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ABSTRACT

Speectunderstandingpplicationavherea word based
output of the utteredsentencds not needed,can benefit
from the useof alternatve lexical units. Experimentake-
sultsfrom thesesystemshaw thatthe useof nonword lex-
ical units bring us a new degreeof freedomin orderto im-
prove the systemperformancegbetterrecognitionrate and
lower size can be obtainedin comparisonto word based
models). However, if the aim of the systemis a speech-
to-text translationa post-processingtagemustbeincluded
in orderto corvertthe non-word sequenceto word sen-
tencesln this paperatechniqueo performthis corversion
aswell asan experimentaltestcarriedout over a taskori-
entedSpanisicorpusarereported.As a conclusionwe see
thatthewhole speech-to-tet systermeatlyoutperformshe
word-constrainetbaselinesystem.

1. INTRODUCTION

Only few recentpapersdealin someway with alternatve
unitsto wordsin LanguageéModellingfor ContinuousSpeech
UnderstandingTheneedfor new unitshasbeenbetterseen
from languagesveretheword concepis notclear(i.e. Chi-
nese)[1], or thosewere words are highly structured(i.e.
Germaror, to alesserextent,Spanish)2] [3] [4].

TheContinuousSpeecHRecognitiorSystemwhichwas
basednnon-wordlexical units(LU) thatareautomatically
acquiredrom the sametext samplesisedto learnthetarget
languagestructure,was evaluatedin termsof the learned
units, andthe experimentspointedout that the outputhad
enoughinformationto be post-processednd outperform
theword basedsystem(the samesystemconstrainedo use
words)[5]. Thereforeapost-processingtepfor translating
therecognized.U outputinto wordsis analyzed.

The startingpoint of the post-processs the output of
the lexical unit basedrecognitionsystem. A compromise
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betweenthe translationpost-processompleity andits ef-

ficiengy is madein orderto avoid the whole systemover-

load (recognition+ translation).Thus,comple translation
algorithmsarerejectedwhile simpleronesarestudied.An-

otherconstraintaddedto the post-processs the portability

betweendifferentlexical unit sets. Thatis, the translation
systemmust be able to automaticallytranslatethe lexical

units into words, whatever the lexical units are (phoneme
sequencesyord sequencer mixedsequences).

As afirstapproactio theproblem,in thesecondsection
it is assumedhat the systemrecognizedsentencesanbe
straightforvardly alignedfrom the LU phonetictranscrip-
tion (phonemestring) into words, in sucha way thatthere
is atleastoneword sequencevith the samephonetictran-
scription. In the third section,the problemof translating
therecognizedentencethatleadto phonemestringswhich
cannotbe so alignedis studied. Resultsfrom experiments
of speech-to-tet translationarealsogiven.

Thoseexperimentshave beencarriedout over a task-
orientedSpanishspeecttorpuswheretranslatiorhasbeen
automaticallylearnedrom therecognitionsystemoutput.

2. TRANSLATION OF ALIGNABLE STRINGS

Thetranslatiorof thosephonemestringsthatcanbealigned
into wordsis dividedinto two steps.First, the combinatory
setof all the possibleword sequencess obtainedandsec-
ond,oneout of themis selected.

2.1. Obtainingthe word sequence combinatory set

In orderto obtainall the possibleword sequencethathave
the samephonetictranscriptionas the recognizedLU se-
quencea badtradking techniquehasbeenused.As shovn
in Fig.1, a structurehasbeencreated which includesthe
phonetictranscriptionof the LU sequencaswell asall the
wordsstartingwith thosephonemesandfitting thephoneme
string. By usingthis structurethewhole combinatoryword
sequencethatentirelymatchthephonemestringcanbeob-
tained.
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Figurel: In orderto obtaintheword sequenceombinatoryset,a
backtrackingalgorithmis appliedto the structurethatcontainsall
theword matchingary phoneticsubstring.

Thecombinatorysetcancontainmorethanonesequence
sincetheremay be differentword sequencematchingthe
samephonemestring. Fig.1 shaws the structurederived
from a recognizedsentence.The phonemestring obtained
from the LU sentencas /kualesel@ia/andthereare two
possiblditting word sentenceévordaredetachedvith spaces),
/kual esel @io/ ("which(singular)is theriver") and/kuales
el @io/ ("which(plural) theriver"). Thisis dueto the fact
thatbothword subsequencékual es/and/kuales/ havethe
sametranscription,so that ary recognizedphoneticstring
thatmatchedkuales/will alsomatch/kual es/

An algorithmhasbeentried in orderto obtainthis kind
of subsecuencedsom the alignedword sequenceln Fig.2
theoutputof analignmentis symbolicallyshovn. Six word
sequenceareobtained. Somesubsequencdthosen white)
arecommonto all the sentencedyut someothers(thosein
grey) arenot.
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Figure2: A family of macronemesonsistsof thoseword subse-
guencesghat are not commonto all the sentencesbtainedfrom
theLU outputderived phonemestring.

We definefamily of macionemesasthe setof shortest
differentword subsequencamatchingthe sametranscrip-
tionin all thealignedsentencethathave beenderivedfrom

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

We definerange asthenumberof macronemeim afam-
ily. Fig.3 shawvs threemacronemdamilies. As seenprevi-
ously, all the macroneme a family sharethe samepho-
netictranscription.Note thatthe numberof wordsmaking
up themacronemesisideafamily candiffer.

Range =3 Range = 10

( /pas anaTe ni/\
/pas a naTen i/
/pas an aT e ni/
/pas anaT en i/
/pas an aTen i/
/pasa naTe ni/
/pasa naTen i/
/pasan aT e ni/
/pasan aT en i/
/pasan aTen i/

/komun i da desde
/komunidad es de/
/komunidades de/

Figure3: All themacronemes afamily sharethe samephonetic
transcription. The numberof words making up the macronemes
insideafamily candiffer.

Giventhatthe only differencesn thealignedsentences
areinsideeachappearingamily, thetotal numberof possi-
ble word sequenceis equalto the productof the rangesof
all thefamilies:

N =]]n(f) (1)
i=0

with N beingthe total numberof sentencesyf; a family

of macronemes; the numberof familiesappearingn the

phonemestringandp(f;) therangeof f;.

2.2. Word sequence selection

Oncetheword sequenceombinatorysethasbeenentirely
obtained,the next stageconsistof selectingone sequence
outof them.

The procedurestartsby finding out which macronemes
appeain eachalignedsentenceln orderto dothat,asearch
algorithm hasbeenused,which relieson looking through
thewordsequencdrom left toright, searchindor thelongest
appearingnacroneméalist of all possiblemacronemebas
beenpreviously obtained). Oncea word subsequenchas
beenmatchedby a macronemethe searchbegins againat
theendof thematchedsubsequence.

When the macronemesave beenextracted,the sen-
tencecanbedescribe@sasequencef wordsandmacronemes.
Usingtheexamplein Fig.2, ary alignedsentenceanbeex-
presse@s:

@
727

Si:(wiJ“‘Jwé):(w’glJmiJUJ w’zi.;;’w’zi.‘;?m%) (2)



with w’ beingthe jth word andw? the jth macronemen
the s; sentence.Given that the word differencesare only
insidethemacronemes:

wi, = w}, = wg, Vi,j (3)
8 = (w17miaw27w37w47m;) (4)

Thus,selectingopneword sequences equivalentto choosing
onemacronemeut of eachfamily:

Sgel = (’LU1, mid; w2, W3, Wy, m;el) (5)

In orderto selecttheright sentencestochastianacroneme
modelshave beenbuilt, which predict the probability of
eachmacronemeaccordingto their left and right context
on the sentencdthe left/right context may be a word, the
beginningof the sentencer thetermination):

Pr; = P(lm;mirm;) (6)

Sl={mzlam;77mzz} (7)

P(s;) = [] P ®)
j=0

with P,,, beingthe probability of the m; macronemeon-
strainedto its both left andright contets, (I,,,;, 7m;), and
P(s;) the probability of the sentences;. The selectedsen-
tencewill betheonethatmaximizeshereferedprobability:

P(sser) = ,E%a’EVP(S’) 9)
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Figure 4: In the recursve translationalgorithm, the longest
alignablesubstrings searchea@ndtranslatednto words.thesame
algorithmis appliedto theremainingsubstrings.

aligned(translatedpr whenthereis no possiblealignment,
in which casethis substringwill be omited.

Eventhoughthis recursve algorithmobtainsaword se-
quencefrom therecognized_U output,it leadsto theloss
of aportionof information,sincethe substringghatcannot
be alignedare omited. Neverthelessthe simplicity of the
algorithm malesit suitablefor a pots-processranslation.
Notethatthetranslatiorof alignablesentencepresentedh
theformersectionwasa particularcaseof theonedescribed
here. In fact,whentherecursve translationis appliedto a
phonemestringthatcanbe entirely alignedinto words,the
whole string will be translatedand recursvenesswill end

up.

Sinceonly word-basedext is neededor trainingthemacroneme

models,the sametraining setwas usedto train both lan-

guagemodelandmacronemenodels.Eventhoughmacroneme

models(3-grammodels)might seemcomputationallyex-

pensves,they arenot, sincethenumberof macronemeand
their contets is quite acceptablgthe numberof obtained
macronemesandtrainedcontets aregivenin thefifth sec-
tion).

3. TRANSLATION OF NON-ALIGNABLE STRINGS

Sincelexical unitscanbeeitherbiggeror smallerthanwords,

theremaybearecognized.U sequencéhatleadsto aphoneme

stringwhich cannotbe aligned. This problemhasbeenap-
proachedy arecursve algorithm.
The recursve translationalgorithmis shovn in Fig.4.

As a first step,the longestphonemesubstringthat can be
alignedis searchedOnceit hasbeenfound,thesubstrings
translatechsit hasbeendescribedor the alignablestrings
in the former section. As a secondstep,the sametransla-
tion algorithmis appliedto the remainingsubstrings.The
recursvenes&ndsup whentheappliedsubstrings entirely

4. EXPERIMENTAL CONTEXT

4.1. Lexical Unit Based Recognition System

The experimentshave beencarriedout over atask-oriented
Spanistspeecltorpusconsistingdf 9.309sentencef®3.460
words,531.4560honemesanda vocahulary of 1284words
[7]. This corpusrepresenta setof queriesto a Spanisige-
ographicdatabaseThis is a very specifictaskdesignedo
testintegratedsystemgacoustiadecoding+ languagemod-
elling) in automaticspeectunderstandingyhich leadsto a
verylow perpleity.

The acousticmodelswerefixedandthe languagemod-
elling parthasbeenimplementedy meansof K-TLSS(S)
(K-Testabld_anguagen the Strict SenseSmoothedyvhich
area kind of VariableN-grams[6]. 8.262sentencedave
beenusedfor training. The LUs have beenautomatically
inferedfrom the sametext sampleausedto learnthetarget
languagestructureresultingin avocahulary of 1210units.



4.2. Trandation System

600 utteranceshave beenusedto carry out the translation
test. Sincethe macronemesocalulary mustbe previously
obtainedn orderto applythetranslationalgorithm,aleav-
ing K-out (K=50) techniquehasbeenusedso thatanopen
testcanbe carriedout. Therefore 550 sentencebhave been
usedo obtainthemacroneme&ocalularyandtheremaining
50 utterancedave beentranslatednto words. Theobtained
macronemeamodelshave beentrainedfrom the sametext
samplesusedto learnthe tamget languagestructure(8.262
sentences).The 550 and 50 sentencesetshave beenex-
changedintil thewhole600sentencebave beentranslated.

5. EXPERIMENTAL RESULTS

5.1. Macroneme extraction

Macronemesxtractionaveragevaluesareshavnin Table 1
(no absolutevalue canbe given, dueto the leaving K-out
technique). In average, 117 macronemesvere found, but

recognized U sentencethatleadto acorrectphonetidran-
scriptionwhich canbe later translatednto the right word
sentence.

Comparinghe LU+translationsystenmwith the baseline
system,both the word and sentenceerror rateshave been
significantlyreduced15% for the WER and12.8%for the
SER).

6. CONCLUSIONS

Theobtainedresultsevidencethatthewhole speech-to-tet
systemneatly outperformsthe word-constrainedecogni-
tion system.Thatis, thereis no significantinformationloss
at the translationstage,in sucha way that an alternatie
lexical unit basedrecognitionsystemcanbe usedin order
to build a speech-to-tet translator

Thesesatisactory resultsconfirm, onceagain,the ad-
vantageof usingalternatvelexical unitsin automaticspeech
understanding.

7. REFERENCES

only 49 of themappeareth thetrainingcorpugmary macronemes

have no real senseat all). 1.411 different contexts were
trainedfor those49 macronemefrom thetrainingcorpus.

Obtainedmacronemes 117
Trainedmacronemes 49
Trainedcontects 1411

Tablel: Notall theobtainedmacronemewill appeain thetrain-
ing tes,sincemary of themhave norealsensetall.

5.2. Recognition results

Word errorrates(WER) andsentencesrrorrates(SER)for
the baselinesystemandour novel system(LU-recognition
+ translation)areshavn in Table 2. Sentencerrorrateis
alsogivenfor theLU basedsystem.

System WER% | SER%
WORD-basedbaseline) 14.41| 55.83
LU-based — 50.00
LU-based+ Translation 12.25| 48.67

Table2: Thelow sentencerrorrateof the LU basedsystemhas
not only beenmaintained,but also reducedand, comparingthe
LU+translationsystemwith the baselinesystem,both the word
andsentencerror rateshave beensignificantlyreduced15%for
the WER and12.8%for the SER).

In spiteof thetranslatiorpost-procesghelow sentence
errorrateof the LU basedsystemhasnot only beenmain-
tained,but alsoreduced. This is becausdghereare wrong
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