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ABSTRACT

Speechunderstandingapplicationswherea word based
output of the utteredsentenceis not needed,can benefit
from the useof alternative lexical units. Experimentalre-
sultsfrom thesesystemsshow thattheuseof nonword lex-
ical unitsbring usa new degreeof freedomin orderto im-
prove the systemperformance(betterrecognitionrateand
lower size can be obtainedin comparisonto word based
models). However, if the aim of the systemis a speech-
to-text translation,apost-processingstagemustbeincluded
in orderto convert thenon-word sequencesinto word sen-
tences.In thispapera techniqueto performthis conversion
aswell asan experimentaltestcarriedout over a taskori-
entedSpanishcorpusarereported.As a conclusion,wesee
thatthewholespeech-to-text systemneatlyoutperformsthe
word-constrainedbaselinesystem.

1. INTRODUCTION

Only few recentpapersdeal in someway with alternative
unitstowordsin LanguageModellingfor ContinuousSpeech
Understanding.Theneedfor new unitshasbeenbetterseen
from languageswerethewordconceptis notclear(i.e. Chi-
nese)[1], or thosewere words are highly structured(i.e.
Germanor, to a lesserextent,Spanish)[2] [3] [4].

TheContinuousSpeechRecognitionSystem,whichwas
basedonnon-wordlexical units(LU) thatareautomatically
acquiredfrom thesametext samplesusedto learnthetarget
languagestructure,was evaluatedin termsof the learned
units, andthe experimentspointedout that the outputhad
enoughinformation to be post-processedand outperform
thewordbasedsystem(thesamesystemconstrainedto use
words)[5]. Therefore,apost-processingstepfor translating
therecognizedLU outputinto wordsis analyzed.

The startingpoint of the post-processis the outputof
the lexical unit basedrecognitionsystem. A compromise
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betweenthetranslationpost-processcomplexity andits ef-
ficiency is madein order to avoid the whole systemover-
load(recognition+ translation).Thus,complex translation
algorithmsarerejectedwhile simpleronesarestudied.An-
otherconstraintaddedto thepost-processis theportability
betweendifferentlexical unit sets. That is, the translation
systemmustbe able to automaticallytranslatethe lexical
units into words,whatever the lexical units are (phoneme
sequences,wordsequences,or mixedsequences).

As afirst approachto theproblem,in thesecondsection
it is assumedthat the systemrecognizedsentencescanbe
straightforwardly alignedfrom the LU phonetictranscrip-
tion (phonemestring) into words,in sucha way that there
is at leastoneword sequencewith thesamephonetictran-
scription. In the third section,the problemof translating
therecognizedsentencesthatleadtophonemestringswhich
cannotbe so alignedis studied.Resultsfrom experiments
of speech-to-text translationarealsogiven.

Thoseexperimentshave beencarriedout over a task-
orientedSpanishspeechcorpus,wheretranslationhasbeen
automaticallylearnedfrom therecognitionsystemoutput.

2. TRANSLATION OF ALIGNABLE STRINGS

Thetranslationof thosephonemestringsthatcanbealigned
into wordsis dividedinto two steps.First, thecombinatory
setof all thepossibleword sequencesis obtainedandsec-
ond,oneoutof themis selected.

2.1. Obtaining the word sequence combinatory set

In orderto obtainall thepossiblewordsequencesthathave
the samephonetictranscriptionas the recognizedLU se-
quence,a backtracking techniquehasbeenused.As shown
in Fig.1, a structurehasbeencreated,which includesthe
phonetictranscriptionof theLU sequenceaswell asall the
wordsstartingwith thosephonemesandfitting thephoneme
string.By usingthisstructure,thewholecombinatoryword
sequencesthatentirelymatchthephonemestringcanbeob-
tained.
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Figure1: In orderto obtaintheword sequencecombinatoryset,a
backtrackingalgorithmis appliedto thestructurethatcontainsall
thewordmatchingany phoneticsubstring.

Thecombinatorysetcancontainmorethanonesequence
sincetheremay be differentword sequencesmatchingthe
samephonemestring. Fig.1 shows the structurederived
from a recognizedsentence.Thephonemestringobtained
from the LU sentenceis /kualesel@io/, and thereare two
possiblefitting wordsentences(wordaredetachedwith spaces),
/kualesel @io/ ("which(singular)is theriver") and/kuales
el @io/ ("which(plural) the river"). This is dueto the fact
thatbothwordsubsequences/kuales/and/kuales/, havethe
sametranscription,so that any recognizedphoneticstring
thatmatches/kuales/will alsomatch/kuales/.

An algorithmhasbeentried in orderto obtainthis kind
of subsecuencesfrom thealignedword sequence.In Fig.2
theoutputof analignmentis symbolicallyshown. Six word
sequencesareobtained.Somesubsequences(thosein white)
arecommonto all thesentences,but someothers(thosein
grey) arenot.
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Figure2: A family of macronemesconsistsof thoseword subse-
quencesthat arenot commonto all the sentencesobtainedfrom
theLU outputderivedphonemestring.

We definefamily of macronemesasthe setof shortest
differentword subsequencesmatchingthe sametranscrip-
tion in all thealignedsentencesthathavebeenderivedfrom

a phonemestring. Accordingto this definition, the previ-
ously mentioned/kual es/ and /kuales/ are macronemes,
andthey makeupa family.

Wedefinerangeasthenumberof macronemesin afam-
ily. Fig.3 shows threemacronemefamilies. As seenprevi-
ously, all themacronemesin a family sharethesamepho-
netic transcription.Note that thenumberof wordsmaking
up themacronemesinsidea family candiffer.
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Figure3: All themacronemesin a family sharethesamephonetic
transcription. The numberof wordsmakingup the macronemes
insidea family candiffer.

Giventhattheonly differencesin thealignedsentences
areinsideeachappearingfamily, thetotal numberof possi-
ble word sequencesis equalto theproductof therangesof
all thefamilies: ���������
	���
�� ��� (1)

with
�

being the total numberof sentences,� � a family
of macronemes,� thenumberof familiesappearingin the
phonemestringand ��
�� � � therangeof � � .
2.2. Word sequence selection

Oncetheword sequencecombinatorysethasbeenentirely
obtained,the next stageconsistof selectingonesequence
outof them.

Theprocedurestartsby finding out which macronemes
appearin eachalignedsentence.In ordertodothat,asearch
algorithmhasbeenused,which relieson looking through
thewordsequence,fromleft to right,searchingfor thelongest
appearingmacroneme(alist of all possiblemacronemeshas
beenpreviously obtained). Oncea word subsequencehas
beenmatchedby a macroneme,the searchbeginsagainat
theendof thematchedsubsequence.

When the macronemeshave beenextracted,the sen-
tencecanbedescribedasasequenceof wordsandmacronemes.
Usingtheexamplein Fig.2, any alignedsentencecanbeex-
pressedas:� � � 
�� ������������ � �� � � 
�� �� � �"!#���� � ���$ � � ���% � � ��'& �(!)�* � (2)



with � �+ beingthe , th word and � �+ the , th macronemein
the � � sentence.Given that the word differencesareonly
insidethemacronemes:

� ��.- � � ++ - � �0/ �21435� , (3)

� � � 
�� � �(! � � � � * � �06 � �87 �(! �* � (4)

Thus,selectingonewordsequenceis equivalentto choosing
onemacronemeoutof eachfamily:�:9<;>= � 
�� � �(! 9<;?=�@� � * � � 6 � � 7 �(! 9<;?=* � (5)

In orderto selecttheright sentence,stochasticmacroneme
modelshave beenbuilt, which predict the probability of
eachmacronemeaccordingto their left and right context
on the sentence(the left/right context may be a word, the
beginningof thesentenceor thetermination):ACB8DE�FA 
�G BHD ! ��I B8D � (6)

� � �KJ ! � � �(! �* ���������(! ���L (7)

A 
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with
A B D

beingtheprobabilityof the
! � macronemecon-

strainedto its both left andright contexts, 
�G B D � I B D � , andA 
 � � � theprobabilityof thesentence� � . Theselectedsen-
tencewill betheonethatmaximizesthereferedprobability:A 
 �:9<;?= � �ONQPSR��� �UTVTVT W A 
 � � � (9)

Sinceonlyword-basedtext isneededfor trainingthemacroneme
models,the sametraining set was usedto train both lan-
guagemodelandmacronememodels.Eventhoughmacroneme
models(3-grammodels)might seemcomputationallyex-
pensives,they arenot,sincethenumberof macronemesand
their contexts is quite acceptable(the numberof obtained
macronemesandtrainedcontextsaregivenin thefifth sec-
tion).

3. TRANSLATION OF NON-ALIGNABLE STRINGS

Sincelexicalunitscanbeeitherbiggerorsmallerthanwords,
theremaybearecognizedLU sequencethatleadstoaphoneme
stringwhich cannotbealigned.This problemhasbeenap-
proachedby arecursivealgorithm.

The recursive translationalgorithm is shown in Fig.4.
As a first step,the longestphonemesubstringthat canbe
alignedis searched.Onceit hasbeenfound,thesubstringis
translatedasit hasbeendescribedfor thealignablestrings
in the former section. As a secondstep,the sametransla-
tion algorithmis appliedto the remainingsubstrings.The
recursivenessendsupwhentheappliedsubstringis entirely
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Figure 4: In the recursive translation algorithm, the longest
alignablesubstringis searchedandtranslatedinto words.thesame
algorithmis appliedto theremainingsubstrings.

aligned(translated)or whenthereis nopossiblealignment,
in whichcasethissubstringwill beomited.

Eventhoughthis recursivealgorithmobtainsawordse-
quencefrom therecognizedLU output,it leadsto the loss
of a portionof information,sincethesubstringsthatcannot
be alignedareomited. Nevertheless,the simplicity of the
algorithmmakes it suitablefor a pots-processtranslation.
Notethatthetranslationof alignablesentencespresentedin
theformersectionwasaparticularcaseof theonedescribed
here. In fact,whentherecursive translationis appliedto a
phonemestringthatcanbeentirelyalignedinto words,the
whole string will be translatedandrecursivenesswill end
up.

4. EXPERIMENTAL CONTEXT

4.1. Lexical Unit Based Recognition System

Theexperimentshave beencarriedout over a task-oriented
Spanishspeechcorpusconsistingof 9.309sentences(93.460
words,531.456phonemes)andavocabularyof 1284words
[7]. Thiscorpusrepresentsa setof queriesto a Spanishge-
ographicdatabase.This is a very specifictaskdesignedto
testintegratedsystems(acousticdecoding+ languagemod-
elling) in automaticspeechunderstanding,which leadsto a
very low perplexity.

Theacousticmodelswerefixedandthelanguagemod-
elling parthasbeenimplementedby meansof K-TLSS(S)
(K-TestableLanguagein theStrictSense,Smoothed)which
area kind of VariableN-grams[6]. 8.262sentenceshave
beenusedfor training. The LUs have beenautomatically
inferedfrom thesametext samplesusedto learnthetarget
languagestructure,resultingin avocabularyof 1210units.



4.2. Translation System

600 utteranceshave beenusedto carry out the translation
test. Sincethe macronemevocabulary mustbe previously
obtainedin orderto applythetranslationalgorithm,a leav-
ing K-out (K=50) techniquehasbeenusedso thatanopen
testcanbecarriedout. Therefore,550sentenceshave been
usedto obtainthemacronemevocabularyandtheremaining
50utteranceshavebeentranslatedinto words.Theobtained
macronememodelshave beentrainedfrom the sametext
samplesusedto learn the target languagestructure(8.262
sentences).The 550 and 50 sentencesetshave beenex-
changeduntil thewhole600sentenceshavebeentranslated.

5. EXPERIMENTAL RESULTS

5.1. Macroneme extraction

Macronemeextractionaveragevaluesareshown in Table 1
(no absolutevaluecanbe given, dueto the leavingK-out
technique). In average,117 macronemeswere found, but
only49of themappearedin thetrainingcorpus(many macronemes
have no real senseat all). 1.411 different contexts were
trainedfor those49macronemesfrom thetrainingcorpus.

Obtainedmacronemes 117
Trainedmacronemes 49

Trainedcontexts 1411

Table1: Not all theobtainedmacronemeswill appearin thetrain-
ing tes,sincemany of themhave norealsenseat all.

5.2. Recognition results

Word errorrates(WER) andsentenceerrorrates(SER)for
thebaselinesystemandour novel system(LU-recognition
+ translation)areshown in Table 2. Sentenceerror rateis
alsogivenfor theLU basedsystem.

System WER% SER%
WORD-based(baseline) 14.41 55.83

LU-based —– 50.00
LU-based+ Translation 12.25 48.67

Table2: Thelow sentenceerrorrateof theLU basedsystemhas
not only beenmaintained,but also reducedand, comparingthe
LU+translationsystemwith the baselinesystem,both the word
andsentenceerrorrateshave beensignificantlyreduced(15%for
theWERand12.8%for theSER).

In spiteof thetranslationpost-process,thelow sentence
error rateof theLU basedsystemhasnot only beenmain-
tained,but alsoreduced.This is becausetherearewrong

recognizedLU sentencesthatleadtoacorrectphonetictran-
scriptionwhich canbe later translatedinto the right word
sentence.

ComparingtheLU+translationsystemwith thebaseline
system,both the word andsentenceerror rateshave been
significantlyreduced(15%for theWER and12.8%for the
SER).

6. CONCLUSIONS

Theobtainedresultsevidencethatthewholespeech-to-text
systemneatly outperformsthe word-constrainedrecogni-
tion system.Thatis, thereis nosignificantinformationloss
at the translationstage,in sucha way that an alternative
lexical unit basedrecognitionsystemcanbe usedin order
to build aspeech-to-text translator.

Thesesatisfactory resultsconfirm, onceagain,the ad-
vantageof usingalternativelexicalunitsin automaticspeech
understanding.
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