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Abstract

This article tackles the problem of transcribing English words
using Thai phonological system. The problem exists in Thai,
where modern writing often composes of English
orthography, and transcribing using English phonology
results unnatural. The proposed model is totally data-driven,
starting by automatic grapheme-phoneme alignment,
modeling transduction rules and predicting Thai syllabic-
tones using learning machines. Three specific issues are
addresses. The first one is involving English transcription
information in transduction once the input English word
appears in an English pronunciation dictionary. Second, more
precise transduction rules can be obtained by a constraint of
Thai syllable-structure. Lastly, the ambiguity in assigning
tones to Thai pronunciations of English words is alleviated by
introducing a learning machine. The proposed model
achieves acceptable results in both objective and text-to-
speech synthesis subjective tests.

1. Introduction

Grapheme-to-phoneme conversion (G2P), also called letter-
to-sound conversion or phonetization, is an important
function of text-to-speech synthesis (TTS). Its benefit also
expands over other applications such as transliteration in
machine translation. Normally, G2P is language-dependent
and hence its difficulty relies on the complexity of particular
language. Three approaches have been proposed, including
dictionary-based, rule-based, and statistical approaches. At
present, a hybrid model that composes of two or more of the
mentioned approaches yields the best solution. For example,
a G2P module firstly consults a pronunciation dictionary,
which of course provides the most accurate results, and then
executes a rule-based and/or statistical model once the input
word is missing from the dictionary.

In Thai, several G2P algorithms have been investigated
[1][2]. However, another interesting issue in Thai TTS rises
by the modern style of Thai literature, which usually writes
English words in Thai text. Figure 1 illustrates an example of
Thai writing. Synthesizing speech of such English words can
be straightforward by introducing a parallel system of Thai
and English TTS. This solution, however, produces unnatural
speech since users would not expect to hear an English accent
mixed within Thai speech. A better solution is to build a G2P
module that is able to produce transcriptions of English words
on the basis of Thai phonological system.

Some research papers have proposed language-
independent G2P algorithms [3][4][5]. Such algorithms
learned to convert a source string to a targeted string given a
training set of word-transcription pairs in any language. The
algorithms are mainly based on some kinds of look-up tables
such as a simple look-up table itself [3] and the Information
gained tree (IGTREE) [4]. The table or tree determines a
targeted phoneme string (or a null string) given a source
character and its context. Ordering of conversion rules in the
table or tree is very crucial since some characters can be

anocha.rak,

1777

sittipong.say}@nectec.or.th

transformed in many ways. In Thai, Aroonmanakun [6] has
applied a similar approach to transcribe English words using
Thai phonemes. A training set consisted of English words and
their transcriptions, which were manually aligned from
grapheme characters to phonemes. The most outstanding
characteristic of Thai sound is its explicit syllabic tone, even
in reading of loan words. This task is not trivial since
assigning a tone to a syllable depends on many factors such
as the number of syllables in the word, syllable attributes, and
the position of syllable in the word. No perfect rule has been
given so far.
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Figure 1. An example of English words mixed in Thai writing.

This article addresses the problem of Thai phonetization
of English words and proposes another solution framework.
We believe that the G2P engine of English has reached a
nearly perfect result, at least comparing to other minor
languages such as Thai. Furthermore, a lot of pronunciation
dictionaries of English are available at present, for example
the “CMUDICT” published by Carnegie Mellon University.
For any English word existing in such dictionaries, using
English transcriptions given by the dictionaries to assist in the
English grapheme to Thai phoneme transduction problem is
highly convincing. For unknown words, i.e. not in the
dictionaries, we can apply the normal G2P model or conduct
a two-step G2P process; finding an English transcription of
the English word and converting the English transcription to a
Thai transcription. Though the two-step process seems
awkward, the transcription performance can be raised. This
article applies the Dynamic time warping (DTW) algorithm
in automatic English grapheme or phoneme to Thai phoneme
alignment and introduces the Classification and regression
tree (CART) for learning transduction rules. The same type of
learning machine is also implemented for syllabic-tone
prediction. The proposed model is evaluated both objectively
and subjectively. For sake of explanation, the next section
reviews transcription systems of both English and Thai.
Section 3 then states the detail of the proposed framework
and models. Experiments and conclusion are given
respectively in Sect. 4 and 5.

2. Thai and English Phonology

There are currently a few phonological designs for Thai
speech. The most fundamental is to separately define all
single phonemes described in by the IPA. However, some
empirical works showed the advantage of syllable-structure
based design, where a syllable sound is represented by /C; V'
Cr Ty C; and Crdenotes an initial and a final consonant, which
can be either a single consonant or a consonant cluster. A
vowel V includes either a single vowel or a diphthong and an
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integer 7 varied from O to 4 indicates five Thai tones (Mid,
Low, Falling, High, and Rising). Besides, some foreign
phonemes are also defined in the modern Thai phonological
system. All the defined phonemes and their computerized
versions are shown in Table 1.

Table 1. A Thai phonological system.

Type Symhol (IPA/Computerized)
Initial Single B t.a k, Piz, peh, thith, oveh, Bvkh, bl b d,
consonant mon,ging. 1, r, f.s how, ]
Claster pr, pl, phr, prliphl, tr, thr/the, ke, kL, kw,
kbrdzhr, l01AhL, khwdkhw, £, 11, e, b1, dr
Vowel Single 1, 1:/11, v, 21w, w,utfun, e, e, 8fg, a:/qq,
a, aifaa, &%, e1/xx, o/@, 2:/@@, o, 0:/o0
Diphthong |14/ia, 1:4afiia, £afva, £:afvva, uaiua,
urafuua
Final consonant P, /T, KK, mhd oM, gHG, wW, 340, 32, LL,
/R, TF, 203
Tone &0, &/1, &1, &3, &4

There are unsurprisingly many designs of English
transcription system such as TIMIT and CMU dictionary
(CMUDICT). This article exploits for research the
CMUDICT, which contains more than 129,000 English word
entries with their transcriptions encoded by 39 phonemes
(regardless of lexical stress variation). Table 2 illustrates a
typical mapping between CMU and Thai phonemes.

Table 2. The definition of CMU phonemes and their Thai

correspondences.

CMLU |IPA | Thai | |CMU | IPA | Thai | | CMU | IPA | Thai
a4 |12 @ |jur v ju N o |n
AE |® b4 Uw (2 uu NG |0 ng
sH |2 v B bon P P |p.ph
a0 (90 |@@l||cH |ti |ch v |r
W |aw law |0 |4 |4 5 CRENF
AY [al |al ||DH |F |t sH |5 |ch
EH |& |e F T |f T t |t th
ER. |2 |qg g |k TH |8 |th
EVY |2 |ee ||HH |h |n vV |w
H (T |i JH |48 |c W
Iv  |i: i K LR 1N I
oW (8! |oo [|L L b4 z |z
oY |21 |@J[|M |m  |m FH |3 |ch

To build a module for English grapheme to Thai
phoneme transduction, an intuition is just to transform
English transcriptions in the CMUDICT to Thai
transcriptions. Transduction simply consults the transformed
dictionary. Nevertheless, transforming English transcriptions
to Thai transcriptions is yet not trivial. Let’s see an example,

Word: “EXCLAMATION”,
CMU transcription: / EHK SKL AHM EY SH AH N/,
Thai transcription: /ze K3khlaaZOmeeZ0chaN 2/.

A major problem is that the CMU transcription provides no
syllable boundary as sharing the final of a syllable with the
initial of the successive syllable is common. When converting
to Thai, syllables must be clearly separated. Initial and final
consonants must be explicitly determined. Moreover, the
glottal /z/ or /Z/ in Thai is not presented in the CMU
transcription. Mapping the sound as described in the Table 2
is not always true, that is, an English phoneme can inherit
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multiple Thai phonemes. For examples, an English sound /B/
can be either Thai /b/, /P/ or even /P b/. Assigning tones (0-4)
to English words might be somehow systematic. The issue,
however, remains unsolved.

3. Proposed Learning Models

As mentioned in the introduction, the simplest approach to
G2P is to consult a pronunciation dictionary. This is also true
for the English grapheme to Thai phoneme transduction task.
According to a preliminary analysis on a 10-million word
Thai text crawled from Thai websites, approximately 0.2% of
the text was written by English alphabets. 2,137 words, out of
6,308 unique words in total, occurred at least twice. We
found that 73.2% of 2,137 words appeared in the CMUDICT.
Words missing from the dictionary were partly abbreviations
or acronyms, proper nouns, and misspelling words.

By the vast coverage of the CMUDICT over English
words appearing in Thai text, we propose a framework shown
in Figure 2. Finding Thai transcriptions of an English word
existing in the CMUDICT can be performed by using both
the English grapheme and phoneme information. Otherwise,
only the grapheme information is available. The tone
prediction process is necessary in both cases.

Unfmown English grapheme
to Thai phonerne
Frelish transduction (EG2TF) Tone |, Thai
word - prediction |  transcription
Fnglish heme &
glish grap ;

phoneme to Thai phonetne
transduction (EGF2TF)

Figure 2. The proposed English grapheme to Thai phoneme
transduction framework.
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Figure 3. The overall structure of English grapheme to Thai
phoneme transduction algorithm.

This article investigates on a G2P transduction algorithm
based on learning machines. The overall model structure is
illustrated in Figure 3. In the training step, graphemes and
phonemes (if exist) of English words are aligned with
corresponding Thai phonemes. Aligning results contain
grapheme-phoneme mapping pairs, which are sources of
features used to train the transduction model. Tone prediction
modeling is also based on a learning machine over potential
factors extracted from training data. In a real application, the
learning machines are used to transform all English
transcriptions in the CMUDICT to Thai transcriptions
including predicted tones. The transformed dictionary is then
applicable for the G2P part of Thai TTS systems. The
learning machines are also embedded in the G2P module for
transcribing any English words not found in the dictionary.
The following subsections describe some important details of
each sub-component.



3.1. Automatic grapheme/phoneme alignment

The first step in the training phase is to determine matching
pairs of English grapheme (or phoneme) and Thai phoneme
in a training word. In aligning, the DTW algorithm utilizes a
cost function indicating the matching cost of an English
grapheme (or phoneme) to a Thai phoneme. A basic idea to
define the cost function is to give a cost of 0.0 to the closest
pair such as from a character “k” to a phoneme /k/, 1.0 to the
mapping of a consonantal character to its corresponding
sound located as a final consonant, 2.0 to any consonantal
character mapped as a part of consonant cluster or any vowel
character mapped as a part of diphthong, and 5.0 to the
mapping of any consonant to another unrelated consonant and
any vowel to another unrelated vowel. The rest of mapping
costs 10.0. In the case of English phoneme to Thai phoneme
alignment, another cost function is constructed in a similar
way. With these cost functions, DTW alignment can be
performed effectively given an appropriate size of aligning
window. Figure 4 shows an example of aligning result of the
word “EXCLAMATION".

English English Thai
grapheme phonere  phoneme
E EH —_F
X — K &

Figure 4. An example of automatic grapheme/phoneme
alignment result.

3.2. Grapheme to phoneme transduction model

The aligning results indicate what Thai phonemes correspond
to each English character in the input word. A leaning
machine then learns to convert each character to Thai
phonemes using a feature set extracted from the aligning
result. The feature set composes of the character itself and
neighboring characters. In our model, the CART engine is
chosen for the learning machine since it can deal with non-
numeral inputs and is suited to sparse training data. Hereafter,
we will denote this first model as “EG2TP” (English
grapheme to Thai phoneme transduction).

A major problem found in the above transduction model
is that the Thai phonological system relies on the syllable
structure mentioned in Sect. 2. Based on the structure, C; will
only follow C;or V, V can be placed behind C;, and C; only
follow V. These constraints will greatly assist in transduction.
We then try to incorporate such constraints into the model by
feeding back the preceding predicted Thai phoneme to the
current feature vector. Using a phoneme class, such as C;, V,
and Cj, instead of the exact phoneme in the fed-back feature
can prevent the data sparseness problem.

Though the fed-back feature mentioned in the previous
paragraph has been applied to the system, the transduction
result might not comply with the Thai syllable structure.
Therefore, a post-processing module is constructed to correct
resulting phonemes one by one using heuristic rules, for
instance, inserting a phoneme /Z/ if no Cy presents between V'
and C;, inserting a phoneme /z/ between two consecutive Vs,

and .... Henceforth, the improved model incorporating the
fed-back feature and the post-processing module is called
“EG2TP-Syl” (English grapheme to Thai phoneme
transduction constrained by the Thai syllable structure).

As mentioned earlier, words existing in the CMUDICT
can utilize their corresponding English transcriptions in the
G2P process. Let’s consider a word “ABACUS” where
English and Thai transcriptions are /AE B AH K AH S/ and
/z a Z b aa Z k a S/ (tones are omitted) and a word
“ABANDON” where English and Thai transcriptions are /AH
BAENDAHN/and/zaZ b xx N d @ N/, the second /A/
character in both words best matches to different Thai
phonemes /aa/ and /xx/. This ambiguity can be solved easily
using the given English transcriptions where the character /A/
matches also to different English phonemes /AH/ and /AE/.
Therefore, we enhance the model by introducing English
transcription-based features to the learning machine if the
input word exists in the CMUDICT. The features are simply
the English phoneme aligned to the focused English character
as well as the neighboring English phonemes. We call
hereafter this last model “EGP2TP-Syl” (English grapheme
and phoneme to Thai phoneme transduction constrained by
the Thai syllable structure).

3.3. Tone prediction model

The last module functions to assign the most likely tone to
cach syllable of the word. Aroonmanakun [6] constructed a
set of rules considering potential factors such as the number
of syllables and the characteristic of syllables.

Expressing Thai tones of each syllable in English words
has not yet systematically described. This article hence
investigates on the use of a learning machine in tone
prediction modeling. The learning machine is again the
CART model. Effective features summarized in Table 3 are
extracted from a training set and input to the CART model. It
is noted that several features are Thai specific. More details
can be found in many literatures such as http:/
en.wikipedia.org/wiki/Thai_language.

Table 3. Features used in syllabic-tone prediction.

Feature Detail

C; - The initial consonant of the syllable

14 - The vowel of the syllable

Cr - The final consonant of the syllable

C; class - Thai consonant group (High, Middle, or
Low)

V class - Short or Long vowel

No. of syllables | - The number of syllables in the word

Syllable type - Dead (short vowel or stop final
consonant) or Live (else) syllable

Syllable position | - The position of the syllable in the word
(Begin, Middle, End)

Previous tone - Predicted tone of the previous syllable
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4. Experiments

Experimental data consists of 8,300 English words tagged
with their transcriptions in both the CMU and Thai
phonological systems. 10 cross-validation experiments are
conducted, each using 90% of data for training and 10% for
testing. Average results over the ten experiments are reported.

The first experiment aims to compare three models using
different input features in the CART-based English grapheme
to Thai phoneme system. The first model (EG2TP) employs
only the grapheme information. The second model (EG2TP-
Syl) incorporates the constraint of Thai phonology based on
the syllable structure by introducing a fed-back feature



indicating the previous predicted Thai phoneme and a post-
processing module to clean the transduction result. The last
model (EGP2TP-Syl) utilizes in addition the English
phoneme information. All modeling approaches have been
explained in the Sect. 3. A transduction table-based model
similar to the one proposed in [3] and [6] is also additionally
evaluated for sake of comparison. Table 4(a) reports phoneme
and word accuracies. According to the results, though
constraining the transducer by the Thai syllable structure
slightly reduces the phoneme accuracy, it strongly helps
increasing the word accuracy by 4.8%. Further significant
improvement of 6.8 and 11.0% phoneme and word accuracies
is obtained by augmenting transduction input features by the
English phoneme information. We observed that transduction
errors came from two major reasons. Firstly, some English
consonantal characters can be ambiguously transformed to a
Thai final consonant, a Thai initial consonant, or both in
sequence. Solving the problem requires much larger training
data. Secondly, the English phonology has no explicit
differentiation of short and long vowels. An English word,
however, are read by Thai with a certain vowel length due to
the explicit separation of short/long vowels in Thai.
Determination of Thai vowel length in English words is based
on several factors such as the lexical stress, the position of
focused syllable in the word, and the number of syllables in
the word. This issue has not yet included in the work reported
in this article.

Table 4. English grapheme to Thai phoneme transduction and
Syllabic-tone prediction results.

(a) G2P transduction

Model Phoneme Word
accuracy (%) accuracy (%)
Table 72.0 19.9
EG2TP 74.7 16.4
EG2TP-Syl 73.6 21.2
EGP2TP-Syl 80.4 32.2
(b) Tone prediction
Model Syllable Word
accuracy (%) accuracy (%)
Ideal inputs 88.4 71.7
Erroneous inputs 73.3 48.1
(c) Integration of G2P transduction and tone prediction
Model Syllable Word
accuracy (%) accuracy (%)
EG2TP-Syl +Tone 43.6 16.2
EGP2TP-Syl +Tone 533 24.5

The next experiment regards an evaluation of the tone
prediction model based on the CART learning machine. Input
features constitute potential factors for predicting syllabic
tones as described in the Sect. 3.3. As effective features
mostly depend on the Thai transcription produced by the G2P
transducer, we will observe the prediction performance both
for ideal inputs where perfect Thai transcriptions are provided,
and for erroneous inputs where transcriptions are produced
automatically by the EGP2TP-Syl transduction module.
Resulting syllable and word accuracies of the tone prediction
model are shown in Table 4(b). Although limited data are
available, the results are somewhat promising. The most
effective features are the exact phonemes in the syllable, i.e.
the first three features in the Table 3. When combining the
G2P and the tone prediction models, the entire G2P module
yields 43.6 and 16.2% syllable and word accuracies when
using only the English grapheme information, and increases
by approximately 9% when the English phoneme information
is additionally provided. Table 4(c) shows the exact results.
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Finally, a subjective test is carried out. Forty English
words, frequently written in Thai passages, with balance on
the word length (one to five syllables) are selected. Speech
synthesized from their correct transcriptions and
automatically generated transcriptions are played back to
seven subjects aged between 21 to 29. Three degrees of
acceptability (Good, Fair, Poor) [7] is adopted in judgment.
The test reveals that, in average, 28.6% are classified as Good,
33.6% as Fair, and 37.8% as Poor. This means that more than
62% of the test cases are acceptable.

5. Conclusions

This article proposed a novel approach to transcribe English
words using a Thai phonological system. The problem is
crucial for Thai where modern writing often mixes of Thai
and English orthographies and transcribing such English
words using English phonemes causes unnatural speech in
TTS. The proposed method utilized two CART engines, one
for G2P transduction and the other for syllabic-tone
prediction. Significant enhancement of the model was
obtained when the input English word was found in an
English pronunciation dictionary. English transcriptions
existing in the dictionary appeared to be very useful for the
G2P process. Using Thai-specific phonological format based
on the syllable structure additionally improved the
transduction performance. Though the syllable and word
accuracies produced by the proposed model were not high,
the listening test showed the sufficiency of the proposed
model to the task. The enhanced G2P model was then applied
to construct a Thai-transcribed English dictionary which was
then embedded in our Thai TTS engine.

To leverage the transduction performance, a specific
treatment of converting consonants is required to alleviate the
ambiguity in distinguishing Thai initial and final consonants.
Lexical stress given in the English pronunciation dictionary is
another source useful for more accurate prediction of vowel
length and perhaps syllabic-tones.
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