermined
by backtracingthoughthisarray.

3.4 Training

Thetrainingproblemfor HMMs consistsof usingthetrainingdatato estimatethetwo sets
of parameters:� TheoutputprobabilitiesP

�
y
�
t �-� i � q � t ��� l �� ThetransitionprobabilitiesP
�
q
�
t $ 1�L� m� q � t ��� l �

If weknew thestatesequencethathadproducedthetrainingdatathenestimatingthese
setsof probabilitiesis straightforward. If ny

il is thenumberof timesthatsymboli hasbeen
outputby statel , thenthere-estimationformulafor P

�
y � i � q � l � is:

P
�
y � i � q � l �-� ny

il

∑ j n
y
jl

(3.9)

And theestimatefor thetransitionprobabilityis:

P
�
q
�
t $ 1�L� l � q � t �-� k�-� nq

kl

∑mnq
km

(3.10)

wherenq
kl is thenumberof transitionsfrom stateq � k to stateq � l . It is possibleto traina

setof HMMs in thismanner, usingtheViterbi algorithm(section3.3)to computethemost
likely statesequence,andthenassumethat the training datawasgeneratedby this state
sequence.This is known asViterbi Training.

However, thereis a moregeneralway to train theparametersof anHMM, which does
not rely on assumingthat thedatawasproducedby themostprobablestatesequence.In-
stead,asin theevaluationproblem,we sumoverall possiblestatesequences,weightedby
theprobabilityof eachstatesequence.In this way, at eachtime stepratherthanknowing
preciselywhich stategeneratedthatframeof trainingdata,we computetheprobabilityof
eachstatehaving generatedthetrainingdata,andweightthecountsby thisprobability. The
algorithmto do this is known astheForward-Backward algorithm,andto do thecomputa-
tionsefficiently usesthe forwardprobabilities(equations3.5 and3.7) alongwith another
setof probabilitiesthatcanbecomputedrecursively, thebackward probabilities.

Thebackwardprobabilities,βt
�
q� give the probabilityof outputtingthe remainderof

theoutputdata,giventhatthestateis q
�
t � at time t:

βt
�
l �-� P

�
y
�
t $ 1�!� y � t $ 2�!�7<9<7<?� y � N �,� q � t ��� l � Θ � M � (3.11)

Therecurrencerelationto computetheseprobabilitiesrunsbackwardsin time:

βN
�
l ��� 1 (3.12)

βt
�
l ��� S

∑
mG 1

P
�
q
�
t $ 1�L� m� q � t ��� l � P � y � t $ 1�� q � t $ 1�L� m� βt J 1

�
m�

Initially thebackwardprobabilitiesare1 sincethereis no remainingsequenceto account
for. The backward recursionthenupdatesthe probabilitiesby observingthat in orderto
accountfor therestof thesequencea transitionfrom every precedingstateq

�
t � hadto be
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madeto stateq
�
t $ 1�1� m, with observationsymboly

�
t $ 1� beingaccountedfor in that

state,andthentherestof theobservationsequenceaccountedfor by thepreviousbackward
probability(βt J 1

�
m� ).

Togethertheforwardandbackwardprobabilitiesenableusto calculatesomeveryuse-
ful quantities:

1. The probability that the modelemitsoutputsequenceYN
1 , given that it is in state

q
�
t ��� l at time t:

P
�
q
�
t ��� l � YN

1 �Θ � M ��� P
�
y
�
1��� y � 2���9<7<9<?� y � t �!� q � t ��� l �Θ � M � (3.13)

P
�
y
�
t $ 1�!� y � t $ 2���9<7<9<?� y � N �� q � t �-� l � Θ � M �� αt
�
l � βt

�
l �

2. Thestateoccupationprobability, γt
�
l � , theprobabilityof beingin statel at time t.

γt
�
l �-� P

�
q
�
t ��� l �YN

1 � Θ � M �-� P
�
q
�
t ��� l � YN

1 �Θ � M �
P
�
YN

1 l �Θ � M � (3.14)� αt
�
l � βt

�
l �

P
�
YN

1 �Θ � M �� αt
�
l � βt

�
l �

∑mαt
�
m� βt

�
m�

3. Theprobabilityof beingin stateq
�
t �2� l at time t andmakinga transitionto state

q
�
t $ 1��� m, ξt

�
l � m� :

ξt
�
l � m��� P

�
q
�
t ��� l � q � t $ 1�L� m�YN

1 � M � Θ � (3.15)� P
�
q
�
t ��� l � q � t $ 1�L� m� YN

1 �M � Θ �
P
�
YN

1 �M � Θ �� αt
�
l � P � q � t $ 1�L� m� q � t ��� l � P � y � t $ 1�� q � t $ 1��� m� βt J 1

�
m�

∑ j C k αt
�
j � P � q � t $ 1�L� k � q � t ��� j � P � y � t $ 1�,� q � t $ 1�L� k� βt J 1

�
k�

In this equationαt
�
l � accountsfor the first t outputsymbols,P

�
q
�
t $ 1�� q � t �9� ac-

countsfor thestatetransitionfrom time t to time t $ 1, P
�
y
�
t $ 1�� q � t $ 1� accounts

for theoutputsymbolat time t $ 1 andβt J 1
�
m� accountsfor therestof theoutput.

(In all thesecasesthedenominatoris therefor normalizationto ensurethat thingsaddup
to 1.)

We cannow seehow theoutputandtransitionprobabilitiesarereestimated:

Output Probabilities TheoutputprobabilityP
�
y � i � q � l � is estimatedusingtheratioof

the probabilityof symbol i beingoutputfrom statel to the probabilityof beingin
statei andoutputtingany symbol:

PM � y � i � q � l �-� P
�
y � i � q � l �YN

1 � Θ � M �
P
�
q � l �YN

1 � Θ � M � (3.16)� ∑N
t G 1 δt

�
i � γt

�
l �

∑N
t G 1 γt

�
l �

whereδt
�
i � is a variablewhich indicateswhensymboly

�
t �-� i:

δt
�
i �-� 1 if y

�
t �-� i� 0 if y
�
t �ON� i
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Transition Probabilities ThetransitionprobabilityP
�
q
�
t $ 1�-� m� q � t ��� l � is estimated

usingthe ratio of the probability of beingin stateq
�
t �P� l at time t andmakinga

transitionto stateq
�
t $ 1��� m, to theprobabilityof beingin stateq

�
t � andmakinga

transitionto any state:

PM � q � t $ 1�L� m� q � t ��� l �-� ∑N H 1
nG 1 P

�
q
�
n�L� l � q � n $ 1�L� k �YN

1 � M � Θ �
∑N H 1

nG 1 P
�
q
�
n��� l �YN

1 � M � Θ � (3.17)� ∑N H 1
nG 1 ξn

�
l � m�

∑N H 1
nG 1 γn

�
l �

(Notethat thesummationis only up to N � 1 sincethefinal transitionis from time
N � 1 to N.

In bothcasestheform of thereestimationequationsis thesame:� Thedenominatoris theprobabilityof beingin thestateat thattime,giventhedata;� The numeratoris the probability of beingin that stateandoutputtingthe relevant
symbolor makingthespecifiedtransition.

Theseequationsarereestimations;afterthey areusedto reestimatetheparameters,the
modelscanbere-evaluatedandtheparameterestimationprocessiterated.It canbeproved
that this training processwill eventuallyconvergeto an optimal setof HMM parameters
thatmaximizethelikelihoodof themodelproducingthedata,P

�
YN

1 �M � .
Summary of HMM Training

Thefollowingstepsmakeuponeiterationof thetrainingprocessfor anHMM M with using
trainingdataYN

1 (whereM maycorrespondto amodelfor awordandYM
1 theacousticdata

for thatword):

1. Useequations(3.7)and(3.12)to computethesetof forwardandbackwardprobabil-
ities for eachtimeandstate;

2. Usethe forwardandbackwardprobabilitiesin equations(3.14)and(3.15)to com-
putetheprobabilitiesγ andξ for eachtimeandstate;

3. Usetheγ andξ probabilitiesto reestimatethetransitionandoutputprobabilities.

Thisprocessis iterateduntil thetransitionandoutputprobabilitieshaveconverged(i.e.,do
notchangefrom oneiterationto another).

Thefinal issueis how thetrainingprocessis initialized. In theoryandin practiceit is
adequatejust to initialize all transitionprobabilitiesto 1 Q Sandall outputprobabilitiesto
1Q R if thereareRoutputsymbolsandSstates.
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Chapter 4

CONTINUOUS SPEECH
RECOGNITION

4.1 The Statistical Framework

We canformulatetheproblemof continuousspeechrecognitionusinga statisticalframe-
work. The problemis to find the mostprobablestring of wordsW correspondingto an
acousticsignalY. We canwrite thisasanequation:

W � argmax
W R P

�
W M �Y � (4.1)

Whatthismeansis thatweneedto computetheprobabilityof everywordsequenceW M
giventheacousticsY, andchoosethemostprobableastherecognizedoutput..This is all
very well, but it meansthat we needto estimateP

�
W �Y � for every possibleword string!

We’ll look athow wecandothis.
Thefirst thingwecando is applyBayes’Ruleto split theprobabilityP

�
W �Y � into two

parts:

P
�
W �Y �-� P

�
Y �W � P � W �

P
�
Y � (4.2)�TS P

�
Y �W �

P
�
Y �VU �

P
�
W �7� (4.3)

Now P
�
Y � , which is the probabilityof the dataindependentof the word string,doesnot

dependonW sowecansimplify this further:

P
�
W �Y � ∝ P

�
Y �W �W X�Y Z

acousticmodel

P
�
W �W X�Y Z

languagemodel

(4.4)

AcousticModel P
�
Y �W � is the probability of a modelof the word string (the utterance

model) generatingtheacousticsY. Theutterancemodelwill usuallybeanHMM (or
someotherkind of stochasticfinite statemachine).This modelis estimatedfrom a
speechcorpus.

LanguageModel P
�
W � is theprior probabilityof a sequenceof words. Sincethis prob-

ability doesnot dependon theacousticdataY it canbeestimatedfrom a largetext
corpus.
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4.2 Hierarchical Modelling

If the utterancemodelW is representedby an HMM, thenthe acousticmodelprobabil-
ity P

�
Y �W � is exactly that obtainedwhen the evaluationproblemis solved for HMMs.

However in largevocabularycontinuousspeechrecognitionwe mayhave a vocabularyof
60,000words,andutterancesmaybeany length.It is clearlyimpossibleto build aseparate,
independentmodelfor eachutterance.

The solution is to modelparticular, well-definedunits of speech.A separateHMM
is constructedfor eachunit, anutterancemodelcanthenbedefinedby concatenatingthe
basicHMMs (figure4.1). ThesamebasicHMM canbeusedin any numberof different
utterancemodels.During trainingweadjusttheparametersof eachutterancemodelin the
trainingdata:but sinceeachutterancemodelis built from simplermodels,this meansthat
theparametersof thebasicmodelsareadjusted.For example,theword couldbechosen
asthe basicunit of speech.In this casean utterancemodelof a string of wordswould
consistof theconcatenationof thecomponentwordmodels(if aword is repeatedthenthat
componentHMM justgetsinsertedinto theutterancemodeltwice.

Figure4.1: Concatenationof two HMMs

If we areinterestedin building a recognizerwith a very limited vocabulary (saya rec-
ognizerfor thedigits ‘zero’ to ‘nine’) thenchoosingtheword asthebasicunit of speech
mightbeareasonableapproach.However, thisapproachis not feasiblewith largervocabu-
laries,in whichsomewordsmayoccuronly rarely(or notatall) in thetrainingdata.In this
case,therewould not besufficient trainingdatato estimatethe parametersfor individual
HMMs for eachword.

A solution to this problemis to definea basicsetof subword units. Subword units
may be put togetherto form words. The prosandconsof variousunits of speechwere
discussedin thecontext of waveformsynthesisandmostof thesameargumentshold. or
diphonesas the basicsubword unit, most systemsare phonebased. In British English
thereareabout50 phoneswhich maybeusedto build pronunciationsof any word in the
language.However, theacousticrealizationof phonescanvary tremendously, depending
on theirphoneticcontext: to copewith this variation,context-dependentphonemodelsare
oftenemployed.

If weuseasystembasedonsubwordunits:� Wordmodelsarebuilt from subwordmodels,with apronunciationdictionarydefin-
ing how to concatenatethesubwordmodels;� Utterancemodelsarebuilt by concatenatingthesewordmodels.
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4.3 Training

If our continuousspeechrecognitionsystemis basedon subwordHMMs, thentheparam-
etersof the models(transitionprobabilitiesandoutputprobabilities)areestimatedfrom
the training datausingthe forward-backwardalgorithm(alsoknown asthe Baum-Welch
algorithm)previouslydescribed(part3). To train thesemodelsweneedthefollowing:� A setof basicsubword HMMs (typically a three-stateleft-to-right topologyis used

for eachmodel(asin figures3 and4 in part2 FiniteStateModels).� A pronunciationdictionarygiving a pronunciationfor eachword in thevocabulary
in termsof thesubword units. Phone-basedsystemsfor British Englishoftenusea
theBritish EnglishExamplePronunciation(BEEP)dictionary, basedon theOxford
AdvancedLearnersDictionary.� Trainingdata:theacousticsfor eachutterance(processedusinganappropriatefront-
end,e.g.,mel scaledcepstralcoefficients)andvectorquantized,togetherwith the
orthographic transcription. The transcriptionis simply theword sequencefor that
utterance:it doesnot needto be time-alignedanddoesnot needto bephonetically
labelled.

The following procedurecan be usedto train the subword modelsfrom continuous
speech:� Initialize thesubwordHMMs (seebelow)� For eachtrainingutterancecreateanutterancemodel:eachwordmodelis asequence

of subword HMMs, concatenatedusingthepronunciationdictionary. Theutterance
modelis theconcatenatedsequenceof wordmodels.� Whenbuilding the utterancemodelsoptionalsilencemodelscanbe placedin be-
tweenwords.� The forward-backwardprocedureis thenappliedto eachlarge concatenatedutter-
anceHMM. Theforwardandbackwardprobabilitiesarecomputedusingequations
(7) and(12), the outputprobabilitiesarere-estimatedusing(14) and(16), andthe
transitionprobabilitiesre-estimatedusing(14),(15)and(17). (All equationnumbers
referto part3 notes(HMMs).)� Theforward-backwardprocedureis theniteratedseveraltimes

Note:� Word boundariesarenot estimated— theprocedurehascompletefreedomto align
theutterancemodelagainsttheacoustics� Training eachutterancemodelresultsin adjustingthe parametersof the baseform
HMMs and so will affect other utterancemodels. We can think of the utterance
modelbeinga concatenatedsequenceof pointersto baseformHMMs� We make assumptionsabouthow eachword is pronouncedwhentraining(supplied
by the dictionary), which may not correspondto the actualacoustics. But since
theseinaccurateassumptionsarethesameat bothtrainingandtesting,we arebeing
consistent.� This is a re-estimationprocedure— our existing modelsare taken to be the best
currentspeechmodel,theforward-backwardprocedurethenimprovesthesemodels.

Therearetwo waysin which thebaseformHMMs
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1. Usea phoneticallylabelledandtime-aligneddatabase(e.g. TIMIT) to initialize the
parametersfor eachsubword model,using the forward-backwardalgorithm. This
is a straightforwardprocedure,sincethespeechis segmentedinto phones(or other
relevant subword units), so eachbasicsubword HMM hasa clearly definedsetof
trainingdata.

2. “Flat-Start” training.All modelsstartidentically(or with randomparameters,ensur-
ing sum-to-oneconstraintsarenotviolated).This is clearlynotagoodinitial model,
but afteroneor two iterationsof the forward-backwardalgorithmover the training
data,themodelswill have“self-organized”.

With flat start training a continuousspeechrecognitionsystemcan be trainedwith-
out usingany time-alignedor phoneticlabelling whatsoever — all that is requiredis the
sequenceof wordscorrespondingto theacousticsignal.

4.4 Evaluation

It is importantto beableevaluatespeechrecognizers—bothto compareonespeechrecog-
nizerwith anotherandto beableto quantitatively assesstheeffectsof any changesmade
to thesystem.Evaluationis performedonanindependenttestsetof speechdata.Thereare
threeclassesof speechdatasetusedin trainingandevaluatinga speechrecognizer:� Training set— thedatasetusedto train theparametersof thesystem(HMM transi-

tion, probabilities,VQ codebook,etc.)� Developmentset— thedatasetusedfor incrementaldevelopment,etc. of therec-
ognizer(e.g.comparingdifferentfront ends).� Testset— testdatausedto evaluatethetherecognizer:this datashouldneverhave
beenusedwith therecognizerbefore.

The differencebetweendevelopmentandtestdatais very important- if every potential
improvementis evaluatedon thesametestsetthatis usedfor thefinal evaluation,thenyou
run therisk of ‘tuning’ therecognizerto thatdata.

Thereare threetypesof error that a continuousspeechrecognizercan make: sub-
stitution, insertionand deletion. Considerrecognizingthe utterance“computerscience
department”� Substitution:e.g.“computerSIGHSdepartment”� Insertion:e.g.“computerscienceTHE department”� Deletion:e.g“computerdepartment”

Thenumberof substitutions(S),deletions(D) andinsertions(I) is obtainedby aligningthe
recognizersoutputwith theactualutterance.

Notethatthe% correctdoesn’t tell youeverything:� “computersciencedepartment”- 100%correct� “the computerseensciencethedepartmentto” - 100%correct

The%geof wordsrecognizedcorrectlydoesn’t includeinsertions.In fact:

% correct� 100 0 S 1 � �
S $ D �

N U
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WhereN is thenumberof wordsin thecorrecttranscription.Themeasurethat is usually
employedis theword error rate(%) (or equivalentlytherecognitionrate):

word-error-rate � 100 0[S � S $ D $ I �
N U

recognition-rate� 100 � word-error-rate

It is quitepossibleto havea recognitionrateof \ 0%(or a worderrorrateof over100%),
dueto insertions. “the computerseensciencethe departmentto” may be 100%correct,
but it hasa word errorrateof 100 0 � 0 $ 0 $ 4�9Q 3 � 133< 3%,giving a recognitionrateof� 33< 3%!

The word error rate is a measureof the transcriptionaccuracy of the recognizerand
givesabasicmeasureof theperformanceof therecognizer(relativeto a testset).However
if the recognizeris beingusedfor a specifictask,thenthe relevantperformancemeasure
is onethat measureshow well it performs. For example,a recognizerthat is beingused
as a userinterfaceto an air travel informationsystemshouldbe evaluatedon the % of
correctdatabasequeriesgeneratedfrom thespeechinput,not on theword errorrate— a
userdoesn’t careaboutthe internaltranscriptionthey just wanta sensibleanswerto their
questions.
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Chapter 5

ACOUSTIC MODELLING

5.1 Modelling Context

To build ahigh-performancecontinuousspeechrecognitionsystemusinga setof subword
units, it is importantthat thesubword unitsareableto accuratelyrepresenttheir acoustic
classes.To do thiswewantto reducethevariability of eachacousticclass,thusincreasing
the potentialaccuracy of the subword models. Much of the variability in speechis due
to coarticulationandothercontextual effects. If thesubword unitsexplicitly modelthese
contextualeffectsthentheoverallaccuracy of thesystemshouldbeincreased.

Therearevariouscausesof contextual variation.Somearedueto theenvironment(is
it noisy?aretheremultiple speakers?),thechannel(telephone?wide-bandmicrophone?),
thespeaker (maleor female?age?)or thespeakingstyle(rate?dictatedor spontaneous?).
Theseeffectsareextremelyimportantandmodellingthemis anactive researchissue,but
herewe shallbemoreconcernedwith local contextual effects:principally coarticulation,
but alsostressandemphasis.

5.1.1 Coarticulation

Sincespeechis producedby relatively slowly moving articulators,thearticulatorymove-
mentsleadingto the productionof a particularphoneis strongly influencedby both the
precedingandfollowing phones.If weconsidereachphoneto havean“articulatorytarget”
thenin continuousspeechthearticulatorsdo not make discretejumpsfrom onetarget to
another, but arein motionmoving fromonetargetto thenext. Indeed,especiallyduringflu-
entspeech,thearticulatorytargetswill notbeachieved,andtheslowly moving articulators
will alwaysbein a stateof transition.Thiscontext dependencewill alsobereflectedin the
acousticrealizationof thephone.We call this phenomenoncoarticulation.Coarticulation
meansthat the acousticsof a phonemay be reasonablyconsistentwhenthe surrounding
phoneticcontext is takeninto account,comparedwith whena singlemodelis usedfor the
phonefor all contexts.

Humansdealwith coarticulationeffortlessly. However statisticalspeechrecognizers
needto betold aboutit!

5.1.2 Context-DependentPhoneModels

The most usualway in which coarticulationeffects are modelledis throughthe useof
context-dependentphonemodels. Put simply, this involvesusingseveral basicsubword
units for eachphone,ratherthanjust one. This techniqueassumesthat theprecedingand
succeedingarticulatorytargetsmay be predictedby the surroundingphones.(Of course
thesepredictionsarenotexplicit—we justassumethatby doingthistheacousticvariability
in eachsubwordunit is reduced.)Theamountof context usedcanvary:
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Monophonecontext This is thesimplecasein whichsurroundingphoneticcontext is not
used. In British English(usingthe BEEPdictionary)this meansthat a total of 45
phones(plussilence)arerequired.The word “SPEECH”would be representedby
themodelsequence:

SPEECH= s p iy ch

Allophone context This is similar to monophonecontext (i.e., no context), but thereare
multiplepossibleunitsfor eachphone.Usingthesameexample:

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

Biphonecontext In this caseeachphonemodel is representedwith a particularleft (or
right) context. Potentiallythereare45 0 46 � 2 � 070left (or right) biphonecontext
phonemodels(plussilence).

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

(Notethat“$” is thesymbolfor awordboundarycontext, andthat“-” signifiesa left
context, and“+” a right context.)

Triphone context Eachphonemodelis representedwith aparticularleft andright context.
Thereareapossible45 0 46 0 46 � 95� 220triphonecontext dependentmodels(plus
silence).

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

Word Context In this caseeachphonemodeldependson thecontext of thesurrounding
word.

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

Thenumberof possiblecontext-dependentunits increasesexponentiallywith theamount
of context. However not all contexts occur in naturalspeechand it is not necessaryin
practiceto constructa modelfor eachpossiblecontext. Themostusualcontext dependent
subword unit employed in moderncontinuousspeechrecognitionsystemsis the triphone
context dependentphonemodel.

Sincewe aredealingwith continuousspeechwe needto considerwhat to do at word
boundaries.Therearetwo basicpossibilities:� Word internal context dependence:phoneticcontext acrosswordboundariesis not

used:

SPEECHPROCESSING=$-s+p s-p+iy p-iy+ch iy-ch+$ $-p+r
p-r+o o-s+eh eh-s+ix s-ix+ng ix-ng+$� Crossword context dependence:phoneticcontext is consideredacrosswordbound-

aries:

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

In continuousspeechrecognitionword boundariesarenot delimitedby silences,so
cross-word coarticulationis important. However therearetwo reasonswhy it simplerto
implementa systemusingword-internalcontext dependency:
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Size Therearemany morecontexts thatcanoccurin thecross-word casecomparedwith
theword-internalcase(e.g.ch-p+r above). In thecross-wordcasethatmeansthat
every word in the dictionaryneedsstart (andend)context-dependentphonemod-
els for all possiblepreceding(succeeding)words. For examplein the caseof a
20,000worddictionaryfor a businessnews task,therewerearound14,000possible
word-internaltriphonecontext models,comparedwith 54,000possiblecross-word
triphonecontext models.

Complexity Usingword-internalcontext dependentmodelsmeansthateachword canbe
consideredin isolation;cross-wordmodelsmeansthattheacousticmodelfor aword
cannotbe constructedin advanceby concatenatingthe relevant subword models,
sincethe word model is dependenton the precedingandsucceedingwords. This
makesthe search(decoding)taskmorecomplex for cross-word context dependent
systems.

In the businessnews task mentionedabove althoughthereareover 54,000possible
cross-word triphonecontext dependentphones,only around23,000cross-word triphone
context dependentphonesappearin a standardtraining dataset,consistingof around10
hoursof speech.Thereisnowaythatit isgoingtobepossibletoestimatetheparametersfor
54,000context dependentmodels,whenoverhalf of themdonotappearin thetrainingdata.
Indeed,it is generallyreckonedthattheminimumnumberof examplesneededto estimate
theparametersof a particularcontext-dependentsubwordmodelsis between10and1,000
(dependingon theexactnatureof thesubwordHMM). However, it is notacceptableto not
modelcontexts that do not occur in the training data,sincewe mustbe preparedfor all
possiblecontextsoccurringin thetrainingdata.

Two contrastingsolutionsto thisproblemare:

Backing-off In this method,if not enoughdataexiststo modela triphonecontext depen-
dentmodel,thena lessspecific(left or right) biphonecontext dependentmodel is
usedinstead.If thereis notenoughdatafor eitherbiphonecontext dependentmodel,
thenwe back-off further to the context independentmonophonemodel. This ap-
proachguaranteesthat well-trainedmodelswill alwaysbe used. However, it can
meanthat relatively few modelswill using full triphonecontext whendatais rel-
atively sparse(typically the casefor cross-word models),so someof the potential
benefitsof triphonecontext dependencewill belost (e.g. relatively few cross-words
will bemodelledby triphonecontext dependentmodels).

Sharing Ratherthanbacking-off to lessspecificmodels,try to ensurethat all (or most)
phonemodelsarefully context dependentby sharingmodelsbetweendifferentcon-
texts. This is sensiblesincealthoughacousticrealisationsof phonesdo vary with
context, every context doesnot result in a completelydifferentacousticrealisation
to everyothercontext. Thisapproachmeansthatcontext-dependency is maintained,
while eachmodelhas“enough” trainingdata. Thepossibledrawbackis that inap-
propriateshareingcanleadto modelswith highvariability (lessspecificmodels).

5.1.3 SharedContext-DependentModels

We shall look at threebasicapproachesto sharedcontext-dependentphonemodels.The
first uses“linguistic knowledge”,theothertwo aredata-driven.

BroadPhoneticClasses

In this casewe uselinguistic knowledgeto grouppossiblecontexts into “broad” phonetic
classes,e.g.:

1. Stops(e.g.b d)
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2. Nasals(e.g.em ng)

3. Fricatives(e.g.ch z)

4. Liquids(e.g.l w)

5. FrontVowels(e.g.ae ix)

6. CentralVowels(e.g.ah er)

7. BackVowels(e.g.ow uh)

In this casetherewill be45 0 7 0 7 � 2205broadclasstriphonecontext dependentphone
models(plussilence).This is a simpleprocedure,but it assumesthatthesebroadphonetic
classesdospecifythearticulatorycontext well. In practiceit turnsout thatthisassumption
doesnot hold very well, resultingin subword unitsof lessspecificityattemptingto model
a gooddealof acousticvariability.

GeneralisedTriphones

This is a “bottom up” datadrivenapproach.This approachbeginsby assigninga triphone
context dependentmodelto all phonesin all observedcontexts. Of course,notall of these
modelswill have enoughtrainingdata. Thealgorithmproceedsby merging the“closest”
models(accordingto somedistancemeasure).This pairwisemerging processcontinues
until all the resultantmodelshave “enough” training data(accoridingto somecriterion).
Theseareknown asgeneralisedtriphones. If acousticrealisationsof phonesin different
contextsaresimilar, thenit wil resultin a reducedsetof accuratemodels.

Theprincipaldrawbackof this approachis that trainingexamplesarerequiredfor all
initial models— thisis commontoall bottomupmergingprocedures.Thismakesit impos-
sibletomodelcontextsunseenin thetrainingdata.Whenunseencontextsareencountgered
at recognitiontimea backing-off approachmustbeused.

DecisionTrees

This is a “top down” datadriven approach.In this casewe start with a set of context-
independentmodelsandstarta spittingprocedure.Thekey point is thatthedatais usedto
specifywhichmodelsshouldbesplit. An approachto doingthis usesa decisiontree. The
root of thetreeis a context independentmodel. Eachnodeof thetreecontainsa question
aboutthecontext (e.g. “is the left context a nasal”“is the right context l”), usedto split
the currentmodel. The leavesof the treecorrespondto the resultantcontext-dependent
models.Theadvantageof this approachis thatall possiblecontextswill bemodelledby a
context-dependentmodel,with a specificitydeterminedby thetrainingdata.

Thekey issueis how thetreeis constructed— whichquestionsareaskedateachnode?
An automaticalgorithmis usedwhich cyclesthroughall possiblequestionsateeachnode
andchoosesthebest(if any) to split themodelat thenode.Without goinginto thedetails
of algorithmsthatareusedfor phoneticdecisiontreeconstructionthekey constraintsare:� Eachleaf (context-dependentmodel)musthave a minimumnumberof trainingex-

amples� A finite setof questionsmustbechosenfrom to split eachnode� Theresultantleavesmustbeableto bewell modelledby HMMs
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5.2 ContinuousDensityHMMs

Recallthefollowing two facts:

1. After signalprocessing,we representa speechsignalasa sequenceof real-valued
vectors(e.g.a vectorof mel frequency cepstralcoefficients).

2. Our speechmodellingmachinary, basedon stochasticfinite statemachines,operate
usingdiscretesymbols(e.g. theoutputfunctionsof a finite stategeneratorproduce
discretesymbols).

Sofar we have usedvectorquantizationto resolve this conflict — a streamof continuous
valuedspeechfeaturevectorsis transformedinto astringof VQ codewords.However, this
processmustlosesomeinformationin thespeechsignal(do you seewhy?) andsomeof
the lost informationmight be helpful for speechrecognition. Ratherthanmessingwith
the datato fit the model,canwe messwith the modelto fit the data?Explicitly, canwe
adaptthestochasticfinite stategeneratormodelto have anoutputfunction thatproduces
continuousvaluedvectorsratherthandiscretesymbols?We can,by definingcontinuous
densityHMMs.

5.2.1 GaussianOutput Functions

Theoutputfunctionfor astateof adiscretesymbolHMMs canberegardedasahistogram
— eachsymbolhasa probability of emittedby that state. If we areto useHMMs asa
generative modelof continuousvectors,thenwe requireanoutputfunctionthatcangen-
eratecontinuousvectorswith a particularprobability. Unlike discretesymbolswe can’t
assigna particularprobabilityto eachpossiblecontinuousvector. Thesolutionis to usea
probabilitydensityfunction, for exampleaGaussian(or Normal)Distribution. A Gaussian
is definedby a meanvector, anda variance,which measurestheaverage(squared)devi-
ation from the mean(or the width of the Gaussian).In onedimensionit is the familiar
bell-shapedcurve(figure5.1),andit maybegeneralisedto multipledimensions:

p
�
y
�
t �,� qt ��� K exp F ∑k

�
yk
�
t �:� µk

�
qt �7� 2

2σk
I (5.1)� N

�
y
�
t � ;µ � σ � (5.2)

The areaundera Gaussian(and, indeed,any probability density function) will sum to
one. A particularpoint on this curve is the likelihoodof the correspondingvectorbeing
generated.

We canusethis ideato constructcontinuousoutputstochasticfinite stategenerators.
Insteadof having a histogramover theK possibleVQ codewords,we usea d-dimensional
Gaussian,whered is thedimensionof thefeaturevectors.Insteadof readingoff theprob-
ability of a VQ codeword from thehistogram,in thecontinuouscasewe readoff thelike-
lihoodof generatingthefeaturevectorfrom theGaussianprobabilitydensityfunction.

This meanswe have differentparametersto estimate.Insteadof the K symbolprob-
abilitiesP

�
y
�
t �1� i � q� definingtheoutputfunction,thecontinuousvaluedoutputfunction

is definedby theparametersof theGaussian:themeanµ andthevarianceΣ. Fortunately
it turnsout thatwe canstill usetheforward-backwardalgorithmto re-estimatethemeans
andthevariances.Basically, themeansarereestimatedasthesamplemeansof thevectors
assignedto a particularGaussian(state)(weightedby theprobabilityof assignment).

5.2.2 GaussianMixtur e Models

The problemwith using a Gaussianoutput distribution is that it assumesthat the data
assignedto thatstatemustfit aGaussian.In particularit assumestheoutputdistribution is
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Figure5.1: A one-dimensionalGaussian(Normal)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 Gaussian(see
figure5.2).

P
(y
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y

Figure5.2: A probabilitydensitymadeupof two Gaussians.Fitting aGaussianto thisdata
resultsin adistributionwhosemeanis atapointwherethereis very little data.

What shouldwe do? We want to usea continuousoutput function, and Gaussians
arevery convenientsincewe canestimatetheir meansandvariancesusingthe forward-
backwardalgorithm. A solutionis to usea combinationor mixture of Gaussiansfor the
outputfunction.A mixtureof Gaussianscanhaveasmany componentGaussiansasdesired
— somemoderncontinuousspeechrecognitionsystemsusemixturesof upto32Gaussians
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perstate.A Gaussianmixturemodelis givenby:

p
�
x � q��� ∑

i
aiN

�
x;µi � σi � (5.3)

wheretheai arecalledthemixturecoefficients,andsumto one. Fortunatelywe canuse
the forward-backward algorithm to train the meansand variancesof all the Gaussians,
the Gaussianmixture coefficientsand the HMM transitionprobabilitiessimultaneously.
In “regular” HMM trainingwe estimatetheprobability thata particularstategenerateda
particularfeaturevectorat a particulartime; with a Gaussianmixtureoutputfunctionwe
further estimatethe probability that a particularcomponentof the Gaussianmixture was
responsiblefor generatingthefeaturevector.

Most stateof the art continuousspeechrecognitionsystemsare basedon Gaussian
Mixture outputfunctions.

5.3 Parameter Tying

Thereis a continualtensionbetweenthe searchfor moreaccuratemodels— which can
meanusing more parametersper model (e.g, more statesper model, more components
per mixture) or a greaternumberof basicsubword models— and the needto estimate
the modelparametersfrom limited training data. Oneway to increasemodelaccuracy
without increasingthe intrinsic modelcomplexity is throughmodelssharingparameters.
This is sometimesdescribedasparametersbeingtiedbetweenmodels.Parametertying can
happenatmany levels. In a Gaussianmixturebasedsystemsparametertying mayoccurat
thelevel of:� means� covariances� mixturecoefficients� mixturecomponents� distributions� states� transitionmatrices

Examplesof parametertying in currentsystemsinclude:

Grand CovarianceMatrix Covarianceparameterscanbe the mostdifficult to estimate
directly. And sincea covariancematrix hasO

�
d2 � independentelements,thereis a

potentiallyhugenumberof parametersin acomplex system.Onewayaroundthis is
to constrainall theGaussiansto usethesamecovariancematrix, typically computed
overall thetrainingdata— theso-calledGrandCovariancematrix.

Tied Mixtur es In thetiedmixturemodel,all theoutputfunctionssharethesamebasicset
of componentGaussians,with eachoutputfunctionhaving it’s own setof mixture
coefficients.This is likea“soft” vectorquantization(with thesetof Gaussiansbeing
analogousto thecodebook)andis sometimesknown astheSemi-ContinuousHMM.

StateClustering In astate-clusteredsystemdifferentsubwordmodelscansharethesame
states.For example,considerthe phonea in a triphonecontext dependentHMM.
Let k-a+t bethemodelfor a in left context k andright context t, andr-a+t be
the modelfor a in left context r andright context t. Thesemodelsmay be quite
different(theleft context is verydifferent),but mayhaveasimilar final state.In this
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case,thestateclustering(alsoknownastiedstate)approachwill cluster(tie) thefinal
states,i.e., constrainthemto beequal.Thetrainingdatais usedto determinewhich
statesshouldbetied.
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Chapter 6

LANGUAGE MODELLING
AND SEARCH

6.1 LanguageModelling

Languagemodellingis essentialto reducethecomplexity of therecognitiontask. Speech
recognitionis dealingwith a naturallanguage,andin any particularcontext, somewords
aremorelikely to appearthanothers.In thestatisticalframework for speechrecognition,
the languagecomponentarisesnaturallywhenwe decomposethe problemof evaluating
theprobabilityP

�
W �X � of awordsequencegiventheacousticsinto two parts,theacoustic

modelandthelanguagemodel:

P
�
W �Y � ∝ P

�
Y �W �W X!Y Z

acousticmodel

P
�
W �W X!Y Z

languagemodel

< (6.1)

The language modelP
�
W � is the prior probability of a sequenceof words. Sincethis

probability doesnot dependon the acousticdataY it canbe estimatedfrom a large text
corpus,anddoesnot require(acoustic)speechdata.

Sowhatform doesourknowledgeaboutthelanguagetake?
We could follow the AI/linguistics NLP route and constructelaboratecontext-free

grammars(or similar)designedto coverspokenlanguage.Thisapproachis problematic:� It is verydifficult to automaticallyacquirea grammarfrom data,andit is extremely
labour-intensiveto developoneby hand;� Non-probabilisticgrammarsmarkword stingsas“grammatical”or “not grammati-
cal”: thereforesomewordstringscannotberecognized.

Thecurrentstate-of-the-artapproachto languagemodellingis, in somesenses,much
cruder. Themodelof languagethatis usedis then-gram.An n-gramis simply a sequence
of n words,w1 � w2 �9<7<9<=� wn. In n-grammodellingof languagethe building blocksof our
modelareprobabilitiesof the form p

�
wn �wn H 1 �7<9<7<=� w1 � : the probability of a word given

the previous n � 1 words. Thesearisedue to the fact that we can decompose(without
assumptions)theprobabilityof a wordstringas:

P
�
w1 � w2 � w3 <9<7<@� w_ H 1 � w_9�-� P

�
w1 � P � w2 �w1 � P � w3 �w2 � w1 �'<7<9< P � w_,�w_ H 1 � w_ H 2 �9<7<7<@� w2 � w1 �

(6.2)

In the n-grammodelwe limit the context usedin evaluatingP
�
w1 � w2 �7<9<7<=� wn � to n � 1

words,i.e. for a 3-gram(trigram):

Ptrigram
�
w1 � w2 � w3 <7<9<=� w_ H 1 � w_ �-� P

�
w1 � P � w2 �w1 � P � w3 �w2 � w1 � P � w4 �w3 � w2 �'<9<7< P � w_ �w_ H 1 � w_ H 2 �`<

(6.3)
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If we have a vocabulary of N words,thena tableof Nn n-gramprobabilitiescompletely
specifiesthelanguagemodelandmaybeusedto computethelanguagemodelprobability
of any string of words (in the vocabulary). n typically hasthe values2 (bigrams)or 3
(trigrams).

A powerful aspectof n-gram modelling is the fact that n-gramprobabilitiescan be
directlyandstraightforwardlyestimatedfrom data.(Sincelanguagemodelsdonotdepend
on theacoustics,a text corpusmaybeusedto estimatelanguagemodelprobabilities.)The
estimationprocessis simple.For trigramsit is:

1. Countall word triplesappearingin thetext: c
�
wi � wj � wk �

2. Estimatetrigramprobabilitiesasfollows:

p
�
wk �wi � wj �-� P

�
wi � wj � wk �
P
�
wi � wj � (6.4)a c
�
wi � wj � wk �

∑wb c � wi � wj � w_9� (6.5)

Thisnaiveapproachhastheproblemthatn-gramsthatdonot occurin thetrainingsetwill
begivena zeroprobability. This meansthatword tripletsthatdo not occurin thetraining
setcannotberecognized.Wedon’t wantthis to happen— nosequenceof wordsshouldbe
givena zeroprobability: if theacousticsarestrongenoughevidencefor a word sequence,
thenthelanguagemodelshouldnotdisallow it.

Onesolutionto thezeroprobability is known asthe“back-off ”. In this approach,the
when estimatingtrigram probabilitiesbasedon (6.5) a certainamountof probability is
with held for “unseenn-grams”not in the training data. If a trigram is not seenin the
trainingdatait’s probabilityestimateis basedon this reservedprobabilitymassfor unseen
trigrams,whichis thensplit upusingbigramprobabilities.Thesameprocesshappenswhen
estimatingbigrams,with thereservedprobabilitymassbeingsplit upaccordingto unigram
probabilities.

Thereareseveralproblemswith usingn-gramlanguagemodels,for example:

1. They assumethatall thecontextual informationis encodedin thepreviousn words;

2. It is difficult to automaticallyadaptthemto aparticulartopicor task

3. They don’t useany notionof wordclassesor categories

However, they haveprovento beextremelyeffective,sincethey canbeestimatedfrom very
largedatabases.Modernsystemsuselanguagemodelswith over 10 million probabilities,
estimatedfrom severalhundredmillion wordsof text.

6.2 Search

The searchproblemin large vocabulary continuousspeechrecognition(LVCSR) canbe
simply stated:find themostprobablesequenceof wordsgivena sequenceof acousticob-
servations(andgivenanacousticmodelanda languagemodel).This is ademandingprob-
lem sinceword boundaryinformationis not availablein continuousspeech:thuseachof
thewordsin thedictionarymaybehypothesizedto startateachframeof acousticdata.The
problemis further complicatedby the vocabulary size(typically 20,000wordsor larger)
andthestructureon thesearchspaceimposedby thelanguagemodel.

Using the statisticalframework, we canexpressthe goal of the speechrecognizeras
findingthewordsequencêW with themaximumprobabilitygiventheacousticobservations
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Y:

Ŵ � argmax
W

P
�
W �Y � (6.6)� argmax

W
S p

�
Y �W � P � W �

p
�
Y � U (6.7)

∝ argmax
W

P
�
Y �W � P � W � (6.8)

Thetaskfor thesearchalgorithmis to evaluate(6.6)— i.e.,determineŴ giventhevarious
modelsandtheacousticdata.Direct evaluationof all thepossibleword sequencesis im-
possible(giventhelargevocabulary)andanefficientsearchalgorithmwill consideronly a
very smallsubsetof all possibleutterancemodels.This is a difficult problem,sinceword
boundariesarenot known at recognitiontime—soif thereis a 60,000word vocabulary,
thenapotential60,000wordscanstarteachframe.

6.2.1 DecodingStrategies

Two basicdecoding(search)strategiesareusedfor continuousspeechrecognition:

Viterbi decoding is basedon the dynamicprogrammingalgorithmandis similar to the
DP algorithmfor connectedword recognitioncoveredin part1 of thesenotes.This
is a time-synchronousalgorithm— this meansthat thesearchprogressesframeby
frame,forwardin time.

Stackdecoding algorithmsarebasedontheideasof heuristicsearch.They aretimeasyn-
chronous: the bestscoringpath or hypothesis,irrespective of time, is chosenfor
extensionandthisprocessis continueduntil acompletehypothesisis determined.

Without pruningViterbi decodingis an exhaustive search—themostprobableword se-
quencewill befound.Howeveranunprunedsearchfor largevocabularycontinuousspeech
recognitionis computationallyinfeasible.Stackdecodingis aheuristicsearch— thekey is
choosingthemostprobablehypothesis:thefunctionusedto choosethis notonly consider
theprobabilityof thepartialhypothesisor path,but alsomustestimatetheprobabilityof
thehypothesisexplainingtherestof theacousticsequence.

Although the set of basicunits in a LVCSR systemwill be somekind of subword
unit, thebasicunit of thesearchis theword model(which is constructedasa sequenceof
subwordmodels).This is because:� The pronunciationdictionary (which is usedto define the word models)defines

which sequencesof subword units are allowable. (This is in contrastto the lan-
guagemodelwhich assignsprobabilitiesto word sequences,but all wordsequences
areallowablewith acertainprobability.)� Becauseof thelanguagemodeleffect thesamesubword unitsat thesametime will
havedifferentpathprobabilities.

6.2.2 Viterbi Decoding

The Viterbi decodingalgorithm is basedon the solution to the EvaluationProblemfor
HMMs (discussedin part 3). This specifiesthe probability of the most probablestate
sequence;by storinganarrayof backpointers(asusedin theDTW algorithmfor connected
wordrecognition)thecorrespondingstatesequenceand/orwordsequencecanbefoundby
backtracing.

Figure6.1showshow thewordmodelsareconstructed.
To incorporatebigramlanguagemodelprobabilitiesis straightforward:seefigure6.2.
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Figure6.1: BasicModel for Viterbi Decodingfor ContinuousSpeechRecognition
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Figure6.2: DecodingSchemefor a BigramLanguageModel
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However, usingatrigramlanguagemodelis morecomplex andinvolveschangesto the
dynamicprogrammingalgorithm. In dynamicprogramming,computationis savedwhen
pathsconverge on the samestate— the principal of optimality saysthat we needonly
considerthepathwith thehighestprobability(thedominantpath. Howeverwith a trigram
a languagemodelwe cannotdo this — theprobabilityof a pathdependson theprevious
two words,not just thepreviousword. Thismeansthata pathis only dominantoverpaths
with thesamelanguagemodelcontext. In effect,usingatrigramlanguagemodelwill result
in a searchspacewith many morestates.

6.2.3 Pruning

Effectivepruningtechniquesareessentialfor anefficientsearch.Thesearebasedonbeam
search:� Pathswith a probabilitythat is morethana factorδ lessthanthebestpathat time t

arepruned;� A limit is puton themaximumnumberof any pathsatany time.

6.2.4 Tree-structured Dictionary

A simplesearchwill then consistof a set of individual word models,eachconstructed
from theconstituent(shared)subwordunits.However, somecomputationcanbesharedby
notingsomewordssharebeginnings(seefigure6.3).

6.2.5 StackDecoding

Stackdecodingalgorithmsaretime asynchronous— thebestscoringpathor hypothesis,
irrespectiveof time, is chosenfor extensionandthis processis continueduntil a complete
hypothesisis determined.Thecrucialfunctionfor thesealgorithms,fh

�
t � , is theestimated

scoreof hypothesish at time t:

fh
�
t �-� ah

�
t �&$ b3h � t �.� (6.9)

whereah
�
t � is the scoreof the partial hypothesisusing information to time t and b3h � t �

estimatesthebestpossiblescore(minimumcost)in extendingthepartial hypothesisto a
valid completehypothesis.ah

�
t � is thescore(log probability)of h at t, soto estimatefh

�
t �

we needto estimateb3h � t � . It maybeshown thataslong asb3h � t � is anupperboundon the
actualscore(i.e., it neverunderestimatestheprobability)thenthesearchalgorithmwill be
admissible: no errorswill be introducedthatwould not occurif anexhaustive searchwas
performed.

Stackdecodingis abest-firstalgorithm.Themostprobable(partial)hypothesis(i.e.,the
hypothesisfor which fh

�
t � is greatest)from the“stack” of hypothesesunderconsideration

is poppedandextendedby aword,with newly createdextendedhypothesesbeingaddedto
thestack.Providedtheestimateof fh

�
t � is admissible,thefirst completehypothesisto be

poppedfrom thestackwill correspondsto themostprobableutterancemodel.
The datastructureusedfor the stackis a priority queue, typically implementedasa

heap. This is an efficient datastructurewhich is appropriatefor accessingandinserting
data,while maintaininga sortedorder.

Thekey aspectof a stackdecoderis how b3h � t � is estimated.This is theprobabilityof
any wordsequencecompletingthepath.

Variousapproximationshavebeentried. Most requiresomekind of lookahead,usually
usingsimpleracousticand/orlanguagemodels(oftenknown asa fastmatch). An alterna-
tiveapproach,whichis discussedhere,avoidslookingaheadorderinghypothesesprimarily
by referencetime th andsecondarilyby theprobability. Hypotheseswith earlierreference
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time areextendedfirst. This is equivalentto usingmultiple stacks,onefor eachreference
time,andprocessingthestacksin orderof increasingreferencetime. As extendedhypothe-
sesaregenerated,with an increasedreferencetime, they areinsertedinto theappropriate
stack. This orderingensuresthathypothesesarecomparedagainstotherhypotheseswith
thesamereferencetime,thusreducingtheneedfor lookahead.

The pruningstrategiesusedfor stackdecodingarebasicallythe sameas for Viterbi
decoding.Also tree-structuringthedictionarycanbedonewhenusinga stackdecoder.

StackdecodinghasseveralpotentialadvantagesoverViterbi decoding:� Thelanguagemodelis decoupledfrom theacousticmodelandis notusedto generate
new recognitionhypotheses;� It is easyto incorporatenon-Markovian knowledgesources(e.g., long-spanLMs)
withoutmassively expandingthestatespace;� It is a heuristicsearchratherthananexhaustivesearch(unlike theViterbi algorithm,
withoutpruning),andthusneednotexplorethefull statespace;� The Viterbi assumptionis not embeddedin the searchand thus a full maximum
likelihoodsearchcriterionmaybeusedwith little or nocomputationaloverhead.

6.2.6 AssessingSearch Algorithms

Searchalgorithmsmaybeassessedusingfour basiccriteria:

Efficiency This is a measureof the amountof computation(andmemoryuse)required
by thesearchalgorithm— andcanbehighly implementationdependent.Platform-
independentmeasuresof efficiency includeaveragenumberof HMM statesevalu-
atedperframe,andnumberof languagemodellookups.

Accuracy As we make approximations(e.g. in pruning)to ensureanefficient decoding,
thereis no longera guaranteethatthemostprobablehypothesiswill befound.Thus
thereis a tradeoff betweenaccuracy andefficiency. Theaccuracy of thesearchalgo-
rithm (asopposedto theacousticandlanguagemodellingaccuracy) is measuredby
thesearch error — thisis ameasureof theextraerrorscausedby theapproximations
madein thesearchalgorithm.

Scalability This is a measureof how thedecoderperformancescaleswith increasingvo-
cabulary size. Althoughaccuracy will not rise linearly with vocabulary size,asthe
extrawordswill berelativelyuncommon;for thesamereasonasearchalgorithmthat
scaleswell will haveacomputationthatscalesslower thanlinear.
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Figure6.3: A pronunciationprefixtree— wordswhosepronunciationshavesimilarbegin-
ningscansharecomputation..
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Figure6.4: Illustrationof thestartsynchronoussearchstrategy. Thestackat time t � T1 is
beingprocessed.Themostlikely hypothesisat this time(“efficientsearch”)is extendedby
themostprobableonewordextensions(“a” and“algorithm” areillustrated).Theresultant
extendedhypothesesareinsertedinto thestackat their referencetime — in this case“al-
gorithm” hasdurationT3 � T1. In practiceall hypotheseswith identicalreferencetimesare
extendedin parallel.


