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ABSTRACT

This paper presents a new approach to rule based pro-
nunciation generation. A system presented in this paper
can automatically learn a new language pronunciation struc-
ture and to use this knowledge for pronunciation generation
for an arbitrary context sensitive language. Unlike conven-
tional text-to-speech systems which are based on the cost
expensive human expert knowledge about specific language,
this system can learn by using only a set of spellings and
pronunciations. The pronunciations can be obtained either
from a pronunciation dictionary or from a phonetically la-
beled database. The system ability to learn pronunciation
structure for any context sensitive language makes it a valu-
able tool for development of multilingual speech recognition
systems. In this study we present experimental results on
automatic generation of pronunciations for English, Ger-
man, Spanish, French and Italian languages.

1. INTRODUCTION

Formalization of phonological information is frequently an
essential element in pronunciation modeling. Such formal-
ization is required either for pronunciation generation of un-
known words or for representation of some intraword phono-
logical phenomena. The formalized phonological informa-
tion can be presented in terms of pronunciation rules([1]),
decision trees([2]), and artificial neural networks([3]). For-
malization is very essential for developing of multilingual
speech recognition systems. Development of such kind of
systems often requires a knowledge about language specific
pronunciation phenomena. A person who has to develop
such kind of system usually does not have a full knowledge
about all these languages. Pronunciation in such kind of
systems usually is derived from the pronunciation dictio-
naries. Such approach cannot model pronunciations for the
words which are not included in the pronunciation dictio-
nary. Proper nouns(different personal names or names of
the cities) may serve as an example of such a group of words.
This problem can be solved by the use of language specific
text-to-speech(TTS) systems which transform an arbitrary
string of letters into a corresponding string of phonemes.
TTS systems are based on formalized phonogical informa-
tion usually represented in the form of the phonological
rules built by a human expert. A development of such T'T'S
systems requires human expert knowledge about specific
language and it is usually time consuming and expensive.
TTS systems are language specific and they can not be eas-
ily adapted to a new language. A system presented in this

paper can automaticallylearn a new language pronunciation
structure and to use this knowledge for pronunciation gen-
eration. There is no need to use a human expert knowledge
and the same system can be used to learn pronunciations
rules for arbitrary context sensitive language. A language
specific pronunciation dictionary is the only input to this
system. In addition to a pronunciation dictionary a phonet-
ically labeled database can also be used to derive language
specific pronunciation rules. This work represents a new
development of our previous studies devoted to modeling
pronunciation variations([4, 5, 6, 7]).

This paper is organized as follows. In Section 2, we
define mutual information as a measure of association be-
tween letters and phonemes and show how this measure
can be used to align letters and phonemes. Section 3 is de-
voted to a rule based pronunciation generation. It defines
a structure of pronunciation rules and introduces a hierar-
chical rule derivation algorithm. In Section 4, experimental
results on pronunciation generation for different languages
are presented.

2. STATISTICAL ANALYSIS OF
PRONUNCIATION STRUCTURE

2.1. Association between letters and phonemes.

Assume a set of words is represented by word spellings
and word pronunciations. Word pronunciations can be ob-
tained either from a dictionary or from a phonetically la-
beled database. There are also 2 alphabets: a letter alpha-
bet and a phoneme alphabet. The letter alphabet consists
of the letter symbols used in word spellings, the phoneme
alphabet consists of the phoneme symbols used in word pro-
nunciations. Our task is to evaluate a degree of association
between each letter and each phoneme using some statistics
accumulated over all pairs of spellings and pronunciations.
In the absense of symbol alignment between spellings and
pronunciations one of the way to estimate a degree of asso-
ciation between, say, letter A and phoneme B is to measure
their mutual information 1(A, B) at word level. Assume
P(A) is probability of the word containing a letter A in
the spelling, P(B) is probability of the word containing a
phoneme B in the pronunciation, and P(A, B) is probabil-
ity of the word containing the letter A in the spelling and
the phoneme B in the pronunciation. Mutual information
I(A, B) between letter A and phoneme B is estimated as
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Probability of the word containing some specified sym-
bol(either a letter or a phoneme) is dependent on the word
length(represented either as a number of letters in the
spelling or as a number of phonemes in the pronuncia-
tion). For example, probability P(B) of the word contain-
ing phoneme B is dependent on the length of pronuncia-
tion. The longer word pronunciation, the more probable it
contains phoneme B. Similar property holds for probabil-
ity P(A) and the length of spelling. That is why we sug-
gest that probability P(A) should be conditioned by the
length of spelling and probability P(B) should be condi-
tioned by the length of pronunciation. Let’s also notice
that a longer spelling length usually means a longer pro-
nunciation length. To simplify our model we assume that
both probabilities P(A) and P(B) should be conditioned
only by a single length, say, the length of word pronun-
ciation. Now, rather than using unconditional mutual in-
formation I(A, B) we should introduce conditional mutual
information I(A, B|M) which is dependent on the length
M of word pronunciation:

P(A, B|M) )
P(A|M) - P(B[M)

I(A, B|M) =log

Here, P(A|M) is probability of the word containing a letter
A, P(B|M) is probability of the word containing a phoneme
B, and P(A, B|M) is probability of the word containing
both a letter A and a phoneme B - all these probabilities
are evaluated only for such words that have a length of
pronunciation equals to M. To measure a strength g(A, B)
of association between letter A and phoneme B we propose
to use an expectation of mutual information I(A, B|M) over
different values of M:

9(A, B) = P(M)-I(A, B|M) (3)
M

Here P(M) is a probability of word pronunciation length
equals to M. A strength of association g(A, B) should be
evaluated for all pairs of letters and phonemes.

2.2. Letter-to-phoneme alignment.

The strength of association between letters and phonemes
can be used to align letters in word spelling with corre-
sponding phonemes in word pronunciation. This procedure
can be implemented using dynamic programming(DP) al-
gorithm. DP algorithm searches for such an alignment be-
tween letters in word spelling and phonemes in word pro-
nunciation that a total accumulated association strength
between all letters in the spelling and the corresponding
phonemes in the pronunciation is maximized. Assume a
word w has spelling Sp(w) = {A1,A2,...,An,..., AN},
represented by N letters and pronunciation Pr(w) =
{B1,B2,...,Bm,...,Bux}, represented by M phonemes.
Letter-to-phoneme alignment has a following structure:

e Bach letter A, in the spelling Sp(w) is aligned with a

single phone or with a group of sequential phonemes
in the pronunciation Pr(w).

e Each phoneme B,, in the pronunciation Pr(w) is
aligned with a single letter or with a group of se-
quential letters in the spelling Sp(w).

A total accumulated association strength G(w) between all
letters in the spelling Sp(w) and corresponding phonemes
in the pronunciation Pr(w) is evaluated as follows:

N R(Ag)

Glw) =Y > 9(An, Br), (4)

where g(An, BT:) is association strength between letter A,
and phoneme B, which is aligned with the letter A,, R(Ay)
is a total number of the phonemes aligned with A,. G(w)is
maximized by optimal segmentation of pronunciation Pr(w)
into the groups of phonemes aligned with corresponding let-
ters of spelling Sp(w).

Once the optimal alignment between spelling and pro-
nunciation for all words 1s completed we are able to reeval-
uate association strength g(A, B) defined in the section 2.1.
A value of P(A,B|M) was defined before as probability
of the word containing a letter A in the spelling and a
phoneme B in the pronunciation, provided that the length
of pronunciation equals to M. No information about mu-
tual alignment between A and B was used before for es-
timation of P(A, B|M). Since this information becomes
available P(A, B|M) can be substituted by a probability
P,(A, B|[M) that accounts only for such words where the
letter A is aligned with the phoneme B. This should change
a value of mutual information(see f-la (2)) as follows:

P.(A, BIM)
P(A[M) - P(B|M)

I(A, B|M) =log (3)
As a result reestimated values of association strength g(A, B)
(see f-la (3)) for all pairs (A, B) of letters and phonemes
become more accurate since the new estimates incorporate
alignment information(see f-la (5)).

Alignment between spellings and pronunciations can be
repeated using these new more accurate values of associ-
ation strength g(A, B). And association strength can be
again reevaluated by using the new alignment results. This
process can be iterated until we achieve some stabilization
in alignment.

3. RULE BASED PRONUNCIATION
GENERATION

3.1. Pronunciation rule structure.

Once alignment is completed and mapping between letters
and phonemes is established we can start looking for letter-
to-phoneme rules that govern that mapping. Let’s define
a pronunciation rule as a mapping A = B between a let-
ter A and a phoneme B. We assume that this mapping
appears in the context C which represents letters adjacent
to A and phonemes adjacent to B. Each such a context
C = (C1,C3, C3) consists of the 3 contextual groups Cy, Co
and Cj:
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Cy = (CV,c? .. ciN)y »
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Cy = (C{,C8P, ... i)

Here C; is the left context of the letter A éonsisting of the

Ni letters, Cs is the right context of the letter A consist-
ing of the N> letters, Cs is the left context of the phoneme
B consisting of the N3 phonemes. Such a structure of the
context corresponds to left-to-right letter-to-phoneme gen-
eration process when left and right letter contexts and only
left phoneme contexts are available. The mapping A = B
can be characterized by the probability of this mapping.
The mapping A = B may have different probability de-
pending on the context C. The probability P(A = B|C),
can be evaluated as follows:

M(A = B|C) .
P(A= B|C) = MAC) (7)
Here M(A = B|C) is a total number of the letter A to the
phoneme B mappings provided that these mappings appear
in the context C, and M (A|C) is a total number of the letter
A mappings to any phoneme provided that A appearsin the
context C.

3.2. Hierarchical rule derivation algorithm.

Pronunciation rule is a letter-to-phoneme mapping A = B
that appears in the context C = (C1, C3,Cs). It is possible
that some symbols in C carry very little or no information
about A = B mapping. The problem is to detect such low
importance symbols and discard them while preserving the
most important ones. This way we go from the higher hi-
erarchy level rules to the lower hierarchy level rules. Let’s
define a level of rule hierarchy as a total number [ of letters
and phonemes in the rule context c®. Letter-to-phoneme
mapping probability P(A = B|C(l)) can be defined for dif-
ferent levels [ of rule hierarchy.

We can transform the l-level rule into the (I — 1)-level
rule, if the corresponding rule probabilities P(A = B|C(l))
and P(A = B|CU~Y) are close enough to each other. Let’s
denote the absolute value of a difference between probabil-
ities P(A = B|CY) and P(A = B|CU"Y) as AP(A =
B|CY — ¢cU~D)y.

AP(A = BlCW — c=Y) =
= abs[P(A = B|C'Y) — P(A = B|C'""™V]  (8)

The I-level rule converts into the ({—1) level rule by exclud-
ing one symbol, say c,, from the context CY of the I-level
rule: ¢V = (c1,¢2,- -, Cm—1, Cm, Cm41,.-.,Cl),

C(l_l) = (61, C2y...,Cm—-1,Cm41,y..., Cl—l)

Let’s describe algorithm for deriving multilevel system of
rules:

Step 1. Collect all contexts C© (I = L) for mapping
A= B. /

Step 2. Derive a set S(I — 1) of all contexts U from
all the contexts C(V by excluding a single symbol c,, at the
m-th position of the each context C(l)(l <m <.

Step 3. Select a context CU~1) ¢ S(1—1) such that ct-n

covers a maximum number N(C(l_l)) of contexts C( at

the I-th level and
AP(A= BlCW — oY)y <8 (9)

for all such contexts C¥). In case of a tie give a preference
to such a context C*~") that minimizes a maximum value
of AP(A = B|CW — cU=D),

Step 4. Eliminate all contexts C™ that are covered by the
context CU~1),

Step 5. Repeat steps 3-4 until a condition (9) holds for at
least 1 rule ¢V,

Step 6. Repeat steps 3-5forl=L—1,L—2,...,2.

By the end of this procedure a multilevel hierarchical system
of rules is created for the mapping A = B.

4. EXPERIMENTAL RESULTS

In order to generate pronunciation P(w) for a word w we use
its spelling Sp(w) and the multilevel hierarchical system of
rules described before. Dynamic programming implemen-
tation allows to select optimal letter-to-phone rule at each
step of generation procedure. A logarithm of the rule prob-
ability P(A = B|C) is used as a local distance measure
in the DP search. In our experiments we used pronuncia-
tion dictionaries for Spanish, English, French, German and
Ttalian languages. A size of the dictionaries varied from
20000-40000 words for German, Italian, French and Span-
ish to 100000 words for English. Approximately 80% of
the dictionary words were used as a training set and the re-
maining 20% words as a test set. The accuracy of generated
pronunciations was measured by counting a relative num-
ber of the rule-based generated pronunciations that were
identical to the pronunciations generated by a correspond-
ing TTS system. The results of automatic pronunciation
generation for Spanish, English, French, German and Ital-
ian languages are presented for training and test data(Fig.1
- Fig.5).
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Figure 1: Spanish Pronunciation.
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Figure 2: English Pronunciation.
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Figure 3: French Pronunciation.
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Figure 5: Italian Pronunciation.

5. CONCLUSIONS

In this paper we presented a method that can automati-
cally learn language pronunciation structure for any con-
text sensitive language. Pronunciation structure(rules) can
be learned either from a pronunciation dictionary or from a
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Figure 4: German Pronunciation.

phonetically labeled database. Complexity of learning pro-
nunciation structure depends on language uniformity, i.e.
similarity of pronunciations for different words. English is
an example of the least uniformity. Languages like Span-
ish and Italian display the maximum uniformity. Proposed
method can be expanded to learning pronunciation phe-
nomena in spontaneous speech.
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