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A Hybrid Approach to Bilingual Text-To-Phoneme
Mapping

Enik 6 Beatrice Bilcu and Jaakko Astola

Abstract: In this paper, we address the problem of bilingual texttiompeme (TTP)
mapping in which the phonetic transcription of isolatedtiern words must be found.
In general, in the bilingual/multilingual TTP mapping fepiated words, two process-
ing steps are applied to each input word. The language ofwadthis first identified
and then the letters of the word are translated into theimplio transcriptions ac-
cording to the recognized language. We use the multilayergperon (MLP) neural
network for the letter to phoneme conversion task and a Hydypproach composed
of a MLP and a decision rule system for the language recagmitisk. We introduce
a new bilingual TTP mapping system and we provide an anabfdise influence of
several different factors on its phoneme accuracy.

Keywords: Neural network, multilayer perceptron, error back-progtémn with mo-
mentum, text-to-phoneme mapping, phoneme accuracy.

1 Introduction

In text-to-speech systems, TTP mapping is one of the eafssivhich generates
a sequence of phonemes corresponding to the input text. yitileedic speech is
then produced from this phonetic transcription. The sifigdi block diagram of
a text-to-speech synthesizer is depicted in Fig. 1. Thekbitenoted as "Bilin-
gual/multilingual TTP mapping” is responsible for traription of the input word
into the corresponding phoneme string. For each phonemigdiok "Concatenate
corresponding sound units” assigns a sound unit from a daé&balled "Stored
sound units”. The speech is then generated in the "Speethesyrer” block.

The problem of TTP mapping can be classified in several diffedimensions.
From application point of view, TTP mapping can be dividet iftvo main classes.
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In continuous TTP mapping the input text is translated itte torresponding
phonemes and the dependence between the adjacent woldmsisi account. In
this case a word may be pronounced differently dependingn@dntext in which
it appears. An example is the wottde which has a different phonetic transcription
for different contexts. Another class of TTP mapping is themetic translation of
isolated words. In this case, the words are generated indepdly and pronun-
ciation of a certain word does not depend on the previous ahdegjuent words.
Another dimension is to classify the TTP mapping systemedas the number
of languages to which the input words can belong. If the emitivords can only
belong to one input language, the TTP mapping is called niaguedl. In such a
case, the TTP mapping system must perform only the trarigsripf the written
text into the corresponding phonemes. When the input woadsbelong to two
or more languages the bilingual/multilingual TTP mappiegddressed and lan-
guage identification is included into the system. In thenglial approach the first
step is to identify the language to which the input text bgknmfter that the TTP
mapping subsystem corresponding to the identified langgagerates the output
phoneme string.

Stored sound units

Isolated

word Bilingual/multilingual Concatenate Speech

TTP mapping corresponding sound Speech synthesizer
units

Fig. 1. A simplified block diagram of a Text-To-Speech systheystem.

A very large number of approaches have been proposed to dkbaihe prob-
lem of TTP mapping. Many text-to-speech (TTS) systems usehlased ap-
proaches or solutions based on dictionary look-up tablgsictionary look-up
tables necessitate the storage of a large amount of data @ijvphonetic rules,
required in the rule-based systems, is a time consuming ifficutl task. Alterna-
tively, several data-driven solutions have been propo&asw such a solution is to
use decision trees (DT) to generate the phonetic transmmpas suggested in [2]
and many other publications. Other alternatives are thal&fidMarkov Model
(HMM) [3] and the N-gram [4, 5] approaches. Solutions base@walogical rea-
soning [6] and memory-based learning [7] have also beengserh Neural net-
works have been used, in the last few decades, in many spesdsping applica-
tions such as speech and language recognition, speecly@uirspeech synthesis
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to mention a few. One of the early text-to-speech (TTS) systeas the NETtalk,
introduced in [8], which used a three layered neural networkkext-to-phoneme
mapping. The NETtalk system demonstrated that even a snhaltdh capture a
significant part of the regularities and irregularities e tEnglish pronunciation
which ensure good TTP mapping accuracy. Starting from tha@thllE approach
several other neural network based systems have been p#sl5]. Other TTP
mapping systems implementing combinations of the aboveiored techniques
have been also proposed in the open literature, for the rmapal as well as for
the multilingual case [15]. In the case of multilingual TTRpping, one important
part of the system is the language identification module.[10]

Current word

!

Language
G f5 . . i
TOUp O identification

Input letters Group of 5
Input letters

TTP English TTP French TTP mapping
English phoneme French phoneme Phoneme

Fig. 2. The block diagrams of the bilingual (left) and mongliial (right) TTP mapping systems.

In this paper, we address the problem of bilingual TTP magppan isolated
words. The written words can be either English or French aegtonunciation of
the current word is independent of the previous and nexttinmuds. We propose
a hybrid system composed of multilayer perceptron neuralorks and decision
rules and we study its performance, in terms of phoneme acguin several dif-
ferent scenarios.

2 Bilingual Text-to-Fhoneme Mapping

In bilingual TTP mapping, for isolated words, the first stephie language identifi-
cation (in our case either English or French as shown in F)g After the language
of the whole input word was estimated all its letters aredcaibed into phonemes.
The transcription is done in the TTP mapping block corresipanto the identified

language (either "TTP English” or "TTP French” block). Iretmapping process,
besides the current input letter, also context informafiom 4 adjacent letters (2
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previous and 2 next letters) is taken into account. Thus;TiHe system takes as
input a group of 5 adjacent letters.

For the approaches based on decision trees and analogisainiag there is
no need to translate the letters and phonemes to numericelsva-or processing
by a neural network, the input letters, the output phonemelstlae language tags
must be translated into numerical values. Moreover, whenaimagual or multi-
lingual TTP mapping systems are implemented, they mustdireet first on some
set of words for which the phonetic transcription and theyleage are known. As
a consequence, prior to implementation and training of a MEPping system,
the available database must be pre-processed. In thi®seet review the steps
which we have followed for database pre-processing and \serite the encod-
ing method for letters, phonemes and language. The digtemased for training
and testing the neural networks in our experiments were Hradgjie Mellon Uni-
versity (CMU) pronunciation dictionary [16] for the Endlisvords and the Brulex
dictionary [17] for the French words. We denote these diarees axmu.dicand
brul.dic respectively. Themu.diccontains 108080 English words and thril.dic
contains 32245 French words. Both dictionaries were poegssed in the follow-
ing manner:

1. The words and their phonetic transcriptions were aligisedh that there is
a one-to-one correspondence between letters of each wdridsaphoneme
symbols [18]. Corresponding to the letters that have no ymoration a so-
callednull phonemd) is introduced in the phonetic transcription in order
to have equal numbers of letters and phonemes for a given.wiordhe
case when the phonetic transcription of a single letteristssf 2 or more
phonemes they are combined together in a compound phonemiaskance
the wordox have the phonetic transcriptigk ¢ s In this case the phonemes
'c’ and 's’ are combined together in the compound phoneméethes corre-
sponds to the letter 'x’. After the alignment, the numbert tetters and the
number of phonemes are equal for each entry in the dictionary

2. Inorder to eliminate the ambiguity that can occur for nplgt pronunciations
of the same word, only one phonetic transcription was chésesach input
in the dictionary.

3. Bothcmu.dicand brul.dic were split into two parts. From themu.dicwe
randomly chosen 80% of the words for training (each word veiteingle
phonetic transcription). The obtained training dictignavas denoted as
train_en.dicand contained 86464 words. The remaining 20% (21616 words)
from the "cmu.dic” formed the testing dictionary "tesh.dic”. In the same
mannetbrul.dic was split intotrain_fr.dic (25796 words) antestfr.dic (6449
words). In addition we obtained the fiteain_enfr.dic by concatenation of
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train_en.dicandtrain_fr.dic. The filestrain_en.dig testen.dic train_fr.dic
and testfr.dic were used for training and testing the neural networks re-
sponsible for TTP mapping of a single language (English enéh). The
"train_en_fr.dic” was used to train the neural network for languageogss-
tion.

4. The order of the words in the training and in the testingidinaries was
randomized. This was done to increase the modeling cafyabflithe NN
modules [19]. After that, each letter in a word was encodedgubinary
vector codes as shown in Table 1 or random codes. Letter emgctmbether
with phoneme and language encoding are further describdeinext sub-
section.

2.1 Letter, phoneme and language encoding

We begin first with the details of the input letter encodindneTEnglish language
contains 26 letters and the French language contains @edethd we note that the
French alphabet contains all the English letters. As a apresgce, it is enough to
have an encoding for the French alphabet. We have used ipdpisr two letter
encoding schemes: binary orthogonal codes and randombraged codes. Other
codes were studied for instance in [11] for the monolingwedec Since there are
39 letters in the French alphabet the binary vectors must length 40 to encode
39 letters plus thgraphemic null{denoted as0). Thegraphemic nullis used to
represent the spaces between words. Examples of the betteydodes are shown
in Table 1. Several studies have concluded that orthogar@g< provide better
phoneme accuracy than non-orthogonal codes when neurabmest are used for
TTP mapping [9]. This is why we selected these orthogonabeing schemes in
our approach.

Table 1. Binary codes used to encode the input letters. Témegits of the
vectors are zeros except one which equals unity and is placetie position
corresponding to the letter index.

Letters| Corresponding binary codes of length 40
\O 100...0
a 010...0
b 001...0
u 000...1

The letter codes shown in Table 1 are not the only orthogoo@dés that can be
implemented (see for instance [11] and the referencesitherkenother possibility
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for letter encoding is to randomly generate the input lettagtes. In this case, for
each of the 39 letters and tigeaphemic null we have selected the elements of the
vectors representing the letter codes from a random zemmi@aussian-distributed
sequence with unity variance. The length of the code vegtassin this case 40.

Table 2. Binary codes used to encode the phonemes. The dteafiéine vectors
are zeros except one which equals unity and is placed on 8igguocorrespond-
ing to the phoneme index.

Phonemeg Corresponding binary codes of length 62
_ 100...0
A 010...0
A: 001...0
a 000...1

In our system we use NN for both text-to-phoneme transaoripéind language
identification. Since the outputs of the neural networksrammerical values, the
phonemes and the language tags must be numericaly encaudiis paper, we
used a similar encoding approach as for the input letterse ghonemes were
encoded using binary vectors with all O’s except one unigmant which corre-
sponded to the phoneme index (there are 62 English and Figmahemes to-
gether). Examples of phoneme encoding are shown in Table e2enh the first
line the code of thewull phonemds shown. For language encoding we have used
the following binary codes: for Englisl® 1] and for French1 Q.

2.2 Multilayer perceptron for text-to-phoneme mapping

Once the database is prepared and the letters, phonemesgnddes are encoded
we can build the bilingual TTP mapping system. In this sutigeave describe in
detail the TTP mapping blocks for English and French worasgcription (denoted
as TTP English and TTP French in Fig. 2). In the next subseeti® describe the
implementation and the functionality of the language idmattion block and then
the overall bilingual TTP mapping is introduced and we shaw it is used for
letter to phoneme translation. To implement the TTP Engéiad TTP French
blocks we have used a three layer MLP neural network with apeatilayer, one
hidden layer and one output layer. Such a network is depiot€dy. 3 where the
synaptic connections and the activation functions are siisavn.

The multilayer perceptron was trained, to learn the letigntttoneme correspon-
dences, using the error back-propagation with momentuwrighgn (cf. [19]). In
detail the algorithm does the following:
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Fig. 3. A detailed diagram of the multilayer perceptron rmetwork used in our experiments.

1. Generate the inputs of the neural network by concatepdtie vectors cor-
responding to 5 adjacent letters (as we have seen in theopgesubsection
all letters from the dictionary were encoded as vectors):

X(n) = [Li(n) Ly(n) L(n) LY(n) LE(n) 1], (1)

wheren is the iteration numben! represents the transposed of vector
Li(n) is the vector corresponding to tiit input letter in the neural network
(for instance for the letter "a” we havej(n) = [0 10...0] if we use the
binary orthogonal codes from Table 1), 1 stands for the ity andX(n)

is the vector of the inputs. Since we deal with isolated wofd Tnapping,
the first letter of each word goes in the middle position of itigut vector.
In this caselL 1(n) andL2(n) correspond to thgraphemic null Similarly,
the last letter of the current word goes always in the middl¢he input
vector and the last two vector codéds,(n) andLs(n) are set equal to the
graphemic null In this manner, the context dependence between adjacent
words during training and testing is not taken into accou@t.course, in
applications where the context dependence is importanok as the case of
continuous TTP mapping, the first 2 letters and the last 2rietare taken
from the previous and next word respectively. The input windK (n) of
5 adjacent letters is shifted over the entire current wordl hve subsequent
training steps are followed for each position of the inputaaw.

2. Compute the induced local field of the hidden layer:

Y1(n) =W1(n)X(n), (2
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whereW(n) is anM x (5N + 1) matrix containing the synaptic connections
between the inputs and the hidden neurons. The length ohfhé vector

is 5N + 1, whereN is the length of an input letter code and 1 stands for the
input bias anaV is the number of hidden neurons.

3. Compute the output of the hidden layer by applying thevatitin function
f1(z) to every element of the vectdf(n):

Z(n) = f1(Y1(n)). (©)
4. Compute the induced local field of the output layer:
Ya(n) =Wa(m) [2'(n) 1], @)

whereW;(n) is anP x (M + 1) matrix containing the synaptic connections
between the hidden neurons and the outpRts, the number of neural net-
work outputs andv + 1 is the number of hidden neurons plus the bias of the
hidden layer.

5. The outputO(n) of the neural network are then obtained by applying an
activation function toy z(n):

O(n) = f2(Y2(n)). (5)

The hyperbolic tangent activation functidin(x) was implemented in the hid-
den layer and the softmax functida(x) has been used at the output of the neural
network:

_ 1-exp(x)
1+exp(x)’

exp(X)

fl(X|) [ .
jgl exp(Xx;)

fa(x) = (6)

The softmax activation function gives a good approximatibthe class poste-
rior probabilities [19]. As a consequence, for every inpattern presented at the
input of the NN, at the output we obtain a vector of length G& tias a maximum
value in the position corresponding to the recognized pimeneFor example if
the phonem@\ : correspond to a certain input pattern ti& 8lement of the output
vector will be the maximum (see Tab. 2).

The synaptic weights are modified by back-propagation ofdhgput error
through the neural network, as follows:

1. Compute the output error vector:

&(n) =D(n) —O(n). (7)
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with O(n) being the output of the neural network computed in (5) Bxid)
is the vector of the corresponding known phoneme (duringpitrg of the
NN'’s words with known phonetic transcription are used. Facleletter of a
word the vectoD(n) of its corresponding phoneme is known.).

2. For the output neurons the weight changes are given by:
AVVZij(n) = aA\NZij(n_l)"’_Aézi(n)Zj(n)a (8)

with AW, (n) being the correction applied to the element of the matrix
W5 (n), a = 0.9 is the momentum constant,= 0.1 is the learning rate pa-
rameter:

&, (n) =& (n)f(Ya(n), (9)

whereg (n) is theit" element ofe(n) obtained in (7),f5(x) is the first deriva-
tive of fo(x) andz;(n) is defined in (3).
3. For the hidden neurons the weight changes are given by:

AW (n) = adWy, (N=1)+ Ay ()X (n), (10)

with AW4,; (n) being the correction applied to the element of the matrix
W1(n) and:

o (M) =en(Mf(Yy(n),  en=W3(n)&(n) (11)
with f] (x) being the derivative ofy (x).

The above described training algorithm is applied to the MieRral network
in on-line mode where at each iteration a vector containliregcbdes of 5 adjacent
letters are presented to the network. The error betweenutpeibof the neural net-
work (estimated phoneme corresponding to the center imgbigr) and the desired
known phoneme is computed. The error is back-propagatedighrthe network
and the synaptic weights are modified. The input window is stdfted one letter
and again 5 adjacent letters (current letter, 2 lettersfatted 2 letters at right of
the current letter) are input into the neural network. Th®mrebetween the NN
output and the vector of the known corresponding phonemernigated and back-
propagated through the neural network in order to updatsythaptic weights. The
above mentioned training algorithm is used to update thamymweights of both
MLP neural networks that perform the phonetic transcriptd English words and
the phonetic transcription of the French words.

After the synaptic weights of the MLP neural networks aréntd, they can
be used in the TTP mapping framework. When the phoneme tiptisn of an
input word must be generated for each letter of the word tlmeesponding neural
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network is computed using (1)-(5). For each output netwbik ¢orresponding
recognized phonemg; is then calculated using the following criterion:

Cc. =argmaxO(n)). (12)
i=1,...,62

whereC; is the index of the recognized phoneme into the list of totadremes
(see Table 2).

For example, if the second element®@fn) is the maximum, the@; = 2 and
the recognized phonemeds

2.3 The hybrid system for language identification

We describe here the sub-system implemented for languaggifidation. The
block diagram of this sub-system in the learning mode anbérrécognition phase
is depicted in Fig. 4. The block denoted as MLP5 is composedl thfee layer
MLP neural network trained using a similar method as the agmciibed above.
The difference between this neural network and the one wseBTiP mapping re-
lies on the fact that the output of this network represengsestimated language
and not the corresponding phoneme. As a consequence the eatgorO(n) of
this neural network will have length 2. For training this NNrds that belong to
known languages are used. At each iteration, a group of Bawljdetters are taken
as inputs to the neural network and the output vector of le@gs generated. The
error between the output vector of the neural network andktiogvn language vec-
tor of the current letter is computed. This error is backgagated and the synaptic
weights are computed as described in the previous subsettibile the training of
this neural network is done in on-line mode, when the netimtsed for language
identification of unknown words it operates in batch modeisTiinctionality will
be described in more details in the sequel. We mention hatetkimilar equation
as (12) is used at the output of this neural network to identié language of new
words in the recognition phase. If the first element of th@otwector is maximum
the assigned language is French otherwise it is English.

Besides the MLP5 neural network, the language identifinagigbsystem con-
tains also a decision rule block. This is implemented todase the language
recognition accuracy and to estimate the language of theeembrd. The MLP5
assigns a language tag to each letter of the current wordeabehe decision rule
have two roles. On one hand it identifies situations whenahguage of the entire
word can be estimated with unity probability by some if/elskes. On the other
hand in situations when the language of the current word aams estimated with
unity probability by some simple if/else rules, the deadisidock analyzes the lan-
guage tags of each letter, generated by the MLP5, and finsdigias the language
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Fig. 4. The block diagram of the language identificationeysin training mode (left) and in recog-
nition mode (right).

of the entire word. The language identification of unknowrrdgois done in the
following manner: 5 adjacent letters are presented to tpatiof the system (the
first input pattern contains the first letter of the word in thieldle position and the
last input vector contains the last letter of the word in thiddte position). The in-
put vector goes first into the block denoted as "Decision” kghieis checked if the
language can be identified with certainty. If so, the languags of all letters from
the current word are set accordingly and the language fitgtton of the current
word is stopped. If not the input vector is presented to thealenetwork which
assigns a language tag for the central letter (currentrlefthe word). Next, the
input window is shifted one letter forward and the processticoies. In this man-
ner, if the language corresponding to one of the letters ftbencurrent word is
identified with probability 1, the entire word is assignedhithat language and the
language identification stops. If none of the letters cowdlassified with proba-
bility 1 as English or French, the neural network is used ggsthem a language
tag. When the end of the word is reached the number of lettatsare assigned to
English and the number of letters that are assigned to Frarehounted. If there
are more English letters then French letters the entire weadsigned to English
and to French otherwise. One can argue that such a stratégygefage identifica-
tion implemented for each word separately and independethiecadjacent words
is incorrect. The reader should keep in mind that the probdeltressed in this
paper is isolated TTP mapping in which isolated words araquaced by the ma-
chine. This is different than continuous TTP mapping adsrdsn [5] where better
language accuracy can be obtained by analyzing largeopsrtf text.

The block denoted as "Decision” is implemented using sonasa® rules
based on the input letters. First we note again that the &mglphabet is contained
in the French alphabet which includes in addition some $ipdeiters. If one of
the French specific letters are found in the current inputoreX(n) the entire
current word is classified as French. Moreover, we have padd a set of tests
to verify if groups of several adjacent letters could be cliseclassified to English
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or French with certainty. Due to memory limitations we hagstéd only groups
of 4 adjacent letters and we found out that 74% of the total bemof possible
groups can be directly classified as either English or FreAsta consequence the
"Decision” block works as follows: if one of the input letiers a French specific
letter the language of the current word is French. Otherwitse first 4 letters of
the input vectorl(,(n), L»(n), L3(n) andL 4(n)) are checked if they have a unique
language correspondence (English or French). If this graiup letters have a
unique correspondence the language of the current wordsigresd accordingly
with probability 1.

As we can see from Fig. 4 the decision block influences alsdréeing of
the MLP5 neural network such that not all input patterns aexo train the MLP
neural network for language recognition. If some input grais can be a priori
classified with probability 1, as belonging to either Engler French language,
they are not used to modify the synaptic weights of the nenealvork. In this
manner, those patterns that can be classified by some decides and represent
noise for the training of the NN are discarded from training.

3 Simulations and Results

In this section we present experimental results obtaindia thve proposed bilingual
TTP mapping system and comparisons with some previouslygelol approaches.
In order to have a fair comparison, the training parametedstiae sizes of the neu-
ral networks for both methods were equal. In the trainingcpss the synaptic
weights of all neural networks were initialized with randealues uniformly dis-
tributed in the rangé—1, 1] and the training algorithm was error back-propagation
with momentum described in Section 2. The learning raterpater was set equal
to 0.1 and the momentum constant was= 0.9.

First, we did a set of experiments where we varied the sizéeheural net-
works responsible for language recognition and TTP mappingenglish and
French. The results, in terms of phoneme accuracy, for batjligh and French
language are shown in Table 3 for the case when the inputdeitere encoded
using binary codes and for the case of random encoding the Ietiers. Com-
paring the results shown in Table 3 we can see that bettergpheraccuracy for
French language is obtained with random codes for sizesréinign 10500 synaptic
weights while English words are transcribed more accurdtenabinary codes are
used. We note also that the phoneme accuracy of French weatimut 5% larger
when random codes were used to encode the input letters cedthfmathe case of
binary codes while the phoneme accuracy of the English wontis drops by 2%
(see for example the values obtained for 10500 synaptichi®igThe reason can
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be found in the language recognition step which providetgebetsults in the case
of random codes. This is also demonstrated by the resultstezbin [11] where
it was shown that random codes can improve the phoneme agooframall sized
neural networks for monolingual TTP mapping (in our expemis the smaller
neural network was used in the language recognition sutessys This leads us to
the conclusion that different input letter encoding scherran be used for the 3
neural networks involved.

Table 3. Phoneme accuracy, for different number of synapéights, obtained with the proposed
hybrid approach.

Random letter codes Binary letter codes

Number of synaptic weights| English | French English | French
2100 49.42% | 44.23% 65.92% | 65.03%
10500 77.64%| 79.84% 79.44%| 74.81%
16000 78.68% | 80.62% 80.51% | 75.32%
22000 78.57%| 81.05% 80.53% | 79.09%

Based on the above observations, we implemented the fivagbél TTP map-
ping system in a slightly different manner. The architeetaf the system is similar
to the one depicted in Fig. 2 with the main difference that weduirandom vectors
to encode the inputs of the language recognition and Frefi¢h mapping mod-
ules. In the TTP mapping module responsible for the traislanf the English
words we have used binary encoding of the input letters. Asrsequence, the
final bilingual system must also contain a module that tegesl the binary codes
into random codes which we have implemented using a lookabie t

In Table 4 we show the comparative results obtained with topgsed ap-
proach when the input letters into all 3 neural networks vesteoded using binary
and random codes. We also show in this table the results dfiythed approach
from [20] and the phoneme accuracy obtained when binaryscagee used in the
neural networks responsible for English TTP mapping andioan codes in the
French TTP mapping and language recognition. We can seetfrese results that
improved performance is obtained with the proposed hybpigr@ach especially
for the French language.

The results shown in Table 4 might look on the low side sind& ¥ phoneme
accuracy levels around 90% was reported for English languétpwever, the re-
sults reported in [13] were obtained in a different framekvoin that publication
the single language approach was studied while in this papexddress the prob-
lem of bilingual TTP mapping. As one can expect the phonengaracy in our
approach, for both English and French words, drops due tortperfect language
identification. There are also differences in the topologthe NN implemented



104 Eniké Beatrice Bilcu and Jaakko Astola

Table 4. Comparison between the proposed bilingual hylystesn and the approach from [20].

Binary letter codes
for English NN.
Language Binary Random Random letter codes Hybrid
letter codes| letter codes| for French NN. [20]
Random letter codes
for language NN.
English 80.53% 78.57% 80.05% 80.04%
French 79.09% 81.05% 81.21% 73.86%

and in the selection of the training dictionary. For instirt[13] non-symmetric
windows were used to include context dependence betweanead)letters while
in our approach we have used symmetric ones.

4 Conclusions

In this paper we have studied the problem of bilingual TTP piragimplemented
by a combination of neural networks and decision rules. Uighoextensive simu-
lations we have studied the influence of the neural netwa @nd input letter en-
coding into the phoneme accuracy of the system. Based oesldts of this study
we introduced a new hybrid approach to the problem of bilaigaxt-to-phoneme
mapping. The proposed system was implemented in the cootéstlated word

transcription from text where the input words can be eitheglish or French. Our
bilingual TTP mapping is composed of a hybrid language reitimy part imple-

mented by means of a small neural network and decision ruteslso contains
two TTP sub-systems that are responsible for the phonemsctigtion of the two
languages. The bilingual approach introduced here showsrigerformance, in
terms of phoneme accuracy, for both English and French woodspared with a
previously published method.
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